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Abstract

This work aims to explore social withdrawal in people with Parkinson’s disease (PD),
an incurable, neurodegenerative disease that impacts 1% of people over the age of
60 around the world. PD causes a wide range of motor and non-motor symptoms
that significantly influence people’s quality of life (QoL). Both motor and non-motor
symptoms could cause social withdrawal, and social wellbeing plays a critical role in
patients’ QoL. Therefore, social withdrawal could be a significant consequence of dis-
ease progression and deterioration of QoL.

For a disease without a complete cure, the principal aim of the treatment is to
improve the QoL of patients. The measurement of Parkinson’s progression is the pre-
requisite of appropriate treatment. However, the clinical assessment of Parkinson’s is
usually conducted every six months and is based on a snapshot of symptoms which
might vary over time. These assessments are done by patients or experts and could
be biased by memory or experience. Patients are also aware they are being assessed,
which may introduce a Hawthorne effect. Thus, continuous, unobtrusive, and objective
measurement is the ambition of Parkinson’s monitoring. The smartphone is a popu-
lar digital device, and it consumes a significant amount of time for personal, social
communications. With embedded sensors, the smartphone can even infer social in-
teractions external to it. Previous studies have confirmed its feasibility for observing
people’s behaviour without disruption. So, it is a promising tool for unobtrusively
tracking social activities, and it fulfils the purpose of a novel monitoring method.

Therefore, we initiated a year-long longitudinal study to explore social withdrawal
in PD patients. A monitoring application was installed on participants’ smartphones
to capture all nine potentially social-related data sources, 24 hours a day, seven days
a week. Eight standardised clinical/psychological scales for measuring Parkinson’s
progression, QoL, social withdrawal, and related factors were conducted every two
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months. Specifically designed diaries were also provided to participants to record their
weekly QoL and level of social interaction. With participants joining and dropping
out, eight participants finished the whole year of observation. As the continuous moni-
toring of the smartphone application, more than 10 million raw smartphone data points
were obtained from these eight participants. Then twenty-two features were extracted
from these raw data to establish personal understandings of the social behaviour of
each participant.

The COVID-19 pandemic, which significantly impacted people’s social lives, oc-
curred during the experiment. But it also provided an opportunity to examine our
approach to detecting severe social impact. With the confirmation from the interviews
with participants, our method successfully reflected participants’ conformance to the
government’s policies for reducing the transmission of COVID-19 and the intense so-
cial deviations caused. For the outcomes of the whole-year study, significant associa-
tions were found between clinical/psychological scales and at least one feature for each
individual. Our model also achieved at least 0.6 R-squared in numerical prediction and
0.6 F1 scores in direction projection of all participants using multiple linear regression
and Naive Bayes methods. Overall, we presented an approach that can adaptively learn
the social behaviour of a particular individual and make predictions based on smart-
phone data. It also shows its strong potential as a reference for clinical/psychological
standards. Future work can build upon our efforts to more comprehensive monitoring
and a higher validity of the approach. The technique demonstrated in this work could
also be applied in wider communities where the patients’ social impact needs attention.
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Chapter 1

Introduction

This work explores the use of smartphone digital phenotyping in monitoring the social
behaviours of individuals. We focus on the particular behaviour of social withdrawal
in people with Parkinson’s disease (PD), as it is a significant consequence of disease
progression and has an impact on patients’ quality of life (QoL). Digital phenotyp-
ing refers to the technology using digital devices to measure people’s daily behaviours
continuously without asking questions [164]. This work analyses data from a person’s
smartphone, including social (phone calls, text messages, social media, conversations)
and physical (Global Positioning System [GPS]) data to infer a social activity level.
It opens another door to understanding the social behaviours of a particular popu-
lation. Rather than utilising snapshot and easily biased questionnaires, smartphone
monitoring can provide continuous and objective data. More detailed and individu-
alised understanding could be built on these data. Furthermore, this work indicates
that personalised health services and the social wellbeing of wider communities could
be promoted by digital phenotyping.

Human beings are social creatures. We all live in a collaborative environment and
interact with each other to survive and thrive by nature [58]. A social life is essential
for everyday life, and social activity plays a significant role in our mental and phys-
ical health. A recent meta-analysis showed that more socially isolated people have a
higher mortality rate than the general population [96]. The health status of those who
are socially isolated is lower than the population of the same age who are not socially
isolated [92]. In addition, one of the crucial risks of depression social relationships of
poor quality [225]. On the contrary, positive social activity benefits both individuals
and society. A higher degree of social integration is associated with healthy systolic

15



16 CHAPTER 1. INTRODUCTION

blood pressure, body mass index, and waist circumference, and lower inflammation
markers [251]. Better cognitive function often exists with people who have more so-
cial support [198]. Moreover, the productivity of workers could be increased by saving
time utilising effective social communications [7].

Therefore, understanding social behaviour is meaningful and beneficial, and social
behaviour research grasped attention decades ago [91]. Typically, those experiments
were conducted in a controlled setting like a laboratory, and a stimulus was initiated
towards participants. Then the reactions of participants were observed and measured
[235]. The form of the measurement includes general scales, specially designed ques-
tionnaires, voice or video recordings, and human observations [167]. Nevertheless,
there are issues with these forms of measurement. Questionnaires rely on people’s
memory, which could introduce recall bias. In controlled settings, the Hawthorne ef-
fect could appear [201]. Participants may be aware they are being monitored and there-
fore respond differently in their daily lives. More importantly, the cost of equipment
and time of traditional research settings restrict the scale of experiments. It could be
challenging to redo the whole procedure several times to achieve longitudinal results
[80].

Passive sensing, which requires minimum interaction with participants, is a promising
alternative. Data can be collected continuously in situ without observers [207]. The un-
obtrusiveness and ubiquity of passive sensing also make longitudinal studies feasible.
It particularly benefits sensitive social behaviour research on mental health [43]. To ac-
complish these visions, dedicated devices also were designed. Electronically activated
recorders can be applied to sample the sounds in participants’ surroundings to infer
social activities [142]. Badges equipped with radio frequency identification devices
are treated as beacons to detect face-to-face interaction between participants wearing
them [9]. Wearable sensors, including smartwatches and wristbands, also extract so-
cial behavioural cues and even have specialised sensors to monitor variables such as
heart rate and sleep stages. But these sensors usually need another device, such as a
smartphone, to transmit the data. Compared with smartphones, the penetration rate of
wearable sensors is still low [214]. So, participants who usually do not wear a smart-
watch or wristband may feel aware of being monitored, if it is required to be worn for
the experiment[192].
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Smartphones have become a popular personal digital device, with 87% of UK adults
owning one in 2020. Ownership reaches 70% in people over age 55 [162]. Social
sensing by smartphones could be less intrusive than by any other device. Smartphones
also play an important role in social interactions. UK adults spend more than two
hours a day on average on their smartphones [68]. Emails, messages, and social media
are three of the most frequent smartphone activities [219]. Therefore, the smartphone
could be an effective way to study social behaviours. With dedicated applications, so-
cial interaction on the smartphone, such as calls, messages, emails, and social media
activity, could be captured without burden. Moreover, environmental sensors are em-
bedded in almost every smartphone on the market that could enable the monitoring of
social interactions, not only on the phone but also in the physical world. For example,
the microphone could help detect whether the user is engaged in a conversation. So-
cial contexts like locations could also be determined from GPS. In addition, customised
applications can be built on smartphones, and data could be stored, transmitted, and
processed efficiently on board, which could be convenient for deployment.

Parkinson’s disease is a long-term neurological disease. Its prevalence increases with
age, and 1% of people over the age of 60 around the world are affected [180]. The typi-
cal PD symptoms are movement disorders, including tremors, rigidity, slow movement,
and walking difficulties. But other non-motor symptoms, such as cognitive problems,
sleep disturbance, apathy, depression, and autonomic dysfunction, can also be trig-
gered by PD [174]. Social withdrawal is when people gradually lose connection with
other individuals and society. All these symptoms could cause the social withdrawal
of the participants in this study. Motor symptoms may reduce their chance of going
out and having social activities. Participants may have social difficulties, lose social
confidence, and become socially anxious due to the impact of non-motor symptoms
[206].

Currently, there is no cure for PD, and all treatments aim to alleviate symptoms and
improve QoL. Monitoring the progression of PD is the prerequisite of the appropriate
treatment. Notably, PD advancement and symptoms are idiosyncratic [107], and par-
ticipants have their own unique path and speed of disease evolution. This adds more
difficulty to the treatment of the disease since doctors have to assess the comprehen-
sive condition to make reasonable decisions on treatment. Since various PD symptoms
can cause social withdrawal, the extent of social withdrawal could be a significant
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consequence of PD progression. PD patients’ social behaviour also provides doctors
with another perspective to understand the impact on QoL. So, more targeted treatment
could be achieved since social factors have an essential role in QoL [246].

However, understanding the social withdrawal in PD is still at an early stage. Re-
searchers rely on previous knowledge and participants’ reports to comprehend the so-
cial symptoms of PD [178]. It could be subjective and short compared with the long
time in which PD symptoms evolve. To the best of our knowledge, no existing studies
have investigated the social withdrawal of PD patients in a long-term manner. We are
the first to conduct a year-long longitudinal study to investigate the social withdrawal
in Parkinson’s disease using the digital phenotyping method. The results demonstrate
that our method successfully tracks PD patients’ social activity levels. The change in
social habits due to severe external affairs – such as COVID-19 – was also revealed
from our approach. These constructive results can also promote digital phenotyping in
studying other long-term diseases that impact human behaviour. Further understand-
ing and better care could be built on this novel knowledge. Moreover, it will benefit
patients, carers, doctors, and researchers.

1.1 Research questions

The research questions of this PhD thesis are as follows:
RQ1: What data do we need to understand social behaviour, and how can we ob-
tain them through digital phenotyping?

People have spent significant time on them for various kinds of social interactions,
and smartphones can even infer social interactions external to the smartphones with the
use of embedded sensors. There are existing preliminary smartphone sensing studies
in which phone-based models outperform comparable demographic models [202]. It
signifies the smartphone’s potential to collect people’s daily routines and behavioural
characteristics. However, there is a gap between raw smartphone data and utilisable in-
formation. Unprocessed smartphone data could be massive and chaotic, and these data
need to be processed in accordance with each data’s properties to retrieve practical de-
tails. Therefore, we need to investigate the methods for extracting social events from
the raw smartphone data to reconstruct the social behaviours of participants. Then, the
individualised social behaviour model can be established from these social behaviours.
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Through unobtrusive monitoring, behavioural knowledge obtained by digital pheno-
typing can contribute to a novel understanding of social behaviour.

RQ2: How can we recognise personal social engagement using digital phenotyp-
ing?

Practically, social withdrawal is defined as reduced social interactions. Not so-
cial behaviour itself but, rather, the change in behaviour related to time is the crucial
variable we aim to measure. However, there are different quantifications of social in-
teractions. With further combinations of these quantifications, more features could be
generated to observe social engagement. These features could associate with insights
into the deviation of social patterns. As a result, investigating feasible approaches to
construct features from theoretical social impact can aid the transfer of this knowledge
from its behavioural and psychological context to the realms of technology and infor-
matics. It could help an in-depth understanding of human social behaviour and reveal
possible health problems using unobtrusive approaches.

RQ3: How can we make connections between social behaviour collected by digital
phenotyping and the clinical/psychological ground truth of Parkinson’s patients?

Social behaviours can be described and measured in a variety of ways. Each com-
munication channel has its own characteristics to be quantified. Moreover, people have
their preferences for social contacts, such as channels of communication and types of
contact. Not all of them are impacted equally by the disease. It also applies to Parkin-
son’s induced social withdrawal. As a complex phenomenon, many factors like dis-
ease progression, QoL, and cognitive ability are involved. They may have different
connections with any of the social factors. Studying them could provide a compre-
hensive understanding of social withdrawal. One of the aims of our study is to map
smartphone data to existing clinical/psychological ground truth. Therefore, we need
to discover which features have the most potential to reflect the social withdrawal, dis-
ease changes, and other related factors. This approach can also establish a personal
understanding of social withdrawal towards PD.

RQ4: How can digital phenotyping be used to personalise social behaviour track-
ing in a more granular manner?

The typical PD scale is conducted every six months, and it is just a snapshot com-
pared to daily fluctuated disease progression. QoL of patients is often neglected in
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the measurement. So, another ambition we aim to achieve is to provide more gran-
ular monitoring considering both progression and QoL, which is social withdrawal.
Moreover, it is natural that individual differences influence people’s social behaviour
and perceived social interaction level. Some people may be extroverts who enjoy new
social connections with others, whereas others may be satisfied with current relation-
ships. A personal understanding is necessary both for disease and social behaviour.
Therefore, we need an approach to learn the social patterns from an individual level. It
should comprehend past social behaviours of that particular participant and establish a
model for estimating the social interaction level from the self-report ground truth.

1.2 Contributions

The main contributions of this thesis are as follows:

1. Knowledge that supports the understanding of social behaviour through
digital phenotyping.
In Chapter 3, we completed a detailed systematic review of the digital pheno-
typing used to extract social behaviour passively from smartphones. Based on
the findings from the systematic review, we then initiated a longitudinal study
on actual PD patients to observe their social behaviours. Chapters 4 to 7 demon-
strate various results on the way or at the end of the experiment. These results
provide another perspective to understand social behaviour in PD patients. Par-
ticularly, the in-depth social impact of COVID-19 is discussed in Chapters 4 and
5. The relation between PD and smartphone social behaviour is illustrated in
Chapters 6 and 7. This knowledge contributes to methods for collecting social
behaviour through digital phenotyping and identifying the kind of data needed
to understand human social behaviour (RQ1).

2. Insights of social behaviour changes due to different reasons using digital
phenotyping observations.
Theoretically, the progression of PD could cause reduced social interactions.
However, unfortunately, the COVID-19 pandemic happened in the UK during
our experiment period. The policies enforced by the government to reduce dis-
ease transmission severely damaged everyone’s ordinary social life. We took
advantage of this unique chance to observe the social behaviour changes of our
participants. In Chapters 4 and 5, we creatively use features generated from
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the smartphone data to observe the personal obedience of COVID-19-related re-
strictions. Their detailed communication changes and the insight of these trans-
formations are also discussed. Apart from COVID-19, the association between
PD ground truth and social behaviour changes is explained in Chapters 6 and
7. They were studied much more frequently than the typical six-month mea-
surement interval. All this knowledge contributes to recognising personal social
behaviour changes using digital phenotyping (RQ2) and personalising social be-
haviour tracking in a more granular manner (RQ4).

3. An adaptive and personalised approach to measure social behaviour using
digital phenotyping. The aim of our project is to study social withdrawal in
Parkinson’s, so the key element we achieved is the approach to measure social
behaviour from smartphone data. These measures were then connected with
ground truth for every participant, which is discussed in Chapter 6. Our ap-
proach’s adaptability to the data of each individual is demonstrated in Chapter
7. By selecting the most expressive social behaviour feature sets, we present a
strategy for generating a personalised model from an overfitted set of social prop-
erties that forms the general approach. The model is specifically adapted to that
person, but the approach to establishing the model can be utilised in wider health
communities for digital phenotyping in social behaviour studies. All this knowl-
edge contributes to making connections between social behaviour collected by
digital phenotyping and the clinical/psychological ground truth of Parkinson’s
(RQ3) and personalising social behaviour tracking in a more granular manner
(RQ4).

1.3 Thesis overview

This thesis is given in a journal/alternative format with the supervisory committee’s
approval from the Faculty of Science and Engineering. It means that the main chapters
of this thesis (Chapters 3 to 7) are papers that have been published or presently are
under review. The ability to read and interpret each paper separately drives our choice
of journal format. On the other hand, chapters comprising these studies work together
to contribute to the overall object of this thesis.

In this work, we explore the social withdrawal in PD patients by a longitudinal study
using digital phenotyping. The basis of this work is twofold: 1) PD causes disruptions
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in patients’ social functions by a slew of emotional and communicative changes [178],
and 2) PD patients’ behaviour can be tracked using an unobtrusive and personalised
digital phenotyping methodology [94]. These previous works inspired us to monitor
social behaviour in PD patients to promote their QoL and understanding of PD.

The major part of our work is a year-long longitudinal observation study of PD patients
using smartphones. All chapters of this thesis are related to the design, implementation,
or results of this study. Therefore, the thesis follows the timeline of the experiment,
which is summarised in the following three phases: 1) theoretical preparation wherein
we conducted a systematic review on passive smartphone social sensing, 2) severe
change detection wherein participants’ social impact by COVID-19 was detected, and
wherein we innovatively created smartphone features according to COVID-19-related
constraints to track individual adherence to these policies, and 3) analysis towards the
ground truth wherein all-year data were gathered and processed. Both standardised
clinical/psychological scales and more granular ground truth are considered.

1. Theoretical preparation
To explore the social withdrawal in PD, the practical goal we aim to achieve
is tracking the social behaviour of PD patients via smartphones. Although the
smartphone has been employed to monitor participants’ social behaviour, ev-
ery study has its own understanding and arrangement for sensing strategy and
subsequent analysis. The limitations and benefits of smartphone sensing that
perhaps influence the study’s outcome are also unrevealed. As a result, at the
beginning of the study, we aim to make reasonable choices on the deployment
of our monitoring system. The possible option is to discover studies using the
same concept of this technology to investigate what they have accomplished and
how the results were achieved. We culminated this with the paper titled ’Passive

Social Sensing with Smartphone: A Systematic Review’, which summarises all
the procedures for unobtrusive digital phenotyping of social behaviour studies
(Chapter 3). It strictly follows the state-of-art guideline of the systematic review
process and comprehensively summarises each step of passive smartphone sens-
ing. Sensing strategies, validation measures, data processing, feature extraction,
and data analysis are all included in the systematic review. This work lays the
foundation for which data we need in order to understand social behaviour and
how we can obtain them through digital phenotyping (RQ1). Following the find-
ings from the systematic review, we include in our design of the experiment the
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possible social factors that can be captured by smartphones.

2. Severe change detection
After the theoretical preparation, all social-related data sources were selected
from the findings from phase 1 to be tracked via smartphones. A monitoring ap-
plication named AWARE [67] was chosen to record these data. After the ethics
approval, the participant recruitment campaign started in September 2019, and
the experiment was planned for a whole year. Unfortunately, the COVID-19 pan-
demic in the UK happened during the experiment period, and the government
introduced a series of policies to reduce disease transmissions. People had to
stay at home, maintain a social distance, and minimise face-to-face interactions
with people outside their household. It inspired us to examine if the collected
smartphone data can reveal participants’ compliance with these policies. The
results are published in a paper titled ’Digital Phenotypes for Understanding In-

dividuals’ Compliance with COVID-19 Policies and Personalised Nudges: Lon-

gitudinal Observational Study’ (Chapter 4). Moreover, these policies severely
changed everyone’s social life. We also compared the social behaviour before
and during the pandemic to discover the impact of every communication chan-
nel. As vulnerable populations, these discoveries could provide personalised
care during the pandemic. We summarised the result in the paper titled ’Moni-

toring Social Withdrawal with Smartphones in People with Parkinson’s Disease

and the Impact of COVID-19’ (Chapter 5). Possible negative health signals were
found in participants, and they were explained via semi-structured interviews.
All these works reflect the severe impact on participants’ social behaviours, so
it confirms that personal social behaviour changes can be detected using digital
phenotyping (RQ2).

3. Analysis towards the ground truth
The experiment continued under the shadow of COVID-19. Apart from smart-
phone data, a set of scales, including PD progression, QoL, social withdrawal,
and related factors, were conducted every two months. Specially designed di-
aries were provided to participants to record their weekly social extent and QoL.
To keep the unobtrusiveness of the smartphone monitoring, participants did not
do any tasks on their smartphone. So, these measures are the ground truth we
depend on. The experiment ended in March 2021, and eight participants fin-
ished the whole year of observation. Different quantifications of social behaviour
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were extracted as features from raw smartphone data. Then, correlation analyses
were conducted towards the identified clinical/psychological scales. The details,
methods, and results of this study are elaborated in the paper titled ’Explor-

ing Social Withdrawal with Smartphones in People with Parkinson’s Disease:

A Longitudinal Study’ (Chapter 6). It connects social behaviour collected by
digital phenotyping and the clinical/psychological ground truth of Parkinson’s
(RQ3). After successfully identifying the correlated social behaviour with two
months’ ground truth, we turned to more granular tracking of participants’ social
behaviour. Personalised models were constructed from the smartphone features
towards weekly ratings. Both numerical and directional models were consid-
ered. The details of the models are summarised in ’Tracking Social Behaviour

with Smartphones in People with Parkinson’s: A Longitudinal Study’ (Chapter
7). It demonstrates in a more granular manner the capability of the approach of
using digital phenotyping to personalise social behaviour tracking (RQ4). By
solidifying the knowledge that has been produced, the thesis concludes in Chap-
ter 8. The advantages and limitations of our work, and suggestions for future
research prospects are also discussed in that chapter.



Chapter 2

Background

Using smartphones to measure social withdrawal in PD patients is the goal of this
thesis. To establish the basic concept for achieving this goal, we present the theoretical
foundations where the thesis was built. The introduction of PD, social withdrawal,
and the relationship between PD and social withdrawal are provided in this chapter.
In addition, the related work of digital phenotyping and its application in PD are also
reviewed in this chapter.

2.1 Parkinson’s disease

PD is a long-term neurodegenerative disease. It affects patients’ central nervous sys-
tem and motor system. It is particularly prevalent among elderly populations and is
estimated to affect 1% of the population over 60 [190]. The symptoms of PD can
be categorised into motor and non-motor symptoms. The most apparent PD symp-
toms are shaking, rigidity, bradykinesia and tremor, which may appear at an early
stage. The onset of PD emerges gradually, and the non-motor symptoms become more
evident as the disease progresses. These non-motor symptoms include behavioural
and cognitive problems, typically depression, anxiety and apathy [87]. The cause of
Parkinson’s is still unknown. It is believed that both genetic and environmental factors
contribute[105]. There is no cure for PD. All treatments aim to alleviate symptoms and
improve patients’ quality of life (QoL) [190]. Moreover, the progression and the symp-
toms of each PD patient are idiosyncratic [107]. Every one of them has unique patterns
of the disease. A subset of a wide variety of different symptoms will be caused. Also,
the development of symptoms is not linear but fluctuates, and different kinds of factors,
such as medications, sleep and stress, may cause these fluctuations [71]. In summary,

25
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all these peculiarities cause difficulties in Parkinson’s management and treatment.

A Parkinson’s diagnosis requires four cardinal symptoms [101]: 1) bradykinesia, which
is defined as the slow start of voluntary movement and gradual loss in speed and am-
plitude of alternating actions [105]; 2) rest tremors, usually rhythmic twitching move-
ments at the distal part of an extremity with a frequency between 4 and 6 Hz; 3) rigidity,
a raised resistance caused by muscle stiffness during passive joint movement. The re-
sistance exists throughout the range of motion of that joint [190]; 4) postural instability,
gradual development of poor balance, which is the primary cause of falls. Other mo-
tor symptoms include but are not limited to: speech disorders, respiratory disturbances,
hypomimia (masked faces), shuffling gait, festination (shortened and rapid gait), freez-
ing, dystonia (uncontrolled muscle movements), dysphagia (swallowing difficulties),
micrographia (handwriting abnormally small) and sialorrhoea (drooling) [101, 166].

QoL is defined as “an individual’s perception of their position in life in the context
of the culture and value systems in which they live, and in relation to their goals,
expectations, standards, and concerns”, the World Health Organization [79]. For an
incurable disease like PD, all treatment aims to improve the QoL of PD patients. As
PD progresses slowly, it is important to help maintain functional abilities through reha-
bilitation, where QoL plays an important role. Moreover, suitable treatments are based
on the correct measurement of PD progression. QoL can provide “important global in-
formation for assessing the efficacy of medical interventions” [218]. So investigating
QoL can also help understand and improve the treatment of PD.

PD can affect not only people’s physical and mental status but also emotional and
social functioning [47]. So when treating PD patients, dealing only with physical func-
tion is insufficient. The rehabilitation process must consider various aspects of life do-
mains [222]. Non-motor symptoms draw increasing research attention in recent years
because they have a tremendous impact on QoL. Mood changes, cognitive decline,
sleep disturbance, loss of smell/taste, bowel problems and many other abnormalities
are all regarded as non-motor symptoms [174]. From the study’s QoL questionnaire
with patients, the frequency and severity of non-motor symptoms are the most critical
QoL predictor. They even contribute more than motor symptoms to QoL [141]. Non-
motor aspects of PD are some of the most troublesome issues that patients perceive
[174]. Therefore, studying non-motor symptoms draws more attention to them and has
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meaningful benefits for PD patients. However, there is a lack of awareness of the im-
portance of non-motor symptoms [25], which social function is a part of. Particularly,
social factors play an essential role in QoL [246]. Researchers have compared the QoL
of PD patients with the general population and found that one of the areas the disease
particularly interferes with is social functioning [194]. Overall, the social domain of
QoL and social impact of non-motor symptoms is a significant consequence of PD, but
they have never been longitudinally studied before.

Generally, there exists widely used scales to measure PD and its impact on patients. For
example, the Movement Disorder Society Unified Parkinson’s Disease Rating Scale
(MDS-UPDRS) is the gold standard in clinical assessment to quantify PD’s overall
progression [76]. It is the most commonly used scale in the clinical study [184]. By
interview and clinical observations, MDS-UPDRS can comprehensively track the lon-
gitudinal course of PD in six different parts. Moreover, the Parkinson’s Disease Ques-
tionnaire (PDQ-39) or the short version PDQ-8 are widely used tools to evaluate the
QoL of PD patients [170]. It focuses on the patients’ experience of PD and relies on
patients’ reports to access eight dimensions of daily living, including social lives, mood
and activities. PDQ-39 also is the most frequently used disease-specific health status
measure [230]. Nevertheless, compared with the short time in which these scales are
conducted, their results are used to estimate patients’ situations for an extended period,
such as a month or half a year. Moreover, all these scales rely on clinicians’ expertise
or patients’ memories, which are subjective and easily biased [138]. In addition, only
a snapshot of disease progression can be recorded, which is short compared with the
longitudinally fluctuating disease. Thus, it would be beneficial for both patients and
clinicians if continuous and objective monitoring technology could be applied.

2.2 Social withdrawal

Social withdrawal refers to the state in which people avoid the social activities they
usually do. It is reflected by solitary behaviours, and it reveals clear social dysfunction
[159]. People may avoid social interactions due to social fear and anxiety. Then, they
will have less social motivation, which can cause social withdrawal. With the influence
of social withdrawal, people will be separated from society, so the disorder symptoma-
tology and deficits in social cognition will be even worse. Personal and social function-
ing will be seriously influenced, and profound distress and unease will be generated
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[40]. It is an essential factor that can cause mental diseases, and it has been identi-
fied as one of the main reasons behind mental health-related disability[175]. Social
withdrawal is a complex deviation from normal behaviour, which could be influenced
not only by disease but also by factors such as age, culture, economic status, avail-
ability of transport, mobility [233]. Therefore, studying social withdrawal can provide
a novel aspect of understanding and measuring PD, especially non-motor symptoms.
The longitudinal observation can generate pathological knowledge of PD, which ben-
efits researchers, clinicians and PD patients’ carers. This knowledge can then be used
to build necessary therapy so that PD patients can have better QoL and rehabilitation
abilities.

Moreover, it is important to mention that social withdrawal is different from loneliness.
Humans are social animals. Our primary desire is to form and maintain a minimum
quantity of satisfying social relationships [13]. Lack of relationships does not cause
loneliness; it is caused by existing relationships that are not satisfying. Loneliness is a
type of perceived isolation, which is a highly subjective and emotional feeling [111].
It is identified as a risk factor for morbidity and mortality, which is discussed in [30].
If people suffer social withdrawal for a long time and are not satisfied with the current
situation, they will feel lonely. Both physical and mental health will be influenced, and
QoL will decrease. Therefore, social withdrawal should be paid attention to in order
to maintain social well-being. Although social withdrawal may cause loneliness, and
both will reduce QoL, they are still different. [44]. Social withdrawal is a tangible
description of the existing absence of social interactions or objective social isolation.
In general, social withdrawal is an objective phenomenon. Nevertheless, loneliness
is a subjective feeling. Practically, social withdrawal is quantified by a lack of con-
tact with social network members. However, loneliness is determined by subjective
social isolation and measured by lack of emotional closeness [157]. Although there
is research suggesting that subjective evaluation of social isolation is associated with
being objectively isolated [33], this association is not always guaranteed. People may
still feel lonely even when they have plenty of connections with others. In this thesis,
we rely on smartphones as an objective monitoring tool to observe participants’ social
activities. So, we limit our scope by objectively measuring reduced social activities,
which is social withdrawal.

In addition, everyone has their own social habits and roles. They may have different
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social patterns and amounts of social activity. There is no universal standard for how
much or what kinds of deviation are regarded as social withdrawal. We cannot control
all variables to compare social withdrawal purely on certain factors across a popula-
tion. So, as a complicated phenomenon, it is more likely reached from an individual
level.

2.3 Parkinson’s disease causes social withdrawal

From the PD perspective, both motor and non-motor symptoms could cause the social
withdrawal of PD patients. Moreover, social wellbeing is one of the significant com-
ponents of QoL, and social withdrawal is a negative side. So by studying social with-
drawal, the QoL of PD patients can also be reflected. First are the motor symptoms,
including shaking, rigidity, bradykinesia and tremor, which are distinct symptoms of
PD. They reduce the mobility of PD patients because it becomes difficult for a person
who wants to do exact activities if he/she keeps shaking, has tremors or takes more
time when his/her gaits are freezing. Social engagement needs people to go out, join
in groups, and do social activities. If basic motor abilities are lost, the possibility of
social engagement will reduce, leading to social withdrawal then social isolation. This
idea is supported by research that claimed restricted mobility was the defining item for
isolation, and both isolation and loneliness are associated with loss of mobility [243]
[216] [133]. A study discussing freezing of gait concluded that it has negative social
consequences, especially in crowded situations like at the theatre or social events [154].

As for non-motor symptoms, many of them could provoke social withdrawal. In
general, they cause difficulties for PD patients to have social interactions. Cogni-
tive impairment is one of the significant non-motor symptoms which can cause so-
cial isolation. It was found that PD was associated with impairments of emotional
and cognitive social processes, shown by lower empathy and impaired facial emotion
recognition [156]. Also, dysexecutive behavioural disorders in the social domain were
correlated with the impairment of emotional and cognitive social processes. Because
of the cognitive impairment, necessary social functions of PD patients, including emo-
tional recognition and sympathy, are impacted. This problem applies to both facial
expressions and vocal tones. Therefore, their abilities of social contact decrease and
the potential for social withdrawal increases. The cognitive impairment is even more
severe in PD patients with major depression, and they were significantly more impaired
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cognitively than non-depressed PD patients [212].

In addition, facial masking and dysarthria are reported in PD patients. For facial mask-
ing, it causes reduced abilities to modulate and display emotional facial expressions
spontaneously [178]. Moreover, there are fewer natural smiles in PD patients than
healthy controls [172]. They cannot express their feelings and give reactions accu-
rately through their facial expressions to other people. Misunderstandings may also
occur, and they will feel anxious. Over half of PD participants in a study reported facial
masking brought the feeling of social distance between themselves and their partners
[248]. The more severe facial masking will lead to more significant self-reported social
exclusion [82]. In terms of dysarthria, when PD patients want to express themselves
by speeches, abnormal rhythm, harsh voice, inappropriate pauses, and prosodic loss
could appear [171]. Also, the disabilities in social functions of PD patients cause an
extended time in social interactions [191].

These disabilities may also influence the self-perception of PD patients as they feel less
competent in communicating with others [145]. This phenomenon was summarised as
social anxiety [21]. Even when PD patients with dysarthria try to communicate with
others, unfortunately, it is conversation partners who often tend to dominate the con-
versation [189]. They will feel less represented and respected. PD patients may fear
situations such as interactions with other people because they are afraid of being judged
and evaluated. Even worse, social phobia was detected in some PD patients [81]. Pub-
lic appearances could be a shame for them, so they decrease social exposure, which
then leads to social withdrawal [160].

All these deficits could make PD patients not motivated to have social activities. So
stigma and apathy were discovered in PD patients. They have to face felt stigmas,
such as shame, embarrassment, and disgrace, and enacted stigma when encountering
others, such as staring, questioning, and avoiding [134]. These negative responses all
exacerbate the disguising of symptoms of PD patients. It includes reduced interest and
participation in normal purposeful behaviour, lack of initiative, and problems in initi-
ating or sustaining an activity to completion, which is termed apathy [173]. The PD
patients have no sense of security in social activities, so they may reduce the frequency
of social interactions and avoid communicating with others [86]. So they may later
withdraw from the public into a closed world when their symptoms can no longer be
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hidden. Overall, various kinds of PD symptoms, especially non-motor ones, can cause
the social withdrawal of PD patients.

2.4 The feasibility of smartphone sensing

Observation is the foundation of social behaviour research [39]. It is the prerequisite to
any analysis or investigation. Observation methods are diverse. Different observation
methods can be implemented according to research projects and objectives. Generally,
there are two types of observation: active and passive. The active observation approach
needs active input from researchers or participants in the data collection process, which
may add extra burden and influence participants’ reactions [106]. Compared with ac-
tive observation, passive observation does not directly affect participants’ behaviour,
which is advantageous in particular studies. A comparison of active and passive obser-
vation is beyond the scope of this thesis. So, we limit our scope to passive observation.

Passive observations can benefit from the unobtrusiveness of the methodology. It
reduces influence on the experimental targets to alleviate their reactions towards the
observation results. There are no specific tasks for participants to complete, which re-
lieves them of any burden. Participants can continue their behaviours without paying
attention to the observation process. So, the observation can be ubiquitous, and par-
ticipants’ ordinary lives can be monitored in the wild. No special participation in the
observation process can also prevent bias from subjective consciousness. Unobtrusive
sensors can help to achieve passive observation and release the Hawthorne effect [201].
In addition, the unobtrusiveness and ubiquitousness of passive observation makes lon-
gitudinal studies feasible. The cost of active sensing is expensive in long-term research.
For example, participants may have to travel to specific places for every measurement,
and the number of qualified examiners is limited [49]. In this case, passive sensing is
more appropriate because the data can be collected automatically without extra opera-
tions. It is also especially advantageous for observation of people with mental diseases,
such as dementia and schizophrenia [43], since no additional cognitive burden is added.

Technologies like Radio-frequency Identification (RFID) and wearable sensors achieve
the goal of passive sensing [14, 69]. Face-to-face social interaction can be explored by
RFID [9]. However, RFID is an extra device that participants have to carry. They are
still external devices which differ from typical consumer products like smartphones.
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If participants are asked to wear them, they may still feel monitored and behave dif-
ferently in their daily lives. So results from studies using external devices may differ
from natural settings. Compared with existing equipment, designing and manufactur-
ing an external device costs extra time and money. Typical wearable sensors include
smartwatches, wristbands and activity trackers. Health data, such as blood pressure,
heartbeat, steps, time standing, heights of climbing, oxyhaemoglobin value and sleep
quality, can be obtained through wearable sensors. Because of their rich functions,
wearable sensors are increasingly popular among consumers and researchers, but their
penetration rate is still much lower than smartphones. In 2020, only 41% of UK house-
holds owned wearable sensors, while 97% of them used smartphones [215]. Moreover,
wearable sensors are also noticeable, especially for people who do not usually wear
them [192].

Based on penetration rate and compared with other passive sensing devices, smart-
phones are less intrusive for collecting social behaviour data. Unlike wearable sensors
or RFID, which need pairing with other devices, no extra equipment is required in
smartphone sensing. Smartphones are not only owned by the majority of people, they
also play an important role in people’s lives. They have also become the social hub
for personal communication. In 2020, UK adults spent an average of 2 hours and 34
minutes online through their smartphones [68]. It has potential in many areas, such as
sociological, psychological and medical research. With miscellaneous functions and
sensors carried by the smartphone, various types of data can be captured and inferred.
The communication mediated by smartphones, such as calls, messages [195] and social
media [74], can be captured to analyse the social activities of the users. Furthermore,
the data from the sensors can also reflect the surrounding environment. Information
from the microphones [239], Global Positioning System (GPS) and Bluetooth [250]
can infer conversation and social factors in the real world. Such data has been used
in the research of general human behaviour [239], loneliness [43], personality effects
[35], work efficiency [59], healthcare [43, 55, 119], diseases such as schizophrenia
[28] and transportation and behaviour measurement [120, 109]. Its feasibility and va-
lidity in behaviour research have been confirmed [18]. Smartphone social sensing has
a promising future because both contextual and behavioural data can be collected so
that behavioural changes can be monitored from a more comprehensive perspective
[11, 202].
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To the best of our knowledge, PD-caused social withdrawal has never been studied
using smartphone social sensing. The analysis of social behaviour is essential to PD,
as social withdrawal can reflect disease progression and QoL of patients. Therefore,
the smartphone can continuously and unobtrusively monitor PD patients’ social lives
so their status of social withdrawal can be thoroughly understood, which can then act
as a reference for treatment and personalised care. We also conducted a systematic
review on passive smartphone social sensing in Chapter 3, which completely sum-
marised the details of this technology. It can be regarded as part of the background and
related work.

2.5 Related work: Digital phenotying in Parkinson’s

Digital phenotyping is ‘moment-by-moment quantification of the individual-level hu-
man phenotype in situ using data from personal digital devices’ [164]. As mentioned
before, smartphone is feasible for monitoring users’ social behaviours, and it is a par-
ticular type of digital phenotyping, in which the digital device is the smartphone. Dig-
ital phenotyping has been applied in PD research for various purposes, such as differ-
entiating PD patients and healthy controls [118] and monitoring symptom progression
[8]. There are six identified clinical problems (i.e. improving diagnosis, monitoring re-
sponse to therapy and motor-symptom fluctuations, monitoring non-motor symptoms
and progression, improving medical treatment, enhancing surgical treatment and im-
proving rehabilitation interventions) that need technologies relevant to the diagnosis
and clinical management of patients with PD [61]. Given the tools of monitoring and
aiming to understand PD in this work, we focus on smartphone-based continuous mon-
itoring of motor and non-motor symptoms of PD. Studies that classify healthy controls
and PD patients or use smartphones as a questionnaire delivery method are excluded.

The previous study also summarised four categories of technology-based PD moni-
toring according to the activeness of the measurement environment [94]. They are
1) active and controlled: active sensing approaches (i.e. including human contact)
in controlled environments where participants must accomplish designated tasks in
the laboratory or in a home-like setting; 2) active and in-the-wild: active sensing ap-
proaches in the wild, in which participants are required to undertake designated tasks as
part of their daily routines; 3) passive and controlled: passive sensing approaches (i.e.
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without human contact) where participants are being monitored in controlled environ-
ments or home-like settings; 4) passive and in-the-wild: passive sensing approaches in
which participants continue with their daily routines without interruptions. Although
controlled studies have achieved promising results, their results are based on the elim-
ination of broader influences, and results’ generalisability were degraded in real-life
situations [205]. Circumstances in the wild are much more complex than controlled
environments because of the extensive variables introduced. If studies always remain
in the laboratory, it will impede the development of sensing systems with practical
value for border application. Thus, only smartphone-sensing studies that were con-
ducted in the wild are included.

There have been several systematic and non-systematic reviews on smartphone-based
assessment and monitoring of Parkinson’s [205, 127, 129, 176, 2], which are general
references for the reader. We also conducted the keyword search with ‘smartphone
Parkinson’s’ to retrieve studies using smartphones to study PD knowledge. Collec-
tively, 12 pieces of literature are included in this review. Smartphone monitoring also
has the potential to benefit from four novelties of this sensing method: unobtrusiveness,
longitude, personalisation and non-motor-symptom applicability [94]. These features
also led us to the vision of building a clinical monitoring method valid in real-world
settings.

