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Abstract

Asthma self-management and regular use of medication are crucial in preventing
asthma attacks, which can be fatal. However, existing research usually does not
take into consideration the impact that perceptions about asthma, of both patients
and the general public have on adherence to treatment. Both methodological and
empirical contributions are made, combining the approaches from data science and
psychology. The thesis proposes new forms of triangulation of alternative research
methods; introduces a novel process of identifying perceptions in text, as well as
the use of Grouped Model Class Reliance, which is capable of assessing the most
predictive feature group while accounting for non-linear relationships. Empirical
contributions are reflected in identification of the leading perceptions, that include
stigmatization and its underlying mechanisms, as well as the perceived sense of

community.

Using a mixed method approach, this work combines traditional Psychological
quantitative and qualitative methods and predictive algorithms/machine learning
techniques. Using interviews, exploratory qualitative research identified patients’
internal perceptions (about asthma) and external perceptions (what they consid-
ered were others’ perceptions). Qualitative analysis of Twitter content formed the
second part of this study, identifying several themes in perceptions expressed in
tweets. Convergence analysis revealed mutual topics from tweets and interviews:

self-pity, humour, disclosure, lack of understanding - topics that reflect stigmati-



zation; attachment to inhaler and perceived sense of community. However, the
presence of negative humour and self-pity was much more prominent on Twitter
than in interviews, signifying that some perceptions are more freely expressed on
social media such as Twitter, than in the laboratory setting. Conversely, inter-
views provide more context for stigmatization, though examples. Having recog-
nised the value of Twitter as a naturalistic setting for observing perception, this
work created a novel procedure for analysing perceptions in ‘big data’ comprising
of filtering, activation, evaluation and modality, that can be used in asthma non-
related domains. The results indicate that perceptions related to stigma are the
most prevalent negative perceptions about asthma held by both asthma patients

and non-patients (following the Twitter analysis).

The next stage of research expanded on this initial conclusion by assessing the
impact that negative perceptions have on adherence to medication by people with
asthma. The third study measured the impact stigma-related factors have on
adherence to asthma medication, concluding that denial was the strongest fac-
tor. Mediation analysis using coping mechanisms as mediators also highlighted
the non-atomic nature of stigma, identifying different underlying mechanisms by
which factors relating to stigmatisation of asthma impact patients’ adherence to
medication. However, this work also indicated there is potential information shar-
ing and non-linear interactions occurring across factors. This led to the final study
that mitigated the effects of non-linear relationships, using a first Grouped Model
Class Reliance (Group-MCR) to compare and quantify the importance of sev-
eral groups of factors in predicting adherence (including perceptions, demograph-
ics, lifestyle, coping, emotions, asthma and psychology traits). This final, fourth
study was important in linking up the work of this thesis as it established that
perceptions are not just important in predicting adherence - they are the strongest
set of predictors of adherence when compared to other factors considered in the

literature.

i



This thesis takes advantage of a mixed-method approach, highlighting the value
of the exploratory nature of qualitative work that provided the context and en-
abled identification of relevant perceptions; the strength of traditional statistics
in describing effects, which was evident in the mediation analysis that implied
different stigma mechanisms; and the predictive power of machine learning when
dealing with complex, non-linear relationships and large amounts of data. This
work indicates that public health interventions should focus on patients’ percep-
tions as an important component of treatment. In addition, the non-atomic and
intrinsic nature of stigma identified within patients with asthma and the general
public, underlines the importance of not only changing the negative perceptions
of patients in the development of future interventions, but also engagement about

asthma with the wider public, with the ultimate aim of reducing stigma.
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Chapter 1

Introduction

1.1 Theoretical Motivation

Asthma is a prevalent health problem, globally affecting around 300 million peo-
ple of all ages, ethnic groups and geographic origins [43]. Substantial research
has been examined on asthma incidence finding it has a significant geographical
disparity and that traditionally assessed risk factors (e.g. air pollutants, envi-
ronmental and in utero tobacco smoke, viral infections, indoor allergens etc.) do
not fully explain these trends [205]. Despite the research efforts, we still have
uncontrolled, unpredictable, and untreated asthma. Today, the main emphasis
in asthma medication care has shifted from the relief of symptoms via symptom
relief inhalers, to the prevention of asthma symptoms, using anti-inflammatory
steroid inhalers, also called preventers [137]. This is mostly due to the fact that
the over-reliance on use of beta antagonists from reliever inhalers is potentially

harmful [50].

However, the effectiveness of medical regimens are dependent on patients’ willing-

ness to adhere to asthma medication [217]. In order to effectively participate in
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their asthma management, patients are required to understand what kind of med-
ication they need, understand its purpose and follow through with their asthma
treatment [229]. Moreover, there is a drive from the medical field to create more
pro-active patients, since the regular use of medication would prevent many nega-
tive outcomes. However, despite being a highly treatable condition, asthma mor-
tality rates remain unacceptably high, with lack of adherence to medications cited
as a major cause. It is well documented in clinical practice that adherence to

asthma treatment ranges from 38% to 50% [20, 21, 45].

Non-adherence to medication leads to uncontrolled asthma symptoms that could
ultimately affect patients’ quality of life and may ever result in deadly asthma
attacks. In fact, it is stated that in the UK alone, an average of 3 people die
from an asthma attack each day (Asthma UK). There is also a large proportion
of healthcare spending due to non-adherence [300, 135, 10]. Understanding what
makes people not adhere to their medication properly is one of the main tasks of
this thesis. There are further methodological, and theoretical motivators for this
research especially in relation to adherence and asthma perceptions, which is a
complex topic to investigate. These are described in this section, along with the
chosen research paradigm and methodological opportunities that correspond to

research objectives.

e Non-adherence to medication is a complex problem. While various drivers
of non-adherence have been considered in isolation, interactions between
demographic, behavioural and situational factors have never been modelled
in concert, which would uncover their interactions and highlight the most

relevant group - that would direct where interventions’ focus should be.

¢ Insufficient attention has been paid to negative perceptions such as stigma
and perceived judgements of peers. However, if we aim to understand rea-

sons for non-adherence, socio-cognitive factors, such as perceptions and be-
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liefs should be taken into consideration, because patients have to deal with a
whole set of situational, psychological and social factors that shape the way
they perceive their condition [154]. When patients get diagnosed with a se-
rious condition such as asthma, they create perceptions about the condition,
treatment and themselves, based on their knowledge and experience [136].
As patients try to incorporate the identity of someone who has asthma, per-
ceptions they create can change their experience, modify the meaning of it
and increase or mitigate the stress related to asthma management [137]. How
people frame their condition to themselves also relates to whether they sub-
sequently engage in positive coping mechanisms, such as information seeking
or maladaptive coping mechanisms, such as hiding or ignoring asthma, where

both types of coping can impact their decision to adhere to their treatment

[295).

e Previous research often does not take into consideration the context of pa-
tients’ social surroundings that also affects perceptions and ultimately, ad-
herence. While some studies focus on the impact of demographics, person-
ality traits, or even the health polices, few studies have investigated the
impact that patient-related socio-cognitive factors have on adherence. This
includes perceptions other people have about asthma and asthma patients,
which may inform patients’ perceptions and behaviours. Patients’ social sur-
rounding is important not only in terms of the support they can provide,
but also in terms of the potential negativity and stigmatization that would
make them feel embarrassed and reluctant to use medication in public (or

at all).

This PhD, therefore, emphasizes that perceptions that inform a patient’s identity
are ‘complex, recursive, reflexive and constantly under construction’ - as products
of interchanges among people [319]. If we were, however, able to demonstrate the

impact perceptions have on adherence and that both other people’s and patients’
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view are relevant to one’s treatment strategy, this would highlight the need for an
upgraded paradigm in the medical field: patients should not be the sole culprits
of non-adherence and subsequently, targets of interventions; society should accept

some responsibility, as well.

1.2 Philosophical stance

This thesis sits at the intersection between psychology and data science while each
have their own respective assumptions, especially with psychology mostly being
interested in explanation, while data science is usually focused on prediction. The
thesis also consists of two distinct parts: the first is focused on exploring which
perceptions exist in the domain of adherence to medication regimes; how they can
be understood and categorized. The second part examines the extent and relevance
of the impact those perceptual categories, such as stigma, have on adherence to
medication. Based on this research topic, the choice of the research paradigm
is important, because it directs the intent, motivation and expectations of the
research [189]. Perceptions are particularly fuzzy, complex, not easily captured
or measured. This is why critical realism, as a research paradigm, is appropriate
for this work. Critical realism enables capturing the complexities of the topic
by untangling the underlying mechanisms and it also allows for measuring the
impact on behaviour. This position of critical realism is also taken with the goal to
drill down into the topic, both qualitatively and quantitatively [189]. Specifically,
mixed methods are tightly assigned to this approach that requires iterations of
theory using various methods, which has been recognised as a key element of
critical realism, increasing the ability to symbiotically obtain new knowledge [12,
189]. This, therefore, highlights a mixed-methods approach embedded in this

work, that aims to offer both methodological and empirical contributions.
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1.3 Research paradigm

Research paradigms can be considered to be the philosophies of science and they
consist of: ontology, epistemology, axiology, methodology and rigor [223]. In the
field of research of asthma perceptions and asthma adherence, several paradigms
were recognised, however, the most vivid separation exists between the extremes:
positivist and interpretivist approach. Positivism is based on rationalistic, em-
piricistic philosophy and aims to observe and measure, in order to predict [189].
Positivists assume that a single, objective reality exists, regardless of individual
perceptions [140]. This means that positivists tend to hypothesise and evaluate
causal inferences with the focus on validity, explanatory power and parsimony
[256]. This kind of work is devoted to quantified information and empirically ob-
servable phenomena. Even though it is not limited to specific methods, it most
commonly aligns with a quantitative approach [256]. This research takes a posi-
tivist ideas to the extent, as it tests and measures relationships that exist between
perceptions and adherence to medication, creates predictive models to detect per-

ceptions and to quantify the prevalence of negative perceptions.

Conversely, interpretivism (or often called, constructivism), strongly rejects posi-
tivism [153]. This approach is based on the philosophy of hermeneutics, has the
goal of understanding the human experience and relies on the participants’ views
and perceptions [189]. Interpretivists advocate that time and context-free general-
isations are not possible and not even desirable, since the observer is not separate
from observed entities [153|. Specifically, this paradigm posits that interpretative
analysis of subjective meaning cannot and should not be tested across other cases,
due to its unique tie to a particular system [161]. Contrary to positivism that tries
to come close to the objective truth, interpretivism posits that multiple subjec-
tive truths exist. However, this is often criticised as there are no clear standards

that determine which subjective interpretation is judged to be better than an-
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other [94]|. Considering the differences between positivism and interpretivism and
their fundamental assumptions, it is understandable why their goals are different
as well: while positivists focus on prediction, generality and replicability, the in-
terpretivists aim to obtain interpretation, specificity and self-validation [161]. In
the context of this thesis, interpretivist view on reality is utilized when qualitative
research was used to explore and identify which perceptions about asthma exist

within asthma patients’ group and on the publicly available tweets.

Purists from both sides of the spectrum see the two opposing paradigms as incom-
patible and impossible to mix. However, the mixed method approach eventually
emerged and was suggested as a third paradigm [84|. Mixed methods are intro-
duced not to resolve the debate between qualitative and quantitative approach,
but to legitimate the value of using multiple approaches, by being inclusive and
complementary, rather than limiting the choice to a single method [153]. For this
reason, the mixed method approach was chosen in this thesis - in order to examine
the research topic from a multi-layered perspective and obtain a more complete
observation of perceptions and their impact on adherence. Even though mixed
methods can be used with any paradigm, this approach is particularly supported
by Post-Positivism and Pragmatism, the remaining two philosophical approaches
that are, on the research continuum, positioned between positivism and interpre-

tivism [189].

Pragmatism is not committed to a single philosophy [189]. In fact, pragmatism re-
jects traditional dualism, ‘either’ ‘or’ choices, and recognises that both natural and
social worlds exist [153]. Pragmatically inclined researchers take the value-oriented
approach to research and prefer action to philosophising [153]. Specifically, the
focus of pragmatism is to provide the response to the question, without having the
loyalty to any particular method. This means that there are no strict assumptions
for the researcher apart from the agreement that scientific research occurs in many

contexts, as we are historically and socially conditioned [59]|. Pragmatists also im-
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ply that while reading the world we can never be sure if we are, indeed, reading
the world or ourselves [59]. However, after reviewing interpretivism, positivism
and pragmatism, post-positivism was determined as the best suited philosophy of

science behind this research.

The ontology of Post-Positivism - called Critical Realism, asserts the existence of
the external reality that can be imperfectly discovered [287|. Post-positivism is
often seen as a middle way between positivism and interpretivism and it bridges
the gap between these extremes by providing a more dynamic mode of enquiry
[320]. Critical realism recognises that our world view is always mediated by our
perceptual lenses, which supports the validity of the nature of perceptions as a
research topic [203]. Critical realism is suitable for this work, as while it assumes
that the world is driven by generalizable laws, it is also made of thinking, breathing
human beings, events, objects and social phenomena that are context dependent
[94]. These assumptions, therefore, support this research that aims to obtain the
required balance between psychological interpretability (i.e. explanation) and data

science-related analytical utility.

Similarly to the Copenhagen interpretation that states a quantum particle may
be forced into a different observable state each time, perceptions are equally hard
to observe. For example, people may be reluctant to express how they feel in
front of a researcher due to the social desirability bias [61|. In order to increase
the ability to examine perceptions, this work conducted a varied spectrum of
methodological approaches, which has been recognised as a key element in creating
an increased ability to synergistically obtain new knowledge [12, 189]. Critical
realism is, therefore, best suited as a philosophy of science behind this research,
since it accepts that different types of knowledge objects (including social and
conceptual) have different characteristics and that multiple lenses can obtain more
complete findings than a single approach [203]. While critical realism provided a

basis for the philosophy of science in this thesis, the central theoretical framework
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of this work is related to health psychology and applied computer science, which

is described in more detail in Section 1.7.

1.4 Methodological opportunity

It is relevant to discuss the methodological opportunities that arise as a result of
adopting critical realism as a philosophy. In order to assess which perceptions exist
in the world of asthma patients as well as non-patients, the exploratory part of
this thesis was aligned with a qualitative approach. When it comes to eliciting the
discovery of new dimensions of the phenomenon, qualitative research is particularly
powerful, as it enables the researcher to seek shades of meaning in the investigation
[292]. However, this work also measured the prevalence of topics within groups
of perceptions that are discovered and, finally, assessed the impact perceptions
have on adherence. Considering that these are, in nature, quantitative questions,
quantitative research also has a major role in this thesis. After the exploratory
research and establishing which perceptions exist, quantitative research was useful
as it is deductive in nature: theories are tested by formulating hypotheses and

applying analysis that accepts or rejects these hypotheses [307].

However, quantitative research faces some challenges. Considering the nature of
perceptions, many people are not very open in expressing their true opinions and
beliefs, often due to social desirability of responses and demand characteristics,
since surveys are similar to a laboratory setting where people are ‘put under a
microscope’ [146|. For this reason and for the purposes of this work, it was recog-
nised that it can often be more useful to collect more naturalistic data (e.g. openly
accessible social media data), since people express themselves there more openly.
Another challenge of quantitative work is that it often only focuses on particular

models, linear relationships and takes a theory driven approach, rather than a data
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driven approach. This means this approach seemingly ignores the rich and diverse
span of context and experiences of social context. The current work in the field of
adherence to asthma medication is primarily focused on describing the causes and
drivers of one’s behaviour, however, we should also be able to successfully pre-
dict adherence to medication. This is where data science, a field that represents
an extension of the existing quantitative approach, is particularly effective, since
machine learning, as a set of data science techniques, is (more than psychology)
reliant on inductive approaches and focused on prediction, rather than explanation

[167).

In fact, recently, a whole range of research opportunities has emerged with the de-
velopment of technology, the velocity, variety, and volume of new big data sources
[23]. The ‘quantified self movement’ or recording and observing daily fluctuations
of many health-related aspects of patients’ lives has particularly contributed to
this [211]. This movement can be especially relevant to health research. Novel
data sources are a good route toward capturing attributes that are relevant to an
individual’s thinking, mood and behaviour as changes in activities online are often
related to changes ‘offline’ [81]. In fact, Quercia et al. (2012) examined the link
between users’ Facebook contacts and their personality traits and found that the
nature of online interactions is not different to interactions in the real world [236],

which adds to the validity of examination of online sources.

It has been argued that big data collection tools and machine learning techniques
are particularly suited for pattern recognition and analysis of large and often
unstructured data, relying usually on inductive methods. They often elevate tra-
ditional quantitative work as they offer an insight into people’s real behaviour
(outside of the lab context), and they have less issues with replicability or chal-
lenges that arise from small sample sizes. Social media and other ‘novel data’
sources are a powerful pioneering approach to research, bringing the potential to

gather insights about different population perceptions, lifestyles [210, 224| and
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even psychology - Stillwell (2020) stated that users disclose information about
themselves more than they even realise [283]. These characteristics of big data
and machine learning techniques that utilize this kind of data are discussed in

more detail in Section 2.3.

Methodological opportunity is also reflected in the requirements of the research
topics, perceptions and adherence to medication. There is strong support in lit-
erature that claims adherence to asthma medication is influenced by a range of
factors (other than perceptions), such as demographics, personality and psycho-
logical traits [18, 282, 19]. This means that asthma medication adherence is more
than a pharmacological treatment, because patients have to deal with a whole set
of situational, psychological and social factors that potentially shape their daily
lives and the way they perceive their condition. As such, a holistic approach is
likely to be suitable in this research. It would help to create a ‘big picture’ about
adherence to asthma medication and the assessment of importance of various sets
of perceptions in relation to adherence. In other words, there is a need to ob-
serve a patient not only through their demographic traits, but to also take into

consideration the circumstances and their social cognition about asthma.

1.5 Research Gap

Previously used perceptions: Patients’ perceptions have been the focus of
both qualitative and quantitative research and that work was mostly based on
a theoretical background, such as the Health Belief model [56]. Examples of
perceptions that have been identified by the previous research, as having an impact
on adherence include: acceptance of one’s condition [171]; perceived consequences
and potential outcomes; locus of control (what caused their condition); perceptions

about the inhaler and inhaler technique [145]; social support [244]; the perception
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of risks of non-adherence and others [34, 127|. However, the known theoretical
models only explain 22% to 36% of the variance in adherence to preventive inhalers,

which means these models could be open to improvements [39].

Contradictory findings: Studies in this field also vary in methodological ap-
proaches and results include some contradictory findings with respect to whether
factors predict adherence to medication [89]. For example, some studies found
that stigma has no impact on asthma treatment adherence [277], whereas others
claim stigma can have a significant negative effect [66]. Additionally, one study
found that participants that were married, older and white had better adherence
[241], whereas other study stated that demographics explain only a small amount

of variance in adherence [137].

A lack of conceptual definition of perceptions in computer science: It is
also important to note that previous work about perceptions has been conducted
usually in the field of health psychology, or in a business context (e.g. estimating
customer perceptions). However, while there are ways of detecting sentiment in
big data (via sentiment analysis [103]|) and even opinion (via subjectivity analysis
[313]) there is no clear method of identifying perceptions and capturing them
using quantitative tools for big data, which is a unique research gap that this

work addresses in Chapter 4.

Interchangeable nature of perceptions: The particular type of perceptions
that are mentioned in this work are socio-cognitive perceptions that take into
account that patients are a part of the ever-changing socio-cultural environment.
These perceptions have been investigated only sparsely in relation to their effect
on adherence to asthma medication. This means that studies have largely ignored
perceptions patients have about their illness and asthma in the context of the
society and the impact other people might have on patients’ decisions. This study,

therefore, takes into account perceptions about people with asthma, both from
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their point of view and from the point of view of the general public, taking into

account their potential interconnectivity.

More than just a medical condition: The research about asthma and asthma
adherence has traditionally been focused on the physical aspects of asthma, while
the effect of patients’ social cognition and situational features are less investigated
[45]. However, perceptions and adherence to medication are more than a clinical
topic, because every patient has their own psychological and demographic charac-
teristics, habits, and opinions that drive their behaviours [154]. This idea is in line
with the previously stated need for a paradigm shift and having a more pro-active
health care that takes into account the fact that patient experiences should be

valued and understood [15].

The theoretical perspective on adherence: There is a body of literature
about factors that predict adherence to asthma medication (see Section 2.1.3).
However, most studies only examine individual factors that predict adherence
without taking into account the holistic nature of human experience and that
different predictors of behaviour interact and inform each other. For example,
research was dedicated to estimating the impact demographic characteristics have
on adherence [89]; associations between adherence and: characteristics of asthma
including severity and length [29]; perceptions and beliefs [26] and other factors.
Some of the quantitative studies even include several groups of factors. For ex-
ample one study had questions about demographics and lifestyle behaviours and
asthma severity [57]. However, studies usually do not approach the research of
adherence from a combined perspective, using a holistic approach to examine how
several groups of features interact and affect adherence. Studies most commonly
take into account only individual features. Previously observed factors can be
organised into distinct groups such as situational, demographics, behavioural and
cognitive factors, but studies usually focus on investigating these groups individ-

ually, considering only one or few variables at a time [177]. As a result, there is
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little consensus as to which of these groups is the most relevant to adherence to

asthma medication. This gap is addressed in Chapter 6.

Stigma mechanisms: Stigma, as a group of negative perceptions related to
asthma adherence, remains largely unexplored. Several stigma-related factors have
been identified in the literature, however, current research treats stigma as irre-
ducible and does not differentiate between underlying stigma mechanisms when it
comes to assessing the impact stigma has on patients and their behaviours. For
example, there is little to no research about stigma-related features (and their im-
pact on adherence) such as disparaging humour, or the negative impact of media
in the context of asthma patients. Similarly, research does not delineate between
the source and the target of stigmatization (hence disregarding the role of non-
patients in interventions) [172]. This is important because understanding under-
lying mechanisms of stigma could lead to more effective communication strategies
and a greater focus on the patient’s perspective, unlike today’s practice where the
majority of designed strategies come from the perspective of health professionals

I15].

Limited qualitative and quantitative findings: The public health field, in
relation to asthma, could in general be considered as data-poor (due to small
sample sizes, lack of geographically linked data, temporal lags between the stud-
ies and ethical requirements). Promising here are non-traditional data sources,
particularly big data [23]. While such data has had noticeable success in the field
of emergency room visits related to asthma, adherence to asthma medication has
not been investigated in this manner [239]. This is particularly relevant given that
the existing research is usually qualitative in nature and quantitative studies often
examine only linear relationships. This means that some of the relevant insights
could have been omitted and there is a need to re-assess not only the relevance of

particular individual perceptions, but also their group relevance to adherence.
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The need for mixed methods: A convergence of qualitative, quantitative ap-
proach and its novel extension - data science, can shed light on the topic of per-
ceptions and adherence in a brand new way that has not been recognised enough
in terms of methodological benefits. The existing research usually uses only a
single lens approach. However, as it has been previously stated, adherence to
asthma medication is a multidimensional problem and perceptions could be seen

as a ‘wicked topic’, that needs to be examined from multiple perspectives.

1.6 Research Objectives

This thesis married the strength of several methodologies: qualitative research,
traditional statistics and machine learning techniques to investigate the mech-
anisms of socio-cognitive factors and how they affect a particular behaviour -
adherence to asthma medication. This PhD combined not only methodologies,
but also disciplines, specifically, data science and psychology. This is reflected
in research questions upon which this PhD investigation is based. The following
sections describe the four studies that were conducted, that used qualitative inter-
views and descriptive analysis of tweets (Chapter 3); machine learning techniques:
classification and topic modelling in detecting perceptions in tweets (Chapter 4);
traditional statistics to investigate stigma mechanisms (Chapter 5) and Model
Class Reliance to assess which group of features is the most predictive of non-

adherence (Chapter 6).

14



1.6. RESEARCH OBJECTIVES

1.6.1 STUDY 1la: Examining patients’ perceptions about
life with asthma through interviews and STUDY 1b:
Examining perceptions about life with asthma based

on content analysis of tweets

Study 1 (a and b) represent a convergence analysis that aims to identify categories
of perceptions that exist about asthma and people who have asthma. Obtained re-
sults discriminate between internal patients’ perceptions (how patients see asthma)
and external perceptions (based on interactions with non-patients). Through the
use of in-depth interviews with asthma patients and content analysis of social
media data, this work also created the comparison of what people with asthma
believe others think about them and what others actually think. There are some
significant similarities and overlaps between common themes, mostly related to

stigmatization.

1.6.2 STUDY 2a: Filtering perceptions from non-perceptions
in tweets and STUDY 2b: Measuring perceptions from

tweets based on activation, evaluation and modality

This part of work is concerned with creating a procedure of perception mining on
Twitter, that is composed of four parts (filtering perceptions, activation, evaluation
and modality). This is followed by grouping perceptions according to the level of
activation (active or passive), evaluation (positive or negative) and then extracting
emerging themes to understand the content within these established groups. These
tasks are accomplished via Natural language processing and classification models,
as classic data science methods. The primary goal of this study is to obtain

insights about more naturalistic public perceptions as expressed on Twitter, that
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are not made in a controlled, laboratory environment. The resulting four groups
of perceptions can, overall, be summarized with two leading themes: the presence
of stigma and the perceived sense of community that exists online. The secondary
goal is to also quantify the presence of each obtained topic. This method of
extracting perceptions could potentially be applied to another case study that
deals with a different research topic (therefore, this method is not exclusive for

perceptions related to asthma).

1.6.3 STUDY 3: Stigma mechanisms and their impact on

adherence to asthma medication

Since stigma is recognized as a set of dominant perceptions of asthma, this study
builds on the previous work that examines effects of stigma on adherence |7, 277],
with the goal of investigating stigma as a non-atomic concept. Specifically, this
is achieved via dissection of individual and cumulative effects that stigma related
factors have on adherence, through the lens of Multiple Linear Regression. The
individual features taken into account are: discrimination, denial, the effect of me-
dia, disparaging humour, exogenous perceptions and internalised stigma. Results
demonstrate that only denial has a statistically significant predictive value, even
though the majority of features have significant correlations with adherence. The
second part of this research is focused on the mediating effects that information
seeking and ignoring asthma have on the relationships between adherence and
individual stigma features. This work emphasises that these coping mechanisms
differently mediate relationships between different individual stigma-related fea-
tures - which indicates that they all have distinct underlying ways of affecting

patients.
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1.6.4 STUDY 4: Using Model Class Reliance to measure

group effect on adherence to asthma medication

The final part of this thesis focuses on empirically assessing the role and impact
of perceptions on adherence. Having defined non-adherence as a multidimensional
problem in the study, this work advances techniques able to take into account po-
tential interactions between the groups and unpick non-linear relationships that
exist between groups of factors affecting adherence. This study introduces a novel
approach, Group-Model Class Reliance (Group-MCR), a method that is capable
of providing the importance of features, by taking into account that many pre-
diction models may fit the data [106]. The use of this machine learning method
enables creating a full circle in this work, since by progressively moving to the
examination of the most complex type of relationships, this study was able to re-
iterate the relevance of perceptions in affecting adherence to medication. Results
highlight that out of all previously mentioned groups (e.g. demographics, lifestyle,
personality traits), it is perceptions and their nature that need to be in the focus

for the future work and interventions.

