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Abstract

Abstract

Over the last decade, especially during the COVID-19 pandemic, loneliness has
emerged as a global issue. Although loneliness is a common issue that most peo-
ple experience at some stage in their lives, it can have harmful effects on both
physical and mental health if this condition becomes chronic. To avoid the long-
term effects, detecting it in the early stages is critical, which would lead to timely
intervention and treatment. Modern smartphones and wearables are equipped
with a wide range of sensors that can provide a vast amount of information on
people’s daily lives and behaviours in real time, which can help detect early signs
of loneliness. Researchers collect extensive data on a user’s daily life and be-
havioural patterns, including social activities, mobility patterns, communication,
and activity data through sensors like accelerometers, heart rate sensors, micro-
phones, and GPS and Bluetooth connectivity acting as proximity sensors. All
these capabilities of smartphones and wearables have made them a powerful tool
for monitoring users’ health and well-being passively. Many studies have used
passive sensing for loneliness detection in recent years, but these methods have
severe limitations. The main issues are related to relying on generic models,
and neglecting the dynamic, multifaceted nature of loneliness. This thesis made
several contributions to address these critical gaps in the literature.

First, we presented an approach for personalized loneliness detection through the
behavioural grouping of passive sensing data. We used unsupervised machine
learning for this and then trained customized models for each identified group
that outperformed generic models for loneliness detection. Building upon this
work, we addressed its limitation of static approach for loneliness detection. So,
we proposed an approach for dynamic loneliness detection that can adjust to
users’ changing behaviours. We also analyzed how users’ behaviours changed
throughout the study period and how these changes are linked with their lone-
liness levels. This contribution helps detect loneliness in its early stages and
highlights the importance of recognizing individual differences in how loneliness
manifests.

Previous research on loneliness with passive sensing data often analyzed loneliness
as a single concept. This thesis explored the different types of loneliness and their
behavioural manifestations. Mainly, we investigated how behavioural patterns
can distinguish between social and emotional loneliness and what is the predic-
tive power of these digital biomarkers to detect the specific type of loneliness in
order to develop more targeted interventions. Research shows that loneliness and
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Abstract

depression often co-occur, but their behavioural overlap wasn’t well understood
in terms of behavioural patterns extracted through passive sensing. We investi-
gated the complex relationship between these two conditions and identified both
overlapping and distinct behavioural markers captured through passive sensing
along with the predictive power of these markers. This work helps us understand
how they interact with each other, and this could lead to improved detection and
intervention strategies for individuals experiencing these conditions.
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Chapter 1

Introduction

1.1 Overview

Loneliness is a global problem that affects people of all backgrounds. Recent
studies, like the European Loneliness Survey, highlight just how common loneli-
ness has become and show its status as a global concern [Joi23]. The implica-
tions of loneliness extend far beyond the subjective experience of isolation. It is
increasingly recognized for its serious physical and mental health consequences
[HLMA19]. Loneliness is not just about feeling alone; it can be detrimental to
one’s health if it becomes chronic. Loneliness has been associated with a higher
likelihood of developing other mental health and physical health issues such as
cardiovascular diseases and stroke [HLMA19]. Research has indicated that an
absence of healthy social networks may contribute to an increased risk of these
issues. Additionally, loneliness can disrupt hormones and compromise the body’s
immune system, making it more difficult to maintain good health [UUHL99].
It can also affect stress levels, blood pressure, and sleep quality [CEB+00], all
of which can contribute to more severe health problems or even reduce one’s
lifespan. Moreover, chronic loneliness can increase mental health problems such
as severe depression, suicidal thoughts, difficulty sleeping, and a general feeling
of sadness [CHE+06]. The social and economic costs associated with loneliness
are substantial. It results in a significant burden on healthcare systems due to
increased demand for mental health services and physical health complications
arising from prolonged loneliness [MLC+20]. The resulting effect on productiv-
ity and societal well-being further highlights the need for effective strategies to
address this challenge. Loneliness is a big problem that got even worse during
the COVID-19 pandemic. We need to understand loneliness better in order to

1



1. Introduction 1.2 What is Loneliness?

develop effective and precise detection methods, which would be a step toward
mitigating the negative health and societal impacts of this growing problem.

1.2 What is Loneliness?

Humans inherently seek social connections, and maintaining positive social in-
teractions is essential for our well-being [BL17]. Perlman defined loneliness as a
state of emotional suffering resulting from a discrepancy between the desired and
actual social interactions [PP81]. Loneliness is not just limited to being phys-
ically alone; one might experience feelings of loneliness even in the presence of
others. Unfortunately, loneliness sometimes bears a social stigma which indicates
that an individual is unable to establish meaningful relationships [Rok12]. It has
long been a worldwide problem, and it became even more noticeable during the
COVID-19 pandemic. Before the pandemic, surveys showed that approximately
one in four individuals reported feeling lonely. During the pandemic, that in-
creased to almost two in every five people feeling lonely [SJD+23]. This shows
just how much a big crisis can affect how lonely people feel all over the world.

It is important to understand that loneliness and being alone are not the same
thing. Being alone is simply a physical state, while loneliness is a complex psy-
chological experience. One can be alone and not feel lonely, and the opposite is
also true: one can feel extremely lonely even when with others. This highlights
that loneliness originates from the subjective quality of our social connections,
not just their quantity. Furthermore, it is important to distinguish loneliness
from social isolation. Social isolation describes a lack of social contact and inter-
action. Someone might be socially isolated without feeling lonely, or they might
feel lonely even while maintaining a social network.

To further understand the nuances of loneliness, it is essential to distinguish
between different types, which we will be referring to in this thesis (Chapter 6).

• Social Loneliness: This refers to the perceived lack of a social network, such
as belonging to a group, having friends, or feeling like a part of a community
[RCRY84]. Individuals experiencing social loneliness often feel disconnected
from others and lack a sense of belonging.

• Emotional Loneliness: This happens when an individual feels the absence
of close, intimate, meaningful relationships [Vau88]. Even those with a
broad social network can experience emotional loneliness if they lack deep
personal connections.
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• Dispositional Loneliness: This refers to a stable personality trait where an
individual consistently experiences feelings of loneliness, regardless of their
external social environment or actual level of social interaction. It is often
linked to factors such as low self-esteem, social anxiety, and negative self-
perception [ROKvdM+12].

1.3 The Global Impact of Loneliness: A Grow-
ing Health Crisis

Loneliness has become a global issue that manifests across various demographics
and geographical regions. This section provides a detailed overview of the global
prevalence of loneliness and discusses its widespread nature.

The prevalence of loneliness is not limited to specific age groups, genders, or socio-
economic classes. According to the European Loneliness Survey 2023, around 13%
of respondents reported feeling lonely most or all of the time, while 36% reported
feeling lonely at least some of the time [Joi23]. In a 2021 survey, younger adults,
especially those aged between 18 and 34 years, reported higher levels of loneliness
compared to the older age groups, with 16.8% feeling lonely "most of the time" or
"always" [BBDC+21]. The COVID-19 pandemic has further increased the issue of
loneliness, particularly among young adults and women [AOASAR+23]. During
the pandemic, loneliness prevalence rates surged, with up to 20% of respondents
in certain studies reporting feelings of loneliness [AOASAR+23]. Younger genera-
tions, specifically adolescents and young adults, report higher levels of loneliness
compared to older adults. Some studies reported that 20–48% of adolescents and
young adults experience severe levels of loneliness. However with older popu-
lations, more than 60% report never feeling lonely, and fewer than 10% report
severe loneliness [BK20].

Furthermore, socio-economic factors play a significant role in the experience of
loneliness. Income level, employment status, and educational history are impor-
tant factors that could have a direct relationship with loneliness levels. Studies
suggested that lower income and education levels, as well as unemployment are
associated with increased chances of loneliness [HSSW20]. The prevalence rates
of loneliness also vary considerably across Europe, with countries like the Nether-
lands reporting as low as 6% and others such as Bulgaria, Hungary, and Croatia
experiencing rates over 16%. This variation shows the complexity of cultural, eco-
nomic, and social factors in loneliness experiences. Socio-economic issues have
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a broader impact that goes beyond individual circumstances. A study reported
that country-level income inequality correlates with the prevalence of loneliness,
particularly among older adults [TMSA+22]. This suggests that broader socio-
economic dynamics, including income distribution and relative deprivation, can
substantially impact the experience of loneliness. This extensive prevalence shows
the importance of understanding loneliness in its various aspects and contexts to
address and mitigate its impact worldwide effectively.

The impact of loneliness on health and mental well-being is significant and mul-
tifaceted. Many studies highlight its close relationship with both physical and
mental health issues which are given below.

• Physical Health Risks: Studies have found a significant association between
loneliness and many physical health issues. Loneliness has been linked with
cardiovascular diseases, inflammation, and even an increased risk of func-
tional decline and death [PMG+20].

• Mental Health Implications: Loneliness significantly impacts mental health.
It is associated with higher rates of depression, anxiety, and poorer qual-
ity of life [LCHS+20, HLHS+22]. The impact is higher in older adults,
where loneliness is a known risk factor for dementia and other health is-
sues [SANA20, VAIF+22]. Similarly, the association between loneliness
and various forms of anxiety, including social and generalized anxiety,
shows moderate to strong connections [MPTK+20]. Individuals experi-
encing loneliness have significantly higher odds of suffering from anxiety
disorders. Longitudinal studies reinforce this, which identify loneliness as
a predictive factor for developing anxiety disorders [MND+19]. This evi-
dence shows the role of loneliness as a risk factor for mental health con-
ditions and highlights the urgent need for early detection and interven-
tion. Studies across various age groups have consistently shown a strong
correlation between loneliness and the severity of depressive symptoms
[IBY21, QZWP23, KAGH20, WPA+22].

• Impact on Immune Function and Sleep: Loneliness can affect immune func-
tion and increase susceptibility to getting infected more quickly [ZJ21]. It
is also associated with disrupted sleep, which results in affecting immune
function, glucose regulation, and cardiovascular risk [GWR+20, WBK+20].
Other sleep issues like insomnia are also commonly found in lonely individ-
uals, which can further increase health issues [MJFS21].
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1.4 The Challenge of Early Loneliness Detec-
tion and The Importance of Addressing
Loneliness in Younger Populations

Monitoring early indicators of loneliness can enable us to intervene timely in order
to help those who are suffering from this issue. Traditionally, clinicians rely on
in-person consultations and patient self-disclosure to identify these signs, which
are not always the most reliable methods and come with several challenges. First,
there is a risk of underreporting, where individuals might not fully disclose their
true feelings. It could be due to several reasons, such as a desire to appear socially
content or, in some cases, to exaggerate their actual feelings to gain sympathy.
Additionally, self-reports may not always be accurate. People might lack aware-
ness of their own loneliness or find it difficult to express their emotions correctly.
Misinterpretations of questionnaire language can also lead to incorrect responses.
Another major challenge is recall bias. These traditional methods often capture
feelings from a specific time frame, which may not accurately represent an indi-
vidual’s experience at other times. Memory biases can also alter the reporting
of past events or emotions which can lead to further inaccuracies. These chal-
lenges highlight the need for more objective and continuous monitoring methods.
The adoption of advanced technologies in smartphones and wearable devices has
opened up new possibilities for addressing these issues.

Early detection of loneliness is critical for the success of interventions. Timely
detection can lead to more effective ways to manage loneliness. This can prevent
the conversion of loneliness into more severe mental health issues. However, early
loneliness detection comes with significant challenges, particularly in populations
that may not readily express or recognize their loneliness. One of the primary
challenges in early detection is the subjective nature of loneliness. Loneliness
is a personal experience that varies greatly among individuals, which makes it
difficult to establish universal criteria for its detection. This subjective nature of
loneliness can lead to underreporting, mainly in groups or cultures where a stigma
has been associated with loneliness for different reasons. Another challenge is
the lack of standardized screening tools for loneliness. While there are scales and
questionnaires designed to measure loneliness, such as the University of California,
Los Angeles (UCLA) Loneliness Scale [RPC80], their usage is not common in
clinical or community settings [oSoBS20]. This lack of standardized screening
means that loneliness is often overlooked in routine health assessments, mainly
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in primary care settings where such identification could be most beneficial.

Some specific populations are at higher risk of loneliness, and at the same time
they could be more challenging to reach. For example, older adults, especially
those in long-term care facilities may experience loneliness but lack the means or
willingness to express it [ÖTFM18]. Similarly, individuals with chronic illnesses
are at increased risk of social isolation and loneliness and they may not have
enough opportunities to communicate their feelings with others [RLKS06]. Addi-
tionally, individuals with disabilities face unique challenges that can increase their
vulnerability to loneliness. This includes physical barriers to social participation,
stigma, and limited access to support networks [GZPA23]. It also significantly af-
fects marginalized groups, such as the LGBTQ+ community. Research has consis-
tently shown that LGBTQ+ individuals experience higher rates of loneliness com-
pared to their heterosexual and cisgender counterparts [BWA+23, PIDWD20].
Similarly, the younger population despite being highly connected through digital
platforms, may not recognize or admit their feelings of loneliness. This popula-
tion is often masked by superficial online interactions that do not have any deeper
meanings in their lives [SH21]. Younger people and college students are also a
challenging demographic for the early detection of loneliness. The complexity
is in the unique social dynamics, psychological development stages, and the re-
cent impact of global crises, such as the COVID-19 pandemic on this age group
[McA21].

The prevalence of depression, anxiety, and loneliness among college students has
reached high levels, and it is worsened by different factors like the pandemic,
political unrest, racism, and inequality. An extensive survey of around 33,000
college students found that a majority of two-thirds had difficulties with loneliness
and a sense of isolation, showing the significant impact of these combined stress
factors [McA21]. The COVID-19 pandemic significantly affected students’ social
lives and relationships, which highlights the impact of social crises [BSF20].

The early detection of loneliness in younger populations is important but at the
same time very challenging due to the unique stressors and transitional phases
associated with this population. This population group is increasingly at risk of
loneliness. Multiple factors like life transitions, academic pressures, and evolving
social dynamics contribute to this increased vulnerability [Ars21]. The pervasive
use of technology among young people makes technological interventions more
relevant and effective for this group. Their familiarity and comfort with digital
devices give us a unique opportunity to reach them where they are most accessible.
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The normalization of health monitoring in the young population, particularly
through wearable devices and smartphone apps gives a good scope for passive
sensing and early detection of loneliness indicators.

1.5 Passive Sensing for Loneliness Detection

The use of passive sensing methods is increasingly recognized as an important
tool in the early and timely detection of different conditions including loneliness.
Passive sensing technology, which includes the use of smartphones, wearables,
and environmental sensors provides a non-intrusive way to monitor behavioural
and physiological indicators that may be indicative of loneliness signs.

One of the primary advantages of passive sensing is its ability to collect continuous
and objective data unobtrusively without the user’s active involvement. This can
track patterns in communication, social interactions, physical activity, and even
sleep, which are often disruptive in individuals experiencing loneliness [FSRB22].
For example, changes in communication patterns, such as reduced frequency of
calls or messages, could be indicative of social withdrawal which is a common
symptom of loneliness. Similarly, the changes in usual sleep patterns, which we
can detect through wearable devices are also indicative of some issue with mental
well-being. Integrating passive sensing data with machine learning algorithms can
lead to the early detection of signs of loneliness. These algorithms can analyze
complex datasets to identify patterns that may not be immediately apparent to
individuals or healthcare providers. For instance, a decrease in social activity or
a change in daily routine detected through passive sensing can trigger alerts and
prompt early intervention.

Moreover, technology can assist in bridging the gap in loneliness interventions.
This is especially useful for populations that are hard to reach or reluctant to
seek help due to the associated stigma with loneliness. Digital platforms and
telehealth services can provide access to support and resources for individuals
who might not otherwise engage with traditional healthcare systems. This is es-
pecially relevant for younger populations who are more used to technology and for
older adults who may face mobility or accessibility issues. Studies exploring tech-
nological solutions for detecting loneliness highlight the potential of these tools
in improving intervention strategies. For example, research into smartphone app
usage patterns has shown promise in identifying loneliness indicators which shows
that digital behaviour can be a valuable source of information for detecting lone-
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liness [CH18]. Recent developments in smart technology, especially smartphones
and fitness trackers, have significantly improved health monitoring capabilities
[MSR+20].

Smartphone sensors like accelerometers and others can be used to distinguish
between stationary and active users. In addition, the GPS sensor can be used
to track social patterns, including the frequency and locations of visits, which
may provide details about the level of social activity or isolation. Smartphones
also have text and call logs, which can provide data about the frequency of our
interpersonal interactions. This may serve as a significant indicator of our social
connections. Bluetooth and WIFI logs can help us understand the proximity and
distinct encounters with others. They can also be indicative of where a person
spends the majority of their time based on the logs of the networks these sensors
are connected to.

The type and usage of mobile apps are also important factors. For example, higher
use of social media apps may indicate our intention to connect with people, but
an increased duration spent on gaming applications may imply our preference for
solitude. Similarly, the frequency with which one opens their phone may provide
information about digital usage behaviours. Researchers can develop a more
comprehensive understanding of human activities and behaviours by integrating
the data collected from various sensors. All this information can be helpful with
different analyses, and we can detect early loneliness signs which would result in
timely intervention.

Similarly, fitness bands provide continuous physiological data. They measure
step count, which is an effective measure of daily activity levels. These levels can
be indicative of behavioural trends that are often linked to feelings of loneliness.
Fitness bands also keep track of our heart rate. If the heart rate is different from
usual, it could be an indicator of stress or feelings of strong emotions which could
be linked with loneliness. Furthermore, detailed sleep pattern analysis from these
wearables can provide behavioural markers of overall well-being.

An important part of validating data collected from passive sensors is using a
reliable way to measure what we are actually trying to detect (loneliness). This
is where clinical scales come in. Clinical scales are standardized tools developed
by researchers to measure specific psychological condition or behavioural traits.
These scales help provide a ground truth which is a reliable baseline measure
that can be compared against the data collected from sensors. By using both
passive data collection and clinical scales, researchers can check if what they are
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seeing in the sensor data actually corresponds to real feelings of loneliness that
people report. The University of California, Los Angeles (UCLA) Loneliness
Scale [RPC80], serves as the standard for assessing the subjective experience
of loneliness. It is the most widely used scale in the general population and
clinical settings for assessing the frequency and severity of subjective loneliness
in an individual. This self-report questionnaire consists of a set of questions that
respondents evaluate based on the frequency with which they experience certain
feelings. The validity and reliability of this scale have undergone rigorous testing
in various demographics and healthcare settings, and it has been established as
an important tool for measuring loneliness by researchers.

In studies using passive sensing for loneliness detection, the UCLA scale is admin-
istered at various stages throughout the data collection process. The responses
serve as labels that establish a connection between behavioural patterns obtained
from sensors and self-reported feelings of loneliness. This direct input from par-
ticipants about their perceived loneliness provides a benchmark against which
the efficacy of machine learning models for loneliness prediction can be measured
since these responses act as labels while training models. It ensures that the
algorithm’s interpretation of data aligns with the actual loneliness feelings of the
users, which will improve the predictive power of the model. Through the peri-
odic usage of the UCLA scale, researchers can also track changes over time. This
provides information about the dynamic nature of loneliness and the impact of
various interventions on managing loneliness.

Passive sensing has been extensively investigated in the context of various men-
tal and physical health conditions. Many studies have focused on a broad range
of conditions, including depression, stress, mood disorders, schizophrenia, sleep
disturbances, cardiac health, and other chronic conditions [DVC+19, FMG+21,
KL19, SNČS21, SQK21, DALW+22, AL06]. These studies have used a wide range
of features extracted from sensor data, such as physical activity, sleep patterns,
communication logs (call and SMS), and social interactions (via GPS or Bluetooth
data), in combination with machine learning algorithms to predict different con-
ditions. For example, [DVC+19] applied these features to detect depression, while
[KL19] focused on detecting stress through the same features. These features are
also relevant to loneliness detection but require different interpretive frameworks.
For example, while high phone usage is usually associated with stress and depres-
sive symptoms in previous studies, in the context of loneliness, it might reflect
an attempt to seek social connection through digital means. Similarly, reduced
physical activity may indicate withdrawal from social interactions which is a key
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behavioural marker of loneliness. In this thesis, we build upon these established
features but focus on how they relate specifically to loneliness. By analyzing fea-
tures like call and SMS logs, Bluetooth and WIFI proximity data, and location
changes, we aim to detect social withdrawal or lack of social connectivity, which
are key indicators of loneliness. While these features have been successfully ap-
plied to detect different mental health conditions, their contextual relevance to
loneliness in a personalised manner has been underexplored. This thesis aims
to fill that gap by applying these features to a more personalized and dynamic
approach for loneliness detection.

While a number of studies have explored the potential of passive sensing for
loneliness detection, there has been an absence of systematic reviews or surveys
that synthesize the existing research on this specific topic. To bridge this gap, we
performed a pioneering scoping review dedicated exclusively to the application
of passive sensing in the context of loneliness and social isolation detection. This
review is the first in the field to provide an in-depth look at the current capabilities
of these technologies for loneliness detection and highlight the limitations that
need to be addressed in future work.

The existing research shows multiple approaches that combine machine learning
algorithms with passive sensing data to detect indicators of loneliness in diverse
populations. These methods range from the analysis of communication logs, cap-
turing call and text message data, to the application of machine learning tech-
niques on sensor data that tracks physical activity and social interactions through
accelerometers and GPS. Ambient sensors within smart home environments have
been used to monitor routine domestic activities, while wearable devices have been
used to collect physiological data for further analysis. Machine learning methods,
especially those using predictive analytics and pattern recognition, have played an
important role in analyzing this data. This body of work collectively validates the
efficacy of passive sensing and machine learning as promising tools for the early
detection of loneliness. However, this comes with a number of limitations and
potential issues that set a direction for researchers to improve these technological
approaches further.

This brief section provided the groundwork for the detailed exploration of pas-
sive sensing for loneliness detection in Chapter 2, where we will look into the
methodology, findings, and implications of our scoping review with a comprehen-
sive discussion of our research contributions.
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1.5.1 Limitations of Existing Research

Existing studies in the field have made significant contributions to using passive
sensing for loneliness detection. However, these approaches come with several
limitations. Our work aims to address some of these limitations and improve
upon existing methods. Below, we present the primary challenges that need to
be addressed:

1.5.1.1 Privacy and Ethical Concerns

One of the key challenges is the issue of privacy. Most of the studies used a
traditional machine learning model training process in which all data from mul-
tiple participants is collected on a single server, which trains the model on the
whole data set at once. The collection of this sensitive data in a single location
(central server) presents an important risk to the privacy of users, as it could
expose them to unauthorized access and data breaches. When studies gather all
their data in one place, it can make people worried about their privacy, especially
with the sensitive topic of mental health. People might not want to be part of
research that could expose their personal information. While it is important to
address this issue, another important distinction should be made between the
training and inference phases of machine learning. The goal is to avoid central-
izing data during the model training process but once models are trained, they
can be applied locally on personal devices for inference. It is really important to
fix this data centralisation problem as when people feel sure that their private
information is safe, they are more likely to use these health-tracking tools.

1.5.1.2 Generalized Models and Lack of Personalization

Existing methods for detecting loneliness with passive sensing often rely on
generic models trained on the entire dataset. Given the subjective nature of
loneliness, behavioural patterns can differ among people in relation to their feel-
ings of loneliness. These generic models may not accurately capture the nuances
of individual differences in behavioural patterns and this can lead to less precise
detection. By identifying smaller groups of individuals with similar behavioural
patterns, we can develop more targeted models that better reflect these individ-
ual differences. This approach can help us to uncover how loneliness manifests
in specific groups, which can be overlooked when analyzing the entire population
as a whole. Furthermore, monitoring the evolution of these behavioural groups
over time can provide important information about how loneliness changes and
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adapts to individual experiences and circumstances which can ultimately lead to
more timely and effective interventions.

1.5.1.3 Static Approaches and Lack of Real-Time Monitoring

Most studies in the domain of loneliness detection focus on a static analysis of
passive sensing data, often collecting data over a fixed period and then analyz-
ing it retrospectively. This limitation restricts the capacity of such systems to
quickly detect and intervene in instances of loneliness that may arise suddenly
as a consequence of life events. This highlights the need for a methodology that
not only monitors but also adjusts to the evolving behavioural trends linked to
loneliness. Such an approach has the capacity to provide more timely and per-
sonalized interventions that may stop the conversion of intermittent loneliness
into a chronic condition like depression.

1.5.1.4 Multidimensional Nature of Loneliness

There is no existing work on examining the various dimensions of loneliness
through the lens of passive sensing data. As we discussed earlier, loneliness
is a multifaceted phenomenon that manifests in multiple forms. One of them
is emotional loneliness, which is caused by the absence of a close emotional at-
tachment, and social loneliness, which can be linked to perceived deficiencies in
one’s social network [SP22]. Acknowledging and analyzing the different facets of
loneliness is important for a deeper understanding of the specific type of lone-
liness an individual is experiencing. This understanding is a key step towards
developing personalized interventions that directly address the particular aspects
and nuances of loneliness.

1.5.1.5 Relationship Between Loneliness and Depressions

Understanding the link between loneliness and depression is critical because they
often occur together and can each make the other worse [WC23]. No study has
yet explored how loneliness relates to depression and vice versa by using passive
sensing and behavioural data. Since chronic loneliness can develop into more
severe mental health issues, it’s important to broaden our exploration of how
behavioural data can be used to explore the relationship between loneliness and
depression. By doing so, we can develop better strategies to help those who suffer
from both depression and loneliness.

The following subsection presents the main contributions that are aimed at ad-
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dressing some of the above issues and limitations.

1.6 Thesis Contributions

The key contributions of this thesis are summarized below:

1. The first contribution of this thesis presents a comprehensive scoping review.
This scoping review aimed to identify and synthesize recent studies that
used passive sensing techniques to extract patterns in daily routines and
behaviours that could indicate loneliness or social isolation. Moreover, we
performed a critical examination of these studies in various aspects like
demographics, privacy considerations, and validation methodologies. As
a result, this review provides us with a solid foundation for research by
identifying the gaps in the existing literature related to passive sensing-
based methods for loneliness detection, and based on those identified gaps,
we have worked on subsequent studies.

2. The next contribution is about the development of personalized methods
for loneliness detection to address the limitation presented in the section
1.5.1.2. To do so, we used clustering methods to identify similar behavioural
subgroups in passive sensing data that have emerged over time and then
developed personalized loneliness detection models for each subgroup to
improve performance. A key feature of this work is the weekly analysis
of the behavioural patterns of each identified group. Our results show that
models tailored to student groups with similar behaviours are more effective
at detecting loneliness than the one-size-fits-all approach, which highlights
the importance of personalized detection systems.

3. Expanding upon the groundwork established in the last contribution, we
introduced a personalized and dynamic approach for detecting loneliness
to address the limitation presented in the section 1.5.1.3. The objective of
this work is to have a dynamic loneliness detection method that adjusts to
the user’s evolving behaviours and continually improves its predictive capa-
bilities with the integration of fresh data. We used incremental clustering
to identify behavioural subgroups dynamically while, in parallel, applying
incremental classification to detect loneliness in each subgroup. We also
presented the evolution of weekly subgroups based on their behavioural
patterns and loneliness levels. This helps in continuous monitoring and de-
tecting behavioural changes that could indicate the emergence of loneliness.
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4. The next contribution looked into the nuanced aspects of loneliness to ad-
dress the limitation presented in the section 1.5.1.4. We used passive sensing
data to explore social and emotional loneliness and its behavioural mani-
festations. This study investigates whether digital behavioural markers can
differentiate between socially and emotionally lonely students, the predic-
tive power of these markers in classifying socially and emotionally lonely
students, and which markers are most important for these predictive mod-
els. This contribution improves the precision of loneliness detection and
also provides a detailed understanding of its varied facets, which would
lead to the development of interventions that are more closely aligned with
the individual’s specific experiences of loneliness.

5. The next contribution explores the complex relationship between loneliness
and depression to address the limitation presented in the section 1.5.1.5.
This study rigorously investigates how behavioural features captured by
passive sensing correlate with and differ between loneliness and depression
among students. It addresses important research questions to identify the
common and unique behavioural characteristics of loneliness and depression
through the lens of passive sensing. This helps us understand how these
conditions influence each other and what specific behavioural features act
as mediators within their interplay. Additionally, it evaluates the efficacy
of using behavioural features alongside loneliness and depression scales to
accurately classify individuals experiencing these conditions. This contri-
bution provides perspectives on the behavioural indicators of loneliness and
depression through passive sensing data.

1.7 Publications

There are 6 deliverables of this PhD. Four have been published, one has been
accepted for publication, and one is currently being prepared for submission.

1. Qirtas, Malik Muhammad, Evi Zafeiridi, Dirk Pesch, and Eleanor
Bantry White. "Loneliness and social isolation detection using passive sens-
ing techniques: scoping review." JMIR mHealth and uHealth 10, no. 4
(2022): e34638.

2. Qirtas, Malik Muhammad, Dirk Pesch, Evi Zafeiridi, and Eleanor
Bantry White. "Privacy-preserving loneliness detection: A federated learn-
ing approach." In 2022 IEEE International Conference on Digital Health
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(ICDH), pp. 157-162. IEEE, 2022.

3. Qirtas, Malik Muhammad, Eleanor Bantry White, Evi Zafeiridi, and
Dirk Pesch. "Personalising Loneliness Detection through Behavioural
Grouping of Passive Sensing Data from College Students." IEEE Access
(2023).

4. Qirtas, Malik Muhammad, Evi Zafeiridi, Eleanor Bantry White, and
Dirk Pesch. "Evolving AI for Wellness: Dynamic and Personalized Loneli-
ness Detection Using Passive Sensing." Accepted for Publication in Springer
Lecture Notes in Computer Science as Proceedings of AISoLA Conference
2023.

5. Qirtas, Malik Muhammad, Evi Zafeiridi, Eleanor Bantry White, and
Dirk Pesch. "The relationship between loneliness and depression among
college students: Mining data derived from passive sensing." SAGE Digital
Health 9 (2023).

6. Qirtas, Malik Muhammad, Evi Zafeiridi, Eleanor Bantry White, and
Dirk Pesch. "Differentiating and Predicting Social and Emotional Loneli-
ness in Students Using Passive Sensing: An Exploratory Study." In Prepa-
ration for Submission

1.8 Thesis Outline

In Chapter 2, we will present a comprehensive literature review on loneliness de-
tection using passive sensing and will discuss different aspects of existing studies
in this area. Chapter 3 presents the details of the datasets used, behavioural fea-
tures extraction and overall methodology. Chapter 4 presents personalized detec-
tion through clustering and group-specific models. Chapter 5 presents a dynamic
and personalized loneliness detection approach using incremental clustering and
classification models. Chapter 6 explored social and emotional loneliness using
passive sensing data. Chapter 7 investigated the relationship between loneliness
and depression using passive sensing data. Chapter 8 concludes the thesis and
presents limitations with future research directions.
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Chapter 2

Loneliness and Social Isolation
Detection through Passive
Sensing Methods: A
Comprehensive Overview

This chapter presents:

1. An in-depth look at the literature on the methods used to detect loneliness
and social isolation. The aim is to bridge the gap between clinical methods
and passive sensing methods for loneliness and social isolation detection.