2.5.1 Unobtrusiveness

Unobtrusiveness is the opposite of burdens on participants and examiners. It does
not require participants’ direct input during the experiment. Compared with external
sensors, the smartphone has original unobtrusiveness because it is popular among the
general population. Studies can benefit from its ubiquity and familiarity. Typically,
studies employ specific motor tasks, such as sustained phonation, rest tremor, postu-
ral tremor, finger tapping, balance and gait, via smartphones as symptom assessments
[128]. These tasks usually ask participants to leave their regular activities to complete.
Therefore, these burdens impact the compliance rate of application usage. The evi-
dence shows that ‘26% of apps are used only once, and 74% of apps are not used more
than 10 times’ [61].

Zhan et al. [254] recruited 121 patients and 105 controls to study the dopaminergic
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medication response. Participants were asked to complete five smartphone-based ac-
tivities (each likely requiring five minutes) using the HopkinsPD app twice daily before
and after medication. They were 71% accurate in detecting motor changes in response
to medication. Nevertheless, 7,563 sessions were recorded over a six-month period,
equating to an average of 33 sessions per participant. Only 41 patients with Parkin-
son’s participated in more than 20 evaluation sessions. Additionally, a daily set of 17
smartphone-based tasks was requested of 35 patients to complete as part of cloudUP-
DRS system development. However, the compliance rate dropped sharply after the
first week, and only 12 patients (34%) completed the research after 12 weeks [210].

Although other studies implemented a reduced number of tests or shorter test sessions
for participants to perform, high compliance rate of participants is not guaranteed. For
a study aiming to assess the feasibility of incorporating the smartphone research ap-
plication into a PD clinical trial, a set of seven active tasks (finger tapping, standing
still for 30 s, walking for 30 s, saying ‘ah’ for 10 s, assessments of rest and postu-
ral tremor and a brief spatial memory test) were implemented to assess PD symptoms
[165]. However, only 61% of participants completed at least one smartphone task at
three months, 54% at six months, and 35% at 12 months. Moreover, a five-minute
set of five activities four times daily for a month was requested of 20 participants to
support expert monitoring of PD in Aroral et al.’s study [8]. The results showed only a
68.9% compliance rate, and an average of 2.7 tests per day was achieved.

In contrast, unobtrusive studies do not usually suffer reduced participation in exam-
ining sessions because no repetitive test on smartphones is involved. With seven par-
ticipants of earlier Parkinson’s, Julio [94] developed an adaptive system for tracking
self-reported variations in pain, gait and fatigue on a weekly basis. His strategy out-
performed chance in tracking fluctuations with Cohen’s kappa values ranging between
0.19 and 0.53, indicating that each participant’s subset of predictions was unique. None
of his participants dropped out due to repetitive input on the smartphone because all
monitoring was unobtrusive.

2.5.2 Longitudinal

Accurate data on the long-term evolution of PD symptoms and their short-term vari-
ations are critical for ensuring appropriate treatment for PD patients and accurately
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measuring the results of clinical studies [20]. Therefore, studies focusing on PD pro-
gression had longitudinal settings to observe changes of PD patients over time. How-
ever, due to extended experiment time, active longitudinal studies still suffer from a
reduced compliance rate.

In order to determine the feasibility, reliability and validity of smartphone-based dig-
ital biomarkers of PD in a clinical trial environment, 44 individuals with PD were
requested to complete six daily motor-activity assessments for six months [128]. All
PD participants completed 61% of all possible test sessions throughout the six-month
study period. 64% of individuals with Parkinson’s disease completed all active tests
at least once every other day, and 90% completed them at least once every four days.
However, in the last week of the six months, participants with PD completed 43% of
tests on average each week. In the mPower study [22], which had a large number of
participants, participants were required to complete four smartphone-based activities
three times a day in brief sessions. After six months, just 150 of the 1,087 persons
who enrolled and self-identified as people living with Parkinson’s utilised the app on
at least five separate days. Moreover, the monitoring application was barely used by
any participants after 100 days.

Potentially, there could be a link between the complexity of tasks and the drop-out
rate of participants. Generally, participants are less likely to remain interested over
time with increasing complexity of tasks. Thus, if participants are involved in actively
monitoring evaluations during the longitudinal experiment, it is critical to maintain a
moderate burden for them[94]. In other words, if the measurement is unobtrusive (i.e.
no active input from participants) an extended length of time observation and a high
adherence rate can be achieved. Liddle et al. [124] defined Lifespace as a multidimen-
sional geographic space where people live and do activities, which reflects mobility,
health, and well-being. Through a visual comparison, a study discovered ‘a trend of
decreasing Lifespace with increasing severity of reported symptoms as measured by
the initial partial UPDRS score’ [124]. Although it is a proof-of-concept study, it
revealed that Lifespace could be a sensible objective outcome measure incorporated
in a person’s local environment for monitoring PD patients’ lived community access
and engagement. Vega [94] also achieved longitudinal observation of seven PD par-
ticipants over a year. He only asked participants to complete a simple daily diary as
ground truth. To answer the diary, participants just needed to fill the tiny dot of the
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severity of that symptom [234]. Except for that, all smartphone data was collected
unobtrusively, and no functional test was required. The compliance of diaries only
declined by 2.15% over 299 days.

High cost and burden have caused the absence of naturalistic and longitudinal studies
based on active monitoring. Participants are unlikely to put up with invasive monitor-
ing devices or time-consuming evaluation activities for an extended time. Nonetheless,
because of PD’s complexity, longitudinal monitoring is necessary to provide a more
precise picture.

2.5.3 Personalisation

Precision medicine (or customised medicine) is defined as ‘health treatment that is
tailored to an individual based on their genes, lifestyle, and environment’. As a com-
plex and diverse neurodegenerative condition with a wide variety of symptoms (motor
and non-motor) and side effects from treatment, PD is likely to benefit from a preci-
sion medicine approach [186]. From reviewed studies, personalisation depends on the
method researchers apply.

In the PDLens study [256], 81 PD participants completed gait, balance and voice
tests to detect drug effectiveness during daily life over six months. A deep neural
network was created to establish both person-centred and person-independent models.
Their system was capable of predicting the conditions before and after drug intake with
70.0% accuracy in person-independent results. However, this performance was lower
than that of the person-centred model. Person-independent medication intake detec-
tion is significantly more difficult, as pharmacological efficacy can vary significantly
between participants due to illness progression and medical prescriptions. Two hun-
dred forty-seven participants with PD and more than 100,000 gait-cycle samples were
included in the PDMove study [260] to explore medicine adherence of PD patients. To
achieve personalised models, they adopted transfer learning (i.e. a technique in which
a model trained from one task is repurposed for another related task), which allows a
deep learning model to work with a small number of data. Personalised adaptation was
also applied in the cloudUPDRS study [210]. After a one-week calibration period, they
trimmed down 17 active smartphone-based activities to a customised subset that accu-
rately predicted individual UPDRS scores. Their objective was to shorten the time of
their evaluation sessions in order to boost compliance. They justified their experiment
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by emphasising PD’s idiosyncratic nature, since each patient often develops a collec-
tion of symptoms that dominates their UPDRS scores. They address personalisation
by establishing a machine learning approach for personalising assessments which pick
test sections that most closely fit individual symptom profiles. Thus, the one with the
most excellent inferential power was selected, so it could accurately determine the pa-
tient’s overall score.

By identifying regions of dysfunction and their link to therapy, the smartphone sensing
approach is utilised to deliver personalised feedback to individual patients and perhaps
stratify factors that ‘predict’ a patient’s reaction to various treatment paradigms [61].

2.5.4 Applicability to non-motor symptoms

Non-motor symptoms, however, are frequently overlooked [25]. According to the QoL
questionnaire, the most significant factors affecting QoL are the frequency and inten-
sity of non-motor symptoms. They are even more significant than motor symptoms
[141]. Non-motor deficiencies frequently influence patient priorities and causes of dis-
ability (e.g., depression, anxiety, fatigue, orthostatic hypotension, sleep disturbance).
There is an urgent need to develop unobtrusive technologies for monitoring non-motor
endpoints in the home and community.

However, almost all studies we found focused on tracking motor symptoms, such as
tremor, freezing of gait, hand movement, postural stability and voice disturbances. The
ground truth they relied on was usually partial or total UPDRS scores. There were only
a few studies that monitored non-motor symptoms. Memory tests were conducted in
Prince et al.’s study as part of the mPower project [179]. Participants’ short- and long-
term behaviours were analysed, and non-significant impairment but ‘a larger degree of
longitudinal performance variability’ were found between PD participants and healthy
controls. Pain and fatigue fluctuations were monitored in Julio’s study [94]. He utilised
unobtrusive mobility data and activity-recognition metrics from smartphones to track
these symptoms.



2.6. CONCLUSION 39

2.6 Conclusion

This chapter introduced PD first. Then, social withdrawal and how PD causes social
withdrawal were explained. Social sensing is the basis of analysing people’s social
lives, so we also discussed methods of social sensing. As smartphones are popu-
lar among the general population, no extra cost or equipment is required to collect
data. We highlight the applicability of unobtrusive, longitudinal, personalised and
non-motor symptoms to the smartphone social-sensing method. As PD is complex and
the symptoms fluctuate, PD monitoring should be longitudinal and continuous. Digi-
tal phenotyping has been confirmed to be reasonable when keeping track of the motor
symptoms of PD. However, as an overall indicator and essential part of QoL, social
withdrawal has not been studied in a longitudinal manner. Therefore, we propose the
method of using a smartphone to monitor the social withdrawal of PD patients. The
detailed methodology and experiments are described in the following chapters.



Chapter 3

Passive Social Sensing with
Smartphone

The background chapter discussed that Parkinson’s disease could cause social with-
drawal, which practically implies reduced social interactions. Therefore, the actual
variable we are measuring is social interaction changes. In addition, to minimise the
awareness of monitoring, the measurement has to be passive and unobtrusive. As
the social hub, smartphones compose a considerable amount of an individual’s social
interactions. Combined with other sensors, they are also capable of inferring social
interactions that occur outside the smartphone. In addition, using a popular device for
monitoring is less intrusive than introducing novel ones. After choosing the smart-
phone as our primary monitoring tool, the first question became how to measure social
interactions via smartphones. However, to the best of our knowledge, no literature col-
lected all information together and gave an overview of how smartphone passive social
sensing was conducted. To answer these questions reasonably and to understand this
concept thoroughly, a systematic review was initiated to fill the gap. It discovered a
paradigm of digital phenotyping experiment, including data collection, ground truth
retrieval, and relation interpretation. Critical elements of this technology, such as sen-
sors utilised, strategies applied, features extracted, and data analysed, are summarised
in the review. In the following chapters, we adopt the smartphone passive social sens-
ing to PD patients in the wild.

The content of this chapter is adapted from Heng Zhang, Ahmed Ibrahim, Bijan

Parsia, Ellen Poliakoff, and Simon Harper. ‘Passive socialsensing with smartphone: A

systematic review’. It’s currently under review.
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Abstract
Background: Smartphones are widely used and have become hubs of personal com-
munication. Combined with multiple sensors, they are capable of capturing social in-
teraction on and outside smartphones passively. So it is feasible to apply smartphones
as novel research tools to conduct social-related studies.
Objective: To review the published empirical English literature of passive social sens-
ing with smartphones. To explore which domains this technology apply, and its sensing
strategies. Their performance in practical studies, benefits and challenges will also be
discussed.
Methods: Following the PRISMA guidelines, we constructed a search string consid-
ering variations of the term smartphone. The search was conducted in ACM Digi-
tal Library, IEEE Xplore, PubMed, ScienceDirect and Web of Science. Snowballing
method was also applied following Wohlin guidelines after the initial search. Papers
were included if they were empirical, only used sensors on smartphones to collect data,
involve measuring social interaction or social activity level, required minimum user in-
teraction and described as passive.
Results: The search produced 2741 results, of which 47 eligible articles were identi-
fied, two more articles were added from the snowballing. Participants of included stud-
ies ranged from 5 to 11000 and described experiments length range from two weeks to
two years. The aim of all studies was to understand human social behaviours, and some
of them correlated social interaction levels with other topics such as diseases, wellbe-
ing and personality. College students were the most common participants. The most
popular operating system was Android. Calls, messages and Bluetooth data were the
three most frequently used sensors. Various data analysis methods, including simple
as correlation, complex as machine learning, have been utilized. All studies achieved
their aims, And the most common approach to represent findings are correlations. Ben-
efits such as ubiquitousness, unobtrusiveness, personalisable, and continuity and chal-
lenges such as privacy, accuracy and methodology were reported and summarized from
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reviewed studies.
Discussion: Other than questionnaires, passive smartphone social sensing gives re-
searchers another perspective to understand participants’ social lives. Reviewed studies
confirmed the feasibility and validity of this technology. However, they still suffered
from privacy concerns of participants, relative sample sizes, the significance of exper-
iments is not generalisable and data integrity due to technical faults. The recommen-
dation is to conduct more research on making reasonable sensor frequency choices,
standardising smartphone features, building personalized models and implementing
state-of-art technologies.
Conclusion: The smartphone social sensing technology provides innovative oppor-
tunities to measure human social behaviour objectively. It has a promising future in
the field of sociological, psychological and medical researches. With concerns in-
cluding privacy, accuracy and methodology, its evolvement needs to be addressed by
interdisciplinary collaborations between technology experts, computer scientists and
professionals in all related fields.

3.1 Introduction

Human beings are social animals. Social activities have taken an important part of our
daily lives, and it has a significant influence on people’s mental and physical health.
Poor quality of social relationships is a major risk for depression [225]. There is evi-
dence showing that socially isolated people have a higher mortality rate than the gen-
eral population [216]. On the contrary, positive social behaviour is beneficial to both
individual and society. For example, efficient social interaction can save time and in-
crease the productivity of workers in certain industries [7].

Consequently, social behaviour research has begun in the last century [91]. Typically,
experiments on social behaviour consist of three parts: 1) set particular contexts: for
example, arrange a scenario making people nervous 2)observe participants behaviour:
record their voice, face emotion and reaction of social interactions under this scenario,
and 3) retrieve feedbacks from them: use scales, questionnaires or interviews to mea-
sure their mood or satisfaction of this social behaviour [235]. Methods of experiments
include interviews, questionnaires, voice or video recordings and expert observations
[167]. However, these approaches come with their natural defects and limitations.
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Questionnaires could introduce errors by recall bias; participants may behave differ-
ently in aware or controlled settings; the cost of these techniques could restrict the
scale of the experiments [80].

These active observations may disturb participants in a variety of ways, but passive
sensing has opportunities to reduce disturbance and burden fundamentally. It does
not require intensive inputs from participants, so it is unobtrusive compared with tra-
ditional measures and all data are captured in situ [207]. Passive sensing refers to
different kinds of method to collect data from participants by minimum or no direct
interaction with any object or person. Participants do not have to do specific tasks or
answer particular questions during or after the experiment. Not only the burden on
participants’ awareness, cognition and memory are released, but also the recall bias
and Hawthorne effect are alleviated if unobtrusive sensors are applied [201]. More-
over, the longitudinal study becomes more feasible by combined unobtrusiveness and
ubiquitousness of passive sensing. Data can be collected continuously without the
presence of observers or laboratory environment but in the wild. It is beneficial for
sensitive and stigmatised social experiments in mental health, such as studies in de-
mentia and schizophrenia [43].

In some studies, dedicated research quality technologies of passive sensing have been
proposed and examined in obtaining social activity data. A predecessor is in the audi-
tory domain, the electronically activated recorder was invented to sample the surround-
ing sound of participants to infer social activities and conversations [142]. Another ex-
ample is RFID devices. They were designed as badges with beacons to explore face-to-
face social interaction between individuals [9]. They could achieve high accuracy and
detailed mapping of every social interaction [59]. In the RFID studies, these specially
designed RFID badges are worn at the front of participants’ bodies so that the signals
can be easily captured. Particular scanners are also working continuously to capture
the RFID signals and infer if participants have social interactions in a specific room.
All these procedures can maximise the chance that RFID signals can be accurately
captured. As for the Bluetooth on smartphones, it can only scan surrounding signals
at a certain frequency, so the signals in between could be lost. Moreover, some users
may also not turn their Bluetooth on, so the smartphone will lose detection of these
people. Furthermore, smartphones are usually kept in pockets, so the Bluetooth signal
might interfere, which then leads to signal loss. Overall, dedicated RFID badges are
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more reliable and accurate than Bluetooth on smartphones when detecting surround-
ing people in a specific area. However, in contrast to using existing devices, RFID
could raise the cost of experiments. Comparing with usually carried gadgets such as
smartphone or smartwatches, they could be more obtrusiveness because people may
notice these badges. Recently, wearable sensors(e.g. smartwatches, wristband activity
tracker) are becoming prevalent for extracting behavioural cues. They have dedicated
sensors to monitor more targeted variables such as heart rate and stages of sleep. But
they often paired and existed with smartphones all the time, and their penetration rate
is much lower than smartphones. In 2020, In 2020, at least one person in 97% of UK
households own a smartphone, only less than a half, 41% of them have wearable [214].
Moreover, these technologies also could make participants aware and may bring extra
reaction towards sensor wearing people. Comparing with smartphones, they have a
potential ecological threat for people who do not usually wear them [192]. Indeed, all
kinds of sensing methods have their own benefits and limitations. Studies can choose
the applicable one or combination of tools according to the aims of their studies. As
an off-shelf device, smartphone has the highest ownership among all of them. For ma-
jority of people, they do not need extra equipment to participate these studies. It is
convenient for experiments in-the-wild. We limit our scope to smartphones.

Nowadays, smartphones have become the hub of personal communication and com-
puting. In 2020, 87% of UK adults owned smartphones [161]. Even in people aged
over 55, ownership rates of smartphones rise significantly from 4% to 70% from 2008
to 2020 [162]. It is reported that UK adults spent 2 hours and 34 minutes on aver-
age day online on their smartphones in 2020 [68]. Social interaction happened on the
smartphone, such as calls, messages, emails, and social media activity can be captured
on it naturally. So social sensing by smartphone could be less intrusive than any other
devices.

Additionally, off-the-shelf smartphones are embedded with multiple and power sen-
sors. These sensors empower smartphone as an efficient tool to capture not only social
interaction mediated by smartphones but also the surrounding social context. For ex-
ample, raw data from sensors such as microphones, Global Positioning System (GPS),
accelerometers can be gathered and interpreted as conversation engagement, mobil-
ity patterns, number of encounters to inference social interaction happened outside of
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smartphones. These data can then be analysed to assess related topics such as depres-
sion, loneliness [43] and work efficiency [7]. Moreover, combined with the capability
of storage, process and off-load data, smartphones can be set up easily to accomplish
these tasks.

Although several surveys or reviews have given big pictures of how smartphones pas-
sive sensing can be utilised for various fields including healthcare (e. g. [43] [55]),
transportation and behaviour measurement (e.g. [120] [109]), they did not explicitly
discuss how this technology were applied for social interaction measurement. To our
knowledge, passive social sensing by smartphones is not systematically reviewed. The
goal of this article is to summarise the existing literature and address this gap.

3.2 Objectivess

The main objective of the systematic review was to explore how smartphones were
applied for passive social sensing. Detailed research questions are:

• To which domains and populations have smartphone passive social sensing been
applied?

• Which kinds of sensors and data collection methods have been used for smart-
phone passive social sensing?

• How were sensor data analysed after data gathering?

• What is the accuracy or other performance indexes of these passive social sens-
ing methods?

• What potential problems did smartphone social sensing had and were there any
solutions?

3.3 Methods

We followed the Preferred Reporting Items for Systematic Reviews and Meta-Analyses
(PRISMA) [149] guidelines to perform the systematic review. After the final decision
of included papers was made, we followed Wohlin guidelines [247] for snowballing in
systematic reviews using those papers as the starter set.
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IEEE Xplore

Jan. 2000 – Oct.2020

347 Citations

ACM Digital Library

Jan. 2000 – Oct.2020

966 Citations

Web of Science

Jan. 2000 – Oct.2020

405 Citations

2741 Non-Duplicated 

Citations

Inclusion/

Exclusion 

Criteria 

Applied

72 Articles Retrieved

2669 Articles 

Excluded After 

Title/Abstract Screen

Inclusion/

Exclusion 

Criteria 

Applied

47 Articles Excluded 

After Full Text 

Screen

25 Articles Retrieved

Snowballing 22 Articles Included

47 Articles Retrieved

PubMed

Jan. 2000 – Oct.2020

141 Citations

ScienceDirect

Jan. 2000 – Oct.2020

882 Citations

Figure 3.1: Diagram of the review process.

3.3.1 Types of studies

Studies were included if they were:

1) empirical studies, involve experiments on humans;
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2) use sensors embedded on the smartphone only;

3) the aim or indirect aim of the sensing is to detect if users of the phone engage in
social interaction or their overall social connectedness level (Social interaction
means ‘the process of reciprocal influence exercised by individuals over one
another during social encounters’. It refers to face-to-face encounters in which
people are physically present with one another and technologically mediated like
calling or messaging [130].);

4) involve data collection on smartphone;

5) require minimum user interaction on the smartphone, described as passive.

Studies were excluded if they were:

1) crowed sensing, because it combines all sensors’ data from a large number of
smartphone users but not an individual;

2) using other sensors such as wearable devices paired with smartphones, special
fixed sensors at home because they did not use smartphone sensors;

3) require participants to put their phones in specific positions such as body, cloth-
ing because they are intrusive and only use smartphones as accessible sensors.

We defined smartphones as mobile phones running an operating system including but
not limited to Windows Mobile, Symbian, Android, iOS, which third-party applica-
tions can be installed for data collection purpose. Passive was regarded as data col-
lected without user input, except the data collected for building ground truth such as
the target for correlation and labels for machine learning.

Although there are other external sensors and scenarios can be applied on smartphones
studies, the search scope is strictly limited to smartphones because they are different
from normal smartphone usage settings in-the-wild. It could threaten the generalisation
and passiveness of results. In addition, papers focus on specific technology only such
as analysing raw audio for vocal inference or constructing proximity networks from
Bluetooth signals were not included. Because their aims are exploring these technolo-
gies rather than understanding human social interaction behaviour.

We included English-language peer-reviewed journal papers and conference proceed-
ings published from January 2000 to October 2020. We choose to start from 2000 is
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because it was the first time Bluetooth is embedded in smartphones, which enables
smartphones as inference for surrounding social interactions.

3.3.2 Search strategy

We conducted two searches in computer science and electronics domain-specific databases
ACM and IEEE, one search in health domain PubMed, and two searches in the cross-
domain database Web of Science and ScienceDirect. We build the search string based
on our inclusion and exclusion criteria with special consideration of variations of the
term smartphone.We’ve carefully considered possible related research topics of pas-
sive social sensing but realised the fact it is the first of its kind and no literature can
tell how many terms are necessary to cover the whole area. So we can not pre-defined
all possible fields passive smartphone social sensing was applied and added them as
keywords in search terms. Also, one of the objectives of the review is to explore which
domains and populations have smartphone passive social sensing been applied. There-
fore we choose the reasonable way, use only social and sensing as two keywords. We
did not include the term ‘passive‘ in the search string because according to the pre-
search, a number of qualified studies can not be retrieved by search engines, which
probably because they did not have the word ’passive‘ in their title or abstract. So we
decided to execute the search string without it but select results manually.

The search string was: (smartphone OR cellphone OR cell-phone OR ‘cell phone’ OR
‘cellular phone’ OR ‘mobile phone’ OR ‘mobile telephone’ OR iPhone OR iOS OR
Android OR Symbian OR ‘Windows phone’) AND social AND sensing NOT (crowd
OR community)

3.4 Results

We included a total of 47 publications and the summary of them are shown in table
3.1. They were selected from 2741 non-duplicate results from five databases men-
tioned above after title/abstract screened and full-text reading. These results were ex-
amined and discussed by the first and the second author according to the inclusion and
exclusion criteria. The whole process was shown in figure 3.1. In the snowballing
procedure, the total number of citations of a particular publication exceeds 2,000, but
most of them did not meet our inclusion criteria. To improve efficiency, we execute
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Figure 3.2: Studies by year of publication

our searching string again on those citations to narrow results. In addition, studies
doing secondary analysis on public social datasets not collected by authors but other
researchers were also considered. These public datasets include Lausanne data collec-
tion campaign dataset [112], reality mining dataset [57] and StudentLife dataset [239].

The majority of these citations were discarded because of irrelevance (e.g. studies in
robotics), theory only (e.g. conceptual papers of privacy and algorithm in social sens-
ing), intrusiveness (e.g. they asked participants to label data before the experiment
started) and involve sensors other than smartphones (e.g. fixed locating sensors or
wearable sensors). Although some studies used smartphones passively, they were still
excluded because their targets are mobility or context of users but not social interaction.

Twenty-two studies (47%) were conducted in the United States; 15 studies (32%) were
in Germany, other studies were performed in Switzerland, Italy, the United Kingdom,
Denmark and China. Moreover, 27 papers (57%) were published after 2015. Details
are shown in figure 3.2.

As for the intentions of these studies, 21 (45%) are understanding human social be-
haviours, which includes proximity detection, relationships evolution, etc.. Personality
is also a favourite topic, which catches 13 (28%) of reviewed studies. Other studies
correlate social interaction levels with well-being, involving depression, anxiety, stress,
obesity, sleep problem and mood. Particularly, four studies applied smartphone social
sensing for disease research, including schizophrenia and bipolar disorder [66] [240]
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Figure 3.3: Applied physical sensor of reviewed studies.

[29] [238]. Active measures for participants were involved in reviewed studies. For
example, Wahle et al introduced an intervention for participants to alleviate maladap-
tive thinking[236].

46 (98 %) selected studies reported the number of participants. The number of analysed
participants of ranges from 5 to 11,000, the mean is 380 with the standard deviation of
1613 and median of 54. Length of experiments were explicitly described in 44 (94%)
studies. 35 (74%) studies had a fixed study duration, and the study length ranges from
2 weeks to 2 years. The average study time in days is 184 with a standard deviation
of 207 and median of 70. As mentioned above, most experiments were conducted in
developed countries, where smartphones are prevalent.

Seven studies did investigations on datasets collected by others. Lausanne data col-
lection campaign dataset [112] is the most interpreted one. It was investigated in five
studies [54] [53] [83] [35] [36]. Reality mining dataset is originally reported by Eagle
and Pentland [57] and analysed in two studies [64] [253]. The result of two studies
[228] [237] came from the StudentLife dataset [239]. Two studies [29] [28] shared the
same data.

3.4.1 The paradigm

From all reviewed studies, a paradigm of passive smartphone social sensing can be
summarized. Typically, an application will be installed on participants’ smartphones,
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Figure 3.4: Applied on-device analytics of reviewed studies.

and it will collect designated sensor data throughout the experiment period. The gath-
ered data is transmitted to a remote server or stored locally on smartphones. Simulta-
neously, ground truth such as clinical/psychological scales or self-designed questions
will be conducted at the beginning, the end or during the experiment at a particular
frequency. After the data period, raw smartphone data will be processed, and higher-
level features will be constructed from them. Then, various analysis methods will be
applied to discover the relationships between ground truth and smartphone data. The
overview of the paradigm can be seen in figure 3.5.

All reviewed studies implemented an observation approach to investigate their research
questions. For health-related studies, none of them had a detailed hypothesis that cer-
tain features from smartphones have particular relationships with their research targets.
They implemented smartphone passive social sensing technology and analysed all col-
lected data with the ground truth afterwards. The results showed that all studies had
found all or some of smartphone features can indicate or associate with research ob-
jectives.

3.4.2 Participants

Participants are foundations of the empirical researches. Although only one study re-
ported that sample size was determined based on an a priori power analysis [195], all
selected studies report the population of their experiments. College students and staff
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Figure 3.5: The paradigm of passive social sensing with smartphone.

including undergraduate, masters, PhDs and researchers are the most prevalent one
among all papers, which takes 23 (48%) of them. Ten of which even either work in the
same laboratory/university or live in the same dormitory building [57] [64] [163] [253]
[143] [216] [114] [228] [137] [135]. Two studies recruited young adults ranges from
18-21 in the surrounding area of the university [202] [11]. Relationships of partici-
pants in six studies are colleagues, friends or family members [54] [53] [83] [35] [36]
[3]. Participants in two studies are typical families consists of parents and children.
In Centellegher et al’s study, each family lived in different regions [32]. However, in
Moturu el al’s study, participants resided in the neighbourhood community [155]. For
other studies, potential social relationships of participants were not clarified. More-
over, disease-related papers all had special criteria for recruiting participants. For ex-
ample, Buck et al’s studies [28] [29] only include candidates who had a diagnosis of
schizophrenia.

Only twelve studies (23%) explained the provider of smartphones which participants
used for experiments. Seven studies (15%) gave smartphones to their participants. Two
studies helped participants migrate to new phones [238] [12]. However, participants in
[239] treated given phones as secondary ones. Five studies (11%) studies install sens-
ing applications on users’ own smartphones. Especially, Servia et al asked participants
to download the application themselves to take part in the study [199] .
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For longitudinal experiments with human involvement, there is always a risk of par-
ticipants withdrawal. Only three of selected studies reported details of participants
dropping-out. One study reported 50.8% of participants uninstalled the data collection
app within the first two weeks with only one-fifth of participants left for four weeks
[236]. Buck et al [29] reported 8 participants (13% of total) withdrawal, and 14 (29%
of total) in Wangs et al’s study [238]. Possible reasons are not qualified, no longer
interested and felt required too much effort.

3.4.3 Sensors

A variety of sources on smartphones are being applied to capture different types of
data, including both physical sensors and on-device analytics. The most utilised phys-
ical sensor is Global Positioning System (GPS; 25 studies), and Bluetooth, which was
applied in 24 selected studies. Other prevalent sensors are Wi-Fi (16 studies), ac-
celerometer (17 studies) microphone (14 studies), ambient light (7 studies) and cellular
IDs (5 studies). Other data are from on-device analytic, which includes call logs (32
studies), Short Message Service (SMS) logs(30 studies), application usage (19 stud-
ies), screen on/off (8 studies), phone lock/unlock (8 studies), battery status (8 studies),
calendar event (5 studies), music played (4 studies), and boot event (3 studies). GPS is
generally employed for positions in most scenarios, but individually, locations are ob-
tained in different mechanisms. Two studies referenced visited places of participants
by detecting if their smartphones connected with certain Wi-Fis [216] [137]. One study
collected Wi-Fi, GPS and cellular ID for locations [199]. Two studies combined Wi-Fi
and GPS to observe location behaviours [12] [237] . Besides, three studies adopted
cell tower IDs to interpret participants’ rough neighbourhoods [57] [64] [253]. Details
of sensors usages of reviewed studies are shown in figure 3.3 and figure 3.4.

Forty-four studies collect multiple data, and three studies relied on a single sensor
(GPS or Bluetooth) [54] [143] [155]. Moreover, there are distinct purposes for each
data source. Locations are the significant context in social interactions. They can be
gathered from GPS, Wi-Fi and cellular IDs. Messages and calls are two essential way
of communicating through smartphones. Proximity is the primary condition that peo-
ple can have face-to-face interaction, so Bluetooth is the most common method for
sensing if two or more participants are in this situation due to its low power consump-
tion and short distance signal. Microphone is capable of detecting surrounding sounds.
By analysing raw audio captured from it, the condition if participants are engaged in
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conversations or not, can be inferred. Application usage, especially social media is
an arising source of social interaction happened on smartphones which can not be ig-
nored. One study even went further, it records Facebook connections and interactions
[152]. Nevertheless, the aim of collecting other sensors data is not directly related to
social interactions, but for studies’ additional analysis. The accelerometer is for gain-
ing participants’ physical activities or step counts. The calendar is for participants’
important daily life events. Smartphone usage is represented by quantifying screen
on/off, phone lock/unlock, battery status and boot event. The ambient light sensor can
provide surrounding illuminates readings. Music played on smartphones was espe-
cially monitored for personality researches.

Primary considerations for setting parameters of sensors are platform limitation and
power consumption. In selected studies, ten of them described the parameters of some
of the social sensors they used, including GPS, Bluetooth, Wi-Fi and microphone. Fif-
teen studies set fixed sample rates for recording data. GPS: 10 [12], 15 [236] [193],
20 [237] or 60 minutes [202] [199]; Bluetooth: 3 [35] [36], 5 [155] [57] [64] [253],
6 [137], or 10 minutes [237]; Wi-Fi: 6 [137], 15 [236], or 60 minutes [199]; and
microphone: 3 seconds [237] or 3 minutes [28] [89]. [193] logged Bluetooth and
Wi-Fi whenever the respective events occurred. Other three studies had dynamic sam-
ple strategies to balance battery impact and data quality [54] [53] [83]. For example,
Kiukkonen et al’s study [112] changed sampling rates depend on known Wi-Fi con-
nections, motion and location status. If accelerometers and GPS showed participants
are moving outdoors, it captured Wi-Fi data every 60 seconds and Bluetooth every 180
seconds. If smartphones were connected known Wi-Fi, it reduced Wi-Fi to every 120
seconds but increased Bluetooth to every 60 seconds.

3.4.4 Operating System

Thirty-five (77%) studies’ data collection platforms are based on the Android system.
Eight studies built on Nokia’s Symbian OS. Six studies had their applications running
on iOS. Two studies used Windows Mobile, and one study did not indicate which plat-
form it was implemented on. In particular, five studies implemented their applications
both on Android and iOS [45] [89] [90] [237] [241]. Symbian and Windows Mobile
are popular in the last decade, and all selected studies based on them are before 2010.
But these two mobile systems have stopped service nowadays. Compared with iOS,
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Android has flexible permission regulation, efficient background process and accessi-
ble sensor communications, which makes it easier to deploy data capturing platforms.
So it is the most popular in selected studies.

3.4.5 Validation measures

Since there are different study targets of passive smartphone social sensing, various
methods were applied for validating collected sensors data. Thirty-seven (79 %) stud-
ies adopted extra methods for affirmation, including professional clinical or psycho-
logical scales [182] [195] [28] [110] [74] [75] [89] [209] [193] [90] [66] [239] [240]
[119] [35] [48] [152] [241] [208] [236], ecological momentary assessment (EMA)
[239] [28] [45] [238] [239] [240] [89], on-line/smartphone-based surveys [57] [199]
[125] [3] [66], self-designed questionnaires [155] [137], experience sampling method
(ESM) [195], and in-person sessions [11]. As can be drawn from above, four studies
implemented multiple validation approaches [195] [66] [239] [89].

For other studies, parts of the data themselves were regarded as validation. For ex-
ample, One study considered weekly meetings of participants as the ground truth [53].
Based on these meetings, they could estimate the success rate of the smartphone of
each person detecting other group members. In addition, Yu et al [253] separated data
into learning sets and testing sets, it built a social network from learning sets and vali-
date their model performance on testing sets. Bauer and Lukowicz [12] chose a stress
period for students: before and after exam to observe their social behaviour changes.
Similarly, Harari et al [88] monitored a whole academic term to characterise students’
sociability.

In addition, these measures were taken at different time intervals. From studies de-
scribing the time point of administration of these measures, typically, professional
clinical or psychological scales were applied once (at the beginning) by Faurholt et
al [66] or twice (at the beginning and the end) by Harai et al [90] and Wang et al
[239]. Particularly, Buck et al [29] had clinical assessments at three-month intervals,
and two studies [240] [35] had their scales monthly. Pulekar and Agu[182] also ap-
plied psychological scales at the beginning and every 4 hours after. For EMAs, ESMs,
and on-line/smartphone-based surveys, they were required multiple times a day [125]
[239] [199], daily [45] [74] [137], every two days [238] [195], three times a week [28]
[240] and monthly [3].
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3.4.6 Data processing

Although all data were collected by applications running on smartphones, not all stud-
ies implemented their own tools for sensing. Twelve studies deployed platforms de-
veloped by others [28] [29] [66] [240] [48] [152] [241] [237] [153] [208] [45] [90].
Twenty-two applications (46.8%) specified that they used remote servers to store data
transmitted from smartphones. Three studies (6%) stored their collected records on
smartphones. Others did not describe how they aggregate their data. In addition, six
studies created thresholds to filter the data. Two studies [90] [88] only included days
with more than 14 hours data. Four studies [28] [238] [240] [241] set 19 hours as the
minimum number of data needed per day. In Bati and Singh’s study [11], they removed
participants’ data if their ground truth surveys were not complete or smartphones did
not collect sufficient location data.

Ten studies (27 %) emphasised that their data collection procedures are ethically con-
sidered. Typical technical strategies are 1) limit the permissions of the application
so sensitive information could not be recorded. For example, two studies mentioned
that the content of messages can not be acquired in their sensing platforms [202] [11].
2) anonymised identifiable entities such as IMEI numbers, Bluetooth/Wi-Fi MAC ad-
dresses and call/messages numbers [137] [253] [125]. These processes are usually
done by randomisation and one-way hash. So the data can keep uniqueness but lose
traceability. 3) encrypted secure connection when transferring data from smartphones
to servers [239]. So the data cannot be intercepted or hijacked by unauthorised par-
ties. Particularly, one study [112] strengthened that the rights of participants should
be acknowledged. Participants should have the power to fully control their data. They
designed a website for participants to view all their records and allow them to delete
some or all.

Twenty-nine (62%) studies just utilised smartphones as raw data collection tools and
did not implement any complex algorithms on smartphones. Their data analyses were
conducted elsewhere afterwards. Otherwise, if a study collected microphone audio, it
always processed the raw audio on the smartphone and stored the result. Twelve studies
implemented algorithms to detect if the current sound is conversations or voices. Two
studies recorded noise level of the surrounding environment. Furthermore, two studies
[119] [114] derived types of activities such as walking, running from their application
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locally. Similarly, four studies [90] [238] [240] [241] utilised system built-in activ-
ity recognition interfaces including Google Activity Recognition [52] on Android and
Apple Core Motion [51] on iOS to get activity types inference. Besides, five studies
[238] [45] [239] [240] [119] combined the data from ambient light, microphone ac-
celerometer and smartphone usage to determine if the participant is asleep. Precisely,
if the smartphone is in a dark, silent environment, stay stationary and not being used,
they inferred the user is sleeping. Lane et al [119] also considered recharging events
for sleep since people often recharge their phones overnight. Furthermore, Wahle et al
[236] established several thresholds to provide positive interventions from their smart-
phones. If participants stayed home too long, did not make any phone calls and walked
less, recommend interactive activities will pop up to promote their mental state. Also,
Lane et al [119] displayed animations to provide passive feedback to users based on
their physical and social activities collected by smartphones.

3.4.7 Feature construction

Multiple methods range from straightforward numbers to complicated calculations
have been employed for investigating collected data. All these tasks were conducted
after the data collection period except studies giving feedback or intervention to partic-
ipants during the experiment. Usually, if the study had validation measures, collected
data will be interpreted and analysed with these ground truth to examine its hypothe-
sis. For call logs, SMS logs, Bluetooth, Wi-Fi, conversations/voices, and smartphone
usage, descriptive statistics were applied by reviewed studies. Total number, means,
variation, standard deviations, and frequencies are calculated from plain numbers [182]
[236] [202] [32] [195] [45] [75] [209] [90] [35] [36] [152] [241] [153] [199].

Besides, more features were formed by the characteristics of data. Calls were stud-
ied as long, short, incoming, outgoing and missed separately [182]. The difference and
ratio of the number of these calls were also established as new features [202]. Sim-
ilarly, messages were divided into sent and received, and length in characters is also
recognised. Reviewed studies also extracted the number of contacts participants from
call and SMS logs. For applications, they were evaluated based on their categories,
which were selected manually [195] or according to the classification of Google Play
store [75] [238]. Entropy which measures the diversity, unpredictability, or irregular-
ity is also calculated for calls, SMSs, application usage, and Bluetooth [75] [209] [48]
[152] [137] [237].
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All studies build higher-level semantics from raw value instead of just observing these
naive numbers for location data. Some features were formulated by the combination of
the data and their temporal information. For example, in several studies, location points
were clustered into interests of places by the length of time of each visit and frequency
of visits [32] [202] [57] [143]. So significant positions such as home, workplace and
socialisation venues were recognised by Tsapeli and Musolesi[228]. Features includ-
ing time spent, distance travelled, number of unique places were calculated for further
analysis. Moreover, all the features, including semantic locations were separated into
different hours of days (for example, morning, afternoon, evening and night), week-
days, weekends to discover distinct patterns [57] [135] [110] [29] [110].