1.7 Central Contribution

The contribution of this thesis can be described as trifold. Firstly, this thesis
creates a direct contribution in the form of empirical implications for the field
of health psychology (and specifically, asthma research), which are elaborated
on in the following Section 1.7.2. Secondly, this work also contributes to the
field of applied computer science (data science) by introducing two novel methods
of analysis: extraction and analysis of perceptions from text and introduction
of a method named Group-MRC. Both of these contributions are explained in

more details in the Section 1.7.1, as well as Chapters 4 and Chapter 6. These
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contributions to both health psychology and data science fields are also exemplified
by publication venues that accepted academic publications resulting from this

work.

Thirdly, and most importantly, this work also demonstrated the utility of synergy
created by using different methodological approaches, in researching complex so-
cial and psychological problems. This synergy can be applicable more broadly and
on another range of similarly complex topics. Understanding reasons behind non-
adherence to asthma medication through the role of perceptions is one of these
complex tasks, and it is difficult to examine it because it includes a myriad of nu-
ances and intertwined factors. As a result, there are many unanswered questions
about what people really think about asthma patients and how these perceptions
affect patients’ views of themselves and their conditions. Using a single lens ap-
proach is often insufficient, as each approach has its own limitations (summarized
in Table 7.1). Equipped with insights from deep conversations with patients, big
data in the form of tweets and responses from a survey, this thesis created a syn-
ergy between different methodological approaches to respond to questions: what
perceptions about asthma patients exist; how prevalent are they and what is their
impact on adherence. Therefore, one of the main arguments of this thesis is that
combining different methodologies: qualitative research, traditional statistics and
machine learning techniques can produce information that may be missing if only

a single perspective is adopted.

This thesis, therefore, proposes new forms of triangulation, as each study had a
unique contribution and the resulting insights are greater that the sum of individ-
ual parts. Specifically, qualitative research enabled identification of perceptions
and a better description of a wider socio-cultural context in which perceptions are
created and re-defined. These findings would not be as complete if a quantitative
approach was followed at the start, as many underlying nuances would be missed.

Conversely, quantitative approach provided a quantified prevalence of identified
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perceptions and a possibility to measure and interpret the impact they actually
have on adherence. Interpretation of stigma mechanisms was a unique contribu-
tion of traditional statistics that would not be possible using qualitative approach.
This work also highlighted the benefits of using primary data, collected specifically
for the purposes of this analysis, as opposed to using secondary data that usually
does not enable connection between data sources, which also means that we often
cannot test the impact of features on the outcome. Lastly, big data analytics, as
a novel approach, demonstrated the power of big data and greater sample size in
measuring the prevalence of perceptions in publicly available tweets, which has the
competitive edge over examination of opinions using traditional tools of statistical
approach, such as surveys, that obtain a much smaller sample size. Addition-
ally, data science tools are capable of identifying and untangling more complex
relationships, which provided much better understanding of the essential value of
perceptions - something that both qualitative research and traditional statistics
could not achieve on their own. In short, the synergy of these approaches is ca-
pable of capturing more complete information about topics that are notoriously

hard to measure and assess.

In summary, this PhD leverages a transdisciplinary approach, combining psychol-
ogy and data science in order to examine the impact socio-cognitive perceptions
have on adherence. The thesis is also set against a background of the Horizon Dig-
ital Economy Centre for Doctoral Training (CDT; UKRI Grant), at the University
of Nottingham. As such, a strong multidisciplinarity is a key characteristic, which
for this thesis also means strong links with both application and industry stake-
holders - in this case Glaxo Smith Kline. As a consequence, the studies in this
thesis combine qualitative underpinnings to engage with socio-cultural context,
move on to quantitative research (both via traditional statistical approaches and
predictive algorithms/novel data science techniques), before considering implica-

tions for medical research. The following summarises some of the contributions of
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this work in more detail.

1.7.1 Methodological Implications

As mentioned in the previous Section (1.7), one of the main contributions of this
thesis is the proposal of advanced mixed methods that can be used to examine
other ambiguous, fuzzy and otherwise problematic topics. The main goal is to show
that in this particular case, the triangulation of various methodologies (and even
paradigms) can create more impactful insights, rather than relying on traditionally
used single sets of lenses. Furthermore, some main lessons that have been learnt
(see Chapter 7) through this process can be useful for other case studies that deal

with similar topics.

Additionally, methodological contribution is also reflected in the proposal of novel

methodologies:

e The first one is described in the paper [182| that details the process of detect-
ing perceptions in text data, using linguistic features and word embedding
approach. As the extension of filtering perceptions, Chapter 4 established
four pillars of perception definition: in addition to filtering, there are acti-
vation, evaluation and modality. The goal of this methodology is to detect
perceptions from large quantities of text and to quantify their prevalence in
short text, such as tweets. Establishing that public data, such as Twitter, is
a significant source of relevant public perceptions, this methodology can be

applied to examination of perceptions related to another concept.

e Secondly, following the current deficiencies of explanatory approaches in
methods from Computer Science, that give rise to issues related to multi-
collinearity and interaction effects [125, 276, the work in Chapter 6 intro-

duced previously mentioned Group-MCR. This modelling approach, that is
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able to take into account multiple models and indicate each group’s util-
ity, has also been summarised in a paper published at IEEE Big Data 2021

conference [181].

1.7.2 Empirical implications for the clinicians and the field

of asthma research and health psychology

This thesis also contributes to the filed of asthma research in several ways:

e This work provides the interpretation in terms of which groups drive non-
adherence, which could provide a better understanding of asthma patients
and what drives their behaviour. Identifying this group to be the group of
perceptions (see Chapter 6), provides implications for the future interven-
tions that could develop markers of non-adherence and allow patients and
clinicians to be more proactive in controlling asthma [177, 29]. Discovering
the reason why a particular group of features is the most relevant could
more specifically direct future communication techniques. Needless to say,
focusing on the wrong type of interventions leads to no changes in treat-
ment success [29]. Therefore, instead on focusing on reaching patients in
rural areas (if demographics were deemed as the most important) or reach-
ing patients with a particular personality trait (in case personality was the
most relevant factor of non-adherence), this work emphasises that efforts
should be focused on reduction of stigma and changing not only patients,
but also public perceptions. These implications are explained in more detail

in Section 7.8.

e Uncovering the damaging effects of stigma and that they are reflected not
only in discrimination acts, but also in disparaging humour and most im-

portantly denial (see Chapters 4 and 5), could enable potential untreated
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patients to be helped by specifically tailored asthma campaigns, thus, hope-
fully increasing the diagnosis level. Additionally, these insights could inform
a more efficient communication between patients and their health profession-
als. Lastly, Chapter 5 implies that social media could be both the source of
stigma, but also the source of support, which means that the future commu-

nication could be developed for carefully chosen social media platforms.

e This work was based on hypothesises that asthma is more than a medical
condition and that patients’ socio-cognitive factors such as perceptions are
not only informing patients’ treatment - they are a crucial aspect of it.
The results of this work emphasised the importance of not only observing
patients as integrated in their social environment, but also that patients
could be treated as more proactive participants in their treatment if we take
into account their perspective and their views. This could lead to better

patient outcomes and lowering both personal and stakeholders’ costs [206].

1.8 Overview of the thesis

This section describes in more detail the structure of this thesis. This structure is
also visually represented in Figure 1.1. The thesis starts with a literature review,
which was conducted with a goal of assessing previous research that exists in
terms of: methodological approaches and also in terms of the current advances
in the field of asthma patients’ perceptions of their condition and research on
adherence to asthma medication. The overall work conducted in these studies has
two parts: the first is related to the exploratory analysis of perceptions and the
second part is dedicated to investigating how these perceptions impact adherence
to medication. Studies 1 (a and b) and Study 2 (a and b) are dedicated to the first
goal of exploratory analysis and Studies 3 and 4 are focused on the second goal

of assessing their relationships to adherence. The Discussion chapter (Chapter 7)
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reflects on the ‘lessons learned’ about the methodologies applied and how they
helped in answering the research questions, as well as the overall discussion of the
empirical findings. This is followed by the Conclusions chapter (Chapter 8) that

closes this work.

The overall thesis emphasises that mixed method approach can be extremely use-
ful in investigating topics such as perceptions, however, there are some significant
limitations that were acknowledged in terms of each method used. Most impor-
tantly, the order in which different methods are used is discussed as a potential
weakness. Additionally, this work recognises the relevance of the basis set by tra-
ditional statistics, but also the potential of using ‘big data’ (e.g. social media
data) for the medical field, as well as the benefits of machine learning approaches

when it comes to investigation of complex relationships.

Practical conclusions are reflected in the idea that both patients’ perceptions and
other people’s perceptions about asthma play a major role in the life of asthma
patients and can significantly impact the way patients adhere to their medication
treatment. Stigma, in particular, is recognised as one of the major sets of percep-
tions and due to its damaging nature, a special attention was dedicated to further
elaboration of stigma mechanisms. This work emphasises the need to address
negative public perceptions with a goal of providing patients with a more accept-
ing social environment they deserve. Additionally, some beneficial perceptions
were detected, in particular the perceived sense of community, which emphasised
the importance of not only patients’ social environment, but also of its digital

component as well.
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Figure 1.1: Structure of the thesis
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Chapter 2

Literature Review

This chapter consists of three parts that support the theoretical and methodolog-
ical aspects of this thesis. First, the general overview of the literature about the
nature of perceptions and adherence to medication is examined, including the
existing work about adherence to asthma medication, as well as perceptions, as
socio-cognitive factors that affect adherence. Some previously used perception
models are discussed, alongside their potential implications and importance to
health. This chapter also highlights some relevant gaps in the literature that serve
as a basis and motivation for the theoretical contributions targeted by this thesis.
As well as providing a framework, this review of the literature around percep-
tions and adherence leads into the second part of this chapter, which reflects on
methodological approaches that were previously used to examine the topic. Par-
ticular attention is paid to the results obtained in studies that were previously
conducted in the field, in order to highlight how the research in this work can

complement existing insights by introducing a novel mixed method approach.

Ultimately, the third Section of the chapter, is focused on discussion of the nature
of methodological approaches that have been applied in the field, to provide sub-

stance for the methodological structure of the thesis. This section discusses both
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qualitative and quantitative techniques previously used to assess perceptions and
behaviours. There is also discussion of novel methodologies that can be considered
as quantitative, but which lean heavily on ‘machine learning’ techniques that are
more inductive in nature than traditional statistical methods. Special attention
is given to an overview of similarities and differences between these various new
methodologies in order to highlight how they can complement each other, and how

each has unique potential to contribute to the research.

2.1 Part I. The Nature of Perceptions and Adher-

ence

“If you say you have asthma, you're put into this

unhealthy-something-wrong-with-you box”

- Nicole (34)

The topic of this research are patients’ perceptions and their impact on adherence
to asthma medication. This part of literature review, therefore, focuses on unpack-
ing adherence, and the factors that previous research has deemed as significant in
terms of their impact on adherence to asthma medication regimen. The following
sections explain the mechanisms that affect perception creation and the relevance
perceptions have for asthma patients’ behaviour and their health. Additionally,
this section elaborates on the difference between medical and sociological views
on perceptions, which at the same time highlights the key research gap considered
in this thesis. Lastly, this section is concluded with discussion about the nature
of this topic of perceptions, which due to its vague and unobtainable nature can
be considered to be a ‘wicked problem’ [141]. Consequently, the literature review

concludes with the discussion as to why a single-problem-solving mechanism may
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not be enough when researching perceptions and their impacts.

2.1.1 To adhere or not to adhere

There has been a long standing focus in the field of medicine to create effective
medication that would be able to combat chronic conditions, including asthma.
However, despite these efforts, effectiveness and benefits of the medication have
often not been fully realised due to a fact that many patients simply do not adhere
to their medication regimen [47]. Specifically, some studies argue that the level
of adherence to asthma medication does not go over 50%, which represents a
significantly suboptimal non-adherence for the population [20]. In fact, previous
work states that despite a large body of research, adherence rates remain nearly

unchanged [298]. This is problematic for several reasons.

‘No one should ever die of asthma’ is a common phase within health care, based on
the idea that if an asthma patient used their preventer regularly, they would most
probably prevent asthma exacerbation, attacks and other negative consequences
of asthma [39]. Apart from the most extreme consequences, non-adherence can
also lead to other (more mild, but still significant) asthma symptoms that affect
both one’s quality of life and everyday activities. Considering that around 3.5
million people in the UK alone have asthma, it is also easy to understand that
the cost that asthma brings is not only significant to the patients and their carers
[299]. Due to the frequent, urgent hospitalisations that are a result of asthma
attacks, significant levels of health care spending are allocated to asthma yearly
- in the United States non-adherence is estimated to bring the cost of 100 billion
dollars per year, while in the UK, approximately £230 million of medicines are
brought back to pharmacies [135]. There is little doubt that increased adherence
to asthma medication would benefit a host of stakeholders, patients and public

services alike.
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However, making a choice to regularly use medication is a complex decision-making
task and one where many competing variables are important. This is especially
the case when it comes to intentional non-adherence, with a patient making a
conscious decision to reject the treatment [284]. Previous work conducted states
that asthma adherence, just as asthma itself, seem to be related to numerous risk
factors. Recent, patient-related research implies that patient cooperation is of the
essence, and that if patients have an active role in their treatment, this can signifi-
cantly improve adherence [127]. Hence, socio-cognitive factors, such as perceptions
should be taken into consideration in unlocking the roots of non-adherence. This
is due to the fact that patients have to deal with a set of situational, psychological
and social factors that shape the way they perceive their condition and how they
behave as a result of this [154]. Before exploring these social factors in more detail,
the next section tries to triangulate what ‘adherence’ is and what known factors

have been examined so far, that implinge upon it.

2.1.2 What does adherence mean?

The literature defines adherence in relation to asthma, as a domain of discrete
behaviours that correspond to different parts of its treatment [55]. For the pur-
poses of this research, we consider adherence to be ‘the extent to which a patient’s
behaviour corresponds to proscribed recommendation from their doctor’ [49]. It
is interesting to note that adherence, as a term, has not always been used in
the literature - it has only recently replaced the term ‘compliance’, that arguably
conveys negative connotations about patients. This is aligned with the idea that
patients have a passive role in their condition management and that they are sim-
ply meant to follow their ‘doctors’ orders’. In other words, not complying with
doctor’s orders has been interpreted as patients’ unwillingness to follow instruc-

tions and deliberately sabotage their own health. Today, describing patients as
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adherent or not helps us conceptualise them as active problem solvers that use
‘common sense’ when it comes to following their treatment procedure [137]. This
change of terms is also reflective of the general shift in research that has started
to increasingly observe patients as active partakers in a treatment [137]. This new
perspective about patients also introduced a range of new factors that potentially
have a role in affecting adherence. However, a patient’s behaviour cannot be con-
sidered as completely led by common sense - there is still a vast array of factors
that play a significant role and some of them can even be outside of the patient’s
control. Next, we briefly explore some of the factors previously mentioned in the

literature, starting from a more traditional list.

2.1.3 Factors affecting adherence

Some of the factors that have been associated with non-adherence are: the com-
plexity of therapy; fear of side effects; methods of drug taking; dosage regimen; un-
derstanding of the illness and its complications; lack of symptoms; lack of training
on inhaler use; illness perceptions; social support; drug availability; disappoint-
ment due to no improvement {217, 50]; geographic macro areas; level of education;
patients’ beliefs about their therapy; type of inhaler [39]; perceived and actual
severity of disease; asthma duration; locus of control [234] and others. In sum-
mary, and according to previous work, adherence is determined by one of the
following categories: 1) therapy-related; 2) clinician related; 3) condition-related;
4) healthcare-related and 5) patient-related factors [39, 10]. Based on the variety
of factors addressed here, we can see that non-adherence is considered to be a

multidimensional problem.

It is also worth mentioning that a key delineation in patients’ non-adherence can
be observed as intentional, when a patient makes a conscious decision to not

take their medication, and unintentional, when factors outside of patients control
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take place (such as: forgetfulness or physical inability) [135, 97]. The difference
between these two types of non-adherence is that unintentional non-adherence
can be understood in terms of skills and abilities, whereas intentional can be
interpreted in terms of motivations [135, 20]. Therefore, the reason why patients
intentionally do not follow clinicians’ recommendations becomes more apparent
when we take into consideration patients’ attitudes, circumstances, lifestyle and
related factors. To illustrate, Clifford et al. (2008) examined differences between
non-adherers and adherers using the Necessity/Concern Model [64]. Intentional
non-adherers had lower perception of the necessity of their medication, as well
as higher levels of concern about taking it, than unintentional non-adherers and
adherers [64]. Given this evidence of a key role of perceptions, the next section

expands on some of the main characteristics of this concept.
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2.1.4 What are perceptions?

Not too long ago they discovered a painting, allegedly made by Van
Gogh. By many accounts, it wasn’t a pretty painting, it wasn’t Van
Gogh’s style and not something that would catch any critics’ eye. But
what was interesting about this - they really struggled to conclude
whether it was ‘a Van Gogh’ or not. For the purposes of this story it
doesn’t even matter what the conclusion was. What matters though
is this: during the investigation, the financial value of that painting
was changing from one moment to another - from being worth several
millions (if it really was his) to virtually nothing. But the painting
itself was always the same. And this is the power of our perceptions.
Perceptions make us change our actions from logical to irrational.
And we rarely estimate the real value of something only based on its
functional feature. Even if it’s only a piece of paper with silly flowers
drawn on it.

- excerpt from the Revisionist History podcast by Malcolm Gladwell

Before we start the discussion about the nature and challenges of examining per-
ceptions, it is crucial to try and pin down what perceptions actually are - par-
ticularly in the context of this work. In the example of food choice development,
one study explains that ‘perceptions’ not only relate to both sensors such as vi-
sion, taste or hearing, but also to mental concepts, which include motivation,
learning and experience [291|. Therefore, it is relevant to make a distinction
between perceptions, based on sensory information and perceptions as mental 1m-
pressions. This work is completely dedicated to the latter interpretation of the
term. In other words, this research refers to perceptions as socio-cognitive fac-
tors, such as opinions and beliefs that affect behaviour (where in the case of this

work, that behaviour is, of course, adherence to asthma medication). However,
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regardless of what kind of perceptions research is concerned with, dealing with
perception-based information is deemed as much more complex than dealing with
measurement-based information [220]. In the field of information sciences, one
study argues that perceptions are intrinsically fuzzy and granular when they re-
fer to perceptions in terms of recognising time, distance, force, shape and others
[220]. Any framework created to examine and measure perceptions is burdened
by a requirement of the complicated nature of the concept. In terms of psycholog-
ical definition of perceptions, a more detailed description of differences between

perceptions, opinions and attitudes are explained in section 4.1.3.

2.1.5 What is the relevance of perceptions, as mental im-

pressions, with regards to health?

In the context of medical health, perceptions have been recognised as an important
component, that potentially leads to emotional and psychological states that affect
behaviours, such as asthma management [34|. This argument comes from the
understanding that once a person is diagnosed with a serious health condition,
such as asthma, they make several changes in their life [192]. The initial change
happens when a person creates a description of the medical condition in their mind
- their understanding of what is happening and how the diagnosis will impact their
life. The second type of changes which occur are adjustments that a person needs
to make in terms of their behaviours and thinking processes. In this step patients
decide whether the prescribed medication and treatment is suitable and acceptable
[192]. All of these changes produce a significant set of perceptions that one creates
and uses in order to make sense of their situations, cope with it or simply learn

how to adjust to life in a society with people who do not have asthma.

Understanding what kind of perceptions patients create and how these impact

their treatment, and overall well being, can provide useful implications for health
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professionals and patients. Firstly, creating insights about what people think of life
with asthma can inform current self-management education approaches [49, 188].
Secondly, if we could understand a non-adherent person, based on what they feel,
think and believe in, this could lead to development of new interventions to iden-
tify other people with uncontrolled asthma. Moreover, this can then facilitate
more efficient communication strategies with patients. Understanding what stops
people from using their medication can help medical professionals ‘speak the lan-
guage’ of non-adherent patients and address their negative perceptions directly.
Negative connotations about medical conditions still exist, and many of them re-
main unaddressed, meaning that even today, many patients are burdened not only
by their medical health challenges, but also perceived social oppression that re-
mains unresolved [264]. This is one of the main reasons why we need to uncover
potential negative perceptions, given the first step in solving any problem is, of

course, identification.

2.1.6 More than a pharmacological challenge

For a long time, there has been a strong laboratory medical perspective taken when
analysing asthma and similar health conditions. This means that even when it
comes to researching adherence, the main focus has tended to be on pharmacolog-
ical markers such as blood drug level whilst the behavioural science perspective
emphasises pill counts and other non-adherent behaviours [45]. Research has rarely
focused on mediating effects of both patients’ social cognition about their treat-
ment and impact of their situational factors (e.g. location, socio-economic status).
However, adherence has to be considered as more than a pharmacological issue,
given that patients have to deal with a whole set of situational, psychological and
social limitations that potentially shape their daily lives and the way they perceive

their condition [154].
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There are also many unexplored factors that drive adherence. One study that
conducted a hierarchical linear regression revealed that socio-demographic and
clinical factors explain smaller amounts of variance than illness perceptions and
beliefs about a treatment [137|. This highlights the space for improvement, es-
pecially as the overall medical field aims to shift towards a more proactive health
care where patients have an active role [15]. The motivation behind such proac-
tive initiatives is that inclusion of patients in the decision making process, through
understanding their points of view will likely result in better healthcare, better

health outcomes and increased patient satisfaction and quality of life [127].

2.1.7 Perception models from the current literature

As stated previously, people with a long-term condition, such as asthma, tend
to create a mental representation of the condition in their minds - and these
ideas subsequently affect their behaviours [136]. Perhaps the most comprehensive
models used to investigate social-cognition related to patient behaviour, are the

Self-Regulatory and Health Belief models [44].

The Health Belief Model (HBM) is one of the most widely used frameworks for
examining and predicting health behaviours [212]. Tt is also a valuable instrument
when considering why someone does not follow their treatment regimens. The
model is based on the idea that in order for adherence to happen, a patient’s
perceptions about the benefits of taking medication must outweigh the fears and
threats associated with the medication, which is called the attitude [17]. In ad-
dition, this model also takes into account self-efficacy - one’s belief that one can
successfully execute a behaviour [49]. According to HMB, these two components
rest on one’s actual knowledge about the condition, treatment and medication,
but can also be influenced through communication with clinicians. Attitudes and

self-efficacy are important determinants of the level of adherence [17]. However,
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these beliefs do not operate in isolation - HBM is often used in combination with
socio-demographic characteristics, such as age, gender and location, which serve

as moderating factors.

The second theoretical framework which is often used to explain adherence is
the Self-Regulatory Model (SRM) [50]. This model, developed in the 1960s by
Leventhal, aims to explain how an individual responds to a health threat. It
follows the idea that perceptions, contextual factors and behaviours co-exist in a
continuous feedback loop where behaviours are fed back into the formation of the
illness/medication representation and they affect the adoption of coping responses
[44]. SRM is based upon categories of patients’ beliefs about the cause of an
illness, symptoms that are part of the condition, consequences of the illness for
the patient’s life, how the illness is controlled or cured, and how long the illness

will last [226].

Based on HBM and SR models, several studies have examined patients’ percep-
tions including: ‘acceptance’ of their condition, a phenomena that was found to
reduce psychological distress [171]; perception about time-line; and patients’ de-
scriptions of asthma and symptoms that also had impact on adherence [174]. Other
studies have investigated perceptions of inhalers themselves (and found that pa-
tients’ see them as effective) [145]; there are also studies about the perceived and
actual severity of asthma and perceptions about asthma control that identified
barriers and drivers to self-management [34]. Perceived necessity of medication
has been identified as one of the main predictors of adherence [127, 50]. Similarly,
patients who perceive fewer negative consequences have been identified as having
better adherence 39, 64]. Intuitively, when patients perceive their asthma as more
severe they are more likely to adhere to prescribed medication [21]. Conversely,
patients who believe they do not have asthma when symptoms are broadly absent,

are less likely to follow their treatment [128].
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Interestingly, studies detailed above have not taken into account other people’s
attitudes and beliefs. In other words, a patient has only been examined in isolation.
However, it is important to consider the social side of patients’ perceptions. To
support this, Bolman et al. (2011), state that existing theoretical models that
have been tested with regards to adherence are open to wide improvement - they
only explain up to 36% of the variance in adherence to prophylactic (preventive)
inhaler [39]. The following sections build on this idea and introduce the more

social side of patients’ perceptions.

2.1.8 Theories that assess social environment of patients

There are also some other theories that do take into account the interplay between
individuals and their environment. For example, a study related to aging men-
tioned Social cognitive theory (SCT), which is focused on both personal agency
and the importance of context, which includes barriers, expectations and facili-
tators of behaviour that originate from social relations and cultural forces [243].
Similarly, socio-ecological models identify several factors that may affect one’s
behaviour and their factors range from one’s biology to community, geopolitical
situation and policy making [243]. Therefore, these models of health behaviour
address individual, peer, familial, relational, community, and societal factors that
could affect one’s health outcomes (such as in the domains of reproductive or
mental health) [88]. However, this work in the domain of adherence to asthma

medication is scarce and often ignores the aspect of patients’ perceptions.

The socio-ecological model was used to identify the influence that individual, in-
terpersonal, institutional, community, and policy levels have on adolescents who
have asthma and recognised self-efficacy, outcome expectations, and perceptions
about barriers as the main factors that affect students behaviours [247|. In terms

of the interpersonal barriers, it was found that the lack of knowledge, and inade-
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quate asthma management skills, as well as forgetfulness were the main barriers
[37, 247]. Additional barriers were detected by Blaakman et al. (2014) that found
that the distance to the nurse’s office, the necessity of hall passes and morning
school routines can also represent additional barriers to treatment adherence [37].
A study conducted by Zaeh et al. (2021) investigated the transitional changes
young adolescents go through, in terms of their asthma treatment adherence and
concluded that factors such as community and systems related challenges such as
school level policies and the price of medication can contribute to an increasing
adherence in adolescents [321]. However, while this work takes into account the
social factors in the patient’s environment, an aspect that is usually missing in
this kind of work is related to other people’s perceptions, such as existing and per-
ceived stigma and other perceptions that arise as a result of patients’ interactions

with other people.

2.1.9 Redefining patient’s identity

It is important to discuss the creation of perceptions about one-self that arise
once a person is diagnosed with asthma. People assess how they perceive their
condition (and treatment), but even more importantly, they create an image about
‘an asthmatic’ - and decide whether they can incorporate that new part of their
identity with the existing sense of self. The key here is, this process does not
happen in isolation - we can hypothesise that patients internalize what they know
about asthma based on the public opinion, which they then use to make their own

judgements. This section is dedicated to exploring this in more detail.

As a result of examining perceptions through a clinical lens, there have been many
efforts to increase adherence by creating interventions simply based on education
of patients. However, these interventions obtained a limited success [298]. A

potential explanation for this is that patients themselves, may not be the only
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responsible culprits for a lack of adherence, nor even at the core of the problem.
Even if we consider a patient’s intentional decision to not use their inhaler regu-
larly, this decision can still be a result of underlying fears of judgements, or even
internalized stigmatization. A similar idea was recognised by the World Health
Organization (WHO) who state that the patient cannot be considered the sole
source of the problem of adherence [47|. Tt is possible that patients’ social envi-
ronment (including the online one) can strongly affect how patients feel and what
they think [79]. This is another reason why the nature of the perceptions and

adherence to medication, should be observed using a wider, social perspective.