2. A review of studies that used passive sensing technologies to detect loneli-
ness and social isolation. We examined the type of populations that were
studied, the different types of sensors that were used, and the efficacy and
reliability of those methods.

3. Evaluation of this scoping review in connection with previous research, while
providing a synthesis of the key findings and the implications for future
research is also presented.

Passive sensing technologies provide an intuitive way of collecting data via per-
sonal devices such as smartphones and wearables. Scoping reviews, as compared
to systematic reviews and other review-based techniques, are a relatively new
method of searching and synthesizing the literature. They are useful for investi-
gating broad areas across various study designs [MPP05, OWZS10], making them
appropriate for examining emerging broader fields. There are four main reasons
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2. Loneliness and Social Isolation
Detection through Passive Sensing

2.1 Loneliness Detection Approaches: An
Overview

why researchers could conduct a scoping review in an unexplored or new area:
to figure out the design and purpose of the study, to see if a systematic review
is needed, to summarize the research results, and to find research gaps in the ex-
isting literature [AO05, LCO10]. This review investigated the field of loneliness
and social isolation detection through passive sensing, which is a relatively new
research area. Therefore there was a need to conduct a scoping review in this
area.

2.1 Loneliness Detection Approaches: An
Overview

2.1.1 Assessing Loneliness In Research And Clinical Set-
tings

Traditionally, the detection of loneliness has been based on personal assessments
in a clinical setting. This includes using the well-known University of California
at Los Angeles (UCLA) loneliness scale and other validated measures by clini-
cians [Rus96, VHTC11, TK14, HD87]. Several other verified measures can be
used to find out how lonely a person is [DJGK85, DJGVT99, GT06, GVT10].
These tools measure feelings of loneliness through an investigation of subjective
experiences of isolation, support networks, and social interactions in the form
of different questions. While these scales have played an important role in im-
proving the understanding of loneliness, their reliance on self-reported data in a
specific setting makes them vulnerable to inherent biases and limitations. Due to
the subjective nature of these assessments and the fact that they are primarily
verified through correlations with "at risk" populations, there is an urgent need
for more objective, reliable, and thorough methods for detection.

2.1.2 Technology Based Detection through Passive Sens-
ing

In recent years, there has been an increasing interest in using technology for more
objective and unobtrusive monitoring of loneliness and social isolation detection.
Passive sensing technologies are at the cutting edge of this advancement, and they
made a shift in methodology from self-reported assessments to continuing, data-
based assessments [TOO+19]. These technologies include a wide range of tools,
such as ambient sensors in smart homes, smartphones, and wearable devices. For
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instance, smartphones can track movement patterns, social interactions (calls,
messages), and app usage, while wearable devices can monitor physical activity,
sleep patterns, and physiological metrics such as heart rate and skin conductance
[CH18]. Ambient sensors in smart homes can detect daily routines, social inter-
actions, and environmental factors [UKT+18]. These diverse data streams can be
analyzed to find patterns and anomalies that correlate with loneliness and social
isolation. The aim is to collect various types of users’ data passively and then
process that data to look for the signs or digital biomarkers in the behaviours
of users that may indicate loneliness or social isolation. For example, reduced
physical activity, irregular sleep patterns, and a decline in social interactions may
serve as indicators of increasing loneliness.

1. Smart-home-based Methods: Smart-home technologies use ambient
sensors to track everyday activities and well-being passively. This approach
involves examining behavioural data, such as movement patterns, home ap-
pliance use, sleep schedules etc. to detect deviations from an individual’s
typical behaviour patterns that might suggest social isolation or loneliness
indicators [HG08, WSS+13, SFJ+05]. For example, spending more time
in certain sections of the home or abnormalities in sleep patterns may in-
dicate social isolation or mental discomfort. Researchers have found that
looking at these changes over time may be a more objective and long-term
way to measure loneliness than using people to directly report their feelings
[MCLP10, GM11, FGP08]. This method improves our understanding of
loneliness patterns and allows for early intervention without requiring peo-
ple to directly report or answer questions, thereby preserving privacy and
minimizing biases.

2. Mobile and Wearable Sensing Methods: The increase in smartphone
and wearable devices use has created new opportunities for monitoring
health and well-being. These modern gadgets are equipped with a variety
of sensors that may monitor physical activity, location, interactions with
others (via call and SMS logs), and other data. By analyzing this sensor
data, we can look for potential patterns of loneliness and social isolation like
decreased mobility, less social engagement, and changes in communication
habits. This method reduces the biases associated with self-reporting and
gives insights into the constantly shifting dynamics of loneliness and social
isolation in everyday life.
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Table 2.1: Search Keywords and Result Statistics For Databases

Keyword Combinations Databases
IEEE
Xplore

ScopusACMPubMedWOS EMBASE

Loneliness AND Detection 44 6487 1046 528 364 364
Loneliness AND Sensing 53 1128 1339 1153 1845 74
Loneliness AND Passive
Sensing

3 94 64 21 38 4

Loneliness AND Monitoring 50 6443 1148 473 634 538
Social Isolation AND Detec-
tion

174 7329 432 2639 539 632

Social Isolation AND Sensing 78 834 946 2539 1473 74
Social Isolation AND Passive
Sensing

1 127 21 43 29 4

Social Isolation AND Moni-
toring

135 7063 846 1485 1264 1164

2.2 Review Methodology

2.2.1 Search Strategy and Selection Criteria

A comprehensive literature search was conducted using the Preferred Reporting
Items for Systematic reviews and Meta-Analyses (PRISMA) guidelines [LAT+09]
for scoping reviews [TLZ+18]. The search included papers from January 2011 to
January 2024. Given the interdisciplinary nature of our research, we included
databases from both computer science and social science; IEEE Xplore, Scopus,
ACM, PubMed, Web of Science, and EMBASE. The search focused on using
passive sensing technologies to detect loneliness and social isolation. The search
keywords and corresponding results for each database are included in the Table
2.1.

2.2.2 Data Extraction and Analysis

After an initial search, studies were selected based on specific inclusion and exclu-
sion criteria. We selected studies that only focused on those using passive sensing
technologies for detecting loneliness or social isolation. The data extraction from
these studies involved examining the methodology, demographic characteristics,
technology used, data collecting methods, and outcome indicators for loneliness or
social isolation. This systematic method led to a comprehensive investigation of
the effectiveness of passive sensing methods in different populations and settings,
revealing important insight into the current research context in this developing
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field. The selection process is shown in Figure-2.1.

• General description of the study: Authors, year, country

• Study design: Population type and age, participants sample selection pro-
cess, duration of the study, ground truth data collection methods, privacy
handling.

• Study tech insights: Technology used for sensing, data collection streams,
algorithm

• Study outcome characteristics: Indicators/identification markers,
sensed outcomes.
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Figure 2.1: Flow diagram of literature search and selection process (adapted
from Preferred Reporting Items for Systematic Reviews and Meta-Analyses
[PRISMA]).

2.3 Results

2.3.1 Demographics Characteristics

2.3.1.1 Population Focus

Our review found a significant number of the studies focused on younger in-
dividuals mainly college students, which are 37% (14 out of 38) of the stud-
ies [WCC+14, DVC+19, JSW20, QGY18, PvHH+19, YLH+14, PA16, LSWL16,
BZSW+15, WBC+21, EL23, YAJ+23, AA22, JAL+23]. Studies for older adults
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are 40% (15 out of 38) [GTT17, HPBGP17, WKL+14, PAK+13, MOEG17,
ADR+16, VAAB+16, SMC+15, LAS+15, PTAK16, HTL17, LBD+21, RMP+23,
JLY+23, SVA+22]. Only a smaller portion, 18% (7 out of 38), included partici-
pants from mixed age groups [SRRM+17, GNH+17, CRC+19, GLZ+16, FMG+20,
WPB+21, SANV+22]. The number of participants in these studies ranged from
as few as 5 to as many as 364, with study period extending from a week up to five
years. While most studies employed a longitudinal design, collecting data over
time to observe changes, one study [QGY18] used a cross-sectional design, exam-
ining participants only at a single point in time and two others did not specify
their duration [LAS+15, CRC+19].

2.3.1.2 Age and Age Groups

40% (15 out of 38) of the studies explicitly mentioned the ages of the par-
ticipants [QGY18, PvHH+19, WBC+21, WPB+21, PA16, WKL+14, GTT17,
LAS+15, PTAK16, FMG+20, LBD+21, WBC+21, SANV+22, AA22, JAL+23].
The other studies referred to age groups in a general manner without mentioning
specific ages. Four studies focused on individuals aged 18 to 28 years [WCC+14,
DVC+19, JSW20, YLH+14, LSWL16, BZSW+15], whereas six studies focused
on older adults [WKL+14, GTT17, LAS+15, PTAK16, FMG+20, LBD+21] and
a few are mixed [SRRM+17, GNH+17, CRC+19, GLZ+16]. One study included
a broad age range from 18 to 78 years [WPB+21], including both younger and
older participants.

2.3.1.3 Gender Distribution

The gender distribution differed across the studies. Four Studies involv-
ing younger populations included both male and female participants [JSW20,
YLH+14, FMG+20, WBC+21], 3 studies having more female participants
[DVC+19, QGY18, WBC+21] and others 2 studies with male participants [PA16,
BZSW+15]. Two studies solely consisted of females [PvHH+19, SANV+22]. Seven
studies concerning older adults reported their gender, and all of these studies show
a female predominance except one. The female ratios in these studies are 60%
[WKL+14], 81% [ADR+16], 74% [GTT17], 54% [SMC+15], 89% [LAS+15], 44%
[LBD+21] and 88% [PTAK16].
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2.3.1.4 Educational Level

Participants’ educational background was specified in 15 studies [DVC+19, PA16,
YLH+14, LSWL16, WBC+21, BZSW+15, ADR+16, PTAK16, FMG+20, GTT17,
LBD+21, WBC+21, SANV+22, EL23, AA22]. The younger participants mostly
consisted of college students [DVC+19, PA16, YLH+14, LSWL16, WBC+21,
BZSW+15, AA22, EL23, WBC+21], including first-year students and a combi-
nation of graduate and undergraduate students. Four Studies on older adults
showed a diverse range of educational backgrounds [ADR+16, GTT17, PTAK16,
LBD+21]. Two studies included participants who had completed their graduate
studies [ADR+16, LBD+21], and the remaining two studies included participants
with varying levels of education, with 46% completing a college education in one
study [PTAK16] and 39% completing primary level education and 39% had no
formal education in another study [GTT17].

2.3.1.5 Ethnic Background

The ethnic background of participants was reported in 10 studies, highlight-
ing diversity, especially among younger populations [DVC+19, JSW20, YLH+14,
LSWL16, BZSW+15, GTT17, LAS+15, LBD+21, EL23]. These younger groups
often had an Asian cultural background, though studies also included partici-
pants from the United States [DVC+19, BZSW+15], China [LSWL16], and Sin-
gapore [YLH+14], representing a mix of ethnicities [JSW20, LSWL16]. Older
adult studies reported a majority of Chinese participants in one study [GTT17]
and a majority of White participants in another [LAS+15].

2.3.2 Sensing Streams

Smartphones and wearable fitness trackers are equipped with many sensors that
help us track user movements and collect data on daily routines. The majority of
the studies reviewed (58%, or 22 out of 38) used smartphones or wearable devices
as the main method for passive data collection tool [WCC+14, DVC+19, JSW20,
QGY18, PvHH+19, YLH+14, PA16, LSWL16, BZSW+15, WBC+21, MOEG17,
SMC+15, SRRM+17, GNH+17, GLZ+16, FMG+20, WPB+21, GLZ14, WBC+21,
RMP+23, YAJ+23, JAL+23]. The accelerometer and GPS are the most common
sensors in these devices for passive data collection, with 72% (16 out of 22) of
the studies using both of them [JSW20, QGY18, PvHH+19, GNH+17, CRC+19,
BZSW+15, DVC+19, YLH+14, LSWL16, WBC+21, FMG+20, GLZ+16, SMC+15,
RMP+23, YAJ+23, JAL+23]. Accelerometers are used because to their low power
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consumption and minimum privacy violation. GPS provides significant informa-
tion on a user’s travel routines, such as frequently visited places and the time
spent at these places, which may help to extract social behaviours of users.

Bluetooth and microphones are the second most common sensors used in 45%
(10/22) of the studies for passive data collection [DVC+19, PvHH+19, PvHH+19,
LSWL16, WBC+21, GNH+17, BZSW+15, SMC+15, RMP+23, YAJ+23]. Blue-
tooth is used here as a proximity sensor which provides information about a user’s
sociability based on their physical closeness to others using Bluetooth-enabled
devices. Microphones provide indirect indicators of sleep habits and social inter-
actions. Additionally, a small number of studies (7%, or 3 out of 38) used Wi-Fi
MAC addresses to collect social interaction data, and one study used a smart-
phone light sensor to determine screen lock/unlock state [GLZ+16], providing
indirect information on device usage habits.

Phone usage data, along with hardware sensors, was shown to be an impor-
tant source of information, serving as an indicator of social isolation or inter-
action. 50% (11 out of 22) of the studies used this approach to analyze SMS
text messages and call logs to infer communication patterns [DVC+19, JSW20,
YLH+14, MOEG17, PA16, LSWL16, SMC+15, GLZ+16, PTAK16, PvHH+19].
Some studies monitored how often smartphones were locked and unlocked
[DVC+19, GLZ+16], while others analyzed app use patterns to infer mood and
sociability. A study collected contact information, browsing history, and email
data to get deeper insights into user behaviour [PA16].

34% (13 out of 38) of the studies shifted the focus from personal devices to ambient
and physical sensors in houses [GTT17, HPBGP17, WKL+14, PAK+13, ADR+16,
VAAB+16, LAS+15, HTL17, CRC+19, RMP+23, JLY+23, SVA+22, EL23]. This
method focused on monitoring indoor mobility and behaviour patterns using a
range of sensors, such as passive infrared motion sensors for tracking movement,
pressure sensors for detecting presence on furniture, sound sensors for recording
household activities and interactions, and door sensors for observing entry and
exit patterns. This approach provides a different perspective to wearable and
smartphone sensors, improving the comprehension of participants’ lives and social
interactions inside their homes.

Loneliness Detection
Using Technology

23 Malik Muhammad Qirtas



2. Loneliness and Social Isolation
Detection through Passive Sensing 2.3 Results

2.3.3 Loneliness and Social Isolation Assessment: Meth-
ods and Tools

Multiple different methods of assessment were used to validate the data collected
passively via sensors in the research of loneliness and social isolation. 72% of
the studies (27 out of 38) relied on self-reports and questionnaires as their main
methods for data collection. These tools provide a straightforward way to collect
data on participants’ health and well-being which could be either in a clinical
environment or with using remote methods like through smartphone apps.

Self-reports and questionnaires were used to assess the physical and mental health
of participants in 27% of the studies [JSW20, WBC+21, GTT17, MOEG17,
GNH+17, GLZ+16, FMG+20, WPB+21]. These tools were crucial for assess-
ing several aspects of social relationships, mental well-being, symptoms of anx-
iety or depression [JSW20, PvHH+19, LSWL16, BZSW+15, WKL+14, HTL17,
LBD+21], and daily living activities [YLH+14, WBC+21, GTT17, SRRM+17,
GNH+17, GLZ+16]. The selection of scales and questionnaires was customized to
match the particular aspects of loneliness, depression, and anxiety. The UCLA
loneliness scale [RPC80], the De Jong Gierveld Loneliness Scale [GVT10], and
the ESTE-R Loneliness Scale [SMC+15] were often used for measuring loneliness.
Similarly, for the evaluation of depression and anxiety symptoms used the Social
Interaction Anxiety Scale, the Depression Anxiety Stress Scale, and the Positive
Affect Negative Affect (PANA) Schedule [WCT88].

Some studies choose to use custom-designed questionnaires along with standard
scales to meet their particular study requirements and target audiences. The
ecological momentary assessment (EMA) is an example of a method that offers a
customized way to record the nuances of participants’ thoughts and behaviours
as they occur. This approach enables researchers to gather data that is closely
connected to their study’s area and their requirements.

2.3.4 Efficacy and Reliability

2.3.4.1 Detection Methods

The studies reviewed used several indicators to identify changes in behaviour
that indicate loneliness or social isolation. Of the indicators examined, the fre-
quency of incoming and outgoing phone calls and SMS text messages is the
most commonly studied, with 24% (9 out of 38) of the studies focusing on it
[YLH+14, ADR+16, PA16, SMC+15, GLZ+16, PTAK16, JSW20, JAL+23, EL23].
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Another often-studied indicator is how much time people spend away from their
homes, with an equal number of studies investigating its influence on levels of
loneliness [PAK+13, ADR+16, VAAB+16, GTT17, SMC+15, LAS+15, FMG+20].
Additional behavioural indicators examined include sleep cycles, voice activity
and speech, physical movement levels, mobility and pace of walking, time spent in
various areas of the home, types of applications used, and interactions with others
identified through Bluetooth proximity detection [WKL+14, DVC+19, GTT17,
BZSW+15].

2.3.4.2 Phone Calls or SMS Text Messages

Nine studies investigated the relationship between the frequency of incoming and
outgoing phone calls and the feeling of loneliness [GLZ+16, PTAK16, SMC+15,
LSWL16, WPB+21, MOEG17, PA16, ADR+16, EL23]. One significant finding
was that those who received fewer incoming calls felt lonelier than those who
received more calls [GLZ+16]. One study with older adults showed that the
loneliest person got just 40% of the phone calls compared to the least lonely
person [PTAK16], indicating a significant difference in social interaction. The
influence of communication between family and friend circles was also examined
closely. A study found that in intimate relationships, both receiving and making
calls to family members are important factors in determining feelings of loneliness
inside the family and between spouses [SMC+15]. In comparison to social isola-
tion, the frequency of phone calls from acquaintances, as opposed to friends, was
shown to be a more reliable indicator. This detailed comprehension helps in cre-
ating prediction algorithms to identify loneliness. Upon further examination, it
was found that those with increased symptoms of loneliness received fewer phone
calls on average [PTAK16]. An analysis demonstrated a slight inverse relation-
ship between the duration of phone conversations and loneliness, indicating that
lengthier calls may be linked to reduced feelings of loneliness.

Additionally, the length of phone calls was shown to have an inverse relationship
with social well-being, which could mean that long chats might have a beneficial
impact on a person’s social health. Two other studies also confirmed this result by
identifying a negative relationship between call length and loneliness [MOEG17,
PA16]. The frequency of calls was significantly linked to the overall phone use
time [ADR+16]. A study on students found that those who received more phone
calls, particularly on weekdays, reported reduced feelings of loneliness, an easier
adjustment to college life, and a better sense of community among their peers
[YLH+14]. Research indicates that those with increased levels of social anxiety
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or loneliness often get a lower number of SMS text messages [GLZ+16]. The
study indicated a little negative association between receiving SMS messages at
night and loneliness. However, there was no significant connection between the
frequency of messaging and feelings of loneliness or social well-being [WPB+21].
A study found a strong connection between the number of messages received
and scores on the UCLA loneliness scale which explains the impact of digital
communication on how loneliness is perceived and felt [PA16].

2.3.4.3 Web Social Activity and Communication Apps

Five studies investigated the correlation between online social activity and lone-
liness [LSWL16, WPB+21, GLZ+16, YAJ+23, AA22]. A study conducted with a
younger population found a positive correlation between loneliness and the fre-
quency of app usage [LSWL16], suggesting that younger people who spend more
time on social applications tend to feel more lonely. In comparison, a study on
older people found that those who increased their social media use saw a signifi-
cant decrease in symptoms of loneliness [WPB+21]. Researchers discovered that
the social media networks of older people resulted in less loneliness and higher
levels of overall well-being when compared to those of younger adults. Another
study discovered that smartphone activities connected to web-based social in-
teractions, such as using social or communication apps often, did not show any
connection to feelings of social anxiety or loneliness [GLZ+16].

2.3.4.4 Number of Computer Sessions or Hours on the Computer

Furthermore, 2 studies examined computer use based on the frequency of ses-
sions and total daily screen time [ADR+16, LBD+21]. An increasing number
of computer sessions was found to be linked to increased feelings of loneliness.
Previous research examining the correlation between computer usage and lone-
liness have reported conflicting results [MMS03]. While some argue that using
computers might help relieve loneliness, others suggest that more computer use,
especially among young individuals is linked with increased feelings of loneliness
[FK07, Cap06, CC08, MM99]. A study found no significant correlation between
phone usage, computer use, and loneliness [ADR+16]. The number of phone calls
was significantly linked to the time spent on the phone, whereas the number of
computer sessions had a strong connection to the time spent on the computer
[ADR+16].
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2.3.4.5 Bluetooth Sensing

Five studies investigated the correlation between Bluetooth proximity sens-
ing features related to social interactions and feelings of loneliness [WBC+21,
WCC+14, LSWL16, DVC+19, WBC+21]. A study found that individuals of-
ten report experiencing loneliness when many Bluetooth devices are detected
nearby. The tendency might indicate instances when an individual experiences
solitude in crowded public places with a significant number of Bluetooth de-
vices present [WBC+21]. Another study found a significant relationship between
Bluetooth device interactions and the Patient Health Questionnaire-9 depression
scale [WCC+14]. A study found that there is no correlation between Bluetooth
proximity and loneliness [LSWL16]. A study used Bluetooth along with other
sensor data including GPS, Wi-Fi, SMS text messages to improve the accuracy
of predicting loneliness levels in individuals [DVC+19].

2.3.4.6 Daily Phone Use or Time on Mobile Phone

Three studies examined the correlation between overall mobile phone use and
loneliness [PTAK16, DVC+19, LSWL16]. A study found that less phone use on
certain weekends and in the morning was linked to higher levels of loneliness in
younger individuals [DVC+19]. Another study found that students who are at risk
of loneliness tend to spend more time on their smartphones daily. Loneliness was
shown to be positively linked to app use, regardless of the time of day [LSWL16].

2.3.4.7 Demographic Characteristics

Out of the 38 studies, 6 studies examined differences between genders in loneli-
ness levels [PTAK16, GLZ+16, GLZ14, WPB+21, RMP+23, SVA+22]. Petersen
et al [PTAK16] found that gender significantly influenced the daily call frequency,
with women making or receiving twice as many calls as males. A study inves-
tigated the gender distribution between high and low loneliness groups. The
chi-square test showed that the gender-based difference was not statistically sig-
nificant [GLZ+16]. A study found that women with higher levels of well-being use
reading applications and browsers more often than males [GLZ14]. Four stud-
ies investigated passive sensing and participant behaviour in relation to age. A
study investigated the ages of individuals in high and low loneliness groups; the
chi-square test showed that there was no statistically significant age difference
[GLZ+16]. Another study found that age did not significantly affect the daily
number of calls [PTAK16]. Wetzel et al found a significant correlation between
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participants’ age and time spent on social media [WPB+21], showing that the link
between social media usage and loneliness differs depending on age. Older indi-
viduals who spend more time on social media are likely to feel much less lonely.
While younger people who spend more time on social media were linked to higher
levels of reported loneliness [WPB+21]. Another study discovered that the level
of activity and the frequency of messages and calls increased in relation to the
age of individuals born prior to the year 2000 [SRRM+17]. Cognitive ability was
considered a demographic variable in 2 studies. A study found that those with a
chronic disease have a higher level of loneliness and more severe social well-being
compared to those without a chronic illness [WPB+21]. Another study found a
correlation between improved cognitive abilities and increased frequency of daily
phone calls [PTAK16]. This study investigated whether an individual’s pain level
may predict phone calls but found no significant correlation between pain level
and call frequency has been found [PTAK16]. Two studies investigated the cor-
relation between an individual’s personality characteristics and activity patterns
inferred from smartphone data collected passively [PA16, SRRM+17]. A study
found a strong connection between emotional stability and extroverted personality
traits and several smartphone-based features. Agreeableness, conscientiousness,
and intellect personality traits are moderately linked to various smartphone ac-
tivities, including messaging, browsing, calls, and contacts [PA16]. Another study
found that thankfulness is linked to participants’ communication habits, with the
most thankful individuals mostly using their phones to communicate.

2.3.4.8 Time Outside of Home and Time Spent at Home

Seven studies evaluated the impact of time spent outside compared to at home on
an individual’s loneliness levels [LAS+15, FMG+20, GTT17, ADR+16, HTL17,
PAK+13, VAAB+16]. A study with older people found that more time spent out-
side the house was linked to reduced feelings of loneliness [LAS+15]. Other studies
including participants of various age groups found that those who increased their
time spent outside noticed a decrease in feelings of loneliness [FMG+20]. Pre-
vious research studies have examined outdoor activities among older individuals
by assessing their average daily time spent outside and the frequency of outdoor
visits. Spending more time outside linked to reduced loneliness and increased
social networking scores. Furthermore, two more studies found a significant cor-
relation between the amount of time spent outside daily and feelings of loneliness
[ADR+16, HTL17]. Another study found that those who spend a significant
amount of time at home have higher feelings of loneliness. The physical ac-
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tivity score correlates positively with the average time spent outside the home
[PAK+13].

2.3.4.9 Daily Activity and Movement

Five studies investigated how everyday activities and movements, as well as their
duration, influence levels of loneliness [BZSW+15, FMG+20, LSWL16, DVC+19,
GTT17]. A study found that individuals who engage in higher levels of physical
activity tend to report lower levels of loneliness [BZSW+15]. In another study, a
higher level of dispositional loneliness was linked to a significantly shorter average
activity duration [FMG+20]. Feelings of detachment from others and painful
sentiments of isolation characterize dispositional loneliness [RPP+20]. Loneliness
was shown to correlate positively with the frequency of visits to significant places
[FMG+20]. Loneliness is inversely associated with activity duration [FMG+20].
A study with students found a significant negative relationship between loneliness
and indoor mobility, such as the time spent moving inside throughout the day.
Studies show that sedentary students are at a higher risk of feeling lonely. Another
study found that those who participate in activities for longer periods experience
less loneliness, regardless of the time of day or night [LSWL16]. Another study
found the same trend: increased overall physical activity and number of steps
throughout the day and night lead to reduced feelings of loneliness [DVC+19].

2.3.4.10 Conversation Activity

Three studies investigated how conversation and duration of conversations impact
levels of loneliness [BZSW+15, FMG+20, WCC+14]. Out of these, two studies
reported no significant relationship between conversation duration and loneliness
[BZSW+15, FMG+20]. While the other study found that college students who
had fewer social interactions are more prone to loneliness [WCC+14].

2.3.4.11 Sleep

Three studies examined the correlation between the duration of sleep and feelings
of loneliness, depression and stress [BZSW+15, WCC+14, GTT17]. A study found
that there was no correlation between sleep duration and loneliness, but there was
a negative relationship between sleep duration and daily stress [BZSW+15]. This
indicate that those who sleep enough tend to have lower levels of stress. A study
with students found that those who get less sleep are more prone to depression
[WCC+14]. Please note that this study didn’t explicitly analyze the relationship
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between sleep and loneliness. A study on older people revealed that those who
noticed themselves as socially isolated had more midday naps [GTT17].

2.3.4.12 Privacy Issues and Ethical Concerns

62% (23/38) of the studies did not discuss privacy or ethical issues and
did not specifically mention privacy concerns [SRRM+17, HTL17, HPBGP17,
DVC+19, MOEG17, ADR+16, GNH+17, PA16, LSWL16, VAAB+16, GTT17,
CRC+19, SMC+15, GLZ+16, BZSW+15, LAS+15, WBC+21, PTAK16, FMG+20,
WBC+21, RMP+23]. Five studies included details about ethical clearance
from the appropriate committees and participant consent [QGY18, PvHH+19,
WKL+14, WPB+21, JSW20]. Two studies reported that they stored user data
on a secure data server and used anonymized user IDs to protect users’ privacy
[WCC+14, BCC+21]. Furthermore, a study collected statistical data on smart-
phone use only to protect the anonymity of participants [YLH+14]. Another
study used a video camera installed in a smart home to monitor users’ activities.
They recorded video clips for only 5 seconds each time activity was detected at
the entrance [PAK+13].

2.4 Discussion

2.4.1 Comparison With Previous Work

Our scoping review contributes a new perspective to the existing literature on
passive sensing by being the first one to focus on detecting loneliness and so-
cial isolation using passive sensing methods. Previous reviews have thoroughly
discussed the use of passive sensing in monitoring different mental and physical
health conditions. Our study addresses a gap in the literature by specifically
examining loneliness and social isolation. This emphasis highlights the current
challenges and possible future directions in the area, especially the limitations
of current passive sensing techniques in reliably identifying these complex con-
ditions. Existing studies on loneliness detection using passive sensing still have
significant gaps. This thesis aims to contribute to filling some of these gaps.

2.4.2 Target Group Selection and Technology Choice

Selecting the target group is an important aspect for developing systems that
detect loneliness or social isolation. Our review found that the majority of stud-
ies primarily focused on younger age groups. This inclination may come from

Loneliness Detection
Using Technology

30 Malik Muhammad Qirtas



2. Loneliness and Social Isolation
Detection through Passive Sensing 2.4 Discussion

the practical convenience of having a younger group, especially from educational
institutions like colleges and universities, as opposed to the more complicated
challenge of including older people, which is often spread out throughout dif-
ferent community scenarios, which makes them harder to reach via traditional
channels. Existing studies support the observation that isolation tends to peak
during the transitional phase of late adolescence and again in the post-retirement
period, which highlights a distinct age-related pattern in social isolation and lone-
liness. Middle-aged individuals, particularly those who are jobless, are recognized
as another demographic with a higher vulnerability to loneliness. The varying
vulnerability at different life phases highlights the need for a precise selection of
detection technologies customized for each age group. Another important obser-
vation from this review is that the methods used for loneliness assessment are
different for different age groups. Younger people are primarily studied through
the lens of smartphone usage, which may be based on assumptions about their
higher engagement with digital devices and platforms. In contrast, studies fo-
cusing on older adults more frequently used ambient sensors for passive data
collection; this could be possibly due to the less use of smart devices by this pop-
ulation group, and usually, older people are more critical about privacy issues.
Many factors could contribute to the choice of using ambient sensors for older
people. Firstly, many older people aren’t comfortable with technology and find
the interfaces on smart devices too complicated to use. Additionally, individu-
als suffering from conditions like dementia could face other practical challenges
related to using such modern devices, such as remembering to carry, wear, or
charge these devices etc. The difference in technology acceptance and preference
for detecting loneliness between younger and older people highlights the need of
creating systems that are suitable for different age groups and easy to use. Devel-
opers may improve the effectiveness of loneliness detection systems by recognizing
and overcoming particular challenges encountered by older persons, therefore cus-
tomizing solutions to accommodate the different needs of individuals based on
the age group.