Further evolving processes were applied after features construction. Five studies cal-
culated the correlation coefficient to select subsets of features to train machine learning
classifiers [182] [11] [240] [237] [35]. Two studies [36] [202] selected certain features
according to their predictive ability with the degree of redundancy [217]. In addi-
tion, three studies established their own scores on top of built features. Guo et al [83]
designed the social tie matrix from calls, messages, Bluetooth and Wi-Fi records. Re-
laxation score was accumulated from touches of the screen, the number of messages
and calls with different weight [114]. Lane et al [119] created well-being score from
physical activity, sleep patterns and social interaction.

Table 3.1: Summary of reviewed studies.

Studies Sample size
& type

Study
length

Data gathered Purpose

Eagle and
Pentland,
2006 [57]

100 students
and staff in
university

approx.
300
days

Call logs, Blue-
tooth, SMS logs,
Application us-
age, Phone lock-
/unlock, Cellu-
lar IDs

Recognize social pat-
terns in daily user
activity, infer relation-
ships, identify socially
significant locations, and
model organizational
rhythms.
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Farrahi
and
Gatica-
Perez,
2010 [64]

97 students
and staff in
university

approx.
300
days

Bluetooth, Cel-
lular IDs

Proposed a model, which
integrated the variations
of location over multi-
ple time-scales, and in-
ferred interaction types
from proximity.

Do and
Gatica-
Perez,2011
[54]

40 family
members
and col-
leagues

365
days

Bluetooth Proposed a new proba-
bilistic relational model
to analyse long-term dy-
namic social networks
created by physical prox-
imity of people.

Oloritun
et al, 2012
[163]

42 students
in American
university
dormitory

approx.
300
days

Bluetooth Understood the effect
of social processes on
the creation of social
encounters at different
lengths of interaction.

Do and
Gatica-
Perez,
2013 [53]

40 family
members
and col-
leagues

365
days

Bluetooth, GPS Presented a probabilistic
approach to mine human
interaction types in real
life.

Yu et
al, 2013
[253]

30 student
and staff
working in
the same
building in
university

approx.
300
days

Call logs, Blue-
tooth, SMS logs,
Cellular IDs

Recognised human
friendship from a
supervised learning per-
spective, demonstrated
the social relation evolu-
tion process by using the
social balance theory.

Meurisch
et al, 2015
[143]

163 students 28 days GPS Proposed a spatiotem-
poral approach to de-
rive situational informa-
tion about social interac-
tions only based on loca-
tion and time.
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Pulekar
and Agu,
2016
[182]

9 inter-
national
students

14 days Call logs, Blue-
tooth, SMS logs,
Wi-Fi, Applica-
tion usage

Proposed the Socialo-
scope, a smartphone app
that passively senses
user loneliness from
their communication
and interaction pat-
terns, while factoring
in different personality
types.

Wahle et
al, 2016
[236]

36 adults 14 days Accelerometer,
Application
usage, SMS
logs, Call logs,
Calendar events,
GPS, Wi-Fi

Explored the detection
of daily-life behaviour
based on sensor informa-
tion to identify subjects
with depression, and the
potential of context sen-
sitive intervention deliv-
ery.

Guo et al,
2016 [83]

38 family
members
and col-
leagues

approx.
730
days

GPS, Bluetooth,
Call logs, SMS
logs, Wi-Fi

Discovered three differ-
ent types of geo-social
behaviours, including
online interaction, of-
fline interaction, and
mobility patterns.

Kostopoulos
et al, 2017
[114]

5 young
adult mem-
bers from
research
group

30 days Call logs, SMS
logs, Wi-Fi, Ap-
plication usage,
Accelerometer,
Screen on/off,
Phone lock/un-
lock, Ambient
light, Battery
status

Proposed the StayActive,
which using mobile sen-
sor technology for de-
tecting stress and recom-
mend various relaxation
activities “just in time”.
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Bati and
Singh,
2018 [11]

50, mostly
age 18 to
21, ed-
ucation
level ‘some
college’

70 days Call logs, SMS
logs, GPS

Proposed a new ap-
proach to model trust
propensity based on
long-term phone use
metadata that aims to
complement typical
survey approaches with
a lower-cost, faster, and
scalable alternative.

Singh and
Agarwal,
2016
[202]

54, 35 male,
19 female,
most 18-21
years,education
level ’some
college’

70 days GPS, Call logs,
SMS logs

Described a novel ap-
proach to model an
individual’s cooperation
level based on his/her
phenotype i.e. a com-
posite of an individual’s
traits as observable via a
mobile phone.

Centellegher
et al, 2016
[32]

142, age
ranges from
28 to 50, 90
women, 52
men, 138
Italian, 4
from other
countries

730
days

GPS, Call logs,
SMS logs

Created a multi-layered
view of the participants’
lives, tracking social in-
teractions, mobility rou-
tines, spending patterns,
and personality charac-
teristics.

Tsapeli
and Mu-
solesi,
2015
[228]

48 college
students

70 days GPS, Ac-
celerometer,
Calendar events

Discussed the design,
implementation and
evaluation of a generic
quasi-experimental
framework for conduct-
ing causation studies on
human behaviour from
smartphone data.
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Madan et
al, 2010
[137]

70 residents
of an un-
dergraduate
dormitory

270
days

GPS, Call logs,
Bluetooth, SMS
logs, Wi-Fi,
Accelerometer,
Calendar events

Utilized co-location and
communication sensors
in smartphones to model
the diffusion of health-
related behaviours.

Moturu et
al, 2011
[155]

54 from a
community,
which all
members
of the com-
munity are
university
related
couples

210
days

Bluetooth Explored the associ-
ations between sleep,
mood and sociability by
studying a population of
healthy young adults go-
ing about their everyday
life.

Schuwerk
et al, 2019
[195]

234 adults 30 days GPS, Call logs,
Bluetooth, SMS
logs, Wi-Fi, Ap-
plication usage,
Battery status,
Music played,
Boot events

Assessed autistic traits,
social cognitive process-
ing in everyday life and
actual social behaviour.

Buck et
al, 2019
[28]

45 patients 262.8
days

GPS, Call logs,
SMS logs, Wi-
Fi, Accelerome-
ter, Microphone

(1) quantify between-
and within-person vari-
ability in persecutory
ideation (PI), (2) evalu-
ate pre-existing models
of indicators of PI, and
(3) identify passively
sensed indicators of PI.
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Buck et
al, 2019
[29]

45 patients 262.8
days

Call logs, SMS
logs, Micro-
phone

Evaluate whether
smartphone-collected
measures of social
behavior can serve
as early behavioral
indicators of relapse
among individuals with
schizophrenia.

DaSilva et
al, 2019
[45]

72 college
students

72 days GPS, Ac-
celerometer,
Screen on/off,
Microphone,
Phone lock/un-
lock, Ambient
light

(1) Further the under-
standing of stress dy-
namics on college cam-
puses by leveraging a
dataset rich in passive
sensing features to accu-
rately, and naturally, cap-
ture possible stressors in
the lives of students.

Khwaja et
al, 2019
[110]

166 adults
from 5
countries

21 days GPS, Call logs,
SMS logs, Ac-
celerometer,
Screen on/off,
Microphone,
Ambient light,
Battery status

How do machine learn-
ing based personality
assessment models
perform across differ-
ent countries? And
what differences in the
personality assessment
models arise across
different countries?

Fukazawa
et al, 2019
[74]

20 adults Not
avail-
able

Application
usage, Ac-
celerometer,
Ambient light

It proposed a method
to predict the anxiety
state of healthy people
that combines these
three features from
smartphone log data.
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Gao et al,
2020 [75]

183 college
students
and people
working
in the
university

Not
avail-
able

Call logs, SMS
logs, Applica-
tion usage

Proposed a multi-view
multi-task learning
approach with a deep
neural network model
to fuse the extracted
features and learn the
Big Five personality
traits jointly.

Harari et
al, 2019
[89]

152 adults 70 days Call logs, Blue-
tooth, Applica-
tion usage, Mi-
crophone

Examined the extent
of: between- person
variability in the daily
assessments, mean level
consistency across the
daily assessments, and
relationships among
the daily behavioral
tendencies.

Stach et
al, 2020
[209]

624 adults Not
avail-
able

GPS, Bluetooth,
SMS logs,
Wi-Fi, Screen
on/off, Phone
lock/unlock,
Battery status,
Music played,
Boot events

Examined the extent to
which individuals’ Big
Five personality dimen-
sions can be predicted
on the basis of differ-
ent classes of behavioral
information collected via
smartphones.
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Schoedel
et al, 2020
[193]

597 adults
in the uni-
versity
context

30 days GPS, Call logs,
Bluetooth, Wi-
Fi, Application
usage, Battery
status, Calendar
events, Music
played

Investigated how be-
havioural records from
smartphones can be used
to investigate individual
differences in day–night
patterns, how they relate
to personality traits, and
how they are influenced
by intraindividual and
interindividual factors.

Harari et
al, 2020
[90]

633 college
students

14 days Application
usage, Ac-
celerometer,
Microphone,
Phone lock/un-
lock

Presented a conceptual
framework and empirical
illustration for person-
ality sensing research,
which leverages sensing
technologies for person-
ality theory development
and assessment.

Wang et
al, 2016
[238]

36 qualified
patients

60 days GPS, Call logs,
SMS logs, Ap-
plication usage,
Accelerometer,
Microphone,
Phone lock/un-
lock, Ambient
light

CrossCheck platform is
the first step towards
the passive monitoring
of mental health indi-
cators in patients with
schizophrenia and paves
the way towards relapse
prediction and early in-
tervention.

Faurholt
et al, 2019
[66]

29 qualified
patients and
37 healthy
individuals

84 days Call logs,
Screen on/off

Investigated objective
smartphone data re-
flecting behavioural
activities to classify
patients with bipolar
disorder compared with
healthy individuals.
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Wang et
al, 2014
[239]

48 college
students

70 days GPS, Bluetooth,
Application
usage, Ac-
celerometer,
Microphone,
Ambient light

Showed a number of sig-
nificant correlations be-
tween the automatic ob-
jective sensor data from
smartphones and mental
health and educational
outcomes of the student
body.

Wang et
al, 2017
[240]

36 qualified
patients

365
days

GPS, Call logs,
SMS logs, Ac-
celerometer,
Screen on/off,
Microphone,
Ambient light

It was the first system
capable of tracking
schizophrenia patients’
symptom scores using
passive sensing and
self-report EMA from
phones, identify a num-
ber of passive sensing
predictors of the clinical
scores.

Lane et
al, 2014
[119]

27 adults 19 days Accelerometer,
Microphone,
Battery status

BeWell platform
coarsely tracks the
physical, social and
sleep dimensions of
well-being. Its feedback
would allow users to
easily understand the
consequences of their
actions.

Chittaranjan
et al,
2011[35]

83 adults 240
days

Call logs, Blue-
tooth, SMS logs,
Application us-
age

Showed that aggregated
features obtained from
smartphone usage data
can be indicators of the
Big-Five personality
traits.
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Chittaranjan
et al,
2013[36]

117 adults 510
days

Call logs, Blue-
tooth, SMS logs,
Application us-
age

Showed that significant
relationships exist be-
tween personality traits
and automatically aggre-
gated smartphone usage
cues.

de Mon-
tjoye et al,
2013 [48]

69 adults Not
avail-
able

Call logs, SMS
logs

Showed that users’ per-
sonalities can be reliably
inferred from basic infor-
mation accessible from
all mobile phones and to
all service providers.

Mønsted
et al, 2018
[152]

636 college
students

730
days

GPS, Call logs,
Bluetooth, SMS
logs

Predicted personality
trait tertiles from a set
of behavioral variables
extracted from the
data, and find that only
extraversion can be
predicted significantly
better than by a null
model.

Wang et
al, 2018
[241]

646 college
students

14 days GPS, Ac-
celerometer,
Microphone,
Phone lock/un-
lock

Used passive sensing
data from mobile phones
to examine the extent
to which within-person
variability in behavioral
patterns can predict
self-reported personality
traits.

Bauer and
Lukow-
icz, 2012
[12]

7 students 28 days GPS, Call logs,
Bluetooth, SMS
logs, Wi-Fi

Described initial results
from an ongoing project
to use mobile phone sen-
sors to detect stress re-
lated situations.
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Madan et
al, 2010
[137]

Not avail-
able

74 days GPS, Call logs,
Bluetooth, SMS
logs, Wi-Fi,
Accelerometer,
Calendar events

Used mobile phone
based co-location and
communication sensing
to measure characteristic
behavior changes in
symptomatic individu-
als.

Wang and
Marsella,
2017
[237]

24 adults 70 days GPS, Blue-
tooth, Wi-Fi,
Accelerometer,
Microphone

Explored behavior fea-
tures extracted from
smartphone sensing
data, and used selected
features to predict the
traits of the Five Factor
Model.

Harari et
al, 2017
[88]

48 adults 70 days Accelerometer,
Microphone

Used a smartphone-
sensing application to
describe the patterns of
stability and change that
characterize a cohort of
students’ activity and
sociability.

Montag et
al, 2014
[153]

49 college
students

90 days Call logs, SMS
logs

Linked self-report-data
on personality to be-
havior recorded on the
mobile phone.

Servia-
Rodrı́guez
et al, 2017
[199]

11000 users 90 days GPS, Call logs,
SMS logs, Wi-
Fi, Microphone,
Cellular IDs

Showed that these in-
ferred routines are not
independent from users’
personality, well-being
perception and other
psychological variables.
Explored predictability
of users’ mood by using
passive sensing data.
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Stachl et
al, 2019
[208]

624 adults 30 days GPS, Call logs,
Bluetooth, SMS
logs, Wi-Fi,
Application
usage, Screen
on/off, Phone
lock/unlock,
Battery status,
Music played,
Boot events

Using a machine learn-
ing approach, it showed
how these variables can
be used to predict self-
assessments of the big
five personality traits at
the factor and facet level.

LiKamWa
et al, 2011
[125]

25 adults 21 days GPS, Call logs,
SMS logs, Ap-
plication usage,
Calendar events

Showed that user mood
can be inferred into four
major types with an aver-
age accuracy of 91%.

Aharony
et al, 2011
[3]

185 adults 510
days

Call logs, Blue-
tooth, SMS logs,
Wi-Fi, Appli-
cation usage,
Accelerometer,
Screen on/off,
Battery status,
Cellular IDs,
Application
usage

Introduced the Friends
and Family study, a lon-
gitudinal living labora-
tory in a residential com-
munity.

3.4.8 Data analysis

After abstracting features from plain data, correlation analysis or machine learning al-
gorithms were usually implemented in the next step to explore the relation between
ground truth and collected smartphone data. Sixteen studies (34%) performed correla-
tion analysis, such as Pearson’s correlation [11] [32] [155] [238] [239] [240] [35] [36]
[237] [153], Spearman correlation [236] [89] [90] [193], Jaccard similarity coefficient
[32], Kendall correlation [228], and test-retest correlation [88]. Also, six studies cal-
culated different kinds of coefficient, including intraclass correlation coefficient (ICC)
[89] [90], within and between participants coefficient [28], regression coefficient [29],
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generalised estimating equations (GEE) coefficient [240] and correlation matrix [45].
In particular, one study [119] used Levenshtein similarity to compare its self-created
scores and survey results, and one study [135] applied the Phase Slope Index (PSI) to
measure temporal information flux between time-series signals.

Typical machine learning algorithms utilised by reviewed studies are Support Vector
Machine (SVM) [253] [236] [110] [35] [48] [152] [237], Random Forest [143] [236]
[182] [11] [202] [110] [74] [209] [208], regression analysis [202] [137] [208] [238]
[66], AdaBoost [182] [11] [202], Naive Bayes [182] [202] [110], Neural Networks
[75] [199], Bayes Net [182] [202], Probabilistic Model [54] [53], Hidden Markov
Model [57], Gaussian Mixture Model [57], Latent Dirichlet Allocation [64], Exponen-
tial Random Graph model [163], Decision Tree [182], Gradient Boosted Regression
Trees (GBRT) [241], KStar [11], LogitBoost [202], and XGBoost [74]. Five studies
attempt different machine learning methods, compared their performances, and chose
the best alternative[143] [182] [236] [11] [202]. When comparing, two studies also
feed particular sets of features (demography only, smartphone only and both) to the
algorithm [11] [202], and the results showed that smartphone based features all out-
performed. Four studies [209] [110] [74] [241] also implemented cross validation to
their machine learning models to eliminate over-fitting. Moreover, mean absolute er-
ror (MAE) and root mean squared error (RMSE) are usually adopted to evaluate the
performance of the model [75] [240] [241] [88] [208].

3.4.9 Benefits

Almost all studies illustrated the reasons for applying passive smartphone social sens-
ing and discussed the benefits of it. The most prevailing incentives are: 1) Ubiqui-
tousness and unobtrusiveness: Almost every people have a smartphone nowadays, and
it is natural to carry smartphones and use them for communication habitually [57].
Measures using smartphones do not ask participants to carry extra devices which may
interfere with their normal behaviour [53]. 2) Capability and continuity: smartphones
are equipped with various sensors [137], and they can monitor both contextual and
behavioural information of participants without interruption over a long period. So
researchers are able to observe changes and deviations from a comprehensive per-
spective [11] [202] [32] [193]. 3) Personalisation and individualisation: all collected
smartphone data are from the exact participant, so it provides researchers chances to



3.4. RESULTS 71

construct in-depth models for this individual. This is particularly important for health-
related studies because dedicated treatment or interventions can be introduced [28]
[88]. Specifically, one study strengthened the advantage of Bluetooth for proximity
detection, which includes low battery cost, high compatibility in distinct environments,
popularity among devices, and less-privacy sensitive compared with voice and location
[53].

3.4.10 Problems and challenges

The counterbalanced issues and challenges are brought together by benefits of passive
smartphone social sensing. These problems were involved in different stages of the
study, including data collection and analysis. They were summarized in the following
three categories.

Privacy

Protecting sensitive information of participants, especially identifiable part, is always
the highest consideration for almost all studies. However, only a few of them describe
how these procedures were handled in detail. Usually, user identity such as phone
numbers, MAC address and IMEI were hashed irreversibly to be anonymized before
analysis [253] [11] [137]. In two studies [11] [202], the application was specially de-
signed for requiring fewer permissions than common ones. Centellegher et al [32]
developed a digital space, which participants can control and disclose their own data.
Some studies also suggested particular methods for participants’ privacy, such as ig-
noring individuals but building coarse-grained systems [253], sharing only statistical
summaries, and inserting random perturbations [148]. For studies giving phones to
their participants, the privacy consideration even threatened the validity of the exper-
iment. Buck et al [29] reported that some participants refused to use given phones as
their primary ones because they were aware that their activities are tracked.

Accuracy

Although smartphones are with participants almost everywhere, we can not fully re-
gard smartphones as users’ themselves. Participants may break, loose, and neglect to
use or charge their phones [240]. Consequently, Eagle and Pentland [57] implemented
a forgotten phone classifier by observing if the smartphone was charging, staying in
the same place for a long time, reaming idle through missed calls, messages. Most
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studies rely on Bluetooth as indicators for face-to-face interaction. Nevertheless, it is
not the original intention of this technology, and it has its own technical defects. Some
studies reported it could not detect all nearby device in a scan and quite noisy [57] [54]
[53]. Similarly, it is almost impossible to examine other inferences such as conversa-
tions, locations and activities. Since there are a large amount of data, the collection of
ground truth would be too disruptive for participants [119]. Besides, due to different
sensor limitations on Android and iOS platforms, collect data from two platforms can
not be merged correctly. So further data analysis had to be applied, which may destroy
the coherence of the results [241] [89].

Methodology

The actual world is always much more complicated than our assumptions. Various
problems could appear under passive smartphone social sensing. One study[253] re-
ported that some participants did not have any calls or message during the experiment
period, which could because the time of study is not long enough. As stated in the
accuracy problem, face-to-face interaction is usually inference from Bluetooth signals
are within transceivers’ range, but it does not imply that participants are in any form
of interaction necessarily [163]. Moreover, as mentioned in the participant sections,
only one study reported how the number of participants was decided. Most partici-
pants in reviewed studies are related to universities. They are either students, staff and
researchers or families, friends and people living around them. The homogeneity of
participants, uncontrolled study design combined with small sample size threatens the
generalization of experiment results, which is the most common concern among all
studies [253] [202] [228] [137] [155] [236] [152] [237] [88]. In addition, the ground
truth almost all studies relying on are mostly self-assessment-base scales. They have
natural deficits such as subjectivity and recall bias, which means they are not the per-
fect gold standard [74].

3.5 Discussion

3.5.1 Findings from reviewed studies

Reviewed studies illustrated the existing utilisation of passive smartphone social sens-
ing. Although most studies only employed this technique as a novel instrument to
investigate human social behaviour, we can still notice its potential applications in
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health-related researches, such as mental health, depression, sleep, etc.. Moreover,
comprehensive procedures of passive smartphone social sensing, including study de-
sign, data collection, storage and analysis are exemplified, which provides interested
computer science, social, and psychology researchers beneficial references. Besides,
the continuity and unobtrusiveness of the smartphone offer more precise and in-depth
monitoring without imposing burdens on participants. Reviewed studies generally
demonstrated the potential and capability of passive smartphone social sensing for
reflecting people’s social behaviour. For example, phone-based models had signifi-
cantly better performance than traditional demographic models in Singh and Rishav’s
study [202]. Smartphone passive social sensing is a promising technology in the filed
not only because of its non-intrusiveness and unobtrusiveness, but also smartphones
are indeed the hub of personal communication. Phone calls, messages, usage of social
media applications can not be ignored when measuring social interactions. In addition,
although not utilised as their original purpose, variety of sensors embedded in smart-
phones enable the context and environment information retrieval. However, studies
are still necessary to confirm the hypothesis that, passive smartphone social sensing is
more accurate and efficient but less interruptive and troublesome than existing mea-
surement.

Sensing strategy

All reviewed studies except those were analysing existing datasets implemented partic-
ular applications on smartphones for data collection. But only a few detailed reported
within the study or elsewhere about, how decisions such as, which sensors to monitor,
frequency of sensors were made during the development. For the few who did, the
principal consideration is battery consumption. For example, the data collection cam-
paign [112] analysed in these three studies[54] [53] [83] selected optimising power
consumption as the basis of application development. It turned the sampling rate ac-
cording to the condition of smartphones such as mobile/stationary, connected to known
Wi-Fi. Another example, Meurisch et al [143] implemented Karken [196] as data col-
lection framework, which was constructed on a greedy approach. It gathered as much
data as acceptable, considering only privacy and energy consumption. However, none
of the reviewed studies chose the parameters of sensors from the purpose of their study
perspective. Indeed, higher granularity data provide more possibility of better model
performance intuitively and in practice [37]. But simultaneously, the expense it brings,
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including the privacy, transmission and storage dilemma can not be neglect. For exam-
ple, Eagle and Pentland [57] exhibited data corruption during the collection period. It
was caused by continuously writing data from sensors and the finite number of read-
write cycles of flash memory card. Nearly a month of data of certain participants was
lost. Although no other reviewed studies reported issues of collecting, transferring and
storing huge amount of data the passive smartphone social sensing produced is still
challenging. It is worth attention for researchers to determine how much data they
actually need according to the actual competence of the device and the purpose of the
study.

Privacy

This trade-off is also applicable to the privacy of participants. Although no participants
in reviewed studies complained about their unacceptable experience and violation of
personal information, collecting such a high volume of sensitive data on smartphones
will certainly involve privacy issues. All studies claimed that they have appropriate
ethical approvals and consents from participants, but none of them reported the strug-
gle during that process. So it is still questionable that, are data collected from existing
sensors excessive or deficient in confirming hypotheses in terms of privacy? From all
reviewed studies, the most privacy-sensitive part in passive smartphone social sensing
only involves identities of call, messages, social media, Bluetooth, and length of verbal
conversations [239]. But the content of these social contacts can provide more compre-
hensive knowledge of participants’ social behaviour, especially for those investigating
mood, sentiment, mental health and related disorders [6]. Such data will contribute
to a more compelling conclusion potentially. But it may raise a severe dispute in the
ethical committee.

Besides, participants may have various attitudes towards different types of sensors.
They valued such data, but not the same across all sensors [10]. For example, Predrag
et al studied 24 participants attitudes towards personal sensing [113]. The results show
no attention was given to the accelerometer and barometer, but concerns were highly
grown for sensitive ones such as microphone and GPS. Participants considered GPS
data is ‘creepy’ and could threaten their physical security. Nearly all of them had neg-
ative attitude towards raw audio. They felt ‘too watched and too listened to’. However,
recording audio at the necessary frequency for activity inference was more acceptable.
Participants in the study also have different concerns on the length of time the data
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were kept. In general, raw data is unwilling to be kept for both GPS and microphone.
As long as the inference was accomplished, the raw data should not be retained. The
living context of participants also influences their preferences. If a participant has to
share sensitive information at work, the audio recording is definitely not welcomed
[93]. The value of collected sensor data plays another role in deciding the acceptabil-
ity of sensors. For example, a runner would like to know his workout performance, so
raw GPS data would be likely to be kept for a longer time for analysing routes, pace
and distance [113].

The knowledge of sensors’ capability could influence the attitudes towards each sen-
sor. Nguyen et al found privacy problems are highly concerned by participants. But
these considerations are only on the abstract level, actual everyday tracking technolo-
gies such as RFID and web records are reported significantly less concerned [158].
It’s probably because rather than specific sensors terms, participants are more familiar
with descriptions used in their daily lives. Furthermore, the understanding of sensors
could shape users privacy concerns. With higher level understandings of the imple-
mented technology, more worries could be raised by participants [16]. Nevertheless,
there is also a study that found users who already had sensor abled devices are more
willing to adopt this monitoring technology [158]. Sharing preferences of collected
sensor data also have a hierarchy for different types of contacts. Participants shared
more sensor collected information with strangers than their own family and friends
in Prasad et al’s study [177]. If specific third parties provide enough benefits, partici-
pants were more willing to share. The study also suggested users’ privacy concerns are
not static, and sharing decisions could be changed over time [177]. Moreover, neces-
sary privacy strategies could be applied using the preferred technology by target users.
An appropriate interface established for users to manage privacy is a reasonable start.
Christin et al tested six graphical privacy interface for 80 participants. But found there
is no universal preference of the majority of participants [38]. Users favoured elements
with different colour and size to visualize the privacy protection level and define their
preferred privacy settings. So user ability tests could be conducted before the actual
experiment to determine the suitable privacy interface.

In general, decisions of achieving the best results with minimum violation of partici-
pants privacy have to be made by researchers. Basic knowledge, possible concerns and
potential benefits of each sensor could be informed to participants to help them made
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their own decisions. All factors including the demographics, attitudes, aims of studies
should be considered to apply appropriate sensing strategies for the particular popu-
lation of participants. Participants’ preference for sharing particular kinds of sensors
data with different types of people should be respected.

Sample size and integrity

All reviewed studies described sample size and demographics of participants to some
extent, but they did not demonstrate any significant clinical value if they are health-
related research. Although the small sample size is satisfied for feasibility or ex-
ploratory studies, the accuracy and precision of the statistical results are hampered
substantially [55]. The majority of participants are still college students, researchers
or people related, which also deteriorate the generalisation of the study. Usually, small
sample size studies provide opportunities to enhance data integrity [121], but only one
of the reviewed studies demonstrated the completeness its data which is 85.3% [57].
From strategies which other studies utilised to filter the data, for example, counting
only the day with at least 15 hours’ data as a day to analysis [88], it can be realised
that 100% acquisition of data in passive smartphone social sensing is not always appli-
cable. It could be caused by different reasons such as application corruption, sensing
platforms, storage errors and phone turned-offs. Although no studies reported how
data integrity influence the final results, the data loss is always a hidden problem and
possibly affect the quality of analysis. Consequently, researchers should have convin-
cible justifications of sample size choice and adopt measures to minimise errors that
happened during the data collection.

3.5.2 Implications for future studies

Sensing strategy

From reviewed studies, various configurations of sensor application, including types,
frequency, and combination, were demonstrated. Nevertheless, the energy consump-
tion are major concerns why reviewed studies deployed these configurations. Certainly,
specialized designed processors added on smartphones recently makes collecting high-
frequency data more energy-efficient [43]. Limitation considerations such as platform
restrictions, power consumption and participants’ privacy are still necessary. But do
these constraints are the only reason researchers made that choice? Do we demand
all sensors in that high frequency to reach these limitations? Or are lower sampling
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rates enough to achieve good results? Indeed, the chosen sensor parameter of reviewed
studies could answer their research questions. But it’s from the results of these stud-
ies rather than theoretical background or empirical experiments. From the reviewed
studies, the procedure of settings sampling rates seems instinctive. Most studies just
illustrate the parameters of sensors plainly. For example, section 3.4 summarised that
the GPS frequencies in the reviewed studies are 10, 15 or 60 minutes. These num-
bers are given directly by reviewed studies without many variations. Their primary
consideration is battery usage. However, sensor data frequency may influence these
results. Different resolutions could provide better performance or cause more inter-
ference. There still room for balancing power consumption and sensor frequency. By
applying a more efficient sensor frequency, a better outcome with lower battery us-
age could also be achieved. These questions are fundamental in smartphone passive
social sensing and need additional investigations.A nontrivial method for constructing
the sensing strategy could be initiating it from the goal of the study, which may al-
leviate these issues from the beginning. So a more reasonable choice of sensor shall
be made and better results could be achieved. Experiments on different sample rates
and combination of sensors could be conducted to examine which choice is the most
efficient in achieving the study’s purpose. Although there exist studies trying to clar-
ify these issues such as [131], which explored the necessary Bluetooth signal strength
for inferring face-to-face proximity in various situations, there still plenty of unsolved
problems in this field. For example, for recovering a certain percentage of the face-to-
face interaction of participants, how frequent the Bluetooth scan should activate, how
the frequency of Bluetooth scans affects the accuracy of face-to-face recovery? With
these verification studies, researchers can make legitimate decisions on which sensors
to capture and their sampling rate at the planning stage of the study. These experiments
will also contribute to clinical value for health-related study and lay a solid foundation
for sensor usage of passive smartphone social sensing.

Causation and personalisation

Although reviewed studies have examined the feasibility and validity of passive social
sensing, the most commonly reported results are correlation coefficient and perfor-
mance of applied machine learning algorithm without precious causation explanation.
Observational research usually observes individuals directly in natural settings. There-
fore, for cohort studies, alternative explanations for results due to confounding could
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exist [31]. Moreover, researchers may only focus on the designated variables and ig-
nore other possible factors. Two main methodologies have been proposed to control
such defects: structural equation modelling and quasi-experimental designs. The for-
mer one applies multivariate regression, and the second one used a matching design
to exploit inherent characteristics of observed data [228]. There exists research us-
ing collected smartphone features to conduct a quasi-experimental study which shows
the potential for causal studies. Comparing with demographics, smartphones intro-
duce plenty of additional confounding variables, which need to be specially consid-
ered. Intuitively, features such as the number of phone calls and messages can reflect
participants social interactions to some extent. Some studies also have utilized other
knowledge to formulate higher-level features; for example, diversity of calls, messages
and GPS based on Shannon Entropy were created [202]. These features are applicable
for observation studies, which gives researchers implications and directions for their
future work. But strong correlations or classifications with these features do not in-
dicate that they are reliable measures, especially when the demographics and sample
sizes are restricted. These issues may threaten the generalisability of the results and
applicability of smartphone passive sensing. For example, there is a discussion in a
reviewed study of personality that findings do not match well with previous results
[208]. It attributed the difference to the type of data used. Further theoretical investi-
gations or cross-population experiments could be considered based on current passive
smartphone social sensing results. Smartphone features could be treated as items in
questionnaires to be validated and reasonably interpreted. Variables constructed from
smartphone data could be timely standardised. For example, the number of calls could
be calculated and reported by weeks or month. So cross-compare among different
studies will become achievable. Then passive smartphone sensing could evolve from
a promising field to a practical instrument. So the data generated by smartphone could
be more instructive rather than just possible correlations.

It could expand the smartphone passive social sensing into a wider filed, clinical stud-
ies. Using these kinds of sensing technology including smartphones, wearable device
and in-home monitoring often termed digital phenotyping in that area. It refers to
’moment-by-moment quantification of the individual-level human phenotype in situ
using data from personal digital devices’ [164]. Digital phenotyping has been applied
in various disease researches, such as mood disorder [26] and schizophrenia [227].
They all suggested digital phenotyping is actionable and potentially useful in future
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clinical outcomes. However, to our knowledge, none of the digital phenotyping tech-
nologies has been approved for clinical usage, and few, if any, have been adopted to
replace traditional health monitoring [42]. Studies utilising digital phenotyping are of-
ten small-scale, coarse and unstandardised [65]. So they are insufficient for effective
analysis and not suitable for robust identification of clinical signals [98].

To reach clinical validity, different factors contributing to smartphone usage have to
be considered for experiment design. As mentioned before, sensing platforms favour
Android as it has fewer constraints. But it excludes a large number of other platforms
users such as iOS. Different age groups may have distinct smartphone interaction pat-
terns. Younger generations who are used to having the smartphone may spend much
more time on it than the elderly aged. The assumption that smartphones are always
carried on” may not be applicable in older populations [98]. Machine learning algo-
rithms could also exaggerate this bias. By training data from limited populations, the
model and results could overfit those groups of people, which can not be derived for
wider communities. However, it doesn’t mean digital phenotyping can not be used
clinically at all. With the continuity of smartphone sensing, longitudinal observations
rather than snapshots could be provided to clinicians. So digital phenotyping could be
used to explore the mechanisms and behaviours underlying psychiatric disorders rather
than outcomes alone [150].

In addition, although all conclusions drawn from reviewed studies are in population
levels, some researches have claimed that applying personal models are more efficient
than population-based ones [62]. There is also evidence showing that each individ-
ual may have unique social patterns revealed by particular characteristics [43]. It is
especially effective in mental health-related studies because dissimilar behavioural in-
dicators of mental health difficulties were found in different people [17]. It mirrors
N-of 1 approaches which argued that should offer better efficacy than one-size-fits-
all [181]. Therefore, another promising field of passive smartphone social sensing is
the personalisation of the model. Each participant can be treated as a singular case,
so different features will be analysed to identify which of those influence the most.
Various cases could also be cross-compared with validation measures to explore their
exceptional patterns. The personalisation is not that strict to a single person. Similar
characteristic such as age, gender and personality could be grouped together to gener-
ate ’similar user’ models [183]. These models will provide opportunities to discover
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how these characteristic affect social behaviour. It can enlarge the volume of data for
specific algorithms if the data from a single participant is not enough [43].

The next phase

Since the inclusion criteria require all reviewed studies are empirical, so not all of them
have formal sensing platforms or their platforms were reported elsewhere. So a fully
systematic summary on these platforms can not be achieved. But every sensing plat-
form should have documents, instructions and give opportunities for other researchers
to use. It could save plenty of time for repetitive development so researchers could
deploy their sensor strategies easily on these platforms. As engineering development,
smartphone sensing platforms rapidly advanced over time [245], and an academic re-
view could be done on these platforms. So researchers could know the specifications
and choose the appropriate one for their studies. It also applies to feature extraction
and machine learning approaches, standard and unifying approaches would boost the
analysis of collected data and communications across the community.

Dedicated chips have been implemented to manage the power consumption of embed-
ded sensors, which empowers higher sampling rate but less battery drain. The com-
puting power and storage capacity of smartphones has also increased exponentially in
a decade. The emergence of bionic processor and machine learning models such as
Apple’s Core ML and Google’s TensorFlow enabled developers to deploy complex al-
gorithms on smartphones. So the data could be processed locally without transferring
sensitive information to remote servers [43]. All these advance of technologies will
bring great relief for all privacy concerns because it is not necessary for other people
to access real private data. The whole circle of collection, analysis and removal will be
accomplished on smartphones and controlled by participants themselves.

However, problems arise simultaneously can not be ignored. The stricter privacy con-
siderations of smartphone operating systems bring challenges of passive social sensing
platform. For example, Google emphasized that the accessibility service in Android,
which most sensing platform utilized to collect data, should ’only be used to assist
users with disabilities’. It caused many sensing applications like AWARE [67] have to
leave the Google Play Store and distribute on their own, which increase the difficul-
ties of deployment. In addition, the popularity of social media applications changed
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the role of smartphone communication. People have switched the channels from tradi-
tional phone calls and messages to video chatting and social media messaging [169].
But unlike original ones, there are numerous social media applications which partic-
ipants may use. Only a few of them provides public application program interface
(API) for developers to query social interaction data under the acknowledgement of
users. So researchers can not obtain the full picture of participants’ social media in-
teraction. The usage of social media also involves new methods of communication
such as like, comment, repost, etc.. How doses these new methods affect overall social
behaviour still need further investigation.

3.6 Limitations

Although the search string considers different variations of the smartphone, the full
coverage of terminology is not guaranteed. The two emphasized terms social and
sensing may not include particular results. Not all possible fields passive smartphone
social sensing have been covered. The number of included studies is relatively small,
even from an extensive search because of strict inclusion criteria. Studies describing
and discussing the procedure of data collection, implementation of platforms, related
algorithms and privacy theories were excluded because they did not involve any prac-
tical experiments. Mobility, proximity and context-aware studies were also discarded
due to their main aims, which is not social sensing. But these papers are still valuable
and beneficial from other perspectives for the field. Smartphones with other wearable
sensors for passive social sensing is an efficient complementary for smartphone sens-
ing alone. With specialised sensors, it can capture dedicated types of data such as heart
rates and sleep patterns. Since the scope of the review, we didn’t include that in the
review.

3.7 Conclusion

Social behaviour is a significant component of human behaviour, and it has been con-
firmed to be correlated to many other psychological, and health-related factors such
as mood [155], stress [114], and depression [225]. Passive smartphone social sens-
ing provides a novel opportunity other than traditional psychology questionnaires to
probe the insight of human social behaviour. Although this technology has been used
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in empirical studies, its key components, such as performance, strength, and limita-
tions, have not been methodologically reviewed. The systematic review discussed a
series of questions about smartphone passive social sensing. Fundamental resolutions
include how to gather social interactions on smartphones and how to infer social in-
teractions outside smartphones were inferred were presented. It is the first time that
the whole procedure and technology of passive smartphone sensing was systemati-
cally summarised. In general, calls, messages, and social media usage are three major
sources of social interactions on smartphones. Bluetooth microphones could be used
to infer social activities outside the smartphone, such as face-to-face conversations. All
these data sources need to be constantly observed to give a full picture of participants’
social behaviours. This systematic review will be a practical reference for researchers
applying this technology to related social behaviour studies. It will be beneficial to
all relevant researchers because it has the competence to be employed in various so-
cial interaction-related areas such as colleague cooperation, teaching performance, and
political opinion propagation [136]. All gathered data are individualized, precise and
objective, which could inspire an in-depth understanding of the phenotypic social be-
haviour of each individual. They will also empower precision feedback or intervention
if necessary. However, to achieve these ambitions, issues such as theoretical basis,
privacy policy, and experiment significance should be further explored. Moreover, it is
essential to keep track of the evolvement of people’s social interaction habits, such as
the appearance of new communication channels. To address the gaps between present
state-of-the-art and the vision, interdisciplinary collaborations between technology ex-
perts, computer scientists and psychologists are required. Through these actions, pas-
sive smartphone social sensing could be the standard social behaviour measurement in
the future.



Chapter 4

Understanding Individuals’
Compliance with COVID-19 Policies

The systematic review exhibits the feasibility and originality of passive smartphone
social sensing. Following the discovered paradigm, we adopted this technology to ac-
tual PD participants. After the ethics committee approved the whole experiment plan,
the participant recruitment started in September 2019 ended in March 2020. A sens-
ing application was installed on participants’ smartphones for collecting their social
behaviour data 27/4 for one year. Unfortunately, COVID-19 had become a worldwide
pandemic since then, and the UK government introduced a series of policies to reduce
the transmission of the disease. People had to stay at home, keep social distancing, and
maintain a social bubble. All these restrictions dramatically impacted the regular social
life of participants. However, it gives an opportunity to examine how our monitoring
reflects social behaviour changes caused by COVID-19 and participants’ obedience to
these policies. Based on the assumption that one Bluetooth signal could represent a
person around, the number of one time and unique signals could represent the number
and variety of people around. GPS data can also detect the time participants spent at
home. So, their reactions towards these restrictions are revealed. The capability of our
smartphone monitoring method is also examined in this chapter

The content of this chapter is adapted from Ibrahim, Ahmed, Heng Zhang, Sarah

Clinch, Ellen Poliakoff, Bijan Parsia, and Simon Harper. ‘Digital Phenotypes for

Understanding Individuals’ Compliance With COVID-19 Policies and Personalized

Nudges: Longitudinal Observational Study.’ JMIR Formative Research, May 2021.
Volume: 5. ISSN: 2561-326X. DOI: 10.2196/23461.