Identity has been recognised as one of the dimensions of Leventhal’s Self-Regulatory
Model (SRM) [50]. However, this dimension has been described as the label a pa-
tient uses to describe asthma and symptoms they associate with asthma [73]. The
concept of identity in this context is different to the notion of identity in social
sciences, which is defined as a representation of a subjective concept of oneself
[118]. This distinction is important as it implies that previous literature may not
take into account the manner in which society contributes to the way an indi-
vidual creates these perceptions. Perceptions about asthma, their meaning and
reputation can be interpreted just as any other cultural capital - a set of beliefs
and attitudes that inform patients’ identity [309]. These perceptions are built on
social norms, that just as for anything else, can change through time. This is an
important consideration, as it opens up the examination of perceptions to a more
socially constructed point of view. The relevance of this is that perceptions are
now not only assigned to patients, but exist outside of their own realm of control.

This is particularly relevant for negative perceptions - namely stigmatization.

A relevant characteristic of a social identity is that it represents an individual’s
self representation and can be created based on one’s membership in a social
group [3]. People like to signal their group memberships through many signs,

whether through clothes, music preferences or some other form of assimilation.
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However, the problem with asthma patients’ arises when they are obliged to be a
part of a group (of people who have asthma), yet cannot reconcile the identity of an
asthmatic with the remaining characteristics of their social identity. In such cases,
they can experience a loss of or a diminished sense of self [5]. Most frequently,
this happens if patients perceive that being an asthmatic brings with it negative
connotations they do not wish to be associated with, resulting in disassociation
from the unwanted group. In the case of asthma, this dissociation may be reflected
in low uptake of medication, not using an inhaler in public - and even denial of
having asthma altogether. This issue lies at the heart of the reason why our
perceptions of others could have a negative impact on our individuals’ perceptions
and even our own well being. However, the idea that a patient is a part of the
ever-changing society and culture has rarely been taken into account in research
about asthma treatment adherence. This is a further gap that this thesis aims
to consider, while acknowledging that people and their opinions and beliefs are
created through complex social processes existing in our culture, social practice
and history [98]. Considering this, we next extend literature about perceptions by

investigating what non-patients ‘think’ as well.

A social disability model can be a useful theory for exploration in this context.
According to such a model, a health condition that is exposed to stigmatization
can be observed as a social phenomenon that is not universal and permanent
[264]. This is an important shift in our thinking about perceptions. Previously,
even when the social dimension of perceptions that affect adherence is recognized,
they are still considered at the level of individuals’ perceptions only - related to
their attitude toward their condition and medication [47]. There remains a lack of
attention to social perceptions and social oppression, that may exist in the form
of perceived socially-related barriers. Issues such as stigma are likely particularly

important and are, therefore, examined in more detail in the following paragraphs.
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2.1.10 The anatomy of stigma

The issue of stigmatization is one of the first prescient topics to be addressed once
we adopt the notion that patients have a social identity that largely drive their
decisions. Stigma is described in the literature as the gap between how society
characterizes a person and the traits that a person actually possesses [7]. Stigma
is often expressed through acts of discrimination, in which case it is called enacted
stigma [278]. However, stigma can also be internalised, when a person who is an
object of stigmatization, has a level of agreement with that social stigma itself
[7]. Additionally, stigma can be anticipated or perceived [93, 278, 9]. Interestingly,
stigma is frequently expressed in language and remains undetected. Research
papers about asthma itself can sometimes contain stigmatized terms, with asthma
being referred to as a ‘disease’; an ‘illness’ with people who have asthma frequently
being called ‘asthma-sufferers’. Lately, significant effort has been made to exclude
the term ‘asthmatics’ and instead, use people first language, given that asthma,
just as any other health condition, does not (and should not) define people [102].
Even though the use of language in academic papers is far from the biggest issue
in the generation of stigma, it still serves as a good illustration of how stigma can
be unnoticed and even seem harmless. However, even a simple use of language to
describe someone as ‘having a disease’ can make a further ostracisation of people
who are presented as the opposite of the normal standard - a healthy person that

has nothing ‘wrong with them’.

The relevance of stigma can be reflected through the idea that perceptions other
people have about asthma shape the social standards of prejudices [108]. Negative
impacts of marginalisation and judgments may be reflected in the way patients’
see themselves [34, 127|. To illustrate, previous work has identified that asthma
and inhaler are often characterised as weakness [82]. There is a body of research

that indicates patients with asthma report feelings of shame, lower self-esteem and
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overall lower quality of life [7, 77, 15]. Research that investigated the impact of
stigma on epileptic patients highlighted the negative effect stigma has on patients’
self-efficacy and self-management [294, 7]. Indeed, stigmatization reflected in neg-
ative perceptions about asthma can be especially detrimental to one’s health, as
it is one of the main causes of delays in health seeking. Public stigma about
mental illness, which is a more broadly investigated topic, is seen as a barrier for
many people with psychiatric illness for reaching their personal goals and quality
of life [71]. In the field of asthma research, some studies imply that patients’
adherence to asthma medication and asthma self-management are influenced by
perceptions that people have about asthma and its treatment [34, 127]. However,
these are mainly qualitative studies, whereas quantitative studies are sparse and
leave a space for further research due to some contradictory findings. Lastly and
most importantly, stigma is currently observed as a unified concept, while its un-
derlying aspects and mechanisms though which it affects patients remain largely

unexplored.

2.1.11 Wicked topics

As previously mentioned, it can be particularly hard to research perceptions, due
to their somewhat nebulous definition. Perceptions, as socio-cognitive factors,
are related to wicked problems, a term used to describe ill-defined and ambiguous
challenges that straddle across several disciplines [141]. This (almost comical)
name for such problems was created because there is very little consensus about
what a ‘wicked problem’ is, let alone how it might be solved [141]. In the case of
perceptions, there are several reasons why we may struggle to even identify them,

and the following sections describe some examples to illustrate this challenge.

In order to illustrate ways in which perceptions can be hard to observe, measure

and quantify, it is useful to make a parallel with the radical concept from the field
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of physics - the Copenhagen Interpretation of quantum mechanics [280]. This
perspective states that a quantum particle may be forced into a different state
each time we try to observe it. Simply said, as soon as we attempt to measure
a position of a particle, its momentum loses its certainty and we are left with
no definitive information about particles movements. Omne of the reasons why
this parallel is chosen is because in both cases, the only way a researcher can be
objective in the measurement of perceptions is if the researcher is not involved at
all [63]. There is a certain unification between the object and the subject that
is explained as a phenomenon in Copenhagen Interpretation, since instruments
employed predispose the scope and conditions of the observation that, based on
this, introduce a level of determinism [63|. This is the case when examining

perception as well.

Even though qualitative interviews are considered as one of the most powerful tools
in capturing participants’ experiences which are usually unapproachable by quan-
titative research, they are not devoid from the subjective input of the researcher
[292]|. Likewise, data science techniques also require a level of subjectivity from
the researcher even when it comes to defining what is considered to be a ‘per-
ception’ and what is not (for example when it comes to manual labelling of the
training set in a classification task). The key issue here can be explained though
pragmatic scales that are useful in linking cultural models - since the true meaning
of what is written can be disconnected to what is read by the researcher [101].
Even quantitative techniques ‘suffer’ from biases created by researchers’ subjec-
tivity especially when it comes to their reductionist nature and making decisions

about which perceptions should be researched in the first place.

There is another level of ambiguity that exists in relation to the challenges of
researching perceptions. When it comes to assessing the impact and underlying
mechanisms of negative perceptions, there is usually no distinction made between

the object and the subject of stigmatization. In fact, stigma is observed as an
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atomic, overarching concept. Very little attention is given to the granulation
of stigma into underlying stigma-related perceptions that may each have their
own nature and different impacts on patients. Therefore, this issue is related to
challenges in deciding how granular our perspective on perceptions should be and

how this may impact future interventions.

Another significant characteristic of perceptions, that echoes the ambiguities in-
herent to the ‘Copenhagen Interpretation’, is related to how they are expressed
or found. Not only can perceptions be contextual and unconscious (similar to the
example of stigma found in the language in academic papers), they can also be
intentionally undisclosed and inter-linked to perceptions of others. To illustrate,
respondents may be reluctant to disclose how they perceive something when they
are protecting their reputation, status or attempts to sway the outcome of the
research, which is referred to as ‘vested interests’ [256]. The research of social
desirability bias indicates that people sometimes deny socially undesirable actions
because they wish to be perceived as more altruistic and seen in a positive way [61].
Similarly, in the case of negative perceptions, such as stigma-related perceptions,
patients often choose to hide that they feel stigmatized or as an extreme - they
completely dissociate from the identity of an ‘asthmatic’. This makes examin-
ing their perceptions particularly hard, regardless of the approach. The potential
cause of such phenomena could be that patients do not want to be exposed to
negative perceptions, or they simply do not want to be pitied and be perceived
as weak. Therefore, when it comes to investigating perceptions, participants can
unknowingly hide information; they can lie or choose not to disclose information
in the case of desirability bias. However, by far, the hardest obstacle in investigat-
ing perceptions is when they are completely internalized and unconscious, yet all
the while still strongly driving one’s behaviour (which is the case with completely

internalized stigma).

In summary, perceptions are difficult to define, and it is likely impossible to do so
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exhaustively. Additionally, their research usually introduces a significant level of
bias (that needs to be recognised as a limitation and carefully accounted for when
possible). Even more importantly, regardless of whether it is the subjectivity or a
researcher, or the lack of expressiveness of perceptions even when they are formally
defined, perceptions can be extremely hard to capture (similar to the atom that
keeps changing its form every time someone looks at it). Having elaborated on
the nature and challenges of examining perceptions, the following section (Part II)
reflects on methodological approaches emerging from the previous works. Finally,
in Part III of this literature review, a discussion about accessible methodological
approaches to be used in this thesis will be considered, aiming to turn this research

problem into a challenge that is sometimes - a little less wicked.

2.2 Part II: Previous methods used in the field of
asthma perceptions and adherence to medica-

tion

Previous sections introduced topics of perceptions and adherence to asthma med-
ication. We can now reflect on methodology and techniques previously used to
examine asthma perceptions and adherence to medication, as well as their results.
To accomplish this, we examine relevant key studies focusing on their methodolog-
ical approach, which highlight the varieties of research strategies available. For
this methodological review, snowball approach was used to obtain scientific jour-
nals in English language. Papers taken into consideration were related to either
of two core topics: perceptions about asthma and/or the impacts on adherence,
in order to highlight potential opportunities in terms of methodological approach

that this thesis aims to address.
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2.2.1 Previously conducted Qualitative work related to per-

ceptions about asthma

The majority of papers examining asthma perceptions or adherence performs ei-
ther qualitative research or traditional statistics approach, while big data analyt-
ics and machine learning work is not as prevalent. Qualitative research is usually
used to support an exploratory analysis. To illustrate, experiences about life with
asthma have been examined in several studies via interview-based approaches, re-
sulting in some valuable conclusions. Adams et al. (1997) identified two main
groups of asthma patients: accepters and deniers, based on the level of denial
they experience [5]; while a study conducted in Canada observed that experience
of asthma can be described through phases ranging from diagnosis to acceptance
[278]. A significant body of work was also dedicated to experiences of adolescents
and examination of how they perceive life with asthma. Based on these qualita-
tive studies it can be argued that adolescents often have a poor understanding
of their condition [95] and do not want to be defined by asthma [154]. It is also
worth mentioning that another set of qualitative research examined perceptions
about asthma and asthma treatment [260, 21], as well as self-care strategies [184].
These findings reveal the power of qualitative research to provide a rich context
to the topic at hand and provide a starting point for further work via exploratory

research.

It is also relevant to acknowledge that this particular characteristic of qualitative
work has led to uncovering stigma about asthma. Findings about stigma range
from detecting the presence of stigma [82] to investigation about how stigma im-
pacts daily life. A Malaysian study found that stigma was mentioned in terms
of disclosure, discrimination and that patients’ feelings were affected [6]. Another
study adds to this list the prevalence of blame from non-patients, especially in

the case when patients smoke [31]. Some notable mentions of exploratory analysis
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include studies that did content analysis of the newspapers [151] and films [62],
adding to the existing literature the evidence about stigmatization in the media in
the USA. Additionally, while many studies perform thematic analysis, some have
different approaches: for example, one study conducted interviews and performed
systematic text condensation to emphasise the experience of adolescents [154].
However, a significant characteristic of qualitative work is that is does not ‘suffer’
from contradictory findings, given that it is less focused on obtaining generalizable

results.

2.2.2 Incongruent findings in the Quantitative field

Some quantitative studies in the field of asthma perceptions and adherence may
reach different and even contradictory findings, which has been referred to as
the ‘replicability crisis’. For example, previous work has failed to identify clear
and consistent relationships between adherence and socio-demographic variables,
such as gender and age in adults [135]. On the other hand, a set of studies have
implied these individual, demographic features are related to adherence. Three
studies have indicated that patients with better adherence behaviour are older,
male, married, white and have a higher social status [39, 241, 20|. In terms of
perceptions related to treatment, one study, that used a telephone survey (n=150)
and analysed data using bivariate linear regression, concluded that patients who
have a greater concern about their medications were more likely to be less adherent
[68]. A similar finding was obtained both in a study using multiple regression
(n=64) to analyse survey data [50] and a further study consisting of far more
extensive number of participants (n=622) [69]. Conversely, a different work (n=71)
observed that patients’ treatment beliefs did not seem to predict adherence [10].
Similarly, Sibbald et al. (1989) stated that attitudes, such as pessimism, were only

weakly associated with behaviour (n=210) [267].
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Negative perceptions and particularly stigma, have raised significant debate in
the field, following some opposing results. A quantitative study by Vamos and
Kolbe (1999), that examined psychological factors in severe asthma, found that
asthma-related stigma was one of the 3 main attitudinal factors [293|. Stigma has
also been found to be significantly associated with poor asthma control in another
survey-based study by Andrews et al. (2013) [15]. Furthermore, subjects who
feel embarrassment due to stigmatization were found to be less likely to use their
medication in front of others or take it with them when they go out [66]. This
stands in contrast to less recent work about self-care with 18 participants, which
found that stigma was not established as a major theme in patients’ experiences
[277]. Whilst denial is often a prevalent topic related to stigma in the qualitative
work, survey-based research found that denial and stigma are not significantly
correlated [52] and that denial is not associated with adherence |70]. These ex-
amples of quantitative work exmplify that while quantiative work enables us to
quantitatively assess the impact of perceptions on adherence (unlike qualitative

work), it still has some disparities in results across studies.

The reasons as to why quantitative work has conflicting results in the field can
be associated with a range of discussion points. First, problems with replicability
can be there due to small sample sizes. While a smaller sample size is a common
occurrence in qualitative work, some of the quantitative studies detailed above
were based on less than 100 participants [10, 50, 17, 15, 293|. This is, of course,
understandable as it is often not easy to access a large number of asthma patients.
There is also a limited number of statistical techniques that were used to inter-
rogate the data. Many studies were also only able to provide separate analyses
about each independent feature and their relationship to adherence. A larger,
model-based analysis, which could have vastly helped understand interactons be-
tween variables, have been absent likely due to their complexity (this particular

challenge is one addressed in the final study of this thesis). In particular, a major-
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ity of techniques used in previous research could also be classified as ‘traditional
statistical analyses’, such as Multiple Linear and Logistic Regression, Pearson
correlations, t-tests, etc. The lack of big data methodology on design given the
embeddedness of adherence in lifestyle, could also mean that contradictory results

might reflect biases imposed by artificial laboratory settings.

2.2.3 Next steps

It is clear that the field of adherence to asthma medication and patients’ percep-
tions has previously been dominated either by qualitative research or analysis via
traditional statistics, designed for appropriate setting. There are some studies in
the field of asthma research that have used ‘big data’, however they are exclusively
focused on predicting admission to the emergency rooms and unlocking clinical
asthma patterns. For example, one study developed a syndromic surveillance to
localization of illnesses by regions [224]. Similarly, Collier et al. (2011) used a
more complex linguistic analysis, again, for health surveillance [67]. Lastly, some
work in the field was dedicated to classification of tweets to detect those related
to influenza [224]. Additionally, Twitter was used for sentiment polarity detec-
tion within asthma patients [186]. These are beginnings - yet, research about the
impact perceptions have on adherence to medication, using ‘big data’, remains

completely unexplored.

While there is evidently a significant amount of work undertaken, in the field of
perceptions and adherence to medication, that contributed to novel insight and
introduced some valuable tools, challenges remain. In particular, they are related
to contradictory findings and a limited methodological set of tools that often
do not allow examination of more complex non-linear relationships. In order to
capture the richness of patients’ perceptions and their impacts on adherence, this

PhD thesis, therefore, aimed to address these gaps in the methodological approach
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and introduce a fresh perspective on these topics by using a novel set of design
and analytical tools. In light of this, this section investigates how new, potential
methodological approaches differ to those previously adopted and how they can

collaborate to provide new insights in the field.

2.3 Part III: Analytical approaches

Having reflected on the methodological approaches in the field of asthma percep-
tions and their impact on adherence to medication, this section is dedicated to
discussion of opportunities that were identified in terms of methodological ap-
proaches. It is relevant to re-iterate that this thesis is multidisciplinary in nature,
combining the fields of psychology and machine learning. The majority of the the-
sis is dedicated to quantitative research and, therefore, some of the main challenges
and opportunities of novel quantitative approaches emerging over recent years and
how they might apply to medical adherence are addressed here. Throughout, a
contrast will be made between the classical approaches that underpin statistical
analysis and the more inductive approach taken by data science, both of which
have significant places in this thesis. Even though data science as a field has ex-
isted for many years, it became particularly popular due to the vast expansion of
data sources, and sheer volume of data that has been created due to developments
in technology. In fact, there remains some debate as to whether we even need
a new term at all, given data science uses statistics at its basis [87] (this debate
about similarities and differences between quantitative methods are acknowledged
in Section 2.3.2). However, it is also relevant to elaborate on the long standing
debate between quantitative and qualitative research, since a qualitative study
represents the first part of this research work (see Section 2.3.1). Attention will
also be given to often overlooked similarities between qualitative work and data

science (or ‘big data analytics’) given their central contribution to this work (see
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Section 2.3.3).

2.3.1 Qualitative vs Quantitative Research

For a long time, there has been a spirited debate between two extreme research
paradigms: positivism and interpretivism [140]. Even though both paradigms in-
tegrate both qualitative and quantitative methods, qualitative research was most
frequently aligned with interpretivism, whereas quantitative research is most com-

monly associated with positivism [284].

Qualitative research embodies the idea that people develop their identity with the
special regard to the sociocultural context [25]. Having this in mind, it is espe-
cially useful to utilise the tools of qualitative research when investigating topics
such as perceptions, since qualitative research enables a valuable context-sensitive
interpretation of observed phenomena [28|. In addition, considering that qualita-
tive research starts with the idea that everyone represents a world of their own,
its research often starts with no ground truth. This is cited as the strength of
the qualitative approach, that was also exercised in the context of this thesis: it
enables elicitation of ‘perceptions’ that have not previously been mentioned in the
research - and it sheds light on some interactions that quantitative studies might
not be able to consider. Qualitative interviews remain being considered as one of
the most powerful techniques in a researcher’s armours, to capture valuable de-
scriptions pertaining to participants’ experiences and perceptions, which are often

inaccessible to quantitative research (292, 27].

Quantitative research, nonetheless, also contains a whole range of methods that
aim to investigate a social phenomenon. Previously, and most commonly, these
methods have focused on statistics and the utilization of numerical data [307].

Sukamolson et al. (2007) state that quantitative research uses empirical methods
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in order to examine what happens in the real world, rather than what ‘ought’ to be
happening [284]. This view puts forward the standpoint that quantitative research
aims to maximise objectivity - and minimise the involvement of the researcher.
Since these empirical statements are commonly expressed numerically, empirical
analysis that evaluates these statements are, of course, grounded in mathematics.
As such, statistics is most frequently applied in quantitative research. However,
this also brings a slight misconception as it would be easy to assume that quanti-
tative research is used to examine only phenomena that produce quantitative data
[284]. This is not correct, since even though it may be difficult to conceptualise
(and hence, measure) a particular phenomenon, it is often still possible - using
various forms of extrapolation and ground truths. This is particularly relevant for
this thesis. Perceptions can be considered as one of these potentially intangible
topics, which are hard to ‘translate’ into a numerical form. Despite this challenge,
there is a large value in measuring the prevalence of various perceptions, as well as
their impact on adherence: these are the questions that are innately quantitative
in nature if results are to be generalized and that qualitative research on its own

may not be able to respond to.

There has been a dichotomous, (and potentially unfruitful) long-standing debate
about whether qualitative or quantitative research is ‘better’, leading to many
discussions and ‘paradigm wars’. It perhaps is better to recognise the funda-
mental differences between these two approaches, to allow them to offer unique
contributions when examining a particular topic. Other than previously men-
tioned differences regarding ‘reality’ (which is more related to their philosophical
assumptions), some additional differences between qualitative and quantitative
research include the reproducibility issue and differences between descriptive and

inferential nature of research.

While qualitative research is more aligned with an interpretivist approach that

states generalisation (and hence, replicability) is not possible (as there is no single
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reality), quantitative approach tends to follow a positivist idea that there is a single
reality that can be observed [153]. Based on this, quantitative research should be
able to be replicated and the same results should be obtained across different
studies. Finally, while quantitative methods are better at looking at cause and
effect (causality, as it is known), qualitative methods are more suited to unpicking
the ‘meaning’ of particular events or circumstances. However, in some cases, it
is not useful to only explain behaviour, but to be able to test that explanation
and predict the future instances of the problem - which are more commonly tasks
of quantitative approaches - both traditional statistics and data science [167].
The importance of these differences (the reproducibility and the nature of the
research) are central to this thesis. Its aim is to make an empirical contribution
that goes beyond the boundaries of explanation about which perceptions exist -
the hope is that such research might impact policy making and design of future
interventions for asthma patients. This is why both inference and explanation are

equally important for the ultimate goals of this work.

2.3.2 Statistics vs Data Science: The Judge vs The Detec-

tive

In the last couple of decades we have witnessed exponential growth of databases,
filled with data coming from diverse sources. Today we live in a society that
continuously collects data based on various digital traces, about almost every
single person. This data can be found in fields related to almost everything,
from banking, businesses, to physics, medicine and accross the sciences [129].
This novelty of data growth was followed by new mediums, new approach to
analysis and new problems [283]. This gave rise to data science, a discipline that
combines statistics, machine learning techniques, pattern recognition and database

technology [129]. Data science techniques can be considered to be quantitative in
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nature, similar to traditional statistics that are most frequently associated with
quantitative approach, yet more inductive in nature. Traditionally used statistics
represent one of the building blocks of data science. However, the introduction of
data science, which often utilizes the large samples made available by technology
development, enabled researchers to interrogate some problems that they were
not previously been able to tackle. Before describing some of the focal points of
discussions between classically trained statisticians and data scientists, it is useful

to unpack these two fields in more detail.

Statistics have the roots that stretch back for at least a couple of centuries, even
though the origins and the disciplinary boundaries of statistics are still a mat-
ter of discussion [130]. Some authors claim that the name of this discipline has
Italian roots from the 16th century and carries the meaning of collection of in-
formation that are of interest to a salesman (statista) that deals with matters of
the state (stato) [32]. This field encompasses a variety of techniques that can be
seen as descriptive and inferential statistics [323|. In statistics, the ‘theory’ tra-
ditionally leads the investigation with data directly collected in order to respond
to the particular question that motivated the research objective. Many modern
disciplines rely heavily on statistics and hypothetico-deductive approach - and
statistics provides the basic principles that are carried through to data science
method. However, data science appeared as a novel discipline, with an intent
to focus on similar problems that statistics had been addressing, but with new

inductive tools and strategies [130].

Data science is a much younger field that has roots that go back to 1950’s with
Arthur Samuel coining the term ‘machine learning’, a crucial aspect of the dis-
cipline [131]. Even more than statistics, data science as a discipline has a noto-
riously vague domain and boundaries, with interpretations largely depending on
the background and academic education of the person asked about them [109].

Nevertheless, it is possible to isolate some major tasks that data science is con-
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cerned about: exploratory data analysis, descriptive and predictive modelling and
discovery of patterns and rules. However, unlike statistics, data science has a
serendipitous element in the process of data analysis, as it does not always start
with a clear hypothesis in mind and is more focused on modelling patterns and

unearthing previously unknown relationships and structures [323].

The biggest difference between data science and traditional statistics, is the type of
reasoning used. As mentioned, statistics has a symbiotic relationship with theory
that provides its conceptual framework and based on previous knowledge, it aims
to reject or accept that theory [323|. Most classically trained statisticians work
with primary data, which is the data collected for the purposes of responding to
predefined questions [129]. Statistics are deductive in nature. In contrast, data
science is concerned with detecting and modelling relationships, without being as
constrained to create assumptions about the nature of the relationships before the
analysis is done. This makes data science inductive in nature, and more interested
in detecting interesting, operationalizable patterns than respond to previously

defined hypotheses [87].

One of the major criticisms aimed at classical statistics is that it adopts a reduc-
tionist approach that seemingly ignores the richness of human experiences and the
world - since it only focuses on particular questions, based on predefined theories
[161]. This is also related to a risk of confirmatory bias, the situation where re-
searchers do not take into account anything that does not corroborate their theory
of interest [323]. They are also expected to be unprovoked by data and create new
knowledge without relying on new discoveries during the analysis. On the other
hand, one of the most frequent criticisms aimed at data science is that search
for interesting patterns can identify structures in data that emerge based only on
pure chance. Additionally, while it is not possible to ask a computer to provide
insights on its own, critics have also suggested that data science relies too heav-

ily on computation. However, a purely inductive approach is in actuality very
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rare. Even when we use big data, a certain bias is still introduced. For example,
in the step of ‘feature engineering’ (producing independent variables using tech-
niques such as aggregation), a researcher can introduce a bias by simply choosing
the method of feature creation or even by choosing which features to include in
the predictive model. Additionally, computers cannot (yet) guide the whole re-
search process. Patterns created in the data are not inherently meaningful until a

researcher makes sense of them and assigns them value [161].

Within a mixed method approach, one might preferably consider a statistician to
be like a judge, that verifies clearly stated hypotheses; whereas a data scientist is
more akin to a a detective, that is open to unexpected turns and revelations [323].
Yet, data science and statistics overlap in many aspects, and the fact remains that
statistical literacy is a crucial basis for a data scientist. Both philosophies have
to be addressed as well, especially in the context of making a verdict of which of
these two approaches is more suitable for the research in this thesis and if they

should work together or not.

Type of data

The first difference between classical statistics and data science is related to the
type of the data that each of these fields use in their respective analyses. While
classically trained statisticians typically do not deal with data sets that have thou-
sands or millions of data records, machine learning often uses such data. ‘Big data’
is now used to describe these large amounts of data that have varied and complex
structures. Their use is normally followed by difficulties in storing, visualising and
analysing when traditional techniques are used [257|. Big data can be in the form
of text, images, even video and the analysis requires cleaning, integration and of-
ten, engineering of features that will be used in predictions [87]. In short, big data

is different to traditionally used data sets: high in volume, variety (heterogeneity),
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velocity (the speed by which the data is generated), and low veracity (lower qual-
ity and reliability, with increased noise which often characterizes user-generated

content) [262].