2.4.3 Privacy Issues

As we have seen, privacy concerns were one of the important aspects among
participants. While a few studies mentioned taking steps to ensure privacy, such
as obtaining participant consent for data collection and securing ethical clearance
but there is still a significant portion of studies that did not explicitly discuss
how privacy concerns were addressed. This oversight raises important questions
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about the overall acceptability of these detection methods to both participants
and the general public, as well as potential risks associated with data and privacy
breaches.

2.4.4 The Need for Personalized and Dynamic Loneliness
Detection

In most of the studies reviewed, researchers relied on generic and static machine
learning models that use all the available data to train a model for loneliness
detection. This approach does not effectively account for the nuanced and di-
verse ways in which loneliness manifests across individuals. This also lacks the
adaptability to capture the evolving nature of individual behaviours and the fluc-
tuating nature of loneliness itself. By relying on a single, generalized model
trained on the entire dataset, it may overlook subtle but crucial differences in
behavioural patterns between individuals or subgroups. For example, it may not
account for variations in phone usage patterns across different personality types
or social contexts which could lead to misclassification of individuals with unique
behaviours. Furthermore, generic models may struggle to capture the dynamic
nature of loneliness, which can fluctuate over time and be influenced by various
contextual factors. This is particularly relevant in the context of college students,
where daily routines, social interactions, and individual preferences vary. There is
a need for methods to recognize the heterogeneity within the population and then
develop personalized models for loneliness detection that can effectively capture
the unique ways in which loneliness is expressed, leading to improved detection
accuracy and, ultimately, more targeted and effective interventions.

2.4.5 Distinguishing Social and Emotional Loneliness

There are a number of studies in the psychology literature that have examined
types of loneliness, social and emotional loneliness [MVVdNG17, QM02, Zam08,
OKDE+22], but there is not any study that investigates these types through
passive sensing. While both types collectively contribute to the overall experi-
ence of loneliness, they have distinct facets with potentially unique behavioural
manifestations [QM02]. Investigating these nuanced aspects of loneliness is im-
portant for finding their unique behavioural manifestations and differences. This
can lead to improved precision of loneliness detection and more personalized in-
terventions that address the specific needs of individuals experiencing a specific
form of loneliness.
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2.4.6 The Loneliness-Depression Relationship

Loneliness and depression are interconnected conditions and often co-occur while
influencing each other in complex ways [SK13]. Studies have shown that loneliness
can lead to depression and vice versa, creating a vicious cycle that exacerbates
both conditions [CHT10, LWGB15]. All the reviewed studies in this scoping re-
view have exclusively focused on loneliness detection using passive sensing, while
there exists a separate body of literature that independently explores the use of
passive sensing for depression detection [NGT+20, JC20, DALW+22, MRS+22].
No studies, to our knowledge, have explicitly investigated the relationship be-
tween loneliness and depression through the lens of passive sensing data. This
highlights the need for studies that use passive sensing to explore the bidirectional
relationship between loneliness and depression to provide a more comprehensive
understanding of their interplay.

2.4.7 Energy Consumption and Validation Challenges

Energy consumption emerged as another critical concern. Continuous data col-
lection from various sensors can drain a smartphone’s battery quickly, which is
inconvenient for users and can interrupt data collection. However, only a few
studies mentioned this issue, either by planning to tackle it in the future or by
implementing strategies like lowering the sensors’ sampling rate when the battery
is low or selectively using sensors that consume less power.

The comprehensive validation of loneliness detection systems before their public
deployment is important to ensure that these systems are not only accepted by
targeted users but also trusted for their accuracy, reliability, and sensitivity to
privacy concerns. This validation process is critical as it provides key information
about the systems’ functionality and efficacy.

2.5 Conclusion

This chapter has highlighted several key gaps and challenges in the current re-
search on loneliness and social isolation detection using passive sensing. The rest
of this thesis aims to address some of the gaps discussed above, including per-
sonalized and dynamic loneliness detection, investigating social and emotional
loneliness using passive sensing, and exploring the loneliness and depression rela-
tionships through the lens of passive sensing.
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Chapter 3

Methodology

3.1 Smartphone Sensors for Passive Sensing

In today’s world, smartphones have become essential tools for everyday activ-
ities. Beyond their primary function as a communication device, smartphones
are equipped with several sensors. These sensors are a powerful tool for passive
data collection [EGH+14]. Passive sensing has a significant role in psychological
and behavioural research. It enables data collection in a realistic setting, which
can be used to obtain data about individuals’ real-world behaviours and feelings
[NA18]. Each sensor on a smartphone can capture different types of data, which
helps in getting unique information about user behaviour and their environment.
The following are the key sensors from smartphones that have been used in this
thesis.

1. Location (GPS): The GPS sensor provides precise geographical coordinates.
Location data can be important in understanding an individual’s mobility
patterns and social tendencies. Frequent time spent in isolated places or re-
duced mobility can indicate social withdrawal which is a common symptom
of loneliness [WN12].

2. Bluetooth: Bluetooth radio can detect the presence of other nearby
Bluetooth-enabled devices. Bluetooth can help to provide information
about social interactions and networks by capturing data on nearby de-
vices. It can indicate the frequency of an individual’s proximity to others
which can provide information about their social engagement levels. A de-
crease in detected devices might indicate reduced social engagement which
is again an important indicator of loneliness.
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3. WIFI: Similar to Bluetooth, WiFi radio detects WiFi networks and their
strength. WiFi connectivity patterns can be used to infer an individual’s
location within a certain area, like home or work, and their movement
patterns within these environments.

4. Calls/SMS Logs: These logs provide data on communication patterns, in-
cluding call duration, frequency, and messaging activities. Communication
logs are an important source of information for finding social interaction
patterns. Decreased frequency or changes in communication habits can
indicate changes in social behaviour, which could be linked to feelings of
loneliness or isolation.

5. Phone Usage: This involves tracking the usage patterns of smartphones.
Screen time data can provide information about daily routines, sleep pat-
terns, and potential over-reliance on digital devices for social interaction.

6. Conversation: This uses a microphone sensor on a smartphone to record the
start and end timestamps of conversation activity. Again it’s an important
indicator for social communications.

3.2 Fitness Bands and Wearable Technology

The popularity of fitness bands and wearable technology has revolutionized the
field of passive sensing in monitoring physical and mental health related indicators
[SQK21]. These devices are widely accessible and can provide continuous, real-
time data, which makes them important tool in behavioural research. Fitness
bands are equipped with several sensors that can track multiple aspects of physical
health which can provide important information about the user’s lifestyle, habits,
and even mental well-being [CH18]. Below are the fitness band sensors that have
been used in this thesis.

1. Physical Activity: Fitness bands typically include accelerometers and gy-
roscopes to measure movement and physical activity like step count. Low
daily physical activity can indicate some physical or mental health condition
[PDA05].

2. Sleep: Wearables use a combination of movement detection and heart rate
monitoring to track sleep patterns, including duration and quality. Sleep
is a critical component of overall health and well-being. Monitoring sleep
patterns can give us data about disturbances or irregularities that are often
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associated with various psychological conditions, including stress, anxiety,
and loneliness [AB13]. Consistent sleep disturbances or significant vari-
ations in sleep patterns could be indicative of underlying mental health
issues.

3.3 Datasets

This thesis mainly used two existing datasets collected through smartphones and
fitness band sensors. These datasets were selected based on their availability and
their relevance to addressing the key research questions. The StudentLife dataset
was chosen for the initial studies because it was the only available dataset at
the time that provided the necessary passive sensing and survey data related to
mental health. It also has been used in existing literature as reviewed in Chapter
2. Later, the GLOBEM dataset became available, which provided more recent
data and a larger participant population, making it well-suited for investigating
subsequent research questions.

3.3.1 StudentLife Dataset

The StudentLife dataset is a collection of data that was passively collected from
undergraduate and graduate students at Dartmouth College in 2013 [WCC+14].
It provides data about students’ daily behaviours and mental health using differ-
ent smartphone sensors, multiple clinical scales, and different ecological momen-
tary assessment (EMA) responses. The dataset collection study received ethical
approval from Dartmouth College’s Institutional Review Board.

We used the first dataset from the StudentLife study, which had 48 students.
The dataset was collected over the period of 10 weeks during the spring semester.
From the comprehensive dataset, we selected a subset of sensors based on their
relevance to loneliness detection as identified in existing literature [DVC+19].
These sensors include activity, location, call and SMS logs, Bluetooth, WIFI,
conversation and phone usage data.

For loneliness measurement, this dataset has used the University of California
Los Angeles (UCLA) scale [RPC80]. It is a 20-item questionnaire that provides
the ground truth for loneliness levels by generating a continuous score that re-
flects participants’ self-reported loneliness. While passive sensing data provides
objective information about behavioural patterns, clinical scales like the UCLA
Loneliness Scale provide the real ground truth data required to label the be-
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havioural features to train and validate machine learning models as we discussed
in detail in Chapter 1. The UCLA scale includes both positive and negative
items, with the total scores ranging from 20 to 80. Positive items ask about
feelings of connection or belonging, while negative items focus on feelings of iso-
lation or disconnection. For example, a positive item is "I feel like I am part of
a group of friends," while a negative item is "I feel left out". Participants rate
how often they experience each feeling which leads to a cumulative overall score
of loneliness experience. We used the threshold of 43 as the cutoff for loneli-
ness, based on prior studies [DVC+19, CP08]. Participants scoring above this
threshold are considered to experience significant loneliness. Within the dataset,
loneliness scores varied widely among participants, ranging from as low as 25 to
as high as 64 with 12 out of 41 students falling into high loneliness category. This
scale was administered at two stages: pre and post-study. Table 3.1 presents the
demographic and other related information for StudentLife dataset.

Table 3.1: Study Information and Participant Demographics for StudentLife
Dataset

Category Data

Participants Total: 48
Undergraduate: 30
Graduate: 18

Class Year Seniors: 8, Juniors: 14, Sophomores: 6, Freshmen: 2
Ph.D.: 3, Masters (2nd year): 1, Masters (1st year): 13

Gender Female: 10, Male: 38
Ethnicity Caucasian: 23, Asian: 23, African-American: 2
Ground Truth Pre-study: 20-item UCLA scale, Post-study: 20-item UCLA scale
Sensor Data Activity, Location, Call , SMS Logs

Phone Usage, Conversation, Bluetooth, WIFI

3.3.2 GLOBEM Dataset

The GLOBEM dataset is a collection of passively collected data from undergrad-
uate students over a period of 10 weeks at the University of Washington during
the spring semester of 2019 [XZS+22]. This 10 week period from March to June
was specifically chosen to assess any potential semester effects on the students
behaviours. A total of 218 undergraduate students, with a majority being female,
participated in this study. These students were recruited through email and social
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media invitations, and detailed demographic information about the participants
is provided in Table 3.2.

Table 3.2: GLOBEM Dataset Participant Demographics. Gender acronyms: F:
Female, M: Male, NB: Non-binary. Racial acronyms: A: Asian, B: Black or
African American, H: Hispanic, N: American Indian/Alaska Native, PI: Pacific
Islander, W: White, NA: Did not report. The & symbol denotes participants who
identified with multiple races.

Category Data

Participants Total: 218
Gender: F 111, M 107
Ethnicity: A 102, B 6, H 10, N 2, PI 1, W 70,
A&B 1, A&W 16, H&W 2, B&W 2,
A&H&W 1, B&H&W 1, H&N&W 1, NA 3

Ground Truth Pre-study 10-items UCLA scale
Post-study 10-items UCLA scale

Sensor Data Bluetooth, WIFI, Call Logs
Location, Phone Usage, Physical Activity, Sleep

The study used a smartphone app developed using AWARE framework for data
collection that was designed to run continuously in the background and collect
data without needing any engagement from the users. The data collection fre-
quency is different for different sensors and details can be seen on the AWARE
official site here [Fra24]. A Fitbit device was used to collect data on the sleep
patterns and physical activity of the participants. The dataset includes nearby
logs of Bluetooth and WIFI devices encountered, location, phone usage, calls,
physical activity, and sleep data.

The University of Washington’s Institutional Review Board (IRB) granted ethical
approval for this data collection. All participants in the study provided informed
consent. Any information which could directly identify participants was restricted
to the core data team and data has been removed for any participant who chose
to withdraw from the study.

Loneliness levels among the participants were assessed using the revised 10-item
UCLA loneliness scale [KCMG88]. This scale required participants to rate their
feelings of loneliness on a scale from 1 ('never') to 4 ('always'), with reverse
scoring applied to five of the items. The scores from these items were then
aggregated which gives a total score range between 10 and 40, where higher
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scores indicate greater feelings of loneliness. This scale was used pre- and post-
study. Since the revised 10-item UCLA scale is less commonly applied in existing
studies on loneliness detection, there is no widely established standard cutoff
score in the literature. After reviewing the distribution of scores and considering
the characteristics of the scale, we selected a cutoff score of 20. This threshold
was chosen to align with the mid-point of the scale, where scores of 20 and above
would indicate moderate to high loneliness based on the participants’ self-reported
experiences. 113 out of 218 students fall into the lonely category.

3.4 Behavioural Features Extraction

The main goal of feature extraction in the context of loneliness detection using
passive sensing data is to transform raw sensor data into a meaningful set of fea-
tures that could be used for further analysis and for training models. We extracted
behavioural features using the Reproducible Analysis Pipeline for Data Streams
(RAPIDS) [VLA+20]. It is a framework that has been developed specifically for
extracting digital behavioural features through passively collected datasets. A de-
tailed overview of these features is provided in RAPIDS documentation [VLA+20].
For a summarized form of the extracted features, please refer to Table 3.3. A sam-
ple of the feature matrix schema is provided in Fig.3.1. Each row in the matrix
represents a daily data sample for a participant, identified by a unique 'pid' (Par-
ticipant ID) and date. The columns represent various features extracted from dif-
ferent sensors. Since people engage in different activities throughout the day, the
features were extracted for different time epochs (morning, day, evening, night)
alongside the day-level (24-hour) features. Sleep related features were extracted
over the entire sleep period rather than divided into epochs.

pid date f_wifi:phone_wifi 
_connected 

_rapids_uniquedevices 
_dis:morning 

… f_call:phone_calls_ 
rapids_incoming_ 

meanduration: 
allday 

… f_slp:fitbit_sleep_summary 
_rapids_sumdurationasleepmain 

… f_steps:fitbit_steps 
_summary_rapids_ 
maxsumsteps:allday 

… 

1 21/03/2019 3 … 15 … 1369 … 24530 … 

2 22/03/2019 1 … 23 … 1123 … 845 … 

… … … … … … … … … … 

20 21/03/2019 6 … 130 … 954 … 1139 … 

… … … … … … … … … … 

 

Figure 3.1: The sample schema of the feature matrix (each column is a feature
and each row is a daily sample per participant)
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Table 3.3: Summary of Sensor-Derived Features; StudentLife (SL), GLOBEM
(GB)

Category Derived Sensed-behaviours
Bluetooth (SL, GB) Number of scans, unique devices, mean and standard de-

viation of scans per device, most and least frequent de-
vice scans within segments, across segments, and across
the entire dataset.

Wi-Fi (SL, GB) Number of scans, unique devices, and scans of the most
connected device measured over different time segments

Location (SL, GB) Total distance traveled, radius of gyration, maximum di-
ameter, maximum distance from home, significant loca-
tions visited, distance lengths and durations (mean and
standard deviation), Shannon entropy, circadian rou-
tine, location variance

Phone Usage (SL, GB) Total, longest, shortest, average, and standard deviation
of unlock duration, number of unlock episodes, time un-
til first unlock

Call (SL, GB) Number of calls, distinct contacts, mean, sum, mini-
mum, maximum, standard deviation, mode, and entropy
of call durations, time of first and last call, calls with the
most frequent contact.

Physical Activity (SL, GB) Maximum, minimum, average, median, and standard
deviation of daily steps, total steps, number, and du-
ration (total, max, min, average, standard deviation) of
sedentary and active bouts.

SMS (SL) Total number of messages, number of unique contacts,
time of first and last message, number of messages from
the most frequent contact.

Conversation (SL) Total, maximum, minimum, and average duration of
conversations; standard deviation of conversation dura-
tion; time of first and last conversation

Sleep (GB) Number, total, longest, shortest, average, median, and
standard deviation of awake/asleep episodes (main, nap,
all), first and last wake/bedtimes, sleep efficiency, total
and average duration to fall asleep, asleep, awake, in
bed, and after wakeup for each sleep type.

3.4.1 Location Features

Location features extracted from smartphones provide information about partic-
ipants’ movement patterns and social behaviours, which are important indicators
in loneliness detection. These features are derived from GPS data and processed
to understand how participants interact with their environments. Below are some
of the key features.
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• Total Distance and Speed: This computes the total distance travelled
by a participant within a specific epoch. Additionally, it calculates the
average speed during periods labeled as 'Moving', as well as the variance in
speed, to understand the variability in their movement.

• Significant Places and Transitions: The number of significant (unique)
places visited gives an insight into the participants’ social habits. It iden-
tifies these locations using clustering algorithms and tracks the number of
transitions between these places to capture social mobility.

• Predictability About Locations: These are features about location en-
tropy. This uses the Shannon Entropy (measures uncertainty or randomness
in data) to measure the predictability of participants’ location patterns.
Higher location entropy indicates more varied and less predictable move-
ments, while lower entropy means more consistent routine and predictable
location behaviours.

3.4.2 Phone Usage Features

Phone usage features extracted from passive sensing data provide data on how
individuals interact with their smartphones. These features are critical for lone-
liness detection as they can provide information about social connectivity, mood
fluctuations, and overall mental well-being. For example, frequent phone usage
might indicate a search for social interaction, while irregular usage patterns could
reflect emotional distress or social withdrawal [LTC14, GLZ+16]. By analyzing
these features, we can better understand the relationship between phone usage
behaviours and feelings of loneliness. Below are some key features.

• Total Duration of Use: This sums up the total minutes spent during all
phone unlock episodes in an epoch. A 'phone unlock episode' means any
instance when a user activates their phone screen from a locked state. This
total duration helps us understand the overall time a user engages with
their phone.

• Unlock Episode Duration: This looks at the longest and shortest du-
ration of phone use in any single unlock episode. This also calculates the
average duration across all episodes. These metrics provide a sense of how
users interact with their phones; whether they have prolonged periods of
use or just brief checks.

• Variability in Usage: The standard deviation of the duration of all un-
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lock episodes indicates the consistency of phone use. High variability may
indicate irregular usage patterns which could be associated with changes in
mood or social activity.

• Frequency of Use: By counting the number of unlock episodes, this mea-
sures how frequently the user interacts with their phone. Frequent unlock-
ing could mean a search for social connections or a response to received
notifications.

3.4.3 Conversation Features

Conversation features are extracted through the passive data collected through
the microphone of an individual’s smartphone. It provides the start and end
timestamps of each verbal communication activity. These features can provide
important information about social engagement and verbal communication pat-
terns. Below are some key features.

• Conversation Duration and Frequency: This calculates the total du-
ration of conversations, the longest, shortest and average durations.

• Conversation Timing: This calculates the times of the first and last
conversations in a day that can indicate a person’s daily communication
rhythms.

3.4.4 Physical Activity/Steps Count Features

Physical activity and step count features provide information about an individ-
ual’s physical activity levels, which is an important indicator of overall well-being.
These features are particularly relevant for loneliness detection as variations in
physical activity can reflect changes in mood, social interactions, and daily rou-
tines [Mor13]. Below are some key features.

• Sum/Avg Duration: Measures the total/Avg time spent in each activity
state (active, sedentary) within a time segment.

• Range of Steps: It extracts the highest and lowest number of steps taken
by an individual within a time segment.

• Average Daily Steps: It calculates the average number of steps taken
each day during a time segment which provides a baseline measure of an
individual’s general activity level.
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• Median Daily Steps: It calculates the median step count, which can be
less affected by outliers in the data and may offer a more representative
value of typical daily activity.

• Variability in Daily Steps: It measures the standard deviation of the
daily step count throughout a time segment to understand the consistency
of physical activity. A higher standard deviation can indicate significant
variations in daily activity which could be linked to changes in routine or
social patterns.

3.4.5 Call Log Features

Call log features extracted from smartphones provide important information
about an individual’s social interactions and communication patterns. These fea-
tures are important for loneliness detection as they can tell about the frequency,
diversity, and nature of social connections. Frequent and diverse communication
may indicate strong social ties, while irregular or limited call patterns could in-
dicate social isolation or emotional distress [TR21]. A low frequency of calls and
limited contact diversity can indicate a smaller or less active social network which
is an important indicator of loneliness [SHC+21]. Below are some key features.

• Call Frequency and Contact Diversity: Metrics include the total num-
ber of incoming and outgoing calls in an epoch and the count of unique
contacts.

• Call Duration: It calculates the average, total, shortest, longest, and the
range of call durations. The mode and entropy are also computed to find
the regularity and diversity in call durations.

• Missed Call Patterns: Different features related to missed calls like look-
ing at how often they occur, the variety of contacts that calls are missed
from, and the timing of these missed calls.

3.4.6 Messages/SMS Log Features

Similar to call log features, messages are also an important element in finding an
individual’s social engagement, communication patterns, and potential signs of
social withdrawal. However, it is important to note that the use of traditional
SMS messaging has reduced significantly in recent years due to the more com-
mon usage of messaging apps like WhatsApp. But still in the context of the
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StudentLife dataset (collected in 2014), SMS data remains a relevant indicator of
social interaction. Below are some of the key features.

• Message frequency and contact diversity: This Includes the total
number of text messages sent and received, as well as the count of unique
contacts involved in the messaging per each time segment. These figures
are important indicators of the level of social engagement of an individual’s
social network.

• Message timing: By recording when the first and last messages are sent
each day and during specific periods, can provide a person’s daily commu-
nication habits.

3.4.7 Connectivity features: Bluetooth and WiFi

Bluetooth and WiFi connectivity features can provide data about an individual’s
social environment and potential interactions. These features include the fre-
quency of device encounters, the diversity of connections, and the persistence of
interactions with specific devices or networks. Analyzing these features can help
researchers identify patterns that may correlate with loneliness. For example, a
decrease in the number of unique Bluetooth devices encountered or a decline in
WiFi scans could indicate reduced social interaction or maybe a person is spend-
ing time somewhere alone [BNW+18]. Similarly, the persistence of interactions
with specific devices might reveal the strength and regularity of social ties.

• Bluetooth or WiFi Scans: The count of scans represents the total num-
ber of times Bluetooth devices or WiFi access points are detected during
a specific time segment. A higher number of scans may indicate more fre-
quent detection of nearby devices that may show being present in a socially
active environment. However, it is important to interpret these findings cau-
tiously, as decreased scans could also be due to other factors which could
be unrelated to social interaction, such as device settings or surroundings
conditions.

• Unique Device Count: For both Bluetooth and WiFi, the number of
unique devices or access points sensed in a given time segment is recorded
which is find through MAC addresses. This metric could tell the diver-
sity of potential interactions and suggests the individual’s movement across
different social settings.

• Mean and Standard Deviation of Scans: By calculating the mean and
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standard deviation of scans for sensed devices can help in understanding
the regularity and consistency of interactions.

3.4.8 Sleep Features

Sleep patterns are important factors to determine overall health and well-being.
Disturbances and rregularities in sleep patterns are often associated with various
psychological conditions, including loneliness [ML16, GWR+20]. Sleep features
are computed for a single epoch, which is per day. Below are some key features
related to sleep:

• Sleep timing and duration: The times when individuals first wake up
and their last bedtimes are tracked to find their sleep schedules. Similarly,
the total time spent while sleeping is recorded as sleep duration.

• Sleep efficiency: This is measured by the ratio of the actual time spent
asleep compared to the total time spent in bed. A higher ratio means
better sleep quality, as it means a greater proportion of time in bed is spent
sleeping.

• Time in bed: This includes both sleeping and awake time while in bed.

3.5 Data Cleaning

Data cleaning is an important step for performing a meaningful analysis. This
involved applying different operations to the data to improve its quality and
reliability before using this data for machine learning model training.

• Participants Selection: For our analysis, we included only those students
who had completed the post-study loneliness survey. It was to ensure that
our analysis was based on a comprehensive and reliable measure of each
participant’s perceived loneliness at the end of the study period. This ap-
proach resulted in a final sample of 41 students out of 48 for the StudentLife
dataset and 205 out of 218 for the GLOBEM dataset. Our rationale was
based on the idea that post study measures more accurately reflect the stu-
dent’s actual feelings of loneliness during the semester. We considered that
these feelings might be influenced by academic pressures, such as exams
or project deadlines, as well as the overall social relationships of students
throughout the semester. This makes post-study loneliness measures a more
valid representation of the student’s mental state throughout the academic
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term. While this approach provides an end of study assessment, we acknowl-
edge that it may not capture fluctuations in loneliness levels throughout the
study period.

• Outlier Removal: It is important to identify and remove outliers from the
numerical features in the data since they can influence on different analyzes
and model training. We used the Interquartile Range (IQR) method for
this due to its suitability for sensor data, which often contains non-normally
distributed values and sometimes extreme readings. We performed outlier
removal separately per student data since sensor data can vary significantly
between individuals. We chose the commonly used 1.5 * IQR threshold as it
has a balance between removing extreme values that could skew analysis and
retaining potentially meaningful variations in the data. The IQR method
works as follows:

– Calculate Q1 (25th percentile) and Q3 (75th percentile) for each fea-
ture

– Compute IQR = Q3 - Q1

– Define outliers as any data points falling outside the range [Q1 - 1.5 *
IQR, Q3 + 1.5 * IQR]

• Feature Filtering: We applied a feature filtering step to reduce noise in
data. First, we excluded features with zero variance. These are the features
which provide no discriminative power for our models. As features with
constant values across all samples do not contribute to the model’s learning
process and can potentially introduce unnecessary complexity. Then we
removed features with more than 30% missing data as this is a common
threshold in passive sensing based studies. This threshold was chosen as a
balance between retaining potentially valuable information and ensuring the
reliability of our features. High levels of missing data can lead to biased or
unreliable models, and missing imputation techniques become less reliable
with excessive missing values. We also assessed multicollinearity among the
features using Variance Inflation Factors (VIFs) and subsequently removed
any features with a VIF exceeding 5 as this threshold indicates a high level
of multicollinearity that could compromise model stability and reliability. In
cases where multiple features were highly correlated, we retained the feature
with the highest predictive power based on preliminary model testing. We
applied these filtering criteria to the training set only and then used the
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resulting feature set for both training and test sets.

• Missing Value Imputation: After filtering out features with excessive miss-
ing data, we addressed the remaining missing values in our dataset. We
used the median for numerical features to impute missing values and the
mode for the categorical features. We applied this in train sets and used the
median and mode derived from train set to impute into validation and test
sets. While other approaches could also be considered like ffill and bfill but
sensor data often has variability and irregular patterns, which makes these
methods less suitable due to their potential to introduce bias from preceding
or succeeding values. That’s why using the median and mode was a more
generalized approach since it maintains dataset integrity and stability for
models and also reduces the risk of overfitting to specific temporal patterns.

3.6 Models Training and Evaluation

Throughout this thesis, we have performed different statistical analyses and
trained different machine learning models for loneliness detection in different con-
texts and research questions. Here, we will present the generic approach of the
trained models, while specific details will be presented in each chapter. We used
UCLA response thresholds as we discussed above to divide loneliness into 2 cat-
egories for binary classification problem (lonely/not lonely). We used these class
categories to label our data. We chose binary classification due to the relatively
small size of the datasets and the limited 10-week period of data collection. Since
loneliness levels change very slowly, categorizing it into multiple levels or treat-
ing it as a continuous variable would have been challenging with the limited data
available. We mainly use logistic regression, k-nearest neighbours (KNN), support
vector machine, random forest, and XGBoost algorithms for this classification.

We chose these ML algorithms because they are widely used in supervised clas-
sification, easy to train, and interpretable [GCRN+18]. Moreover, these ML al-
gorithms have also been used in previous studies that we discussed in Chapter 2.
We used the mutual information (MI) method with cross-validation to select op-
timal features for our models. Mutual information measures how much a feature
tells us about the target variable. Higher MI scores indicate more informative
features. It works by first ranking features in descending order based on their
MI scores and then calculating the cumulative sum of these scores. Features are
then selected until their cumulative MI reaches a 95% threshold of the total MI.
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This approach helps to ensure that the selected features collectively explain a
substantial portion of the variance in loneliness while avoiding redundancy and
potential overfitting.

To handle biases in the model due to class imbalance (lonely/not lonely), we
used the synthetic minority oversampling method (SMOTE) [CBHK02]. We im-
plemented SMOTE for each fold of cross-validation on the training data. This
method creates synthetic examples of the minority class without discarding ex-
isting data or introducing excessive duplication. It leads to a more balanced
training set for our classification models. This approach helps the model to get
trained equally for both classes and reduce the bias toward the majority class
to improve the overall performance of the classification models [EA19]. For hy-
perparameter optimization, we used grid search to select the best parameters.
It works by defining a range of hyperparameter values for each model. These
ranges were decided based on pilot runs. Then, this systematically tests model
performance for each combination of hyperparameters. Finally, it selects the
combination that provided the best cross-validated performance. We used both
nested cross-validation for hyperparameter tuning and k-fold cross-validation for
performance assessment, depending on the specific requirements of each chapter.
Detailed explanations of the cross-validation procedures used in each chapter are
provided in their respective methodology sections. The performance metrics used
for evaluation included accuracy, precision, sensitivity, and F1 Score.

1. Accuracy: Provides an overall evaluation of the model’s ability to correctly
classify students as 'lonely' or 'not lonely'. It is calculated as the proportion
of correct predictions (true positives and true negatives) out of the total
number of cases examined.

Accuracy = TP + TN

TP + TN + FP + FN
(3.1)

where TP is True Positives, TN is True Negatives, FP is False Positives,
and FN is False Negatives.