83



84CHAPTER 4. UNDERSTANDING INDIVIDUALS’ COMPLIANCE WITH COVID-19 POLICIES

Author’s contributions
Heng Zhang designed and conducted the GPS, and Bluetooth data analysis of

Parksinons’ participants, summarised the results, discussed the findings and wrote a
significant part of the manuscript. He is the primary author of section 4.2 and 4.3,
joint author of section 4.1, and provide secondary input in section 4.4 and 4.5. Ahmed
Ibrahim designed and conducted his participants’ GPS and application usage analysis,
summarised the results and discussed the implications for personal nudges. He also
wrote a significant part of the manuscript. Ellen Polikoff, Bijan Parsia, Sarah Clinch
and Simon Harper provided the guidance of the paper and gave suggestions on the
writing of the manuscript.

Abstract
Background: Governments promote behavioral policies such as social distancing and
phased reopening to control the spread of COVID-19. Digital phenotyping helps pro-
mote the compliance with these policies through the personalized behavioral knowl-
edge it produces.
Objectives: This study investigated the value of smartphone-derived digital pheno-
types in (1) analyzing individuals’ compliance with COVID-19 policies through behav-
ioral responses and (2) suggesting ways to personalize communication through those
policies.
Methods: We conducted longitudinal experiments that started before the outbreak of
COVID-19 and continued during the pandemic. A total of 16 participants were re-
cruited before the pandemic, and a smartphone sensing app was installed for each of
them. We then assessed individual compliance with COVID-19 policies and their im-
pact on habitual behaviors.
Results: Our results show a significant change in people’s mobility (P¡.001) as a result
of COVID-19 regulations, from an average of 10 visited places every week to approx-
imately 2 places a week. We also discussed our results within the context of nudges
used by the National Health Service in the United Kingdom to promote COVID-19
regulations.
Conclusions: Our findings show that digital phenotyping has substantial value in un-
derstanding people’s behavior during a pandemic. Behavioral features extracted from
digital phenotypes can facilitate the personalization of and compliance with behavioral
policies. A rule-based messaging system can be implemented to deliver nudges on the
basis of digital phenotyping.
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4.1 Introduction

4.1.1 Background

COVID-19 is a highly contagious disease with confirmed cases in more than 188 coun-
tries as between December 2019 and June 2020, resulting in a global pandemic [244].
To control the spread of COVID-19, governments have enforced behavioral policies,
such as stay-at-home and social distancing measures, which limit the usual patterns of
human interaction [5, 27]. The potential risk of problems with social isolation [231]
complicates the implementation of these policies, which places an additional respon-
sibility on governments to maintain mental health throughout the pandemic.

Currently, governments rely on communication campaigns to persuade people to ad-
here to COVID-19 behavioral policies and reduce disease spread. Health agencies,
such as the National Health service (NHS) in the United Kingdom, design commu-
nication in a way that encourages the application of the promoted behaviors while
avoiding problems related to social isolation. This approach to communications de-
sign employs behavioral insights derived from scientific studies to deliver behavioral
guidance [232]. The communications resulting from this process are called “nudges”
[122].

Despite the critical role of these campaigns in elevating community awareness, they are
not designed to reflect differently when people exhibit different behavioral responses
to the promoted procedures. Digital devices including smartphones can be used to
recognize behavioral differences. Accordingly, communications can be personalized
and contextualized on the basis of the individual’s behavior. Smartphones facilitate the
capturing of behavioral features through the continuous and unobtrusive collection of
sensor and interaction data; this process is known as “digital phenotyping.”

In this study, we show how an individual’s behavioral reactions to COVID-19 policies
can be observed through digital phenotyping. Subsequently, we suggest a personalized
way of delivering nudges designed around the individual’s reactions to the enforced
regulations. We report 2 longitudinal studies that started before the outbreak of the
pandemic to collect digital phenotypes. Our studies allow us to observe the impact
on the overall behavior before and during the outbreak. Additionally, we observed the
impact of COVID-19 on habitual behaviors and the uptake of new apps.
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Our primary research contribution is the introduction of an approach that employs
behavioral differences derived from digital phenotyping in the design of personalized
nudges. Although we did not conduct an experiment to measure the real-time effects of
personalized nudges, the proposed nudges conform to the general guidelines in behav-
ioral science and are expected to improve individual compliance to them. Moreover,
the development of mental health issues as a result of lockdown policies can be ob-
served through digital phenotyping and better addressed through personalized nudges.

4.1.2 Related work

With the popularity and evolution of personal electronic devices, people are producing
an increasing number of digital footprints such as those generated through web-based
communication and mobile device usage. These footprints can be linked and analyzed
with clinical data to create an individualized, nuanced view of human disease, which
is called a “digital phenotype” [100]. In 2015, a digital phenotype was defined by
Jukka-Pekka Onnela as the “moment-by-moment quantification of the individual-level
human phenotype in-situ using data from smartphones and other personal digital de-
vices” [226]. Digital phenotyping has become one of the most innovative approaches
to enhance health and wellness via human-computer interactions through digital tech-
nology.

Nowadays, smartphones have become the one of the ideal tools for digital phenotyp-
ing. Smartphones are the hub of personal communication, and almost everyone has a
smartphone. Although smartphones are not specially designed for behavioral research,
they can collect a large amount of related data directly and instantly with ecological
validity. Social interaction on smartphones, including calls, messages, emails, and so-
cial media usage, can be captured without difficulty. Thus, social sensing could be
less intrusive on smartphones than on any other device. Embedded multiple and power
sensors also empower smartphones as an efficient tool to record the surrounding social
context. For example, raw data from sensors such as microphones, the global position-
ing system (GPS), and accelerometers can be gathered and interpreted as conversation
engagement, mobility patterns, and the number of encounters to infer social interac-
tion occurring outside of smartphones. Thus, smartphones could be one of the most
applicable ways of passive societal digital phenotyping.
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Digital phenotyping on smartphones has been utilized in various fields, especially psy-
chological and health-related studies. Abdullah et al [1] collected phone usage pat-
terns to detect and predict discrepancies in sleep rhythms. Furthermore, LiKamWa et
al [126] analyzed call, message, or email contacts and location clusters from smart-
phones to infer users’ daily mood. Farhan et al [63] combined the locations and ac-
tivities from participants’ smartphones to predict depression. Boukhechba et al [23]
explored the association of social anxiety with GPS and communication patterns. To
confirm the findings and observations of passively collected smartphone data, all these
studies asked for participants’ input through various means including interviews, focus
groups, and questionnaires. All these studies claimed to have relatively high accuracy.
Albeit with different aims, our study similarly implemented these smartphone moni-
toring technologies. We collected data before and during the COVID-19 lockdown,
which provided us an opportunity to observe individual behavioral changes. We also
conducted interviews with our study participants to verify our findings.

4.2 Methods

4.2.1 Methods Overview

We used behavioral indicators for the COVID-19 policies as proxies that would help
us observe the adoption of the desired change by people. Our approach relies on trans-
forming raw smartphone data collected longitudinally (ie, digital phenotypes) into be-
havioral features. Distance travelled and time spent at home by a person are examples
of features derived from raw location data (ie, timestamped longitude and latitude at-
tributes). The detection of behavioral indicators is achieved at the level of behavioral
features rather than the raw data. This is because behavioral indicators are manifested
at a higher level of human understanding expressible by those features. In the following
section, we detail the behavioral features and their roles in recognizing the behavioral
indicators of the proposed policies.

For this disease, transmitted through close contact, reducing the possibility of an unin-
fected person having physical contact with an infected person may be the only effec-
tive way to suppress the transmission of the disease. Since the onset of the COVID-19
pandemic, governments worldwide enforced a series of behavioral policies based on
this concept to control the spread of this highly infectious disease. For example, the
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government of the United Kingdom instructed individuals to stay home as much as
possible, to limit contact with those from other households, and to maintain distance
from others when stepping out of home (2 meters apart where possible) [77]. Other
measures include school closures, working from home, cancellation of mass gather-
ings, and travel restrictions. These policies are referred to as “social distancing” or
“physical distancing” policies.

4.2.2 Stay-at-Home Measures

Deriving behavioral indicators of social distancing from smartphone data was our pri-
mary consideration. There are some existing studies on the mobility responses to
COVID-19; for instance, a previous study [249] analyzed public geolocated Twitter
data to measure the travel behaviors of users. Allcott et al [4] combined surveys and
GPS foot traffic patterns to observe partisan differences in social distancing. They
reported a substantial reduction in the mobility of people in the United States, albeit
with partisan gaps in beliefs and behavior. Similarly, we can expect that our partici-
pants should spend almost all their time at home and to limit the time and number of
places when stepping out, which is usually only for essential shopping owing to the im-
plementation of social distancing measures. These behavioral changes can be acquired
from raw GPS data. Since participants’ smartphones record latitude and longitude at-
tributes continuously, their distance from home can always be calculated. Thus, we
can determine the time and frequency of their trips outside of home.

Furthermore, social distancing measures can bring about adverse effects, especially on
mental health. Some of these reported effects include stress, anxiety and depression,
and panic [70]. To maintain mental well-being and while at home, people may find al-
ternative methods of communication to replace their regular face-to-face interactions.
Phone calls, messages, video chatting, and social media are possible substitutions peo-
ple may choose; accordingly, a potential increase in the use of these communication
methods is expected. With the various data sources, we could draw a comprehensive
and personalized picture of how people react to the impact of COVID-19 restrictions.

4.2.3 Social Distancing Measures

Social distancing implies that people should meet fewer people than they would during
normal times. Bluetooth signals are an effective reference for face-to-face interaction



4.2. METHODS 89

recorded on smartphones. Nowadays, almost everyone carries a smartphone, and al-
most every smartphone is equipped with Bluetooth technology, which scans surround-
ing signals and reports its identity continuously in a short range. Thus, every newly
captured Bluetooth entry could potentially represent a new person in close proximity
[131]. This technology has been wildly used in the field to estimate face-to-face prox-
imity [132]. Although it is not fully accurate because of the physical position of the
smartphone and surrounding environments, it can still provide a trend that people have
less face-to-face interactions. Hence, owing to the social distancing policy, a reduc-
tion in the number of unique Bluetooth signals is expected. Theoretically, this would
indicate whether our participants adhere to the rules of staying at home and avoiding
others visiting their household.

Moreover, social distancing has also affected people when they go for essential shop-
ping. Many grocery stores have a limited number of people in their branches and
have introduced directional floor markings to help shoppers maintain a 2-meter dis-
tance from one another [78]. This policy could reduce the capacity of crowded grocery
stores, and fewer people are expected to be in close proximity to our participants com-
pared to the time before social distancing measures were implemented. Thus, from
Bluetooth signals, we could expect a reduction in the number of unique devices from
a single scan.

4.2.4 Experiments

We report results from 2 longitudinal studies conducted to gather smartphones’ digital
phenotypes. Both studies were underway prior to, and continued through, large-scale
transmission of COVID-19 and associated social distancing behaviors.

4.2.5 Participants

The studies were reviewed and approved by the Department of Computer Science
Ethics Committee at the University. A total of 16 participants were recruited (4 males
and 4 females per experiment) through the university database and websites. The 2
experiments recruited individuals from different populations in the United Kingdom:
(1) students and (2) patients with a diagnosis of Parkinson disease (aged 63-75 years).
The 2 studies used smartphones to capture data on the participants’ activities. Both
experiments rely on the same sensing platform.
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4.2.6 Instrument

In this study, we used smartphones as independent sensing tools to retrieve partici-
pants’ behavioral data. The AWARE sensing platform [67] and developed plug-ins
were deployed on participants’ smartphone as a monitor app. Under the approval of
the ethics committee, different kinds of data, including calls, messages, social media
app usage, smartphone usage, notifications, locations, Bluetooth signals, and Wi-Fi
signals were collected passively. The content of sensitive communications, such as
calls, messages, and conversations, was not recorded. All these data were processed
to maintain the anonymity and confidentiality of all participants. All data sources are
summarized in Table 4.1.

Participants were asked to attend an introductory interview to obtain information on
our study and to clarify any of their doubts. On obtaining formal approval from the
participants, the AWARE app was installed on their smartphones. Participants were
asked to keep the installed app running and use their phones as they normally do. An
offline analysis was conducted on data synced with the backend AWARE server.

Table 4.1: Sources of the collected digital phenotypes with data description
Source Data

GPS Location coordinates (longitude and latitude).
Weather Temperature, humidity, pressure, wind speed, cloudiness,

amount of rain and snow, times of sunrise and sunset.
Applications App usage data.
Notifications All notifications generated by any app installed on the

phone .
Screen Screen interactions, visited websites.
Wifi Access points.
Bluetooth Nearby devices.
Battery Charging status, charging start time, charging end time, dis-

charging start time, discharging end time.
Calls Calls types (outgoing, incoming and missed calls) and

times. Numbers are stored in an encrypted format.
Keyboard Time and the typed letters. (numbers and emails are re-

placed with asterisks).
Consent form Name and signature.
Questionnaire We ask about interests that we infer from the data.
Activity recognition Tilting, running, on vehicle, walking, on bicycle, on foot.



4.3. RESULTS 91

4.3 Results

4.3.1 Results Overview

This section discusses the results obtained from the responses to the stay-at-home and
social distancing policies. To show how digital phenotyping can help understand be-
havioral responses to these policies, we selected a prototypical participant who exem-
plified the general behavioral responses exhibited by all participants, in each subsec-
tion, except for Figure 4.1, which represents all participants. Our experiments started
at different times; therefore, the lockdown timelines for each participant may differ.
The behavioral responses to COVID-19 were captured despite the differences in the
lockdown week. It was intended per our experimental design to have participants ad-
here to these policies at different times because participants were individually assessed,
and no extrapolation among other participants was intended.

Figure 4.1: Impact of the stay-at-home policy on mobility behavior.

4.3.2 Stay-at-Home Measures

Mobility patterns for participants in both experiments significantly decreased as a re-
sult of the compliance with the stay-at-home policy (P¡.001) (Figure 4.1A). Before
the lockdown, the average number of places visited was slightly lesser among patients
with Parkinson disease than among the students (Figure 4.1B). However, a patient with
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Parkinson disease and a student may exhibit similar responses to the stay-at-home pol-
icy. Thus, individuals of the same group can exhibit a pattern that is different from
the average behavior of their corresponding groups. Thus, individual analysis of dig-
ital phenotypes would help better understand people’s compliance with the suggested
policies.

Participants exhibited similar behavioral responses to COVID-19 regulations. We se-
lected a participant who exemplifies the behavioral responses to present the results.
We divided the participant’s behavior window by week (Monday to Sunday), such that
a whole cycle of a weekly social routine could be acquired. The stop point detec-
tion algorithms were applied for raw GPS data, such that the place of residence of the
participant could be extracted. We used the algorithm proposed by Li et al [123] to
extract stop points. The algorithm processes data points sequentially, and stop points
are defined on the basis of predefined time and distance thresholds. Furthermore, we
considered the location where participants spend most of their time of the day as their
home. We used Foursquare [72] to determine the names of places, which allows for a
better understanding of location semantics. By summing up the calculated results of
the algorithm, the length of time participants spend at home and time spent by partici-
pants outside of home per week were obtained.

Another indicator is Bluetooth signals. As mentioned before, a scanned unique Blue-
tooth device could represent a person in close proximity. With everyone staying at
home, fewer new identified Bluetooth entries were expected to be recorded. The time
spent outside of home was usually below 30 minutes, but identified Bluetooth entries
were all above 1000. To easily observe the similar trend of time spent outside of home
and the number of new identified Bluetooth entries, we normalized the actual data so
they can be plotted on the same graph. As illustrated in Figure 4.2, a clear boundary
was observed, in that the participant went outside of home fewer times and presented
decreased unique Bluetooth entries. Although fluctuations continue, the edge appeared
around week 9; that is, March 15-22. This was the week before a lockdown was of-
ficially declared in the United Kingdom. Thus, it was observed that this participant
perceived the stay-at-home policy and obeyed it objectively.

Figure 4.3 shows the impact of the “stay-at-home” policy on participant mobility. The
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figure represents the mobility behavior of participants who reside in the United King-
dom. Starting from week 12, the number of visited locations drastically decreased from
an average of 7 locations to 2 locations. The 2 locations are the participant’s home and
a grocery store. To motivate this participant to comply with the stay-at-home policy,
options for the delivery of grocery items or shopping times can be communicated.

Figure 4.2: Impact of the stay-at-home policy on mobility behavior.

4.3.3 Social Distancing Measures

As described before, in accordance with the social distancing policy, people have to
stay further away from each other than they would during normal times. Because of
the capability of the Bluetooth technology, fewer scanned entries would be expected at
a time. In this example, we also separated the data into natural weeks and combined all
Bluetooth records within that week. Then, we divided this number by the total times
for the scans to calculate the average 1-time Bluetooth discovery. As shown in Figure
4, the average 1-time Bluetooth entries decreased around week 9, which is the first
week of the official lockdown in the United Kingdom. This potentially indicates that
the participant maintained social distance with others and met fewer people during the
lockdown.
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Figure 4.3: Location visited by a participant before and after the lockdown.

The results of our experiment show that the participants complied with COVID-19
policies. Participants managed to stay at home and adapt to the requested changes.
However, to stay connected, the participant data show corresponding changes in app
usage. The usage of social media apps, phone calls, and video conferences increased
for most participants compared to the period before the lockdown. Figure 5 shows
the app usage of a participant before and during the pandemic. Instagram was used
the longest at 19.50 hours of usage, whereas the time spent on the Houseparty app
was 9.27 hours. Values were normalized to easily observe the trend and be consistent
with observations from other sources. The lockdown started during week 3. Conse-
quently, the usage of apps, such as Facebook Messenger, WhatsApp, and Discord, has
increased.

In contrast, 2 participants presented a decline in phone usage during the lockdown.
When interviewed, the participants indicated that they started to use their personal
computers and smart televisions more to accomplish the same tasks they previously
did with smartphones.
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Figure 4.4: Average 1-time Bluetooth entries before and after the lockdown.

Figure 4.5: Normalized duration scores for a participant before and during the pan-
demic. The participant was enrolled in the first week of March and the lockdown
started after the third week of data collection.
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4.4 Discussion

The reported results show that actionable information can be derived from digital phe-
notyping. The information derived from understanding participants’ compliance, as
well as the behavioral impact, can be used in personalized behavioral interventions.
Behavioral nudges are used as an effective approach to promote behavioral changes.
The NHS in the United Kingdom employs behavioral principles, such as reducing the
cognitive load, to communicate nudges. We use actual text messages delivered by the
NHS during the pandemic to demonstrate the potential benefit of personalization based
on digital phenotyping. We show how a personalized understanding can be leveraged
for more traction nudges and just-in-time intervention. The Behavioural Insights (BI)
team [223] and the NHS have collaborated to nudge approximately 2 million people
through text messages. The recipients of these nudges include people at the highest
risk of developing critical complications should they contract the disease. The BI team
employ the following behavioral principles to produce the content of a nudge (ie, the
delivered text message).

• Selection of the appropriate communication channel: since smartphone apps in-
troduce multiple communication channels (eg, SMS, WhatsApp, and Messen-
ger), personal preferences vary. The NHS and BI team have selected SMS as
their preferred method on the basis of a study that shows that 85% of 600 par-
ticipants do not mind receiving text messages on their personal devices from the
NHS [224].

• Signifying the key points: owing to the limitation of text messages, the NHS and
BI team have to summarize extended guidelines into short messages. Accord-
ingly, they designed messages such that the key ideas are prioritized.

• Minimization of confusion and the cognitive load: the key ideas should be de-
livered in a language that is understandable by laypeople. Additionally, the mes-
sages should be clear to avoid confusion and misunderstanding that may quickly
spread and negatively impact people.

• Drawing on scientific behavioral findings: insights derived from behavioral and
psychological studies are used to design nudges. For instance, it has been sug-
gested that providing the rationale can help manage people’s mental health when
quarantined. Accordingly, the NHS and BI team comply with that when design-
ing nudges.
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These behavioral principles are population-based, which has been reflected on the con-
tent of the nudge. M1, M2, and M3 (Table 4.2) are examples of 3 nudges that are de-
livered in accordance with these principles. We hypothesize that digital phenotyping
can better improve the content and delivery of these nudges through personalization.
For instance, the predicate of M1 can be tailored in accordance with the participant’s
status as follows. We can predict whether or not a person lives alone from the digital
phenotypes. Accordingly, 2 versions of the message can be prepared to deliver a per-
sonalized nudge. Versions can be tailored on the basis of the predicted status, age, or
other demographics predictable through digital phenotyping.

Table 4.2: Text messages used by the National Health Service of the United Kingdom
for nudging and our proposed personalization.
Code Goal NHS text Personalisation suggestions

M1 Nudge to es-
tablish social
responsibility and
stay connected

“If you live alone, text a
friend or a family member to
let them know you are follow-
ing advice to stay at home un-
til it is safer to mix with oth-
ers. Plan to chat to someone
over the phone at least once a
day.”

If a participant chats regularly
or lives with others, do not
send the message and prevent
overmessaging.

M2 Nudge to main-
tain a normal rou-
tine and ease anx-
iety

“Try to stick as closely as you
can to your typical daily rou-
tine.”

If a participant frequents the
cinemas, send the following
message: “Watch a movie
and try to stick as closely as
you can to your typical daily
routine.”

M3 Nudge to pre-
serve mental
health

“Are there things you enjoy
doing at home that you usu-
ally don’t have time for?”

If a participant reports home
activity, do not send the mes-
sage and prevent overmessag-
ing.

Digital phenotypes can also improve M2. For instance, an individual used to go to
the cinema on Saturdays. Instead of delivering a general nudge about adhering to the
typical routine, we can nudge the participant to watch a movie every Saturday during
the pandemic. Thus, the typical routine can be embraced, and the delivery of the nudge
can be contextualized (ie, just-in-time intervention). Adhering to typical routines can
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improve the mental health of individuals and reduce the negative impact of COVID-19
policies.

The information derived from digital phenotyping can also be used to prevent over-
messaging. M1 encourages participants to chat with others to stay connected. If the
derived data show that a participant regularly chats with others, there is no need to
send M1. We speculate that crafting messages on the basis of both data and behavioral
principles as well as introducing fewer messages is expected to provide better results.
However, actual field testing is required to scientifically measure the real effect of do-
ing so.

Although our approach demonstrates a potential way of producing personalized nudges,
it can be reflected in existing behavioral change frameworks such as the behavioral
change wheel [144]. For instance, the framework of the behavioral change wheel
identifies 3 main stages to the behavioral change: (1) understanding the behavior to
be changed, (2) deciding on the intervention function, and (3) selecting the mode of
delivery. We profile and understand the individuals’ behaviors through digital pheno-
typing. Incentivization and persuasion are intervention functions that shape nudging
[132]. Communication as a delivery mode is then used to deliver text messages that
nudge people to exhibit the desired behavior.

We are aware of the privacy concerns that may hinder the measurements and imple-
mentation of personalized nudges. However, apps can be designed in a way that allows
people to partially share information in accordance with their needs. For instance, an
individual may choose to share the location data only if diagnosed with COVID-19, to
trace and limit the spread of the disease to others. Another individual may choose to
share his/her data to receive personalized nudges that help him/her adhere to the daily
routine (M2). Nevertheless, in these cases and others, personal behaviors are privately
phenotyped, and it is up to the person whether or not to share the collected data. Alter-
natively, messages can be packaged with the app and delivered to participants on the
basis of the outcome of a decision tree.

Stay-at-home, social distancing, and other policies are primarily behavioral measures
aimed at changing individuals’ behaviors to ensure that the risk of contracting the dis-
ease is reduced. From this standpoint, behavioral change frameworks (eg, nudging and
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the behavioral change wheel) can be relied upon to support the implementation of these
behavioral policies. The use of digital phenotyping in activating these frameworks pro-
vides an opportunity to personalize the delivery of these policies on the basis of each
individual’s data. Individuals, institutions, and governments can benefit from such per-
sonalization in containing the spread of the virus. Governments may choose to develop
apps that have behavioral policies implemented as built-in messages. The delivery of
these messages is designed to adapt in accordance with the exhibited behaviors. Indi-
viduals who stayed at home (according to digital phenotyping) will not receive mes-
sages encouraging them to do so. This decision and others related to message delivery
are made locally, on the individual’s phone, without compromising his/her privacy.
However, individuals who test positive can help governments reduce the potential im-
pacts on others by voluntarily sharing their latest mobility behaviors.

Besides generating personalized nudges, digital phenotyping shows its capability to
observe people’s behavior on an individual level. In the contest of the COVID-19
pandemic, digital phenotyping has great potential for various implementations. Some
of the COVID-19 tracking apps such as TraceTogether in Singapore and COVIDSafe
in Australia have used Bluetooth technology embedded in smartphones as their pri-
mary contact tracing tool [41]. People are encouraged to install these apps so they can
know if they have been in close contact with individuals who have tested positive for
COVID-19. Institutions such as universities can implement digital phenotyping as in-
novative methods to study the traditional physiological or societal questions, since no
face-to-face settlement is needed. Care facilities could also have digital phenotyping
apps installed on their clients’ smartphones, such that their issues can be noted with-
out face-to-face reporting. Moreover, the large amount of personal and longitudinal
digital phenotyping data could provide policymakers with a deeper understanding of
the impact of COVID-19 on a sample of the population. This would shed light on how
people actually react to these policies, rather than only determining the infection rate.

4.5 Conclusions

This study shows how digital phenotyping can be of value in understanding people’s
behavior during a pandemic. Behavioral features extracted from digital phenotypes
represent the cornerstone that facilitates the personalization of and compliance with
behavioral policies. We presented examples of using Bluetooth, GPS, and app usage
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data to analyze behavioral responses to COVID-19 policies. Additional sources can be
further investigated, such as accelerometers and their role in understanding if people
pause more to maintain safe distance.

To encourage the large-scale adaptation of digital phenotyping, governments can em-
phasize the potential benefits of public health and of maintaining mental health. To
preserve privacy, an individual’s data are stored locally, and he/she can make the ulti-
mate decision on what to share and to whom the access is granted.

A rule-based messaging implementation can be used to deliver nudges on the basis
of the analysis of digital phenotyping. In future studies, we intend to examine the im-
pact of these suggested messages on a sample of the population to measure the impact
of preventing overmessaging. Conducting a real-world experiment would also enable
us to assess whether having more tailored messages would yield the expected benefits.



Chapter 5

Monitoring Social Withdrawal and the
Impact of COVID-19

The previous chapter successfully reflects participants’ conformance to the govern-
ment’s restrictions for reducing the transmission of COVID-19. This chapter turns to
the original planning of our year-long longitudinal study for observing social with-
drawal in PD patients. A series of validation measures, including Parkinson’s-related
psychological and clinical questionnaires and a specially designed diary, were provided
to participants apart from continuous smartphone monitoring. Preliminary results on
successfully tracking participants’ social behaviour are explained. In this chapter, we
also inspect participants’ personal social changes to learn the impact of COVID-19 at
an individual level. Some particular phenomena, including unusual calls and messages,
were discovered in certain participants. We also had semi-constructed interviews with
all participants to discuss our observations.

The content of this chapter is adapted from Heng Zhang, Bijan Parsia, Ellen Poli-

akoff, and Simon Harper. ‘Monitoring Social Withdrawal with Smartphones in People

with Parkinson’s Disease and the impact of COVID19’. It’s currently under view.
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Abstract
Parkinson’s disease is a long-term neurodegenerative disease that progressively de-

teriorates the quality of life (QoL) of patients. Social wellbeing is an essential part
of QoL. Therefore, social withdrawal, which is practically defined as reduced social
interactions, could be a medical or psychological indicator for people with Parkin-
son’s. Smartphones are social hubs of personal communication, and they are embed-
ded with various sensors, so they are promising for social behaviour monitoring (also
known as digital phenotyping). Notably, the smartphone sensing method could en-
able us to understand social behaviour changes on an individual level. To study social
withdrawal in people with Parkinson’s disease, we proposed a longitudinal study to
observe actual Parkinson’s participants’ social behaviours via smartphones. A moni-
toring application was installed on participants’ smartphones to capture social-related
data from smartphone-mediated communications 24/7. A specially designed diary was
also provided to participants to record their weekly social interaction extent and QoL.
The COVID-19 pandemic, which significantly impacts social lives, provides a chance
to examine this method more dramatically. Our smartphone sensing approach reflects
changes in social interactions, and this meets our expectations based on the lockdowns,
social distancing and isolation policies associated with COVID-19 in the U.K. The
interviews of participants confirm that our observations successfully detected partic-
ipants’ personalised responses to the ongoing pandemic and individual adaptations.
The preliminary result of the proposed social behaviour model also shows that smart-
phone features can re-establish participants’ weekly social activity levels. The study
shows the feasibility of the smartphone as an individualised social monitoring tool to
reflect participants’ social behaviours. Participants indeed have different reactions to
the COVID-19 pandemic. Specialised services could be provided to them during this
difficult time. Furthermore, it indicates that similar monitoring technology could be
applied to promote personalised health services and maintain the social wellbeing of
wider communities.

5.1 Introduction

Parkinson’s disease (PD) is an incurable long-term neurodegenerative disease involv-
ing gradual loss of motor and non-motor functions. The most apparent symptoms of
PD are shaking, rigidity, slow movement and tremor. Mood changes, cognitive de-
cline, pain, sleep disturbance, apathy and autonomic dysfunction are all parts of the
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non-motor symptoms of PD [174]. From patients’ experience of PD, all these symp-
toms significantly impact their social lives, which leads to social withdrawal. Loss
and alteration of social identity have been found in PD patients [206]. Phenomena
such as decreased social confidence, social anxiety or a sense of embarrassment also
rises among them [206]. Disruptive social connectedness was also reported from inter-
views with PD patients. Overall, PD induces a decrease in social interactions, which
is termed the social withdrawal of PD patients. In addition, PD progression is idiosyn-
cratic [107], so every patient has a unique pattern of disease progression. Combined
with different habits of social behaviour, each individual may have a distinctive path
of social withdrawal.

On the other hand, recognising PD progression stages is the pre-requisite of PD treat-
ment or management to maintain patients’ wellbeing. Compared with the hourly and
daily fluctuated symptoms, clinical assessments are applied only approximately every
six months [76]. And these assessments only rely on PD patients’ or doctors’ ex-
perience and memory, usually in an aware situation, so they are possibly subjective,
unreliable and biased [80] and unable to reflect the disease changes for the past period.
Hence, a continuous, objective and unobtrusive monitoring is the pursuit of PD mea-
surement.

Almost everyone carries a smartphone nowadays, and it has become the hub of com-
munication. Various kinds of contact, such as messages, calls and video chatting, have
been supported by smartphones. Embedded sensors also enable them to detect the
surrounding environment, which can be utilised to identify face-to-face conversations.
After an initial configuration, it can record data 24/7 without interruption unobtru-
sively. The smartphone has also become a novel research tool in understanding human
behaviour, which is termed digital phenotyping. Previous studies have confirmed its
feasibility and informativeness [18], and it is encouraging in expanding the knowledge
of PD patients’ lives [19]. The continuity of digital phenotyping also provides clini-
cians with a full behavioural picture of the past period rather than snapshots. So, the
smartphone is promising for monitoring overall social interactions individually.

As discussed above, social withdrawal could be an indication of QoL and disease
changes. The smartphone is capable of capturing the general social behaviour of ev-
ery single person. Thus, a longitudinal study monitoring social withdrawal in PD with
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smartphones was planned. The experiment was not trying to confirm that PD can cause
social withdrawal but to explore social behaviour in Parkinson’s patients using smart-
phones. It was not aimed at clinically validated findings but a proof-of-concept study.
The aim of the experiment was to test the feasibility of using the technology to observe
the social lives of Parkinson’s patients. Several participants were recruited to explore
the relationship between social withdrawal and PD. Besides installing applications on
participants’ smartphones, clinical and psychological measurements of QoL, PD pro-
gression and factors causing social withdrawal were conducted every two months. A
paper diary was also provided to each participant to record their social ratings weekly.
All these instruments were treated as references for the smartphone data.

From more than seven million raw smartphone data points, features were built up
across miscellaneous aspects of the participants’ social lives. We did not intend to
generalise our results to prove that Parkinson’s can cause social withdrawal but rather
to observe the Parkinson’s patients’ social behaviour and provide potential knowledge
to Parkinson’s researchers or carers. This paper illustrates the background and moti-
vation of the longitudinal observation of Parkinson’s patients. The detailed plan and
measurement scales applied in the experiment are also revealed. The results show that
our method reflected the social behaviour of these participants. Rather than investigat-
ing social withdrawal across the population, we focused on personal-level monitoring.
Lockdowns introduced in response to the COVID-19 pandemic in the U.K. also al-
lowed us to observe reduced social interactions in a more intense way. Interviews
with participants examining our models can detect personal responses and the poten-
tial problems of these extreme phenomena. It implies that similar monitoring tech-
nology could be applied to other vulnerable populations to alleviate the pandemic’s
impact. Precision medication and personalised treatment could also be provided with
the application of digital phenotyping.

5.2 Background

5.2.1 Parkinson’s disease causes social withdrawal

PD is an incurable long-term neurological disease with an unknown cause. It is a de-
generative disorder of the central nervous system causing progressive deterioration of
brain function. More than 10 million people worldwide are living with this disease.
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The typical PD symptoms are movement-related, including tremor, slow movement,
rigidity, impaired posture and balance. Moreover, there are non-motor symptoms
caused by PD, which include sleep disorders and neuropsychiatric, autonomic, gas-
trointestinal and sensory symptoms [34]. All these symptoms do not progress linearly
but fluctuate and may depend on different factors, such as medication, sleep and stress
[71]. This causes difficulties for the management and treatment of PD.

Various symptoms of PD contribute to social withdrawal from different perspectives.
First are the motor symptoms, including shaking, rigidity, bradykinesia and tremor.
These reduce PD patients’ mobility, but social engagement requires people to go out,
meet in groups and engage in social activities. If the necessary motor abilities are
inadequate, it is natural that social engagement frequency will reduce [216]. Non-
motor symptoms, including depression, apathy, stigma, social anxiety and cognitive
impairment, could lead to decreased social interactions. PD is a classic example of a
subcortical disorder where apathy is observed [173]. It has been found that cognitive,
and particularly executive, dysfunction is often reported in PD, and those patients show
the clinical features of apathy. Thus, apathy can cause PD patients to lose motivation
and passion for social contact. This also applies to depression [213], stigma [139] and
social anxiety [21], which destroy the incentives for social activities. Cognitive impair-
ment could impact the social functions of PD patients [108]. For example, PD patients
may find difficulty in following conversations and holding others’ places, which results
in frustration and neglect from others [146]. Then, PD patients could lose interest in
engaging social activities gradually. Broadly speaking, social withdrawal is a potential
indicator of symptoms deteriorating.

For incurable diseases, improving QoL is the aim of treatment. But from the study’s
QoL questionnaire with patients, it is believed the frequency and severity of non-motor
symptoms are the most critical QoL predictor and contribute more than motor symp-
toms to QoL [141]. However, there is often a lack of awareness of the importance of
non-motor symptoms [25]. Furthermore, social factors have an essential role in QoL
[246]. Researchers have compared the QoL of PD patients with the general popula-
tion and found that one of the areas the disease particularly interferes with is social
functioning [194]. In general, social lives affected by non-motor symptoms could be a
novel reflection of QoL, something that is seldom investigated in PD [246].
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To our knowledge, social withdrawal is one of the crucial consequences of PD but
has never been studied before. Understanding this behaviour is beneficial for the well-
being of PD patients but also other diseases affecting social functions.

5.2.2 Social withdrawal

Literally, social withdrawal indicates social behaviour deviations from normal condi-
tions. However, it is a complex phenomenon which can be influenced by a variety of
factors. These include not only the impact of disease, but also sociodemographic fea-
tures such as age, culture, neighbourhood, economic status and availability of transport
[233]. Also, different people have distinctive social patterns. There is no universal
standard to indicate that a certain amount of social activity decrease is social with-
drawal. Therefore, all these variables need to be considered to arrive at a full picture
of social withdrawal, which would be better studied at an individual level because all
these features cannot be completely controlled to draw a population-level conclusion.

In addition, the difference between loneliness and social withdrawal should be clar-
ified at the beginning. Humans are social animals. We all have a pervasive desire to
form and maintain a minimum quantity of satisfying social relationships [13]. When
the closeness of contacts does not meet a person’s expectations, loneliness happens. It
is a distressing feeling of perceived isolation that is highly subjective and emotional
[111]. However, social withdrawal describes an objective phenomenon in which ab-
sence of social interactions occurs. It is measured by a lack of contact with social
network members [157]. Although subjective feelings of loneliness and objective so-
cial withdrawal often correlate [33], they have different constructs. People may still
feel lonely in a crowd of people. Since we are using the smartphone as an unobtrusive
and objective monitoring tool, it is not applicable for measuring subjective feelings.
We limited our scope to quantifiable reduced social interactions, which is social with-
drawal.

In addition, under the COVID-19 pandemic, social withdrawal has a novel context.
In the U.K., the government requires people to stay at home, reduce times going out
and have face-to-face contact with only a limited number of people. Therefore, the
chances of involuntary social activities are reduced. People cannot go to social places
like pubs, parks or squares to enjoy casual social lives as they used to. Although new
communication methods, such as video chatting, have arisen, they cannot fully replace



5.2. BACKGROUND 107

face-to-face interactions [242]. Natural social lives cannot be achieved as they were
before pandemic times. People have to socially withdraw to some extent because of
the lockdowns introduced in response to COVID-19.

5.2.3 Social interaction measurement

As discussed above, social withdrawal is measured as reduced social interactions, so
generally, social interactions are the actual variables to be assessed. By comparing the
number of social interactions during different periods, social changes can be recog-
nised. Social interaction is the foundation of social life. It is a sequence or aggregation
of social behaviour or actions which requires a mutual orientation. People try to ‘affect
or take account of each other’s subjective experiences or intentions’ during social in-
teractions [187]. A social target and reciprocal relationships are the critical elements of
social interactions. And all social interactions happen through certain channels, such
as face-to-face interactions or smartphones. Thus, by monitoring social activities that
take place in these channels, the extent of overall social interactions can be inferred.

In terms of communication channels, these evolve through history. In ancient times,
people relied only on face-to-face communication to connect. When paper was in-
vented, information could be written down and transferred to a broader community. In
recent centuries, more media were invented, and computer-mediated communication
has become commonly applied. With the popularity of the smartphone, people spend
substantial amounts of time on it for social interactions, and it has gradually become
the hub of personal communication [50]. So, the channels of communication today
can be categorised as smartphone-mediated and non-smartphone-mediated. For non-
smartphone-mediated communication, face-to-face plays the central part. Gatherings
of family and meetings of social groups are still essential elements of social life. For
smartphone-mediated communication, the functionality of the smartphone provides a
range of communication methods. Voice calls, video calls, emails, messages and so-
cial media are all supported. Users can choose their favourite methods to have different
types of social interactions.

Typically, the methods of social interaction in the experiments include interviews,
questionnaires, controlled voice or video recordings and expert observations [167].
However, there are innate deficits and limitations connected with these approaches.
When participants do not remember previous events or experiences, recall biases are
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introduced in the questionnaire responses. Moreover, comparing with natural settings,
participants may be aware of the controlled settings and behave differently, so the re-
sults could be different from the research targets [80]. Additionally, all these methods
cannot continuously monitor for an extended period. Nevertheless, smartphones pro-
vide a novel method for measuring social interactions. Their capability to capture and
infer social interactions enables the objective: longitudinal and in-the-wild measure-
ment of social interactions.