Big data often creates practical problems that statistics have previously not en-
countered. One of the most significant challenges is related to storing the data.
While this would normally lead to minor obstacles, the issue of data storage can
also be extremely important, as we witnessed during the COVID-19 pandemic
in the UK. Namely, during 2020 a total of 15.841 COVID-19 cases in England
were not correctly stored due to a Excel spreadsheet row limitation, which, a
quasi-experimental evidence states, led to additional 125.000 infections and 1.500
deaths [105]. It is important to reflect on the idea that Excel can be interpreted as
a go-to tool for many professionals who find themselves half way between statistics
and data science. Unfortunately, there is often no good half-way solution and, as
stated above, this can be very detrimental to the rigour of research. When deal-
ing with large scale data, data should be processed and stored in the appropriate

database, following a correct protocol and testing protocol should be in place [129].

While classical statistics works with solely numeric data, an array of opportunities
are provided through ‘big data’ that does not only have the form of numerical data,
but also images, sounds, text data and geographical data [129]. This opens the
door to researching topics that previously suffered from potential biases introduced
via classical data collection and processing. Perceptions, the focal point of this
thesis, are a case in point. Previously, obtaining data on perceptions to inform
adherence programs was extremely difficult in terms of collection and scale, despite
some studies providing evidence that novel data sources are particularly useful in
capturing behavioural attributes [81]. Twitter, as a source of text data (and a
platform that was used in this thesis) stands out here, with only do less than
10% of Twitter users restrict access to their accounts, much of the previous work

has recognised that Twitter can bring a better understanding of its users and
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impact on the society [196]. These disciplines range from computer science, health,
communications, sociology, etc. So far Twitter was used to: classify tweet messages
related to influenza [67]; to follow patterns in tweets to make various predictions
[239, 38|; to monitor social dynamics [133]; to predict personality traits [235, 120,
317, 303| and others.

There are some additional reasons why big data sources can offer increased research
potential. They are able to capture data unobtrusively, which means that data can
be collected without the desirability bias and influences from the researcher. This
is different to psychological studies that are conducted as laboratory experiments,
or even following the rigorous structure of a qualitative interview. If big data is
collected based on actions or behaviours of participants (e.g. transactional data or
tweets), very often participants are not even aware that their data is a subject to
analysis, and they do not consequently attempt to change or adapt their behaviour.
Further, the collection of big data is often cheaper even though it enables more
detailed analysis. For example dynamic tracking of customers behaviour enables
analysis of trends over time and space, which depending on the topic, can be a
much richer source of data. Perhaps most importantly, big data also does not
struggle with selection bias-distortion, which can be one of the most significant
obstacles for statistics: this is particularly a problem when a sample is based on

opportunity, rather than representing an idealised random sample [129].

Even though big data is often secondary (not collected specifically for the pur-
poses of the specific research), it still enables researchers, with careful ethical fore-
thought, to avoid collecting data from people who are more open to be a part of
a survey or are more convenient participants for other biasing reasons. Of course,
a significant challenge that big data has, lies in the subsequent data cleaning pro-
cess. Clean data is a key for analysis, however, in the case of big data, which is
often secondary in nature, it is more possible that data stored in various formats

is invalid in some way. The importance of data quality is often described using

o7



2.3. PART III: ANALYTICAL APPROACHES

the acronym GIGO: Garbage In, Garbage Out. Simply said, just because data is
there it does not necessarily means it will be useful. It still takes the expertise
of a researcher to responsibly delineate between what data could and should be

turned into information, and what cannot.

Simple models

As mentioned previously, data science usually deals with large data sets that are
readily available for training models, which empowers the formulation of predic-
tive algorithms. However, the focus on prediction also introduces an unsuspected
challenge: emphasising the ‘prediction accuracy’ introduces a bias toward simpler
theories, since the accuracy of sparser models tends to be more generalizable on
other sets of data [87]. Specifically, even the use of Occam’s razor has been criti-
cised (unless the simplicity of the model is the goal in itself), given simplicity unto
itself can often be demonstrably harmful and can fail as a heuristic [90]. How-
ever, simpler predictive models can be powerful when machine learning combines
prediction and inference. This occurs in tasks when not only prediction carries sig-
nificance, but also the interpretation of the predictive model. For example, churn
prediction is a common and important task in business [139]. However, companies
often want not only to identify customers that have the strongest probability of
leaving them, but would also like to understand the main factors that drive this
particular customer behaviour, so that they can be more proactive and keep their

customers satisfied.

Even though there are more examples where simpler models can be extremely
powerful, recent advances in machine learning have laid in the state of the art
deep learning techniques. Such approaches construct complex models which are
often described as a ‘black box’ due to the challenge of interpretation. Such models

obtain a much greater accuracy, but often at the cost of interpretability. Some
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predictive models, especially deep neural networks, are becoming more and more
sophisticated as they are not only able to detect patterns (that a human would
never recognise), but they are also able to learn from them - which has been a
source of both controversy and excitement. This potential of prediction, to solve
very complex and sophisticated problems, reflects a further delineation between
data science and statistics: on one hand, these complex models can handle both
linear and non-linear relationships, a useful advancement to traditionally used
statistical models that have typically focused on linear relationships or simple
polynomial extensions. On the other hand, while statistics respond to questions
that are asked of them, some predictive models in machine learning provide us no
other option other than to trust their predictions, even as we are becoming more
and more reliant on their potentially opaque solutions. As Michael Tyka says:
‘Have we really understood anything? Not really — but the network has... The
knowledge gets baked into the network, rather than into us’ [54]. Nonetheless,
despite the power of each technique, it is crucial to always reflect on the nature
of the problem and the research goal. Sometimes, the best machine learning
model is not necessarily the most complex one - particular models, even simple
Linear Regression (which is used in both data science and statistics), can be best
suited for the (type, size and nature of) data and/or particular task. Simply said,

operalization and considering model usage becomes key.

Measurement techniques

“If you torture the data long enough, it will confess to anything.”

- Ronald Coase

As discussed, data science and traditional statistics have slightly different research

goals and have, therefore, adopted different ways to measure the success of their
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analyses. Data science techniques that deal with machine learning to classify,
tend to use measures such as ROC curve or confusion matrix to evaluate the suc-
cess of predictive models, whereas if the task is regression (predicting continuous
variables), then the model is evaluated using mean squared error (MSE), mean ab-
solute error (MAE), or perhaps a coefficient of determination [131]. However, one
of the most prevalent criticisms that data science faces (especially from statistics)
is related to ‘data fishing’. Data science, and especially machine learning, have
been associated with the derogatory notion that exhaustive search for patterns in
the data will reveal some patterns that are simply a result of random fluctuations
[129, 323|. In psychology, this issue, is also called ‘p-hacking’ or ‘data butchering’
and is recognized as a serious issue in the field. In data science, this issue has
also been met with a lot of attention. Since there is always a probability that
some patterns detected in data are the result of a pure chance, prevention mea-
sures have been rigorously introduced. There are hold-out testing regimens such
as cross-validation (in addition to other remedial strategies, such as optimizing a
penalized goodness-of-fit function or imposing tougher pattern selection criteria)
[129]. These strategies have been put in place within data science in order to
create more trustworthy, robust and generalizable models. However, it is essential
to acknowledge that any model can be wrong to some extent - they are a simpli-

fication of reality, and looking for a perfect model can be an impossible mission

323).

An issue that traditional statistics face, conversely, is one of overfitting. Unlike
with predictive modelling, in statistics, models are fitted to a sample, often in
order to ‘explain’ the variance occurring within that sample [167]. Overfitting
then occurs when a model fits the sample well, but it is so finely tuned that
it cannot be replicated on another sample dataset or wider population. This
issue is very important for the field of statistics, because the sample sizes that are

involved are often too small to create held-out sets. In order to combat such issues,

60



2.3. PART III: ANALYTICAL APPROACHES

statistics famously introduced the notion of significance (p value), to reflect the
statistical ‘significance’ of any result. If the p-value is larger than the alpha level
(usually either 0.01 or 0.05), then the difference observed is explained as a result
of sampling variability [285]. Yet, psychologists that use classical statistics are
more traditionally interested in effect sizes or magnitude of the difference between
groups. Rather than ensuring some tiny effect did not occur by random chances of
sample selection, other metrics that can be of interest to classical statisticians are,
beta coefficients, correlation coefficients and F and t values. If the associations
between variables (or models) do not have statistical significance, they are often
not mentioned or used in the further analysis. This is in contrast to machine
learning approaches because, due to a large sample size, effect sizes are almost
always statistically significant, and the main focus is on the prediction accuracy

and generalizability.

This difference between metrics used in classical statistics and machine learning is
important, because it is often the reason why it is hard to replicate study results
across different disciplines. However, an even more challenging issue related to
replicability is associated with the view that reporting p-values in statistics may
not be enough. P-value are considered to be highly dependent on sample size and
sometimes statistically significant results may imply that simply a large enough
sample was used [285]. Without a good enough safeguard of what a p-value is
expected to be, and in combination with the lack of data to test effects on a
held-out set, resulting statistics can sometimes succumb under the pressure of
replicating results in new studies. The replicability crisis in the field of psychology
can be used to explain why some studies offer dissimilar and even contradictory
results related to the same research questions. Generally, thanks to a much larger
sample size, data science does not face similar problems, but rigorous testing of

generalizability becomes of increased importance as a consequence.
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Conclusion about quantitative approaches

It can be argued that machine learning can be seen as powerful extension to tra-
ditional statistics when hypothesis-driven research does not scale well and partic-
ularly when we have an overpowering size of data. More importantly to the social
sciences, the nuances and intricacies of human behaviour can likely be observed
best in the uncontrolled circumstances when people freely leave their digital traces
without being explicitly mindful of potential monitoring. Despite the success of
big data analytics, however, it is an overclaim that such approaches will lead to
a completely new paradigm in the research [161]. This is due to the fact that big
data analytics still needs contextualization in order to create a ‘big picture’ about
the phenomenon being examined, and this can only be done by adding information
about theory, policy, history and other relevant parts of the story [76]. Statistics
and data science still share a common ground, both are focused on deciphering
data structure and there is even a significant overlap between the two disciplines

especially when it comes to exploratory analysis [323].

Nevertheless, even once we establish that each quantitative approach has a unique
potential, it might still be argued that data science possesses one characteristic
that traditional statistics could learn from. Data science, as a discipline, promotes
an attitude of openness, unlike perhaps, statistics that has conventionally adopted
an attitude of over-caution. Statisticians, especially as teachers, often emphasise
extreme cautiousness with Brown et al. (2009) believing that this leads students
to risk aversion, fears from flaws in the analysis and fears about data fishing [46].
This is why data science, even as a younger sibling of statistics, might still inform
some positive changes in statistics as a discipline itself, without forcing unnatural
alignment in terms of respective measurements or research goals. Yet, if the two
approaches remain separate - so be it. They each have their own purpose and

after all, a variety of methodological approaches will remain necessary as long as
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we have a variety of tasks to be fully examined.

2.3.3 Qualitative research and big data

Having discussed qualitative and quantitative research - including both traditional
statistics and data science approach (or big data analytics), it is useful to also
discuss similarities and differences between qualitative research and big data ana-
lytics despite them seemingly being two extremes on the continuum. In fact, big
data analysis and qualitative research have some interesting similarities which are

discussed in this section.

Firstly, we can acknowledge the unequivocal differences between the big data
analytics and qualitative research, that include the paradigm differences, selected
techniques and sample sizes. In fact, it could be argued that the appearance
of big data creates new problems in the research, problems that did not exist
in relation to qualitative and quantitative research previously. For instance, the
growth of data generated problems in terms of volume, variety, velocity, value,
and complexity, results in companies lacking appropriate technical capabilities to
handle and responsibly analyse big data [156]. Insights based on ‘big data’ also
lose momentum faster due to fast moving changes in technology and changes in
data itself. However, there is one more serious criticism of big data, that makes
data science and qualitative work incommensurable. This is the idea that due
to the shared amount of data available about individuals, we start to observe
people as nothing more than numbers, since through big data analysis we cannot
approach their emotional states or perceptions [178]. Some of these claims have
been the result of a prevailing discourse about ‘big data value’, suggesting that
its analysis can often just increase the divide between already existing opposing

quantitative and qualitative approaches [80].
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However, even though they seem unrelated, big data analysis and qualitative re-
search do have some similarities. Thanks to a diverse set of digital footprints,
social scientists have never had such a level of granularity and variability in ob-
serving human behaviour, which, depending on the research objective, may create
even more individual-focused insights than qualitative approaches. For example,
a significant work conducted by Kosinski et al. (2012) states that social media can
be a source of highly sensitive information such as religious and political views,
sexual orientation, intelligence, happiness and others - all of which may be un-
covered based on features such as number or likes or other properties of users’
Facebook profile [164]. Similarly, Park et al. (2015) highlight that the language
(of which there is an unprecedented amount of on social media) is in itself a pow-
erful predictor of ones’ psychological traits [222|. It is also relevant to mention
that such big data (e.g. social media data or transactional data that represents
the content of someone’s shopping baskets), do not face traditionally mentioned
challenges of interviews or surveys, while still being a rich source of insights about

one’s psychological state or behaviour.

With the generation of a large amount of text data on publicly available data
sources, such as Twitter, new types of big data analysis were developed (e.g.
sentiment, aspect analysis or topic modelling). They enable us to not only ‘access’
a large number of individuals’ thoughts and emotional states, but also to do so in a
scalable manner. Big data can contain clues about one’s movements or trends, but,
often only through a qualitative investigation of these sources are we able to create
features useful in generalising insights. For example, a qualitative content analysis
may identify patterns in big data in the form of texts, such as idioms, that can
later be used in big data analytics to detect patterns across a much larger sample
size. Therefore, one of the greatest potentials of collaboration between qualitative
approach and big data lies in using qualitative insights based on a smaller sample

of big data, and then scaling them up to produce cross-contextual understandings
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[80]. These are the types of analyses that initially focus on breadth rather than
depth. For example, ‘data ethnography’ is a method that has been developed
to emphasise the explanatory power inherent to transactional data [274]. It is a
reflection on an idea that big data can provide a valuable insight about ‘shades of
meaning’ similarly to qualitative work. Simply said, just as it is possible to obtain
an insight about a person based on an uncomfortable laugh during a qualitative
interview, it is also possible to better understand a person based on how many

friends they have on Facebook [236].

Lastly, a collaboration between big data and qualitative work can simply be on
the level of combining insights in order to make connections. Through this kind
of ‘convergence analysis’, increasing the diversity of samples may not claim gen-
eralisability, but may strengthen claims about social processes [80]. In summary,
qualitative techniques and big data are not necessarily incommensurable. Com-
bined approach may utilize the strengths of both and produce insights that would
otherwise be unavailable or overlooked, something that is sought after, if not ne-

cessitated, in this analysis of perceptions and medication adherence.

2.4 Conclusion

“Those who ignore Statistics are condemned to reinvent it.”

- Bradley Efron

After this involved discussion about methodological approaches, it is inevitable
to raise the question: Which approach is better? The response to this question
largely depends not only on the goal of the research, but also on the affiliations of
the researchers, their philosophical stances, and the skills and backgrounds. This

is why researchers from both sides of the spectrum continue to argue about the
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benefits of their approach - while statisticians claim that statistics have a more
scientific and rigorous approach, other academics claim that predictions made
by data science stand the test of time and replicability [156]. Similarly, while
quantitative methods are looking at cause and effect, qualitative studies can be
of better use when it comes to developing theories and hypotheses and explaining

the deeper meeting of the particular event or phenomenon.

It is impossible to not notice how the world has become increasingly more quan-
tifiable. This has brought with it a notion that novel approaches such as big data
analytics may be not only more efficient, but might also produce more accurate
insights, which in turn could mean that traditionally used qualitative and quanti-
tative techniques become less relevant [80]. However, having discussed some of the
major similarities and differences between methodological approaches, it can also
be argued that this fear appears to be generally unfounded. Statistical literacy, as
well as application of traditionally used qualitative techniques such as interviews
and focus groups, not only have a valuable place in research, but also continu-
ously inform new methodological developments. Moreover, it can also be argued
that these older approaches to research can offers a strong basis to new hybrids of
methodologies, which may increasingly develop due to new oportunities in terms
of data sizes and structures. Each approach has unique characteristics, however,
there remain many (sometimes unexpected) similarities between them. Therefore,
in the spirit of mixed methods, it is beneficial not only to focus on how these
approaches may feed into, complement and support each other via new triangula-
tions, but also how their unique traits could contribute to a partnered knowledge
discovery. Based on the nature of the topic of perceptions and adherence, which
should be investigated through various lenses, gaps in previous literature and op-
portunities recognised in methodology, a combination of different approaches was

deemed as the optimal choice in the context of this research.
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Chapter 3

Small talk, Big data: Patients’ and
general public’s perceptions about

people with asthma

“It started with a simple problem... A key with no lock. And I
designed a system I thought fit the problem. I broke everything down
in the smallest parts and tried to think of each person as a number...
In a gigantic equation. But it wasn’t working... Because people aren’t
like numbers. They’re more like letters... And those letters want to
become stories.”

- excerpt from the film ‘Extremely loud and incredibly close’

As stated in the previous sections, the topics of asthma medication adherence and
perceptions about asthma are complex topics that should be investigated though a
triangulation of various approaches. This work, therefore, started with the study
that aimed to leverage qualitative research in combination with existing large data

sets (‘big data’), to create a better understanding of perceptions of asthma. It can,
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therefore, be argued that the first study of this PhD is exploratory, as it aimed
to respond to the following research questions: what perceptions do people have
about asthma; how are they created in the light of interactions patients have with
other people; and in which ways are patients’ perceptions and perceptions captured
on Twitter similar and/or different. There are two parts of this study and the
first one was focused exclusively on experiences of interviewed asthma patients,
whereas in the second part of this study (see Section 3.4) this work was expanded

with the views from publicly available Twitter data.

Semi-structured interviews were conducted and analysed using thematic analysis
as a first part of this work. In-depth interviews were used in order to enable more
context — sensitive interpretation of perceptions of asthma [48]. However, tra-
ditional techniques such as interviews, face some challenges, such as desirability
bias [146]. Additionally, with the increasing popularity of social media, today it is
possible to harness interactive platforms in order to capture unprovoked opinions
and beliefs about many different topics, including asthma. Therefore, a coding
schema was developed to capture perceptions on Twitter and a content analy-
sis was conducted on 3.000 tweets. In order to compare patients’ and public’s
opinions, convergence analysis identified similar topics between interviews and so-
cial media data and where these were similar or different. The potential of this
research rests on valuable implications for clinicians and patients, as this work
can provide not only a better understanding of asthma, but also appoint us to

untapped potential of social media.

3.1 Background

As previously mentioned, asthma adherence can be strongly impacted by patients’

perceptions, given that perceptions can potentially result in emotional and psy-
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chological states that in turn affect behaviours [34]. Creating insights about what
people think of life with asthma can inform current self-management education
approaches [49]. For example, some studies show modifying patients’ perceptions
such as a fear of long-term effects, or a fear of social stigma can be effective in im-
proving adherence to asthma medication [188|. However, very few studies focused
on asthma patients’ and non-patients’ perceptions about asthma, the similarities

between them and a resulting, potential influence on adherence.

There are many potential reasons for low adherence, however research indicates
socio-cognitive factors including perceptions have a crucial role [49]. It is theo-
rised that when a person is faced with a chronic health condition, they create an
opinion about how the diagnosis will impact their life [137, 192|, while they are
facing practical and psychological limitations caused by their condition [83, 49].
People are then thought to make adjustments in terms of behaviours and think-
ing processes [83], which may influence their adherence to medication prescribed
[254]. Understanding patients’ perceptions may, therefore, help health practi-
tioners understand how to promote adherence to their patients’ treatments [194].
Additionally, knowing which negative perceptions to tackle may help in developing
more focused interventions to approach and help high risk, non-adherent patients,

and educate the general public [206].

Perhaps the most comprehensive models used to investigate perceptions related
to patient behaviour are the previously mentioned Self-Regulatory (SR) [173, 44|
and Health-Belief model (HBM) [117, 212]. As described in the literature review,
Section 2.1.7, both models propose that health threat or symptoms result in cre-
ation of cognitive or emotional representation of a health condition [44]. However,
these models do not address the importance of perceptions that exist outside of
patients’ control, such as non-patients perceptions of asthma, which may also not
only inform patients’ illness representation, but also affect patients’ behaviours in

front of other people and treatment adherence, in general.
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The majority of perceptions that were previously researched, only relate to pa-
tients’ personal views of themselves and their condition, but not necessarily in the
context of their social surroundings. The role of the patients’ social surrounding
has been touched on in the context of adherence to asthma medication, using
the Socio-ecological models, which is described in literature review, Section 2.1.8.
As mentioned, this work insufficiently focuses on both patients and non-patients
perceptions such as experienced and perceived stigma. However, these factors are
important given that patients are inevitably intertwined with their social environ-
ment (from which they also learn) and change their behaviour depending on the
context they are in [21]. As mentioned in Section 2.1.10, negative public portrayal
of asthma and patients can be damaging when patients cannot reconcile the iden-
tity of ‘an asthmatic’ with the remaining characteristics of their social identity [5].
In this case, it is possible that patients experience stigma and as a result, deny
having asthma and stop using medication [5]. This is why it is relevant to identify
the nature of stigma in patients’ environment and how pervasive it is, in order to

combat this with information campaigns |79, 47].

3.1.1 Negative perceptions

For people with asthma, as for many other patients’ with various health conditions,
social environment is especially relevant. Firstly, perceived social support can sig-
nificantly help during times of social and emotional difficulties [316]. Secondly,
negative perceptions in the form of stigmatization, could create psychological bar-
riers to adherence to asthma preventer medication [108]. Stigma has previously
been mentioned as a damaging factor in Section 2.1.10. As previously mentioned,
stigma can be framed as self-perceived (subjective experience of stigma), enacted
(related to discrimination against patients) and internalized stigma (level of pa-

tients’ agreement with social stigma) [7, 258|. Enacted stigma was found to be less
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prevalent than perceived and internalized stigma that may lead to feelings of iso-
lation and deleterious consequences of low self esteem [286]. However, regardless
of the type, the heart of stigma lies in social norms and how they are perceived
and enacted [225]. In fact, Masuch et al. (2019) conducted a study about stigma
associated with ADHD and claimed that patients face public antagonism to the
condition and that it is the integration of these negative experiences in the defini-
tion of identity that leads to internalized stigma and self-devaluation [198]. Such
comparison between public views and patients’ beliefs in the case of asthma are

scarce.

3.1.2 Coping mechanisms and Humour

Some perceptions of asthma found in Chapter 3 were related to patients’ coping
mechanisms. These mechanisms do not only represent an adjustment in terms of
behavioural patterns and coping with the limitations that asthma imposes - they
are also followed by a change of perspective and a creation of a belief system [192].
Coping styles are, therefore, another factor that may impacts adherence [192,
5]. In this sense, coping efforts could roughly be grouped into: active, problem-
focused and adaptive; passive, emotion-focused, related to negation of the medical
condition; denial, underestimation; or even exaggeration [217]. Coping strategies
have also been described as appropriate and active, such as information seeking
or positive reappraisal [192, 70| and negative, such as hiding, ignoring and worry

about asthma [217].

Humour or denial, can be used as examples of coping strategies that are a re-
sult of perception creation between people [193]. Specifically, a particular form
of humour, disparagement humour, is often associated with negative social con-
sequences [108]. This is important for patients given that disparagement humour

may create increased tolerance for discrimination [108]. This is also important
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for patients since this humour leads to a reduction of the perceived importance
of serious health conditions [2|. However, the effects of disparaging humour on
individuals’ perceptions of asthma, as well as the themes this humour uses for its

basis and its functions, in the context of asthma remain largely unexplored [169].

One of the potential reasons why patients’ and public perceptions are not given
a lot of attention to could be the difficulties that arise as a result of examining
perceptions. There are, for example, research biases that may arise when using the
more traditional research settings, given that this may stop people from expressing
true opinions [146]. Additionally, obtaining data on public perceptions of asthma
has previously been a difficult task due to expensive and timely sample collection.
However, novel data sources, such as social media are a rich source of people’s

opinions and even insights about their personalities [235].

3.1.3 Novel data sources and opportunities

Previously, obtaining data on perceptions about asthma to inform adherence pro-
grams, was extremely difficult in terms of collection and scale. However, novel
data sources, offer new opportunities. Twitter, for example, is a rich source of
public opinions about health conditions [221, 23], which is described in Section
2.3.2. Twitter provides a large amount of data on public perceptions, where people
are thought to express themselves more openly [221]. These information can be
used to obtain a better understanding of a public opinion about a specific health
condition [23]. However, the number of studies that use Twitter, in the context of
examining topics related to asthma, are very scarce and to our knowledge, tweets

have not previously been used to examine perceptions about asthma.

In conclusion, previous work has examined perceptions, but mostly perceptions

patients have about their condition and treatment, and usually not in the context
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of perceptions of non-patients. Studies that examine the role of public percep-
tions about asthma are scarce, more traditional research approaches are usually
used and work around stigmatization has some contradictory findings. To our
knowledge, no studies compared patients and public perceptions about asthma for
potential congruence. Examining this relationship is important especially in the
context of negative perceptions as the nature of these perceptions could be used
as a direction for future communication strategies. Based on all of this it can be
argued there is a research gap in the field of adherence to asthma medication. This
gap is important because, currently, much advice on asthma-management strate-
gies are designed without taking into consideration patients’ experiences (which
may partly explain a low uptake of these measures) [15]. Therefore, a more de-
tailed observation of patients’ and public perceptions about asthma is needed,

especially in the context of their social environment.

3.2 Current research

This study offers an overview of patients and public perceptions by combining
interviews and content analysis of Twitter data in order to detected similarities
and differences in perceptions of asthma that arise on these different sources.
Therefore, the aim of this work was to explore what patients assume others think
of them in the light of their condition and compare that with what others actually
think. Qualitative interviews were conducted in Study 1a and only asthma patients
participated. Twitter data was used in Study 1b and this enabled the identification

of perceptions held by both patients and non-patients.

Qualitative research deemed appropriate for these goals since it was crucial to
identify the nuances of subjective understanding that motivate various perception

creation and elicit the discovery of new dimensions of a phenomenon [98]. This
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is especially significant as people develop their beliefs and attitudes with spe-
cial regard to the socio-cultural context. The relevance of this is reflected in the
hypothesis that public, negative connotations about asthma may influence how
patients see themselves and their treatment [225]. Therefore, we discuss their sim-
ilarities and discuss about potential effects patients and non-patients perceptions

about asthma could have on patients’ adherence to medication.