2. Precision: This metric focuses on the model’s accuracy in identifying in-
dividuals who are truly lonely. It is the proportion of correctly identified
lonely individuals (true positives) among all those classified as 'lonely'. High
precision is important in loneliness detection to minimize false alarms.
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Precision = TP

TP + FP
(3.2)

3. Sensitivity (Recall): This metric measures the model’s ability to identify all
truly lonely individuals within the dataset. It is the proportion of correctly
identified lonely individuals (true positives) out of all actual lonely individ-
uals. High sensitivity is crucial in ensuring that no lonely individuals are
missed, as overlooking them could result in a lack of timely support and
intervention.

Sensitivity has greater relevance than specificity in the context of loneli-
ness detection as the primary goal is to identify individuals experiencing
loneliness correctly. Missing a lonely individual (false negative) can have
significant implications which makes it crucial that the model captures as
many true positives as possible. Therefore, we focused on reporting sensi-
tivity along with precision and accuracy to provide a balanced view of the
model’s performance in identifying lonely individuals. Specificity, on the
other hand, measures the model’s ability to correctly identify those who
are not lonely (true negatives). While it is important to minimize false
positives, specificity is less critical in this context, where the priority is on
avoiding missed cases of loneliness.

Sensitivity = TP

TP + FN
(3.3)

4. F1 Score: This provides a balanced evaluation of the model by considering
both precision and sensitivity as it provides the harmonic mean of both
metrics. It shows the model’s ability to accurately detect loneliness while
minimizing both false positives and false negatives.

F1 Score = 2 × Precision × Sensitivity
Precision + Sensitivity (3.4)
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Chapter 4

Personalizing Loneliness
Detection Through Behavioural
Grouping of Passive Sensing
Data From College Students

4.1 Overview

As we discussed in Chapter 1, loneliness is a serious global issue specifically
among younger population. While Chapter 2 highlighted the potential of passive
sensing for loneliness detection in the existing literature but traditional one-size-
fits-all approaches may overlook the diverse ways loneliness manifests in student
populations. Current passive sensing-based methods for detecting loneliness use
generalized models trained with all available data at once. In this method, the
model learns broader patterns that are common among observations, which are
then used for loneliness detection. Loneliness is a subjective experience, and its
behavioural manifestations can vary among individuals based on their personality
type and social contexts. Generalized models may overlook these subtle variations
by focusing on broader patterns that are common across the entire population.
However, by identifying subgroups of individuals with similar behavioural pat-
terns, we can develop more targeted and personalized models that better reflect
the unique ways loneliness is expressed in different groups.

We hypothesize that by identifying and analyzing subgroups of college students
with similar behavioural patterns, we can capture more nuanced and specific
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behaviours related to loneliness that generalized models trained on the entire
student population may overlook. Moreover, it is also important to analyze group
dynamics over time to monitor changes and track the evolution of groups over
time. This helps in identifying behavioural patterns and trends that are not
apparent through traditional methods.

This chapter presents an empirical evaluation of the effectiveness of group-based
loneliness classification models in college students using passive sensing. We
used incremental clustering to identify groups of students with similar behaviours
and to monitor changes in these groups over time. Subsequently, we developed
tailored loneliness classification models for each group to compare group-based
models with generalized models. In addition, this chapter also provides group-
specific behavioural patterns within students. While clustering approaches have
been utilized in various fields of studies [XNG14, HMY22], their application to
the understanding and classification of loneliness, particularly in the context of
college students with passive sensing data is limited. All existing research on
loneliness detection using passive sensing is based on generalized machine learn-
ing models for all available data that does not consider inter-subject differences
or behavioural variations across groups. Moreover, existing studies have not an-
alyzed the behavioural shifts of students in relation to loneliness during a study
period. Our approach could lead to the development of more targeted and per-
sonalized interventions that consider the unique behaviours and experiences of
different student subgroups. The key research questions we have explored in this
chapter are:

1. Can clustering methods identify distinct behavioural groups among college
students using passive sensing data, and how do these groups evolve over
time?

2. How effective are group-based loneliness classification models compared to
generalized models among college students using passive sensing data?

4.2 Methodology

4.2.1 Finding Behavioural Groups from Student Data

This study used the StudentLife dataset. We have mainly used an incremental
clustering approach to capture the dynamic nature of student behaviours. Un-
like traditional clustering methods, incremental clustering can process data as it
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arrives which allows for the identification of evolving behavioural patterns and
timely updates to the clustering model. Since students’ behaviours can vary over
time due to academic pressures, social interactions, and personal circumstances,
incremental clustering makes sense and can reflect real-time changes in student
behaviour. To establish a baseline for comparison and to evaluate the clustering
results’ stability, we used multiple clustering algorithms to gain a broader un-
derstanding of the grouping in the dataset. We used weekly aggregated data as
input for clustering methods.

K-means is a classic partitioning algorithm that identifies clusters with well-
defined centroids. [SY20]. It is commonly used in behavioural analysis due to
its simplicity and scalability. OPTICS is a density-based method used in han-
dling datasets with varying densities [ABKS99]. PAM is similar to K-means
that finds representative data points (medoids) as cluster centers, which helps in
adding potential robustness against outliers often present in behavioural datasets
[VdLPB03]. IDBSCAN is also a density-based algorithm with an incremental
version of the usual DBSCAN, and it works in identifying clusters of varying
densities incrementally and handling noise within the data [EKS+98]. This selec-
tion of both partitioning (K-means and PAM) and density-based (OPTICS and
IDBSCAN) algorithms was to capture the diverse nature of student behavioral
patterns. K-means and PAM are effective when clusters are well-separated and
spherical which may align with potential distinct groups of students based on
factors like academic performance or social engagement. However, recognizing
that student behaviours may not always fit into such categories, OPTICS and
IDBSCAN can provide the flexibility to identify clusters with varying densities
and shapes which might be overlooked by traditional methods.

Before applying the clustering techniques, we first normalized the weekly data
using min-max scaling to ensure all features were on the same scale. Then, we
applied Principal Component Analysis (PCA) to reduce the dimensionality of
the data [JC16]. PCA combines the original variables (behavioural features)
into a smaller set of new variables called principal components. These principal
components are like condensed summaries of the original data that capture the
most significant variations in the behavioural patterns while using fewer dimen-
sions. We determined the optimal number of principal components through the
explained variance threshold, scree plot analysis, and empirical experimentation
to evaluate how the number of components affects clustering quality results.
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4.2.1.1 Determining the Optimal Number of Clusters

For K-means and PAM algorithms, we must define the number of potential clus-
ters beforehand. We used the elbow method to make this selection [JN13]. This
method works by iteratively fitting the clustering model with different numbers
of clusters (K values). For each K, a measure of clustering quality (within-cluster
sum of squared errors) is calculated. By plotting these quality scores against
the corresponding K values, the elbow point on the graph shows the K value
beyond which adding more clusters does not significantly impact. The goal is to
achieve a compact and well-separated clustering solution without unnecessarily
complicating the model. We initially determined the optimal number of clusters
using Week 1 data and then re-evaluated this on Week 5 based on cluster quality
results to ensure the clusters remain relevant as more data accumulates.

4.2.1.2 Evaluating Cluster Quality

We used two evaluation metrics to assess the quality of clusters: the Silhouette
score [RS+22] and the Xie-Beni Index [XB91]. The Silhouette score evaluates
the consistency of clusters. It measures how well each data point fits within its
assigned cluster compared to its similarity to points in neighbouring clusters. It
provides a value between -1 and 1, where a high value shows that the object is well
matched to its own cluster and poorly matched to neighbouring clusters. This
score validates the consistency within clusters and the differentiation between
them which tells whether the data points have been grouped into meaningful
clusters or not. The Silhouette score is particularly useful for confirming the
appropriateness of the number of clusters chosen and it ensures that each cluster
represents a distinct group with similarities.

The Xie-Beni index provides a combined assessment of cluster compactness and
separation. Compactness means how closely data points are grouped within a
cluster, while separation measures the distance between distinct clusters. A lower
Xie-Beni Index means a better clustering structure with tight and well-separated
clusters. This index is useful for confirming that the clusters are distinct and
do not overlap significantly. We calculated these scores weekly to continuously
assess clusters quality.

4.2.1.3 IDBSCAN Algorithm

After evaluating the clustering results produced by different algorithms in Fig-
ure 4.1a and Figure 4.1b, we selected IDBSCAN for further analysis. It is an

Loneliness Detection
Using Technology

53 Malik Muhammad Qirtas



4. Personalizing Loneliness
Detection 4.2 Methodology

incremental variation of the density-based DBSCAN algorithm that identifies
clusters based on the density of data points in a region. This makes it suitable
for discovering clusters of arbitrary shapes and handling outliers, unlike tradi-
tional distance-based methods like k-means [XT15]. It is designed to adapt to
evolving data distributions. This aspect of the algorithm helps to update and
refine cluster assignments as new data becomes available without retraining the
whole model with all the data available. This incremental approach aligns with
the evolving nature of student behaviours captured through passive sensing data
which provides a more accurate and up-to-date reflection of students’ loneliness-
related behavioural patterns. Upon the arrival of new data, the algorithm calcu-
lates the mean distance between each new item and the core objects of existing
clusters. If a new data item is within the specified radius (eps) of any cluster core
and the number of points in the cluster satisfies the minimum required threshold
(minPts), the item is added directly to the nearest cluster. Otherwise, if the item
does not meet these criteria, it is initially marked as an outlier. Outliers that
accumulate to meet the minPts threshold can subsequently form new clusters.

To find the optimal values for the eps (distance threshold) and minPts (minimum
points) parameters, we used a two step approach. First, we conducted pilot runs
with different combinations of eps and minPts values to assess cluster quality
using the Silhouette score and Xie-Beni index. These initial experiments helped
us to identify suitable ranges for both parameters. Then we used GridSearchCV
with cross-validation to find the best values through the ranges identified. This
involved systematically testing various combinations of eps and minPts values
found through pilot runs and evaluating their performance for cluster quality.
The combination that resulted in the highest average silhouette score across the
cross-validation folds was then selected as the optimal parameter.

4.2.2 Loneliness Detection for each Group

After identifying behavioural subgroups through weekly incremental clustering,
we implemented a personalized approach to loneliness detection. This personal-
ized approach acknowledges that the relationship between behavioural patterns
and loneliness may vary across different student subgroups. We trained four
binary classifiers for each subgroup; logistic regression, random forest, support
vector machines (SVMs), and XGBoost. To evaluate and select the best model for
each group, we used 10-fold stratified nested cross-validation with a 3-fold inner
loop for hyperparameters tuning. It is important to note that leave-one-subject-
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out cross-validation (LOSO) was not applied in this chapter. LOSO excludes one
participant at a time for model testing which provides a more robust evaluation of
model generalizability. Due to the small size of the dataset and the group-based
approach used in this chapter, applying LOSO would have been challenging, as re-
moving one participant from small groups could lead to overly sparse training sets
and impact model stability. That is why, we relied on standard cross-validation
for evaluating model performance.

We handled missing values, feature scaling, feature selection, applied SMOTE to
address class imbalance in the inner fold of the cross-validation. We applied the
same scaling parameters, imputation values and selected features derived from
the training set to the corresponding validation and test sets. We selected the
best model in the inner loop using F1-macro. The final performance metrics used
for evaluation included accuracy, precision, sensitivity, and F1 Score.

4.2.3 Loneliness Detection using all Students Data

To evaluate the effectiveness of our personalized, group-based approach, we com-
pared its performance to generic models trained on the combined dataset without
any grouping. For the generic models, we used the same classification algorithms
as in the group-based approach: logistic regression, random forest, support vector
machines (SVMs), and XGBoost. We again used the same nested cross-validation
and other steps with 10 outer folds and 3 inner folds for hyperparameter tuning
and model selection. The final performance metrics used for evaluating both the
generic and group-based models included accuracy, precision, sensitivity, and F1
Score.

4.3 Results

4.3.1 Evaluating Cluster Quality

To assess the effectiveness of each clustering algorithm, we evaluated cluster qual-
ity using the Silhouette score and the Xie-Beni Index. Figure 4.1a shows the
Silhouette scores for each of the algorithms used in a boxplot form. Based on
the results, IDBSCAN has the highest Silhouette score which shows that data
is properly combined in groups for this algorithm and that the inter-cluster and
intra-cluster distances are excellent for those groups. Similarly, Figure 4.1b shows
the Xie-Beni Index scores for different algorithms in which IDBSCAN has the low-
est score, which means clustering results are better for IDBSCAN as compared to
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other methods in terms of compactness and separation of the clusters. The idea
behind the Xie-Beni Index is to minimize the distance between points within a
cluster while maximizing the distance between different clusters. OPTICS and
PAM also showed reasonable results which indicates a some degree of cluster
structure. IDBSCAN’s and OPTICS ability to find clusters of arbitrary shapes
and their adaptability to varying densities within the data likely contributed to
their superior performance.
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Figure 4.1: Clustering Algorithms Comparison

4.3.2 Temporal Evolution of Student Groups and Be-
havioural Profiles

To examine the dynamic nature of student behaviours over the 10-week period,
we applied the clustering in an incremental way. Data from each subsequent
week was integrated into the existing model. The aim was to track behavioural
changes and the evolution of groups throughout the study period of 10 weeks.
To monitor changes in students’ group memberships over time, each student was
assigned to the cluster where the majority of their weekly data points belonged
for that specific week. This means that students are not fixed in one group for
the entire study but can move between groups over time that reflects shifts in
their behavioural patterns. By the end of Week 10, it is possible for a student’s
data points to belong to multiple groups across different weeks. The purpose of
these weekly group assignments is to provide a more dynamic understanding of
how behavioural patterns evolve over time and to show the changing nature of
group membership over the 10-week period.

Figure 4.2, shows the evolution of student groups over the 10-week period. The
x-axis represents each week while the y-axis shows the number of groups and
number of students per group. It shows the stability of groups and transitions of
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Figure 4.2: Visualization of Students Temporal Behavioural Group Dynamics
over a 10-Week Period (G1:W1:9 denotes Group 1 in Week 1 with 9 students)

students within the group dynamics. Initial analysis from weeks 1 to 6 show a
relatively stable grouping with three distinct behavioural groups. These groups
are labelled G1, G2, and G3 in the figure, with the number of students in each
group indicated beside the group label (e.g., G1:W1:9 denotes Group 1 in Week 1
with 9 students). A change occurred from Week 7 onwards, with the model iden-
tifying four distinct groups (labelled G1, G2, G3, and G4). This shows a potential
change in behavioural patterns across the student population around this time.
It is important to note that the group sizes also show fluctuations throughout the
ten weeks which highlights the dynamic nature of the group members.

4.3.2.1 Group Behavioural Profiles Analysis

To get a deeper understanding of the distinct behavioural patterns represented
by each group, we analyzed average group features on a weekly basis. This
aggregation gives a clear and interpretable view of the dominant behavioural
tendencies within groups over time. We aimed to identify the main behavioural
patterns that differentiate each group by focusing on key behavioural metrics
(activity duration, conversation duration, phone usage duration, and location
transitions). Figures 4.3a, 4.3b, 4.3c and 4.3d presents a visual representation
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of how key behavioural features vary across the student groups over the 10-week
study period.
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Figure 4.3: Average Weekly Behavioural Patterns (normalised) for 4 groups over
a 10-week period

Activity Patterns

Figure 4.3a presents a heatmap that shows the activity duration patterns for each
group throughout the study period of 10 weeks. This provides a comparison of
the duration of physical activity. Groups 1 and 3 had overall shorter duration of
activity as compared to Group 2. An observable pattern is the gradual increase in
activity duration for Group 1 which shows a change in their activity level over a
period of time. Group 4 had higher levels for weeks 7 and 8, while they decreased
for the last 2 weeks.

Conversation Patterns

Figure 4.3b shows the weekly trends of conversation duration across different
groups. This highlights the subtle variations in social interactions. Group 1
continuously shows shorter conversation durations, whereas Group 2’s reaches
its highest point around week 6 and again in the final weeks. The conversation
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durations of Group 3 gradually increased. Group 4 has a less consistent pattern,
which shows fluctuations in their social interactions.

Phone Usage Patterns

The analysis of phone usage duration patterns in Figure 4.3c highlights Group
1 as the most engaged phone usage throughout the study, while Group 3 consis-
tently shows lower engagement levels. Group 2’s phone usage fluctuates between
moderate and low, while Group 4’s shows a low trend.

Location Transition Patterns

Figure 4.3d shows the weekly patterns for average location transitions for 4
groups. The number of location transitions represents the number of movements
between different places. Group 1 has the lowest location changes as compared
to other groups. Group 2 shows a moderate to high trend, while Groups 3 and 4
have a low trend.

4.3.3 Loneliness Detection Using all Students Data

This section presents the performance of four binary classification models, specif-
ically Logistic Regression, Random Forest, Support Vector Machine (SVM), and
XGBoost, which are trained on all the data at once. This performance of the
generalized models for the 'lonely' class is summarized in Table 4.1.

Table 4.1: Performance of centralised machine learning models classifying loneli-
ness using a subset from the StudentLife dataset.

Model Accuracy,% Precision,% Sensitivity,% F1 Score,%
XGBoost 81.11 91.48 86.07 88.50
RF 82.32 86.07 82.36 84.14
SVM 76.50 75.83 82.07 79.16
LR 72.04 67.16 78.47 72.35

We can see that ensemble-based classifiers (XGBoost and Random Forest) per-
formed overall well as compared to SVM and LR. Among these generic models,
XGBoost achieved the highest overall performance (except accuracy) with an
accuracy of 81.11%, a precision of 91.48%, a sensitivity of 86.07%, and an F1
score of 88.50%. This shows that XGBoost was particularly effective at correctly
predicting loneliness when it identified it (high precision) while also successfully
detecting a large proportion of all actual loneliness cases in the dataset (high
sensitivity). The Random Forest models followed closely in performance, with
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the highest accuracy of 82.32%. However, precision, sensitivity, and F1 scores
were a bit lower, at 86.07%, 82.36%, and 84.14% respectively. SVMs and logis-
tic regression performed less effectively, with accuracies of 76.50% and 72.04%,
respectively.

4.3.4 Group Based Loneliness Detection

To directly assess the impact of our personalized approach, we trained loneliness
classification models specifically for each behavioural group identified through our
clustering process. Over the 10-week period, we applied incremental clustering
weekly to assign each student’s data points to one of the evolving behavioural
groups. Instead of assigning a single group to each student for the entire period,
each data point was independently assigned to a group based on that week’s
clustering results. For each of the four behavioural groups identified, a distinct
binary classification model was trained. Each model utilized all data points as-
signed to its respective group across the 10 weeks. Since a student’s data points
could belong to different groups in different weeks based on clustering results,
their data contributed to multiple group-specific models at final week 10. This
approach helps in accounting for behavioural fluidity to ensure that the models
reflect the diversity of experiences across the student population.

Figure 4.4 shows sample training and test records for two behavioural groups
identified through weekly clustering. For example, we can see that Student A,
who has a consistent positive (lonely) label, appears in G1 in Week 3 alongside
Student C, who also has a positive label, but switches to G2 in Week 4, where
they are clustered with Student D, who has a negative (not lonely) label. For
training and testing each group-specific model, we applied 10-fold cross-validation
within each group.

There are a few limitations associated with this approach of using a single post-
study loneliness label for all weekly records. Since the dataset only provides
one loneliness score per student collected at the end of the study, we had to
apply this final score as a label to all records for that student each week. This
limitation restricts the model’s ability to capture short-term changes in loneliness
that might occur week-to-week. Ideally, if we had weekly loneliness responses,
they would provide a more granular and accurate view of the fluctuations in
loneliness over time and we could label each week’s records based on weekly self-
reports. Moreover, using weekly data with a final, static loneliness label may have
introduced noise, especially in weeks where a student’s behaviour differs from the
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Figure 4.4: Sample Data Records For Two Different Groups

overall loneliness state indicated by the end-of-study score. This discrepancy
between weekly behaviour and final labels can potentially confuse the model
leading to lower predictive performance. To address these limitations in future
work, we have collected weekly loneliness survey responses in our own collected
new dataset. By obtaining weekly labels, we aim to better capture the nuances
and temporal dynamics of loneliness, which will help create more accurate and
contextually relevant models that reflect the weekly experiences of participants.

Table 4.2 presents the performance metrics of these group-based models. For
the majority of the groups (Groups 1, 2, and 3), the detection models show
significantly improved performance compared to the generic models trained on
the entire dataset. Across most groups, XGBoost emerges as the top-performing
algorithm. In G1, XGBoost achieved an accuracy of 88.5%, precision of 94%,
sensitivity of 91.5%, and an F1 score of 92.5%. Its performance slightly improved
in G2, with an accuracy of 89.5%, precision of 95.5%, sensitivity of 90.5%, and
an F1 score of 93.7%. For G3, XGBoost maintained strong performance with
an accuracy of 86.5%, precision of 94.3%, sensitivity of 88%, and an F1 score of
92.3%. Random Forest ranked second in performance across G1, G2, and G3,
with F1 scores of 89.4%, 89.3%, and 87% respectively. SVM showed moderate
performance, with F1 scores ranging from 83.4% to 86% across these groups. Lo-
gistic regression performed poorly as compared to other algorithms. All models
showed a significant drop in performance for G4. XGBoost, while still outper-
forming other models, reduced its accuracy to 61.5% and its F1 score to 48.5%.
The other models also showed declines in performance with F1 scores ranging
from 42.5% to 45% for G4.
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Table 4.2: Performance of behavioural group based machine learning models
classifying loneliness using a subset from the StudentLife dataset.

Algo G1 G2 G3 G4
Acc. Prec. Sens. F1. Acc. Prec. Sens. F1. Acc. Prec. Sens. F1. Acc. Prec. Sens. F1.

XGBoost 88.5 94 91.5 92.5 89.5 95.5 90.5 93.7 86.5 94.3 88.0 92.3 61.5 55.5 44.2 48.5
RF 87.1 92.0 87.4 89.4 89.0 93.4 85.5 89.3 85.5 92.4 82.1 87.0 55.4 48.5 41.3 45.0

SVM 81.4 84.5 88.0 86.0 78.5 82.5 86.3 84.4 82.3 80.5 85.0 83.4 40.4 46.5 42.3 44.5
LR 74.5 70.3 83.7 76.4 76.3 72.6 79.4 76.0 77.0 73.4 80.0 76.7 41.5 40.0 44.2 42.5

Algo:Binary Classification Algorithm; G1: Group 1; G2:Group 2; G3:Group 3
G4:Group 4; Acc:Accuracy(%); Prec:Precision(%); Sens:Sensitivity(%); F1:F1 Score(%)
RF:Random Forest; SVM:Support Vector Machine; LR:Logistic Regression

4.3.5 Aggregated Performance of Personalized Models

To assess the overall effectiveness of group-based approach for loneliness detec-
tion compared to the generic models, we calculated the aggregated performance
metrics for the personalized models across all groups. We used a weighted average
based on the number of data points in each group to ensure that the aggregated
metrics accurately reflect the contributions of each group. Table 4.3 presents the
performance metrics for aggregated personalised models.

Table 4.3: Aggregated Performance Metrics of Personalized Models Across All
Groups

Model Accuracy,% Precision,% Sensitivity,% F1 Score,%
XGBoost 85.72 90.83 88.69 89.78
RF 84.33 88.33 82.96 85.58
SVM 76.62 79.13 82.24 80.77
LR 72.49 68.90 77.46 73.02

The personalized XGBoost model outperformed the generic model in terms of
accuracy (85.72% vs. 81.11%) and F1 Score (88.57% vs. 89.78%). Similarly, the
personalized Random Forest model showed higher accuracy (84.33% vs. 82.32%)
and F1 Score (85.58% vs. 84.14%), while sensitivity was almost similar. The
performance for SVM and logistic regression was almost same.

4.4 Discussion

4.4.1 Key Findings

This chapter investigated the potential of using unsupervised learning to create a
personalized approach for student loneliness detection. The clustering approach
effectively identified various behavioural groups among the student population.
This shows that loneliness is not a uniform experience and that it is subjective in
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nature. Students show diverse behavioural patterns that may indicate different
underlying causes or expressions of loneliness. This finding aligns with research
highlighting the subjective nature of loneliness and its varying manifestations
across individuals [QVH+15, CP08]. Furthermore, the personalized detection
models achieved significantly improved performance compared to generic mod-
els trained on the entire dataset. This finding highlights the limitations of the
one-size-fits-all approach. Generic models may struggle to capture the nuances
of how loneliness manifests within specific behavioural subgroups. By tailoring
detection models to the unique patterns of each group, we were able to achieve
more accurate identification of students experiencing loneliness. Our dynamic
temporal analysis shows the potential for tracking changes in student behaviour
and group participants over time. This finding suggests that loneliness may not
be a static state and students’ behavioural patterns may shift throughout the
semester. These shifts could be linked to external factors like academic pres-
sure, social connections, or changes in mood [CH03]. Identifying such transitions
provides significant opportunities for early loneliness detection and timely inter-
vention. If a student’s behavioural patterns indicate a move towards a group
associated with higher loneliness risk, proactive support could be provided before
loneliness significantly impacts their well-being.

4.4.2 Observations and Implications

A close examination of the behavioural profiles across the identified groups shows
important differences in how students’ behaviours varied across groups. Groups
1 and 3 show relatively low activity levels and low location changes. This pattern
aligns with existing literature on loneliness, which suggests that reduced physi-
cal engagement with the outside world and potential reliance on technology to
fulfill social needs [CH09, PSS+17]. Reduced physical activity could indicate in-
person social withdrawal which is reported as a common symptom of loneliness
in literature [CH09]. Furthermore, the high phone usage in G1 might indicate
a substitution of digital interactions for in-person social engagement which is a
phenomenon observed in previous studies linking loneliness to increased techno-
logy use [PSS+17]. However, it is important to acknowledge that the relationship
between technology use and loneliness is complex, with technology potentially
serving as both a tool for social connectivity and a contributor to isolation de-
pending on the quality and nature of the interactions [NNC18].

In contrast, Group 2 shows a significantly different profile, with high activity
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levels, frequent conversations, and moderate phone usage. This pattern shows
a moderate degree of physical and social engagement, likely reflecting an active
social life with diverse interactions. Students within this group may be less vulner-
able to experiencing loneliness, as individuals with diverse and meaningful social
connections tend to have better emotional regulation and coping mechanisms,
reducing their susceptibility to loneliness [MCHC11]. However, it is important
to acknowledge that these are speculative interpretations, and further research is
needed to establish a definitive causal relationship between these behavioural pat-
terns and loneliness. It is possible that other factors not captured in the dataset
could influence both behaviour and loneliness experiences.

The emergence of a new group during Week 7 is an interesting observation that
shows the importance of dynamic analysis. Existing literature emphasizes the
fluctuating nature of loneliness and its susceptibility to various influences over
time [VLS+13]. Several factors are likely to have had an influence on this finding.
Expanding the sample by including more weeks of data might have uncovered a
wider and more nuanced range of behavioural patterns. The increased complexity
probably caused the model to identify a distinct group that was not as evident in
the first set of data. Additionally, it is possible that underlying shifts in student
behaviours occurred around Week 7. These shifts could be due to many reasons
like evolving social dynamics, changes in academic workload, or other external
events. This aligns with research highlighting the impact of life events and social
dynamics impact on evolving loneliness experiences [CH03]. These shifts could
have created newly identifiable differences between student subgroups. Further-
more, the model itself have evolved over time, becoming more sensitive to subtle
behavioural variations and better able to distinguish distinct groups within the
dataset.

The ML model results have shown the superior performance of ensemble methods
(XGBoost and Random Forest) over traditional methods like SVM and Logistic
Regression across all behavioural groups. This performance difference is likely due
to the inherent characteristics of ensemble methods that make them well-suited
for complex, non-linear relationships which are often present in behavioural data.
While our personalized detection models performed well for most groups, the re-
sults for Group 4 raise important concerns. This group shows the lowest classifica-
tion performance for loneliness detection which highlights challenges of effectively
classifying students within this subgroup. The relatively small data size within
Group 4 and due to its late emergence (week 8) may have made it challenging for
the model to learn the subtle patterns associated with loneliness for this specific
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group. This performance drop in Group 4 affected the aggregated metrics as well
and highlighted limitations in our approach for smaller groups. This indicates
that while personalization enhances model performance for most groups, it may
not be as effective for groups with limited data. However, this needs further
investigation to find the underlying reasons for poor performance. This shows
the complexity of loneliness detection and the importance of considering group
heterogeneity when developing and evaluating predictive models. Simply relying
on generic models trained on the entire dataset may fail to capture these nuances
and could lead to less accurate predictions and missed opportunities for timely
intervention.

However, one of the important factors to consider is that the absence of leave-one-
subject-out cross-validation (LOSO) may have influenced these results. Without
LOSO, the models may be more prone to overfitting to the specific individuals
present in the training set. This could explain why the models perform better
within smaller groups, where behavioural patterns are more homogeneous and
fewer students are present. The use of LOSO could help assess the generalizability
of these models more effectively by ensuring that each student is tested in isolation
from the training set.

4.5 Conclusions and Limitations

This chapter investigated the potential of using unsupervised learning to create
a personalized approach for student loneliness detection and the findings directly
address the key research questions:

• Our results show that clustering methods can identify distinct behavioural
groups among college students using passive sensing data. Moreover, the
temporal analysis showed how these groups evolve over time. This high-
lights the fluid nature of student behaviour and the importance of longitu-
dinal tracking.

• The superior performance of personalized, group-based loneliness classifica-
tion models compared to generic models trained on the entire dataset shows
the value of our approach. This finding empirically validates the hypothesis
that accounting for inter-subject variability through behavioural grouping
can lead to more accurate and effective loneliness detection. By identifying
subgroups with similar behavioural patterns, we can develop more targeted
and personalized detection models that better reflect the unique ways lone-
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liness is expressed in different groups.

Even though these findings show improved performance for group-based models
for loneliness detection, there are some limitations that need to be addressed.
These limitations may lead to new research questions for exploration as mentioned
in future work (see Chapter 8 for details).

• The study is based on a specific cohort of 41 college students which limits the
generalizability of the findings to other populations or age groups. College
students often share similar daily routines and other psychological pressures,
which reduces the generalizability of our results.

• Another important limitation of our study is in the reliance on the single
StudentLife dataset. While this dataset provides a good amount of be-
havioural data, it does not capture the full spectrum of factors that can
influence an individual’s experience of loneliness. Other important aspects,
such as demographics data, family history, personal relationships, major
life events, and mental health history are not included in this data. These
factors play a significant role in shaping how loneliness manifests and could
interact with behavioural patterns [BG88].