5.3 Related Work

5.3.1 Smartphone social sensing

Using smartphones to investigate human behaviour has drawn great attention for decades.
It is often termed smartphone-based digital phenotyping, which refers to ‘moment-by-
moment quantification of the individual-level human phenotype in situ using data from
personal digital devices’ [164]. As illustrated in the background, the smartphone is
commonly used as a medium for social interaction. So, it is feasible to understand the
social lives of users. This idea has been implemented in a number of studies. They in-
vestigate general human social behaviour [239], its relationships with personality [35],
mental health (including depression, anxiety and stress) [119] and certain diseases (for
example, schizophrenia [28]). In general, possible social interaction on smartphones
was explored by these studies. First are calls and messages; these were monitored
by contacts, length and status (incoming, outgoing, etc.) [195]. Some studies also
included social media usage, but this cannot be captured as precisely as calls and mes-
sages due to system restrictions. Therefore, it is often inferred by the application usage
[74]. It is possible to record social interactions happening outside of the smartphones
as well those mediated by the phones. Since everyone usually carries a smartphone
and the Bluetooth embedded on the smartphone keeps scanning surrounding signals,
a scan entry could represent a person [250]. Therefore, Bluetooth is employed as an
inference for people proximity. The microphone is another typical environmental sen-
sor on smartphones that is utilised as an indicator of social interaction. Raw audio
captured by the microphone was processed to detect whether conversations were hap-
pening around the person carrying the smartphone [239]. Then all these features were
processed and correlated with the target of these studies. For example, a study of per-
sonality [237] explored the relationship between the collected smartphone data and the
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big five personality traits. It found that certain features are strongly correlated with the
different traits, such as a positive correlation between Bluetooth entries and extraver-
sion but a negative one regarding agreeableness. All these studies benefit from the
unobtrusiveness and continuity of the smartphone as a novel research tool. The burden
of participants is released, and both contextual and behavioural data can be monitored,
allowing researchers to observe changes and deviations from a comprehensive perspec-
tive [11] [202].

5.3.2 Digital phenotyping in Parkinson’s

The smartphone has also been employed to study Parkinson’s patients’ behaviours, but
has mainly been confined to motor functions. A smartphone application that assessed
voice, posture, gait, finger tapping and response time were created by [8] to classify
the motor impairment of Parkinson’s. [117] evaluated the tremor intensity from the
accelerometer of the smartphone. The strong correlation between the result and clini-
cal scale of Parkinson’s shows the smartphone’s potential in assessing the severity of
the symptoms. However, these studies all required patients to do specific tasks, which
were intrusive. [94] generated mobility features from longitudinal passive smartphone
data to estimate Parkinson’s patients’ daily motor symptom fluctuations including pain,
gait, freezing and fatigue. Gait abnormality was captured by [260] to monitor the medi-
cation adherence of PD patients. These studies applied passive smartphone technology,
but they only focused on motor symptoms; QoL and social impact were still being ne-
glected. To our knowledge, the social withdrawal of Parkinson’s has rarely been stud-
ied by smartphone social sensing. The latest smartphone social sensing technologies
are implemented to observe the social lives of Parkinson’s patients.

5.4 A general model of social interaction

As described in the background, we believe there are two types of communication
channels. One is smartphone mediated and another one is non-smartphone mediated,
which typically means face-to-face interactions. Hence, overall social behaviour will
be outlined by summarising these two channels.

Non-smartphone-mediated communication implies direct interactions, which are face-
to-face. The smartphone provides various channels of communication, including calls,
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messages and social media usage. Face-to-face is probably the dominant mode of all
interactions [15]. Gestures, expressions and voice interactions are conveyed during
face-to-face interactions. With calls, the approach narrows to the verbal method only,
with pitches and tones to help participants understand each other. Limitations increase
in messages, which rely on text. And social media can involve even less: hitting a ‘like’
button could be an interaction. So, face-to-face provides the most abundant medium of
communication, followed by calls, then messages and, lastly, social media. Moreover,
there is evidence that interactions via voice create stronger social bonds than interac-
tions only including text [116].

Using this knowledge, the number of social interactions in each channel was typi-
cally measured by times, length and unique contacts [257]. Times represented the
frequency of social behaviours conducted in a certain time, usually a week, fortnight
or month. Every call made, message sent, social media use and face-to-face interaction
is regarded as one social activity. However differently, the duration of each commu-
nication carries an inherent meaning. For calls, it indicates the total length of each
call. For messages, it calculates the effective part, which is the number of characters.
And in face-to-face interaction, the length is measured from the beginning of the first
word to the end of the last sentence. Unique contacts signifies the diversity of the
contacts in this communication channel. People could make a number of phone calls
to a single person, which could generate a high total length but few unique contacts.
So, unique contacts provides another perspective to quantify the extent of social in-
teraction. Face-to-face interactions were inferred from the built-in plugin of AWARE.
It scans surrounding sound via microphones of smartphones. If the captured sound is
inferred as the human voice, this conversation starts until this sound disappears. This
period is counted as a conversation session. By combing all sessions into a specific
length, like a week, the total number and length of conversations can be known. Social
media usage was also calculated by session. If the social media application is in the
foreground, the user session starts until this application exits. By combing all sessions,
the number of times and total times people spent on social media were acknowledged.

5.5 Longitudinal one-year data collection

From all the theoretical background explained above, we planned and started an ex-
ploratory one-year longitudinal study to observe the social behaviour of PD patients.
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Participants were recruited on an enrolment-and-go basis. Advertisements were through
the Parkinson’s UK website. We did not specifically qualify our participants because
we were focusing on an individual-level observation. We only required participants to
be regular smartphone users (self-described) and score higher than 88/100 on the Ad-
denbrooke’s Cognitive Examination Revised (ACE-R) scale [147], which means they
have no cognitive impairment [94]. If potential candidates state that they have other
diseases having more life impact than PD, they were also excluded. Once a potential
candidate contacted us, we would have an interview with them to check if they met the
basic standard of participant requirements. Then, the application would be installed on
their smartphones and the data collection would start. This experiment had two major
components: the continuous smartphone data collection and the traditional mechanism
of measuring clinical, psychological and subjective input from participants as ground
truth. The full data collection plan is shown in the figure 5.1.

…….…….…….…….
A longitudinal one-year data collection
• 24 x 7 continuous and passive
• calls, messages, application usage, notifications, Bluetooth, 

Wi-Fi, GPS, keyboard, and microphone

Daily symptom ratings…….…….…….

Weekly Parkinson's and social scales

……. ……. …….

Two-monthly Parkinson’s, QoL, depression, 
stigma, apathy, empathy, and cognitive scales

Figure 5.1: The plan for longitudinal one-year data collection.

A monitoring application was chosen to record all designated sensor data on smart-
phones. It is called AWARE [67] and is one of the full-scale sensing platforms, provid-
ing plenty of functionality for our needs [245]. According to the systematic review of
smartphone social sensing [257], we collected data from all possible sources related to
users’ social interactions. These sources included calls, messages, application usage,
notifications, Bluetooth, Wi-Fi, GPS, keyboard and microphone. Details of data col-
lected, purposes and structures are illustrated in the table below 5.1. Due to the limita-
tions of iOS, some significant data could not be captured on phones using that system.
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We did not provide extra phones to participants since they may not have transferred all
social interactions to the secondary phone. Therefore, we only recruited participants
using Android devices. All collected smartphone data were ethically considered. Ir-
reversible encryption was applied to contact IDs and Bluetooth/Wi-Fi addresses/IDs.
For the keyboard, only the number of characters typed could be known, and all raw
audio captured on smartphones was processed locally. We only recorded audio if it
was a conversation at that moment, using the algorithm developed in [239].

Table 5.1: Data source, purposes and structures of collected sensor data.
Data source Purpose Structures
Calls Call events Timestamp, contact ID, length,

status
Messages Messages events Timestamp, contact ID, status
Application
usage

Time spent on social media Open timestamp, app name,
app package name

Notifications Estimations of social media
messages numbers

Timestamp, target application
name

Bluetooth Estimations of face-to-face en-
counters

Timestamp, Bluetooth address,
Bluetooth ID

Wi-Fi Estimations of locations Timestamp, Wi-Fi address, Wi-
Fi ID

GPS Locations Timestamp, longitude, latitude
Keyboard Estimations of social media

messages length
Timestamp, app name, app
package name, length

Microphone Detection of surrounding
sound

Timestamp, is conversation

We also applied various widely used instruments to gather standard PD progression,
QoL and related clinical and psychological factors. The severity of PD was measured
by a standard clinical scale, the Movement Disorder Society-sponsored revision of the
Unified Parkinson’s Disease Rating Scale (MDS-UPDRS) [76]. The famous Parkin-
son’s Disease Questionnaire (PDQ-39) was also employed [102]. From the literature
illustrated in the background, depression, stigma, apathy, empathy and cognitive im-
pairment are probably the most direct causes of social withdrawal introduced by PD.
Hence, the scales of these factors were included. Moreover, a modified social with-
drawal scale from motor neurone disease was implemented to measure social with-
drawal [185]. These questionnaires were conducted every two months. Details of
questionnaires applied and their purposes are shown in the table 5.2.
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Table 5.2: Scales applied in the study
Scale name Purpose Reference
MDS-UPDRS Clinical Parkinson’s progression [76]
PDQ-39 QoL impact by Parkinson’s [102]
The Addenbrooke’s cognitive examina-
tion revised (ACE-R)

Cognition [147]

Stigma scale for chronic illness 8-item
version (SSCI-8)

Stigma [151]

Geriatric depression scale (GDS) Depression [252]
Interpersonal reactivity index (IRI) Empathy [46]
Apathy scale (AS) Apathy [211]
Social withdrawal scale (SWS) modified
(see Appendix B)

Social withdrawal [185]

A diary was also provided for participants to record their daily symptoms, weekly
QoL and social interaction scale. This diary was originally designed by [234] to track
PD day-to-day fluctuations. They attempted four prototypes using Bluetooth, NFC
and a microcontroller but accomplished higher acceptance and compliance using a
paper diary. Participants choose three main symptoms to record, which are unique
and personal. Since we are exploring PD-caused social withdrawal, a weekly social
scale for confirming the interaction extent of different types of contacts was added to
the diary. The participants also rate their overall social interaction level from 0 to 10.
We followed the design implications in [234] and used the same circle to maintain
consistency. An eight-item version of Parkinson’s’ disease questionnaire PDQ-8 [103]
is also included in the diary each week to produce fine-grained disease progression
ratings. An example of the daily symptom diary (left) and weekly social interaction
scale (right) is shown in the figure 5.2.

5.6 Social fluctuations monitoring

Participant recruitment started after all the procedures of the experiment had been eth-
ically approved. We did not require all participants to start the data collection at the
same time. Once the participant had enrolled, the data collection began. At the first ses-
sion, the diary was given to the participant, and the first round of questionnaires were
conducted. Thus, there were various time lengths for each participant. Parkinson’s
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Please, fill out at least one row per day 

So far, what is the severity of your symptoms? 

Optional 

Sleep None O O O O High 

Movement None O O O O High 

Bowel None O O O O High 

Sleep None O O O O High 

Movement None O O O O High 

Bowel None O O O O High 

None O O O O High 

None O O O O High 

None O O O O High 

Notes:

Sleep 

Bowel 

Movement 

Friday, 30 Aug 2019

How sociable were you during the last week? 
 
Please indicate your extent of social contact of following groups 
(full definitions of each group can be found in the guidance) 
during the last week, 0 means never contact, 10 means very 
high level of contact. 
 

Please fill one circle for each group 
 

Family and 
Close Friends 
(close intimates, 
typically immediate 
family members and 
best friends) 

0 
 
 

○ 

1 
 
 

○ 

2 
 
 

○ 

3 
 
 

○ 

4 
 
 

○ 

5 
 
 

○ 

6 
 
 

○ 

7 
 
 

○ 

8 
 
 

○ 

9 
 
 

○ 

10 
 
 

○ 

Friends (reliable 
friends in reciprocal 
relationships) 

0 
 

○ 

1 
 

○ 

2 
 

○ 

3 
 

○ 

4 
 

○ 

5 
 

○ 

6 
 

○ 

7 
 

○ 

8 
 

○ 

9 
 

○ 

10 
 

○ 

Acquaintance 
(all remaining 
individual ties with 
genuine 
relationships, e.g. 
health professions) 

0 
 

○ 

1 
 

○ 

2 
 

○ 

3 
 

○ 

4 
 

○ 

5 
 

○ 

6 
 

○ 

7 
 

○ 

8 
 

○ 

9 
 

○ 

10 
 

○ 

Strangers 
(people you don’t 
know, e.g. cashiers 
of shops, waiters) 

0 
 

○ 

1 
 

○ 

2 
 

○ 

3 
 

○ 

4 
 

○ 

5 
 

○ 

6 
 

○ 

7 
 

○ 

8 
 

○ 

9 
 

○ 

10 
 

○ 

Overall (extent of 
all your social 
interactions 
including strangers) 

0 
 

○ 

1 
 

○ 

2 
 

○ 

3 
 

○ 

4 
 

○ 

5 
 

○ 

6 
 

○ 

7 
 

○ 

8 
 

○ 

9 
 

○ 

10 
 

○ 

 
Please check that you have filled one circle for each group 

Thursday, 05 Sep 2019

Figure 5.2: An example of the daily symptom diary (left) and weekly social interaction
scale (right).

patients are typically elderly and may experience some accessibility issues. There-
fore, smartphones are not as popular among PD patients as in the general population.
Also, since this was a long-term longitudinal experiment rather than a one-time ses-
sion, involvement the study was a long commitment for participants, and our study
may have been less attractive for volunteers. For all the above reasons, we did not ex-
pect a specific number of participants to generalise our results. In addition, our study
was an exploratory study, and as it was estimated that each participant would gener-
ate millions of raw data points, we aimed to involve 10 participants. The participant
recruitment campaign started in October 2019 and ended in March 2020. Two partici-
pants dropped out, but the data collection continued for eight participants. The age of
participants ranged from 63 to 75 years, and the participants consisted of six males and
two females. They had all been diagnosed with Parkinson’s for at least five years, and
all their symptoms were mild, usually not interfering with their daily lives. The most
common symptoms impacting their lives were sleep problems, stiffness and slowness.
Only one participant had a moderate tremor, and all of them were taking prescribed
medication to control their symptoms.
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The COVID-19 outbreak was declared a pandemic in the U.K. in March 2020, and na-
tional restrictions and lockdowns were introduced to limit possible face-to-face contact
and enforce social distancing. These measures had a tremendous impact on people’s
lives, especially social behaviours. People could not move freely and have social inter-
actions as they used to. In particular, their chances of having face-to-face interactions
with people not living in their households were curtailed. People had to socially with-
draw to some extent, so it was not reasonable to treat their social lives during the pan-
demic the same as before. Hence, we divided the data analysis into two parts: the first
was pre-pandemic, when social interactions could be engaged in freely without any
constraints; the second was during the pandemic, when people had to follow the rules
and limit their face-to-face interactions. For the pre-pandemic period, the target was to
reconstruct their social interaction levels from collected objective data. As explained in
the background, all social interactions have to be conducted through a particular media,
which we categorised as face-to-face, call, message and social media. So, the over-
all social interaction should be aggregated from all these categories. The formula is
Total Social InteractionLevel = Face− to− f ace+Calls+Messages+Social media.
However, the ground truth we relied on was still a variety of questionnaires. This has
natural deficits as a subjective measurement, where recall bias and halo effect could
occur. When participants did their ratings, they probably had different weights in
their opinions for each communication channel. For example, they might overrate
face-to-face interactions but underestimate message communications because face-to-
face conversations make a bigger impression on them. Besides, the number of so-
cial interactions in each channel is determined by three typical factors: the number
of unique contacts, contact length and contact times [60]. However, each individual
might have particular preferences for estimating social interaction levels from these
factors. For example, people having the same length of calls may treat them as a dif-
ferent number of social interactions because these calls could be made to a single per-
son or to several people. Thus, a method was necessary to differentiate which factor
played a more critical role when judging the extent of social interaction. For exam-
ple, the calls could be weighted by this formula: Social interaction level o f Calls =

α1 ∗ uniquecontacts + α2 ∗ contact times + α3 ∗ contact length. And all parameters
could be zero.

Linear regression is an appropriate fit for the target variable. It can model multiple
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explanatory variables to a scalar by assigning different parameters. A relationship will
be found between these independent variables and the target variable by minimising the
distance between observations and expected values. By integrating the number of so-
cial interactions in different channels and accrediting them with reasonable weight, we
can establish the relationship between participants’ weekly social ratings and smart-
phone data. Since all the given data are expressly limited to this person, this function
will be overfitted to the specific individual, so a personalised model is generated.

All participants who had data collected in the pre-pandemic period were processed
by linear regression. All three factors of each communication channel were extracted
as features. Due to the limitations of the system, these factors could not be captured
on social media or message apps, such as WhatsApp and Skype. Therefore, we used
the notifications of these applications and number of characters typed in these appli-
cations as the estimation for contact length and contact time. Moreover, face-to-face
interaction times, length and unique contacts were inferred by conversation detection
and Bluetooth. Location features, including time spent at home and travel distance,
were also added as additional elements because locations outside the home, such as
urban public places, provide arenas for social opportunities.

The whole dataset was split into a training part to establish the linear regression model
and a test piece to test the performance. All possible combinations of generated fea-
tures were attempted to identify the best mixture. We used R-squared, which describes
the proportion of the target variable’s variance explained by independent variables, to
choose the best model. This is commonly used in regression analysis, and closer to 1
means a better fit. Since all data were time-related, and the future features could only
be predicted from the past, we only split these entries according to time. Features gen-
erated from past dates were always treated as training sets, and they were later used
to predict the diary entries. This is an ongoing project, so not all participants have
collected enough data to demonstrate the final results. We present four participants as
examples to exhibit our principal models and methods. The results of these partici-
pants are shown in figure 5.3. Two other performance indexes were also calculated to
examine the performance of the model. These are root mean squared error (RMSE)
and mean absolute error (MAE), which measure the magnitude of the error. As de-
scribed in the figure, our models achieve fairly good fits for the ratings in general. The
RMSE and MAE are no more than 0.5. For particular participants, such as P3 and P4,
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RMSE = 0.353553 MAE =0.125 R-squared = 0.894737 RMSE = 0.707107 MAE =0.5 R-squared = 0.833333 

RMSE = 0.733799 MAE =0.384615 R-squared = 0.662963 RMSE = 0.685994 MAE =0.352941 R-squared = 0.326733 

Figure 5.3: Linear regression model performance on each participant.

R-squared values are less than those for P1 and P2, but the value is still positive. This is
because there are limited variations in their social ratings. For P3, nine was answered
eight times in the weekly social ratings for 13 weeks in total. A similar situation oc-
curred with P4: nine was answered nine times in the weekly social ratings out of 17
weeks. Thus, there was not enough training for the model to differentiate the ratings.

5.7 The impact of COVID-19

The COVID-19 pandemic began in March 2020 in the U.K., and the entire nation
started lockdown on March 23rd, together with enforced policies to reduce the spread
of COVID-19. These measures included staying at home, which required people to
remain home as much as possible and only go out for essential activities, and social
distancing, which limited face-to-face contact to within the household, with physical
distancing required when with others. All these policies severely impacted people’s
social lives. People’s opportunities to have face-to-face interactions were extremely
restricted. They could not go out for routine activities like shopping and dining or have
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Table 5.3: Social interaction level changes before and during the COVID-19 pandemic.

P1 P2 P3 P4

Face-to-face

Times ↓ ↓ ↓ ↓
Length ↓ ↓ ↓ ↓

Unique contact ↓ ↓ ↓ ↓

Calls

Times ↓ ↓ ↓
Length ↓ ↓

Unique contact ↓ ↓ ↓

Messages

Times ↓ ↑ ↓
Length ↓ N/A ↓ ↓

Unique contact ↓ N/A ↓
Social Media Times ↑ N/A N/A ↑

≈
≈
≈
≈

≈

≈

unplanned social interactions. Although we could not monitor our participants in nor-
mal conditions, it gave us an opportunity to investigate how our participants adapted to
the impact of these policies. In addition, from the literature, Parkinson’s-induced so-
cial withdrawal could be slight or insignificant. It could be hard to detect these minor
changes. But the enforced lockdowns reduced the opportunities for social activities
significantly. It exaggerated the situation of social withdrawal and applied to every in-
dividual. This provided us with a unique opportunity to assess whether our monitoring
methods could detect these dramatic changes. The three factors (i.e., number of unique
contacts, contact length and contact times) for each communication channel were gath-
ered and compared with the pre-pandemic period, if possible. The results are shown in
table 5.3. We used the same length of time to compare the changes for every feature
in the table. Due to technical issues, certain types of data could not be collected for
comparison, which are marked N/A in the table. As can be read from the table, most
features decreased. But some features in one channel changed asynchronously, which
are marked in black boxes. This phenomenon draws special attention and will be dis-
cussed below.

Times spent outside the home are also analysed and displayed in the figure 5.4. All the
raw GPS points were put through a stop-point detection algorithm to cluster the places
where the participants stayed more than 10 minutes. This calculates the distance of
the stop point from the home and the difference between the current position and the
previous one. So, if the participant left home for other places, the algorithm would
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notice that. The whole cycle of leaving home and coming back was counted as left-
home time. As indicated from previous literature, we predefined 10 minutes and 100
metres as the threshold to define a new place [204] [24]. Thus, when all GPS points
are within the range of 100 metres within more than 10 minutes, the algorithm regards
the participant as having visited this place.
As illustrated, the left-home times significantly decreased after the official lockdown
date. Participants stayed at home as much as possible and only went out one or two
times per week after lockdown. One participant never left his/her home. Besides, we
also applied Foursquare, the service for semantic places to explore what kinds of places
participants went. The results show they went out for only two purposes: walks and
groceries. None of the outside activities were for social interactions.

Figure 5.4: Left home times before and during the COVID-19 pandemic.

As for social interactions, there was a trend showing that all three factors declined
or remained similar in the same way. Two participants showed increased usage of
social media, and two exhibited unique change patterns for calls and messages. The
contact times and unique contacts of calls dropped in P1, but the length remained
similar. So it seems that the participant had more long calls during the pandemic
(as shown in the figure 5.5). In other words, the calling pattern changed from short
and frequent calls to long and infrequent calls. This was probably because short calls
were used to arrange face-to-face meetings pre-pandemic. In the new situation, the
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participant could only make long calls, which could have been a substitution for face-
to-face interactions. Similar circumstances were also observed with P2. Although
the length of messages declined for P3, the unique contacts remained stable, and the
times even increased (as shown in the figure 5.6). Therefore, P3 tended to send short,
frequent messages during the pandemic rather than long, infrequent messages pre-
pandemic. Was that because reduced face-to-face interactions made P3 need more
frequent contact? To confirm our findings and investigate these special phenomena,
we conducted a semi-structured interview with participants. In general, we generated
questions from changes in these factors and asked participants if they agreed with
them. For example, if call times decreased, we would ask the participant if he/she
agreed with the data analysis that he/she made fewer calls. Moreover, their social
routine adjustments and novel methods of communication were also explored in the
interviews. Participants were asked about their feelings regarding their social lives
under the lockdown and about the effectiveness of video calls.

Figure 5.5: Percentage of P1 long calls before and during the COVID-19 pandemic.

Figure 5.6: Percentage of P3 long messages before and during the COVID-19 pan-
demic.

All participants agreed with our observations about the trend of their communications.
They admitted that all kinds of social interaction had decreased since the lockdown.
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One participant, however, denied that social media usage had increased. The partic-
ipant thought the time spent on social media was similar to before the pandemic. ‘I

don’t think I use more social media than I used to, at least I am not aware of it.’ she
said. For two particular participants, P1 stated, ‘I made more long calls with friends

and families I was able to meet often.’ But P1 did not consider long calls as an al-
ternative to face-to-face conversations. ‘There is no choice,’ P1 said. As for P3, the
participant gave us a possible reason, and it was not him who needed more attention.
After the start of the pandemic, P3’s family was concerned about his health condition.
‘They set up a family group chat, so I always check in there,’ said P3. So, he sent more
‘fine’ messages in the group chat, which resulted in more short, frequent messages.

In general, all of our participants made significantly more video calls compared with
pre-pandemic times. This included participants who had never made video calls be-
fore. However, they agreed that their social activities inevitably declined, and none of
them deliberately increased their use of any communication channels to compensate
for the lost social time. Moreover, none of the communication channels substituted for
face-to-face interactions, so diminished face-to-face interactions were not replaced. P1
also emphasised that ‘video calls can never replace face-to-face interactions.’ Mainly,
they all missed the times when people could meet and talk freely. The interview also
confirmed the participants’ reasons for leaving the home. They went out either for
walks or groceries. Participants who had children living around them only went out
for walks because their children could deliver groceries for them. This benefited this
vulnerable population, so they did not have to go to crowded places, such as supermar-
kets.

5.8 Discussion

The results show that these features can reflect the social interaction levels of PD pa-
tients. Smartphone monitoring is useful for understanding the social behaviour of this
population. This technology contributes to the knowledge for Parkinson’s patients and
carers in various ways. Neurologists and Parkinson’s nurses can understand their pa-
tients more granularly rather than relying only on the six-monthly check-up. Patients’
social interaction fluctuations will be shown in a more precise way, and the detected
social withdrawal will give carers a signal that a particular PD patient needs special
attention. Thus, better treatment could be provided promptly and properly. Besides,
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PD patients’ caregivers can also acknowledge the QoL of PD patients from a social
perspective. Some situations that patients feel awkward to reveal could be reflected,
so people caring for PD patients can give personalised social support for patients to
maintain their social wellbeing.

The reduced social interactions due to the COVID-19 pandemic across all commu-
nication channels are reflected in the feature data we collected. The agreement from
participants with our observations indicates that our methods can reflect these signifi-
cant changes. From the behaviour shift following the arrival of COVID-19, all of our
participants obeyed the government’s policies. They stayed at home and minimised
their opportunities to leave the home but tackled this situation differently. Partici-
pants who did not have family nearby had to do their own grocery shopping, Location
data from smartphones can show which participants do essential shopping themselves.
Quiet times to visit the shops or deliveries could be suggested from the smartphone
data to reduce the chances of unnecessary face-to-face contact.

Negatively, the impact on participants’ social lives was not compensated for. None of
the existing channels of communication increased. Although all the participants started
using video calls, these did not fulfil the same role as face-to-face interactions. Their
symptoms had already caused potential social withdrawal. These severe restrictions
only exacerbated the situation, reducing the opportunity for social activities. Special
consideration is necessary for PD patients to maintain their social wellbeing. Although
it could be different from the participants’ viewpoint, smartphone data can suggest ab-
normal emotional states, and extra attention or interventions could be offered to these
individuals. Unusual signals and pattern changes, such as P1’s long calls and P3’s
messages, are typical examples. With more expansive applications of the technology,
similar signals could be captured for each person, and special care could be offered
according to these signals to mitigate the impact on this vulnerable population.

5.9 Challenges and limitations

PD patients include many older adults, and they may suffer from other diseases, such
as diabetes. Their motor and cognitive functions may influence their judgement and
memories. Combined with natural deficits, such as recall bias in questionnaires, an-
swers from patients cannot be fully trusted as the ground truth.
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After the beginning of the COVID-19 pandemic and the resulting restrictions, peo-
ple could not continue their everyday lives. Hence, we only had a limited number of
pre-pandemic weeks to test the model. The model overfits the participants to achieve a
personalised understanding, but inadequate data could result in unreliable observations
in the long run.

Moreover, the pandemic caused declines in social activities but fostered a novel method
of communication: video calls. From the interviews with our participants, none of
them had video calls on their smartphones but on tablets or personal computers. This
was beyond our monitoring method’s range and may cause a gap between the intended
observation of overall social interaction and the collected data.

For the convenience of participants, the two-monthly questionnaires were conducted at
their homes. As they all lived in different communities, this made the whole interview
process time-consuming. Following the pandemic, the interview transformed to on-
line, so some physical measurements made by touch and feel could not be made. This
led to the incomplete assessment of the Parkinson’s progression measurement. A sim-
ilar situation also occurred with the smartphone data collection. It was not perfect all
the time. The application stopped working occasionally, and participants sometimes
did not use their smartphones.

5.10 Future work

The practical meaning of the models needs further investigation, and these models will
also be applied to the data during the pandemic to examine if they are still applica-
ble. More features to differentiate the types of contact will be considered to build a
more explicit social withdrawal estimation. Data from different instruments, such as
questionnaires, daily symptoms and weekly PD questionnaires, will also be included
to examine the relationship between social behaviour and PD symptoms.

COVID-19 has shaped social activities in various ways. Therefore, a calibration for
the percentage of time that participants use smartphones is necessary. A questionnaire
regarding how much they use different devices for communication will be proposed.
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Moreover, rather than focusing on the questionnaire passively, we plan to ask the par-
ticipants questions directly to confirm or reject our findings about changes in their
social interaction levels. Their smartphone usage will also be queried to estimate the
difference between the objective data and participants’ perceptions.

5.11 Conclusion

From the theory and practical knowledge of social behaviours, we constructed a model
for measuring social withdrawal. The overall interaction model has been examined
with actual data, showing reasonable performance for understanding social interaction
levels. The monitoring of social interactions could also provide understanding of PD
from a QoL perspective and in a longitudinal way. This is valuable for both doctors
and caregivers of PD patients.

Our monitoring technology was also able to demonstrate the significant changes caused
by COVID-19. Participants’ personal responses and special social adjustments were
also illustrated from the features we created. Smartphone monitoring was particularly
beneficial during this critical period. Patients’ personal difficulties could be exhibited
from location data. Thus, individualised support could be provided to this vulnerable
population to maintain their wellbeing.

The popularity of smartphones is higher in younger generations, who will get older
and may face health problems in the future. Digital phenotyping is highly applica-
ble for personalised disease management, not only for Parkinson’s but also for people
with mental health disorders or hearing loss. Customised treatment plans and preci-
sion medicine could be organised based on the granular smartphone data. We are on
the way to contributing to better healthcare for every human being.



Chapter 6

Social Withdrawal and Parkinson’s

The previous chapter presented the plan of the year-long longitudinal study and the
personal social impact caused by COVID-19. Both preliminary results of social be-
haviour tracking and reflections of social changes by COVID-19 exhibit the potential
of our smartphone social sensing method. With the completion of the whole year of ob-
servation, the longitudinal smartphone behaviour data and corresponding scales/diaries
are finally available. In this chapter, we discuss the relationship between two-monthly
conducted clinical/psychological scales and smartphone data. These scales are valid
indicators of clinical or psychological signals as standardised monitoring equipment,
including Parkinson’s progression, quality of life, social withdrawal, cognition, apathy,
empathy, and stigma. The constructions of higher-level features from raw smartphone
data are also illustrated in this chapter. All kinds of social behaviours and related
factors are considered, including calls, messages, social media, face-to-face conver-
sations, and locations. A conceptual social interaction model regarding both types of
contact and channels of communications are established.

The content of this chapter is adapted from Heng Zhang, Bijan Parsia, Ellen Poli-

akoff, and Simon Harper. ‘Exploring Social Withdrawal with Smartphones in People

with Parkinson’s Disease: A Longitudinal Study’. It’s currently under view.
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Abstract
Parkinson’s disease (PD) is a long-term neurodegenerative disease that impacts pa-
tients’ quality of life (QoL). Social life is an essential part of QoL. Both symptoms
of PD and deterioration of QoL could cause reduced social interactions. This phe-
nomenon is known as social withdrawal and could be a general health indicator for
people with PD. People spend significant social time on smartphones nowadays, and
under the concept of digital phenotyping, smartphones are promising for social be-
haviour monitoring. Considering related social factors, we initiated a year-long lon-
gitudinal study using smartphones to study social withdrawal in PD. Weekly diaries
and sets of scales, including PD progression, QoL, cognition, apathy, empathy and
stigma, were also conducted every two months to correlate with smartphone data. Af-
ter 24/7 continuous monitoring for a year, 23 features were generated from more than
ten million raw data points collected from eight participants. Since numerous uncon-
trollable factors could influence people’s social behaviour, these data were analysed
individually. At least one smartphone feature for each participant was found to have a
significant correlation with standardised scales. Most of the results (81%) imply that
participants tend to have reduced social activities when situations such as PD progres-
sion, QoL and apathy are worse. The correlation results between social withdrawal
scales and smartphone features confirm that our approach can reflect participants’ so-
cial behaviours. Furthermore, they indicate that smartphone digital phenotyping could
be employed to provide personalised healthcare and maintain the QoL of wider com-
munities.

6.1 Introduction

Long-term diseases have aroused increasing concern with the growing pursuit of qual-
ity of life (QoL). As Parkinson’s disease (PD) is a common long-term disease and the
number of patients is more than ten million, it is essential and valuable to study and
observe the behaviour of PD patients. PD is an incurable long-term neurodegenerative
disease with gradual loss of motor and non-motor functions. The motor symptoms
of PD are apparent and easy to identify; they mainly include shaking, rigidity, slow
movement and tremors. As for the non-motor symptoms, it is challenging to observe
them directly; they involve mood changes, cognitive decline, pain, sleep disturbance,
apathy and autonomic dysfunction [174]. All these symptoms significantly influence
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patients’ social lives, which then causes social withdrawal. Practically speaking, so-
cial withdrawal indicates reduced social interactions. Interviews with PD patients also
showed that their social connectedness was disrupted due to PD [203]. PD patients
may lose and alter their social identities due to the disease’s progression [206]. At
the same time, they could also have social anxiety, a sense of embarrassment and less
social confidence [206]. Because PD progression is idiosyncratic and people’s social
habits differ, PD patients have unique paths of social withdrawal [107]. Therefore, it
is more reasonable to observe the social withdrawal of PD patients individually than
across a population. However, to the best of our knowledge, research into social with-
drawal in PD is still at an early stage. Researchers still rely on participants’ experience
and conceptual understanding to investigate this phenomenon.

Because it is a long-term disease, recognising the progression stages is essential for
the treatment and management of PD. It can also help to maintain patients’ wellbeing.
Typically, clinical assessments are applied every six months to quantify patients’ con-
ditions [76]. However, PD symptoms fluctuate hourly and daily. The assessment could
miss significant and detailed changes because it aims to cover a period of six months.
Moreover, these assessments are possibly subjective, unreliable and biased [80], since
they usually only rely on the experience and memory of patients or doctors. Due to
these weaknesses, PD measurement needs a more continuous and objective approach.
It would also be better if this approach were unobtrusive so that influence on patients’
behaviour could be minimised.

Digital phenotyping is an emerging method for understanding human behaviour. It
refers to using personal digital devices to quantify individual-level phenotype, mo-
ment by moment [164]. As a popular digital device, smartphones are used as a novel
research tool here. It has been confirmed to be feasible and informative to use smart-
phones in this way [18], and the method promises to expand knowledge of PD patients’
lives [19]. Almost everyone uses a smartphone regularly, and current smartphones have
considerable abilities to conduct various tasks. Using smartphones to observe partic-
ipants’ behaviour is practical, unobtrusive and convenient without additional requests
and costs. They play an essential role in people’s social lives. People can use them
to implement multiple communication methods, including messages, calls and social
media. In addition, smartphones can infer face-to-face conversations, since they are
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embedded with sensors such as microphones that can detect the surrounding environ-
ment. After a simple initial configuration, smartphones can unobtrusively record data
24/7 without interruption. In this way, they can capture continuous rather than snap-
shot data. Therefore, not moment slices but the full picture of a patient’s behaviours
during a past period can be provided to clinicians. As every participant has their own
smartphone, different PD patients’ behaviour can be monitored individually, which is
desirable for PD’s idiosyncratic progression. In general, the smartphone is promising
for monitoring overall social interactions individually. It can provide an objective un-
derstanding of social withdrawal.

Considering PD’s long-term nature, a year-long longitudinal study was planned to
observe social withdrawal among PD patients using smartphones. A designated ap-
plication was installed on participants’ smartphones to collect all possible social be-
haviour data and related factors. To explore the relationship between novel smartphone
measures and existing clinical/psychological assessments, other standardised scales
were also involved in the study. These assessments included clinical and psychologi-
cal scales measuring QoL, PD progression and factors causing social withdrawal such
as cognition, apathy and stigma. They were conducted every two months. In addition,
a paper diary was provided to each participant to record their QoL and social ratings
weekly.

With participants joining in and dropping out, eight participants with minor PD fin-
ished the year-long observation. In all, 23 features were built up across more than
ten million raw smartphone data points. These features cover various aspects of so-
cial life, including calls, messages, social media usages, face-to-face conversations
and locations. They were then correlated with all the assessments we conducted, in-
cluding scales and diaries. The results show that our approach is able to reflect the
social behaviour of participants. At least one smartphone feature for each participant
was found to have a significant correlation with standard scales. The majority of the
results (81%) implies that participants tend to have reduced social activities when situ-
ations are worse. Different strong correlations found for each participant also confirm
that people’s PD progression and social habits are distinctive. Furthermore, the whole
procedure could also be applied to monitor other long-term health issues, enabling
extensive understanding and the provision of targeted care.
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6.2 Background

PD is an incurable long-term neurological disease with unknown causes. The symp-
toms of PD can be categorised as motor or non-motor. Motor symptoms are movement-
related and include tremors, slow movement, rigidity, impaired posture and balance.
Non-motor symptoms include neuropsychiatric, autonomic, gastrointestinal and sen-
sory symptoms and sleep disorders [34]. All PD symptoms’ progressions are fluctuated
rather than linear [71]. Therefore, it is difficult to manage and treat PD caused by com-
plex factors.

Symptoms of PD cause social withdrawal in a variety of ways. For motor symptoms
like shaking, rigidity, bradykinesia and tremors, it is evident that they will impact PD
patients’ movement ability, which will make social engagement more difficult. The
patients have to reduce the frequency of joining groups and taking part in social activ-
ities. Non-motor symptoms, including apathy, depression, stigma, social anxiety and
cognitive impairment, can also cause reduced social interactions. It can be seen that
apathy can reduce PD patients’ motivation and passion for joining social events. Other
non-motor symptoms, such as depression [213], stigma [139] and social anxiety [21],
also have similar effects and ruin the experience of social interaction. In the case of
cognitive impairment, the social functions of PD patients will be affected [108]. It
will be hard for PD patients with cognitive impairment to follow conversations and
understand others; they will then feel frustrated and maybe neglected by others [146].
Consequently, they will gradually become less interested in joining social activities
because they cannot get pleasure from social interactions. In general, we can conclude
that, on the one hand, PD can cause social withdrawal; on the other, social withdrawal
is a potential indicator of symptom deterioration.

Social withdrawal signifies deviations of social behaviour from normal conditions, and
it is evaluated by objective lack of contact with social network members [157]. It is
different from loneliness, a subjective feeling that closeness of contacts does not satisfy
people’s minimum requirement. In our work, smartphones monitor participants’ ob-
jective social behaviour unobtrusively and do not measure their subjective feelings. In
other words, we focus on social withdrawal, which is quantifiable in terms of reduced
social interactions. Many factors can cause social withdrawal, including diseases and
sociodemographic factors. We cannot completely control all these factors when con-
ducting a population-level experiment, so it is nearly impossible to apply a unified
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standard to estimate social withdrawal extent. Social withdrawal cannot be defined by
a certain number of social activities being decreased; it can only be approached and
studied at an individual level.

For a non-curable disease like PD, the focus of the treatment is to improve the QoL
of the patients. According to the QoL questionnaire, the frequency and severity of
non-motor symptoms have the most impact on QoL [141]. However, the importance
of non-motor symptoms is often neglected [25]. Here, social factors are an essential
part of QoL [246], and social functioning is found to be a particular interference when
comparing the QoL of PD patients with the general population [194]. Therefore, social
withdrawal, which is hugely impacted by non-motor symptoms, could indicate QoL.