3.3 Study la: Examining patients perceptions about

life with asthma through interviews

3.3.1 Design

Semi-structured interviews were conducted face to face. Semi-structured inter-
views were deemed appropriate because there were key topics that were of the
particular interest [48]. The first part of the interview had a set of questions that
helped in building the rapport with participants, where patients were asked about
their work and general views about asthma. This was followed by questions about
patients’ personal experiences, feelings and beliefs related to asthma and inhaler
use. These interviews were informal in nature and follow-up questions were aimed
at investigating participants’ opinions relevant to the topic, but they were also de-
signed to enhance exploratory nature of the research and potentially generate new
knowledge [309]. Additional details about the survey and the interview protocol

are presented in the Appendix, Section C.
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3.3.2 Participants

In total, 14 participants were interviewed. Five were male and nine were female.
The age range of participants was between 19 and 54. The main criterion for
participant recruitment was the medical diagnosis of asthma, at any point in
their life. Five participants had severe asthma and nine had mild asthma. All

participants’ names were replaced with pseudonyms in the reported quotes.

3.3.3 Materials

Interview questions were semi-structured. Initial questions were related to age,
occupation, the length of patients’ asthma treatment and general questions about
asthma and adherence to asthma medication (e.g. ‘What do you do to keep your
asthma in check?’). The following section contains questions about general and
personal experiences related to asthma. The study aimed to examine perceptions
through examples from everyday life and work [5], so participants were asked
questions such as: ‘What kind of jobs would people with asthma not be able to do
and why?’” and ‘If you were a Chief Executive Officer (CEO) of a company, would
you disclose to employees that you have asthma?’. These questions were related to
potential stigmatization and disparaging humour about asthma [192, 15]. Survey
questions were designed to elicit participants’ personal opinions (e.g. ‘What is
the first thing that comes to your mind when I say asthma?’), but also their ideas
about how others perceive them (e.g. ‘How do you think others would react if they

knew you have asthma?’).
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3.3.4 Procedure

Participants were recruited using personal contacts and a snowball technique. The
study was also advertised to undergraduate Psychology students, with completion
in exchange for course credit. Interviews occurred face to face between January
and March 2019. Before the interviews, participants were given a short description
of the study summarizing that it was examining perceptions they have about life
with asthma. Participants were given a consent form and data privacy information
they could consult with and agree to. Interviews were audio recorded using a mo-
bile device and transcribed by the researcher. The average length of the interview
was 50 minutes (the shortest interview was 40 minutes and the longest was 1 hour

and 20 minutes).

3.3.5 Results and Discussion

This study identified common themes within patients’ descriptions of their experi-
ences with asthma. Analysis was atheoretical in order to allow the interpretation
of unexplored, emerging themes [218|. Data obtained was coded independently
by two researchers who then met to discuss arising themes. Where disagreement
arose, researchers discussed until agreement was reached. Once the initial cod-
ing was finished, a further independent researcher replicated the coding process
to check reliability using the codes that were developed. Topics identified com-
prised of: internal perceptions, including perceptions patients have about asthma,
self-image, asthma management, impact of asthma on everyday life, attachment
to inhaler and external perceptions (perceptions related to other people) that in-
cluded assumed perceptions participants believe others have about them, other

people’s reactions to participants’ asthma, and humour (see Table 3.1).
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Themes | Description and boundaries | Example

Perceptiong Descriptions about how the Jack: “Asthma is quite common. FEveryone

about participants see asthma. This knows someone who has asthma.”

asthma included perceived prevalence Shruti: “My mum always had a say in a way I
of asthma and that asthma is perceived my disability.”

‘a part of them’. Jean: “I think it’s because it’s one of these in-
visible things you have, people only notice when
start coughing.”

Self- These are comments related to | Helen: “I think it’s a more fragile, sick person

image the way participants view that has asthma, whereas Helen of recent years
themselves in the light of without her inhaler has been a lot healthier and
asthma, how they adjust to stronger. And I have this conception that I grew
others’ expectations. These out of it as I no longer want to be that person.”
include: disassociation, Amanda: “I’d probably remove myself, rather
self-blame, self-pity and feeling | than say: ‘can you not [smoke|?’... Because as
strong. far as they know they’re not affecting anyone,

they’re not doing it on purpose. It’s my fault
that it’s a trigger...”

Managing Ways in which participants Jack: “I don’t think smoking affects my asthma
manage their condition: as much as it could. I started smoking 10 years
includes practical management; | ago, so my asthma had gone away after I started
smoking and psychological smoking. It’s a bit weird that happened, isn’t
management: it?”
departmentalisation, Jean: “To me it’s unpleasant, so I'd just rather
rationalisation and avoidance. forget it’s there sometimes.”

Impact Comments describing think- | Camilla: “I guess it might affect in terms of

ing processes and feelings that
emerged as a result of adjust-
ments to living with asthma and
limitations (physical and psy-
chological) it imposes.

what they keep in their house, in terms of pets,
having plants, or anything that might trigger. ..
Where they can go, where they spend time.
Maybe physical activity, what they’re able to
do. Maybe possibly a job.”

Attachment Feelings about the inhaler

Shruti: “I need to have it with me. I think it’s

to inhaler psychological because I feel handicapped with-
out it, even if I'm fine. It’s a dependency
[laughs]...”
Others’ Assumed opinions of other Amanda: “People would probably think you’re
assumed | people in case they know /find more fragile, unfit, I think that’s a main thing
perceptions out participant has asthma. about how people are portrayed — lazy and un-
These include: stigma reflected | fit.”
in media impact, lack of Helen: “Well, especially in movies and stuff...
understanding, impact on It’s always this dorky, fellow with the glasses
participants’ job. usually and the braces, who walks around with
his inhaler... So you feel kind of like that, you
feel dorky. You feel a bit like you're... sick or
something.”
Shruti: “I think there are actually a few jobs
that people who have asthma couldn’t do... I
think it would be really weird to find out that
the president has asthma.”
Others’ Comments that describe what Zoe: “I remember when I had quite a lot of
reactions | others say or do if/when friends who smoked, I’d say: ‘Come on guys,
participants decide to disclose can we just go to a non-smoking area’, they’d
they have asthma. Includes the | be like: ‘No, get over it’, ‘But I can’t breathe!’,
sense of community with other | and I felt like the outcast. They’d be like: ‘No,
asthmatics. you deal with it, not the other way around’.”
Amanda: “They (other asthmatics) just have
more understanding of what you can and can’t
do.”
Humour | People using humour when dis- | Nicole: “‘Great, now I can’t breathe either, {***

cussing asthma and ways in
which this is done. Exaggera-
tion of condition and use in in-
teractions.

7?10u asthma.’ It’s more rant-y, trying to make it
grumpy, rather than a real talk.”
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External perceptions

Stigma

Rather than a single topic, stigma was the underlying link between several sub-
topics detected in interviews, including self-blame, others’ perceptions that men-
tioned the role of media, jobs that asthma patients could not do, the issue of
disclosure, others’ reactions in the form of discrimination and negative humour.
However, when asked directly, very few participants said that there is any asthma-

related stigma present in their lives.

No, nobody that had asthma, they were never treated [differently/... In fact,

they were the most popular kinds at school. (Tom)

Nevertheless, stigma was frequently described in examples about how participants
felt or imagined how they would be treated by non-patients. Through the inter-
views some participants assumed that others see them as ‘weak’ and ‘fragile’ and
called their own condition ‘a disability’. These examples highlight the underlying
notion that asthma makes people different from the norm and and that there is

‘something wrong with them’:

I think when you see someone with asthma, you’re more likely to think about
the bad end of it. So if you say you have asthma, you’re put into this

‘unhealthy-something-wrong-with-you” box. (Nicole)

If the CEO is giving a talk and then half way through used his pump, probably

the traitors would be like: ‘Oh my God, what’s wrong with him?’ (Zoe)

Some participants even mentioned that they, themselves, see other asthma patients

as ‘weak’, which could be a signal of internalised stigma. Enacted (experienced)
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and perceived stigma, previously reported in the literature, could also be identified
[277]. Perceived stigma detected in interviews refers to opinions that patients
assume other people have about them. According to participants, these beliefs
are developed from portrayal of people with asthma in the media. A consistent
finding was the perception that media creates a distorted image about asthma in

TV shows, films and other media sources:

I think the only clear image I have about that is - in mouvies it’s always the
dorky, person with the braces who’s with his inhaler. It’s never the good-

looking boy or girl who has asthma. (Hannah)

Stigma characterised here is in line with the previous research that claims 17% of
US films with asthma scenes present characters with asthma as ‘wimps’ and ‘out-
casts’ [15]. However, our participants additionally claim that there are other ways
media perpetuates stigma. For example, media often indicates that in stressful
situations people with asthma are not able to cope well. Participants, therefore,
indicated that media portrayal can reinforce misunderstandings about asthma,
especially when they are portrayed as ‘nerdy’ and ‘not being able to cope with

stress’, which leads to embarrassment for people with asthma.

And I think the perception is then: ‘asthmatics will panic if they can’t put
their hands on their inhaler’. And they just make it worse... I know they
always portray the worst-case scenario. Asthmatics will be on their knees,

wheezing, gasping, totally blue, needing oxygen, whatever. (Jean)

To expand on this idea, some participants claim this negative portrayal is ex-
actly the reason why people with asthma rarely disclose their condition or discuss
asthma. As a result, non-patients remain less knowledgeable, creating a vicious

circle of lack of understanding.
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I think people mostly don’t understand asthma. Asthma doesn’t come up

much at all. Anywhere. So there’s a lot of ignorance about asthma. (Amanda)

Participants claim that this perceived lack of knowledge leads to further feelings

of stigmatisation in the patients’ group:

If someone didn’t know so much about asthma and they meet someone who
has asthma, they’d probably think like ‘just go to the gym and you’ll be fine’.
Other times people who are less understanding would probably be like ‘you’re

overreacting, just breathe’. (Tom)

Enacted stigma was mentioned in situations when participants openly used their

inhaler, were seen smoking, or working out in a gym:

I had people come up to me and say: ‘I can’t believe you smoke and you have

asthma.’ (Shruti)

If I knew I would have some form of asthma related problem, then why did
I push myself so hard as to get myself to that point. I feel like people would

blame me. I feel like there would be a lot of judgement. (Helen)

Types of stigma expressed in interviews signify the notion that stigma creates
a separation between patients and non-patients, given that even when they are
not directly discriminated against, patients may still feel marginalized. This may
explain why perceived stigma was mentioned much more frequently than enacted
stigma - apart from inhaler use, there are no indications that one has asthma,
which tends to make asthma ‘hidden’. This may, therefore, reduce potential
discriminatory behaviours such as labelling, stereotyping and discrimination |[7].

However, the legacy of negative portrayal and experienced discrimination may
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leave behind more permanent anticipated stigma and fear of judgements.

Disclosure

Many participants confided they would not disclose they have asthma even in their
friendship groups and especially not at their workplace, due to a fear of judgement
and potential perceptions that they would not be able to do their job as well as

non-patients:

If T were a fireman I wouldn’t go around telling all my colleagues I had
asthma. If someone knew he had a defect it would stop him from doing his
job. They wouldn’t so much trust in him. If you have asthma, or some other
disability, you don’t really want to go flashing it about, because you want to

be seen as someone you can rely on, count on. (Jack)

In that position [a CEO] I would be so high up, it’s a weakness in that position

to let your employees know about asthma. (Shruti)

The idea that other people would think one is ‘unreliable’ at their job because
of asthma was often mentioned through interviews. This illustration of inter-
nalised stigma also appeared when participants spoke about professions that re-
quire ‘strong and influential people’, such as a president or a CEO. Some partic-
ipants stated that these professions represent a symbol of power, as opposed to
asthma, which is seen as a ‘weakness’. As a result, one’s identity as a ‘powerful
CEQ’ is not compatible with the ‘asthmatics’ identity. Therefore, the latter, ac-
cording to some participants, should be a concealable identity and should not be

disclosed [237].

Closely related to disclosure is the act of avoiding the use of the inhaler in public.

Both of these topics related to hiding asthma with the latter having more negative
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effects on one’s treatment adherence. This was illustrated by one interviewee:

...0elf esteem wise it does affect you, and not taking your inhaler in public

turns into not taking your inhaler - at all. (Helen)

Based on this, it can be argued that non-adherence may be an indirect result of
negative perceptions about asthma and patients attempt to conceal their ‘asth-

matic identity’.

Internal perceptions

Internal perceptions relate to how participants see themselves and their condition.
Some participants who claimed there was no stigma present in their lives still used
words such as ‘defect” or a ‘disability’ to describe asthma. This choice of words
emphasises negative perceptions patients have, not only about asthma, but also
about themselves as they incorporate asthma in their lives. This was illustrated

by one participant:

You're seen weaker because, in a way, you slightly are. (Zoe)

Another internal perception that is relevant is self-blame. Self-blame could be
interpreted as internalized stigma that was related to negative interactions with

non-sufferers:

Lots of my housemates last year smoked and I asked them many times not
to smoke in the house because of my asthma. But they often did. Maybe it

was my fault for not saying it enough. (Amanda)

Conversely, some participants reported positive perceptions such as perceived per-

sonal strength that is a result of living with their condition, which could potentially
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be interpreted as a coping mechanism. This was similar to humour, which was

mentioned as a positive way of coping:

‘I’d start coughing and say: ‘Sorry I can’t die quite as quietly.” If anything,

it helps me as well. I like to make it as a joke.” (Jean)

As opposed to positive coping, self-pity, as a negative self-perception, was used to
illustrate how limited participants felt, not only due to physical, but also psycho-

logical boundaries:

You have to manage this illness. You might not be able to do much physical
actiwity, but also, just the idea... It’s an extra thing people have to deal with,

are afflicted with or makes them lesser. (Nicole)

Internal perceptions discussed could be observed as a part of one’s self-concept,
a composite view of oneself, which is continuously formed and re-formed through
interactions with significant others [49]. The idea of a self-concept is relevant in
this example, because positive or negative self-view could affect coping mechanisms
and health-related behaviours. These results are also important as they highlight
not only the existence of internalized stigma, but also ways in which it reflects on

patients’ perceptions about themselves.

3.3.6 Interim Discussion

This study builds on previous research that has identified perceptions people with
asthma have, particularly related to stigmatization as a group of negative percep-
tions |7, 267, 151]. However, this work extends previous research by identifying
further ways in which stigma manifests for people with asthma - by separating

them as internal and external. Overall, external perceptions included anticipated
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and felt stigmatization, including themes: fear of disclosure, lack of understand-
ing, others’ perceptions and others’ reactions. Internal perceptions were related
to how participants see asthma and themselves in the light of asthma and these
perceptions were reflected in topics such as self-image, management and impact.
In this group of perceptions, participants mentioned departmentalisation and ra-
tionalisation as coping strategies to manage asthma that is perceived as limiting
and unfair. Other internal perceptions were related to self-image, including the
sense of empowerment though asthma, but also negative self-perceptions such as
self-blame and self-pity. Stigma could be used to group several themes and it was
identified as enacted, perceived and experienced stigma |7, 267, 151]. Perceived
stigma was the most frequently mentioned type of stigma and it was described
though hypothetical situations and assumed perceptions of others. For example,
participants would choose not to disclose they have asthma at their workplace
because of anticipated judgements. Internalised stigma was observed when partic-
ipants spoke about other patients, because they were described as ‘weaker’ than

non-patients.

These perceptions could have an impact on one’s self-concept and adherence.
Many of these perceptions were a direct or indirect result of patients’ views about
how society perceives them as asthma patients. However, this work only includes
a small sample and views of asthma patients about asthma and stigma that may
have prompted demand characteristics in how people responded. This is why this
study was extended to examining more naturalistic data from tweets, in order to
avoid desirability bias, include the voices of non-patients and to investigate how
these findings manifest across a larger population. The second study is, therefore,
focused on publicly available data, which was not created in a laboratory setting,
and is created by both patients and non-patients. These public perceptions were

them compared and contrasted with patients’ perceptions from interviews.
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3.4 Study 1b: Examining public perceptions about

asthma based on content analysis of tweets

The goal of study 1b was to use a new frontier to assess public views on asthma,
created in a less constrained real world situation, devoid from researchers’ and
desirability biases. It was considered that studying Twitter data may unearth
previously unidentified perceptions, not necessarily consciously expressed, but ev-
ident in more naturalistic data, and widen the context by including the voice of
non-sufferers. Ultimately, perceptions on Twitter were compared to perceptions
expressed by patients in Study la, with the limitation that these two data set
had different methods of data collection and different participants. Particular

attention is given to where interviews and Twitter data converge or diverge.

It is, however, relevant to mention that Twitter itself has some limitations as
users may choose to present particular versions of themselves for their online pub-
lic, which may affect what and how they tweet about asthma [119]. In fact, some
research claims that there can be an image-related utility of social media, which
assumes that others’ perceptions of themselves motivates users in terms of what
content they produce [290]. Some authors even mention the discussion of whether
our online self is our ‘true self’ or just another self - an act that is created for
the context of social media [322]. However, even taking these characteristics into
account, social media has proved to be able to provide insights about many pop-
ulation characteristics, such as personality traits [100, 224|. Before addressing
the study design, it is useful to reflect on some of the ethical considerations with

regards to Twitter data analysis.
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3.4.1 Ethical considerations

Even though the use of Twitter data in academic research is becoming increasingly
popular, there are still many partially unresolved ethical considerations, which
directly impact conducted methodology. One of the main questions from this
work was related to a discussion whether or not Twitter data is private or public.
Twitter, as a social media tool, has binary options when it comes to privacy:
accounts are either ‘public’ and, therefore, visible to even non-registered visitors,
or ‘private’ (in which case they are visible only to the followers of the individual).
Twitter’s terms of service specifically state that users’ posts that are public will
be made available to third parties, and by accepting these terms users legally
consent to this (Privacy Policy, 2018). Moreover, there is a previously established
consensus that internet data that are freely and publicly accessible can be used
for research [82|. However, this study will take into considerations a wider number
of ethical challenges, even if we consider Twitter as a public channel. The first
challenge is the possibility to identify an individual even when special measures,

such as anonymization, take place.

Public or private?

Some authors claim that there is a need for a more strict approach than provided
in ‘legal’” accounts of the permissible use of Twitter data [312|. This is specifically
related to challenges that arise if we consider Twitter as a public channel. One of
the main challenges is the possibility to identify an individual even when special
measures, such as anonymization, take place. In the US, personally identifiable
information is usually defined as individual’s identifiable elements: their name,
social security number, driver’s licence or a credit card number [324]. EU law, on
the other hand, has a more broad definition of one’s identity and includes physical,

physiological, mental, economic, cultural or social identity. This poses the idea
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that there is a potential threat of identification of individuals even when their

anonymized text is in a set of thousands of tweets.

However, the legal basis for processing Twitter data is ‘public task’. In other
words, according to ‘Lawfulness of processing’ chapter from Data Protection Act,
Twitter collection operates under: ‘processing (that) is necessary for the perfor-
mance of a task carried out in the public interest or in the exercise of official
authority vested in the controller’, according to the Data Protection Act from
2018. In addition, Art. 85 GDPR (“Processing and freedom of expression and
information”) states that ‘Member States shall by law reconcile the right to the
protection of personal data pursuant to this Regulation with the right to freedom
of expression and information, including processing for journalistic purposes and
the purposes of academic, artistic or literary expression. Since processing data in
this study is for academic purposes, it aligns with the following exemption: ‘For
processing carried out for journalistic purposes or the purpose of academic artistic
or literary expression, Member States shall provide for exemptions or derogations

from Chapters: 2, 3,4, 5,6, 7, 9.

Special category

Another ethical challenge that needs to be considered is related to a nature of
data processed. Since this study is likely to capture some health data relating to
individuals, this means that this data can be considered as ‘special category’ data.
In addition, sensitive information is not only the information created by users, it
can also come to light once the analysis is done and when the associations are iden-
tified between participants and their personal characteristics, by using algorithms
[297|. Since it is already established that Twitter data is made public by the data
subject, the conditions for special categories data apply: ‘processing relates to

personal data manifestly made public by the data subject’ ("Data Protection Act

87



3.4. STUDY 1B: EXAMINING PUBLIC PERCEPTIONS ABOUT ASTHMA
BASED ON CONTENT ANALYSIS OF TWEETS

2018", 2018).

In relation to informed consent, it is stated that participants should always be
clearly informed if their interactions are analysed and observed [312|. However,
this information is not obligatory in case of certain exceptions or exemptions. This
study represents one of these exceptions. According to the Data Protection Act
(2018): The following provisions do not apply to personal data processed for —
a. scientific or historical research purposes, or b. statistical purposes, to the
extent that the application of those provisions would prevent or seriously impair
the achievement of the purposes in question (‘Data Protection Act 2018’, 2018).
Therefore, even though the data belong to the special category data, in this case,

the processing is allowed.

It is also useful to mention that previously conducted survey shows a general lack
of concern from users over their posts being used for research purposes, with uni-
versity research that stated as attracting the least concern [312|. Lastly, analysis
conducted in this study could be classified as passive analysis, that is, analysis of
information patterns and interactions on discussion groups of which researchers
have not been a part of. Having taken into account these ethical considerations,
it can be concluded that the analysis of Twitter data conduced in this work can

be labeled as of low intrusiveness [99].

As an additional measure, this work, including the work with Twitter data from
other studies in this thesis, was reviewed and approved by an independent ethics
committee. All the data collected using Twitter API was stored on the encrypted,
password-protected server at the University of Nottingham. Access to this data
was restricted to include only those who are directly involved with the research

and this procedure was also explained to participants.
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3.4.2 Design

Tweets that contained asthma keywords were collected, processed and analysed.
Natural language processing techniques and descriptive analysis were used to ob-
tain the most frequent topics discussed in relation to asthma on Twitter. These
topics were then used in a convergent analysis, where social media data was com-
bined with data from Study la. Social media data has been explored in various
concepts and with different goals, however, there have been only several studies
that try to converge the social media data with other data sources, with the at-
tempt to use social media to support previous research and better understand
individuals [120]. Similarly to the previous research, this study had a challenge —
combining: 1) data from a qualitative research where perceptions are expressed
in the form of a narrative with 2) tweets, which are limited to 140 characters and
represent disjointed thoughts from various individuals. In order to compare this
data, this research adopted a bottom-up approach with the goal of matching per-
ceptions from the qualitative study with tweets that illustrate the corresponding

perceptions, and identifying where perceptions did not match.

3.4.3 Participants

Since only less than 10% of Twitter users restrict access to their accounts, much of
the previous work has recognised that Twitter can bring a better understanding of
its users and impact on the society [196]. In terms of age restrictions, participants
must certify they are at least 13 years old in order to use Twitter [259]. Most
common age groups on Twitter are between 18 and 29 years old, whilst both men
and women use Twitter in a similar proportion [210]. Lastly, it is relevant to
highlight that tweets collected in this study were created by people who may or

may not have asthma.
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Materials

Tweets were streamed via Twitter’s application program interface (API) for 6
months in 2018 and 2019. Considering that tweets are short bodies of text and
contain casual language, abbreviations, acronyms and emoticons, it was important
to make a clear choice of key words [113]|. The keywords used in this study were:
‘asthma’, ‘inhaler’ and ‘asthmatic’, words that best reflect the topic of asthma on
Twitter [239]. Tweets were processed using Python, the programming language

and Structured Query Language (SQL) [35, 121].

3.4.4 Procedure

Data collection

Only tweets in English language were taken into consideration and there was no
limitation in terms of tweet location. Over a million tweets were collected. 376.893
unique tweets remained after removing re-tweets. It was not possible to distinguish
between people who do and do not have asthma based on their tweets, therefore,
it is assumed that this study contains tweets from both groups. In addition, it is
possible that some Twitter users wrote more than 1 tweet and some tweets could

be coded as multiple themes.

Data Pre-processing

Since Twitter has grown significantly, it is now analysed by many organisations
and services that aim to obtain information from text, so there are some stan-
dard techniques of text analysis that were applied in this study as well [149].
Natural language processing techniques were used to clean the data: every tweet

was anonymized and only the full body of tweets’ text was saved. All other
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properties of tweets: location, timestamp, username, short text, URL links (e.g.
http://example.com), Twitter user names and mentions of other users were re-

moved.

Manual Feature engineering

In order to investigate themes within tweets, a three-stage approach to analysis
was undertaken (c.f [221, 273, 60]). Firstly, a random subset of 1.000 tweets was
selected and tweets were manually coded into emerging themes. In the second
stage, linguistic features that were common within a thematic category were es-
tablished by reading tweets. Typical features identified were key words, phrases,
common internet expressions and emoticons. For example, the theme labelled
as ‘lack of understanding’ frequently contained the idiom ‘just breathe’ (to ease
asthma symptoms) (indicating that the user does not understand how asthma is
managed). Extracting common features from each theme was carried out in order
to create rules for classifying additional tweets from the overall data set. Identify-
ing features for each theme were developed into a code book (see Table 3.2) that

contains discovered themes.

In a further analytical stage, additional tweets were obtained and allocated to
themes within the code book in Table 3.2. This was done using Structured Query
Language (SQL) techniques that relied on rules from the code book [121]. After
these additional tweets were collected, there were overall 3.000 tweets that were all,
each independently, coded by five more researchers who were first trained by the
lead researcher in identifying themes using the code book (c.f. [60, 305]). Coding
reliability between six coders was calculated using Cohen Kappa and the score
obtained was 0.79, which was deemed as satisfactory. Analysed tweets were placed
in one of eight themes, where six converged with themes identified in Chapter 3

and two were new themes.
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3.4.5 Results and Discussion

Studies that involve Twitter data in the context of asthma are scarce even though
it was stated that Twitter data can significantly contribute to obtaining a deeper
understanding of public health [268]. However, this study offers a new perspective
on public opinions about asthma by conducting a first content analysis on tweets
related to asthma. Emergent topics in discussions about asthma on Twitter were:
self-pity, lack of understanding, disclosure, sense of community, negative humour,

attachment to inhaler, research and cost of inhalers (see Table 3.2 ).

Themes Key features (containing
the words used to identify
tweets

‘@ or ¢ @ or ¢ ® and ‘asthma’
or ‘inhaler’
#f***asthma
‘sick of having asthma’
“fml’
‘just breathe’
‘asthma isn’t real’
Lack of ‘pretend illness’
ack o ‘can’t F*F*** breathe’
‘believe me’
‘serious’ and ’asthma’
‘asthma is a choice’
‘" and ‘have’ and ‘asthma’
‘T” and ‘got’ and ‘asthma’
‘I got asthma too’
Sense of ‘I have asthma too’
community ‘asthma squad’
‘fellow asthmatics’
(S
‘haha’
‘die’
‘lol’
‘" and ‘need’ and ‘inhaler’
‘where’ and ‘inhaler’
¢®> and ‘inhaler’
‘can’t find’ and ‘inhaler’
‘research’
‘study’
Cost of inhalers ‘cost’
‘price’
‘pay’ and ‘inhaler’

Self-pity

understanding

Disclosure

Humour

Attachment

Research

Table 3.2: Code book of manual features
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Humour

The most dominant topic in tweets was humour. Notably, some features used to
identify humour (e.g.* ’) were also used in other themes, such as sense of com-
munity, which indicates some tweets simultaneously contain several topics. Often
these tweets contain jokes that could be classified as stigmatization given that
asthma patients were either objects of jokes or authors of humorous ‘confessions’
relared to asthma. Therefore, in many cases, this kind of humour is disparaging
and contains derogatory connotations about both asthma and asthma patients,

such as the following example [108]:

Calm down Lil Weezy

In other cases, users use humour as a reference to something surprising or funny
that happened and consequently caused asthma symptoms, or in a metaphoric way
using the idea that asthma symptoms could have been experienced to emphasise

something extreme.