• While our group-based models show improved performance, future work
should aim to include leave-one-subject-out cross-validation (LOSO). Ap-
plying LOSO will provide a more rigorous assessment of the model’s ability
to generalize to new individuals by isolating participants from the training
set during evaluation.
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Chapter 5

Dynamic and Personalized
Loneliness Detection Using
Passive Sensing

5.1 Overview

Chapter 4 presented the potential of personalized, dynamic behavioural analysis
for improved loneliness detection within student populations. We have effectively
identified distinct behavioural subgroups showing that loneliness can manifest in
diverse ways among students. Furthermore, tailored models outperformed generic
models trained on the entire dataset. These results emphasize the need for a more
personalized approach to loneliness detection.

However, there were a few limitations with that work, including a small sam-
ple size, reliance on a single dataset, and a more static approach for detecting
loneliness. These limitations highlighted the need for a larger dataset and a
refined methodology to accommodate evolving behavioural patterns within the
data better to improve the robustness of our approach. In this chapter, we aim to
address these limitations and improve our methodology by using the GLOBEM
dataset. The novelty of our work lies in adding incremental clustering with in-
cremental classification on a weekly basis. This approach would help our models
to evolve dynamically as new data becomes available each week, which will re-
fine behavioural groups and loneliness detection over time. This adaptability is
important for accurately capturing the fluid nature of student experiences and
responding to loneliness early. We have also performed a temporal group analysis.
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Our approach includes two primary components: incremental clustering and clas-
sification. The clustering part aims to identify subgroups of students with similar
behavioural patterns. This process adds new weekly data in batches that refine
the behavioural groups over time. The incremental classification component de-
tects lonely individuals within these evolving student groups on a weekly basis.
We maintain a main generic classification model trained on all available data,
which is regularly updated on a weekly basis. Additionally, when new distinct
behavioural patterns emerge in the form of a cluster, we create a specialized
classification model for that specific group.

5.2 Methodology

5.2.1 Evolving Student Behavioural Profiles via Incre-
mental Clustering

We used the GLOBEM dataset for this study. To find behavioural groups of
students on a weekly basis we used the incremental clustering approach with
IDBSCAN as we did in Chapter 4. Unlike traditional clustering, which analyzes
a static dataset, incremental clustering continuously adapts to new data without
retraining the entire model. The incremental clustering process (illustrated in
Figure 5.1a) begins with evaluating the new data against the existing clusters.
It assesses whether the data closely aligns with the established behavioural pat-
tern of a group (within the specified distance threshold eps) and if the group’s
density (number of points within eps) meets the minimum requirement (minPts).
If the data fits with some existing group, it gets merged in it while increasing
the cluster size. In case new data doesn’t match with some existing cluster, it
may indicate some new emerging behavioural trends or temporary fluctuations
within the student population. When multiple data points show a distinct, con-
sistent pattern, they form a new cluster. To determine the optimal values for eps
(epsilon) and MinPts (minimum points), we used GridSearchCV combined with
cross-validation and silhouette score as the evaluation metric. A set of candidate
parameter values was initially selected based on experiments, as we did in Chap-
ter 4 as well. The grid search explored these values for the eps and MinPts by
evaluating each combination using the silhouette score as the performance met-
ric. The best parameter values were chosen that maximized the average silhouette
score across the cross-validation folds.
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5.2.2 Dynamic Loneliness Detection through Incremental
Classification

In our analysis of the StudentLife dataset in Chapter 4, we found the dynamic
and evolving nature of students’ behaviours. As discussed in Chapter 4, we
implemented incremental clustering on a weekly basis to effectively monitor these
behavioural changes in students and identified behavioural clusters that showed
shifts in students’ behaviours over time. Although we could track the formation
and evolution of behavioural groups by using this approach but there was no
timely loneliness detection within these groups. We were training classification
models at the end of the study after week 10. To address this limitation, we are
using the concept of incremental classification in this chapter, in which we can
detect loneliness dynamically on an early basis based on the changes in students’
behaviours over time. This approach can lead to a responsive detection that
would detect loneliness in a timely and dynamic way.

Starting from the initial stage, we create a generic classification model trained on
the initial data from week 1. This generic model is then updated incrementally
with each week’s incoming data from all students that allows it to adapt to
general trends and evolving behaviours over time. As we presented in Chapter 4,
a single generic model may struggle to capture the unique behavioural patterns
associated with loneliness. To address this, we develop 'specialized' classification
models tailored to each group identified through clustering which were trained
exclusively on data from students within that subgroup. Fig.5.1b shows the
process of refining the data that leads to the generic model and then to models
G1, G2, and G3 which are each specifically made for a different group.

Incoming Data

Existing Cluster

Noise/Outlier New Cluster

(Merges based on similarity)

(Data points with no close
 neighbours)

(Distinct dense patterns
 lead to new cluster)

(a) Visualization of Dynamic Data
Clustering: Segregation into Noise, Ex-
isting, and Emergent Clusters

Generic Model

Training using all incoming data

G3 Model

G1 Model G2 Model

Each color denotes data from a
distinct cluster group

Specialized Models for
Each Group

(b) Personalized Loneliness Detection
Using Behavioural Groups

Figure 5.1: Clustering and Personalized Classification

In our study, we used incremental classification for four ML algorithms: logistic
regression, support vector machines (SVM), random forest, and XGBoost. For
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logistic regression and SVM, we used the Stochastic Gradient Descent (SGDClas-
sifier) from scikit-learn due to its computational efficiency and it supports partial
fitting for incremental learning [Dat24, WS16]. The SGDClassifier also includes
L2 regularization by default which helps prevent overfitting by penalizing large
coefficients. For logistic regression, we used log loss, while for SVM, we used
the hinge loss function. For random forest, we used an Adaptive Random Forest
(ARF) classifier from the river library [Dat22]. ARF is designed for incremen-
tal learning and incorporates drift detection mechanisms to identify and respond
to changes in data patterns. For XGBoost, we used an incremental learning ap-
proach where the model was initially trained on the initial data, and then updated
weekly with new data by using the train function with the previous model passed
through the xgbmodel parameter [Vic23].

We implemented a weekly iterative approach to evaluate and refine our models
over time. Each week starts with incremental clustering on the week’s data to
identify and update behavioural groups within the student population. These
groups then lead to the training and updating of two types of classification mod-
els. First one is a single generic model trained on data from all students in that
week which is trained to capture overall trends in data. The second are spe-
cialized models trained exclusively on data from students within each identified
behavioural group. We applied the same data processing steps as we performed
in Chapter 4. This included feature scaling, principal component analysis (PCA)
for dimensionality reduction, handling of missing values and feature selection for
classification models.

We start by stratified splitting the data into 95% for training/testing and 5% for
validation. For the first six weeks, this validation set was accumulated for later
hyperparameter tuning. In Week 1, we established initial models through strat-
ified nested cross-validation with hyperparameter tuning using GridSearchCV.
To address class imbalance, we used SMOTE within each cross-validation fold.
For group-specific models, this process was repeated on the data specific to each
cluster.

From Weeks 2 to 5, we continued incremental clustering on the data each week
to update existing groups. Similarly, both generic model and group-specific
models were updated incrementally with the new week’s data. In parallel, the
group-specific models were trained for any newly identified clusters. We evalu-
ated generic models using 10-fold while group-specific models using 5-fold cross-
validation. As we explained in Chapter 4, we have also not applied LOSO CV in
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this chapter due to the small sample sizes in each week’s groups.

In Week 6, due to observed performance drops, we re-tuned the hyperparameters
for all models using the accumulated validation data (30%) and nested cross-
validation. This adjustment ensured that the new hyperparameters generalized
well across weeks.

From Weeks 7 to 10, we continued the weekly update and evaluation process
for all models. In the final week, we conducted a comprehensive analysis of
the performance trends across the entire 10-week study period which we will
present in the results section. We evaluated models using the average performance
metrics from the cross-validation process. The key performance metrics included
accuracy, precision, sensitivity, and F1-score.

5.3 Results

5.3.1 Temporal Evolution of Student Groups and Be-
havioural Profiles

Fig. 5.2 shows the dynamic shifts in student behavioural groups over a 10-week
study period. This figure shows the temporal evolution of these groups with each
group denoted by a unique identifier (G1, G2, G3, G4). The y-axis represents the
number of students in each group, while the x-axis represents each week. To track
group membership changes over time, each student was assigned to the cluster
with the highest count of their data points within a week, which classified them
into the group where their behaviour most frequently aligned.

Over the ten weeks, students switched between groups as their behavioural pat-
terns changed. This means that group membership was not fixed, and students
could shift from one group to another, which reflects their evolving behaviours.
For example, a student who showed highly social and active behaviours in the
early weeks may belong to G2, but if their behaviour becomes more isolated and
less active, they may move to G3 or G4 in later weeks. These transitions cap-
ture the fluid nature of student behaviour, showing how their engagement levels
and social interactions vary over time, which is essential for understanding how
loneliness manifests differently across individuals based on their own subjective
experiences.
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Figure 5.2: Visualization of Students Temporal Behavioural Group Dynamics
over a 10-Week Period (G1:W1:84 denotes Group 1 in Week 1 with 84 students)

5.3.1.1 Behavioural Profiles

We categorized the weekly behavioural patterns of students within each group
using globally normalized feature values using min-max scaling across the entire
10-week period. For each feature, values below the 25th percentile were catego-
rized as 'Low' values between the 25th and 75th percentiles as 'Moderate' and
values above the 75th percentile as 'High'. This approach ensures consistent in-
terpretation of categories across all weeks. This leads to the identification of
potential trends in loneliness scores associated with different behavioural profiles.
Table 5.1 summarizes these observations and provides detailed information on
the behavioural tendencies and associated loneliness scores for each group. Be-
havioural patterns are summarized for the week intervals which shows the overall
dominant patterns during those weeks. However, in the cases where some vari-
ations occurred, we have added symbols with the week number to show those
variations. For example, the entry 'High calls & SMS (=W2)' for Group 1 during
weeks 1-4 indicates that call and SMS activity was generally high during this
period, with a moderate level specifically in week 2.
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Table 5.1: Summary of Behavioural Patterns and Associated Loneliness Scores
by Group Over 10 Weeks ((↑ = High, = = Moderate, ↓ = Low))

Week
Inter-
val

Group Behavioural Patterns Loneliness
Score
Range

Weeks
1-4

G1 High physical activity, High calls & SMS(=W2),
High unique Bluetooth encounters, Moderate lo-
cation changes, Moderate phone usage dura-
tion(↑W1), High sleep duration(=W3)

10-18

G2 High physical activity(=W1), Moderate calls
& SMS, Moderate unique Bluetooth encoun-
ters(↓W2), Moderate phone usage(↓W4), Moder-
ate sleep duration(↓W3)

15-26

G3 Low physical activity, Low calls & SMS, Low
unique Bluetooth encounters, Moderate location
changes(↓W1), Moderate phone usage(↑W3), Low
sleep duration

16-30

Weeks
5-7

G1 High physical Activity(=W7), Moderate calls &
SMS, High unique Bluetooth encounters(=W5),
Moderate location changes, Moderate phone us-
age(↓W6), High sleep duration(=W7)

10-22

G2 Low physical activity, Low calls & SMS, Moderate
unique Bluetooth encounters, Moderate location
changes, Moderate phone usage(↑W7), Low sleep
duration(=W5)

15-32

G3 Low physical activity, Low calls, Moderate
unique Bluetooth encounters, Low location chan-
ges(=W7), High phone usage, Moderate Sleep du-
ration(↑W5)

18-36

G4 Moderate physical activity(↓W6), Moderate calls
& SMS, High unique Bluetooth encounters, Mod-
erate location changes(↓W7), Moderate phone us-
age, Moderate sleep duration(↓W6)

14-28

Continued on next page...
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Table continued...
Week
Inter-
val

Group Behavioural Patterns Loneliness
Score
Range

Week 8 G1 Moderate physical activity, High calls & SMS,
High unique Bluetooth encounters, Moderate lo-
cation changes, Moderate phone usage, Moderate
sleep duration

10-20

G2 High physical activity, Moderate calls & SMS,
Moderate unique Bluetooth encounters, Moderate
phone usage, Moderate sleep duration

15-25

G3 Low physical activity, Moderate calls & SMS, Low
unique Bluetooth encounters, Moderate location
changes, Moderate phone usage, Low sleep dura-
tion

18-36

Weeks
9-10

G1 High physical activity, High calls & SMS, High
unique Bluetooth encounters, Moderate location
changes, Moderate phone usage(↓W9), High sleep
duration

10-20

G2 Moderate physical activity(↓W9), Moderate calls
& SMS, Moderate unique Bluetooth encounters,
Moderate phone usage, Moderate sleep duration

16-32

G3 Low physical activity(=W10), Moderate calls &
SMS, Low unique Bluetooth encounters, Moder-
ate location changes, High phone usage(=W10),
Low sleep duration

18-36

G4 Low physical activity, Moderate calls & SMS,
Moderate unique Bluetooth encounters(↓W9),
Moderate location changes, Moderate phone us-
age, Moderate sleep duration

14-35

Initial Phase (1-4)

During the initial weeks, three groups emerged. G1 students showed overall high
physical activity which is calculated by steps count, high number of calls/SMS,
and diverse social interactions (Bluetooth encounters), which shows good en-
gagement with a balanced, active schedule and high sleep. Their loneliness scores
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ranged from 10 to 18, which shows that their active lifestyle may correlate with
lower feelings of loneliness. Similarly, G2 was physically active but with moderate
social interaction and phone use. This points to an active lifestyle, but perhaps
less socially intensive than G1. In contrast, G3 showed the lowest physical activ-
ity, limited calls/texts, and fewer Bluetooth encounters, alongside heavy phone
use and shorter sleep. Their loneliness scores ranged from 16 to 30, which is
higher in comparison with other 2 groups.

Middle Phase (Weeks 5-7)

By the middle phase of the study, behavioural patterns changed a little bit. G1
maintained their patterns which shows stability within this group. However, G2
showed a decline in activity, social interaction, and sleep. This group showed
a shift in score, with increased loneliness scores (15-32). G3 remained largely
unchanged, with persistently low activity, short sleep, and heavy phone usage.
The emergence of G4 introduced further subtlety; this group showed moderate
activity, moderate communication patterns, and moderate sleep.

Final Phase (8-10)

In the final weeks, G1 and G2 showed moderate to high physical activity and com-
munication patterns and moderate sleep. However, G3 remained low physically
active with moderate phone usage, while G4’s physical activity levels decreased.

G4 disappeared at week 8 but reappeared at week 9. To determine if the G4
that emerged in Week 9 shared similar characteristics with the earlier G4 from
Weeks 5-7, we conducted a feature average analysis. We calculated the mean and
standard deviation for each feature in both periods. Our analysis found that the
majority of feature averages from Week 9 fell within one standard deviation of
their corresponding averages from Weeks 5-7.

5.3.2 Loneliness Detection Using Generic Models

Table 5.2 presents the performance of four generic classification models at the
end of the study, which have been trained on a weekly incremental basis. The
table shows the performance of XGBoost, Random Forest, SVM, and Logistic
Regression models for the lonely class. As the table shows, the XGBoost model
achieved the highest accuracy (76.52%) followed by the Random Forest with
74.64% and then SVM with 63.50% and then the Logistic Regression model with
an accuracy of 57.32%.
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Table 5.2: Performance of Generic Models for Loneliness Detection

Model Accuracy Precision sensitivity F1 Score

XGBoost 76.52% 79.00% 76.83% 77.50%
Random Forest 74.64% 71.50% 66.72% 69.58%
SVM 63.50% 65.00% 55.50% 60.12%
Logistic Regression 57.32% 43.50% 54.65% 48.53%

Figure 5.3 shows a more nuanced perspective on how these models performed
over the 10-week study period. We can see that each model showed a trajectory
of performance in the prediction of loneliness. Although there were initial fluc-
tuations but the final week’s results show that the models capabilities improved
gradually. The XGBoost model showed gradual improvement, starting at 63%
accuracy in week 1 and reaching 76.5% by week 10, with corresponding increases
in precision, sensitivity, and F1 score to 79%, 76.83%, and 77.50%, respectively.
The model performance displayed a minor dip around weeks 5 and 6, which was
subsequently improved. Random Forest accuracy improved from 59% to 74.64%,
with precision at 71.5% and sensitivity at 66.72%. The F1 score for this model
was 69.58%. Similar to other models, Random Forest shows weekly variations
specifically around weeks 5 and 6. The SVM model’s accuracy improved from
an initial 52% to 63.5%. The logistic regression model shows a performance in-
crease over a 10-week period, with accuracy starting below 40% and rising to over
57.32%.
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(b) Support Vector Machine Model
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(c) Random Forest Model
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(d) Logistic Regression Model

Figure 5.3: Temporal Performance of Generic Classification Models for Loneliness
Detection Across a 10-Week Period

5.3.3 Loneliness Detection Using Group Based Models

In this chapter, we trained loneliness classification models in a weekly incremental
manner meaning that models were updated and trained each week based on the
data from the dynamically evolving behavioural groups. This approach provides
a more real-time and adaptive detection of loneliness compared to the static and
retrospective classification approach used in Chapter 4. By incorporating weekly
behavioural data, the models can better reflect the current state of a student’s
behaviour that allows for timely detection of loneliness as students shift between
groups. This weekly training ensures that the model adapts to emerging trends
in behaviour and can capture short-term changes that may indicate increasing
or decreasing loneliness. Instead of relying on cumulative behaviour across the
entire study as in Chapter 4, the weekly approach ensures that predictions are
responsive to the latest behavioural patterns which provides a more precise and
personalized detection approach. This incremental method allows the model to
dynamically adjust to new behaviours as they emerge which improves its ability
to detect loneliness early and more accurately compared to a static model trained
only once at the end of the study.
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The final results from the group-based models for loneliness detection at week
10 are presented in Table 5.3 and Figure 5.4. XGBoost performed best with
the highest accuracy in Groups 1 and 2, with scores of 78.64% and 80.15%,
respectively. Its precision, sensitivity, and F1 scores were also high. Group 3
show a slight drop in accuracy for XGBoost to 76.55%. However, in Group
4, the performance was poor, with accuracy falling to 41.38%. The Random
Forest algorithm showed almost similar accuracy as of XGBoost for G1 (78.35%)
but all other performance metrics were low. For Group 4, the Random Forest
algorithm outperformed XGBoost, achieving a higher accuracy of 62.42% and an
F1 score of 64%. The SVM model’s performance was relatively lower, with the
highest accuracy of 66.43% for G1. The logistic regression model showed the
lowest performance across all groups, with accuracy scores ranging from 42.48%
to 64.29%.

Adding error bars to the accuracy helped show that some of the drops in per-
formance during the middle weeks may not be significant since the performance
ranges overlap with nearby weeks. This means the model’s performance is likely
improving as more data is added, but there are some ups and downs due to the
natural variability in the data and the way the model is trained. These changes
are more noticeable in the earlier weeks, where there is less data available for
training.

Table 5.3: Performance of Group Based Models Classifying Loneliness at Week
10

Algo G1 G2 G3 G4
Acc. Prec. Sens. F1. Acc. Prec. Sens. F1. Acc. Prec. Sens. F1. Acc. Prec. Sens. F1.

XGBoost 78.64 79.84 81.5 80.5 80.15 78.63 82.44 80.74 76.55 78.34 73.74 75.97 41.38 39.66 44.38 42.10
RF 78.35 77.74 74.44 75.73 79.00 80.45 78.55 79.34 75.53 78.43 80.14 79.55 62.42 63.40 65.33 64.00

SVM 66.43 71.52 62.45 66.38 65.49 72.55 63.32 68.43 61.31 69.52 63.33 66.18 53.41 55.53 50.29 52.52
LR 64.29 54.32 63.71 58.45 58.29 55.62 58.41 56.29 52.00 44.42 55.29 48.73 42.48 39.84 44.23 41.96

Algo:Binary Classification Algorithm; G1: Group 1; G2:Group 2; G3:Group 3
G4:Group 4; Acc:Accuracy(%); Prec:Precision(%); Sens:sensitivity(%) F1:F1 Score(%)
RF:Random Forest; SVM:Support Vector Machine; LR:Logistic Regression
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Figure 5.4: Performance of the Group based Classification Models for Loneliness
Detection at Week 10

5.3.4 Aggregated Performance of Personalized Models

To assess the overall effectiveness of group-based approach for loneliness detec-
tion compared to the generic models, we calculated the aggregated performance
metrics for the personalized models as we did in chapter 4 as well. We used a
weighted average based on the number of data points in each group to ensure
that the aggregated metrics accurately reflect the contributions of each group.
Table 5.4 presents the performance metrics for aggregated personalised models.

Table 5.4: Aggregated Performance Metrics of Personalized Models Across All
Groups

Model Accuracy,% Precision,% Sensitivity,% F1 Score,%
XGBoost 76.10% 76.25% 77.79% 77.04%
RF 76.92% 77.74% 76.09% 76.72%
SVM 64.28% 70.38% 62.04% 65.95%
LR 58.62% 52.05% 59.08% 55.34%
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The aggregated personalized XGBoost model had a slightly lower accuracy com-
pared to the generic model by 0.42% (76.10% vs. 76.52%). Precision decreased
by 2.75% (76.25% vs. 79.00%), but sensitivity increased slightly (77.79% vs.
76.83%). The F1 score showed a minor decrease (77.04% vs. 77.50%). The
aggregated personalized RF model improved accuracy by 2.28% (76.92% vs.
74.64%), precision by 6.24% (77.74% vs. 71.50%), sensitivity by 9.37% (76.09%
vs. 66.72%), and F1 score by 7.14% (76.72% vs. 69.58%). The personalized
SVM and Logistic Regression models both showed minor improvements in accu-
racy, precision, sensitivity, and F1 score compared to the generic models.

5.4 Discussion

5.4.1 Temporal Dynamics of Loneliness

While Chapter 4 presented about the dynamic nature of student behaviour and
loneliness, the larger dataset in this chapter helped us to investigate a more nu-
anced and comprehensive understanding of these temporal patterns and how they
relate to loneliness levels. Over the study period, we have seen shifts in group
composition and behaviours of students in each group. This evolution highlights
the importance of a dynamic approach to monitor loneliness, which may provide
indicators of the temporal aspects of student lifestyles and their mental well-being
as we discussed in Chapter 4 as well. Although the temporal analysis in Chapter
4 suggested the possibility of external factors affecting changes in behaviour, the
longer time period analyzed in this chapter provided a more detailed investigation
of these patterns. We observed periodic fluctuations in group composition and
behaviour that might align with typical academic cycles. These changes could
potentially be associated with periods of increased academic stress, such as those
that might occur during midterms or final exams. However, further studies are
needed with contextual data to explore the causal relationships between these ex-
ternal factors and behavioural changes to understand why these patterns emerge
definitively. Monitoring these changing patterns can helps us understand how
stress, social interactions, and personal circumstances affect student behaviour.

Group 1 maintained consistently high physical activity and social interactions
with some fluctuations throughout the study which might align with their rela-
tively stable and low loneliness scores (10-22). This shows that a balanced lifestyle
potentially contributes to lowering feelings of loneliness. However, Group 2 shows
fluctuations in behaviour with decreased activity and social interactions during
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weeks 5-7, with increased phone usage. This pattern may indicate that aca-
demic or personal stressors negatively impact social engagement and well-being,
although further research is needed to find the actual reasons. The emergence of
Group 4 in week 5 showed moderate behaviours and varied loneliness scores (14-
35). This shows the diverse ways students adapt to changing academic and social
demands. Group 3 consistently showed low physical activity, high phone usage,
and higher loneliness scores (16-36), which aligns with previous research linking
reduced physical engagement and increased technology use to social withdrawal
and loneliness [HTC09, NNC18]. The behavioural shifts in weeks 9-10, specially
for Groups 2 and 3 could be due to end-of-semester pressures, which might have
impacted social behaviours and loneliness levels.

5.4.2 Effectiveness of Personalized Models

The results from this chapter further highlight the effectiveness of personalized
models in loneliness detection among students. The performance of group spe-
cific models over generic models, previously observed in the smaller dataset has
again been validated in this chapter. Personalized models excel in performance
due to their ability to detect nuanced behavioural patterns that are often masked
in generic models trained on the whole dataset. Tree-based models outperformed
other algorithms, likely due to the fact that they work better to handle non-linear
relationships and complex interactions between features. Their ensemble nature
helps them to capture a wider range of patterns in the data that potentially lead to
improved predictive performance which we can see in the results. The underper-
formance of all models in Group 4 shows some difficulties in predicting loneliness
for this group. This group might have more complex behaviour patterns that are
harder for the model to learn effectively related to lonely class. There could also
be data quality issues specific to this group which results in poor model perfor-
mance. Despite the marginally lower performance of the aggregated personalized
XGBoost model compared to its generic counterpart, the overall findings support
our hypothesis that personalized models are more effective, especially when we
analyze them individually for each group. However, it is important to note that
the improved results, compared to the generalized approach, may be influenced
by the use of traditional 10-fold cross-validation rather than leave-one-subject-out
cross-validation (LOSO), which could have provided a more robust evaluation.

The choice between generic and personalized models involves a trade-off. Generic
models might be less precise for individual groups, but they can be used in a
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broader applicability. They can be more suitable when resources are limited or
where a rapid, general assessment is needed. On the other hand, personalized
models work well in situations where targeted interventions are required and a
deeper understanding of individual differences is important. For example, in a
university setting, a generic model could be used to identify students at risk of
loneliness broadly, while group-specific models could be used for designing tailored
interventions for specific student populations. We will be discussing this tradeoff
between personalisation and generalisation in detail in Chapter 8 (section 8.2.1).

5.4.3 Comparison with Chapter 4 Findings

The comparison of loneliness detection models between Chapter 4 (StudentLife
dataset, 41 students) and Chapter 5 (GLOBEM dataset, 205 students) provides
important observations about the challenges and complexities of scaling up pas-
sive sensing based loneliness detection systems.

We observe a significant decrease in performance across all metrics for generic
models when moving from the smaller StudentLife dataset to the larger GLOBEM
dataset. For instance, the XGBoost model’s F1 score dropped from 88.50% to
77.50%, with similar declines in accuracy, precision, and sensitivity scores. This
trend is consistent across all algorithms with more significant decreases for simpler
models like SVM and logistic regression. This decline indicates that increasing
sample size introduces more complexity in loneliness detection. Although this
increase in sample size from 41 to 205 students provided more data for models
to train but this may have introduced greater variability in behavioural patterns
associated with loneliness. This increased complexity could have made it more
challenging for models to learn the specific patterns associated with 'lonely' class
and generalize effectively. Secondly, the incremental training approach used in
this chapter, where models were updated weekly with new data could also have
contributed to reduced performance. Although this approach is more reflective
of real-world scenarios but this may struggle to capture and remember consistent
patterns related to loneliness as effectively as training models with all data at
once.

The group-specific models also show a similar trend of decreased performance
when moving from the StudentLife to the GLOBEM dataset. However, the
group-specific models consistently outperform their generic counterparts in both
datasets which highlights the importance of personalized approaches in loneliness
detection. The observed decline in performance with the larger GLOBEM dataset
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aligns with findings from a recent depression detection study using passive sens-
ing data [ASM+24]. Similar to our findings, this study found that ML models
have lower accuracy in larger, more diverse samples. This is due to the varying
meanings of behavioural indicators for depression across different demographic
and socioeconomic subgroups. This phenomenon likely extends to loneliness de-
tection as well since the underlying mechanism is the same. Just like they found
different associations between phone usage and mobility patterns with depression
across age and socioeconomic groups, similar behavioural indicators of loneliness
may vary in their predictive power across different student subpopulations. Our
group-specific models’ superior performance compared to generic models across
both datasets supports this theory. It indicates that loneliness just like depres-
sion manifests differently across various behavioural subgroups. The more appar-
ent performance decline in generic models when moving to the larger GLOBEM
dataset further supports this idea, as a larger sample size likely introduced greater
variability in how behavioural patterns relate to loneliness. We will discuss this
model generalizability aspect in more detail in Chapter 8, 'Conclusion'.

5.4.4 Implications for Interventions and Personalized
Support

Together, the findings from Chapter 4 and Chapter 5 present practical applica-
tions for personalized loneliness detection among students. The dynamic nature
of student behaviour and loneliness presented in our study highlighted the impor-
tance of continuous monitoring and adaptive interventions. As students navigate
through different academic and social challenges, their risk of loneliness and its
behavioural manifestations may change. By continuously tracking these changes,
universities can ensure that their support services remain relevant and effective
throughout the academic year. Moreover, generic interventions often lack the
specificity needed to be truly effective. Personalized detection can lead to the
development of targeted support systems tailored to the unique behavioural pat-
terns of different subgroups in a broader population. For example, interventions
for groups with high phone usage and low physical activity could focus on en-
couraging physical engagement and face-to-face interactions. This approach can
improve early interventions by continually monitoring behavioural patterns and
detecting shifts associated with loneliness, which would lead to timely and person-
alized support for students suffering from loneliness. Another important aspect
to highlight is while smartphones and wearables provide passive sensing data for
monitoring and detecting loneliness, they may also contribute to increased loneli-
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ness, specifically among younger populations [EDKN+16]. This dual implication
highlights the importance of balancing the benefits of using these technologies for
data collection with their potential negative impacts.

5.5 Conclusions and Limitations

This chapter has expanded upon the foundations laid in Chapter 4, addressing
its limitations and further validating the efficacy of personalized, dynamic ap-
proaches to loneliness detection among students. Our main findings are:

• The usage of incremental clustering and classification has proven to be
a key improvement in our approach. This approach allowed models to
adapt dynamically to evolving behavioural patterns that provide a timely
representation of student experiences. This adaptability is important in
capturing the fluid nature of loneliness and its behavioural indicators which
ultimately will lead to early detection and intervention.

• The results of this study further reinforce the findings from Chapter 4 which
emphasizes the effectiveness of personalized models over generic ones in
detecting loneliness.

• The temporal weekly analysis of students’ behaviour has shown the dynamic
nature of students’ lives and its relation with their loneliness levels. The
group fluctuations and behavioural patterns highlight the need for contin-
uous monitoring and adaptive intervention strategies.

• We observed a decrease in model performances when coming from the smal-
ler StudentLife dataset to the larger GLOBEM dataset. This shows that
increasing sample size and diversity added greater complexity to loneliness
detection, emphasizing the need for further research.

In Chapter 8, we will discuss possible future work related to loneliness detection
systems. Our discussion there will partially build upon the following limitations
that we identify in the work of this chapter.

• In this chapter, we performed weekly binary classification of loneliness based
on the students’ behavioural data. However, it is important to clarify that
the ground truth used for these classifications, derived from the UCLA
Scale, was collected at the end of the 10-week study period. This means that
the UCLA scores provide a cumulative measure of each student’s loneliness
at the end of the study, rather than reflecting their loneliness on a weekly
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basis. The weekly classifications rely on using this post-study score as a
consistent label across all weeks. While this approach is common when
longitudinal ground truth data is unavailable, it introduces a limitation
about capturing precise weekly fluctuations in loneliness. Future studies
should focus on collecting loneliness scale data more frequently throughout
the study period, to better track temporal changes and capture a more
precise measurement of loneliness over time.