6.3 Related Work

Smartphone Social Sensing Smartphones have already been widely used in research-
ing human behaviour for decades. Using smartphones to collect human behaviour data
is ‘moment-by-moment quantification of the individual-level human phenotype in situ
using data from personal digital devices’, and this method is called smartphone-based
digital phenotyping [164]. Smartphone social sensing has been applied in various
fields, including general human social behaviour [239], personality effects [35], mental
health (including depression, anxiety and stress) [119] and diseases like schizophrenia
[28]). There are various types of social behaviour that can be captured or inferred
via smartphones. Calls and messages are usually the first consideration. Contacts,
length and incoming or outgoing status can be derived from calls and messages [195].
Social media usage is inferred from application usage [74]. Smartphones can also in-
fer other interactions outside of themselves. Bluetooth can then be used to monitor
people’s proximity, since smartphones can continuously scan and search surrounding
signals. As each person carries their own smartphone nowadays, a scan entry could
indicate a person nearby [250]. Audio captured by microphones can be detected to
infer nearby conversations [239]. All this information can be transformed into features
and processed based on the research targets. For instance, when studying personal-
ity, correlations between collected smartphone data and the big five personality traits
are built [237]. As a novel research tool, smartphones can observe participants’ so-
cial behaviour continuously and unobtrusively, which is beneficial in social research.
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Participants have no extra burden during data collection, and both contextual and be-
havioural data can be collected, so changes and deviations can be monitored from a
more comprehensive perspective [11, 202].

Digital Phenotyping in PD This method of smartphone-based digital phenotyping
is also applied in PD patients’ behaviour studies. However, these studies mainly focus
on the motor perception abilities of smartphones. Motor impairment in PD is classified
by smartphone applications evaluating voice, posture, gait, finger tapping and response
time [8]. Additionally, the accelerometer embedded in smartphones can be used to as-
sess tremor intensity [117]. The strong correlation between the inferred results and
clinical scale confirms that collecting data with smartphones is feasible for evaluating
PD’s severity. Although smartphones still play a significant role in these studies, some
specific and intrusive tasks are requested to be done by patients. There is other re-
search that takes advantage of the continuous monitoring ability of smartphones. For
example, mobility features were generated from longitudinal passive smartphone data
[94], and then the daily fluctuated motor symptoms of PD patients, including pain
gait, freezing and fatigue, can be evaluated. PD patients’ medication adherence was
estimated by monitoring gait abnormality [260]. Finger tapping and memory tests
were implemented on smartphones to detect longitudinal disease phenotypes [179].
Although smartphone-based digital phenotyping was applied in these studies, motor
symptoms were their primary considerations, and these monitoring methods are usu-
ally intrusive. Other health indicators for PD patients, such as QoL and social impact,
are still underestimated. To the best of our knowledge, PD patients’ social withdrawal
has never been studied using unobtrusive smartphone-based digital phenotyping.

6.4 A general model of social interaction

Social interaction is the basis of social lives, and it consists of a series of social be-
haviours with mutual communication. Critical factors in social interactions include
a social target and relationships benefiting each other. Reduced social interaction is
the key variable to be measured in social withdrawal. Alterations in the number of
social interactions with time can indicate social changes. As social interactions rely
on media to convey information, they have to take place over certain channels such
as face-to-face communication or smartphone calls. By monitoring social interactions
that happen in these channels, the comprehensive condition of social interactions can
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be established. For social contacts, psychological studies often focus on particular
types of relationships. The well-known social brain hypothesis claimed that there is a
limited capacity of contact that a human brain can process [56]. It divides the whole
social network into four groups, and the number of relations starts at 5 and increases by
a multiple of 3, but the intimacy level decreases. Specifically, there are support cliques
(4–5), the sympathy group (12–15), the affinity group (around 50) and the active social
network (around 150) [95]. Although why social relationships form these hierarchies
is still unknown, this structure is consistent with common sense and has a significant
influence on social relationship studies [220]. Overall, communication channels and
types of contacts are two key components constructing social interactions, so the over-
all social behaviour will be measured by these two perspectives.

For smartphone social measurement, communication channels are differentiated by
whether social interactions happening in that channel can be captured directly on the
phone. For non-smartphone-mediated ones, it implies direct interactions, which is
face-to-face conversations. The smartphone provides various kinds of communications
for smartphone-mediated communications, including calls, messages and social media
usage. However, based on the channel’s information and emotion delivery approach,
we believe there are existing ranks of these communication channels. The face-to-face
level is the highest among all channels. Also, the effort for communicating in each
channel is consistent with this rank. Face-to-face requires all participants involved to
have immediate reactions; multiple brain functions have to operate to process both
visual and verbal signals simultaneously and give appropriate responses. Although
immediate reactions are still necessary for calls, only verbal cues need to be processed
and reacted to. As for messages, instant replies are not required, so they take less ef-
fort for participants’ brains to handle. This also applies to social media, which is more
casual and does not require reciprocal responses. Combined with PD, which impacts
the brain’s social capabilities, more complex social interactions could indicate that the
disease has slighter influences [168].

For social contacts, the social brain hypothesis has provided the concept of social
groups. As the number of contacts in each group increases, the intimacy level de-
creases. These groups are termed support clique, sympathy group, affinity group and
active social network. Although the hypothesis does not give a pragmatic definition of
these terms, the groups’ core difference is the familiarity of contacts, so we practically
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comprehend them as family, close friends, friends and acquaintances. Usually, family
and close friends are people with whom one can share personal affairs. Closer relation-
ships are also revealed by the acceptance of each other. People will feel less awkward
when problems happen if they are more intimate. This also applies to PD patients.
When their symptoms become severe, they could become anxious about social inter-
actions. The first type of contact they withdraw from would be the most unfamiliar
people, the strangers, followed by acquaintances and then friends. Therefore, social
interactions with strangers are the strongest signals that people are socially active.

Based on the discussion above, two pyramids of social interaction importance can be
constructed. Communication channels and types of contacts are incorporated to esti-
mate the significance of a single social interaction in terms of PD. Details are shown in
Figure 6.1. Their relative importance in terms of social withdrawal was represented by
the size of the section in each pyramid. Face-to-face communication has the largest size
in the pyramid of communication channels because it is a more noticeable indicator of
participants’ social functionality than other channels. Accordingly, calls ranked sec-
ond, messages third and social media last. Likewise, social interactions with strangers
are the most significant indicator that participants are socially active, so they have the
largest size in the types-of-contact pyramid. The lines connecting the sections of the
two pyramids convey the overall significance of social activities, as indicated by the
number of dashes and the line’s colour depth. The number of dashes and the line’s
colour depth can be compared independently. When two lines have the same colour,
more dashes are less significant. Similarly, when two lines have the same dash levels,
the lighter coloured line is less significant. Thus, the darkest no-dash line indicates
that face-to-face conversation with strangers is the most significant indicator that peo-
ple are not socially withdrawn. In contrast, social media with family members is the
least significant, as seen by the lightest dashed line.

6.5 A year-long longitudinal experiment

As discussed in the previous chapters, the practical goal we plan to achieve is to use
smartphones to measure social interactions among PD patients. Their social with-
drawal could be subtle when observed over a short period, so a year-long observational
study was initiated.
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Figure 6.1: Two pyramids of social interaction importance.

A smartphone application called AWARE [67] was selected as a monitoring tool to
be installed on participants’ smartphones. It can capture various social-behaviour-
related sensor data and social interactions that happen on smartphones 24/7. After an
initial setup, it can also run in the background without interfering with participants,
which meets our requirement of unobtrusive observation. Possible social-related data
sources, such as calls, messages, phone usage, Bluetooth, GPS, keyboard and micro-
phone, were monitored. The reasons for collecting these data are related to a system-
atic review of passive smartphone social sensing [257]. Types of data collected, their
purposes and structures are listed in Table 6.1. All smartphone data collection was
ethically processed. Identifiable entries like contact IDs and Bluetooth/Wi-Fi address-
es/IDs were irreversibly encrypted. For sensitive information such as keyboard typing,
only the length of characters typed was counted. The microphone was only used to
detect whether there was a conversation at a given moment. This was achieved by
implementing the algorithm developed in [239], and no raw audio was recorded. All
these procedures were managed locally on smartphones and transmitted to a secure
server we had physical control over.

Although we applied smartphones as a novel monitoring tool, other matured mea-
surements were still necessary to validate the collected data. Following the paradigm
found in the systematic review [257], a series of clinical and psychological scales were



6.5. A YEAR-LONG LONGITUDINAL EXPERIMENT 135

Table 6.1: Data source, purposes and structures of collected sensor data [259].
Data source Purpose Structures
Calls Call events Timestamp, contact ID, length,

status
Messages Messages events Timestamp, contact ID, status
Application
usage

Time spent on social media Open timestamp, app name,
app package name

Notifications Estimations of social media
messages numbers

Timestamp, target application
name

Bluetooth Estimations of face-to-face en-
counters

Timestamp, Bluetooth address,
Bluetooth ID

Wi-Fi Estimations of locations Timestamp, Wi-Fi address, Wi-
Fi ID

GPS Locations Timestamp, longitude, latitude
Keyboard Estimations of social media

messages length
Timestamp, app name, app
package name, length

Microphone Detection of surrounding
sound

Timestamp, is conversation

also included in the longitudinal study. The widely used Movement Disorder Society-
sponsored revision of the Unified Parkinson’s Disease Rating Scale (MDS-UPDRS)
[76] and Parkinson’s Disease Questionnaire (PDQ-39) [102] were utilised to measure
the progression of PD. As discussed in the background, several PD symptoms, includ-
ing depression, stigma, apathy, empathy and cognitive impairment, are closely related
to social withdrawal caused by PD. Accordingly, we picked the scale of each of them
to obtain the state of these symptoms in each visit. Furthermore, we modified a so-
cial withdrawal scale for motor neurone disease (MND) to measure social withdrawal
[185]. As another long-term neurodegenerative disease, MND has similar symptoms
and impact on the QoL of participants, so the scale’s validity is transferable to PD.
We changed all descriptions of symptoms in the scale to Parkinson’s to fit the aim of
measuring social withdrawal in PD. All these scales were applied every two months to
capture the state of these variables at that time. Per the requirement of MDS-UPDRS,
all scales were conducted at participants’ homes, that is to say, we visited participants’
residences every two months. Participants’ smartphones were also checked during
home visits to maintain the quality of data. Details of questionnaires applied and their
purposes are shown in Table 6.2. After selecting all scales, we found it could take
too long to ask participants to finish them in one session, so only empathic concern
and perspective-taking scales of IRI were included, as they are more closely related to
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social functions than the other scales.

Table 6.2: Scales applied every two months during the study [259].
Scale name Purpose Reference
MDS-UPDRS Clinical Parkinson’s progression [76]
PDQ-39 QoL impact by Parkinson’s [102]
The Addenbrooke’s cognitive examina-
tion revised (ACE-R)

Cognition [147]

Stigma scale for chronic illness 8-item
version (SSCI-8)

Stigma [151]

Geriatric depression scale (GDS) Depression [252]
Interpersonal reactivity index (IRI) Empathy [46]
Apathy scale (AS) Apathy [211]
Social withdrawal scale (SWS) modified
(see Appendix B)

Social withdrawal [185]

A specially designed paper diary was also provided to each participant to track PD
symptoms, progression and social interaction levels. Julio originally created this di-
ary to trace day-to-day fluctuations of personal PD symptoms [234]. Although four
other prototypes were tested, including Bluetooth, physical buttons, NFC and micro-
controllers, the paper diary achieved the highest acceptance and compliance. In the
original design, participants choose three symptoms that most impact their lives and
record them daily. To obtain more granular ratings, a shorter version of the Parkin-
son’s disease questionnaire, PDQ-8 [103], was also added to the diary every week. We
also designed a weekly questionnaire to measure participants’ social interaction lev-
els. This questionnaire asks participants to rate their social interaction levels from 0
to 10, and the levels include different types of contact: family, friends, acquaintances
and strangers. An overall rating is also requested. We followed the implications in
the original design for all added items to maintain consistency. All ratings were ac-
complished by filling in the tiny dot of the corresponding number. An example of the
answered weekly diary is shown in Appendix D. An extra page explaining types of
contact was added to each diary. The instructions for reconfiguring the application are
listed on the back side of that page for participants to refer to if it stops working. The
whole page stretches out and can be folded as a bookmark for the diary (see Appendix
C). To keep the diary simple and accessible, the time period covered by each diary was
two months. The used diary was collected during each home visit, and a new one was
provided to participants. In summary, our study has four-dimensional monitoring: 1)
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passive smartphone data collection 24/7; 2) daily symptom ratings; 3) weekly PDQ
and social items; 4) two-monthly clinical and psychological scales. The full data col-
lection plan and an example of the diary is shown in Figure 6.2.

A longitudinal one-year data collection

• 24 x 7 continuous and passive
• calls, messages, application usage, 

notifications, Bluetooth, Wi-Fi, GPS, 
keyboard, and microphone

…….
Daily symptom ratings

Weekly Parkinson's and social scales

Two-monthly Parkinson’s, QoL, 
depression, stigma, apathy, empathy, 
and cognitive scales

…….…….…….…….…….…….……. …….…….

The diary

Figure 6.2: The plan for longitudinal one-year data collection and an example of the
diary.

After the ethics approval, the participant recruitment campaign started. Our ad-
vertisements were distributed through the Parkinson’s research community and the
Parkinson’s UK website. Potential candidates were also contacted via email and phone.



138 CHAPTER 6. SOCIAL WITHDRAWAL AND PARKINSON’S

Since the experiment was administrated in the wild, not all participants needed to start
simultaneously. Moreover, the only requirement for participants was that they were
clinically diagnosed with PD and had the essential cognitive ability. All the recruit-
ment took place on an enrol-and-go basis. Once the participant signed the agreement
to join the study, the monitoring application was installed on their smartphone. Cor-
responding diaries were also provided to them. Most participants refused us, since it
was a long commitment, so the recruitment took an extended period. Additionally,
to eliminate the cost of accommodating novel environments, we installed the mon-
itoring applications on participants’ regular phones rather than providing them with
secondary phones. Moreover, due to the restrictions of smartphones’ operating sys-
tem, iOS cannot provide essential social-related data: we only recruited participants
who were Android smartphone users.

The whole experiment started in September 2019 and ended in March 2021. With
participants joining in and dropping out, seven participants finished the whole year
of observation. The COVID-19 pandemic severely impacted the experiment, not only
theoretically but also physically. The planned home visits were interrupted after the
official lockdown on 23 March. In addition, all scale-conducting sessions had to be
moved online. Consequently, the full MDS-UPDRS could not be accomplished, since
some items requesting touch and manoeuvres cannot be conducted via video calls. A
similar situation happened with the cognition scale: it asks examinees to perform spe-
cific tasks in person, so the full scale cannot be achieved remotely. The smartphone
stability check during home visits was also impacted. We were only able to check it
remotely and send instructions to participants if they encountered any problems.

6.6 Results

The smartphone monitoring period and demographics of each finishing participant are
shown in Table 6.3. The summary of raw data collected is shown in Table 6.4. As
described in the previous section, we installed the application on participants’ own
smartphones. Although the compatibility of the phones was tested after the first instal-
lation, the monitoring software ran slowly and affected two participants’ daily usage,
so we provided them with new smartphones that could run it smoothly. Their data was
transferred to these new phones, and necessary guidance was provided. They gradu-
ally adopted these new phones and treated them as primary phones. We also took a
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set of measures to maintain correct functioning of the application. A script was run to
check data synchronisation every day. In addition to the page in the diary to help par-
ticipants reconfigure the application, during the two-monthly home visit, we checked
their smartphones manually to solve potential issues. These maintenance procedures
continued online when home visits were suspended. Although every effort was made,
100% monitoring coverage is not guaranteed. The number of sensed days for P29 is
significantly lower than for other participants, since the synced data is invalid.

Table 6.3: Monitored period and demographic of all participants.
Participant Gender Age Start End Sensed

days
Diary
days

P23 F 65 Aug.30, 2019 Oct.10,2020 338 398
P24 M 73 Sept.26, 2019 Sept.2,2020 289 342
P25 M 76 Oct.17, 2019 Oct.16,2020 365 139
P26 M 75 Nov.18, 2019 Dec.16,2020 373 394
P28 F 63 Dec.5, 2019 Mar.10,2021 461 461
P29 M 66 Dec.2, 2019 Dec.23,2020 143 387
P31 M 78 Jan.15, 2020 June 7,2021 347 509
P32 M 64 Mar.12, 2020 June 23,2021 458 468

Table 6.4: Records collected for each smartphone sensor over all participants
Participant P23 P24 P25 P26 P28 P29 P31 P32
Calls 668 1,003 1,576 499 486 207 1,470 1,552
Messages 1,733 855 1,275 412 3,673 243 1,197 1,183
Application
usage

35,873 47,538 45,347 14,418 77,978 34,451 28,608 6549

Notifications 5,064 20,311 18,838 3,322 4,316 10,334 29,258 3,290
Bluetooth 312,289 450,725 202,766 696,554 942,500 1,875,492 882,698 298,318
Wi-Fi 2,027,030 1,702,975 2,020,057 5,679,420 42,993,870279,948 517,985 4,289,646
GPS 848,477 116,076 309,538 630,824 475,068 216,268 361,402 118,661
Keyboard 254,196 41,246 32,666 5,147 58,389 44,624 67,012 32,365
Microphone 1,829,457 7,428,160 9,938,307 9,259,807 7,506,077 4,540,463 9,758,156 776,192

6.6.1 Compliance

For the questionnaires and diaries, a reasonable compliance rate was achieved. Overall,
100% questionnaire completion rate was achieved before the COVID-19 pandemic.
Only two participants did not finish the last round of scales. The average compliance
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rate for the diary is 95%, the exception being one participant who did not return the
diary for half a year. Specifically, the cognition scale contains the same tasks every
time, and participants could be familiar with them if asked frequently, which affects
the accuracy of the results; therefore, we reduced the frequency of ACE-R to every two
visits. Even worse, after the lockdown, the cognition scale was abandoned because the
majority of tasks could not be achieved online. Moreover, six items in the MDS-
UPDRS that require touch and help from the examiner could not be performed after
home visits were suspended. Therefore, these items were excluded when calculating
the total score.

6.6.2 Pre-processing

Based on the raw smartphone data, we created a set of features related to social be-
haviours. All social interactions happen through specific communication channels.
These channels are categorised into four main ones: calls, messages, social media and
face-to-face. Calls, messages and social media happen on smartphones, so they can be
captured directly. Bluetooth and microphone inferred face-to-face interactions. Three
main characteristics describe a communication channel: frequency, duration and di-
versity. Practically, this means the communication channel’s times, length and number
of unique contacts.

For calls, these characteristics are clear. Times refers to the number of calls made, and
both calls initiated and received were counted. Missed calls were excluded. Length is
the total time of calls, and it counts in minutes to represent the time spent on calls. The
unique contact is the number of non-repeating people called, and it indicates the size of
call contact networks. As for messages, the length was replaced by the number of char-
acters sent. We only considered sent messages because only they can indicate that the
participants were involved in the interaction. This strategy also avoids one-way mes-
sages such as advertisements or announcements. The Android system does not record
the number of typed characters for each message, so we innovated a strategy using the
time the message was sent as a cut-off time to calculate the number of characters typed.
Detailedly, the timestamp of the keyboard and the message sent are two different data
sources. People usually finish typing their messages from the keyboard and send the
message. So the number of characters they typed is likely to be the characters they
sent in messages. Therefore, we use the timestamp of the message sent as the cut-off
time to check the number of characters they typed at that time. Then the number of
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characters in the sent message can be known. The usage of other message applications
such as WhatsApp, email and Skype was also considered. Unlike the messages in the
system, the destinations of these messages cannot be known, but we can still combine
the keyboard and application usage time to infer whether participants are using them.
That is to say, if they are using the keyboard while message applications are in the
foreground, a message is being sent. We also checked the application usage of each
participant to ensure that every possible message application was included.

Similarly, social media usage was estimated by the time social media applications such
as Facebook and Twitter were in the foreground. It was characterised by the times
these applications were opened and the length of time they were used. Characters
typed into these applications were also captured from the keyboard. All notifications
of non-system messages, including both other message applications and social media,
are quantified in notification times as another reference for the usage of these applica-
tions. Furthermore, as described in the background, a scanned Bluetooth signal could
represent a person in close proximity, so we used the unique Bluetooth signals to esti-
mate the number of people participants may have face-to-face social interactions with.
The voice detection plug-in also gathered surrounding voices’ start and end times, so
the times and length of face-to-face interactions were extracted from each conversation.

Location factors of social interactions were also considered. From the systematic re-
view [257], the length of time participants stayed at home, the times they left home,
their travel distance, and the number of unique places they visited are important social
factors. However, before establishing these features, raw GPS points must be trans-
formed to semantic places. Therefore, a stop-point detection algorithm was adopted
to identify whether the participants stayed at a place for a specific time [123]. Guided
by previous research [99], we set our thresholds as 15 minutes and 100 metres. This
means that, if the distance between GPS sequences is within 100 meters for 15 minutes,
we believe participants started to stay in a single place. Since we visited participants’
homes to conduct scales, the home coordinates were acknowledged for each partici-
pant. The home was then treated as a particular place, and the distance between each
place visited and the home was calculated. Thus, we can finally compute the period
participants stayed at home, the times they left home and the total travel distance be-
tween places and homes. The full features we constructed are shown in Table 6.5.
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6.6.3 Correlation with scales

We conducted a correlation analysis of all participants and two-month scales. Since
our visits were planned to be every two months, we asked participants to recall their
situation changes in the last two months when answering questionnaires. However,
the interval of these visits was not exactly two months every time. To keep the same
length of time for each set of scales for comparison, we practically included eight
whole weeks, which is 56 days’ data. This also enabled weekly diaries to be involved
in the next section. To maintain the integrity of 56 days, we tolerated a 10% loss of
data, which means that, if the sensed time period was less than 52 days, the whole
period was abandoned. This affects 8.11% of all the data, and the average number of
sets of data included from an individual is 4.25. The correlation analysis is conducted
between smartphone features listed in Table 6.5 and scales listed in Table 6.2. For
the smartphone features, they were accumulated every 56 days. For example, for the
call times, the number of phone calls of the 56 days before scales were conducted was
correlated with the scales. At least three sets of data were included in the correlation
analysis for each participant. To maintain consistency, all features of less than 56 days
were scaled up to 56 days.

As discussed above, PD progression is idiosyncratic, and each participant has their
preference. We expect that there will not be strongly correlated universal features
across all participants. Thus, we conducted the interclass correlation analysis from
the participants’ perspective. As a higher score on these scales always means situa-
tions are worse, we expected that smartphone features would have negative correla-
tions with these scales (except length of stay at home, which would be positive). The
r (−1 ≤ r ≤ 1) indicates the strength and direction of the correlation. The P-value of
each correlation pair was also calculated to examine the significance. The correlation
results of every participant are shown in Tables 6.6 to 6.13. Only the P-value of a
coefficient r less than or equal to 0.1 is reported.

As can be seen from the tables, most (81%) correlation results meet our expecta-
tions. Two features for each participant were found to have an anticipated correlation.
This strongly indicates that there are connections between social behaviour and mea-
sured health and psychological conditions. This finding applies to all factors observed,
including PD progression, QoL, empathy, apathy and stigma. In more detail, when
participants’ PD conditions, life quality, empathy, apathy or stigma levels are worse,
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Table 6.6: Significant correlation between features and all scales of P23.
Scales Features r P-value

SWS

call times -0.935 P=.02
call length -0.821 P=.09

social media length 0.815 P=.09
unique Bluetooth -0.857 P=.06

conversation times -0.879 P=.049
conversation length -0.928 P=.02

PDQ-39

call unique -0.933 P=.02
social media length 0.985 P=.002
conversation length -0.954 P=.01

out times -0.85 P=.068

MDS-UPDRS
social message open length 0.844 P=.07
social media open length 0.990 P=.001

out times -0.878 P=.05

AS
social message open length 0.846 P=.07

unique Bluetooth -0.912 P=.03
conversation times -0.832 P=.08

SSCI-8
social message open times 0.906 P=.03

social media notification times -0.832 P=.01

Table 6.7: Significant correlation between features and all scales of P24.
Scales Features r P-value

SWS home length -0.936 P=.06
PDQ-39 social message times -0.974 P=.027

MDS-UPDRS
call times -0.900 P=.1

social message notification times -0.913 P=.087
out distance 0.976 P=.02

GDS social message notification times -0.918 P=.08

IRI-Sub
call times -0.946 P=.05

social message notification times -0.957 P=.04
out distance 0.942 P=.058

AS unique Bluetooth -0.94 P=.06
SSCI-8 social message notification times -0.907 P=.09

there is a possibility that they have fewer social activities.

SWS directly measures the social withdrawal of participants. Theoretically, it has
the closest relationship with number of social activities among the included scales. A
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Table 6.8: Significant correlation between features and all scales of P25.
Scales Features r P-value

SWS

unique Bluetooth -0.923 P=.076
conversation times -0.972 P=.028
conversation length -0.959 P=.04

home length 0.943 P=.057
GDS unique Bluetooth -0.943 P=.066

AS

message length -0.914 P=.085
message unique -0.941 P=.059

unique Bluetooth -0.970 P=.03
conversation times -0.955 P=.045
conversation length -0.959 P=.04

home length 0.989 P=.01
out times -0.958 P=.04

visited places -0.990 P=.01

Table 6.9: Significant correlation between features and all scales of P26.
Scales Features r P-value

SWS
social message times -0.903 P=.036
conversation length -0.922 P=.026

MDS-UPDRS

message length -0.892 P=.04
social message times -0.965 P=.01
social message length -0.908 P=.03

social message notification times 0.912 P=.03
conversation length -0.912 P=.03

IRI-Sub

call times -0.947 P=.01
call unique -0.911 P=.03

message length -0.842 P=.07
social message length -0.846 P=.07

social message notification times 0.905 P=.03

SSCI-8

call times -0.855 P=.06
message length -0.832 P=.08

social message times -0.884 P=.047
social message length -0.846 P=.07

social message notification times 0.936 P=.019

higher SWS number indicates participants are more socially withdrawn, which means
they have reduced social activities. The correlation results affirmed this assumption.
At least one feature was found to be strongly correlated in SWS for each participant.
This is across all communication channels, including calls, messages, conversations
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Table 6.10: Significant correlation between features and all scales of P28.
Scales Features r P-value

SWS

call times -0.905 P=.03
call unique -0.879 P=.05
call length -0.943 P=.016

message length -0.808 P=.098
social message times -0.895 P=.04

social message open length -0.806 P=.1
social message open times -0.823 P=.087

social media times -0.964 P=.01
social media length -0.930 P=.02

social media notification times -0.886 P=.045
social media open length -0.848 P=.07
social media open times -0.929 P=.02

home length -0.884 P=.05

PDQ-39

call length 0.919 P=.027
social media times 0.916 P=.03

social media open times 0.954 P=.01
social media open length 0.942 P=.017

unique Bluetooth -0.940 P=.017

MDS-UPDRS

call times 0.991 P=.001
call unique 0.980 P=.003

social message open times 0.966 P=.008
social media length 0.997 P<.001

home length 0.977 P=.004
IRI-Sub social message notification times -0.823 P=.087

SSCI-8
message times -0.879 P=.05

social message length -0.844 P=.07

and social media usage. Significant correlations were also found in location factors,
including home length, out times, visited places and out distance. The majority of them
meet our expectations, except the home length of P24 and P28. At least one channel of
communication from smartphone data is associated with SWS for each participant ex-
cept P24. This could support the idea that collected smartphone social behaviour data
can reflect participants’ social withdrawal. Participants are likely to have decreased
social activities when SWS total scores are higher.

Although other scales did not involve every participant, this provides evidence that
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Table 6.11: Significant correlation between features and all scales of P29.
Scales Features r P-value level

SWS

call unique 0.887 P=.04
social message times -0.922 P=.03
social message length -0.963 P=.009

social message notification times -0.938 P=.018
social message open times -0.975 P=.005

MDS-UPDRS

call unique 0.835 P=.079
message unique -0.816 P=.03

social message times -0.893 P=.009
social message length -0.977 P=.009

social message notification times -0.869 P=.009
social message open times -0.98 P=.009

GDS
social message open length -0.937 P=.02

unique Bluetooth -0.993 P<.001
home length 0.930 P=.02

IRI-sub

call unique 0.926 P=.02
message unique -0.973 P=.05

social message times -0.897 P=.039
social message length -0.905 P=.035

social message open times -0.930 P=.02
social media notification times 0.859 P=.06

AS
unique Bluetooth -0.813 P=.09

out distance -0.852 P=.067

Table 6.12: Significant correlation between features and all scales of P31.
Scales Features r P-value

SWS call length -0.886 P=.046
MDS-UPDRS out times -0.817 P=.09

Table 6.13: Significant correlation between features and all scales of P32.
Scales Features r P-value level

SWS call length -0.903 P=.097

PDQ-39
call unique -0.941 P=.059

unique Bluetooth -0.980 P=.02
visited places -0.995 P=.005

GDS
call length -0.977 P=.02

message unique -0.913 P=.087
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these factors may have associations with social activity levels captured by a smart-
phone. We assumed that these correlations would be similar to SWS, which are nega-
tive because the deterioration of these factors could reduce participants’ social abilities.
The majority of results are consistent with our expectations. There exist strong neg-
ative correlations between smartphone features and the total score on scales. These
results suggest that, with increased levels of PD progression, apathy, stigma and de-
creased level of empathy, particular participants tend to have fewer social activities.
However, 19% of the results do not meet our expectations. These results involve the
measurement of communication channels and location factors. They could indicate
other novel phenomena. For example, there is a strong positive correlation between
PDQ-39 and social media length in P23. This indicates that, when PD gets worse,
P23 tends to type more characters in social media apps. We will discuss the possible
explanation for these results in the discussion section.

6.6.4 Correlation with diaries

Based on sets of 56 days of data, we also conducted correlation analysis with diaries.
All ratings included PDQ-8, and social ratings were added to eight weeks. The same
sets of smartphone data were correlated with eight weeks’ sum of PDQ-8 and over-
all social ratings. We employed the same correlations to these sets of measurement
and smartphone data. Since a higher score of PDQ-8 indicates participants have worse
QoL, we expected it would have negative correlations with smartphone features. Over-
all social ratings and contact type ratings were expected to have the same trend as
smartphone features, as these ratings directly measure the social activity level of par-
ticipants. Similarly, home length is the reversed one: positive correlations with PDQ-8
and negative correlations with social ratings were expected. As with the correlation
with scales, only P-value ess than or equal to 0.1 are reported.

Intimacy levels were differentiated for each communication channel to achieve the
pyramid of communication in Section 6.4. We adopted the results from previous stud-
ies on people’ perception of intimacy from smartphone context data [85, 84]. These
have several conclusions: 1) unique contact is always the strongest indicator of inti-
macy for known contacts’ communications, and the most contacted number has the
highest intimacy; 2) for face-to-face interactions, fewer people around equals higher
levels of intimacy; 3) lower intimacy tends to have shorter sessions when using appli-
cations.
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Table 6.14: Significant correlation between features and diaries of P23.
Sections Features r P-value

PDQ-8

social message times -0.986 P=.015
social message length -0.944 P=.057

social media times -0.902 P=.098
social media notification times -0.929 P=.07

Overall social ratings
social message open length -0.954 P=.01

unique Bluetooth 0.957 P=.01
home length -0.892 P=.04

Friends social ratings
group 2 conversation times 0.866 P=.058
group 2 conversation length 0.898 P=.038

Strangers social ratings group 4 call times 0.874 P=.05

Table 6.15: Significant correlation between features and diaries of P24.
Sections Features r P-value

PDQ-8 social message open length -0.914 P=.086

Overall social ratings

social message open length -0.935 P=.065
unique Bluetooth 0.983 P=.018

home length -0.931 P=.069
out times 0.913 P=.087

visited places 0.974 P=.026
Friends social ratings group 2 conversation times 0.942 P=.058

Acquaintance social ratings
group 3 conversation times 0.952 P=.048
group 3 conversation length 0.970 P=.03

Strangers social ratings group 4 conversation length 0.948 P=.05

The first conclusion was applied to calls and messages, since their unique IDs can
be known. The number of Bluetooth signals could infer the number of people around.
Therefore, for each face-to-face conversation, we recorded the number of unique Blue-
tooth signals as its intimacy reference. A lower number of unique Bluetooth signals
could represent a higher level of this face-to-face conversation. In order to adopt the
third conclusion, we summed the session of each social media application usage from
the foreground application time stamps. By scanning the foreground application log,
the length of sessions can be known by the start and exit time difference.

After an intimacy reference was generated for each communication channel, we ap-
plied K-means to differentiate them into four groups. K-means is a popular clustering
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Table 6.16: Significant correlation between features and diaries of P26.
Sections Features r P-value

PDQ-8 social media open length 0.939 P=.018

Overall social ratings

social message open length 0.746 P=.089
conversation length 0.879 P=.02

home length -0.875 P=.02
out times 0.903 P=.01

out distance 0.752 P=.08
visited places 0.896 P=.016

Acquaintance social ratings
group 3 conversation times 0.792 P=.06
group 3 conversation length 0.82 P=.046

Strangers social ratings

group 4 call length 0.889 P=.018
group 4 message times 0.895 P=.016
group 4 message length 0.895 P=.016

group 4 conversation length 0.881 P=.02

Table 6.17: Significant correlation between features and diaries of P28.
Sections Features r P-value

PDQ-8
call length 0.842 P=.035

unique Bluetooth -0.921 P=.009

Overall social ratings
message times 0.828 P=.04

social message length 0.758 P=.08
visited places 0.807 P=.05

Friends social ratings
group 2 message times 0.864 P=.026
group 2 message length 0.865 P=.026

Acquaintance social ratings
group 3 call times 0.861 P=.028

group 3 social media times 0.852 P=.03
group 3 social media length 0.861 P=.028

Strangers social ratings

group 4 call times 0.865 P=.026
group 4 call length 0.969 P=.001

group 4 conversation times 0.878 P=.02
group 4 conversation length 0.878 P=.02
group 4 social media times 0.878 P=.02
group 4 social media length 0.878 P=.02

mechanism that could partition observations into designated clusters. Each observa-
tion is assigned to the cluster with the nearest mean. K-means fitted our aim because
we planned to categorise all communication in single channels into four groups. The
intimacy reference we created has numerical features. For example, families could be
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Table 6.18: Significant correlation between features and diaries of P31.
Sections Features r P-value

PDQ-8 call unique 0.991 P=.08

Overall social ratings
social message length -0.992 P=.002

out distance 0.997 P=.007

Acquaintance social ratings
group 3 call length 0.999 P=.001

group 3 conversation times 0.998 P=.039

Strangers social ratings
group 4 call length 0.999 P=.002

group 4 conversation times 0.988 P=.099
group 4 conversation length 0.988 P=.099

Table 6.19: Significant correlation between features and diaries of P32.
Sections Features r P-value

Overall social ratings out times 0.671 P=.099

Acquaintance social ratings
group 3 message times 0.680 P=.09
group 3 message length 0.688 P=.087

Strangers social ratings group 4 call length 0.757 P=.049

contacted many times in a period of time, but strangers are only contacted once. As a
result, the means of families and strangers are distinctive and can be easily clustered
by K-means. Eventually, eight features, including calls, messages, social media and
face-to-face conversations, were created for each group. Groups 1–4 correspond to
family, friends, acquaintances and strangers, respectively. A prefix was added in front
of these features to distinguish them from non-intimacy-related features.

P25 did not return enough diaries, and P29 did not have enough qualified data, so
these two participants were excluded from the analysis. The results show that signif-
icant correlations have been found in all six eligible participants, as shown in Tables
6.14 to 6.19. Significant correlations between smartphone features and PDQ-8 were
found in five participants but not P32. The majority of results reflect our assumptions,
but three correlations are positive. This suggests participants could increase communi-
cation in specific channels if QoL deteriorates. The call length correlation with PDQ-8
of P28 is the same situation with PDQ-39, so P28 is likely to spend more time on
phone calls when QoL worsens. In addition, as we expected, significant correlations
between overall social ratings and smartphone features were discovered in every par-
ticipant. Like the SWS results, this supports the idea that smartphone data could reflect
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participants’ social behaviours. Although not all four contact types are covered in each
participant, at least two contact types were found to be significantly correlated with the
corresponding group smartphone features. All four communication channel features
exist in the significantly correlated contact types ratings. This demonstrates the ability
of our approach to practically differentiate the intimacy of social behaviours.

6.7 Discussion

From the results, correlations of all participants across all scales were taken. For each
participant, at least two smartphone features were found to have a significant correla-
tion with these scales. Therefore, smartphone social data has the potential to reflect the
situation of all these scales. Digital phenotyping provides another perspective to under-
stand all related social factors of PD, including stigma, empathy and apathy. This can
be a reference for understanding social withdrawal and the course of PD. The impact
and effectiveness of interventions for PD can also be potentially reflected by digital
phenotyping. As we hypothesised, there is no single feature correlated through differ-
ent participants. Moreover, none of the participants found significant correlations in all
conducted scales. This indicates that every participant has their own social habits and
PD progression path. As illustrated in the background, social behaviours and even dis-
ease progressions are affected by many factors, and it is impossible to control all these
factors to have a unified study. Social withdrawal in PD is a complex phenomenon that
is better understood individually.

As can be seen from the correlation results, significant correlations between SWS and
smartphone features exist in every participant. SWS has the closest relationship with
social behaviours, as it directly measures the extent of social withdrawal. It is reason-
able that SWS has the widest significant correlations with smartphones compared with
other standardised scales. Moreover, different factors of social withdrawal play differ-
ent roles in correlations with smartphone data. Scales other than SWS have significant
correlations with smartphone data in all participants, which confirms the discussion
in the background that social withdrawal is a complex phenomenon that is influenced
by various factors such as depression, apathy, empathy and PD progression. For all
participants, the smartphone data were found to have a significant correlation with
PDQ-39 or MDS-UPDRS, which has the highest number of correlated participants
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among all scales except SWS. This could indicate PD progression, and QoL could in-
fluence social withdrawal and probably have more influence than other factors. As for
the other scales, at least four participants’ smartphone data were found to have signifi-
cant correlations with them. These results also exemplified that social withdrawal is an
individualised phenomenon and that various factors influence every participant’s social
withdrawal. However, the smartphone features significantly correlated with GDS were
not always location factors. This is not consistent with [188], which used smartphones
to observe the depression of participants and found that location factors were related
to depressive symptom severity. It could also be caused by the scales we used. GDS is
usually used for elderly participants, and [188] applied Patient Health Questionnaire-9
(PHQ-9), a more general questionnaire for depression. Moreover, we focused on indi-
vidual level correlation, but [188]’s results are based on all 40 participants.

All created features existed in significant correlations with scales, so all these fea-
tures were potentially applicable to the study of social withdrawal and related factors.
The smartphone feature also exists at different times for specific scales. If a partic-
ular smartphone feature has been found to be significantly correlated with multiple
scales of a single participant, that could indicate that this feature has important impli-
cations for that participant. For example, message length negatively correlated with
MDS-UPDRS, IRI-Sub and SSCI-8 in P26, so messages are essential communication
channels for P26, which can be an important indicator of P26’s social situation. More
attention can be given to P26’s messaging behaviour to study their social withdrawal.
Most of the correlation results meet our expectations that participants tend to have
reduced social activities when situations are worse. However, few correlations indi-
cate that participants are likely to increase social interactions when scale scores are
higher. For example, P28 was found to have increased call length when PDQ-39 was
higher. Similarly, P28’s MDS-UPDRS had a positive correlation with unique calls and
call times, which indicated this participant tends to make phone calls to more contacts
when PD worsens. These results could be attributed to participants’ social habits and
personal preferences. One possible explanation of these positive correlations is that
participants tend to communicate with others about their worse situations. They need
comfort, relief or help from their support network, and when they have difficult feel-
ings, they express them more with others, which causes an increase in certain commu-
nication channels. The strong correlation also reveals preferences for communication
channels. For example, P31 and P32 only have a significant call length correlation
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with SWS. Nevertheless, four out of five of P29’s correlations with SWS are message-
related. This could imply that when social withdrawal happened, P31 and P32’s calls
and P29’s messages could be more evident than other communication methods.