IM GONNA HAVE AN ASTHMA ATTACK OMG @ @ @ 8 o o &

she’s actually gorgeous

Self-Pity

This topic can, in the majority of cases, be assumed to be created by asthma
patients, since tweets are mainly complaints about one’s asthma symptoms or
feelings induced by asthma. Self-pity often included the sense of urgency, which
might be interpreted as an help-seeking technique, since these tweets often elicit
responses and comforting messages from others. A number of tweets from this
category also described feelings of sadness and unfairness of having to deal with

asthma. The following tweet illustrates that.
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I'm supposed to be enjoying the night out with friends but here i am suffering

from asthma attack ® ® ©

Lack of understanding

This theme represents a lack of medical understanding of asthma and its symp-
toms. These tweets are usually derogatory in tone and often contain judgements

about patients:

I don’t get it. There is so much air how can u get asthma

Who tf still has Asthma ? That childish ass disease. Just breathe =

Since tweets are directed at patients, it can be assumed that they are primarily

written by non-patients and are examples of discriminatory acts.

Disclosure

In some tweets users disclose they have asthma, which is often supporting an
argument or an explanation. For example, a user might disclose they have asthma

to explain why the air quality was important.

um i’'m gonna need my work to stop making me clean the world’s dustiest

surfaces i got asthma and you try to kill me

Stigma

Stigma can be interpreted as an underlying topic in many tweets, especially hu-
morous tweets and tweets that signify the lack of understanding. Specifically,

stigma can be found in the following forms:
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1) Non-patients making fun of someone using inhaler/having an attack and or

making fun of patients

When that boy took that inhaler out I bout died =

nice inhaler nerd, where’d u get it the inhaler store ® =

2) Using swear words to derogate someone

I’ll never forget when it was a bunch of us in the box and this bitch decided

to tell us at the last minute she had asthma

3) Assumed patients making jokes about asthma:

I be hitting my asthma pump like its a blunt © =

Sense of community

Sense of community represents the perceived support that people with asthma

give to each other online:

If you like we can exchange experiences and treatments. The new ketamine
inhaler appears to have promise. I don’t want anything except to be able to

help.

This support is seen through encouragement, tips, but also warnings about trig-

gers, such as weather changes.
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Attachment to inhaler

Tweets often contain expressed need for an inhaler, frequently with dramatised

sentiment:

SOMEONE GET MY INHALER W®® & &

This can be perceived as a call for help or as a disclosure about an asthma attack.
This topic is similar to humour as both mention the use or need for an inhaler.
One of the key distinctions between this category and humour is in the choice of
emoticons since humorous tweets mention using inhaler as a result of something

funny.

Price

Some tweets contained complaints about inhaler prices and asthma prescription.

And too often, the inhaler prices jump for no good reason, only exceptional

greed!

Research

Research tweets were written in a more formal way and contain findings of the

latest research and news and do convey no personal insights:

Our #CHORI researchers developed a nutritional supplement... found to

improve asthma.

Research tweets are different to perception tweets, because they are written using

less colloquial language and contain no personal perceptions.
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3.4.6 Cyberbullying

This study offers novel insights about public perceptions about asthma by captur-
ing live data from the Twitter platform and developing a taxonomy to categorize
emerging themes. Considering that emerging topics include disparaging humour,
lack of understanding and self-pity, as the leading themes, it can be argued that
Twitter, a key social media outlet, sheds light on potential negative perceptions
of asthma such as stigmatization, highlighting users’ psychological and emotional
stress [79]. Some tweets can even be labelled as cyberbullying [214]. Cyberbul-
lying is powerful as it is much easier to make hurtful and threatening statements
online due to increased psychological distance between the victim and the bully
and the reduced accountability [134]. This also means that the accountability for
one’s words is significantly reduced - especially, taking into account that many
tweets are written anonymously. However, Twitter also offers insight into positive
outcomes of social media in the context of asthma patients. Our data highlighted
the sense of online community and support that patients can find online [152].
This insight indicates that there is a potential support network for asthma pa-
tients outside of traditionally explored ‘off-line’ support, by doctors and family

165, 192).

3.5 General Discussion

This study offers a new perspective on perceptions about asthma as the first study
that combines the voices of both patients and the public, though the content anal-
ysis of Twitter data and thematic analysis of interviews. This approach enabled
obtaining deeper insights about perceptions that were barely mentioned in inter-
views, such as self-pity or humour, which were more frequent on Twitter. Overall,

there were six mutual themes, with different levels of occurrence in interviews and
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tweets: self-pity, humour, sense of community, disclosure, lack of understanding
and attachment to inhaler. Stigma was more apparent on Twitter, however, its
deeper consequences and coping mechanisms were described in more detail in in-
terviews. Topics ‘research’ and ‘price of medication” emerged on Twitter, but did
not appear in interviews. This is to be expected given that topics discussed on
Twitter were wider than the focus of the interviews. Conversely, some themes
from interviews did not appear on Twitter, such as jobs asthmatics cannot do.

The following sections offer a more nuanced discussion about mutual themes.

3.5.1 Consequences of stigma

The two main manifestations of stigma that can be discussed based on the findings
are the trivialization of asthma as a health condition and patients’ attempts at
distancing from asthma due to negative connotations. Stigma and its underlying
mechanisms have been mentioned as one of the damaging factors in relation to
asthma treatment adherence [123]. However, stigma was expressed differently in
tweets and interviews. While interviewed patients mostly only anticipated stigma-
tization by expressing the fear of judgements (in topics such as ‘disclosure’), tweets
supported the presence of stigma in the form of discrimination in public tweets.
Regardless of this dissimilar representation, there was a similarity between per-
ceptions online and in interviews, given that both cases reflected the lack of un-
derstanding about asthma, coming from non-patients. For example, the following
tweet contains the lack of understanding by (presumably a non-patient): ‘how is

asthma even a thing just breathe harder smh’

A similar perception (that asthma patients can be misunderstood) is also found

in interviews:

Lots of people have asthma. But, I don’t think there are many people who
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have it as bad as me. So I think people were thinking I was a bit of a wus.

(Alex)

Furthermore, some interviewed participants referred to other patients as ‘weak’,
which is a term often found in tweets. These similarities between perceptions
expressed in interviews and perceptions from tweets may indicate their inter-
connectivity and potential relationship [198]. These finding are important not
only because they signify the presence of stigma in the public opinion (which was
sometimes treated as questionable in the literature), but also because they could
indicate that future interventions should not only be focused on changing patients’
perceptions, but also on education of the wider public, especially because stigma
was previously found to have adverse consequences in the lives of asthma patients

[7], as well as being positively associated with poor asthma control [15].

Trivialization

Tweets indicated there is significant lack of understanding that Twitter users have
about asthma. This is particularly evident in tweets that denote asthma is an
‘imaginary illness’ and that patients should ‘just breathe’. This finding is relevant
because it supports assumptions from previously conducted work about food al-
lergies, that states that judgements and disparaging humour aid in trivialization
of a health condition [2|. A quote from a patient with severe asthma reveals how

this could be reflected when someone has an asthma attack:

I think when they see someone taking the inhaler they think they’re over-
whelmed. ‘Oh he’s or she’s overwhelmed’. They think it’s like when some-

one’s in love. Many people don’t have the understanding of what it is.

(Amanda)

Previous literature has mentioned a link between perceived non-importance of
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asthma and medication that lead to non-adherence [165]. This idea was mentioned
in the previous work where a significant number of asthma patients underestimate
the severity of their condition, as a potential consequence of public perceptions
[230]. However, this signal of trivialization may also be a reflected in patients’
discourse in public tweets, indicating the public often underestimates the serious-
ness of this condition. Furthermore, detecting trivialization of asthma could also
indicate lower level of tolerance to discrimination given that when asthma is not

perceived as ‘serious’, the acts of discrimination may seem less damaging [2].

Distancing

Another potential consequence of stigma could be patients’ avoidance of associa-
tion with negative perceptions about asthma. As mentioned in interviews, having
asthma sets patients apart from non-patients, and stigma may further marginalise
people with asthma. This is particularly illustrated in tweets that portray people
with asthma as ‘lesser’ and different from a standard. Previous research indicates
that those who feel too similar to a stigmatized group tend to distance themselves
from it, to reduce negative associations with the self and to maintain a positive

self-image 200, 2.

These behaviours could be interpreted as changes aimed at being more consistent
with general perceptions [2|. This could range from not disclosing being diagnosed
with asthma, using an inhaler in public, to not using an inhaler at all and non-
adherence to treatment. Some interviewed participants argue they do not disclose
they have asthma, due to ‘hypothetical’ judgements, which are on the other hand
publicly expressed in tweets. The effects of this interplay between perceptions and

their impact on adherence were illustrated by one participant:

Mot taking your inhaler in public turns into not taking your inhaler - at all.
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(Helen)

This supports previous qualitative research that labelled patients as either ‘ac-
cepters’ or ‘deniers’, based on patients’ propensity to deny having asthma [5]. It
is of vital importance for patients to establish positive perceptions about asthma,
as these may relate to identity as someone with asthma, and ultimately — their
medication adherence [143|. Negative public perceptions may play a role in cre-
ation of internal perceptions. Indeed, during the interviews, participants claimed
that introducing asthma to one’s identity could diminish a previously established
identity of a strong, healthy person. Detecting any disassociation from identifi-
cation as someone with asthma is important since it could lead to denial, which
has a known link to non-adherence and the potential for life-threatening asthma

attacks [4].

3.5.2 Community support

A topic that was only occasionally mentioned in interviews, but was more domi-
nant on Twitter was a perceived sense of community between people with asthma.
Tweets uncovered communication strategies created by people with asthma illus-
trated by ‘self-pity’ that can be interpreted as help-seeking, since tweets of that
nature often attract supportive comments. Interviews illustrated, in more depth,

the nature of support often received by patients:

Another friend of mine had asthma... We understood each other because of

it. I never talked about it to anybody else. (Lesley)

This kind of community between patients can be explained as assimilation, a cre-
ation of a group that develops its communication techniques and serves as support

[200]. The community of asthma patients can be found on Twitter, containing a
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plethora of advice about coping with asthma and management of asthma symp-
toms, containing warnings and tips [216]. Perhaps more importantly, they often
take the form of emotional support. Twitter fosters opportunities for people to
create and engage with a community that shares similar characteristics and of-
fer each other encouragement [75|. This can be illustrated through the following

tweet:

Asthma can kiss my rear am I right fellow asthmatics?

A similar sentiment was detected when an interviewed participant explained what

she would tweet online:

It’s stuff like: ‘I'm dead now, someone come find me on the floor’... (But)
if somebody else posted about it, like asking for support, I'd tell them my

experience or my story, I would help. (Nicole)

Tweets related to advice and emotional support are important, because they can
counteract stigmatization, by raising awareness about asthma and sharing knowl-
edge. Identifying existence of this kind of support available for people with asthma
is novel in the literature. So far, research has only examined support patients
receive from health professionals and family [245]. This study highlights the rel-
evance of online support and community, as patients are also a part of a digital
environment. These traits of social media can be useful implications for future
interventions, as recent studies showed that social media may have potential to
host patient education interventions and could even be used to create public health

campaigns to engage Twitter users [22, 281].
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3.6 Limitations and motivation for the following

study

Participants in Study la and Study 1b were different, which may explain some
of the differences observed in their perceptions. Twitter population tends to be
younger than the general population 33, 210]. In addition, tweets this study were
collected from anywhere in the world, from any English speaker, who may or may
not be asthma patients. There also may be the cultural differences that may exist
between participants interviewed in Study la and Twitter users (given there was
no limitation in terms of the countries tweets were collected from). Considering
that Twitter lacks context, it is not possible to distinguish between people with and
without asthma online unless they explicitly say they have asthma in the tweet.
Additionally, two studies had different methods of data collection and different
sampling of participants, therefore, so we cannot clearly contrast perceptions.
However, certain themes appeared to stem from one group or another (such as the

lack of knowledge about asthma).

This study can be considered as an exploratory work that set a valuable basis for
the several studies that followed in this thesis. This work identified perceptions
that were then examined in more details in the following chapters, however it
also had some limitations that motivated the remaining work. For example, this
study investigated 3.000 tweets, however, these perceptions could be examined
(and their presence could be established) on a larger data set, which was identi-
fied as one of the main motivations for the research conducted in Chapter 4. This
work also identified the need to focus on measuring the (individual and cumula-
tive) impact that perceptions detected in this study, have on non-adherence to
asthma medication, which was in this work only inferred based on previous re-
search and theory. The impact these negative perceptions have on non-adherence

was, therefore, addressed in both Chapter 5 and Chapter 6.
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3.7 Conclusions of Study 1

This work built on previous studies about asthma perceptions by comparing
patients’ perceptions obtained through interviews and public perceptions from
tweets. In interviews, patients expressed perceptions that can be classified as in-
ternal and external, including stigmatization that could be used to group several
themes. Twitter data was analysed using a content analysis and by creating a
topology of perceptions, with prevalent perceptions being negative humour and
self-pity. Convergent analysis indicated a significant overlap between the pub-
licly written tweets that contain stigmatization of patients and stigma expressed
in interviews, which could be an indication that some patients’ perceptions may
be informed by the public opinion. Stigmatization expressed in these two sets of
perceptions could potentially lead to trivialization of asthma, as well as distanc-
ing from asthma by patients, both of which could negatively affect adherence to
medication. However, this study also highlighted a perceived sense of community
that exists online that could be an additional source of emotional support for
patients. Most importantly, this work signifies that asthma patients should not
be observed in isolation, but as a part of a wider social environment - including
its digital component. Therefore, this study is the first study of this thesis that
identified the need for asthma-educators to develop anti-stigma interventions and
create more positive perceptions about asthma and asthma patients. Additionally,

online sources should be recognized as an alternative form of support for patients.
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Chapter 4

Perception detection using Twitter

Having undertaken a qualitative, exploratory investigation of perceptions about
asthma in Chapter 3, the following step was to investigate the potential to quantify
perceptions. Therefore, this study was build upon the following research questions:
how to extract, examine and measure the prevalence of asthma-related perceptions
from self-expressed text data, specifically tweets. This was done through two steps
that include: delineation between perception and non-perception tweets in Study
2a and analysis of found perception tweets with the goal of obtaining the percep-

tion groups and measuring their prevalence, in Study 2b.

In order to detect perceptions from text, an important first step is ‘perception
detection’ - essentially, creation of a filter that would provide the basis for the
following steps of perception analysis. Detecting perception is, therefore, the first
focus in this chapter and describes some of the main characteristics of Twitter data
that have to be taken into consideration when extracting any kind of perceptions
from text, not only those related to asthma. The subsequent study is more focused
on the analysis and measuring the prevalence of groups of perceptions that were
extracted from Twitter, with the goal to not only emphasise the existence of neg-

ative perceptions in the public, but to also highlight their commonality. In order
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to filter perception and then analyse and measure them, special attention has to
be dedicated to revision of our definition of perceptions, in order to operationalize
analysis. As such, the first part of this chapter is dedicated to additional examina-
tion of the shades of meaning within this concept, extending the discussion from
Chapter 2 to consider differences between related concepts of: perceptions, opin-
ions and emotions. Even though the differences between these concepts are often
not the focus of social sciences (and are sometimes even considered as synonyms),
such differences need to be more strictly defined for computational analyses - as
previously mentioned, there is currently no clear method for identifying percep-

tions within big data.

4.1 Operationalizing a definition of ‘Perceptions’

In order to extract perceptions using the bottom up approach, it is important
to create a definition of this concept. As previously detailed in Chapter 2, in
the prior literature perceptions have been defined as either mental impressions or
perceptions related to sensors such as vision, taste or hearing [291]. This research
is concerned with perceptions related to mental concepts that include motivation,
learning and experience - which is a topic that had been particularly relevant in

the business context and the field of psychology.

4.1.1 Insights from other fields

Consumer and brand perceptions in particular are areas of research that have been
dominant in the field of business, although practitioners were usually concerned
with extracting perceptions using qualitative research or surveys [191, 238|. The
main challenges of these approaches have usually been obtaining representative

and sufficient sample size, due to cost and time. In terms of the work conducted
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with the goal of quantifying perceptions from a business context, two notable con-
cepts arise: semantic differential techniques and perceptual mapping. The semantic
differential technique is a common tool for measuring perceptions by asking par-
ticipants to rate a topic on a set of seven point scales with polar opposites (e.g.
smooth /harsh) [110]. Another technique is perceptual mapping, a well-known tool
for establishing brand positioning (on a diagram that usually has two dimensions)
[158]. These dimensions can be adjectives (e.g. price and quality) that help in
establishing the gap between how the company views their brand as opposed to
how customers perceive it. Both of these approaches emphasise that perceptions
can be analysed using adjectives and not only though the intensity or sentiment.
An example of a brand perception might be good value for money, which reflects

both a positive perception and an aid to purchasing decisions [253)].

Another field which is closely related to perceptions is research about emotions.
An aspect of this research highly relevant to this framework is, therefore, ‘emotion
classification’. This field has been partitioned between researchers that classify
emotions as categorical, dimensional or based on how the subject appraises its
environment [275]. Some dimensions that have been leveraged are: positive vs.
negative [255, 51| evaluation of emotions, power or intensity of emotions [310],
activation [85] of emotions, attention, control, novelty, certainty, perceived obsta-
cle and responsibility [275] of emotions. However, the only two dimensions that
have appeared consistently throughout the literature are ‘pleasantness’ and ‘level
of activation’ [275]. Level of pleasantness, or evaluation as it is addressed in this
work, indicates whether the emotion is positive (e.g. happiness, joy) or negative
(e.g. sadness, anger) [85]. Activity (or activation) is defined based on the motiva-
tion to take action (in the case of active emotions, such as frustration), or reject
something based on passive emotions (such as boredom) [51]. These dimensions

are represented in Figure 4.1 [310].

Another relevant part of the research about emotions is the recognised range of
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Very Active
angry excited
afraid happy
Very Negative Very Positive
sad relaxed
bored content

Very Passive

Figure 4.1: Two dimensions of emotions [310|

emotions. The most agreed-upon set of six basic emotions is: joy, sadness, fear,
anger, surprise and disgust [96]. There is also a mention of secondary emotions,
which are combinations of basic emotions [85]. However, Whissell (1989) suggests
there are at least 9.000 words with affective connotations that can be used to
express emotions [308]. This raises a relevant point: as per emotions which may
require a large lexicon of words, to encompass perceptions, we may not be limited
to a fixed number of predetermined words either. This idea served as a basis for
the concept that is in the following sections described as ‘modality’: characteristics

of text that represent persons’ commitment to a claim [204].

4.1.2 Twitter, the place where perceptions live

Since no medical system is currently able to provide a completely holistic medical
experience, patients frequently turn to online environments, in search of informa-

tion sharing and support [152, 185]. As a consequence, patients often use Twitter
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and other social media channels to openly express how they perceive living with
their condition [263|. Having in mind findings from the previous, Chapter 3, re-
lated to the significance of social media, and in combination with the argument
that patients currently provide very limited and structured feedback to their med-
ical doctors, it is clear that social media holds potential to enable a more effective
flow of information about perceptions [152, 185]. For these purposes, Twitter has
become an extremely popular choice in analysing user-generated content, with
data readily available and more suitable for bottom-up approach in discovering
patterns [210]. Twitter also has the nature of a random experiment, rather than a
laboratory setting, which some authors have claimed adds to the external validity

[261], which was described in more detail in Section 2.3.2.

However, Twitter also contains a lot of noise. Tweets can be ambiguous, contain
slang, abbreviations and emoticons [113]. This creates substantial challenges to
text analysis [78, 207]. Even more importantly, extracting perceptions for the
purposes of sentiment analysis and opinion mining is often difficult due to a large
number of tweets that contain - no perceptions. Twitter is a public platform that
is open to not only individual users, but also companies that advertise their prod-
ucts, political parties and many other institutions that produce tweets that are not
perceptions. Twitter, as opposed to Facebook, also attracts more professionals,
who, as a result, accumulate a large following [235]. For example, in the case of
a health condition, some tweets are created in order to promote both the latest
findings in the research and to promote medications. The volume of tweets that
contain no emotions or opinions is likely large enough to cause a decreased per-
formance of traditional techniques, commonly used to analyse Twitter data [269].
For progress to be made, in terms of the analysis of tweets, filtering of perceptions
from non-perceptions is an essential first step. Many analytical techniques have
a tunnel vision in terms of obtaining insights - filtering of perceptions can only

improve the precision of relevant information extraction [249].
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The idea of removing ‘noise’ from tweets in this manner leads us to the concept
of ‘subjectivity’. Subjectivity has featured in the literature as a task of classifying
sentences as opinionated or not opinionated [157]. It was used to improve question-
answering in social media and in classification of online reviews [138, 36, 175]. A
concept similar to perception filtering is also found within the field of emotion
research, where it has been labelled as ‘attention’. In this context, attention is
the dimension that determines whether a stimulus should be ignored or attended
[275]. Additionally, a similar idea appeared in a study that was concerned with
predicting credibility in tweets. The focus therein was on linguistic features that
are useful in predicting whether information in text is credible or not and in
order to establish this, this study made the use of subjectivity, that differentiates

opinions from facts [204].

4.1.3 Perceptions vs opinions vs attitudes

Of particular relevance to our goal of computationally detecting perception is a
body of work related to a concept called Opinion Finder [313]. This concept, itself,
is similar to subjectivity analysis. Opinion mining is related to perception detec-
tion proposed in this thesis, however, there are some notable differences between
the two concepts. Firstly, perception tweet identification in this thesis aims to
extract patients’ perceptions, which includes distinguishing between tweets that
express individual’s perceptions, as opposed to tweets that are written by a com-
pany, PR agency or members of academia, with a goal of promoting their work.
This is a subtle, yet important distinction, as Opinion mining (and subjectivity)
focus on tweets that contain an opinion, regardless of a party that created the

tweet.

Secondly, perceptions represent a broader class than opinions - because they do

not need to contain an affective component [283]. Finally, subjectivity, as a task,
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has predominantly been used in the function of helping the accuracy of sentiment
mining [58]. Yet, perception analysis in this thesis takes into consideration both
sentiment and the content of tweets. If achieved, perception analysis has the po-
tential to inform practitioners’ interventions and provide a better understanding of
the drivers underlying patients’ sentiment. This means that the end goal of subjec-
tivity and perception detection can be different. The methodology underpinning
subjectivity detection has most frequently been associated with using a variety
of lexical and contextual features for classification. The rest of this chapter will
adopt a similar approach in the first part, however, additionally considering clas-
sifiers that utilize the body of text, as the main feature in perception prediction,

as opposed to linguistic features.

Another concept that is closely related to perceptions is attitudes. Attitudes can
be defined as one’s tendency to act in a specific way due to their experience,
that has a direct impact on individual’s response to situations and subjects that
are related to this experience [227]. Similarly, perceptions can be defined as a
result of one’s mental impression and interpretation of their experience, as it was
stated in Section 2.1.4. 2.1.3. Both attitudes and perceptions can be substantially
different from reality and they do not need to be aligned with behaviour - in the
case of attitudes this is called Cognitive Dissonance [227|. However, attitudes
may be seen as more closely related to behaviours than perceptions, as behaviour
is one of the main components on attitudes (including also feelings and beliefs).
Conversely, perceptions can be seen as a construct that is more related to the social
surrounding of an individual, due to the complex inter-connectivity and nature
of relationships between perceptions of one person and their social environment,

which are explained in more detail in the Discussion, Section 7.1.
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4.2 Towards Perception Detection

The literature from other fields (presented in Section 4.1) was used to develop a
perception framework to be used for detection and analysis of perceptions in this
chapter. This prior research is important, as it offers consilience around about
the potential dimensions of perceptions and how they can be measured. In order
to elaborate on how an operational framework can be created, the following is a

summary of relevant conclusions, all drawn from the previous literature:

1. There is a need to make a distinction between perception texts and other
types of content that do not express perceptions (especially on Twitter where
such content is created by a range of different parties, where the inclusion

of non-perceptions is likely to skew analysis);

2. Perceptions about brands can be presented visually using two main dimen-
sions (such as price and quality in the case of brand perceptions), which is

an effective visual representation;

3. The most commonly used categorization of emotions are evaluation and

activation;
4. When perceptions are expressed, adjectives are highly likely to be evident.

5. Rather than pre-determining words that can describe perceptions, there is

more utility in identifying a relevant lexicon via bottom-up approach.

At present, to our knowledge, there is no framework for measuring perceptions
from text data or even a clear definition of perceptions in this context. Therefore,
consiliented conclusions from previous research were used in the creation of the
perception detection framework that can be used to investigate perceptions about

people with asthma, using Twitter data. The methodology for this framework
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represents a combination of multiple machine learning classifiers incorporating

the following tasks:

e Perception detection (or filtering) in order to filter tweets and obtain only

tweets that relate to perceptions;

e Activation based on classifying tweets as either active or passive following

the literature on emotions;

e Sentiment detection in order to determine whether tweets are positive or

negative;

e Dimensionality reduction via topic modelling in order to obtain the most

relevant perception words (and topics).

A high level view architecture of this framework is represented in Figure 4.2. The

goal of perception analysis using this framework is to respond to several questions:

e How to distinguish between perception and non-perception tweets;

e Which group of perceptions are most prevalent on Twitter regarding people

with asthma;

e Which group of perceptions potentially indicate non-adherence?

With this broad framework in hand, the following sections of this Chapter contain
two studies that aim to respond to these questions. In the first study, a model
is created to distinguish between perception and non-perception tweets, using
asthma-related tweets as a case study. This consequently provides tweets that
can be used in the second study, which is dedicated to the analysis of perceptions
though steps of activation, evaluation and modality. The second study has the
goal of uncovering the dominant groups of perceptions, interpret their meanings

and prevalence in the data set of streamed tweets.
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Figure 4.2: Perception Framework
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4.3 Study 2a: Perception detection using Twitter

Study 2a represents the work that has been published under the name ‘Perception
detection using Twitter’ in 2020 IEEE International Conference on Big Data [182].
The work is focused on detecting perceptions as they are expressed on Twitter
and that reflect how asthma patients (and non-patients) feel about asthma and
people who have this condition. The study examined methods that could be
used to extract perception tweets. First, differences between perception and non-
perception tweets were demonstrated in terms of their linguistic features, and
the rest of the work was focused on filtering perceptions using the classification

process.

4.3.1 Study Design

Study 2a is split into two parts. Using a set of ground truth labelled tweets, the
first part starts to unpack the phenomenon of perceptions, investigating which pre-
defined linguistic factors make perception tweets different from non-perceptions.
In this section we hypothesised that perceptions tweets will be shorter, contain
less punctuation, less hashtags and less capital letters. These features were then
used to investigate their predictive power in terms of perception detection using
traditional classifiers. Then, in the second part of the study, instead of using
domain-led linguistic features to distinguish between the groups, word-embedded
vectors based on the body of tweets were directly leveraged. This allowed ma-
chine learning models to use previously undetected patterns, rather than using
prescribed features. A discussion of the data and the acquisition of perception /
non-perception labels is common to both and discussed first in Sections 4.3.2 and

4.3.3.
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4.3.2 Data

Data used in this study the same as data from Study 1b. Again, tweets were
collected in 2019, and only those expressed in English language were considered,
however, with no limitation in terms of tweet geospatial location. Out of over a
million tweets, 376,893 unique tweets were analysed after removing all re-tweets.
As mentioned, only tweets related to asthma were used, as collected though the
following keywords: ‘asthma’; ‘inhaler’ and ‘asthmatic’. As per the previous study
data pre-processing was composed of: anonimisation of tweets, removing any du-
plicates or non-english tweets. In addition, lemmatization was done before trans-

formation of documents into vectors.