• As we highlighted in Chapter 4 as well, the dataset we are using is limited
to a specific student population from a single university over a fixed period.
The homogeneity of this sample may not fully capture the diverse range
of experiences and behavioural manifestations of loneliness present in the
broader population.

• Our approach worked well, but there is still room for improvement, espe-
cially in predicting loneliness within groups like G3 and G4. To address
this, future work needs to explore the potential reasons for reduced perfor-
mance and may use advanced methods to improve performance. Also there
is a need to test LOSO CV for more robust evaluation. Moreover, ensur-
ing such detection models are fair and robust is important. This means
they should work equally well for all subgroups without any bias specific
to certain populations’ behaviours or demographics. More contextual data
related to populations will need to be incorporated to train these models
effectively. Fairness in these models will make them more reliable and also
help build trust in such systems’ ability to support every student effectively.
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Chapter 6

Differentiating and Predicting
Social and Emotional Loneliness
in Students Using Passive
Sensing: An Exploratory Study

6.1 Overview

Previous chapters have explored multiple aspects related to loneliness, includ-
ing its behavioural manifestations and detection techniques. While loneliness is
often viewed as a single emotional experience, it is far more complex [Wei75].
In this chapter, we will explore its multifaceted nature, mainly by examining
the distinction and overlap between social and emotional loneliness. The social
dimension of loneliness refers to the subjective experience of feeling socially dis-
connected and lacking a sense of belonging [RCRY84]. This is commonly seen
when individuals have fewer personal relationships or a smaller social circle than
they would want. On the other hand, the emotional element emphasizes the lack
of a deep, personal level connection with others, which could be deeply expe-
rienced even in the physical presence of others [Vau88]. The UCLA scale has
been used by researchers to investigate the interconnected aspects of social and
emotional loneliness [HBC05, CHE+06]. Studies have indicated that experiences
of social and emotional loneliness do not always coincide. For instance, a person
might have a robust peer network yet miss having a close friend, which indi-
cates they feel emotional loneliness without necessarily feeling socially isolated
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[MVVdNG17, QM02]. This distinction is critical for a nuanced understanding
of loneliness, as social and emotional loneliness may arise from different circum-
stances, have distinct physiological and psychological effects, and therefore may
require different intervention strategies [LGB+11]. Specifically, emotional lone-
liness has been linked with emotional challenges, including negative self-views,
introverted behaviour, and distorted views of relationships [Rok19]. While prior
research has identified these distinct types, to the best of our knowledge, no study
has investigated how they manifest in behavioural patterns derived from passive
sensing data within the student population specifically.

This chapter aims to investigate social and emotional loneliness using passive
sensing data for a student population. Our goal is to determine the subtle differ-
ences in data from individuals who are socially and emotionally lonely, evaluate
the predictive power of behavioural features in categorizing these loneliness types,
and find the behavioural features that are most important for differentiating be-
tween these two types of loneliness. The key research questions are:

1. Can behavioural features extracted through passive sensing data differenti-
ate between socially and emotionally lonely students?

2. What is the power of behavioural features to classify social and emotional
loneliness?

3. What behavioural features are most important for predictive models in
classifying loneliness and its types?

6.2 Methods

6.2.1 Categorizing Social and Emotional Loneliness

We have used the GLOBEM dataset for this study. In the dataset, loneliness
was assessed using the revised 10-item UCLA Loneliness Scale [KCMG88]. The
revised 10-item UCLA Loneliness Scale uses a 4-point response scale for each
item, where 1 represents 'never', 2 'rarely', 3 'sometimes', and 4 'often'. With
10 items in total, the minimum possible score is 10 (if a participant responds
with 1 for all 10 items), and the maximum possible score is 40 (if a participant
responds with 4 for all 10 items). Therefore, the overall score range for this 10-
item questionnaire spans from 10 to 40. For our research purposes, we divided
the items of scale into two distinct categories of social and emotional loneliness
based on the criteria proposed in [MQLM22, BPR+08]. Items in the scale that
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Table 6.1: Division of 10-item UCLA scale into Emotional and Social Loneliness,
’R’ indicates reverse scoring

Type Questions

Emotional Loneliness 1. How often do you feel that no one really knows you
well?

2. How often do you feel close to other people? (R)

3. How often do you feel that there are people who
really understand you? (R)

4. How often do you feel that there are people you can
turn to? (R)

5. How often do you feel that people are around you
but not with you?

Social Loneliness 1. How often do you feel that you have a lot in common
with the people around you? (R)

2. How often do you feel that you feel left out?

3. How often do you feel isolated from others?

4. How often do you feel that there are people you can
talk to? (R)

5. How often do you feel that you lack companionship?

are related to feeling isolated, feeling left out, lack of companionship, and social
interactions are classified under the social loneliness category, while the items
related to emotional disconnect, like not feeling close to others, and no one truly
understanding me, are put under the emotional loneliness category. Each category
consisted of 5 items from the original scale presented in Table 6.1. Some items
in the scale, denoted by (R), are reverse-scored. This means that for these items,
the scoring is inverted: a response of 1 is scored as 4, 2 as 3, 3 as 2, and 4 as 1.
This reverse scoring ensures that higher scores consistently indicate greater levels
of loneliness across all items.

There is no single universally accepted threshold in the literature for determin-
ing loneliness cutoff scores for dividing into low or high loneliness categories.
Many studies have proposed their own cutoff scores like one by Cacioppo et al.
[CP08]. In our study, participants were scored on two dimensions: social lone-
liness (referred to as social_score) and emotional loneliness (referred to as emo-
tional_score), each ranging from 5 to 20. A cumulative score of 10 is achieved
if a participant selected 'rarely' for all 5 questions, which represents occasional
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feelings of social or emotional loneliness. Hence, we chose 10 as our cutoff score
for each subscale. To categorize loneliness levels, we used the following approach:

• Participants with a social_score of above 10 and an emotional_score of 10
and below were labeled as 'socially lonely'.

• Participants with an emotional_score of above 10 and social_score of 10
and below were labeled as 'emotionally lonely'.

• Participants scoring above 10 on both scales were considered 'both socially
and emotionally lonely'.

• Finally, those scoring 10 or below on both scales were categorized as 'not
lonely'.

We first applied some basic statistics to analyze the different aspects of loneliness
among the students in the dataset. This involved calculating the mean, median,
first quartile (Q1), third quartile (Q3), and standard deviation (SD) for the four
distinct categories: 'socially lonely', 'emotionally lonely', 'both socially and emo-
tionally lonely', and 'not lonely'. This provided an initial overview of the overall
distribution and central tendency of loneliness within the dataset.

6.2.2 Differentiating Social and Emotional Loneliness

We conducted a statistical analysis using behavioural features to address our first
research question about differentiating between social and emotional loneliness.
Before applying statistical analysis, we used Mutual Information (MI) for feature
selection to identify the most relevant behavioural features for differentiating
between social and emotional loneliness. We selected features whose cumulative
MI reached a threshold of 95% of the total MI across all features.

We then checked the normality of the distribution of behavioural features for both
socially and emotionally lonely student groups. This was conducted using the
Shapiro-Wilk test [Roy83], which is a robust method for testing normality in data
and it is particularly effective for small sample sizes like ours (24 participants in
the socially lonely group and 19 in the emotionally lonely group). The normality
check is important because different statistical tests are suitable for different
types of data distributions. Parametric tests, such as t-tests or ANOVA, assume
that the data follows a normal distribution. If this assumption is violated, non-
parametric tests like the Mann-Whitney U test, are more appropriate as they do
not rely on the normality assumption. By using the Shapiro-Wilk test, we ensured
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the validity and reliability of our subsequent statistical analyses in identifying
differences between socially and emotionally lonely groups.

Given that the Shapiro-Wilk test indicated a non-normal distribution for majority
features, we used a two-sided Mann–Whitney U test to compare the feature distri-
butions between the socially and emotionally lonely groups. This non-parametric
test was selected for its ability to compare differences between two independent
samples without the assumption of normal distribution. The goal was to de-
termine if there were statistically significant differences in the feature profiles
between socially lonely and emotionally lonely groups. The null hypothesis for
this test was that there was no difference in the mean of features between the
two groups, while the alternative hypothesis stated that the mean of one or more
features would differ.

To quantify the magnitude of the differences observed between the socially and
emotionally lonely groups, we calculated effect sizes using the statistical technique
called bootstrapping. Bootstrapping is a resampling technique that enhances the
reliability of statistical inferences, which is particularly useful when working with
smaller sample sizes. This method works by repeatedly sampling with replace-
ment from the original dataset to create multiple simulated datasets. This helps
for the estimation of sampling distributions and the calculation of robust statis-
tics. In our case, a total of 10K bootstrap samples were used to estimate the
distribution of the effect size and resampled features with replacement, which
provides a more robust measure in the context of our small sample sizes. This
involved resampling the observations (with replacement) 10K times to create mul-
tiple bootstrap samples. We selected Cohen’s d as our effect size metric. Cohen’s
d is a standardized measure of the difference between two group means, that is
expressed in units of standard deviations. This standardization is used for mean-
ingful comparisons across different variables with varying scales which makes it
suitable for our analysis of diverse features. Alongside the point estimate, a 95%
confidence interval was computed from the bootstrap distribution to calculate
the precision of the effect size.

6.2.3 Predictive Modeling for Loneliness Classification

We trained multiple ML multi-class classification algorithms to address our sec-
ond research question regarding the power of behavioural features in classifying
loneliness types. The dataset has instances labeled as 'socially lonely', 'emotion-
ally lonely', 'both lonely', or 'not lonely'. As we explained in Chapter 3 as well,
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we selected four widely used machine learning algorithms for our classification
task: Support Vector Machine (SVM), XGBoost, Random Forest, and K-Nearest
Neighbors (KNN).

We used nested cross-validation for model evaluation and selection. In the
outer loop, we used leave-one-subject-out cross-validation to assess generaliza-
tion. Within each iteration of the outer loop, we used an inner loop of stratified
three-fold cross-validation for hyperparameter tuning using GridSearchCV. Pre-
processing steps were conducted within each inner fold before model training and
evaluation, including feature scaling, handling missing values, feature selection us-
ing MI, and handling class imbalance with SMOTE. We used the macro-averaged
F1 score as the evaluation metric for model selection in cross-validation.

For baseline comparisons, we considered the majority class, random weighted
classifier, and decision tree models trained on the original, imbalanced dataset to
provide a fair comparison. The majority class model always predicts the most
frequent class in the dataset to serve as a naive baseline. The random weighted
classifier makes predictions randomly. The decision tree model makes classifica-
tions based on a series of feature-based questions to serve as a middle-ground
comparison between the simplest baselines and our more complex models. These
baselines serve as reference points to evaluate the performance of more complex
models. The primary metrics for assessing the performance of each model were
accuracy, precision, sensitivity, and F1 score. These metrics were calculated for
each loneliness category which provide a detailed view of the model’s perfor-
mance. Accuracy provided a global view of model performance, while precision,
sensitivity, and the F1 score provided insights into the model’s ability to predict
each specific class.

6.2.4 Feature Importance Analysis

To address our third research question regarding determining the most important
features used by the predictive models in distinguishing between the different
loneliness types, we used the Shapley Additive exPlanations (SHAP) values for
XGBoost and Random Forest models [LEC+20]. We chose these two models
specifically because they provided the best results in our predictive classification
task.

SHAP values measure the impact of each feature on the model’s output for clas-
sification. In our multi-class context, SHAP computes values for each class sep-
arately to compute feature importance for each loneliness type. Once the classi-
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fication models were trained, we used the SHAP library to compute the SHAP
values for each feature across all data points. This process outputs a SHAP value
for each feature for each prediction and each class, indicating the feature’s impact
on the model’s output for classification. We averaged the absolute SHAP values
for each feature within each class to analyze the importance of class-specific fea-
tures. Averaging the absolute SHAP values helped us to see the overall influence
of each feature on the model’s predictions to provide a clear and robust measure of
feature importance within each class. We then ranked the features based on their
average absolute SHAP values within each class to identify the most important
behavioural indicators for each loneliness category.

6.3 Results

6.3.1 Overview of Loneliness in Participants

For the specific dimensions of loneliness, the mean social loneliness score was
10.93, with a median of 11 and an interquartile range (Q1: 9, Q3: 13) with a
standard deviation of 2.736. Emotional loneliness scores have a mean of 10.71, a
median of 11, and the same interquartile range (Q1: 9, Q3: 13), but a slightly
higher standard deviation of 2.905. These statistics include all students to capture
the full range of social and emotional loneliness within the dataset.

When classifying participants based on their social and emotional loneliness
scores, we found a bit larger subset experiencing social loneliness (11.71%, 24
out of 205) compared to emotional loneliness (9.27%, 19 out of 205). However,
a significant portion (42.44%, 87 out of 205) reported feeling both socially and
emotionally lonely which highlights the interconnectedness of these experiences.
36.59% (75 out of 205) were classified as feeling neither socially nor emotionally
lonely.

6.3.2 Statistical Differences for Social and Emotional
Loneliness

To determine whether behavioural features could differentiate between social and
emotional loneliness, we conducted a two-sided Mann-Whitney U test on the
non-normally distributed data (as confirmed by the Shapiro-Wilk test). Table 6.2
presents the statistically significant (p < 0.05) features only with mean differences
and their effect sizes for socially and emotionally lonely groups. We interpret the

Loneliness Detection
Using Technology

92 Malik Muhammad Qirtas



6. Social and Emotional Loneliness
Detection 6.3 Results

magnitude of effect sizes (Cohen’s d) using the commonly used approach, where
values of 0.2, 0.5, and 0.8 are considered as thresholds for small, medium, and
large effects, respectively [Coh13]. Below are the key results.

Table 6.2: Summary of Significant Features for SL and EL Groups Including
Mean Differences and Effect Sizes.

Features SL Group EL Group MDiff Effect Size (Cohen’s d)

Location

LogLocationVariance(evening) 2.301 (1.864, 2.875) 3.751 (3.284, 4.324) -1.452 -0.715 (-0.964, -0.514)
NumberOfSignificantPlaces 1.504 (1.67, 2.53) 2.167 (1.675, 2.602) -0.663 -0.327 (-0.529, -0.264)
NumberOfLocationTransitions 5.463 (4.174, 6.732) 7.374 (5.638, 9.532) -1.911 -0.780 (-0.957, -0.604)
NormalizedLocationEntropy 0.451 (0.403, 0.546) 0.323 (0.253, 0.350) 0.128 0.640 (0.549, 0.732)

Phone Usage

SumDuration 400.204 (384.163, 416.432) 495.535 (480.862, 510.303) -95.331 -0.535 [-0.758, -0.313]
CountEpisode 30.104 (25.562, 35.942) 40.645 (35.074, 45.521) -10.541 -0.647 [-0.855, -0.439]
FirstUseAfter 28.745 [24.389, 33.867] 45.067 [41.483, 48.965] -16.322 -0.578 [-0.739, -0.418]
MaxDuration 7.683 (6.422, 8.955) 18.073 (17.534, 19.131) -10.390 -0.756 [-0.910, -0.603]

Bluetooth

UniqueDevices 3.701 (2.485, 4.933) 5.516 (4.433, 6.597) -1.815 -0.238 (-0.302, -0.175)
CountScans 13.231 (11.630, 14.842) 19.096 (17.751, 20.448) -5.865 -0.277 (-0.452, -0.102)

Steps

MaxSumSteps 5800.553 (5400.705, 6200.321) 6300.878 (5900.205, 6700.426) -500.325 -0.518 (-0.604, -0.433)
AvgSumSteps 4800.335 (4500.634, 5100.074) 5300.745 (5000.832, 5600.642) -500.410 -0.237 (-0.374, -0.128)

Sleep

AvgDurationAwake 60.320 (48.294, 72.041) 88.385 (78.037, 102.181) -28.065 -0.451 (-0.647, -0.255)
AvgDurationaSleep 510.047 (405.378, 610.582) 407.731 (385.284, 433.539) 102.316 0.404 (0.308, 0.501)

Our analysis of location-based features found significant differences between so-
cially lonely (SL) and emotionally lonely (EL) groups. The log-transformed lo-
cation variance in the evening, which represents the variability in a participant’s
geographic position, was lower for the SL group (M = 2.301) compared to the EL
group (M = 3.751), with a medium effect size of -0.715. This indicates that emo-
tionally lonely individuals show more varied movement patterns in the evening.
On the daily basis, the SL group visited fewer significant places, defined as dis-
tinct locations (M = 1.504), compared to the EL group (M = 2.167). The number
of transitions between these significant locations was also lower for the SL group
(M = 5.463) than the EL group (M = 7.374), with a large effect size of -0.780,
indicating less movement between key locations for socially lonely individuals.
Interestingly, the normalized location entropy, which measures the evenness of
time distribution across significant locations, was higher for the SL group (M =
0.451) compared to the EL group (M = 0.323). This indicates that while socially
lonely individuals visit fewer locations, they tend to distribute their time more
evenly across these places.
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Analysis of phone usage patterns also found significant differences between the
two groups. The EL group showed higher overall phone engagement with a total
daily unlock duration of 495.535 minutes compared to 400.204 minutes for the
SL group (d = -0.535). The EL group took longer to first use their phone after
waking, averaging 45.067 minutes versus 28.745 minutes for the SL group with an
effect size of -0.578. Another difference was in the maximum duration of a single
unlock episode, with the EL group spending up to 18.073 minutes compared to
7.683 minutes for the SL group. Other metrics, including the frequency of phone
unlocks, also showed higher values for the EL group.

Analysis of Bluetooth related patterns also found significant differences between
groups. It shows that the EL group encountered more unique devices daily (M
= 5.516, 95) compared to the SL group (M = 3.701) which indicates increased
social proximity or time spent in populated areas. Step count analysis showed
the EL group had higher average daily steps (M = 5300.745) than the SL group
(M = 4800.335), with a medium to large effect size (d = -0.754). Sleep patterns
differed as well with the SL group sleeping longer on average (M = 510.047
minutes) compared to the EL group (M = 407.731 minutes). However, the EL
group spent more time awake in bed (M = 88.385 minutes) than the SL group
(M = 60.320 minutes) which might indicate sleep quality issues.

6.3.3 Predictive Power of Behavioural Features in Lone-
liness Categories

Table 6.3 presents the predictive performance of different ML classifiers for cat-
egorizing loneliness into 'socially lonely', 'emotionally lonely', 'both lonely', and
'not lonely'. We compared these classifiers against three baseline models: Major-
ity Class (BL1: MC), Decision Tree (BL2: DT), and Random Weighted Classifier
(BL3: RWC). These baseline models were chosen because they provide simple,
interpretable benchmarks to evaluate the performance of more complex classifiers.

The XGBoost model achieved the highest overall accuracy of 78.48%. It outper-
formed in classifying the 'Both Lonely' category with an F1-score of 85.44% and
showed strong performance in the 'Emotionally Lonely' category with an F1-score
of 70.49%. The XGBoost model showed the best overall balance and highest met-
rics across all classes. After that, the Random Forest model achieved an accuracy
of 75.58%, showing strong performance with an F1-score of 82.41% for the 'Both
Lonely' class and 72.76% for the 'Not Lonely'class. The model provided a good
balance of precision and sensitivity across all categories. Support Vector Machine
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(SVM) performed well with 70.10% accuracy and made strong predictions in the
'Both Lonely' and 'Not Lonely' categories. K-Nearest Neighbors (KNN) shown
balanced performance with a 65.53% accuracy.

While F1-scores provide a balanced performance measure but investigating pre-
cision and sensitivity separately can provide important observations regarding
these models. For instance, the XGBoost model showed high precision (88.07%)
in detecting students who are 'Both Lonely', which shows a low false positive
rate for this category. However, its sensitivity for 'Socially Lonely' students was
lower (58.59%), which shows some challenges in identifying all cases in this cat-
egory. The Random Forest model showed a more balanced precision-sensitivity
trade-off for the 'Not Lonely' category (precision: 75.94%, sensitivity: 70.86%)
which shows consistent performance in both correctly identifying and capturing
instances of this class. These nuances in precision and sensitivity across differ-
ent loneliness categories highlight the varying challenges in accurately classifying
each type of loneliness.

Table 6.3: Classification Results for Different Models on Loneliness Categories

Model Acc Socially Lonely Emotionally Lonely Both Lonely Not Lonely

Prec Rec F1 Prec Sens F1 Prec Rec F1 Prec Sens F1

BL1: MC 42.54 0.00 0.00 0.00 0.00 0.00 0.00 42.54 100.00 59.59 0.00 0.00 0.00

BL2: DT 45.49 20.45 25.87 22.84 18.38 21.44 19.18 55.46 65.32 60.50 35.20 38.39 36.54

BL3: RWC 35.47 11.65 24.58 15.24 9.18 19.43 12.54 40.94 85.34 54.65 37.28 38.22 37.59

SVM 70.10 60.00 50.55 55.74 65.28 60.74 62.63 75.18 80.11 77.67 70.39 65.54 67.10

RF 75.58 65.43 55.74 60.54 70.15 65.24 67.08 80.84 85.72 82.41 75.94 70.86 72.76

KNN 65.53 55.11 45.69 50.64 60.48 55.00 57.06 70.15 75.75 72.38 65.57 60.92 62.14

XGBoost 78.48 68.37 58.59 63.62 68.63 73.27 70.49 88.07 83.13 85.44 73.58 78.52 75.27

6.3.4 Important Features for Loneliness Classification

Fig.6.1 and Fig.6.2 present the mean absolute SHAP values for different features
across the four loneliness categories: Socially Lonely (SL), Emotionally Lonely
(EL), Both Lonely (BL), and Not Lonely (NL). The x-axis represents the nor-
malised mean absolute SHAP value for each feature, which shows the average
magnitude of that feature’s contribution to the model’s output. SHAP values
represent the impact of a feature on the model’s prediction. The magnitude of
a SHAP value shows the feature’s importance for a particular prediction. In our
figures, larger mean absolute SHAP values indicates a stronger average influence
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Figure 6.1: Mean absolute SHAP values for XGBoost model
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Figure 6.2: Mean absolute SHAP values for Random Forest model

of that feature on the model’s decisions.

Both XGBoost and Random Forest models identified location-based and phone
usage features as highly influential in distinguishing between loneliness categories.
However, there were some differences in the relative importance of specific features
between the two models. The most influential features in the XGBoost model
were the maximum duration of phone usage and location maximum length of stay
at clusters. These features showed a strong impact across all loneliness categories
but the strongest effect was on the 'Both Lonely' category. Sleep-related features
such as average duration awake also showed some importance specifically for the
'Not Lonely' category.
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In our Random Forest model, the SHAP value analysis also found important
findings related to features. Location-based features such as variance and entropy
were highly influential and had the greatest impact on almost all categories.
The maximum duration of the phone and location entropy were also influential.
Interestingly, Bluetooth-related features appeared more important in the Random
Forest model as compared to XGBoost.

6.4 Discussion

The main aim of this chapter was to explore how behavioural features from pas-
sive sensing data could distinguish between social and emotional loneliness and
classify loneliness types using machine learning models. The analysis found statis-
tically significant differences in the behavioural markers for social and emotional
loneliness groups. The observed differences in behavioural features between the
Socially Lonely (SL) and Emotionally Lonely (EL) groups provide evidence that
passive sensing can capture distinct patterns associated with these two forms of
loneliness.

Location-based behaviours showed significant differences between the two groups.
The EL group showed higher location variance, especially in the evening, visited
more significant places, and had more location transitions compared to the SL
group. In contrast, the SL group’s lower mobility and fewer significant places
visited may indicate a lack of interest or opportunity to participate in social
interactions, which is a sign of social loneliness [Rei21]. This behaviour might
be linked to the Introversion-Extraversion Dimension of personality. Socially
lonely individuals may lean towards introversion who prefer solitary activities
and less social stimulation [Bur95]. There could also be some other factors for
this behaviour, like a lack of social support, which might discourage them from
exploring new environments or engaging in social activities. Interestingly, while
the SL group visited fewer locations, they showed higher location entropy, which
indicates more evenly distributed time across the places they visited. This might
indicate a preference for familiar or comfortable environments, maybe somehow
to manage feelings of social disconnection. This difference between the two groups
shows the nuanced ways in which loneliness manifests. However, it is important
to note that the current data cannot definitively establish a causal relationship.
Existing studies provide some information about the reasons behind loneliness re-
lated behaviours [DJIHK18, LJF21, MRTALPCS21, HÖK+22]. However a deeper
investigation is still needed while using different methods like combining quali-
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tative methods with behavioural features to gain a more nuanced understanding
of the complex relationship between these two loneliness types and daily life be-
haviours.

The findings on phone usage patterns also show differences between the two
types of loneliness. The EL group uses their phones more often and for longer
periods, which might mean they prefer digital communication instead of face-to-
face interactions. This could be explained by the idea of displacement hypothesis,
where increased digital engagement takes the place of in-person social interactions
and it could lead to increased feelings of isolation or loneliness [VP07]. The SL
group uses their phones less, maybe because they have a different social situation
or don’t feel the need for digital contact.

The Bluetooth data shows more unique device encounters for the EL group, which
supports the location data in suggesting that emotionally lonely individuals might
seek out more populated areas. According to existing research, this behaviour
aligns with the emotional loneliness construct, where individuals might feel lonely
despite being in social settings [Wei75]. Significant differences in physical activity
and sleep patterns between the two groups provide additional information about
the behavioural impacts of loneliness. The SL group is less physically active
which might cause or be a result of them withdrawing socially. They also sleep
more, which could be due to many reasons like if they are feeling depressed or
not active during the day, leading to a need for less sleep at night.

These findings have important implications for understanding the complex na-
ture of loneliness and its impact on student behaviour and well-being. These
findings show that passive sensing can differentiate between social and emotional
loneliness and find the behavioural patterns associated with each. These findings
can be used for targeted interventions, such as promoting social engagement for
socially lonely students or addressing emotional needs and connectivity for emo-
tionally lonely students. To maximize the effectiveness of such interventions, it is
important to first get a deeper understanding of the motivations and experiences
behind the behavioural differences we observed. More qualitative research with
behaviour understanding could help us to understand why individuals engage in
specific patterns and how they perceive the connection between their behaviours
and feelings of loneliness.

The machine learning models trained for classification based on loneliness types
showed their predictive capabilities of behavioural features extracted through
passive sensing data. The best-performing model was XGBoost with an overall

Loneliness Detection
Using Technology

98 Malik Muhammad Qirtas



6. Social and Emotional Loneliness
Detection 6.4 Discussion

accuracy of 78.48%. This highlights the power of ensemble-based techniques
for handling complex sensor datasets for loneliness prediction. Moreover the F1
score for XGBoost is also high for the 'Both Lonely' category as compared to
other models. This shows the overall robustness of XGBoost for the classification
of social and emotional loneliness.

The varying precision and sensitivity scores across different models and loneli-
ness categories highlight important observations about the challenges of classi-
fying loneliness types based on behavioural data. For instance, XGBoost’s high
precision (88.07%) for the 'Both Lonely' category indicates that when the model
predicts this category, it’s highly likely to be correct. This indicates that students
experiencing both social and emotional loneliness may exhibit more distinct be-
havioural patterns that are easier for the model to identify. On the other hand,
the lower sensitivity for the 'Socially Lonely' category across models indicates
that behaviours associated with social loneliness might be more subtle or varied,
making it challenging for models to identify all instances. This could imply that
social loneliness manifests in more diverse ways in behaviours and might over-
lap with patterns seen in other loneliness categories, which makes it difficult for
models to identify it correctly.

The feature importance analysis for XGBoost and Random Forest models pro-
vides important findings about the behavioural features that distinguish between
different loneliness categories. The consistent importance of location-based and
phone usage features across both models highlights their significance in under-
standing and categorizing loneliness. This indicates that mobility patterns play
a significant role in differentiating loneliness types. Interestingly, our analysis
found lower SHAP scores for features distinguishing between SL and EL groups
compared to those differentiating the 'Both Lonely' and 'Not Lonely' categories.
There could be multiple potential reasons for this observation. SL and EL might
share similar behavioural patterns in some aspects which made it challenging for
the models to distinguish between them based solely on passive sensing data.
This means the behavioural manifestations of social versus emotional loneliness
might be more nuanced and less pronounced in passive sensing data compared
to the clear differences between being lonely (in any form) and not lonely. This
could be because students experiencing both types of loneliness have shown more
clear or consistent behaviours. At the same time, those who are not lonely have
significant different patterns of movement, phone usage, and sleep.
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6.4.1 Comparison with Chapter 5 Results

Chapter 5 and this chapter used the same GLOBEM dataset but in different
contexts. Chapter 5 generic models were trained for binary classification with
incremental learning while here we trained for multi-class classification using all
the data at once. Comparing results from both chapters provides important
observations about the complexities of loneliness detection using passive sensing
data.

The XGBoost model consistently outperformed other algorithms in both chapters
with an accuracy of 76.52% in Chapter 5 and 78.48% in this chapter. However,
other metrics such as precision and sensitivity were lower in Chapter 5 for detect-
ing lonely classes as compared to this chapter, 'both lonely' class. This could be
due to inherent challenges with the incremental learning approach and benefits
of batch learning in this chapter.

Both chapters showed strong performance in classifying general lonely vs not
lonely which shows that passive sensing data can effectively capture overall lone-
liness states in behaviours. However, the multi-class model’s lower performance in
distinguishing between the SL and EL categories shows that these specific types of
loneliness may have more subtle or overlapping behavioural manifestations which
made it hard for the models to capture and learn effectively in the small sample.
This also highlights the complexity of loneliness as a psychological construct and
the challenges in its fine-grained classification based solely on behavioural data.

6.5 Conclusions and Limitations

In this chapter, we have explored the multifaceted nature of loneliness among stu-
dents, specifically focusing on the distinction between social and emotional lone-
liness using passive sensing data. Our research has addressed three key questions
that provide important insights into the behavioural manifestations of different
types of loneliness. The main takeaways from this chapter are:

• Firstly, our analysis found that behavioural features extracted through pas-
sive sensing data can differentiate between socially and emotionally lonely
students. The statistical test found statistically significant differences in
various behavioural features between these two groups. Socially lonely in-
dividuals showed less variance in their locations as compared to emotionally
lonely individuals. Additionally, socially lonely students had shorter overall
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phone usage duration, fewer Bluetooth scans, and fewer steps than emo-
tionally lonely students.

• Our study has shown the considerable predictive power of behavioural fea-
tures in classifying social and emotional loneliness. The XGBoost model
achieved the highest overall accuracy of 78.48% and a high F1 score across
all loneliness categories. This shows the potential of behavioural features
extracted through passive sensing in identifying and differentiating between
types of loneliness.