Although there were not as many of them as there were significant correlations in
scales, correlations in diaries also demonstrated the potential of the in-depth under-
standing of social behaviours. For the five participants with a significant correlation of
diaries, at least two contact types per participant were found to correlate significantly
with the corresponding group’s smartphone features. This suggests that smartphones
could achieve more detailed levels of social interaction monitoring, considering both
communication channels and contact types. Correlations with groups also potentially
reveal participants’ communication preferences for different contact types. For exam-
ple, significant correlations between messages times/length and friends and between
social media times/length and acquaintances were found in P28. This indicates that
P28 may prefer to communicate with friends through messages but with acquaintances
through social media. Therefore, reduced message-based communication potentially
indicates that P28 is socially withdrawn from friends. Overall, not only the correla-
tions themselves but also other findings, such as individual communication preference,
reactions towards worse situations and in-depth observation of social activities, can be
retrieved from the digital phenotyping. It is a novel approach and provides objective
and original knowledge of people’s social behaviour.

6.8 Limitations and Future Work

To the best of our knowledge, this is the first study applying these scales at such high-
frequency intervals and applying digital phenotyping to study social withdrawal in PD.
Although the study has the advantage of novelty among studies of its kind, there are
still limitations that can be further considered.

COVID-19 is a significant factor that impacted the experiment, and measures have
been taken to alleviate these impacts. During each questionnaire answering session, we
asked all participants only to consider the impact of PD. For items within the scales,
participants were asked to answer from the perspective of PD only. However, even
with these measures, the social restrictions caused by COVID-19 cannot be ignored. It
would be intriguing to see the results under typical conditions where people can have
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social interactions freely. These results could be compared with our findings to inves-
tigate how COVID-19 impacts PD patients longitudinally.

We are a proof-of-concept study. As we mentioned in the background, social with-
drawal can be influenced by various factors. Measured variables are not guaranteed to
cover factors that influence social withdrawal. Social behaviour changes that happened
to participants can be attributed to various factors. Other dedicated experiment designs
could be implemented to discover how PD impacts social withdrawal clinically. Our
approach demonstrates its potential for an in-depth understanding of social activities
considering both communication channels and contact types; however, not all partici-
pants find strong correlations with all contact types. One possible reason for this is that
the technique for categorising contact types from smartphone data is still at an early
stage. More smartphone features for differentiating types of contact could be studied
to make multiple reason decisions rather than just relying on the frequency of contact;
the contact types of each participant could then be more reasonably categorised to give
a comprehensive understanding of each social activity.

Since it is a long-term disease, the progression of PD can take years, and a year-
long study may be just the tip of the iceberg. Minimal clinically important difference
(MCID) is the smallest change of scales that a patient identifies as meaningful clinical
change [97]. By comparing the summary index of PDQ-39 at the beginning and end of
the experiment, only four participants appear to have MCIDs. Two of them even indi-
cated their QoL was better at the end. This implies that a year-long observation of PD
patients may be still unlikely to capture significant clinical progression. Therefore, a
more extended experiment should be considered to reveal the prolonged clinically sig-
nificant progression of PD and the social withdrawal of participants. For granularity of
observation, two months could still be too long to provide participants’ latest situation.
More detailed social behaviour change could provide more granular data to investigate
social withdrawal. With increased granularity, personalised social behaviour models
can be established from smartphone data.

6.9 Conclusion

This paper presents the results of a longitudinal study of social withdrawal in PD. It
applies smartphone digital phenotyping technology and related standardised scales to
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observe social activities among PD patients. The strong and significant correlations be-
tween smartphone data and scales provide evidence that smartphones could reflect the
social withdrawal and related factors of PD participants. Although possible positive as-
sociations between PD progression and smartphone-monitored social withdrawal were
discovered, the phenomenon is complex and needs additional exploration. This kind
of monitoring could provide another perspective for understanding social withdrawal
in PD. It has the potential to be a reference for PD progression and QoL individually,
which could be used in wider communities to promote personalised health services.



Chapter 7

Tracking Social Behaviour

The previous chapter demonstrates relationships between psychological/clinical scales
and smartphone data. The majority of them indicate that social interactions are reduced
when situations are worse. However, these scales were conducted every two months,
which is still probably not enough for fluctuated progression. Apart from correlation,
another aim of our study is to construct a personalised model for each individual in
a more granular manner. So, their social interaction level and quality of life can be
known from smartphone data rather than self-report scales. This chapter is the ex-
pansion of the previous chapter and shares the same background and experiment. All
collected smartphone data are analysed towards weekly ratings in this chapter. From
the overall conceptual model, we consider both the level of social ratings and social
level changes, so that both numerical and directional predictions can be achieved. The
techniques for differentiating types of contact are also attempted. Different subset
separations of the whole data are examined to test the performance of the generated
models.

The content of this chapter is adapted from Heng Zhang, Bijan Parsia, Ellen Po-

liakoff, and Simon Harper. ‘Tracking Social Behaviour with Smartphones in People

with Parkinson’s: A Longitudinal Study’. It’s currently under view.
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Abstract
Parkinson’s disease (PD) is a chronic neurological disease that has both motor and

non-motor symptoms that negatively influence patients’ quality of life (QoL). Social
life is a substantial part of QoL, and reduced social interactions are a result of both
PD symptoms and impairment in QoL. This is known as social withdrawal, and it can
be a sign of general health in persons with PD. Smartphones are suitable for monitor-
ing social behaviour under the notion of digital phenotyping, as people spend a large
amount of time socialising on them. We implement year-long longitudinal research
using smartphones to study social withdrawal in PD. In addition to an entire year of
24/7 continuous monitoring on smartphones, weekly diaries of social ratings and QoL
are provided by participants as self-report ground truth. Twenty-three features are ex-
tracted from more than 10 million raw data entries collected from eight participants.
These features are then used to build models to reflect participants’ self-report ratings.
We consider the interactions that happen on smartphones, such as calls, messages and
social media, and use smartphone sensors to infer face-to-face interactions. By ap-
plying multiple linear regression and Naive Bayes, our model achieves at least 0.6
R-squared in numerical prediction and a 0.6 F1 score in the direct projection of all par-
ticipants. It is significantly better than just assigning mean and random guesses. The
results suggest that our approach provides a more granular method for tracking social
behaviour in people with PD via smartphones, and it could benefit wider communities
where the social impact on patients needs attention.

7.1 Introduction

Parkinson’s disease (PD) is a prevalent incurable long-term neurodegenerative disease,
and its symptoms can cause reduced social interactions in PD patients [178]. This
phenomenon is termed social withdrawal. The goal of treating patients with a non-
curable disease like PD is to improve their quality of life (QoL). As social interaction
is a significant part of QoL [194], social withdrawal could be an overall indicator of
PD progression. Tracking social withdrawal could provide another perspective to un-
derstanding PD and provide PD patients with better health services. However, to the
best of our knowledge, researching social withdrawal in PD is still at an early stage.

Alternatively, recognising PD progression is a prerequisite for treating and managing
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PD and maintaining patients’ QoL. These evaluations still rely on traditional clini-
cal and psychological scales, so the results could be influenced by the experience and
memory of PD patients or clinicians [80]. Moreover, the patients are in an aware sit-
uation when conducting these scales, so Hawthorne effects could be introduced [197].
Overall, traditional measures are likely to be subjective, unreliable and biased. Accord-
ingly, novel PD measurement requires continuous, objective and unobtrusive monitor-
ing, which also applies to tracking social withdrawal in PD patients.

With the popularity of digital devices, digital phenotyping has become a novel method
used to observe human behaviours. Objective behavioural information can be captured
continuously by digital devices [164]. Almost everyone has a smartphone, so collect-
ing information from a smartphone is convenient without interrupting participants, and
it has been confirmed to be a reasonable and informative method [18]. It also has the
potential to study PD patients’ lives [19]. Smartphones have become an important
communication tool, and they can sense the surrounding social context of the user.
Therefore, the social withdrawal of PD patients may be determined by analysing the
data from smartphones.

Above all, as a long-term disease, social withdrawal in PD patients should be recog-
nised and analysed on a long-term basis. We implemented year-long longitudinal re-
search to track PD patients’ social withdrawal using smartphones. With people joining
in and dropping out, eight participants with minor PD completed the whole year of
study. Data were collected using an installed application on participants’ smartphones.
The application always ran in the background and did not ask participants to complete
any extra tasks on their smartphones. All factors related to social behaviour, including
messages, phone calls, social media usage, face-to-face conversations and locations,
were collected continuously. We also provided a paper diary for each participant to
record their QoL and social ratings every week as self-report ground truth.

Finally, more than 10 million raw smartphone data points were obtained. Twenty-three
features covering different measures of social interactions and related factors were ex-
tracted from the raw data to describe participants’ social behaviour. Channels of com-
munication and types of contacts were considered to construct the social behaviour
model. Based on the concept of numerical predictions and direction of changes, we
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applied multiple linear regression and Naive Bayes to establish social behaviour mod-
els for diary ratings. Data, and subsets of data, were split to test the performance of
the models. For numerical prediction, our model achieved at least 0.6 R-squared, and
a 0.6 F1 score was achieved in the direct projection of all participants. This result
indicates that our model successfully reflects participants’ social interaction and QoL
levels from smartphone data on a weekly basis. These models were established explic-
itly for particular participants to reveal the individual differences between participants.
Our method provides a personal and in-depth understanding of the social behaviour
of PD patients, and it could help doctors and carers of patients with PD to perceive
their QoL and disease progression in a more granular manner. This method could also
be promoted to broader health communities where the social impact on patients needs
attention.
To summarise, our contributions are threefold:

• A feature extraction mechanism for retrieving social behaviour from raw
smartphone data (Section 7.6.2) presents a set of behavioural metrics that re-
flects levels of social interactions of each participant. With smartphone-based
passive sensing, these metrics can be gathered unobtrusively over a long period
of time.

• A social behaviour model to track social withdrawal in PD patients (Section
7.4) considers various social elements, including all social interactions mediated
by smartphones, face-to-face conversations, locations and types of contacts.

• An evaluation of both numerical and direction models (Section 7.6.4 and
Section 7.6.5) validates our approach against participants’ ground truth. The
results suggest our models successfully track participants’ social behaviour, out-
performing just assigning mean and random guesses.

7.2 A primer on social withdrawal in PD

PD causes social withdrawal PD is an incurable cause-unknown long-term neurolog-
ical disease that affects over 10 million patients worldwide. The degenerative disorder
in the central nervous system of PD patients causes the brain to decline. PD has two
types of symptoms, motor and non-motor [221], both of which can cause reduced so-
cial interactions in PD patients [178]. With shaking, rigidity, bradykinesia and tremors,
it is difficult for PD patients to move; therefore, they might decrease the frequency of



7.3. RELATED WORK 161

going out and participating in social activities [216]. Non-motor symptoms can also
cause reduced social interactions. Apathy [173], depression [213], stigma [139] and
social anxiety [21] can reduce PD patients’ motivation and passion for interacting so-
cially. The social functions of PD patients are also impacted by cognitive impairment
[108]. The status of people who have reduced social interaction is termed social with-
drawal, which is evaluated by the lack of social contact with other people [157]. As all
of these PD symptoms cause social withdrawal, it could be an overall indicator of PD.

Social withdrawal could be an overall indicator Compared to the general popu-
lation, social functioning is an important interference in the QoL of PD patients [194],
and it has been reported that PD patients lack social confidence [203]. As an incurable
disease, all treatments aim to improve the QoL of PD patients, and sufficient moni-
toring is a prerequisite of providing appropriate treatments. However, clinical assess-
ments are typically conducted every six months [76], which may be inadequate for a
fluctuated disease [140]. More granular monitoring could provide a more sophisticated
understanding of PD. Furthermore, the progression of PD is idiosyncratic [200], and
every patient has a unique path of development [107]. This also applies to PD causing
social withdrawal, and as other sociodemographic factors can also influence social be-
haviours, it is more reasonable to understand it on an individual basis. By measuring
social withdrawal, both PD progression and QoL can be reflected.

7.3 Related work

Smartphone social sensing As a hub of personal communication, a significant amount
of social interaction happens on smartphones. Therefore, miscellaneous social infor-
mation can be gathered from smartphones for different research purposes. The ap-
proach of ‘moment-by-moment quantification of the individual-level human phenotype
in situ using data from personal digital devices’ is termed smartphone-based digital
phenotyping [164], and it has been applied in various psychological and clinical fields,
including personality [182], depression [236], stress [115] and diseases like bipolar
disorder [66]. Collecting smartphone data provides a novel viewpoint from which to
understand these subjects. Social interactions mediated by smartphones, such as calls,
messages and social application usage, can be directly captured from the system. As
people always carry smartphones, face-to-face interactions could also be inferred from
embedded sensors, for example, a Bluetooth signal could represent a person nearby.
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With continuous scanning, a smartphone equipped with Bluetooth could infer that peo-
ple are in proximity [250]. Microphones can also detect surrounding sound to infer
conversations [239]. More importantly, as a unique research instrument, smartphones
can monitor participants’ social behaviour continually and unobtrusively [193]. There
is no additional strain on participants during data collection, and both environmental
and behavioural data are captured [53]. Therefore, smartphone social sensing could
provide a comprehensive perspective to observe changes and deviations in behaviour
[32].

Digital phenotyping in PD Digital phenotyping has also been used to study PD pa-
tients’ behaviour, but the majority of studies focus on motor symptoms. Typically,
participants are asked to perform tasks on a smartphone application, involving voice,
finger tapping, gait, balance and reaction time, and the results are used to classify PD
motor severity [255]. Furthermore, the accelerometer embedded in smartphones can
sense tremor intensity, so participants with different levels of rigidity and bradykinesia
can be identified [117]. However, these studies need participants to complete extra
work, which is intrusive and may be burdensome. Other studies take advantage of
smartphones’ continuous monitoring ability to conduct longitudinal experiments. Mo-
bility features generate longitudinal passive smartphone data that are used to monitor
fluctuated motor symptoms, including pain, gait, freezing and fatigue [94]. Tasks like
finger tapping and memory tests are also longitudinal so that PD progression pheno-
types can be learnt [179]. Nonetheless, motor symptoms are still the primary consid-
eration of these studies. Other impacts of PD, including non-motor symptoms, QoL
and social withdrawal, still need to be explored. To the best of our knowledge, we are
the first to use unobtrusive smartphone-based digital phenotyping to study PD patients’
social withdrawal.

7.4 Social interaction model

Practically, social withdrawal is defined as reduced social interaction [233]; therefore,
social interaction is the variable to be measured. The social interaction model is a
structure that describes and reflects the strength of social interaction. As a mutual be-
haviour, social interactions are conveyed to a specific target through certain media, so
communication channels and types of social contacts are two aspects that quantify so-
cial interactions.
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Communication channels that can be analysed through smartphones are divided into
smartphone-mediated and non-smartphone-mediated categories. In smartphone-mediated
communication channels, social interactions are directly implied by phone calls, mes-
sages and social media usage. For non-smartphone-mediated communication channels,
direct interactions (i.e. face-to-face conversations) can be inferred from Bluetooth and
the microphone. Furthermore, the social affordances level differs in distinct channels
[73], so we believe that all of these channels can be ranked according to the brain
function involved. Face-to-face is the highest because participants have to process
both visual and verbal signals and give immediate reactions. Phone calls rank second
because only an immediate verbal response is required. Messages rank third because
signals do not have to be processed instantly. Social media is more casual than the
previous three channels and does not need reciprocal responses, so it ranks fourth. PD
influences brain function, therefore, it will also impact social interactions. If a PD
patient can still execute more complicated social interactions that involve higher brain
functions, then PD has a lesser impact [168].

In terms of types of social contacts, the social brain hypothesis [56] claims that due
to the limit of the human brain, an entire social network is divided into four groups:
support clique (4–5 people), sympathy group (12–15 people), affinity group (around
50 people) and the active social network (around 150 people) [95]. The hypothesis
does not give a pragmatic definition of these groups, but intimacy is the main differ-
ence between them. Therefore, we practically define these four groups as families,
friends, acquaintances and strangers. PD patients may become awkward and anxious
about social interactions when symptoms worsen. As they are more trusting of families
and friends, they will only maintain communication with them and withdraw first from
people who are unfamiliar to them (i.e. strangers). Thus, if PD patients still socially
interact with strangers, it is a strong signal that they are still socially active; however,
if they do not interact with family and friends, they may have severe social withdrawal.

From the discussion above, a model for describing the importance of social interaction
is established, which is represented in the two pyramids in Figure 7.1. In each pyra-
mid, the section sizes indicate the rank of importance in terms of social withdrawal.
For communication channels, face-to-face interactions are a more evident signal than
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other channels that participants are socially functional; therefore, it is the largest sec-
tion in the pyramid. Similarly, social activities with strangers are a more significant
cue that participants are socially active. Lines between the sections of the two pyra-
mids represent overall social activity significance, which is reflected by the number of
dashes and the line’s depth of colour. A lighter colour line with more dashes means that
the social activity is less significant, considering the communication channel and types
of contacts. Therefore, it can be understood from the figure that face-to-face commu-
nication with strangers is an indicator of more positive social interaction, shown by
the darkest non-dashed line, and vice versa for social media with families as being the
least important, shown by the lightest dashed line.

Figure 7.1: Two pyramids showing the importance of social interaction [258]

7.5 Methods

To achieve the practical goal of monitoring social withdrawal among PD patients, a
year-long observational study using smartphones was initiated. A data collection plat-
form named AWARE [67] was selected to be installed on participants’ smartphones.
This application ran unobtrusively 24/7 to collect all social-related information as men-
tioned in [257]. The details of the collected raw data, the purpose and data structures
are given in Table 7.1. All collected smartphone data were considered ethically, and
identifiable entries were irreversibly encrypted. Only the length of the typed characters
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on the keyboard was recorded, and the microphone only detected if there was a con-
versation [239]. All data were transmitted to a secure server that we could physically
control. Apart from smartphone data collection, a set of clinical and psychological

Table 7.1: Data source, purposes and structures of collected sensor data [259]
Data source Purpose Structures
Calls Call events Timestamp, contact ID, length,

status
Messages Messages events Timestamp, contact ID, status
Application
usage

Time spent on social media Open timestamp, app name,
app package name

Notifications Estimations of social media
messages numbers

Timestamp, target application
name

Bluetooth Estimations of face-to-face en-
counters

Timestamp, Bluetooth address,
Bluetooth ID

Wi-Fi Estimations of locations Timestamp, Wi-Fi address, Wi-
Fi ID

GPS Locations Timestamp, longitude, latitude
Keyboard Estimations of social media

messages length
Timestamp, app name, app
package name, length

Microphone Detection of surrounding
sound

Timestamp, is conversation

scales were conducted every two months as references. The details of these scales are
described elsewhere [258]. In addition to these scales, we provided a specially de-
signed paper diary for each participant to track their QoL and social interaction levels
weekly. The diary included a shorter version of the PD questionnaire, PDQ-8 [103],
to measure QoL, and a weekly questionnaire asked the participants to rate their social
interaction level from 0 to 10. Different social contacts were rated respectively, in-
cluding family, friends, acquaintances and strangers. Following the design implication
from Julio [234], all ratings were made by placing a tiny dot on the corresponding
number, which made the diary accessible for PD patients. Figure 7.2 shows a detailed
example of the diary.
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Figure 7.2: An example of diaries given to participants, social interaction levels on the
left, PDQ-8 on the right

7.6 Results

7.6.1 Participant recruitment

The participant recruitment campaign started in September 2019, and the experiment
ended in March 2021. We recruited participants who were clinically diagnosed with
PD and who did not suffer from symptoms that severely impacted their usage of smart-
phones. As each participant was observed individually, recruitment was on an enrol
and go basis. Once participants signed the agreement, the AWARE application was
installed on their smartphones, and the diary was provided to them. Unfortunately, the
iOS operating system did not provide essential social-related data, so only PD patients
with Android smartphones were recruited. With participants dropping out for various
reasons, eight participants finished the whole-year monitoring.

Table 7.2 shows the smartphone monitoring duration and demographics of every par-
ticipant. Sensed days in the table are summarised from continuous monitoring sensors,
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such as GPS, Bluetooth and Wi-Fi. The week both scales finished is counted as a di-
ary week. An example of the answered weekly diary is shown in Appendix D. The
summary of the captured raw data is shown in Table 7.3. We implemented a series
of safeguards to ensure the application’s continued functionality. Every day, a script
ran automatically to confirm data synchronisation. Participants’ smartphones were
checked manually during home visits or online to resolve any problems. An instruc-
tion was added to the diary to help participants reconfigure the application if needed
(see Appendix C). While every effort was made, complete monitoring coverage cannot
be assured; for instance, because the synced data were faulty, P29 had a much smaller
number of sensed days than the other participants. As for diaries, a reasonable com-
pliance rate was achieved. The only problem was that participants sometimes forgot
to complete whole entries or scale entries for some weeks. We also verified social
rating answers by comparing contact ratings and overall ratings. If the overall rating
increased but every sub-rating decreased, or vice versa, that week’s social ratings were
deemed invalid. Except for one participant who did not return the diary for six months,
the average diary compliance rate was 95%.

Table 7.2: Monitored period and demographic of all participants
Participant Gender Age Start End Sensed

days
Diary
weeks

P23 F 65 Aug.30, 2019 Oct.10,2020 338 56
P24 M 73 Sept.26, 2019 Sept.2,2020 289 48
P25 M 76 Oct.17, 2019 Oct.16,2020 365 19
P26 M 75 Nov.18, 2019 Dec.16,2020 373 56
P28 F 63 Dec.5, 2019 Mar.10,2021 461 65
P29 M 66 Dec.2, 2019 Dec.23,2020 143 55
P31 M 78 Jan.15, 2020 June 7,2021 347 72
P32 M 64 Mar.12, 2020 June 23,2021 458 66

7.6.2 Feature Extraction

We constructed a set of features relating to social behaviours based on the raw smart-
phone data. All monitored social relationships took place via specific communication
channels (i.e. calls, messaging, social media and face-to-face). Calls, messaging and
social media interaction took place on smartphones, allowing them to be recorded in
real-time. Face-to-face interactions were inferred using Bluetooth and the microphone.
Frequency, length and diversity were the three main characteristics that described a
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Table 7.3: Records collected for each smartphone sensor over all participants [258]
Participant P23 P24 P25 P26 P28 P29 P31 P32
Calls 668 1,003 1,576 499 486 207 1,470 1,552
Messages 1,733 855 1,275 412 3,673 243 1,197 1,183
Application
usage

35,873 47,538 45,347 14,418 77,978 34,451 28,608 6549

Notifications 5,064 20,311 18,838 3,322 4,316 10,334 29,258 3,290
Bluetooth 312,289 450,725 202,766 696,554 942,500 1,875,492 882,698 298,318
Wi-Fi 2,027,030 1,702,975 2,020,057 5,679,420 42,993,870279,948 517,985 4,289,646
GPS 848,477 116,076 309,538 630,824 475,068 216,268 361,402 118,661
Keyboard 254,196 41,246 32,666 5,147 58,389 44,624 67,012 32,365
Microphone 1,829,457 7,428,160 9,938,307 9,259,807 7,506,077 4,540,463 9,758,156 776,192

communication channel and referred to the time, length and unique type of social in-
teraction that took place on a communication channel over time.

As an example, in terms of calls, frequency was the number of calls, length was the to-
tal time of calls, and the number of non-repeatable phone numbers called was referred
to as unique contacts. The number of characters sent replaced the length of messages.
As the Android system does not keep track of the number of characters typed in each
message, we innovated by summarising the number of characters typed using the time
the message was sent as a cut-off time. Only sent messages were considered because
they could determine that participants were active during message conversation. One-
way messages, such as advertisements and announcements, were also filtered by this
method, and other messaging apps, such as WhatsApp, email and Skype, were taken
into account. Due to the system’s limitation, unique contacts in these messaging apps
were not revealed; however, we could still infer if participants were utilising them
by combining keyboard and application usage time. If participants used the keyboard
when message apps ran in the foreground, they were sending messages. Similarly,
foreground application records could reveal social media usage. The number of times
social media applications, such as Facebook and Twitter, were launched and the length
of time they were used were filtered from these records. The keyboard was also used
to capture the number of characters input and calculate the active usage times of these
applications. Moreover, the number of notifications from non-system messages and
social media applications was retrieved as another usage measurement.

Unique Bluetooth signals were used to estimate the number of people participants
might have contacted face-to-face. The start and end times of nearby voices were also
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recorded by the voice recognition plug-in. So, from each face-to-face conversation,
the times and lengths were extracted. Additionally, location factors affecting social
interactions were considered. According to the systematic review, the length of time
spent inside and outside the home, distance travelled and the number of places vis-
ited, were four significant social elements [257]. However, raw GPS points had to be
translated into semantic locations before these properties could be established. Thus,
whether the participant stayed at a particular location for a specified amount of time
was determined by a stop point recognition algorithm [123]. We chose a threshold of
15 minutes and 100 metres based on prior research [99]. That is, if the distance be-
tween GPS sequences was less than 100 metres for 15 minutes, participants remained
in one location. Then, the distance between each visited place and home was cal-
culated. Thus, four significant social elements were achieved. The complete set of
constructed features is provided in Table 7.4.

7.6.3 Intimacy Construction

To create the communication pyramid in section 7.4, distinct levels of intimacy were
assigned to each communication channel. In practice, we used smartphone context data
to replicate the findings of earlier studies on people’s perceptions of intimacy [85, 84].
The following conclusions were reached: 1) For communications with known contacts,
the strongest indicator of intimacy is always the unique contact, and the number con-
tacted most frequently has the most intimacy; 2) For face-to-face conversations, fewer
individuals in proximity means higher intimacy; 3) When using applications, people
with a lower level of intimacy have shorter sessions.

Because unique IDs were known, the first conclusion was applied to calls and texts.
The quantity of Bluetooth signals could be used to estimate the number of individuals
in proximity. As a result, we utilised the number of distinct Bluetooth signals for each
face-to-face chat to indicate intimacy. Fewer unique Bluetooth signals could represent
a higher level of intimacy for this face-to-face interaction. We aggregated each social
media application usage session from the foreground application timestamps to reach
the third conclusion. The start and exit time differences in the foreground application
log could be used to determine the length of sessions.

After generating an intimacy reference for each communication channel, they were
divided into four groups using K-means, which is a prominent clustering algorithm
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that can divide data into distinct groups. The cluster with the closest mean was as-
signed to each observation. Because we proposed categorising every communication
in single channels into four groups, K-means met our goal. Additionally, the intimacy
reference had numerical characteristics; for example, participants may contact their
families multiple times over a certain period, whereas strangers were only contacted
once. As a result, families’ and strangers’ numerical averages were distinguishable
and suitable for clustering by K-means. Eight features (i.e. length, times) were eventu-
ally developed for each group, including calls, messages, social media and face-to-face
conversations.

7.6.4 Rebuild weekly ratings

Our method aimed to re-establish participants’ levels of social interaction. As the
overall social ratings in the diary were treated as ground truth, the practical target
was to generate ratings from the collected objective smartphone data. As discussed in
the background section, a particular channel was necessary for all social interactions;
therefore, we categorised them as face-to-face, call, message and social media. Theo-
retically, the level of social interactions should be the combination of social activities
in all four channels as shown in the formula below:

Total Social InteractionLevel = Face− to− f ace+Calls+Messages+Social media

Nevertheless, the reality is much more complex than the theory. First, overall social
ratings are still a type of subjective questionnaire, and it is nearly impossible that every
channel of communication is equally treated when participants complete their ratings.
Participants may have their own preferences when they rate their overall social inter-
action levels, and some channels may have more weight than others from a personal
perspective. For example, participants may give more weight to face-to-face interac-
tions because these consume more energy than messaging. Second, there are different
measures, even for one channel of communication, and we do not know which one
took a more significant role when participants quantified it. Typically, a communi-
cation channel could be measured by length, time or unique contact, but participants
could give more attention to one of these measures. For example, participants may
think their call activities increase due to the number of growing contacts, but the total
length of call decreases. In summary, the overall ratings are still the combination of
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social activities in all four channels but with different weights, and one particular vari-
able of each channel is selected. Considering that location is also a critical factor in
social interactions, we also included it in the formula as shown below:

Total Social InteractionLevel = α1 ∗Face− to− f ace
(

Variables
1

)
+α2 ∗Calls

(
Variables

1

)
+α3 ∗Messages

(
Variables

1

)
+α4 ∗Social media

(
Variables

1

)
+α5 ∗Locationmedia

(
Variables

1

)
As we aimed to allocate proper weights to communication channels and obtain par-
ticipants’ social ratings, linear regression was a satisfactory fit for the target as it can
represent multiple explanatory factors to a scalar by assigning distinct parameters. By
minimising the difference between observed and predicted values, a link between the
independent variables and the target variable will be discovered. Therefore, by feeding
linear regression with smartphone data and social ratings, weights of communication
channels can be computed. Then, the relationships between participants’ weekly social
ratings and smartphone data are established, which is in line with the formula above.
The data input for training the linear regression was exclusively from the participant, so
the relationship between smartphone features and social ratings established by linear
regression will overfit the participants. This results in the generation of a customised
model. As discussed in the background section, the progression of PD could impact
the social lives of PD patients; therefore, we also applied this model to the PDQ-8
summary index using the same feature sets. Likewise, the ratings for different groups
of contacts could be aggregated from features of that group in each communication
channel. For example, the formula of the family ratings is shown below:

FamilySocial Ratings = α1 ∗Family f ace− to− f ace
(

length, times
1

)
+

α2 ∗Familycalls
(

length, times
1

)
+α3 ∗Familymessages

(
length, times

1

)
+

α4 ∗Familysocial media
(

length, times
1

)
As the feature was divided by weeks, it was more practical to only count the number
of sensed days more than five as a valid week. Therefore, the number of weeks in-
cluded in this stage for each participant was P23:40, P24:34, P25:19, P26:50, P28:49,
P29:17, P31:29 and P32:63. The whole dataset and different parts of 16, 24 and 32
weeks, representing four, six and eight months, were included for each performance
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test procedure. The different parts of the weeks were selected from rolling strategies.
For example, a dataset of 40 weeks was split into weeks 0 to 16, weeks 8 to 24, weeks
16 to 32 and weeks 24 to 40. For participants whose included weeks were less than
these weeks, we only considered the maximum possible parts. The training and testing
set was also split from each test procedure by three percentages. For example, for 24
weeks, the number of training weeks was six, 12 and 18 weeks, so the testing weeks
were 18, 12 and six weeks, correspondingly. As for the whole dataset, the training set
started at eight weeks and increased by eight weeks each time until the end. R-squared
values less than 0 were treated as 0 because it indicated that the generated model gave
more errors than just assigning the mean. The highest R-squared value in this partic-
ular train/test split is reported in Figure 7.3 for each participant. Sixteen, 24 or 32 in
the legend denotes 16, 24 or 32-week parts of the whole dataset. This indicates that
all of the participants’ data were included in the train/test procedure. The point on the
figure indicates the highest R-squared value achieved by this number of training weeks.

As Figures 7.3 show, a reasonable R-squared is achieved across all participants. For
the highest R-squared value of all participants, the minimum was 0.76, and the maxi-
mum was 1. This implies that our model outperforms the just assigning mean model
with appropriate training weeks. Generally, the performance of the model increased
with the number of training weeks, which is evident from the 16-week data part. For
example, in P23’s first 16 weeks, R-squared starts at 0 at four weeks, increases to 0.63
at eight weeks and reaches 0.98 at 10 weeks. The explanation for this could be that if
more weeks are included in the training, the model can use more details of social be-
haviour patterns to make better predictions. However, there are also exceptions where
R-square fluctuates with an increased number of training weeks. For example, the
minimum R-squared appears in the last eight weeks of P24’s final 16-week data part.
In some circumstances, the highest R-squared is 0 at all times in all data parts, which
is exhibited by P32’s total data parts. Typically, the highest R-squared is achieved in
the 16-week data part. The R-squared of the whole dataset as a train/test procedure
are unusually low, except for P25 and P29 because their included weeks were limited.
This could be caused by the number of training weeks, as the whole dataset usually
has a higher test/train ratio compared with the 16-week data part. Furthermore, the
changes in R-squared value driven by the increased number of training weeks is differ-
ent. For example, in P24’s first 16 weeks, R-squared grows from 0.86 to 0.96 because
of four weeks incremental training weeks. However, in the second part of the 16 weeks,
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Figure 7.3: R-squared value of the multiple linear regression model applied to every
participant’s weekly social ratings
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the four-week increment causes R-squared to rise from 0.56 to 0.84. As drawn from
the discussion above, different participants have diverse situations, and every partici-
pant has distinctive R-squared values in all data parts. This could be explained by the
uniqueness of the social patterns of each individual.

The same train/test procedure was conducted on every participant’s weekly PDQ-
8 summary index as shown in Figure 7.4. Similar to overall social ratings, reasonable
R-squared is also achieved across all participants. The minimum R-squared was 0.6,
and the maximum was 1 out of the highest R-squared values of all participants. The
results also indicate that compared with the just assigning mean model, our model out-
performs with appropriate training weeks. The model’s effect on overall social ratings
also applies to the model of the weekly PDQ-8 summary index. In general, perfor-
mance increased with the number of training weeks; for example, across all of P28’s
16 weeks. Nevertheless, R-square fluctuated with the increasing number of training
weeks in some cases. In particular, the P31 model only exceeded the mean in parts of
the 16 weeks. The effects of increasing the number of training weeks on R-squared was
also inconsistent. Similar to P28’s second part of the 16 weeks, R-squared remained
0.33 with the increment from eight to 12 training weeks. As PDQ-8 measures the QoL
of participants, they also retain the individuality of their lives, so these results confirm
the uniqueness of each individual and explain distinctive R-squared values.

The model of different types of contacts applied the same data split procedure as
the models of overall social ratings and PDQ-8. The median and range of of each type
of contact of every participant is shown in Table 7.5. As illustrated in the table, our
model outperforms the just assigning mean model at least once in every type of con-
tact for every participant. This shows the potential of our model to reflect the social
extent of different types of contacts. However, the number of R-squared values above 0
was much less than overall social ratings and PDQ-8, and the highest R-squared value
was still less than those in the overall social ratings and PDQ-8 model. This is be-
cause the intimacy model was based on higher-level features to differentiate the types
of contacts. It could induce more errors than relying on first-level features, such as the
overall ratings and PDQ-8 models.
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Figure 7.4: R-squared value of the linear regression model in every participant’s PDQ-
8 summary index
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Table 7.5: Median and range of R-squared of every contact type of each participant
achieved by the linear regression model
Participant Contact types R-squared Range R-squared Median

P23

Family (0.93, 0) 0.3
Friends (0.30, 0) 0.06

Acquaintances (0.52, 0) 0
Strangers (0.03, 0) 0

P24

Family (0.51, 0) 0.12
Friends (0.40, 0) 0.08

Acquaintances (0.38, 0) 0
Strangers (0.02, 0) 0

P25

Family (0.03, 0) 0
Friends (0, 0) 0

Acquaintances (0.30, 0) 0
Strangers (0, 0) 0

P26

Family (0.36, 0) 0.06
Friends (0.38, 0) 0

Acquaintances (0.75, 0) 0.12
Strangers (0.19, 0) 0

P28

Family (0.62,0) 0.10
Friends (0.57,0) 0.04

Acquaintances (0.27,0) 0
Strangers (0.11,0) 0

P29

Family (0.27,0) 0
Friends (0.39,0) 0

Acquaintances (0.84,0) 0
Strangers (0.25,0) 0

P31

Family (0.34,0) 0
Friends (0.72,0) 0.09

Acquaintances (0.25,0) 0
Strangers (0.09,0) 0

P32

Family (0.75,0) 0.02
Friends (0.28,0) 0

Acquaintances (0.90,0) 0
Strangers (0.05,0) 0
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7.6.5 Changes awareness

Rather than giving a specific number of ratings, changes could indicate the direction of
the ratings and could immediately notify participants’ deviation from their situation,
which could be more evident than rating numbers. Therefore, change awareness is
another aspect of monitoring the social interactions of participants. As a result, the
aim of our model became the probability of social ratings changes under the state of
features changes. Naive Bayes could learn each feature’s conditional probability from
existing data and predict the most likely outcome for a new case. It means a probability
model could be built on the shift condition of features to predict the changes in social
ratings. Different weights of communication channels given by participants when they
completed social ratings could also be reflected by these probabilities. Thus, Naive
Bayes is appropriate for our purpose. In practice, the Naive Bayes model faces a
similar case as linear regression, as different measures could quantify social activities
among each communication channel, so only one of them was picked in a single model.
It also enables the independence of each feature, as Naive Bayes requires it; therefore,
the whole model could be represented by the following equation:

P(Social ratingschanges) = P(Face− to− f ace
(

Variables
1

)
|Social ratingschanges)∗

P(Call changes
(

Variables
1

)
|Social ratingschanges)∗

P(Messageschanges
(

Variables
1

)
|Social ratingschanges)∗

P(Social mediachanges
(

Variables
1

)
|Social ratingschanges)

Under this strategy, features and ratings were further processed to generate differences.
The numerical difference between this week and the previous week was calculated, and
it was then divided by the previous week’s value to obtain the percentage of change.
We set 10% as the change threshold because it could denote a one-point change out of
a total of 10 points in social ratings. That is to say, if the feature increased by more
than 10%, it was treated as an increment and vice versa for a decrease of more than
10%. Other changes within 10% were regarded as no change.

For Naive Bayes, all ratings were transformed into three labels: increase, decrease
and stable. Performance was assessed according to if the prediction was consistent
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with the actual condition. An overall score was termed an F1 score and was calculated
from precision and recall. We used the weighted average to generate these indexes as a
multiple labels model, meaning that precision, recall and the F1 score were calculated
by each label. The label to be calculated was treated as positive, and other labels were
treated as negative. Precision was the percentage of correctly predicted positive obser-
vations to predicted positive observations, which indicated a relevant instances ratio
among the retrieved instances. The percentage of correctly predicted positive observa-
tions to all positive observations was reflected by recall, which measured the ratio of
retrieved instances that were relevant. The F1 score combined the two measures as the
weighted average of precision and recall.

We followed the same training and testing process as the linear regression model
to examine the Naive Bayes model. The weeks included, part separation and train/test
procedure were identical, and the only difference was the total number of weeks of all
participants minus one as there was no previous week for the first week to calculate
the change. The results are shown in Figure 7.5. As a novel model, the comparison
target was the random guess. As we had three labels (increase, decrease and stable),
our model outperformed the random guess if the F1 score was larger than 1/3. As can
be seen from the figure, the majority of results are larger than 0.33, which indicates
our model surpasses random guesses. Generally, the F1 score still fluctuated with the
increasing number of training weeks, and subsequent changes caused by the number
of training weeks still varied. Nevertheless, unlike the linear regression model, the F1
score was always above 0.33 in all data parts except for P28. This could indicate that
the Naive Bayes model could adapt to more extended social patterns than linear regres-
sion. For PDQ-8, we considered the minimal clinically important difference (MCID)
as the change that needed attention. From a previous study [97], -5.94 and +4.91 points
were the MCIDs for detecting improvement and worsening, respectively. However, the
MCID did not always happen to all of our participants, as P28 and P31 had no MCID
at all. The maximum number of changes appeared in P24, with only four MCIDs in
a total of 34 weeks. Therefore, we did not include PDQ-8 in the Naive Bayes model.
A similar situation happened in the types of contacts ratings, as there was a lack of
variation in ratings from all participants. The importance of changes in a single type of
contact was not significant as overall social ratings changed, so they were not included
in the change awareness model.
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Figure 7.5: F1 score of the Naive Bayes model on overall social rating changes by
every participant
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7.7 Discussion

In this study, we completed a year-long longitudinal experiment with smartphones
to observe PD patients’ social behaviour. Twenty-three features were extracted from
more than 10 million raw smartphone data to build personalised models of their social
ratings. Different splits of every participant’s complete dataset were tested to examine
the performance of the models. The results demonstrate that we successfully estab-
lished models to reflect the participants’ extent of weekly social activities from both
numeric values to change of direction. The values of standardised QoL ratings were
also predicted proficiently from the model. The results underline the feasibility of our
smartphone sensing approach in monitoring PD participants’ weekly social interaction
levels and QoL from extracted smartphone features. It has the potential to replace sub-
jective scales and be regarded as a standardised objective monitoring tool in the future.
Furthermore, the highest evaluation scores, model performance in different parts of
data and the influence of increasing the number of training weeks are distinctive in ev-
ery participant. This indicates the complexity of social behaviours, as each participant
has their own social patterns and possibly their own PD progression path. Many factors
influence social behaviour and disease progression, and it is impossible to control all
of them when conducting a cohesive study. Social withdrawal in PD is a complicated
phenomenon that should be understood on an individual basis.