4.3.3 Labelling

Using a sample of randomly chosen tweets from the collected data, a taxonomy
of perception tweets was manually developed and this coding schema was then
used by six researchers. Coding reliability between coders was calculated using
Cohen Kappa and the score obtained was 0.79, which was deemed as satisfactory.
Overall, 3,344 tweets were read and coded: 1,189 were labelled as non-perception
tweets and 2,155 were labelled as perception tweets!. As an example, a perceptions
tweet is: ‘I missed class be I had an asthma attacking this morning and I actually
did my hw® 7 or ‘when i was complaining about my inhaler at work the other day
and someone tried to offer me solutions???? like no, I'm here to complain not
solve my issues bye’. Examples of a non-perception tweet are: ‘ Volunteers needed
to trial new COPD and asthma treatment’ or ‘Systematic review on how primary
healthcare workers in LMICs obtain information for prescribing (6) Quality of care

for people with asthma | #HealthInfo4All #PHC #HealthForAll #prescribing’.

!The dataset has been made available here: http://cs.nott.ac.uk/ pszgss/research/
data/perception_detection_data.csv
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Part 1: Summary of the first approach to perception classification: De-
tecting differences between perceptions and non-perceptions and clas-

sification based on their linguistic features

As previously mentioned, the first part of the study was predominantly concerned
with examining the main differences between perceptions and non-perceptions and
investigating whether known linguistic features could be used to successfully dis-
tinguish between the two groups. This analysis was informed by previous research
that argued particular linguistic features were relevant predictors of whether in-
formation in text can be classified as a perception [204]. Based on this work,
we hypothesised that perceptions tweets will be shorter, contain less punctuation,
less hashtags and less capital letters. The following sections contain more insights

about each of these linguistic features.

The most basic text feature that has been mentioned (as one of the Linguistic
Inquiry and Word Count (LIWC) features) is the length of text [279]. Since
Twitter seems to be a place for short personal expressions, the length of tweets
was previously mentioned as a potentially useful feature for opinion detection
[166]. In the light of this previous work, it can be argued that non-perceptions
tweets may be longer than perception tweets, potentially because they contain

more information.

Another potentially valuable feature that was mentioned in previous work is the
number of hashtags, meta-data tags about the relevant topic [269]. Previous
research stated that neutral tweets contain less hashtags [242]. Using hashtags
is frequent on Twitter as tweets with hashtags are visible to more people. This
can, therefore, be seen as a way of advertising for research studies, as well as for
companies. Based on this, it was assumed that non-perception tweets might have

more hashtags, which could potentially differentiate them from perception tweets.
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Previous work also argued that tweets contained more misspellings and slang than
reviews [195]. In general, by reading a sample of tweets, it could be suggested that
tweets written by companies or members from the academic environment and other
non-perceptions, were written without slang or abbreviations. These tweets follow
grammatical rules, which means that they had a correct use of punctuation signs
and they also normally start with a capital letter. For this reason, the number of
punctuation signs and capital letters were investigated in this study as linguistic

features.

In summary, features that were explored as potentially discriminatory were: the
length of tweets, number of hashtags, punctuation signs and capital letters (see
Table 4.1). Descriptive analysis was first used to establish whether there are differ-
ences between the two groups based on each of these factors. A machine learning
process was then used to 1) examine the power of these factors in distinguishing
perceptions from non-perceptions and 2) to examine which factors really ‘reveal’
a perception. Traditional classifiers such as Logistic Regression, Random Forest
and Multinomial Naive Bayes were used for this task. Data used in this task
was split using random sampling into training (75%) and test sets (25%) and the
performance was tested on the held-out set. In order to assess the success of
classification, performance was evaluated using classification accuracy with higher

resolution analysis of confusion matrices [228].

Label | Length | Punctuation | Hashtag [ Capital letter
mean | 0.5 128.23 4.35 0.83 7.55
std 0.5 79.95 4.5 2.12 14.37
min 0 | ] ] 0
25% 0 60.25 1 0 1.25
50% 0.5 108 3 0 4
75% 1 197 7 1 9
max 1 281 50 23 229

Table 4.1: Descriptive statistics for linguistic features
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Part 2: Summary of the second approach to perception classification -

classification using the body of text

The second part of this study used a different approach in detecting perceptions: it
did not use pre-determined individual features, but rather the raw text of tweets,
as the input for classification. To examine classification ability, Random Forest and
Multinomial Naive Bayes were chosen as the first set of classifiers using the word-
based frequency vectorizations (bag-of-words approach). Logistic Regression was
used as a baseline classifier because it is the most simple classifier (considering it
is focused on linear relationships) used in this task [92]. Additionally, since neural
networks previously achieved success in accurately capturing semantics and the
overall context of texts, they were also tested on this task [115]. Tweets, in the
form of vectors, using word-based frequency vectorization, were used as input for

neural networks’ models.

Both RNN and BRNN were used in this task. Additionally, the type of RNNs
used in this study, LSTM, controlled which information was stored or forgotten
[163]. As previously mentioned, the only input features in this task were word-
embedded vectors, created from the labelled Twitter data set. In terms of the meta
parameter tuning, there was one embedding layer and transfer learning (based on
pre-trained word vectors) was used as there was not so many labelled tweets. The
neural network architecture had one LSTM layer, which also contained 15 LSTM
nodes. Global Max Pool layer was used to output a single classification probability
score. Therefore, results were probabilities allocated to each tweet, with a range
between 0 (if the model predicts the tweet is a non-perception tweet) to 1 (when
the model predicts that tweet is a perception tweet). This well known architecture
was selected due to its good empirical performance. Different numbers of internal
LSTM nodes were manually tried, with 15 used based on the performance on a

validation set.
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4.3.4 Part 1: Results of descriptive analysis and using lin-

guistic features in classification of perceptions

Descriptive analysis was undertaken as a preliminary form of feature analysis.
The first characteristic of tweets that was compared in both perception / non-
perception groups was the length of tweets, with the unit of length being a word.
Based on Figure 4.3, it is apparent that the majority of perception tweets had
around 50 characters, whereas non-perception tweets were, on average, much
longer. This indicated the potential relevance of this feature in distinguishing

between two groups.
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Figure 4.3: Number of words in perception and non-perception tweets

It was hypothesised that tweets written by individual users, where they express
their personal opinions and beliefs, tend to be written in a casual, even gram-
matically incorrect way. This means that the use of punctuation, which is a sign
of a grammatically correct text, would be more prevalent in tweets written by
academics, or in formal communication by companies. The preliminary finding in
Figure 4.4 indicated that non-perception tweets, indeed, had slightly more punc-

tuation signs.

As stated, hashtags can arguably help in increasing the visibility of companies’
tweets. For example, a representative tweet would be: ‘The #flu and #cold

#viruses can worsen #Asthma and can cause #sinusinfections in people with al-
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Figure 4.4: Number of punctuation signs in perception and non-perception tweets

lergies. See the advice from below to prevent the spread of cold and flu.’ As seen
in this example, the hashtags were used on the most relevant words in the tweet
and they were arguably used less in promoting tweets written to express patients’
perceptions. The results indicated that original hypothesis can be confirmed -
perception tweets on average contained less hashtags. Figure 4.5 represents the
difference across the two groups. This was, therefore, another feature that was

seen as potentially useful in predicting perceptions.
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Figure 4.5: Number of hashtags in perception and non-perception tweets

It was also hypothesised that perception tweets would have less capital letters
at the start of the sentence or in other, grammatically appropriate places [113].
This is another argument that was validated using the descriptive analysis of

tweets. Figure 4.6 implied that non-perception tweets contained slightly more
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capital letters.
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Figure 4.6: Number of capital letters in perception and non-perception tweets

Based on these preliminary findings, perception tweets appear to be, on average,
shorter than non-perception tweets; and they had smaller number of punctuation
signs, hashtags and capital letters. In order to examine the co-variation of these
individual features, a correlation matrix was generated. The 4 by 4 correlation
matrix in Figure 4.7 indicated that features chosen for this analysis are either
mildly or strongly correlated between one other, reflecting the existence of some
shared information. Some of this shared information is intuitive - longer tweets
contain more opportunity for punctuation, while the relationship between use of

hashtags and punctuation, for example, was more surprising.
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Figure 4.7: Correlation between linguistic features

After this preliminary descriptive analysis, machine learning classifiers were trained
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to build a model that is able to distinguish perceptions from non-perception tweets
based on previously mentioned linguistic features: number of words in tweets,

number of punctuation signs, number of capital letters and number of hashtags.

Several algorithms were investigated in this process. Random Forest had the
best accuracy of prediction (74%), Multinomial Naive Bayes produced the second
best result (70%) and the slightly worse accuracy of 69% was produced using
Logistic Regression classifier. The more detailed results of the prediction task
were documented in Table 4.2, in which recall and precision for the perceptions
class are reported as well. Additionally, based on the results of the best classifier,
the permutation feature importance was obtained in order to determine which
factor had the highest predictive power. The results showed that the length of
tweets best indicated which group a tweet belongs to, whereas the least important

factor was the number of punctuation signs.
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Figure 4.8: Permutation feature importance for linguistic features

Despite the simple modelling approach taken, the results of Part 1 highlight the

potential to identify perceptions via rudimentary structural variables. In order
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Classifier Accuracy | Precision | Recall
Logistic Regression 0.69 0.65 0.82
Multinomial Naive 0.70 0.65 0.85

Bayes
Random Forest 0.74 0.74 0.74

Table 4.2: Classification results using linguistic features

to contrast this approach of perception classification via linguistic features, the
following, Part 2, is focused on classification that is not based on predetermined

features, but rather on raw text.

4.3.5 Part 2: Results of classification using the body of text

As previously mentioned, Part 2 of this study followed the approach that was
concerned with the overall potential of the body of text in tweets to distinguish
between perception and non-perception tweets. The bag of words approach was
employed with the same traditional classifiers that were used in Part 1. Table
4.3 contains the results, reporting the accuracy, precision and recall with the tar-
get class defined as ‘perception’. The results indicated that Multinomial Naive
Bayes achieved a significant success in classifying tweets. Prediction accuracy,
when tested on a held-out set, for Multinomial Naive Bayes was 85%, whereas
Logistic Regression and Random Forest accomplished slightly worse results: pre-
diction accuracy for Random Forest was 80% and for Logistic Regression it was
83%. Considering the success of Logistic Regression (which has previously been
described as a model that is focused on linear relationships), these results may
also be an indication of a linearly separable problem with less evidence for sub-
populations of behaviour (i.e. ‘one size fits all’). Additionally, these results also
indicated that bag of words approach had a significant improvement in terms of

perception detection as oppose to features in Part 1.
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Classifier Accuracy | Precision | Recall
Logistic Regression 0.83 0.82 0.85
Multinomial Naive 0.85 0.84 0.86

Bayes
Random Forest 0.80 0.76 0.86

Table 4.3: Classification results based on bag of words approach

Classifier Accuracy | Precision | Recall
Recurrent
Neural Network 0.8 0-89 0.86
Bi-Directional
Recurrent 0.90 0.90 0.90
Neural Network

Table 4.4: Classification using neural networks

Since neural networks have been shown to be highly successful in the field of text
classification [65, 113], deep learning models were also trained for this study. In
general, a neural network consists of an input layer, hidden layers and an output
layer [113]. Two main variations of neural networks were applied to this classifica-
tion task: Recurrent Neural Networks (RNN) and Bi-Directional Recurrent Neural
Networks (BRNN). The main difference between RNN and BRNN is reflected in
the fact that RNN processes input in a strict temporal order. This means that the
current input contains the context only of the previous input and not of the future.
Unlike in the RNN process, BRNN duplicates this processing chain by creating a
two-directional processing that goes in both forward and in reverse (forward pass
and backward pass) [304]. This means that BRNN had the access to the future

context as well.

For this classification task, the best performance in distinguishing between per-
ception and non-perception tweets had Bi-Directional Recurrent Network (90% of
predictions accuracy, where predicted output was higher than 0.5). RNN also ac-
complished good classification accuracy (88% prediction accuracy, where outputs

were also over 0.5). Based on this classification task, Bi-Directional Recurrent
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Network was used on the overall sample of tweets to predict perception tweets.
As a result, out of 376,893 unique tweets, 271.779 were predicted as perception

tweets (see Table 4.5) and were used in the following steps of the analysis.

4.3.6 Discussion

Central to this study was identification that perception tweets structurally differ
from non-perception tweets (such as tweets that are used to advertise companies
and health research). According to these findings, the length of tweets was the
most powerful feature in distinguishing perception tweets from non-perception
tweets. This can be a useful insight for future research, as introducing a boundary
of tweets’ length could be a simple and effective first step in filtering perception
tweets from non-perception tweets (with a note that this is specific to the medium
examined). Preliminary findings indicated that perceptions tweets had the median
length of 83 characters (as opposed to non-perception tweets that had a median
length of 138 characters, see Figure 4.3). The optimal boundary for a potential cut-

off between perceptions and non-perceptions can be explored in future research.

This work also highlighted one more characteristic of perception detection in text.
One of the main challenges of creating a labelled training set for the supervised
learning task is that it can be highly time consuming. Since this study implied that
examined linguistic features provide a useful contribution to perception prediction,
they might be rapidly leveraged to expedite annotation of larger amounts of data.
Even though the predictive success of linguistic features was less powerful than
the approach to classification in part 2, these generated characteristics of tweets
still yielded a notable success in predicting perceptions. Based on this, it can be
argued that there is a potential to further explore linguistic features that can be
used in perception prediction with the goal to even further increase classification

accuracy [228].
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The most powerful results in perception detection were accomplished by text vec-
torisation and word embeddings. This is relevant because some prior research
relies on feature construction (as done in the Part 1 of the study). However, it is
arguably significantly harder for humans to find all the relevant patterns in terms
of linguistic features that aid distinguishing between two sets of texts. Even when
the vast majority of the linguistic features are detected and the prediction is close
to the one that is accomplished in Part 2, other challenges that might appear in
this manual feature extraction are the curse of dimensionality and data sparsity
problem. However, when the features are generated purely on bag-of-words ap-
proach or neural networks, these are usually black-box models and interpretability
can be affected. Based on these results, it can be concluded that both approaches
have their own benefits and that the future work could attempt to combine them.
However, by far, the most relevant highlight of this study is that perception and
non-perceptions can be detected in text and this can represent a filtering approach
(that was utilized in this Chapter in order to estimate the prevalence of detected

perceptions).

4.3.7 Conclusion and Future work

This work first analyzed several linguistic features that were hypothesised to dis-
criminate between perceptions and non-perceptions, in order to elicit a better
understanding of defining characteristics of perception tweets. Results indicated
that it was possible to offer strong predictions as to which tweets were perception
tweets and which were not, based on their linguistic features: length of text, num-
ber of punctuation signs, capital letters and hashtags. The most discriminatory
feature was the length of tweets. While these linguistic features in perception de-
tection obtained a notable success in classification prediction, even better results

were accomplished when non-linear machine learning models were trained to clas-
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sify tweets using only the body of text itself, as the main input. In this context,
the deep learning architectures demonstrated their state-of-the-art performance,
with BRNN, in particular, showing the best performance, with prediction accu-
racy of 90%. Future research could investigate whether these two methods could
be complementary to improve the perception detection even more. However, the
main success of this work is that it served as a successful basis for Study 2b: by
extracting perceptions and removing the noise from Twitter data, it enabled the
following study to proceed with the analysis of perception tweets, in far greater

detail.

4.4 Study 2b: Measuring perception from tweets

based on activation, evaluation and modality

This section represented the basis for the paper that used a version of this method
and has been published under the name ‘Big changes start with small talk: Twit-
ter and climate change in times of Coronavirus pandemic’ in 2021 Frontiers in
Psychology [112]. As mentined, Study 2b represents the extension of the previ-
ous section. Filtering perceptions, from Study 2a, was an important pre-step in
analysis, not only for simply extracting perceptions from online sources, but even
more so to: 1) obtain insights about what kind of perceptions those tweets contain
and 2) to measure their occurrence in big data set. As discussed in Section 2.3,
qualitative research can be used to investigate which perceptions are self-declared
within groups of patients. However, to upscale that endeavour, this study relied
on formalizing a definition of perceptions and descriptive dimensions of perception
in the big data - with the ambition to not only examine what kind of perceptions
exist, but to also quantify the prevalence of detected groups of perceptions, on a

much larger sample than the one in interviews.
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4.4.1 Study Design

As mentioned, the second part of this chapter is dedicated to the analysis of per-
ception tweets, including the following three steps: activation (detecting whether
a perception tweet is active or passive), evaluation (providing the sentiment of
the perception tweets) and modality (establishing the topics that arise within the
perception tweets). The following sections describe in more detail the method of
executing each step and how they lead to uncovering the main groups of percep-

tions about asthma on Twitter.

Activation

Activation is a concept based on the assumption that all emotional states are asso-
ciated with an action [275|. Level of activation implies whether people are more or
less likely to take action under a particular emotion and this is why emotions can
be described as either active or passive [51]. The dimension of activity is relevant
in this framework because perceptions are assumed to be strong determinants of
future behaviour. In the case of asthma medication adherence, for example, if
people express sadness (low activity), this is described as a passive emotion and
likely related to non-adherence [275]. Activity was previously examined in relation
to consumer behaviour, because it is argued that some emotions have an effect on
consumers’ behavioural responses to brands [252]. For example, customers that
are angry (expressing an active emotion) are more likely to participate in a neg-
ative activity such as complaining or campaigning against the company, whereas
people who express discontent will probably not engage in such negative activity
(because discontent is a passive emotion) [252]. Activity has also featured in com-
putational analyses, but only for detecting emotional states from speech, rather

than in text [85].
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Evaluation or Pleasantness

Evaluation indicates whether a person has positive or negative attitudes about
a topic of interest [275]. It is often described as the most basic classification of
emotions [255]. Evaluation has been a point of interest in many fields, such as psy-
chology and business, however, recently it has also become increasingly popular in
computer science. In particular, this occurred as social media developed, together
with the expression of emotions via language in this kind of communication [126].
Indeed, there is a substantial body of research that explores emotions through
analysing text and language, very much based on the observation that text con-
tains similar amounts of emotions as face-to-face communication [314]. Evaluation
has mostly been tested on text using sentiment analysis, which uncovers the latent
information about emotional states from text [116]. Sentiment analysis is today
treated as a core part of analysing customers online by tracking reviews, but it is

also used in other fields that track political trends or even stock markets [116].

Modality

Finally, modality is defined in this framework as the process of extracting the
main themes or topics of conversation from tweets. Modality became relevant as
natural language processing started developing and the polarity of text was no
longer the only point of interest. In other words, it became possible to understand
not only how people feel about something, but also what and why they feel this.
Modality as a step in this framework is reflected through the use of topic modelling
with the aim of obtaining structured information from tweets. In essence, it is a
statistical algorithm that deems especially useful in extracting latent concepts that
are potentially useful in the discussion about perceptions [33]. Topic Modelling
has particularly been used in the previous literature to explore types of arguments

in tweets, online news media bias, perceptions about tobacco products and many
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other topics [104, 91, 210|. One of the main implications of combining sentiment
and topic modelling is the potential to imply whether the overall sentiment is
positive or negative, tracking these changes over time, including the potential to

investigate which features or themes are the most relevant [302].

4.4.2 Summary of the experimental plan

This section contains a short description of the overall process of analysing tweets
in this chapter. Following the results of study described in Chapter 4, collected
tweets were labelled as either perception or non-perception tweets. In the steps
of activation, evaluation (pleasantness) and modality, only perception tweets were
analysed. In the activation step, the goal was to classify tweets as either ac-
tive or passive, whereas in the step of evaluation, the aim of the analysis was to
distinguish between positive and negative perception tweets. Specifically, both
activation and evaluation tasks were classification tasks with only two classes in
each case (active/passive; positive/negative). The features used for both activa-
tion and evaluation were generated using the bag of words approach - each tweet
was represented with a vector of the word counts and it was further normalised so
that the importance of common words was scaled down [42]. Following the classi-
fication tasks (on the same perception tweets) in activation and evaluation steps,
as the result, four groups of tweets were obtained: active positive; active negative;
passive positive and passive negative. The final step (modality) was applied in

order to obtain topics that are representative in each of the four groups.

Based on the previously described work, there is a significant value in knowing
whether perception tweets are positive or negative (and following this - the preva-
lence of positive and negative perceptions). This would indicate whether asthma-
related tweets are in general positive or negative and whether there are signals of

the potential stigma presence. The activation step was added since active tweets
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could signify the presence of emotions that drive people to take action, which is
of special interest considering that adherence to medication is also ‘an action’. Of
particular interest would be active negative perceptions since they are related to
active negative emotions such as anger and may indicate stigmatization. Con-
versely, passive negative perceptions may drive non-adherence, since they contain
emotions such as sadness that discourages people from taking action. However,
the pure classification of tweets into these four groups may not be sufficient since
there is a value in knowing which topics are discussed within each of these groups
since this may uncover the nature and themes that are the underlying reason be-
hind these sentiments and emotions. This is why the final step of this work is
dedicated to modality, which was conducted four times on each of the four data
sets (belonging to active positive; active negative; passive positive and passive
negative tweets). The more detailed process of each of these steps is described
in the following sections and the Figure 4.9 is the visual representation of this

analysis.

4.4.3 Labelling

Activation

As mentioned, data used in the activation step was comprised only of tweets
that were labelled as perceptions in Part 1 of this chapter. In the activation step,
tweets were labelled as either active or passive. In order to arrive at the distinction
between active and passive tweets, a categorical approach to emotion classification
was used: each tweet was labelled based on which basic category of emotion it
expressed and based on whether this emotion is described in previous literature
as either active or passive. The model used for the classification of basic emotions

as either active or passive was used from similar previous studies [310].
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Figure 4.9: Overview of the experiment plan

A random set of 2 153 perceptions tweets was labelled as either active or passive,
based on whether they contained emotions that the literature considers as either
active or passive. For example, the following tweet contains excitement and this

is an active emotion.

Dang i had a breathing treatment with albuterol for the first time in

like yearsss and i feel like © can run a marathon right now.

Conversely, the following tweet was labelled as passive as it contains sadness, which

is a passive emotion.

Home sick today due to air quality issues. Decided to watch THE
100 two part season finale. Guess what doesn’t help near asthma like

symptoms :(
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In order to distinguish between anger and sadness, anger was labelled as an active
emotion in cases when it was aimed at other people. If there was no solution
given, the tweet was labelled as ‘sad’, and, therefore, passive. Tweets were labelled
as active if they contained all capital letters or exclamation sign (in which case
emotions were recognized as either anger or excitement). Positive emotions could
be both active and passive, however humour was labelled as an active emotion as
researchers consider humorous tweets to be closer to the sentiment of excitement
(active) than content (passive). After labelling all the tweets, it was established

that 1.025 tweets were labelled as active and 1.128 were passive.

Evaluation

Evaluation refers to extracting sentiment from tweets. Despite the potentials of
sentiment analysis, there are still several challenges in this field that need to be
addressed: one of the most eminent issues is related to assessing words that have
different meanings in different contexts or words that carry a strong sentiment but
might be used to express irony or sarcasm. Additionally, Twitter often contains
slang, usually grammatically incorrect spelling and Twitter-specific conventions

such are hashtags, which can all be challenging for this kind of analysis.

In general, there are two main approaches to sentiment analysis: 1. Using a
previously created corpus that contains sentiment for a large number of words;
2. Manually labelling parts of text and then using supervised machine learning
that builds classifiers based on those labels from the ground up [33]. It is generally
recognized that manually annotating data sets gives better results than using rule-
based approaches [86]. It also enables authors to obtain sentiment following their
own definitions and without relying on third parties’ interpretations of sentiment
words [233]. Based on these considerations, the manual labelling was used in

this methodology. 996 tweets were labelled as either positive or negative. The
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neutral category was avoided since it was assumed that ‘perception tweets’ contain

sentiment of some form. The following is an example of a positive tweet:

Well I am glad to hear the improved diagnosis... sorry he has to use

the inhaler, but at least its going to help. Give him my best! =

This is an example of a negative tweet:

The housework is never ending today and my asthma s acting up.

Help) @&

When tweets contain mixed sentiment the label was based on the sentiment at
the end of the sentence. More ‘power’ was given to the sentiment of emojis that
appear in the tweet as opposed to sentiment in words. When tweets were neutral,
contained sarcasm or only one word, they were labelled as positive (or based on
the face value of the sentiment they express). 431 tweets were manually labelled

as positive and 565 as negative.

Modality

Modality was mentioned as a task that has the main goal of expanding the previous
two steps by uncovering the nature of the content behind the perception tweets.
For this task, Latent Dirichlet Allocation (LDA) was applied as a form of topic
modelling, which was used to investigate modality. LDA is one of the most stan-
dard methods for unsupervised machine learning. It is one of the machine learning
techniques that assume there are a number of latent topics in a corpus [91]. Fol-
lowing the previous literature that defines an argument as an adjective-noun pair
and the assumptions of this work that describe perceptions as adjectives, a parser

was applied in this step, which means that only nouns and adjectives were kept as
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keywords [302, 158]. In order to prepare the data to be used by an LDA model,
a gensim library was used to create a mapping between each word and its unique
ID since LDA uses numbers as input and not text. Prepared datasets were then
fed into the LDA model. The optimal number of topics was obtained based on
interpretability. The coherence score was consulted, however the manual decision
making was deemed as more appropriate and the optimal number of topics was
depended on the iterative process of manually reading the most representative
tweets until the interpretation made sense. This process was repeated for each of
the four groups of tweets (e.g. active positive, passive positive, etc). The results
for each topic were keywords that best describe the topic, and their weights that

signify how relevant that word is in the allocated topic.

4.4.4 Classification process and results

Data was split using stratified random sampling to training (70%) and test sets
(30%) and each models’ performance was tested using the held-out set. Results
for activation and evaluation tasks showed that Random Forest and Multinomial
Naive Bayes (MNB) yield good results in classifying tweets. For activation predic-
tion, Multinomial Naive Bayes accomplished the accuracy prediction of 62.29%,
whereas Random Forest had slightly worse result (59.96%). However, neural net-
works were also used and for the tasks of activation and evaluation they had the
same architecture that was also used in perception tweets detection (more detailed
description about this architecture is in Section 4.3.3, second paragraph). Neural
networks had much more significant success than the traditional classifiers: BRNN
accomplished 64% accuracy prediction and RNN produced even better results with
the prediction accuracy of 66%. Since RNN had the best result, this model was
used to label the remaining data set. In terms of results, out of 271.779 perception

tweets, 164.626 were labelled as active and 107.153 were labelled as passive tweets.
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In the case of evaluation, similarly to previous work, neural networks had the best
results. It is relevant to mention that the nature of the task often means more
labelled data is needed, especially when neural networks are used. In order to
resolve this issue, the classification model was simplified. This means that the
number of units in LSTM (the dimensionality of outer space) was reduced to 8.
Following the trade off between accuracy and loss and validation accuracy in 100
epochs, it can be concluded that the learning curve flattened around the accuracy
of 63%. RNN accomplished the accuracy of 62.65%, whereas BRNNs had more
success and the accuracy was 63.45%. Once the model was trained, BRNN model
was applied to remaining tweets in order to obtain sentiment for the whole data
set (271.779 tweets). As a result, 112.000 tweets were labelled as positive and

159.779 as negative. These results are stored in Table 4.5.