• We identified the most important behavioural features for predictive mod-
els in classifying loneliness and its types. Our analysis identified phone
usage and location-based features as critical in distinguishing between lone-
liness categories in both XGBoost and Random Forest models. The findings
highlighted that phone usage duration, location variance, and sleep-related
features were particularly significant in differentiating socially, emotionally,
and both socially and emotionally lonely individuals from those not expe-
riencing loneliness.

Despite these significant findings, our study has some limitations that could be
addressed in future research (see Chapter 8 for details):

• As we discussed in earlier chapters as well, the generalizability of our find-
ings is limited by the size and diversity of the dataset. The participants,
who are college students, form a homogeneous group with possibly similar
daily routines and psychological challenges.

• The dataset we used does not capture all the characteristics associated
with loneliness. Personal relationships [dJG89], age [SHGDF20], major
life events [LEV20], and mental health history [HCH+22] all significantly
influence an individual’s experience of loneliness.
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Chapter 7

The Relationship between
Loneliness and Depression among
College Students: Mining Data
Derived from Passive Sensing

7.1 Overview

Throughout this thesis, we have explored the potential of passive sensing to find
patterns of loneliness within the student population. We have presented how be-
havioural data can help us understand and detect the signs of loneliness. However,
loneliness rarely exists in isolation; it is often deeply intertwined with depression.
[PMHJ+21]. Loneliness is an experience in which a person perceives a lack of
quality social relationships [PP81]. While Depression, or major depressive dis-
order (MDD), is a clinical mental health condition, characterized by constant
feelings of sadness, despair, and lack of interest in engaging in activities [Pay08].
Within the broader context of student mental health, it is important to recog-
nize the interconnection between loneliness and depression. These conditions
often co-occur and can create a cycle of worsening emotional distress [LWGB15].
Loneliness can increase the risk of depression, and the two conditions can worsen
each other [HG06, CHT10]. College students often go through new experiences
and academic pressures and find themselves particularly vulnerable to these con-
ditions [CBY+20]. There is a significant impact of loneliness and depression on
the academic progress and well-being of students [LDB19]. While the connec-
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tion between loneliness and depression is well-known in psychology literature,
the understanding of the specific behavioural patterns that distinguish loneliness
and depression is still limited [CHT10, QBR+13]. This understanding is crucial
for developing targeted interventions that address the unique needs of students
struggling with loneliness and depression. In this chapter, we aim to address this
gap by using passive sensing data to identify unique behavioural markers asso-
ciated with loneliness and depression in student population. This approach is
novel, as no prior studies have used passive sensing data to study the behavioural
connection between loneliness and depression.

In this chapter, we want to understand how behavioural patterns identified
through passive sensing can reflect a person’s experiences of loneliness, depres-
sion, or potentially even both. By filling this knowledge gap, we hope to improve
the existing detection systems, which could lead to more personalized interven-
tions that fit each person’s specific needs. To investigate the relationship between
loneliness, depression, and student behaviours, we used multiple methods, includ-
ing regression analysis, mediation analysis, association rule mining (ARM), and
machine learning. The key research questions we explored are:

1. What are the common and distinct behavioural patterns of students who
are lonely or depressed, and how do these differ from those who are not?

2. How do loneliness and depression affect each other in the context of college
students, and which specific behavioural markers serve as mediators in these
relationships?

3. How effectively can behavioural markers, when combined with loneliness
and depression scales as an input feature, identify lonely and depressed
students?

7.2 Methods

7.2.1 Behavioural Patterns and their Relationship with
Loneliness and Depression

In this study, we have used the StudentLife dataset. To answer our first research
question related to finding common and distinct behavioural patterns between
lonely and depressed students, we applied separate multivariate logistic regression
models to independently model the probability of students experiencing loneli-
ness and depression based on their behavioural features. Logistic regression was
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chosen for this analysis because it is particularly well-suited for addressing the
research question of identifying behavioural patterns associated with loneliness
and depression. It can model binary outcomes (lonely/not lonely, depressed/not
depressed) to find a direct assessment of the probability of experiencing these
conditions based on various behavioural features as predictors. It also provides
interpretable coefficients to quantify the relationship between each behavioural
feature and the likelihood of experiencing loneliness or depression. We used Mu-
tual Information (MI) method to select most important features to include in this
analysis.

The dependent variables in each model were two measures of loneliness and de-
pression, specifically the UCLA loneliness scale [RPC80] and the PHQ-9 de-
pression scale [KSW01]. The independent variables were behavioural features
extracted from the StudentLife dataset. Our objective was to understand how
changes in each independent variable (behavioural feature) affect the likelihood of
being lonely and depressed. By modelling these relationships, we aimed to iden-
tify which behaviours are significantly associated with increased odds (positive
association) or decreased odds (negative association) of experiencing loneliness or
depression. The coefficients in each model represent the change in the log odds
of the respective outcome (loneliness or depression) associated with a one-unit
increase in the corresponding predictor variable (behavioural feature). These co-
efficients were transformed into odds ratios (OR) for easier interpretation. An
OR greater than 1 indicates that a one-unit increase in the predictor is associated
with an increase in the odds of the outcome, while an OR less than 1 indicates a
decrease in the odds. For example, an OR of 1.5 for phone usage duration in the
loneliness model would indicate that a one-unit increase in phone usage duration
is associated with a 50% increase in the odds of being lonely. We considered
results statistically significant if the p-value was less than 0.05. We used the
bootstrap resampling method here to address the class imbalance and to obtain
robust estimates of odds ratios (OR), p-values, and confidence intervals.

We also used Association Rule Mining (ARM) to complement the logistic regres-
sion analysis by looking into the combination of behavioural patterns associated
with loneliness and depression separately. While logistic regression examines the
independent effects of individual predictors, ARM finds how combinations of these
features may collectively contribute to each outcome. This provides a more holis-
tic understanding of the underlying behavioural mechanisms for both loneliness
and depression. We used the Apriori algorithm [AIS93] which is a standard ap-
proach in ARM to discover frequent item sets and derive association rules from
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them. It can find complex combined patterns that might not be evident with
logistic regression alone.

The Apriori algorithm is a two-step process for discovering patterns in transac-
tional data such as the behavioural patterns of students in our study. It aims
to uncover association rules that reveal relationships between different items (or
behavioural categories) that frequently occur together.

Step 1: Identifying Frequent Itemsets

In the first step, Apriori identifies frequent itemsets. These are groups of items
that appear together in a significant proportion of transactions. The support
of an itemset is defined as the proportion of transactions that contain all items
in the itemset. For example, if items A and B appear together in 30% of the
transactions, then the support for the itemset A, B is 0.30.

Step 2: Generating Association Rules

Once the frequent itemsets are identified, Apriori proceeds to the second step
which is generating association rules. An association rule is A → B, where A and
B are itemsets. This rule implies that if itemset A is present in a transaction, then
itemset B is also likely to be present. The strength of this association is measured
by two metrics; confidence and lift. Confidence is the conditional probability of
finding itemset B in a transaction given that itemset A is already present in that
transaction. It’s calculated as the ratio of the support of the combined itemset A,
B to the support of itemset A alone. For instance, if the rule is A → B, and 90%
of transactions containing A also contain B, the confidence of this rule would be
0.90. Lift measures how much more likely two items (or behaviours) are to occur
together than if they were completely independent. A lift greater than 1 means
these items tend to appear together more often than expected by pure chance
which suggests a real connection or association between them.

The Apriori algorithm was run with a minimum support threshold of 0.1 (mean-
ing that a pattern must appear in at least 10% of participants to be considered
frequent), a minimum confidence threshold of 80% (meaning that the rule’s an-
tecedent must predict the consequent at least 80% of the time), and a minimum
lift value of 1.5 (meaning that the association between the antecedent and conse-
quent is 1.5 times stronger than expected if they were independent). To handle
the varying scales of behavioural features, we categorized each into low, medium,
and high groups based on their distribution, using the 33rd and 66th percentiles
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for categorization. This is a common practice in ARM, as it simplifies the analysis
by reducing the complexity of the feature space and it provides more interpretable
association rules. Additionally, this categorization aligns with our research ques-
tion, which aims to find meaningful patterns of behaviour rather than precise
numerical values.

7.2.2 Mediation Analysis: Exploring the Relationship be-
tween Loneliness and Depression

We used mediation analysis to investigate how loneliness and depression influ-
ence each other through different behavioural features. Mediation analysis is
a statistical method that helps to identify how intermediate variables or be-
haviours mediate the relationship between 2 variables [MCP12]. We used this
approach to address the second research question about exploring the relation-
ship between loneliness, depression, and behavioural features and identifying spe-
cific behaviours that may serve as pathways through which these two conditions
influence each other.

Mediation analysis involves examining how an independent variable (IV) affects
a dependent variable (DV) through a mediator variable (M) which can be seen in
Figure 7.1. IV is the initial variable that we hypothesize associated with the DV.
M is the intermediate variable through which the IV influences the DV. While
DV is the outcome variable that we are interested in. Our focus is on the indirect
effect, which represents the pathway through the mediator.

IV DV

M

a b

c’

Figure 7.1: Mediation Analysis For Relationship Between an Independent Vari-
able (IV), Mediator (M), and Dependent Variable (DV). The direct effect (c’)
represents the relationship between the IV and DV, while the indirect effect (a*b)
represents the effect of the IV on the DV through the mediator.
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The analysis involves two steps to compute the indirect effect. First, regress the
mediator (M) on the independent variable (X) to obtain the coefficient α.

M = α0 + α1X

Here, α0 is the intercept term, representing the expected value of M when X
is zero. α1 represents the slope, indicating how much M changes for a one-unit
increase in X. Together, these coefficients describe the linear relationship between
X and M.

Next, regress the dependent variable (Y) on both the independent variable (X)
and the mediator (M) to obtain the coefficients β1 (for the mediator) and β2 (for
the independent variable).

Y = β0 + β1M + β2X

The indirect effect is calculated as α1 x β1, representing the effect of X on Y
through the mediator.

To investigate the effect of loneliness on depression through behavioural features,
We conducted mediation analyses using loneliness as the independent variable
(IV) and depression as the dependent variable (DV). Similarly, while studying the
effect of depression on loneliness, depression served as the IV and loneliness as the
DV. Each behavioural feature was investigated as a potential mediator variable.
We used the bootstrapping method with 10k samples to test the significance due
to its robustness with small sample sizes. Based on EDA analysis, only those
features were included in this analysis that show linear relationship with the IV
and DV as it is an assumption for mediation analysis.

7.2.3 Machine Learning Prediction of Loneliness and De-
pression

To assess the efficacy of behavioural features in predicting loneliness and de-
pression, we developed two separate sets of binary classification models: one for
loneliness and another for depression. For each classification task, we used multi-
ple algorithms, including logistic regression, k-nearest neighbours, support vector
machine, random forest, and XGBoost. For the loneliness classification models,
we used behavioural features in combination with the PHQ-9 depression scale
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scores as predictors. Similarly, for the depression classification models, we used
the same behavioural features along with the UCLA loneliness scale scores as
predictors.

Our model evaluation used the pipeline with nested cross-validation method. In
the outer loop, we implemented leave-one-subject-out cross-validation to evaluate
generalization. For each iteration of the outer loop, we have an inner loop of strat-
ified three-fold cross-validation for hyperparameter tuning using GridSearchCV.
Preprocessing steps, including missing values imputation, feature scaling, feature
selection and handling class imbalance using SMOTE were performed within each
inner fold before model training and evaluation. This approach minimized the
risk of overfitting by tuning hyperparameters on multiple stratified subsets of the
training data.

For baseline comparisons in loneliness prediction, we considered the majority
class, random weighted classifier, and a decision tree model that used only the
PHQ-9 Depression Scale score as an input feature. Similarly, for depression pre-
diction baselines, we used the majority class, random weighted classifier, and a
decision tree model with only the UCLA Loneliness Scale score as the input fea-
ture. These baselines helped us to assess the added value of adding behavioural
features in our more complex models. Performance metrics such as accuracy, pre-
cision, sensitivity, F1-score, and area under the receiver operating characteristic
curve (AUC) were calculated for each model.

7.3 Results

7.3.1 Identified Behavioural Patterns of Lonely and De-
pressed Students

The regression analysis findings (Table 7.1) show significant associations between
behavioural features and loneliness and depression. The following sections present
the key findings for each behavioural feature.

Phone Usage The phone usage features showed several significant associations
with loneliness and depression.

• Loneliness: We found a strong positive association between overall phone
usage duration and loneliness. Students who spent more time on their
phones throughout the day had higher odds of experiencing loneliness (odds
ratio of 1.50, p=0.003). This connection remained significant even when

Loneliness Detection
Using Technology

108 Malik Muhammad Qirtas



7. Relationship between Loneliness
and Depression 7.3 Results

Table 7.1: Results of Regression Analysis for Loneliness and Depression: Odds Ra-
tios, 95% Confidence Intervals, and p-values for Behavioural Features

behavioural Feature Loneliness Depression

Odds Ratio 95% CI p-valueOdds Ratio 95% CI p-value

Total Number of
screens unlocks 1.20 [1.05,1.37] 0.031 0.75 [0.62,0.91] 0.044
Number of screens
unlocks (evening) 1.75 [1.32,2.31] 0.001 0.80 [0.65,0.95] 0.021
Phone usage duration 1.50 [1.20,1.88] 0.003 0.70 [0.52,0.94] 0.018
Phone usage
duration (evening) 1.45 [1.15,1.85] 0.002 1.10 [0.95,1.26] 0.310
Number of location transitions 1.73 [1.30,2.20] 0.016 0.65 [0.50,0.95] 0.034
Number of unique
places visited 1.13 [1.03,1.23] 0.021 0.85 [0.76,0.95] 0.023
Activity duration 0.72 [0.54,0.91] 0.014 0.69 [0.55,0.87] 0.022
Sleep duration 0.46 [0.30,0.70] 0.002 0.75 [0.62,0.90] 0.003
Number of conversations 1.50 [0.95,2.38] 0.101 0.75 [0.63,0.89] 0.002
Number of incoming calls 0.82 [0.71,0.94] 0.023 1.10 [0.90,1.35] 0.351
Number of incoming
calls (evening) 0.30 [0.20,0.45] 0.002 1.10 [0.95,1.26] 0.303

focusing specifically on evening phone usage (odds ratio of 1.45, p=0.002).
Similarly, features related to the number of screen unlocks also show a
positive association with loneliness.

• Depression: The trend for depression was different. Higher phone usage
was associated with lower odds of depression (odds ratio of 0.70, p=0.018).
However, the relationship between evening phone usage and depression was
not statistically significant. Similarly, the screen unlock features showed a
negative association with depression.

Locations The location features include the number of significant locations vis-
ited (calculated using clustering algorithms to identify clusters, where each cluster
represents a significant place) and the number of location transitions (the number
of movements between any two clusters in a time segment) [VLA+20].

• Loneliness: Students who have a higher number of location transitions over-
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all throughout the day were more likely to experience loneliness (odds ratio
of 1.73, p=0.016). However, this association weakened somewhat when con-
sidering the number of unique places visited (odds ratio of 1.13, p=0.021).

• Depression: Interestingly, we found the opposite trend for depression. Stu-
dents with a high number of location transitions, particularly unique ones,
had lower odds of experiencing depression (odds ratio of 0.65, p=0.034 for
overall transitions and odds ratio of 0.85, p=0.023 for unique places).

Physical Activity Duration Higher physical activity duration was associated
with a reduced likelihood of both loneliness and depression. The odds ratios
were almost similar for both conditions (0.72, p=0.014) for loneliness, and for
depression, 0.69, p=0.022.

Sleep Just like physical activity, sleep duration was negatively associated with
both loneliness and depression. The odds ratio for loneliness is 0.46 with p=0.002
and for depression, the odds ratio is 0.75 with p=0.003.

• Loneliness: Longer sleep duration was associated with a 54% decrease in
the likelihood of feeling lonely (odds ratio of 0.46, p=0.002).

• Depression: Similarly, students who slept longer had lower odds of experi-
encing depression (odds ratio of 0.75, p=0.003).

Conversation While number of conversations was associated with a lower like-
lihood of depression (odds ratio of 0.75, p=0.002), this relationship was not sta-
tistically significant for loneliness.

Calls Our analysis found that the number of incoming calls may play a role in
reducing feelings of loneliness. Students with more incoming calls throughout
the day had lower odds of experiencing loneliness, with an odds ratio of 0.82.
Similarly, the number of incoming calls in the evening showed an odds ratio
of 0.30 for loneliness. However, the relationships between the number of calls
and depression, both during the day and in the evening were not found to be
statistically significant.

Association Rule Mining (ARM) Findings

As presented in Table 7.2 our ARM analysis found a combination of behavioural
patterns associated with loneliness. The combination of behavioural patterns
with low location transitions, low activity duration, high overall screen unlocks,
low sleep, and medium incoming calls was strongly associated with loneliness,
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Table 7.2: Results of Association Rule Mining for Loneliness: Support, Confi-
dence, Lift, and Behavioural Patterns

Rulebehavioural Patterns Support Confidence Lift
1 Low location transitions, low ac-

tivity duration, high total screen
unlocks, low sleep, medium in-
coming calls, low day Bluetooth
scans

0.14 0.84 1.63

2 High phone usage, medium to-
tal screen unlocks, high evening
screen unlocks, low sleep, low
conversations, low day Bluetooth
scans

0.13 0.88 1.71

3 High evening phone usage, high
evening screen unlocks, low con-
versations, low activity duration,
low sleep, low evening incoming
calls

0.12 0.85 1.65

4 High total screen unlocks, high
unique places visited, low sleep,
low incoming calls, low activity
duration, medium conversations

0.11 0.82 1.59

5 Low location transitions, low
unique places visited, high
evening phone usage, low sleep,
low conversations, high evening
screen unlocks

0.10 0.81 1.57

being observed in 14% of students with 84% confidence. Similarly, students with
high evening phone usage, high evening screen unlocks, low conversations, low
activity duration, low sleep, and low evening incoming calls had a strong positive
association with loneliness. This pattern was present in 12% of the students, with
a high confidence of 85% and a lift of 1.65 which shows that this combination of
behaviours increases the likelihood of experiencing loneliness. Additionally, high
total screen unlocks, high unique places visited, low sleep, low incoming calls, low
activity duration, and medium conversations were found in 11% of the students,
with an 82% confidence and a lift of 1.59 a similar. Another important pattern
included high phone usage, medium total screen unlocks, high evening screen
unlocks, low sleep, low conversations, and low day Bluetooth scans, present in
13% of the students with a confidence of 88% and a lift of 1.71.

Similarly, Table 7.3 presents patterns found from ARM for depression. The most
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Table 7.3: Results of Association Rule Mining for Depression: Support, Confi-
dence, Lift, and Behavioural Patterns

Rulebehavioural Patterns Support Confidence Lift
1 Low location transitions, low

unique places visited, medium
phone usage, high evening screen
unlocks, low activity duration,
medium incoming calls

0.14 0.81 1.58

2 Low sleep, high total screen un-
locks, low incoming calls, low con-
versations, low activity duration,
high evening screen unlocks

0.12 0.86 1.67

3 High screen unlocks, medium
phone usage, low location transi-
tions, low unique places visited,
low activity duration, low day
Bluetooth scans

0.11 0.83 1.62

4 Low sleep, low conversations,
high total screen unlocks, low in-
coming calls, low activity dura-
tion, high evening screen unlocks

0.10 0.80 1.55

prevalent pattern, occurring in 14% of students with 81% confidence included low
mobility, moderate phone usage, low physical activity, and moderate social inter-
action. Another strong pattern, present in 12% of students with 86% confidence
and the highest lift of 1.67, combined poor sleep, high screen unlocks, and low
physical activity.

7.3.2 How Loneliness and Depression Affect Each Other:
Findings from Mediation Analysis

In this section, we present the results of the mediation analysis to explore the
effects of various behavioural features on the relationship between loneliness and
depression among students. The analysis aims to identify which behaviours me-
diate the impact of loneliness on depression and vice versa.

We found a significant negative indirect effect of loneliness on depression through
activity duration (Estimate = -0.72, p = 0.014). This shows that increased lone-
liness is associated with decreased activity duration, which in turn is linked to
higher levels of depression. Similarly, sleep duration also showed a negative effect
(Estimate = -0.50, p = 0.002). The indirect effect of the number of conversations
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on the relationship between loneliness and depression was significant (Estimate
= -1.07, p = 0.044). This means that increased loneliness is associated with a
decrease in the number of conversations, which in turn is linked to higher levels of
depression. The number of location transition features did not show a significant
estimate for loneliness on depression.

Table 7.4: Mediation Analysis Results for Loneliness and Depression

Loneliness → Depression Depression → Loneliness

Variable Estimate p-value 95 CI Estimate p-value 95 CI

activity duration -0.72 0.014 (-0.91, -0.54) -0.71 0.022 (-0.87, -0.55)

sleep duration -0.50 0.002 (-0.70, -0.30) -0.76 0.003 (-0.90, -0.62)

phone usage duration during

evening -1.10 0.310 (-2.50, 0.30) 1.50 0.002 (1.15, 1.85)

number of location transitions 1.73 0.116 (-0.40, 3.86) 0.72 0.034 (0.50, 0.95)

number of conversations -1.07 0.044 (-1.14, -1.01) -1.11 0.250 (-2.10, 0.12)

number of conversations

during day 1.40 0.121 (-0.36, 3.16) -0.77 0.004 (-0.92, -0.62)

For the effect of depression on loneliness through mediating variables, we found
a positive indirect effect of through evening phone usage duration (Estimate =
1.50, p = 0.002). This shows that as evening phone usage increases, the effect of
depression on loneliness also increases. The number of location transitions also
showed a positive indirect effect (Estimate = 0.72, p = 0.034). This means that
an increased number of location transitions significantly mediates the effect of
depression on loneliness. Activity duration and sleep duration showed negative
effects, which means higher levels of depression are associated with decreased
activity and sleep duration, which in turn are linked to increased feelings of
loneliness.

7.3.3 Machine Learning Predictive Power for Loneliness
and Depression

We explored the potential of various machine learning models to predict loneliness
and depression. The performance of these models is evaluated based on several
metrics, including accuracy, area under the curve (AUC) and F1 scores for both
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classes (1 and 0).

Table 7.5 shows the performance of different classification models for predicting
loneliness. All models outperformed the baseline models. The XGBoost model
achieved the highest accuracy of 82.43%, with an AUC of 83.31%. For the lonely
class (class 1), XGBoost showed a precision of 70.97%, sensitivity of 60.49%, and
F1 score of 65.36%. For the non-lonely class (class 0), it showed a precision of
84.17%, sensitivity of 91.28%, and F1 score of 87.18%. In comparison, the Sup-
port Vector Machine (SVM) model came in second, with an accuracy of 76.90%,
an AUC of 75.89%. The Random Forest model ranked third, with an accuracy
of 70.82%, an AUC of 68.08%. The K-nearest Neighbors, Logistic Regression
showed relatively lower performance across all metrics.

Table 7.6 presents the performance of the classification models for depression
prediction. Similar to the loneliness prediction results, the XGBoost model out-
performed all other models, achieving an accuracy of 79.43%, an AUC of 80.21%.
For the depressed class (class 1), XGBoost showed a precision of 65.87%, sen-
sitivity of 56.39%, and F1 score of 60.86%. For the non-depressed class (class
0), it demonstrated higher performance with a precision of 83.99%, sensitivity
of 89.25%, and F1 score of 86.52%. The Support Vector Machine (SVM) model
ranked second, with an accuracy of 74.60%, an AUC of 73.49%. Random Forest
showed an accuracy of 67.72% with AUC of 65.98%.
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Table 7.5: Performance of Classification Models for Loneliness Prediction. The model performances are compared with three baseline
classifiers (MC Majority Class, RWC Random Weighted Classifier, DT Decision Tree). All values are reported as percentages.

Models Accuracy AUC Precision1Sensitivity1 F11 Precision0Sensitivity0 F10

Baseline1:
MC 53.05 50.00 0.00 0.00 0.00 63.78 100.00 86.39
Baseline2:
DT 51.53 47.48 26.29 20.38 23.26 65.58 82.18 71.39
Baseline3:
RWC 58.72 52.64 32.48 24.21 28.64 71.39 76.39 74.82

Logistic
regression 66.84 70.26 49.73 58.82 54.92 80.18 73.19 77.33
Support
vector machine 76.90 75.89 58.25 54.77 56.36 84.54 86.48 85.48
K-nearest
neighbours 68.25 69.35 42.93 65.76 51.95 85.12 69.13 76.30
Random
forest 70.82 68.08 44.06 43.84 43.95 80.21 80.35 80.28
XGBoost 82.43 83.31 70.97 60.49 65.36 84.17 91.28 87.18
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Table 7.6: Performance of Classification Models for Depression Prediction. The model performances are compared with three baseline
classifiers (MC Majority Class, RWC Random Weighted Classifier, DT Decision Tree). All values are reported as percentages.

Models Accuracy AUC Precision1Sensitivity1 F11 Precision0Sensitivity0 F10

Baseline1:
MC 69.07 50.00 0.00 0.00 0.00 69.07 100.00 81.61
Baseline2:
DT 56.26 45.96 18.43 19.43 18.93 69.50 68.50 69.00
Baseline3:
RWC 58.68 48.13 23.07 24.14 23.75 70.15 71.12 70.61

Logistic
regression 67.81 66.21 45.61 52.11 48.68 79.26 74.86 76.93
Support
vector machine 74.60 73.49 53.15 47.67 50.26 81.54 83.38 82.43
K-nearest
neighbours 65.15 66.25 39.83 58.66 47.85 82.02 67.03 73.90
Random
forest 67.72 65.98 41.96 40.74 41.35 77.11 78.25 77.68
XGBoost 79.43 80.21 65.87 56.39 60.86 83.99 89.25 86.52
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7.4 Discussion

Our study found important aspects of the complex relationships between be-
havioural patterns, loneliness and depression. While these conditions often co-
occur, our findings show that they may stem from different underlying mecha-
nisms and are associated with distinct behavioural patterns.

Firstly, we found several behaviours that appear to have the same relationship
with both loneliness and depression. For example, we saw that more physical
activity throughout the day was linked to lower feelings of loneliness and de-
pression. This means that staying active might help protect against both condi-
tions. Similarly, longer sleep durations were also associated with lower lone-
liness and depression. These results are aligned with previous research and
highlight the role of sleep and physical activity for better mental well-being
[CHC+02, KKH+11, JTB+20].

However, this chapter also found interesting differences in how certain behaviours
relate to loneliness versus depression. For example, phone usage patterns showed
a complex and apparently contradictory relationship between these two condi-
tions. We found that increased phone usage was associated with higher levels of
loneliness but lower levels of depression. This difference could come from how
individuals use their phones in response to their emotional states. In Chapter 2,
we discussed that studies have found that students with loneliness tend to spend
more time on their phones, and loneliness was shown to be positively linked to
increased phone usage [PTAK16, DVC+19, LSWL16]. Regarding the relation of
phone usage with depression, some existing studies support our findings. For
instance, a study discovered that greater smartphone use was related to lower de-
pression severity [ETW+18]. They propose that phone use might provide mood
enhancement or social connection that could reduce depressive symptoms. Sim-
ilarly, another study found that while screen time minutes were not related to
depression and anxiety severity, the frequency of phone screen unlocking (indirect
proxy of phone usage) was negatively correlated with these conditions [RLHE18].
However, some other studies have found a positive association between phone
usage and depression [AAT+18, YFLL20]. These conflicting findings on the link
between phone usage and depression are likely due to differences in study pop-
ulations, recall bias, usage patterns, and the complex nature of this relationship
as explained in [ASM+24].

Increased phone usage might be associated with fewer face-to-face interactions,
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which could be linked to higher feelings of loneliness. As individuals spend
more time on their phones, they may miss out on meaningful social interac-
tions that could alleviate loneliness. This aligns with previous studies showing
a positive link between loneliness and increased phone usage among students
[PTAK16, LSWL16]. On the other hand, for depressed people phone usage might
serve as a distraction or a coping mechanism. Engaging with online content or
communicating with others, even if superficially, can provide temporary relief
from depressive symptoms. This explanation is supported by [CKC+15], who
found a negative association between depression scores and smartphone addiction
scores among college students. Another study further explained this complex re-
lationship and indicated that increased phone use might serve as a temporary
stress relief mechanism that could lead to lower depressive symptoms [SNČS21].

Another observation shows that visiting a greater number of places throughout
the day was associated with increased loneliness, which aligns with findings of an
existing study in individuals with schizophrenia where fewer significant locations
visited correlated with higher loneliness, potentially due to differing types of
locations visited and resulting social interactions [FMG+21]. People who visit
more places might be doing so in an attempt to cope with their loneliness through
superficial social interactions, which may not provide meaningful connections and
could lead to reinforcing their feelings. This interpretation is supported by a study
finding that while interactions with weak ties can increase happiness, they don’t
necessarily reduce loneliness [SD14].

However, there was a negative association between the number of places visited
and depression, which aligns with research indicating that increased physical ac-
tivity and engagement are linked with reduced depressive symptoms [MTOA+21].
Another recent study that used AI models to predict depression risk based on
mobility patterns found that higher mobility, location entropy, and GPS samples
in transition was associated with a lower risk of depression [ASM+24]. However,
it is important to consider that the relationship between location patterns and
mental health outcomes may vary across different demographic and socioeconomic
groups. The same study also found that while the negative association between
location entropy and depression risk held true for majority and higher socioeco-
nomic subgroups, the opposite relationship was observed in lower socioeconomic
subgroups. For instance, higher location entropy decreased depression risk for
those from middle-income families but increased risk for those from low-income
backgrounds [ASM+24]. This explains the observed contradictory findings, and
it also highlights the importance of considering other demographic variables as
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well to get the true picture.

Our observation from Chapter 6 that emotionally lonely individuals show higher
mobility and more varied location patterns aligns with the finding in this chapter
that an increased number of places visited is associated with higher loneliness
but lower depression. This supports the idea that emotionally lonely individuals
might engage in more social-seeking behaviours potentially as a coping mecha-
nism, which might temporarily reduce depressive symptoms but not necessarily
reduce feelings of loneliness. Similarly, the contrasting relationships of phone us-
age with loneliness and depression observed in this chapter provide context for
the higher phone engagement seen in emotionally lonely individuals in Chapter
6. This suggests that while increased phone usage might be an attempt to cope
with emotional loneliness, its effectiveness in reducing loneliness versus depressive
symptoms may differ. These interconnected findings highlight the importance of
distinguishing between different types of loneliness and their unique relationships
with behavioural patterns and mental health outcomes.