For the number of times our models outperformed the benchmark (i.e. just assign-
ing mean for the multiple linear regression model and random guess for Naive Bayes
model), the Naive Bayes model was more successful than the multiple linear regres-
sion model, which was evident when the whole dataset was used to establish the model.
For example, the R-squared of P31’s multiple linear regression model of overall social
ratings across all of the data was always 0. However, the minimum F1 score of P31’s
Naive Bayes model of overall social ratings was 0.51. This could be because direction
prediction reduced the complexity of the model. For numerical prediction, the model
had to learn the features for all 10 social ratings. In particular, some ratings that exist
in future did not exist in the past, and it caused difficulties for the model to predict
from non-existing ratings. This situation is better for direction prediction because the
ground truth is simplified. Only three directions were considered, and almost all of
these directions existed in every model. In general, researchers can choose different
models according to the aim of their studies. If detailed levels of social activities are
not required, direction prediction can generate more reliable results. Researchers can
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also set their own changes threshold to generate tailored change features.

Moreover, before the model was constructed, we expected its performance to improve
with the number of training weeks because the model should be more robust with ex-
tensive information. However, the results show that the evaluation scores fluctuated
with increasing training weeks. This could be explained by the lack of variation in
self-report ratings in a certain period. For example, P24 gave nine overall social rat-
ings from week six to week 12, and if the model had been constructed on this data
part, the model would tend to give the test weeks nine ratings. Alternatively, if this
data part became a significant part of the model, it would impact the generalisability
of the prediction results. Therefore, choosing a reasonable time to establish the model
significantly impacts model performance. Additionally, our observation period was
during the COVID-19 pandemic, which severely changed participants’ social lives as
they had to stay at home, keep socially distanced and eliminate face-to-face interac-
tions. Their social habits had to be changed due to external forces; therefore, the social
patterns learnt pre-pandemic were unsuitable during the pandemic. This could also
explain why the R-squared of the linear regression model on the whole data part was
less than 0 in some instances.

The results also demonstrate that both overall social ratings and PDQ-8 models achieved
reasonable evaluation scores. Furthermore, the combination of features in the model
could also reveal the relationship between social activities and QoL level. However, it
was found that all combinations of features achieving the highest evaluation score were
different in every participant’s data part, which suggests that the models constructed
for PDQ and overall social ratings were totally different. Nevertheless, theoretically, as
PD progression causes social withdrawal, some association between PDQ and overall
social ratings is expected, so we conducted correlation analysis on the weekly social
ratings and PDQ-8 for each participant. It was found that no coefficient was bigger
than 0.6, which indicates there is probably no strong connection between PD progres-
sion and social behaviour. During the experiment, we also conducted comprehensive
clinical and psychological Parkinson’s and social withdrawal scales every two months,
including the Movement Disorder Society-sponsored revision of the Unified Parkin-
son’s Disease Rating Scale (MDS-UPDRS) [76], and Parkinson’s Disease Question-
naire (PDQ-39) [102] and modified social withdrawal scale [185]. We conducted fur-
ther correlation analysis on the social withdrawal scale and PDQ-39/MDS-UPDRS to
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explore the relationship between PD progression and social withdrawal from all ques-
tionnaire perspectives. Four participants had significant correlations for social with-
drawal and PDQ-39 (P23: r=0.829, P<0.05, P26: r=0.745, P<0.1, P28: r=-0.891,
P<0.05, P31: r=0.914, P<0.05) and three for social withdrawal and MDS-UPDRS
(P26: r=0.918, P<0.01, P28: r=-0.916, P<0.05, P32: r=0.985, P<0.01). From the
questionnaires, this analysis suggests that not all participants’ social withdrawal was
closely connected with PD progression. This result also confirms the findings from the
feature combination difference that there is a possibility that PD progression and social
withdrawal are independent.

7.8 Limitations and Future Work

Although our model successfully learnt individual social behaviour at a granular level,
it still suffers from potential issues that can be dealt with in future work.

PD is a long-term disease, and we initiated a year-long longitudinal study to observe
participants’ social behaviours. However, the duration of the experiment may not be
enough to observe significant changes, which is valuable in determining the impacts
on participants. As stated in the results, MCIDs in PDQ-8 does not appear in two out
of eight participants. Even for the participants with the highest number of MCIDs, it
only appears four times in the observations over the entire year. The limited number
of MCIDs makes it impossible to construct the models for these changes, so extended
experiments are necessary to provide more chances to observe these MCIDs, and sig-
nificant smartphone features can be detected when these MCIDs happen.

Even successful prediction was shown for the weekly social ratings, but this does not
mean that our model covers all social interactions of participants. Participant inter-
views indicated that they still had other means of communication, and landline phones
made up a significant part of their calls. Therefore, their usage of smartphones could
influence the general performance of the model, which is an intriguing question to
be studied. For participants who mostly interacted socially on smartphones, the per-
formance of our model should be better because fewer interactions will be missed.
Moreover, to establish a comprehensive observation of participants, more monitoring
methods should be implemented to cover all possible communication channels.
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Compared to the overall model, the performance of models for different types of con-
tacts was not significant. One of the critical reasons for this was that the technique
for differentiating types of contacts is still at an early stage. To the best of our knowl-
edge, a state-of-the-art study utilised the frequency of each communication channel to
differentiate types of contacts, but this technique is not clinically validated. Real-life
is more complex than the preliminary results of these studies, and contacts with the
highest frequency do not always mean that participants’ relationships are with families
and close friends. Further work can explore more reasonable unobtrusive approaches
to decide types of contacts so that an in-depth understanding of each social activity can
be achieved.

7.9 Conclusion

From the basis that PD progression causes social withdrawal and the treatment aim is
to improve PD patients’ QoL, we initiated a longitudinal experiment to study the social
behaviour of PD patients using smartphones. By extracting features from raw data and
considering the nature of social contact, we successfully applied the social behaviour
model to predict social interaction levels and QoL based on collected smartphone data.
Our two models successfully reflected the levels of social interaction and QoL from
different perspectives in the granularity of a week.

Moreover, our method adapted to each participant and made predictions for that partic-
ular person. This meets the idiosyncratic nature of PD progression and individualised
social patterns. It also enables personal understanding of social withdrawal and PD,
which provides foundations for personalised care and precision medicine. Further-
more, our model demonstrates the potential to reconstruct social interactions through
different types of contacts. With the development of a technique to distinguish types of
contacts, our model could perform better for overall social interaction levels and PDQ.

To the best of our knowledge, this is the first study to use smartphones to establish
personal weekly social behaviour models for PD patients. The models provide signifi-
cantly detailed tracking of social behaviours of PD patients from an objective perspec-
tive and could benefit social behaviour studies in PD and broader communities where
the social impact of patients needs attention.



Chapter 8

Conclusions and future work

In this work, we explored social withdrawal via smartphones in people with Parkin-
son’s. This work was built on two pillars: 1) PD induces a series of emotional and
communicative changes in patients, disrupting their social functions [178]; 2) an un-
obtrusive and personalised digital-phenotyping technology can be used to monitor the
behaviour of PD patients [94]. The data from smartphones served as the foundation for
a digital phenotyping method that intended to extract social-behaviour occurrences and
features. As a long-term neurodegenerative disease, the social withdrawal caused by
PD should be monitored in a longitudinal manner. Therefore, we conducted a year-long
longitudinal study to observe social withdrawal in PD patients. All these conclusions
revolve around this experiment.

Primarily, we conducted a systematic review of passive smartphone social sensing to
extract the technical basis of this technology (Chapter 3). The systematic review com-
prehensively explored past studies utilising passive smartphone social sensing. The
paradigm of these studies was discovered. Fundamentally, a monitoring application
was running on participants’ smartphones throughout the whole experiment. Other
validation measures, such as questionnaires or tasks, were conducted twice or several
times at the beginning, end or in the middle. These measures were then analysed with
features interpreted from raw collected data to examine the study’s hypothesis. The
fundamental resolution included gathering social interactions on smartphones, and in-
ferring social interactions outside smartphones was also presented. To reconstruct the
social behaviours of participants, calls, messages and social media usage were three
major sources of social interactions on smartphones. Bluetooth microphones could be

185



186 CHAPTER 8. CONCLUSIONS AND FUTURE WORK

used to infer social activities outside the smartphone, such as face-to-face conversa-
tions. Although passive smartphone social sensing has limitations, such as accuracy
issues and privacy challenges, the reviewed studies showed its feasibility in observing
social behaviours from an objective perspective. Our experiment followed the method-
ological results of the reviewed literature. In the following chapters on PD patients, we
applied passive smartphone social sensing in the wild.

An application was chosen to install on participants’ smartphones to collect designated
sensor data 24 hours, seven days per week. A set of clinical/psychological scales con-
sidering PD progression, QoL, social withdrawal and related issues were planned to be
applied every two months. Specially designed diaries were prepared to ask participants
to self-report their weekly social extent and QoL. After ethical approval, participants’
recruitment started in September 2019 and ended in March 2020.

Unfortunately, COVID-19 became a worldwide health issue since then. The UK gov-
ernment introduced a series of policies to reduce the transmission of diseases. Al-
though COVID-19 severely interfered with our research, Chapter 4 and Chapter 5 re-
garded it as an opportunity to examine if our monitoring technology can detect these
impacts. In Chapter 4, from cross-participant collaboration, our approaches demon-
strated the general capability of reflecting the social behaviour changes of participants.
Features and smartphone-data perspectives were created from both policies. Home
locations were identified from GPS, and it appeared that times of leaving the house de-
creased significantly. The Bluetooth inferred that participants had fewer face-to-face
contacts compared with the time before the pandemic. All participants’ data showed
a similar declining trend, indicating they all obeyed the government rules to minimise
travel and social contact with others. Chapter 5 focuses on individual social adjust-
ment towards COVID-19–related policies. Although the pandemic and corresponding
lockdown severely impacted the basis of our observation, people could still have social
interaction as they wished. Our approach still demonstrates its feasibility of detect-
ing participants’ social behaviour changes. Through semi-structured interviews with
participants, we confirmed that collected smartphone data captured their personalised
reactions towards the policies introduced by COVID-19. They adapted novel call and
message patterns and left home for different purposes. Furthermore, the preliminary
smartphone data also exhibited levels of coherence with participants’ diary ratings.
This suggested that the features created and models constructed reasonably reflected
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participants’ daily social behaviours. These findings and observation approaches could
be used for delivering specialised care and future policy-making. They confirm that our
approach can present the trend of all participants and reveal alterations at the individual
level.

The longitudinal observation ended in June 2021, and eight participants finished the
whole year of data collection. More than ten million raw smartphone-data entries and
three thousand days of diaries were collected in total. Psychological/clinical scales
were retrieved from each participant at least five times. These psychological/clinical
scales included Parkinson’s progression, QoL, social withdrawal, cognition, stigma,
depression, empathy and apathy. Combined with weekly social and QoL ratings in di-
aries, they were treated as ground truth in our analysis. As mentioned in the introduc-
tion chapter, two research aims of our study were 1) make connections between social
behaviour collected by digital phenotyping and the clinical/psychological ground truth
of Parkinson’s and 2) personalise social-behaviour tracking in a more granular manner.
Therefore, we conducted two levels of analysis on smartphone data and ground truth.
The first level was towards those psychological/clinical scales, and the second was to-
wards weekly ratings, since they are more granular than scales. These two levels of
analysis form Chapter 6 and Chapter 7.

The smartphone features were constructed according to communication channels and
location factors. Different measures, including length, time, unique contact of these
channels and semantic understanding of locations, were all considered. A conceptual
model involving the intimacy of contacts for in-depth measuring of the social with-
drawal in PD patients was also proposed. Then, we conducted the correlation analysis
between the smartphone features and the summary index of these scales. The full re-
sults are discussed in Chapter 6. At least one feature was found to have significant
correlations with clinical/psychological scales for each participant. As the scale most
relevant to social behaviour, the significant correlation between the social withdrawal
scale and the smartphone feature was found in every participant. It demonstrated the
potential of the smartphone as an objective social-behaviour measurement. Moreover,
smartphone data showed that there tends to be reduced social activity when situations
are worse. They provided evidence that Parkinson’s progression could have a positive
relationship with social withdrawal.
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After the standardised scales correlation, we turned to personal-model construction
based on more granular diaries. A feature selection and combination mechanism were
applied to aggregate all channels of communication and related factors. Our model
considered numerical and direction predictions, so both level and changes could be
learnt. By applying multiple linear regression and Naive Bayes, our model obtained at
least 0.6 R-squared in numerical prediction and 0.6 F1 score in direction projection of
the highest value of all participants. This was significantly better than just assigning
mean or random guesses, which illustrates the effectiveness of our approach. The re-
sults also exhibit the smartphone’s potential for monitoring social behaviours and QoL
weekly. For each participant, the significant correlated features and feature combina-
tions that achieved the highest scores were different. All these results also confirm the
personal difference between participants. It is necessary to observe participants’ social
behaviour individually.

8.1 Main findings

• Our smartphone sensing approach is feasible and effective as a digital phe-
notyping method for monitoring social behaviour. It has the potential for
an in-depth understanding of social activities. Overall, our approach demon-
strated the feasibility of a unique method of digital phenotyping to observe peo-
ple’s social behaviour. In both COVID-19 and Parkinson’s studies, its effective-
ness was demonstrated thoroughly. By choosing appropriate features, partici-
pants’ conformance with policies and the social changes due to the impact of
COVID-19 were opportunely reflected by the smartphones. Results of the longi-
tudinal study also demonstrated the ability of our smartphone sensing approach
to reveal social behaviour from an objective perspective. We also established a
social behaviour model considering communication channels and contact types
in terms of Parkinson’s. The model’s successful results demonstrate our ap-
proach’s ability to construct an in-depth understanding of social activities, which
takes digital phenotyping a step further. Every smartphone’s data is exclusively
generated by the participant, which also enables our approach to understand the
social behaviour of particular participants. Moreover, raw data from a smart-
phone can be interpreted in a variety of ways, which creates extensive possibili-
ties for researchers to utilise them. Therefore, digital phenotyping is promising
as a standardised measurement for social behaviour, and its unobtrusiveness can
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benefit novel clinical/psychological research.

• Possible positive correlations between PD progression and social withdrawal
were found, but it is a complex phenomenon that needs further investi-
gation. Previous interview- or questionnaire-based studies suggested that PD
causes social dysfunction in PD patients, inducing social withdrawal. To the best
of our knowledge, this phenomenon has never been studied in a long-term man-
ner. Our experiment is the first to explore social withdrawal in PD objectively
and longitudinally. Significant correlations were found between clinical/psycho-
logical scales and smartphone features. For all participants, most of the results
indicated that social withdrawal and related factors became more severe as PD
worsened. However, there were some results that did not meet our expecta-
tions. Particular participants tended to have more of certain social interactions
when situations were worse. These results provide evidence of possible positive
correlations between PD progression and social withdrawal but also reveal the
complexity of this phenomenon. Naturally, various factors influence levels of
social interaction; how PD alone impacts patients requires further investigation.

• Adaptability and personalisation are essential in social behaviour research.
We discussed the importance of individualised monitoring in every chapter in-
volved in the experiment. The results of different individuals in all studies indi-
cated that their situations were diverse. Every participant had different reactions
towards the impacts of COVID-19. The significantly correlated smartphone fea-
tures of the clinical/psychological scales were also different in each individual.
Accordingly, we were able to develop an adaptive technique capable of reacting
to social dynamics, generating a personalised model from multiple data sources
and producing an overfitted collection of social behaviour models. Moreover,
feature combinations of these models achieving the highest evaluation metric
were different, which confirmed the individuality of participants. Preliminary re-
sults from the models considering different types of contact also exhibited their
potential for in-depth understanding of the social behaviour of a particular indi-
vidual. In summary, as behaviour is influenced by various factors, adaptability
and personalisation are prerequisite considerations of social behaviour research.
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8.2 Limitations

Our studies are based on collecting social behaviour data from smartphones. They
are a reliable source for social interactions since all data were recorded directly on
the smartphones. Social interactions outside of smartphones, such as face-to-face
conversations, were inferred from Bluetooth and microphone. The reliability of this
inference, as well as the accuracy, is unknown. This issue also applies to location de-
termination. Although parameters were learnt from the previous experience, it is not
absolutely certain that participants really went to that number of places. Moreover, we
relied on previous research [84] to differentiate types of contact. But, its concept is
not universally validated. The results do not indicate the type of relationships between
the contacts and participants. We do note the challenges of this approach, but it is still
satisfactory for our study because we focus on the general trend rather than specific
behaviour. But, with the increasing performance of every inference, the available re-
sults could have improved accuracy.

As a smartphone-monitoring study, we comprehensively considered all possible so-
cial features the smartphone could capture. Although people spend significant time on
smartphones for social interactions, and social interactions outside smartphones can
be inferred, it is still not their entire social lives. Social interactions could happen on
other devices, such as laptops, tablets or landlines. In addition, our approach is limited
to publicly available smartphone data. This means that these data are retrievable from
the operating system of the smartphones, and the privacy of participants is considered.
However, this approach is not necessarily the best at deriving specific features of social
activity. Theoretically, smartphones could provide more critical data, which involves
communication details such as content or emotion. These data could establish an ex-
tensive understanding of participants’ social behaviour and build more precise models
of personal contact. The intimacy of each communication could also be differenti-
ated with more direct data sources. However, the monitoring application needs further
implementation to acquire these data, and there will be more privacy concerns from
participants.

As an exploratory study, the generalisability of the results has not been examined.
Our study did not specifically attribute social withdrawal to PD progression. In reality,
PD might not be the only cause of social withdrawal nor the determination of social



8.2. LIMITATIONS 191

interaction level. For example, COVID-19 and related constantly changing policies un-
doubtedly impact participants’ social lives. Personality is also a significant factor for
sociality. Extroverts and introverts tend to have different social behavioural patterns
[104]. In this study, we only observe the social courses of PD patients, but compar-
ing it with other people with similar demographics would be beneficial. The control
group without PD could be introduced at the beginning to enhance the validity of the
study. Direct contrasts could be made between the control group and the experiment
group, so the uniqueness of social withdrawal in PD would be extracted. The rea-
sons behind social withdrawal could also be acknowledged by exploring the difference
between the experiment and the control group. Moreover, there are different factors
such as medication, physical activity and nutrition that could influence the social sit-
uation of PD patients. The stages of PD and the treatment participants experienced
could also affect the extent of social withdrawal [178]. As far as personalised monitor-
ing, we focused on individual social behaviour and disease progression. Although our
approach can be used for studying personal social behaviour, our results cannot be ex-
panded to a broader population, since the baseline was established according to these
particular participants. Therefore, how PD alone causes social withdrawal in general
needs further investigation. By introducing control groups, the reasons behind social
withdrawal could be acknowledged by exploring the different situations between the
experiment and the control group. Even more, researchers could manipulate particular
variables like medication or treatment to examine their impact on the social lives of
PD patients. Stages of PD and dose of medication can be considered when designing
the experiment. Overall, the control group can contribute to a deeper and more specific
understanding of social withdrawal in PD.

In addition, Bluetooth signals can not be fully treated as a person. The accuracy of
using Bluetooth for proximity and social interaction detection needs further research.
Firstly, not only smartphones but also other digital devices are equipped with Blue-
tooth. For example, a person could own a smartwatch, tablet or smartphone, and these
devices are around at the same time. So the detected signal could be duplicated if
treated as a person. Secondly, the latest Android system has adopted a privacy strategy
that the unique identifier of Bluetooth – MAC address could be different at every scan.
It increases the uncertainty that different Bluetooth signals may not represent unique
contact but the same person. Moreover, there are additional factors that may influence
the transmission of Bluetooth. Factors like indoor or outdoor, smartphone position,
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and weather conditions will affect the quality of the scan and receive. Particularly,
Bluetooth signals could be noisy in moving conditions because received signals could
have gone when they are recorded. Therefore, it’s significant to investigate how to
reasonably utilise Bluetooth to infer proximity and face-to-face interactions.

Although we innovated an unobtrusive method to monitor people’s daily lives, the
ground truth we relied on is still self-report diaries and scales. Even if we asked par-
ticipants to behave normally and have activities as they usually do, the Hawthorne
effect introduced by these measures could not be eliminated. Participants may still feel
monitored during the two-month visit when questions were asked, and the diary could
remind them they are involved in a study of social interactions. When participants
see the icon of the installed monitoring application, they may also be aware that their
interactions on smartphones are recorded. These reminders could always make partic-
ipants feel they are being observed, so they may change their behaviour as it is being
evaluated. These potential weaknesses impact the validity of the whole study and need
additional consideration when conducting similar experiments.

Furthermore, the ground truth we relied on was self-report or scales conducted by
humans, which suffer the same potential issues as the questionnaires. Their results are
influenced by selective memory, telescoping, attribution and exaggeration [80]. To al-
leviate some of these effects, we introduced diaries to participants, so they could record
their situations instantly. But, the natural deficits of self-report cannot be fully com-
promised. Moreover, these scales are the only clinically or psychologically verified
equipment before new valid and objective tools are invented. To reach the significance
of the measurement, we do not have other options that have the same legitimacy.

8.3 Future work

Several proposals for further study have been mentioned in earlier chapters. In this
section, we summarise those potential prospects in the context of the bigger picture:

Rational sensor choice: From Chapter 3, energy consumption was the primary con-
sideration for sensing strategy out of all the reviewed digital-phenotyping studies.
However, does this limit account for the entire rationale for the researchers’ decision?
Is the result always better with the highest sensor rate if energy consumption is not an
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issue? The frequency of sensor data may have an impact on these outcomes. Differ-
ent resolutions can either improve performance or increase interference for data pro-
cessing. A better result with less energy consumption might be achieved using a more
efficient sensor frequency. Reasonable sensor and parameter choice is the crucial ques-
tion in digital phenotyping. The rationale for choosing an optimal sensor rate should
be considered from the purpose of the study. Further investigation could be done on
the impact of different sensor rates. A nontrivial method for developing the sensing
strategy could be to start with the study’s purpose. Experiments with various sample
rates and sensor combinations could be undertaken to investigate which option is most
effective in reaching the study’s target. Despite the existence of research attempting
to resolve these concerns, such as [131], which studied the required Bluetooth signal
strength for inferring face-to-face proximity in various settings, there are still many
unanswered issues in this sector. For example, how frequently should the Bluetooth
scan be activated to recover a particular proportion of the face-to-face contacts of par-
ticipants, and how does the frequency of Bluetooth scans influence the accuracy of
face-to-face recovery? These investigations will also provide clinical value to health-
related research and create a strong foundation for digital-phenotyping sensor usage.

From correlation to causation: Although the feasibility of digital phenotyping has
been confirmed in our studies, from Chapter 3, the most published results are the corre-
lation coefficient and performance of the machine learning algorithm applied without
a detailed explanation of the cause. Strong correlations or classifications do not always
imply valid measures, particularly when demographics and sample sizes are limited.
These limitations may jeopardise the digital-phenotyping results’ generalisability and
effectiveness. For example, a study of personality using digital phenotyping reported
that their findings were not consistent with previous studies [208]. The different types
of data used explained this inconsistency. On the basis of existing digital-phenotyping
results, more theoretical research or cross-population trials should be considered. Re-
searchers could treat smartphone features like questionnaire items, so they can be eval-
uated and interpreted in the clinical or psychological method. Variables derived from
smartphone data could be unified by time. The number of calls, for example, could
be gathered weekly or monthly. Therefore, comparison between digital-phenotyping
studies will become possible. Then, instead of being a promising field, digital pheno-
typing may become the standardised measurement.
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Clinical PD research: Because it is a long-term disease and the major patient pop-
ulation is the elderly, Parkinson’s impact on social behaviours coexists with many
other factors, such as age, mobility and personality. Specialised experiment designs
and dedicated data processing techniques are necessary to study PD-specific social
withdrawal. Moreover, smartphone monitoring alone cannot cover the entire social
lives of participants. To achieve thorough social behaviour monitoring, all equipment
for social interaction, such as landline phones, tablets and handwritten mail, should
be considered. Apart from social behaviour, there are plenty of novel research top-
ics, such as cognition, attention, memory and mobility, for PD behavioural studies in
which digital phenotyping can be applied. The achievement of these studies can give a
complete picture of the QoL monitoring of PD patients. The future work proposed by
the above two paragraphs also applies to PD digital-phenotyping research. With rea-
sonable sensor-choice and clinical-causation studies, smartphones have the potential to
replace existing questionnaires as a standardised PD clinical assessment. So, the gran-
ular and comprehensive monitoring of PD patients can be achieved by a combination
of obtrusive and unobtrusive methods. With clinical validity, digital phenotyping can
provide carers and clinicians with immediate PD progression and QoL information.
Then, better care and treatment can be provided to PD patients to improve their QoL.
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Appendix A

Study Protocol

A.1 Recruitment

After the ethics approval, the participant recruitment campaign started. Our advertise-
ments were distributed through the Parkinson’s research community and the Parkin-
son’s UK website. Potential candidates were also contacted via email and phone. Par-
ticipants are required to be:

• Clinically diagnosed with idiopathic Parkinson’s.

• Fluent English speakers aged between 45 - 80.

• Using Android smartphones

• Not suffering or have suffered from any major physical or neurological condi-
tions

A.2 Ground truth

We are a longitudinal study and will collect a large amount of social behaviour data
from the smartphone, and we want to correlate the data from the smartphone and the
ground truth of existing technologies – questionnaires. Of course, we want the ground
truth as frequent as we can to calibrate the data we collected, but it will put much
burden on patients. Besides, we don’t have enough time to take these scales for each
patient at a high frequency.
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The Movement Disorder Society Unified Parkinson’s Disease Rating Scale (MDS-
UPDRS) [76] is the gold standard in clinical assessment to quantify PD’s overall pro-
gression. It is the most commonly used scale in the clinical study [184]. By interview
and clinical observations, MDS-UPDRS can comprehensively track the longitudinal
course of PD in six different parts, including non-motor experiences of daily living (13
items), motor experiences of daily living (13 items), motor symptoms (33 items), and
motor complications (6 items). Each item is ranked on a scale from 0 to 4 (Normal,
Slight, Mild, Moderate, Severe).

Parkinson’s disease questionnaire (PDQ-39) citejenkinson1997parkinson is a Parkin-
son’s disease-specific quality of life questionnaire. It has been developed and thor-
oughly tested for reliability and validity. It is a reliable, valid, responsive, acceptable,
feasible tool and widely used [229]. It has eight subscales designed to probe levels
of mobility (10 items), activities of daily living (six items), emotional well-being (six
items), stigma (four items), social support (three items), cognition (four items), com-
munication (three items) and bodily discomfort (three items). Participants are asked
to tick the appropriate response from ‘never’, ‘occasionally’, ‘sometimes’, ‘often’ and
‘always/ cannot do’.

The Addenbrooke’s cognitive examination revised (ACE-R) [147] assesses cognitive
skills in five subdomains: orientation/attention, memory, verbal fluency, language, and
visuospatial. It is applied at the beginning of the study to screen participants to check
if they have cognitive impairment. It will also be applied in every home visit to assess
the cognitive decline of participants.

The 8-item Stigma Scale for Chronic Illness (SSCI) [151] was developed to measure
the stigma experienced by people with chronic neurological disorders, including PD
[Rao et al., 2009]. It contains two subscales: felt stigma and enacted stigma. Each item
is rated as 1 = never, 2 = rarely, 3 = sometimes, 4 = often, and 5 = always. A higher
score indicates a higher frequency of experiencing stigma.

The 15-item Geriatric Depression Scale (GDS) [252] is a self-report measure to de-
tect depressive symptoms in older adults and has been wildly used in people with PD.
The GDS is reported to have adequate discriminant validity for a diagnosis of depres-
sive disorder at a cutoff of 5, with a higher score meaning more depressive.
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The apathy Scale (AS) [211] is the only apathy scale that meets the criteria to be
“recommended” by the Movement Disorder Society to measure the apathy status of
PD patients. The AS has 14 items, and each question is read by the examiner and has
four options of response: “not at all”, “slightly”, “some”, or “a lot”. Scores range from
0 to 42; higher scores indicate more severe apathy.

The interpersonal reactivity index (IRI) [46] measures the empathy status of partici-
pants. There are 28 items and four subscales in it, perspective-taking (PT), fantasy
(FS), empathic concern (EC) and personal distress (PD). PT and EC discuss more feel-
ings about other people, which can reflect the empathy ability for social contact. So
only PT and EC subscales of IRI are selected, which only have 14 items. The rating is
from Does not describe me well (scored 1) to Describes me very well (scored 5).

Since our study focuses on social withdrawal, a scale for that will be an effective sup-
plement for the ground truth. We could not find one specifically for PD, so we chose
Social Withdrawal Scale in motor neurone disease (MND) [185], and it was modified
for PD patients. Motor neurone disease has similar symptoms as PD, so it is feasible
for modification. This scale is designed to assess social withdrawal from the perspec-
tive of the MND patient across four domains of Community, Family, Emotional and
Physical Withdrawal. The original scale consists of 24 items scored along a four-point
Likert-type response ranging from Does not describe me well (scored 1) to Describes
me very well (scored 6).

Julio originally created this diary to trace day-to-day fluctuations of personal PD symp-
toms [234]. Although four other prototypes were tested, including Bluetooth, physical
buttons, NFC and microcontrollers, the paper diary achieved the highest acceptance
and compliance. In the original design, participants choose three symptoms that most
impact their lives and record them daily. To obtain more granular ratings, a shorter
version of the Parkinson’s disease questionnaire, PDQ-8 [103], was also added to the
diary every week. We also designed a weekly questionnaire to measure participants’
social interaction levels. This questionnaire asks participants to rate their social inter-
action levels from 0 to 10, and the levels include different types of contact: family,
friends, acquaintances and strangers. An overall rating is also requested. We followed
the implications in the original design for all added items to maintain consistency. All
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ratings were accomplished by filling in the tiny dot of the corresponding number. An
example of the answered weekly diary is shown in Appendix D.

A.3 Assessment visits

All the recruitment took place on an enrol-and-go basis. Once the participant signs
the agreement to join the study, we will arrange the first home visit with them. At the
beginning of the home visit, we will have a cognitive test with candidates using ACE-R.
Patients who score more than 88/100 are regarded as having no cognitive impairment
and qualified to participate. Then the monitoring application was installed on their
smartphone. Then the battery of scales begins. The home visit could last 2.5 hours. In
total, there are six visits for each participant. Two participants missed the last round of
scales. In each home visit, used diaries were collected, and new diaries were given to
participants. So typically, the length of the diary is two months. During the COVID-19
pandemic, all home visits were suspended. The battery of tests is conducted online
alternatively. Diaries were collected and sent by post.
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Social Withdrawal Scale 
Participant ID:   Date:  
 
The following statements inquire about your thoughts and feelings in a variety of situations. For each item, 

indicate how well it describes you by ticking the appropriate option. 

Please read each item carefully before responding and answer as honestly as you can.  

                                       Does not                             
describe me well                                                                                    

                                         Describes                                                                                                                                            
                                        me very well 

 1 2 3 4 5 6 

My social life has been completely unaffected by 
my condition. 

      

   

My condition has brought me closer to my family. 
      

   

My participation and involvement with local 
organisations/societies/clubs, has noticeably 
decreased since my diagnosis. 

      

   

My physical condition prevents me doing all the 
things that I would like to do. 

      

   

I feel able to talk to my family/close friends about 
my feelings. 

      

   

I enjoy the company of my close friends. 
      

   

I have continued to use public facilities, (i.e., 
library, leisure centre etc.) to the same extent as I 
did prior to Parkinson’s. 

   

   

I find it difficult to use the toilet in a public place. 
   

   

I find getting washed, dressed and ready to go out 
very difficult and time consuming. 

   

   

I still participate in everything-to the same extend 
as I did, prior to Parkinson’s.  

   

   

My relationships with the significant people in my 
life have become more strained. 

   

   

I spend more time alone than I used to.  
   

   

I would like to be surrounded, only by the people 
who know me and understand about my condition.  

   

   

I feel under pressure when I am surrounded by 
other people. 

   

   

I want to go out and do things, as much as before I 
had Parkinson’s. 

   

   



 

I find it difficult to go out, as getting into a car or 
onto public transport, poses a real problem for me. 

   

   

I no longer use the telephone as much as I used to, 
prior to Parkinson’s. 

   

   

I worry about the way other people will react to 
me. 

   

   

I am concerned that others may believe that I am 
drunk or childlike. 

   

   

I am totally reliant upon other people, if I want to 
go out or do something. 

   

   

I spend far more time at home than I used to, prior 
to Parkinson’s. 

   

   

I feel embarrassed in public places. 
   

   

I am only able to go to places which have adequate 
wheel chair access. 

   

   

I feel confident amongst other people. 
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一ὰ
一

^
o
Φ

石
E
一

E
Φ

∞0
一

8

0
●

c
o
t
L
o
o
o
〓

υ

●
E
d
>
〓

F
〓

“

L

●
丶
0
`
●

t
o
0
Φ

廴0
`
〓

丶
七
ハ
Φt

o
t
`
Φ

∽0
Φ

`
⒋

J
o
“

一c
o
o
一

o
一

o
>
①

一
〓
口
≡
￡

>
〓

0
>
o
c
o
o
F
`
o
r
J
o
d
一

E
ハ

ハ
L
o
>
o
c
o
c
△

①
F
一

O
J
剖

叫
Φl

划
叫
爿
Ⅻ
〓爿
川
〓日
〓彐
≡̄
q
c
l
日

到
创

⌒
Φ
o
c
ω

°
一ハ
0
①

￡
一
c
一

°
c
0
O
一

Φ
n
c
“

0
°

0
O
一

0
￡

°
①
①

一
O
ω

c
o
一

〓
c
r
①

°

〓
0
匕

∞
α

0
0
L
0
0
c
;
>
0
〓

o
一

一o
一

O
ω

~
c
o
o
一

o
一
o
o
o
一

O
一

c
①

一
×
Φ

L
0
0
>
①

~
ω
O
一

°
c
一

①
ω
①
o
一

⒍

~
y
Φ

Φ̀
<
'
一

ω
∞
一
Φ
￡
~
0
c
〓

0
0
0
0
、

Φ
L
O
≥

'
Φ

一°
〓
一O

O
∞

丶多
O
T
一

O
 
 
O
 
 
 
G

0
 
 
 

○

○

○

○

~
∞

c
L
o
Φ

°
∞

L
0
∞

α
c
一

Φ
L
ハ

Φ
一0
∞

●
F
一

一D
一

c
一

Φ
°

°
Φ
工

○
 
 
 

○

o
 
 
e

○

0

○

~
>
卜

0
c
E
o
~
Φ

〓

L
ハ

。
c
一

°
∞
Φ
一
c
Φ

￡
>
>
.
O
.
Φ

.
c
0
〓

Φ
〓
C
Φ

0
c
0
0
〓

0
0
、

￡
〓
〓

∞
E
Φ

一°
ハ
L
α

υ
∞
工

○ O

○ ○

0 △0

O

○

○
 
 
 

○

'ρ

O

○

0

~
y
Φ

Φ
·二
●
∞
ω
一
①
￡
~
o
c
〓

0
°

Φ
呀
〓
L
△

0
、

∞
〓
之
二
5
O
工

○
 
 
 
 

○

~
Φ

∞
Φ
Φ
∞
一
0

∞
”c

0
∞

c
一
y
L
Φ

△
一
o
c
一

>
①

〓

ハ
~
Φ

0
°

o
〓

0
D
α

c
一

°
Φ
∞
∞
Φ
L
L
Φ

°
c
L
Φ

~
一Φ

L

O

○

~
>
〓

Φ
α
0
⒐

α

Φ
一°
ハ
Φ

a

r
〓

、5
·

Φ
一
Φ
ハ
一c

D
r
c
c
L
0
0

ハ
~
Φ

一°
∞
c
0
〓

Φ

L

~
∞

α
一r
∞

c
o
一

Φ
一Φ

L

一o
c
0
∞

L
Φ

°

Φ
∞
ハ
一0
虫

ハ
ハ
、

￡
〓
〓

∞
E
Φ

一°0
L
o
°

Φ
工

⌒
υ 

 
 
 
 
 
 
 

⌒
 ̌
 
 
 
 
~
°

Φ
∞
∞
Φ
〓α
Φ
°
〓
Φ
L

~
±

Φ
∞
一D

0
>
0
c
一

∞
∞
Φi
°

、
〓

0
o
一

〓
一°

°
Φ
工

■

r
N
O
N
c
“

0
o
㈧

〓、“°〓〓^
'
■

一

Γ

乙
p
一

℃
蕊
“

.
~
Q
 
2
'

」

n ilnˇ 显
习`“'

'乇
》

`

」
」
一
卜

v

■

r
N
O
N
.
c
“

η⒄N
〓

、①°c
〓

〓〓■一

C)
○

(二)

○
(=)

○
C
r ○

C
r ○

σ ) ○ O O O  O O O O  ○

∞ ○ ∞  ○ ∞   ○ ∞ ○ ∞  ○

卜ˉ O 卜 ○ 卜  ○ 卜 ○ 卜 ○

ω ○ ⑩ ○ ω   ○ 0 ○ ⑩  ○

Lo O o ○ ⒄   ○ o ○ ⒄  ○

对 ○ 对 ○ 寸  ○ 寸 ○ 寸  ○

Cr) 0 ∞  ○ ∞ ' O 、
、

∞ ○ Cr) O

C`J O N g
\、

~

N 、 N 0 N
0
○

○ ○ O ○ ○

(=〉 O O O O  O 0 ○ O O

」

t冖’

弟


	Abstract
	Declaration
	Copyright
	Acknowledgements
	Introduction
	Research questions
	Contributions
	Thesis overview

	Background
	Parkinson's disease
	Social withdrawal
	Parkinson's disease causes social withdrawal
	The feasibility of smartphone sensing
	Related work: Digital phenotying in Parkinson's
	Unobtrusiveness
	Longitudinal
	Personalisation
	Applicability to non-motor symptoms

	Conclusion

	Passive Social Sensing with Smartphone
	Introduction
	Objectivess
	Methods
	Types of studies
	Search strategy

	Results
	The paradigm
	Participants
	Sensors
	Operating System
	Validation measures
	Data processing
	Feature construction
	Data analysis
	Benefits
	Problems and challenges

	Discussion
	Findings from reviewed studies
	Implications for future studies

	Limitations
	Conclusion

	Understanding Individuals’ Compliance with COVID-19 Policies
	Introduction
	Background
	Related work

	Methods
	Methods Overview
	Stay-at-Home Measures
	Social Distancing Measures
	Experiments
	Participants
	Instrument

	Results
	Results Overview
	Stay-at-Home Measures
	Social Distancing Measures

	Discussion
	Conclusions

	Monitoring Social Withdrawal and the Impact of COVID-19
	Introduction
	Background
	Parkinson's disease causes social withdrawal
	Social withdrawal
	Social interaction measurement

	Related Work
	Smartphone social sensing
	Digital phenotyping in Parkinson's

	A general model of social interaction
	Longitudinal one-year data collection
	Social fluctuations monitoring
	The impact of COVID-19
	Discussion
	Challenges and limitations
	Future work
	Conclusion

	Social Withdrawal and Parkinson's
	Introduction
	Background
	Related Work
	A general model of social interaction
	A year-long longitudinal experiment
	Results
	Compliance
	Pre-processing
	Correlation with scales
	Correlation with diaries

	Discussion
	Limitations and Future Work
	Conclusion

	Tracking Social Behaviour
	Introduction
	A primer on social withdrawal in PD
	Related work
	Social interaction model
	Methods
	Results
	Participant recruitment
	Feature Extraction
	Intimacy Construction
	Rebuild weekly ratings
	Changes awareness

	Discussion
	Limitations and Future Work
	Conclusion

	Conclusions and future work
	Main findings
	Limitations
	Future work

	Bibliography
	Study Protocol
	Recruitment
	Ground truth
	Assessment visits

	Modified Social Withdrawal Scale
	Diary Guidance
	An Example of the Answered Weekly Diary