Our ARM analysis provides important findings that complement our regression
results. While logistic regression identified individual risk factors, ARM found
how these factors interact and co-occur, which gives a more nuanced understand-
ing of the behavioural contexts associated with loneliness and depression. For
both loneliness and depression, we identified several recurring behavioural mark-
ers. Low sleep duration, high screen unlocks (particularly in the evening), and
low physical activity consistently appeared in patterns associated with both con-
ditions. This aligns with existing literature on the importance of sleep and phys-
ical activity in mental well-being [SNČS21, THH11, JTB+20]. However, we also
observed distinct patterns for each condition. Loneliness was prominently associ-
ated with high evening phone usage, while depression patterns more consistently
included low mobility (low location transitions and unique places visited). Simi-
larly, mediation analysis found complex and sometimes bidirectional relationships
between loneliness, depression, and various behavioural features. Some findings,
such as the negative indirect effects of activity and sleep duration, reinforced our
earlier results. While some others provided unique aspects of the specific path-
ways through which these factors interrelate. For instance the significant positive
indirect effect of evening phone usage from depression to loneliness, but not in the
reverse direction. Similarly, location transitions showed a significant effect only
in the depression-to-loneliness pathway. This analysis highlights the importance
of considering directional influences.

Loneliness Detection
Using Technology

119 Malik Muhammad Qirtas



7. Relationship between Loneliness
and Depression 7.4 Discussion

Our machine learning analysis further proved the potential of behavioural features
in detecting loneliness and depression among students. The XGBoost model con-
sistently outperformed other models for both loneliness and depression prediction.
Interestingly, the models showed slightly better performance in predicting lone-
liness compared to depression, which may reflect the more direct relationship
between observable behaviours and feelings of social isolation, but this needs to
be confirmed with bigger datasets.

Another important observation is about the performance difference between ma-
jority and minority classes in both loneliness and depression prediction. This per-
sistent imbalance highlights that the underlying patterns distinguishing lonely or
depressed students from not lonely/depressed are inherently complex. The higher
performance metrics for the majority classes (non-lonely and non-depressed) even
after applying SMOTE indicate that it’s generally easier to identify students not
experiencing these conditions. While the models show good overall performance
but this lower precision and sensitivity for the minority classes highlights the need
for carefully using such models in clinical applications.

In this chapter, we applied Leave-One-Subject-Out (LOSO) cross-validation for
the loneliness classification using the StudentLife dataset, whereas in Chapter 4,
we used 10-fold cross-validation. The key difference between these two approaches
lies in how the data is split for training and testing. 10-fold cross-validation,
used in Chapter 4, splits the entire dataset into 10 equal parts which ensures
a relatively balanced distribution of positive (lonely) and negative (not lonely)
samples across the folds. This results in more evenly distributed test sets and
contributes to more stable performance metrics. However, a key limitation of
this 10-fold CV approach is that it might allow the model to see data from each
student multiple times across different folds. This could lead to a subtle form of
data leakage, as the model might indirectly learn individual patterns across folds,
which may artificially improve performance metrics.

On the other hand, LOSO cross-validation applied in this chapter isolates one
student’s data entirely for testing in each iteration, while the remaining students’
data is used for training. This approach ensures that the model does not see any
part of the test student’s data during training to get a strict evaluation of the
model’s generalizability to new subjects. However, this can lead to imbalance in
the test set, especially when individual students show behaviours that are not
well-represented in the training data. This imbalance can cause the model to
struggle to predict loneliness for students whose behavioural patterns are under-
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represented in the training set. This test set imbalance and elimination of data
leakage in this chapter result in lower performance metrics compared to Chapter
4 results. Future work should consider applying LOSO in Chapter 4 to ensure a
fair comparison across approaches.

Collectively all these findings directly address our core research questions which
aimed to understand the interconnected relationship between behaviours ex-
tracted through passive sensing with loneliness and depression. By investigat-
ing these associations, we have gained a holistic picture of the specific factors
that contribute to these two conditions among students. Our primary aim was
to explore the role of behavioural patterns in the context of loneliness and de-
pression. As discussed in Chapter 1 and 2 that existing research has primar-
ily examined these features in relation to general mental health conditions, we
have shown that these same features interact in distinct ways when examining
loneliness versus depression. The findings of this chapter support and expand
upon the previous literature reviewed in Chapter 2, which emphasized the role
of behavioural markers in mental health detection. While our study confirms the
importance of features like phone usage, sleep duration, and physical activity, our
findings highlight the need for a more nuanced interpretation of these features,
particularly when distinguishing between loneliness and depression. The results
presented in this chapter show that while passive sensing features are powerful
tools for detecting mental health issues, they must be interpreted in context to
accurately differentiate between specific conditions like loneliness and depression.
This highlights the need of further research into how contextual and emotional
states modulate these behavioural patterns differently in specific mental health
conditions.

While our analyses provides important aspects about the relationship between
loneliness and depression and the potential mediating role of behaviours but it
does not establish causality between loneliness and depression. The observed
relationships should be interpreted as associations that need further investigation
through longitudinal or experimental studies to confirm the directionality and
causal nature of these effects.

7.5 Conclusions and Limitations

This chapter investigated the relationship between loneliness and depression using
passive sensing data. Below are the key findings from this chapter that address
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the key research questions presented at the beginning of this chapter:

• We have found distinct behavioural patterns associated with loneliness and
depression. Higher phone usage was associated with increased loneliness but
decreased depression. Location-based features showed opposite trends for
loneliness and depression, with more location transitions associated with
higher loneliness but lower depression. Physical activity and sleep dura-
tion were positively associated with reduced likelihood of both conditions.
These findings highlight the nuanced differences in behavioural manifesta-
tions of loneliness and depression that emphasize the importance of consid-
ering these conditions separately in intervention strategies.

• The mediation analysis found significant indirect effects between loneliness
and depression through different behavioural features. Phone usage dura-
tion, number of unique places visited, physical activity duration, and sleep
duration were identified as significant mediators in both directions. These
findings show a nuanced relation between loneliness and depression, me-
diated by different behaviours. For instance, while increased phone usage
might increase the effect of depression on loneliness, it appears to mitigate
the impact of loneliness on depression.

• We have shown the high predictive power of passive sensing data in identi-
fying students experiencing loneliness or depression. The XGBoost model
achieved the highest accuracy for both loneliness (82.43%) and depression
(79.43%) predictions. This shows that behavioural features derived from
passive sensing data, combined with standardized scales can effectively iden-
tify lonely or depressed students. The strong performance of these models
highlights the potential of passive sensing in early detection and interven-
tion strategies for student mental health.

We will be discussing detailed limitations along with future work in the next
chapter, but below are some key limitations that we want to acknowledge:

• As mentioned in earlier chapters as well, these findings are limited to a
single student population. Therefore, these findings should be interpreted
within this context and not generalized to other populations or broader age
groups.

• The interpretation of behavioural features (e.g., phone usage) may vary
among individuals. For instance, high phone usage might indicate social
engagement for some but signify isolation for others as we have explained
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in the discussion section.

• While significant associations were found between loneliness, depression and
behavioural features, our study did not infer causality. Longitudinal studies
or experimental designs would be necessary to establish causal relationships
and better understand the directional influences between these conditions
through behavioural patterns.
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Chapter 8

Conclusion and Future Work

This chapter presents the key findings of this thesis. It also presents some limita-
tions of this work and potential areas for future research that could extend and
refine the work presented in this thesis.

8.1 Conclusion

Loneliness is becoming a significant worldwide issue with physical, emotional,
social, and economic consequences. Multiple aspects, such as age, gender, socioe-
conomic level, and significant life events, could impact this complex condition.
Early detection of loneliness is important to avoid its harmful long-term physical
and mental health effects. Various factors present challenges to the early de-
tection of loneliness, including its subjective nature, the stigma associated with
loneliness, less self-awareness, etc. The younger population is more vulnerable to
loneliness due to certain factors associated with this specific population. The chal-
lenges of early detection and potential mental health stigma further complicate
early detection in this population group. Fortunately, the younger population is
more comfortable and literate in using technology. This makes using smartphones
and wearable devices for early loneliness detection in this population specifically.

Chapter 2 of this thesis presents a comprehensive scoping review to analyse the
existing research on loneliness and social isolation detection using passive sensing.
This literature review is the first to look at this specific area of loneliness detection
with passive sensing. The main aim of the review was to synthesize the existing
body of research, identify trends and limitations, and propose potential directions
for future research. This review provided an important overview of the strengths
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and limitations of passive sensing techniques used in loneliness and social isolation
detection. The analysis found the increasing use of smartphones and wearable
sensors for loneliness detection across various studies and demographics. The
review also highlighted several gaps in existing studies on loneliness detection,
specifically privacy aspects of such systems, reliance on generic machine learning
models, lack of dynamic analysis, energy consumption-related issues, and clinical
validation issues of these systems.

Chapter 3 presents the methodology of our research. It provided a comprehensive
introduction to the datasets used, including specific sensor details. The chapter
elaborated on the extraction process of behavioural features, followed by a thor-
ough explanation of data-cleaning steps. Additionally, it described the machine
learning models used.

Building upon the gaps identified in Chapter 2, Chapter 4 presented the
personalisation-based approach for loneliness detection using student grouping
based on behavioural similarities. Since loneliness is a very subjective experi-
ence which can manifest in people very differently, existing methods in literature
often overlook the crucial individual differences among people. This makes it
difficult for generic models to accurately predict its presence and severity. A
more effective approach could be identifying subgroups with similar behavioural
characteristics, which would lead to a more personalized and accurate detection
of loneliness and the behavioural patterns within each subgroup. Based on this
idea, we used clustering techniques on the StudentLife dataset to identify distinct
behavioural subgroups to develop personalized loneliness detection models. We
also monitored the evolution of these groups throughout the study period and
applied binary classification algorithms to each group to detect loneliness. Our
results show that this categorization of students based on behavioural patterns
increases the performance of loneliness detection models over a generic approach.
This work presents a novel perspective on loneliness detection in two ways. First,
it addresses the limitations of generic models by recognizing the diversity of how
loneliness manifests in individual behaviours. By identifying subgroups based
on similar behavioural patterns, the models can be customized for better perfor-
mance. Secondly, this study presents the idea of tracking behavioural changes
over time for loneliness detection. This approach gives useful information into
how loneliness may emerge or intensify in individuals which could potentially be
early warning signs.

Building upon the personalized approach introduced in Chapter 4, we recognized
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the need for a dynamic approach that could adapt to the changing behavioural
patterns of students and can detect loneliness on an early basis. In Chapter 5,
we presented a novel dynamic approach that identifies diverse behavioural sub-
groups, tracks their dynamic evolution, analyzes their relationship with loneliness
and detects loneliness in a dynamic way. For this, we used the larger GLOBEM
dataset. This approach updates and refines the behavioural groups based on
new data on a weekly basis and in parallel also updates the classification models
for loneliness detection. This dynamic approach ensures that our models keep
up with the changing nature of student life, which may lead to more accurate
and timely loneliness detection. To address the ever-changing nature of student
behaviours, we used incremental clustering to update behavioural subgroups as
new data arrives. We then developed both a broad generic classification model
and specialized models for each subgroup. This approach recognizes that lone-
liness manifests differently across individuals. Our results show that student
behaviour changes over time. We saw how groups of students with similar be-
haviours shifted, and how this was linked to feelings of loneliness. This highlights
the need for detection systems that include the ability to evolve and adjust to
reflect the dynamic nature of students’ lives.

This thesis extends beyond detecting loneliness as a single concept. Researchers
have identified two facets of loneliness that can manifest in individuals: social
and emotional loneliness. In Chapter 6, we investigated the manifestation of
social and emotional loneliness in behaviours using student data collected with
passive sensing techniques, an area that has not been explored in existing lit-
erature. There were three main goals in this study. The first was to find the
potential of behavioural features extracted from passive sensing data to distin-
guish between social and emotional loneliness among college students. The second
aim was to determine whether these behavioural features can accurately predict
and classify these loneliness types. The final aim was to identify the most im-
portant behavioural features that predictive models use to differentiate between
two loneliness types. We used the two-sided Mann–Whitney U test to compare
the distributions of the behavioural features between socially and emotionally
lonely groups. The goal of this test was to determine if there were statistically
significant differences in the behaviours of socially lonely and emotionally lonely
groups. Then, we used machine learning classification models to identify the
predictive power of identified behavioural features. Finally, we applied the im-
portance analysis of SHAP features to find the most important features that were
used by machine learning models for classification.
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The results showed significant differences between the behavioural profiles of so-
cially and emotionally lonely groups. Socially lonely individuals show less loca-
tion variance, fewer location transitions, shorter phone usage duration, and lower
Bluetooth scans than emotionally lonely individuals. Additionally, the socially
lonely group had reduced physical activity and shorter awake time and longer
sleep duration. Our predictive modelling found that the identified digital be-
havioural markers can effectively classify loneliness categories. Machine learning
models with different algorithms significantly outperformed baseline approaches.
XGBoost emerged as the top performer with an accuracy of 78.48%. SVM and
Random Forest also demonstrated strong classification capabilities. Our SHAP
analysis found that phone usage and location-based features were the most influ-
ential predictors of loneliness categories. For both XGBoost and Random Forest
models, features like maximum phone usage duration, location variance, and lo-
cation entropy were particularly important. The phone unlock patterns, and the
number of significant places also played an important role.

Research shows that loneliness and depression often co-occur and can have a
complex relationship with each other. Based on this, in Chapter 7, we worked
on understanding the relationship between these two conditions using passive
sensing data, which is a relatively unexplored approach in this context. This
chapter aimed to answer several key questions regarding the behavioural aspects
of loneliness and depression in college students. We looked into the different
behavioural patterns linked to each condition, how they might be related and
how they might act as mediators, and how well behavioural features combined
with standard self-report scales could accurately detect loneliness and depres-
sion. We used two methods to understand how loneliness and depression show
up in behaviours. First was logistic regression, which helped us identify specific
behavioural differences between lonely/depressed students and others. Associa-
tion rule mining (ARM) revealed complex patterns of behaviours linked to these
conditions. This combination of methods provides a richer picture of how lone-
liness and depression manifest behaviourally in college students. Then, we used
mediation analysis to examine the interplay between loneliness and depression.
This analysis helped us identify specific behavioural features that mediate the
relationship between these conditions which provided us findings into the under-
lying mechanisms of their connection. And finally, we trained multiple machine
learning models with logistic regression, k-nearest neighbours, support vector ma-
chine (SVM), random forest, gradient boosting, and extreme gradient boosting
to assess the power of combining behavioural features with traditional self-report
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scales to classify lonely and depressed students separately.

Our analysis found important behavioural differences between lonely and de-
pressed students. Loneliness was associated with increased phone use (especially
in the evening), more locations visited and reduced incoming calls. On the other
hand, depressed people show fewer locations visited, less physical activity, shorter
sleep duration, fewer conversations, and fewer Bluetooth scans. Association rule
mining further highlighted complex combinations of these behaviours as predic-
tive of loneliness and depression. Our mediation analysis also found significant
links between loneliness and depression. ML models show the potential to clas-
sify lonely vs not lonely and depressed vs not depressed accurately. Across both
conditions, the XGBoost model consistently outperformed other classifiers.

This thesis has presented a series of feasibility studies that explored various as-
pects of loneliness detection using the two pre-collected passive sensing datasets.
Collectively, these studies show the significant potential of passive sensing-based
methods combined with machine learning for understanding and detecting lone-
liness from both technical and theoretical perspectives. This thesis work is a
stepping stone towards clinical evaluation and the real-world deployment of these
methods.

8.2 Limitations and Future Work

Our work can be improved and extended in many ways. Throughout this thesis,
we have addressed specific limitations and future directions within each relevant
chapter. Here, we synthesize and expand upon these points to provide a com-
prehensive overview of potential improvements, discussions and extensions to our
work. Some key points are given below, which build upon the chapter-specific
discussions and consider the broader implications of our research.

8.2.1 Generalisability

AI-driven approaches to mental health detection using passive sensing data have
a limitation of generalizability across diverse populations. Similar to findings in
recent research on depression risk prediction, these models often have an algo-
rithmic bias that leads to performing less accurately in varied demographic and
socioeconomic subgroups [ASM+24]. This limitation is equally applicable to our
work on loneliness detection.
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Our models, which are trained on student populations, do not account for how
loneliness manifests across different demographic and socioeconomic subgroups.
Behavioural patterns that indicate loneliness in one subgroup may have different
implications in another. For instance, increased mobility might indicate loneliness
in one demographic group but not in another. Our approach of using clustering
to identify behavioural subgroups and develop group-specific loneliness detection
models (Chapter 4 and Chapter 5) presents a step towards addressing this het-
erogeneity in loneliness manifestation across different populations. However, it
is important to note that it still has some limitations. Even within identified
behavioural subgroups, meaningful variations may still exist that our models do
not capture. Our grouping is based primarily on behavioural data. It does not
account for other relevant factors that could influence loneliness manifestation.
As we discussed in Chapter 7 as well, individuals in lower socioeconomic groups
showed a positive association between mobility and depression risk, while higher
socioeconomic groups showed the opposite [ASM+24]. This contradicts prior re-
search, which found that mobility generally decreases depression risk [SZK+15].
Although this finding is about depression, the nature of this limitation is equally
applicable to loneliness as well. Similarly, phone usage patterns associated with
depression risk also differ significantly between age groups. Research shows that
higher daytime phone use in younger individuals (18-25) is linked to lower depres-
sion risk, maybe due to its role in social connection and entertainment. However,
this relationship is the opposite in older adults (65-74), where higher daytime
phone use is associated with increased depression risk [ASM+24]. Again, the na-
ture of such limitations is equally applicable to loneliness. As we have shown,
the groups evolve over time, and behavioural subgroups can change. This dy-
namic nature presents ongoing challenges for long-term model accuracy. While
our approach improves reliability within student samples, its effectiveness for
significantly different populations (e.g., non-students or students from different
cultural backgrounds) remains uncertain. Although our subgroup approach re-
duces some biases, it may inadvertently introduce others if certain demographic
groups are overrepresented in particular behavioural clusters. This also raises
important points about the fairness of these models.

We performed some experiments related to this issue by using the StudentLife
dataset and our own collected UCC dataset with the younger population for a
pilot study. The findings from these experiments further highlight these gen-
eralizability challenges. Despite both the StudentLife and UCC datasets being
collected from younger populations, we observed significant performance drops

Loneliness Detection
Using Technology

129 Malik Muhammad Qirtas



8. Conclusion and Future Work 8.2 Limitations and Future Work

when applying models trained on one dataset to the other. Specifically, the lone-
liness detection model trained on the StudentLife dataset performed poorly when
tested on the UCC dataset and vice versa. However, performance improved when
we trained and tested a model using only the UCC dataset and the StudentLife
dataset.

While these experiments highlight significant challenges in generalizing loneliness
detection models, our research also shows the potential benefits of personalization
(Chapter 4 and Chapter 5). This raises important questions about the trade-off
between generalization vs. personalization. On the one hand, generalizable mod-
els can be used for broader, diverse populations. However, as our findings show,
these models may perform poorly when applied to populations different from their
training data and when increasing population size. On the other hand, personal-
ized models showed improved reliability within their target populations. However,
the development of such personalized models for every possible subgroup could
be resource-intensive and reduce the scalability of loneliness detection systems.
This trade-off between generalization vs. personalization opens up an impor-
tant question for future research: To what extent can we develop models that are
both generalizable across populations and sensitive to individual or group-specific
variations in loneliness manifestation?

These findings show both the limitations and potential of passive sensing-based
models for loneliness detection. While these models show promise when person-
alized, they are not yet robust enough for diverse populations. Future work needs
to include a broader range of data, including detailed demographic information,
socioeconomic indicators, and other relevant contextual factors. This would help
for more nuanced and comprehensive understanding that could potentially lead
to more robust and accurate loneliness detection models.

8.2.2 Longitudinal Studies

Another limitation of this thesis is the short duration of the datasets used. The
datasets we used were collected over a 10-week period, which is insufficient for
capturing the gradual and nuanced behavioural changes associated with loneli-
ness. Loneliness is typically a gradual evolving experience rather than an abrupt
change in emotional state. So, the behavioural manifestations of loneliness may
take considerable time to become apparent or may fluctuate subtly over longer
periods. The 10-week timeframe may miss these nuanced, long-term patterns of
change.
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Future studies should aim to collect long-term data. This would help researchers
to observe and analyze the subtle, progressive changes in behaviour that may
indicate the onset or intensification of loneliness. These long-term periods could
find cyclical patterns in loneliness and associated behaviours, which might be
linked to academic cycles, seasons, or life stages. Moreover, adding time series
analysis in future studies could capture moments of change and provide a deeper
understanding of the temporal dynamics of loneliness and behavioural changes.
This approach would help detect critical periods where interventions might be
most effective and could lead to more precise and timely loneliness detection and
intervention strategies.

8.2.3 Limitations of Binary Classification

We have mainly used binary classification for loneliness throughout this thesis.
While this approach simplified our analysis, it does not fully capture loneliness’s
complex, continuous nature. The reason for using binary classification was due to
small datasets with only a 10-week period. As we have discussed above, loneliness
typically changes slowly, so trying to categorize it into multiple levels or treat it
as a continuous variable would have been tricky with such limited data. This
could have led to reduced statistical power, increased risk of overfitting, and
potential reliability issues in distinguishing between fine-grained loneliness levels
over such a short period. By using binary classification, we could more clearly
see the behavioural patterns linked to lonely versus not lonely. Moreover, binary
outcomes tend to give more stable and easy-to-interpret results in ML, especially
with smaller datasets. However, we recognize this approach might have missed
some of the subtle variations in how loneliness can intensify or change over time.

Another important limitation associated with this binary classification approach
is the selection of a threshold score from the UCLA scale to divide participants
into lonely/not lonely categories. This choice of threshold directly affects the
distribution of students across the lonely and not lonely categories. A higher or
lower threshold could lead to different categorizations that can potentially classify
more or fewer participants as lonely. For example, some students who are close
to the cutoff score may experience loneliness but are not classified as such due to
the arbitrary selection of this threshold. This has important implications for the
model’s performance, as small variations in the threshold can change the balance
between the two classes (lonely/not lonely), thus affecting the overall classifi-
cation accuracy, sensitivity, and precision. The binary classification using this
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threshold may oversimplify loneliness. Students near the cutoff, called borderline
cases, might show behaviours that are more complex than the "lonely" or "not
lonely" binary classification. This means the model could miss subtle changes in
their loneliness, especially for those whose scores fluctuate around the threshold.
As a result, important behaviours from students just below the threshold may
be ignored or misclassified. While we did not conduct a sensitivity analysis in
this thesis, future work could include this approach to better understand how the
model handles borderline participants. Exploring techniques such as fuzzy clas-
sification or applying threshold tuning based on behavioural patterns over time
could reduce misclassification. Moreover, as we discussed above, future studies
with longitudinal data collection could play a key role here as well. This could
provide a more detailed analysis of how these borderline cases fluctuate that can
help to develop more robust models that can accommodate the nuanced changes
in loneliness levels.

8.2.4 Limitations of Cross-Validation Approaches

Throughout the thesis, we have used different cross-validation approaches to eval-
uate model performances. In Chapters 4 and 5, we used stratified 10-fold cross-
validation which is a widely used technique that divides the data into 10 balanced
folds to ensure each fold has a relatively even distribution of lonely and non-lonely
cases. This method provided stable and balanced performance metrics. However,
an inherent limitation of 10-fold cross-validation in our context is the potential
for data leakage. Since each student’s data could appear in both the training and
test folds across multiple iterations, there is a risk of the model indirectly learn-
ing individual behavioural patterns through repeated exposure in training. This
could lead to inflated performance metrics, as the model might benefit from fa-
miliarity with each student’s behaviour across folds. In Chapters 6 and 7, we used
LOSO cross-validation to mitigate this risk by fully isolating each student’s data
during testing, which provides a stricter evaluation but also potentially results in
lower metrics due to this isolation.

Future work should consider conducting LOSO-based analyses in Chapters 4 and
5 to achieve a consistent and fair evaluation across all chapters. This would
help to ensure that performance improvements we observed in group-specific or
generalized models are not influenced by unintentional data leakage and that the
models can generalize reliably to new students.
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8.2.5 Algorithmic Improvements

Throughout this thesis, we have consistently used traditional ML algorithms for
loneliness detection. Our primary focus was to explore and understand the be-
havioural manifestations of loneliness, which are very easy to do with traditional
ML models as they are easy to interpret. The relatively small datasets that are
common in mental health research are better suited to these methods and are
less prone to overfitting than deep learning models. Another reason is that these
algorithms have been widely used in mental health research which provides a
solid foundation for comparison and validation of our findings within the existing
literature.

While these approaches served our research goals effectively, future work should
explore the potential of deep learning in loneliness detection. However, the de-
ployment of deep learning models requires substantially larger datasets to train
effectively without overfitting, and usually deep learning-based models are harder
to interpret than traditional ML models. As we discussed above, larger datasets
over longer periods would address the limitations in capturing gradual behavioural
changes and provide the volume of data necessary to train and validate deep learn-
ing models effectively. Another option could be to investigate the use of domain
adaptation and transfer learning techniques. This would involve using models pre-
trained on larger, more diverse datasets (e.g., datasets related to mental health,
well-being, or even general behaviour) and then fine-tuning them specifically for
the task of loneliness detection.

8.2.6 Self-Reported Bias

Another limitation in our methodology is the reliance on self-reported loneliness
surveys to label passive sensing data. The subjective nature of such reporting may
lead to discrepancies between reported feelings and actual emotional states due
to factors like response bias, mood variation, limited self-awareness, and differing
interpretations of survey questions. Cultural factors and temporal mismatches
between survey completion and data collection periods can further complicate
this issue. These factors potentially affect the quality of labels used to train our
machine-learning models which could impact their accuracy and reliability. Fu-
ture research should address these limitations by incorporating multiple assess-
ment methods, increasing the frequency of surveys, developing more objective
measures and conducting validation studies.
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8.2.7 Establishing Causality

It is important to emphasize that while our research has identified significant as-
sociations between various behavioural features and loneliness, these findings do
not imply causality. The relationships we have found between digital behavioural
markers and loneliness are correlational in nature, and we must be cautious in in-
terpreting these results. We cannot conclude that these behaviours directly cause
loneliness or vice versa. The relationship between behaviours and loneliness is
complex and bidirectional and could be influenced by multiple factors that our
current methodology may not fully capture. We only have a partial view of a
person’s life through sensor data. There is a lot more going on in a person’s life
that could play a significant role in relation to loneliness. For instance, passive
sensing might detect low activity levels or disrupted sleep patterns, which are of-
ten associated with loneliness. However, these same patterns could be indicative
of various other conditions or circumstances. For example, if an individual shows
reduced physical activity and irregular sleep patterns, although these behaviours
align with potential loneliness indicators, they could also be symptoms of physical
illness, work-related stress, or even a period of intense focus on a project. With-
out additional contextual information, these models risk misinterpreting these
patterns and potentially misclassifying an individual’s mental state.

Similarly for causality, while we found that increased phone usage correlates with
higher levels of loneliness, we cannot determine whether excessive phone use leads
to loneliness, if lonely individuals tend to use their phones more, or if other
underlying factors influence both. Broader spectrum data would be needed to
get a broader picture that could lead to more robust and accurate detection
models and to establish causality. Additionally, these behavioural patterns should
be monitored over extended periods along with contextual data to distinguish
between temporary fluctuations in behavioural indicators and persistent trends
that could truly indicate loneliness.

8.2.8 Interdisciplinary Approaches

Future work also needs to incorporate interdisciplinary approaches for the valida-
tion of these passive sensing based systems within clinical settings. This collabo-
ration with clinical psychologists can give us a more comprehensive understanding
of loneliness as a multifaceted phenomenon and its various behavioural indicators.
This would also help in validation and reliability of using such passive sensing
based systems in real world scenarios. By integrating information from differ-
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ent disciplines, researchers can develop more accurate and reliable models that
align closely with clinical definitions of loneliness and its associated behaviours.
This collaboration would help in ethical considerations in a more granular way
that would improve the overall impact and acceptability of such systems in wider
populations.

8.2.9 Timely Interventions

The ultimate goal is to detect loneliness early, which would result in timely inter-
ventions before loneliness leads to more severe mental and physical health issues.
Future research should focus on designing and testing intervention systems that
can be automatically triggered by signals detected from the sensing systems.
Interventions could be of several types, like app messages offering a bit of encour-
agement or reminding someone to reach out to a friend. For more serious cases,
alerts could even go to a therapist. The key is linking those interventions directly
to what the detection systems are picking up on, which would create a support
system that doesn’t just monitor but actually helps.

8.3 Final Comment

Building upon the foundational work of previous researchers in the field, this
thesis further pushes the boundaries of understanding and detecting loneli-
ness through passive sensing techniques. Future directions, including expanded
datasets with different populations, longitudinal studies, investigating generalisa-
tion vs. personalisation and cross-disciplinary collaboration and validation, can
help to refine these methods and unlock their full potential. I am optimistic that
continued research and collaboration will result in more robust, nuanced tools
for detecting both loneliness and other related mental health conditions. These
advancements have the power to improve our understanding of these conditions,
early detection and more importantly to facilitate timely, targeted interventions
that could transform the lives of people worldwide. While much work remains,
the findings and potential presented here give me hope that we can create a fu-
ture where loneliness is detected at early stages, leading to timely intervention,
and this way, its harmful effects could be minimized. Researchers, clinicians, and
technologists can work together to translate these findings into real, tangible de-
tection and support systems, which would be a significant step toward combating
this pervasive challenge of our time.
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Acronyms

ARM Association Rule Mining.

EL Emotional Loneliness.

EMA Ecological Momentary Assessment.

EPS epsilon.

EVR Explained Variance Ratio.

GLOBEM Generalization of LOngitudinal BEhavior Modeling.

GPS Global Positioning System.

IDBSCAN Incremental Density-based Spatial Clustering of Applications with
Noise.

IRB Institutional Review Board.

MinPts Minimum Points.

ML Machine Learning.

OPTICS Ordering Points To Identify the Clustering Structure.

OR Odds Ratio.

PAM Partition Around Medoids.

PANAS Positive and Negative Affect Schedule.

PCA Principal Component Analysis.

PHQ Patient Health Questionnaire.
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Acronyms

PRISMA Preferred Reporting Items for Systematic Reviews and Meta-
Analyses.

RAPIDS Reproducible Analysis Pipeline for Data Streams.

SL Social Loneliness.

SMOTE Synthetic Minority Oversampling Method.

SVM Support Vector Machine.

UCLA University of California, Los Angeles.

XGBoost Extreme Gradient Boosting.
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