Class #0verall Tweets | #Perception Tweets %
Perception 376.893 271.779 72%
Class | #Perception Tweets Length Punctuation
Active 271.779 164.626 61%
Passive 271.779 107.153 35%
Puositive 271.779 112.000 41%
Negative 27L.779 159.779 58%

Table 4.5: Overview of total tweets, perception tweets and activation and evalua-
tion analyses

The final set of results is related to modality or Topic Modelling. Result were rep-
resented through 4 groups of perceptions: active positive, active negative, passive
positive and passive negative perceptions. For each of these groups a number of
topics was obtained via topic modelling. The number of topics in each of the four
groups was chosen based on the qualitative interpretation and these results are

presented in Tables 4.11, 4.12, 4.13 and 4.14.
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Active positive

There were 65.495 active positive tweets (24% of the overall perception tweets).
Four topics were chosen for the active positive group of perceptions as they were
the most interpretable. The words that had the highest frequency in this group
were: ‘attack’, ‘good’, ‘clean air’, ‘matter’ and ‘friend’. The blue circles in the
topic modelling graph illustrated in Figure 4.11 are well separated and relatively
large, and cover all four quadrants, which means the topics are distinctive. As it is
evident from the Graph 4.11, it can be challenging to make a good interpretation
of results based on a single word. Similar graphs for the remaining groups are
presented in the Appendix, Chapter 8, along with the graph representing the
main words in topics. In order to aid interpretation, for each of the topics, the
most representative tweets (those that contributed to a certain topic the most)
were extracted and read. The results of this process for active positive tweets is

presented in Figure 4.10.

Intertopic Distance Map (via multidimensional scaling) Top-30 Most Salient Terms!
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Figure 4.10: Active positive group of perceptions and its four topics and salient
terms
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Group:
Acti .

Topic name

Brief Description

Practical tips

Advice and tips from (presumably)

Tweet example

Topic size (%)

Topic words

Empowering support /
Disparaging humour

people with asthma to other patients

Messages of support, however

went to doctor 3 times got

didn't go away till i started
drinking hot tea with a lat
of honey and a bit of lemon.
hape his helps @

i had a cough for 3 months

antibiotics and an inhaler. it

37.33%

good, day, bad, today,
allergy, nebulizer, week,
med, doctor, child

Positive humour

Support by raising awareness /

asthma

Support for people with

also illustrations of jokes about

I think my favorite thing
was a girl pulling out an
inhaler and this other
girl came up to her
and asked for a hit = &
she deadass did it too

18.51%

attack, time, love, work,
people, girl, man, guy,
heart, condition

Support via sharing experiences

asthma by raising awareness

about triggers and asking
for actions

Confessions and personal

know anyone with asthma?
This is why clean air
matters. see what'’s

happening in St. Louis.

attack, matter, clean_air,
st_louis, great, pump, hard,
breath, video, breathe

experiences of people with
asthma.

Today, someone gave me 20
fantastic free books for home
schooling—and I'm watching
my husband put up a shelf
for them-—-my son is
training for marathon—and
my asthma isn't so bad
--my daughter is balleting
--and this year I really
AM going to be organized
--s0, yeah. Life is good

21.55%

good, year, kid, thing,
life, friend, cat, school,
time, real

Figure 4.11: Labelled topics and topic words within active positive group of per-
ceptions
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Overall, the results from this perception group seem to be related to tweets of
support that are created and aimed at presumed asthma patients. The largest
topic in this group is dedicated to support tweets formed as practical advice. To

illustrate, a representative tweet from the topic ‘Practical tips’ is:

I use peppermint oil, tea tree oil and eucalyptus. Lavender is pretty

good as well I have really bad allergies and asthma

Three other topics in this group are related to additional forms of support: through
sharing experiences related to asthma, providing encouragement and hope. An

example of a support tweet is:

I hope you feel better!! Asthma is no joke and can be very scary. Get

some rest if you need to. Your health comes first. S

Lastly, one topic is also dedicated to support through raising awareness - these
tweets are presumably aimed at non-patients and are in the function of reduc-
ing the lack of knowledge and misconceptions about asthma. Nevertheless, some
tweets in this group of perceptions also contain negative humour. These tweets
are examples of stigmatization through humour. There is also an aspect of ex-
pressing personal experiences and excitement about asthma improvement, which
was sometimes expressed though sarcasm, which is another form of humour. This

can be described using the following example:

Hahahahah love having an asthma attack at work and not being able to
finish your shift and also feeling super grim and weak as a result, love

it love it
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Passive negative

Passive negative tweets made 22.32% of the overall sample of perception tweets.
Topic modelling results indicated that four topics in this group had the best in-
terpretability. These results are stored in Table 4.12. In the largest topic of this
group, patients used tweets to express their dissatisfaction with the current sit-
uation with health care systems and politics. This topic reflects the worry and
sadness regarding the cost of insurance and medication - topics that are most
frequently discussed in the US (there was no limit on the location of tweets in
terms of streaming). These are politically charged tweets that reflect despair and
inability of users to help themselves and/or other asthma patients. An example

of a tweet from this topic is:

I am just so very sorry. We are supposedly the richest ; greatest Coun-
try on "g, but people are dying because they can’t afford their med-
ications. This 1s Criminal! We should sue politicians for screwing
our insurance up so much ; enabling Big Pharma to charge ridiculous

prices!

The second largest topic in this group contains offensive swear words. This topic
represents complaints aimed at people who trigger patients’ asthma symptoms and
reports of events when other people have been inconsiderate or made fun of people
with asthma. These tweets can be interpreted as passive since they usually mention
no specific action, especially since the events mentioned in tweets happened in the
past and the expressed emotions are usually annoyance and sadness. The following

tweet illustrates this:

THIS BUILDING SMELLS BAD ITS AGGRIVATING MY ASTHMA.
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my skin asthma and
eczema. This really hurts.

Group:
Passive negative
Topic name Brief Description Tweet example Topic size (%) Topic words
Politically charged ‘Worry and sadness people feel I pay for health insurance out 31.5% people, good, life,
dissapointment regarding the health care of pocket. For myself. For my son. insurance, doctor, sick,
We both have asthma .. & kid, month, health, med
Complaints about inconsiderate Discrimination and I gotta stop hanging around Gaby 24.7% bitch, smoke, breath, ass,
others inconsiderate actions when she smokes i be taking man, lung, breathe, air,
of non-patients a puff of my inhaler as if Imao, baby
I was hitting a blunt &
bitch I'm just tryna breath
Sadness due to Complaints about poor Having asthma and anxiety sucks 21.6% attack, shit, breathe, bad,
limitations quality of life couse I never know why be, fucking, mom, omg,
u can't breathe is it girl, night
asthma or alergies and I
can't just take my
inhaler to see if its
alergies couse if ur
anxiety’s high ur inhaler
makes ur heart race
making anxiety worse and
then u can't breathe anyway
Sadness due to Complaints about asthma Cried today beos of 22.1% time, day, today, year,

nebulizer, thing, love, guy,
work, week

Figure 4.12: Passive negative group of perceptions and its four topics and salient

terms

white bitch® “No, it is. Go outside then”. I'm setting myself up to get

my ass beat this morning.

The remaining two topics illustrate the poor quality of life, challenges and limi-

tations (assumed) patients face in their day-to-day activities, due to asthma. In

particular, the smallest topic represents complaints about life with asthma in gen-

eral:

hello i have a chest infection but ive alreayd had to do ovr time every

day in work this week plus tomorrow and i have to work from home all

weekend and 1 need an inhaler just to get up the stairs and honestly id

rather just die at this point it would less painful
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Passive positive

Passive positive tweets were the smallest group of perceptions, making 17.11%
of the overall sample of perception tweets. This group of perceptions contained
overall positive sentiment, reflecting on memories and experiences that were either
empowering or humorous. Results are presented in Table 4.13. Topic named ‘Posi-
tive humour’ is the largest topic and these tweets describe situations and memories
or hypothetical situations that (assumed) patients found so exciting and /or funny

that they almost triggered their asthma. An example tweet illustrates this:

My phone made a video of all the of bf with “rock music” and I laughed

so hard I had an asthma attack.

The other three topics demonstrate positive experiences patients had in relation
to either other people, animals or their own empowering experiences related to
asthma. A tweet from topic ‘Gratefulness for other people’s actions’ represents

situations in which non-patients were supportive:

One time [ fell out of Morgan’s tree and needed my inhaler cuz I got
the breath knocked out of me and couldn’t breathe. immediately takes
off in a dead sprint to my house to get it no questions asked. that’s

love

Active negative

Active negative perceptions made the largest group: 36% of all perception tweets
were active negative perceptions. Three topics emerged as most representative in
describing this group of perceptions. Tweets designated as ‘Frustration with non-

patients’ are largely related to expressions of anger, frustration and annoyance,
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Group:
Topic name Brief Description Tweet example Topic size (%) Topic words
Pasitive humour Humorous tweets about memories This made me laugh 44.9% attack, breathe, omg, love,
when (assumed) patients laughed so hard I'm crying. funny, video, hard, Imao,
and almost triggered asthma The Ted Larson part ; work, laugh
sympthoms Parker part almost gave
me an asthma attack
from laughing so
hard. This is a winner
thank you
Gratefulness for other [lustrated help or support TY, I swear, I'm good. @ 17.9% good, friend, guy, people,
people's actions from others that makes They hooked me up with bitch, man, life, breath,
patients feel content and a nebulizer treatment in big, nice
grateful the ER, gave me a
rescue inhaler before I
left, and a prescription
for another. Everybody's
been extremely kind today,
affering me extra inhalers
and even prescriptions.
Yall are the best damn
people.
Content related to | Description about how closeness So very happy with my 14.9% nebulizer, day, bad, girl,
animals of animals helped patients new nebulizer! I go today, kid, good, great,
overcome their struggles into a panic every time hope, tweet
I need my meds (side effect)
but this puppy will keep me happy!
Feelings of Personal experiences about Nebulizer gang = WYA 22.3% time, shit, thing, year,
empowerment feeling supported or being = lets drip drop 43 attack, albuterol, smoke,
able to fight asthma symptoms this albuterol sulfate %, ; bro, mom, ass
get this shit @ SHAKIN
@ time to clear out
~ those BRONCHIAL
tubes &

Figure 4.13: Passive positive group of perceptions and its four topics and salient

terms
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targeting the manner in which other people treated users who wrote these tweets

(presumably asthma patients). Results are saved in Table 4.14. Some tweets from

this set illustrate this:

My Aunt’s brother died of an asthma attack way back. It’s not a joke!

Sometimes (assumed) patients also express anger towards asthma, in tweets, re-

vealing a topic centered on the unfairness of having to go through things that

non-patients do not have to deal with. In addition, these tweets mostly relate to

negative feelings about one’s body parts such as lungs, which are the object of

frustration as they are perceived as ‘non-working’.

I hate the heat....my fucking allergies and asthma doing the UP MOST

right now.... & d

patients

related to how other
people treated authors
of tweets

after a bad asthma
attack due to construction
dust) I was phaned daily
by the head of human
resources and grilled
on when I was coming
back to work. I
finally quit. Never
worked again really.

Group:
Active negative
Topic name Brief Description Tweet example Topic size (%) Topic words
Anger about asthma | Expressed negative emotions | U know how embarrassing asthma 28.8% time, day, bad, good,
people have about asthma is?? Like I'm really 21 pulling out today, sick, year, doctor,
and their own bodies a bright red inhaler in week, air
due to asthma symptoms public because my lungs are shitty
Frustration with Tweets expressing anger i swear 2 god if 46.8% people, life, year, problem,
non-patients towards asthma patients this bitch coughs medication, severe, month,
in the fitting room med, kid, child
one more time i’'m
busting the door down
and shoving an
inhaler down her throat
Frustration with | Expressed feelings of annoyance My last real job (stress leave 24.3% attack, lung, bad, breathe,

allergy, thing, breath. chest,
pump, cough

Figure 4.14: Active negative group of perceptions and its four topics

terms
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However, the annoyance reflected in these tweets is not only expressed by patients,
but also by people who (presumably) do not have asthma and this is denoted as
‘Frustration with patients’. This is the largest topic in this group. Tweets in this

topic can be highly offensive as illustrated in the following example:

Next one buy her an inhaler ur dumb bitch

4.4.5 Interim Discussion

Combining the components in this framework: activation, evaluation (pleasant-
ness) and modality enabled obtaining four groups of perceptions that are described
as either active or passive; positive or negative and in addition - themes were de-
tected within these groups and described though topic modelling (as the step called
modality). This method enabled the gathering of insights that neither of these
concepts could achieve on their own: evaluation enabled obtaining the measure of
sentiment for a large number of tweets (as positive or negative); activation enabled
insights about the tweets that are active or passive and lastly - modality enabled
the emergence of themes or content of discussion within these tweets. A simplified
version of results is presented in the Graph 4.15. The more detailed results for

each group are in the Appendix (Chapter 8).

Active positive

This group contained traces of disparaging humour, which was in the function of
‘making fun’ of people with asthma. However, the most prevalent concept was, in
fact, ‘support’, indicating that this group is most closely linked to the perceived
sense of community which was one of the findings from Chapter 3. This group
of tweets also tallies with the previous work that states that the use of social

media and technologies, in general, can produce multiple benefits for one’s health
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Negative

Active )
empowering
support by support /
raising disparaging
awareness / humour
positive
. humour
Positive
positive
humour

Passive

Figure 4.15: The diagram of resulting groups of perceptions (based on their acti-
vation and evaluation measure and modality)
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care, through trigger interpretation, warnings and general help with asthma man-
agement [216]. Active positive tweets highlighted that there are also potentially
underestimated psychological benefits that arise when people with asthma engage
with a community of people who share the same characteristics (offering each
other support and encouragement) [75]. The activity of these tweets is reflected in
physical recommendations and activities, ranging from practical tips that suggest
concrete activities themselves, to exuberance when sending messages of support.
Active positive tweets support the findings from the previous study that hypothe-
sised the presence of the sense of community online. In fact, this group highlights
that this community is based on activities such as advice sharing and positive

humour.

Passive negative

Modality analysis of passive negative tweets illustrated the inability of (presumed)
people with asthma to be able to take action, whether buying necessary medication
or living life without limitations, which made them feel sad and discouraged. Such
tweets were mostly in the form of confessions about negative experiences with other
people and asthma itself. There are also politically charged tweets that express
the dissatisfaction with the healthcare system, which is not surprising, as it is
well known that Twitter is the place where people express political opinions [168].
Authors of such tweets also complained about events that have happened in the

past, expressing emotions specific to sadness, annoyance and discouragement.

Having asthma is often the main reason why patients may feel negative emotions
(especially when it comes to perceived limitations). However, there are also forces
outside of patients’ control that put them in a passive negative position. In fact,
following the sizes of these topics, it can be argued that in a larger number of

tweets within this group (approximately 56%), presumed patients feel passive
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negative emotions due to others (such as inability to purchase medication or due
to feelings of discrimination), rather than due to asthma itself. Felt stigma is, for
example, expressed in ‘Complaints about inconsiderate others’. Based on this, it
can be argued that the purpose of writing tweets that contain complaints about
not only asthma, but also ‘outside’ factors may well lie in seeking help, echoing
the communication techniques that were recognised in Chapter 3. Specifically,
previous study reflected the need of patients to seek support via tweeting, and
this theme uncovers the potential reasons that caused them to ask for support in

the first place.

Passive positive

Passive positive tweets expand the findings about the perceived sense of commu-
nity, by uncovering that positive humour is the main strategy used in describing
asthma on social media - and their positive effect could be reflected in normalising
asthma (and hence fighting stigma). In other words, passive positive tweets reflect
the humorous side of social media (44% of tweets in this group were related to
positive humour). The most expressed topic is related to humorous tweets that de-
scribe experiences from patients about things that made them laugh so hard that
they ‘almost experienced an asthma attack’. There is a strong similarity (and
overlap) with the group of active positive tweets since they are both related to the
perceived sense of community, however, as opposed to active positive tweets, this
group marks the emotional support, encouragement and feelings of empowerment,
that do not necessarily lead to action (in contrast to ‘Practical tips’, a topic from
the active positive group). The mutual topics are, however, the ‘empowerment’
and expressed gratefulness of patients for actions of others. The group of pas-
sive positive tweets is significant because it demonstrates a strong signal of online
support that exists for asthma patients, which is supported through humour and

empowering messages - highlighting that social media is another source of sup-
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port for asthma patients (unlike traditionally examined support from friends and

family) and could be focused on in future interventions.

Active negative

Active negative group of tweets is almost entirely dedicated to stigmatization:
expressed discrimination against asthma patients; expressed perceived discrimina-
tion by asthma patients and feelings of embarrassment or strong, negative feelings
towards one’s ‘dysfunctional body’ due to asthma symptoms. This group could be
considered as one of the most relevant groups especially since it contains enacted
stigma, which is usually expressed though the acts of discrimination and unfair
treatment by others. This insight is particularly relevant since it demonstrates
the power of unobserved data collection - it is very rare that one would admit
they engage in discrimination against asthma patients; however, Twitter data is
not collected in a laboratory environment and people more freely express their real
opinions. Modality was the step that uncovered having asthma is the basis for dis-
crimination and is seen as a weakness. Moreover - it was also discovered that one of
the main ‘causes’ for discrimination may arise due to expressed asthma symptoms
such as loud coughing, or using an inhaler, which may ‘irritate’ non-patients. In
addition, this group also contained a significant signal about internalized stigma,
expressed though hatred towards asthma and even patients’ own bodies when they
are struggling with asthma symptoms. These tweets could also be interpreted as

‘self-pity’, a theme also detected in Chapter 3.
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4.5 General discussion

The ‘size’ of stigma

Stigma represents negative perceptions about asthma, which were present in al-
most each four groups on the diagram. Topic related to stigma were: ‘Anger about
asthma’, ‘Frustration with non-patients’, ‘Frustration with patients’, ’'Complaints
about inconsiderate others’ and ’Disparaging humour’. Considering the size of
each topic and taking into account potential overlapping between the topics and
noise as a result of classification prediction, it can still be argued that approzi-
mately 42% of perception tweets were related to either stigmatization in different
forms (e.g. through negative humour, discrimination) or confessions and com-
plaints about felt, perceived or internalized stigma. This is a significant number,
which highlights that stigma about asthma is not only ‘alive and well’, but also
present in a significant amount on social media. This can be interpreted as a signal

that publicly expressed perceptions about asthma need to change.

Some tweets could be labelled as cyberbullying, which was mentioned in the pre-
vious study from this thesis [214]. These kinds of messages, that are publicly
available for anyone to see, could potentially aggravate feelings of embarrassment,
isolation and further marginalization. Patients who are subjected to this kind of
messaging online may be seen as high risks regarding non-adherence to medica-
tion, because reading negative tweets about asthma could lead to sadness (which
is a passive emotion). Furthermore, it is arguable that patients who feel sad about
their condition are less likely to take action and, in this case - use their medication.
Additionally, insights from this Chapter provided a further confirmation that it is
prudent for future interventions to address the vastly prevalent misunderstandings,
misconceptions and lack of knowledge about asthma, and pay increased attention

to ameliorating the ‘cyberbullying’ of asthma patients.
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Conversely, the method used in this chapter has also enabled us to observe the
prevalence of previously mentioned sense of community. It can be argued that ac-
tive positive tweets (excluding the topic that contains disparaging humour) could
be a good representation for the perceived sense of community. Aproximately
24.09% of all perception tweets used in this analysis could, therefore, be consid-
ered as a part of the sense of community topic. Additionally, passive positive
tweets could be seen as the positive result of support asthma patients feel, where
topics sucha as ‘Gratefulness for others actions’ or ‘Feelings of empowerment’ il-
lustrate this more closely. Perceived sense of community emerged as one of the
potential topics in Chapter 3, but this chapter has extended this finding, by un-
covering the prevalence of perceived sense of community on a significantly larger
dataset. This study also uncovered ways in which patients feel most supported:
through sharing their own experiences with asthma and asthma symptoms, actions
of help and messages of encouragement from other people (including non-patients)
and even useful presence of animals - something that would probably be missed in
interviews. This finding is important because it signals that the perceived sense
of community online does not only help in fighting the ever-present stigma, but it
also leads to action (e.g. via practical suggestions related to help with symptoms).
Additionally, this confirms arguments from the previous study that digital envi-
ronment should be seen as an alternative medium of support for patients. And
increasingly - it will benefit future interventions to consider social media as a tool

for supporting asthma patients.
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4.6 Limitations and motivation for

the following studies

A version of the method presented in this work was applied in the paper investi-
gating the Twitter users’ actions related to climate change in times of Coronavirus
pandemic [112]. This paper also demonstrated that the future research could ben-
efit from experimental method presented in this study, when assessing perceptions
related to a another case study, where both sentiment and activity are relevant.
However, there are still some limitations related to this method, that can be ac-
knowledged. Following the results of the prediction accuracy from perception
filtering (which had the best results), evaluation and modality, it can be argued
that the models deployed on the overall data set may have introduced some noise.
This could result in overlapping between topics that were obtained for each of the

four groups of the diagram.

Additionally, even though Twitter is considered to be a more naturalistic setting
(than interviews used in Chapter 3) it can also be argued that people often want
to present a particular version of themselves on the social media, which may
differ from their private self. Lastly, some tweets used in the manual labelling
for evaluation and activation may have been missclassified since some emotions
are similar in the written form (e.g. anger and sadness) and as a result, this
would introduce additional noise. However, regardless of these limitations, this
work detected a significant prevalence of stigma online. Considering that stigma
is not only found in traces, but significantly present online, it can be assumed that
this level of negative perceptions could still significantly affect patients’ treatment
adherence. Therefore, based on the findings of Chapter 3 and this work, that
express not only the existence, but also the large prevalence of stigma, a hypothesis
was created: there is link between stigma features and adherence to medication.

This hypothesis served as a basis for the work conducted in Chapter 5 and Chapter
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4.7 Conclusions of Study 2

This research created a novel framework with the goal of extracting perceptions
from text and detecting their prevalence. Tweets were processed through several
stages of analysis: subjectivity, activity, evaluation and modality. As a result of
an iterative machine learning approach, 4 groups of perceptions were isolated for
analysis: active positive, active negative, passive positive and passive negative.
Active perceptions were dominated by tweets where active emotions reflect either
perceived support (e.g. in the case of excitement) or perceived and enacted stigma
(e.g. in the case of anger). Passive perceptions could be described through feelings
of empowerment (when positive) and sadness about having asthma (when passive).
In terms of implications for practitioners, it is relevant to recognise that positive
perceptions express the impact social media has on one’s coping responses. On
the other hand, the largest number of negative perceptions were related to stigma,
either felt or enacted, which means that more focused interventions could be de-
veloped with the aim to identify and support high risk patients. Most importantly,
implications of this work echo findings from the previous study in Chapter 3 and
express the need to educate and change negative public perceptions due to their

potential impact on patients’ perceptions of their own condition.
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Chapter 5

Stigma mechanisms and their
impact on adherence to asthma

medication

“Who am I then? Tell me that first, and then, if I like being that
person, I'll come up; if not, I'll stay down here till I'm someone else.”

- Lewis Carroll, Alice’s Adventures in Wonderland / Through the Looking-Glass

Previous work in this thesis gave rise to the idea that stigma about asthma is
not only still present in lives of asthma patients, but may also have a strong
impact on their behaviour. Some previous research indicated that stigma about
asthma affects adherence to medication. However, as it is stated before, there
are some contradictory findings in this field. Additionally, Chapter 4 reflects the
idea that stigma is not only present, but is also expressed in different ‘shapes and
forms’. However, in the current literature, stigma is often examined as a single,
irreducible concept. Having examined (in the previous two studies) which per-

ceptions about asthma exist, stigma about asthma was interpreted though several
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concepts. Hence, relying on previous studies and previously mentioned stigma-
related concepts, this Chapter explored the following research question: how do
individual stigma-related features (discrimination, exogenous perceptions, denial,
media impact, disparaging humour and internalized stigma) affect adherence. In
other words, the main goal of this study is to dissect the effects of stigma on ad-
herence by focusing on factors that have traditionally been associated with stigma

and examine their individual and cumulative association with adherence.

Responses from 511 asthma patients (including both mild and severe asthma)
were collected using a quantitative survey that examined level of adherence and
perceptions about asthma. Linear regression was used to investigate the power
of individual stigma-related features in predicting adherence. In addition, in or-
der to emphasise the varied nature of these stigma features, a mediation analysis
assessed the role of coping mechanisms in mediating the relationship between
stigma features and adherence. This work is important because stigma is a com-
plex issue, and this work hypothesised that different stigma features have different
mechanisms by which they affect patients. This is particularly relevant for future
interventions as their design may be informed by insights about relevant patient

and non-patient related stigma features.

5.1 Background

Stigma about asthma was described in more detail in Section 2.1.10 in the litera-
ture review Chapter, where stigma was described as a complex concept and it was

mentioned that current research has many contradictory findings.

Another problematic characteristic of stigma research is that it has largely over-
looked the delineation between aspects related to stigma, by treating sigma as a

single, overarching concept [172|. As previously stated, in Section 2.1.10, studies
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mention the existence of three facets of stigma, that are not only typical for stigma
related to asthma; they were also mentioned in research related to mental health
and other health conditions such as HIV [201]. Particularly relevant in this context
is enacted stigma - this is stigma that is expressed in discriminatory behaviours
and actions of non-patients [278]. Enacted stigma emphasises the importance of
taking into account the fact that the sources and targets of stigmatization are
mutually connected and usually situated in the same social environment [172].
Ultimately, this means that stigma caused by others should not be only addressed

by changing perceptions of patients.

Additionally, previous work also mentioned internalized stigma and perceived, felt,
or anticipated stigma, that includes the anticipation of negative treatment if others
find out about patient’s condition |7, 93, 278, 9]. This work refers to perceived or
felt stigma as exogenous perceptions. These kinds of perceptions can be interpreted
through the looking glass theory, that states an individual uses reactions of others
to estimate their own views [5|. Particularly, we can assume that a large amount
of perceptions patients have, are created and reinforced based on the perceptions
that exist in the public sphere. Damaging effects of enacted, internalized and
anticipated stigma on adherence to medication has been mentioned in the case
of tuberculosis and HIV patients using quantitative methods [9, 93]. However,
the effect of stigma subtypes on adherence to asthma medication remains largely

unexplored.

5.1.1 Denial

Another key concept related to stigmatization is denial. It has been argued that,
in order for patients to adhere to medication, they need to accept they have the
condition [5, 240|. Deniers were characterized as patients who struggle to incorpo-

rate the identity of an asthma sufferer with their everyday identities [219]. Simply
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said, people who experience the effects of stigma around asthma are also likely to
deny that they, themselves, have asthma [5|. Denial has been recognised as harm-
ful with regards to adherence to medication, corrosive to one’s well-being, leading
to decreased, delayed and interrupted healthcare utilization, negative asthma out-
comes and even death (237, 219]. However, similarly to stigma, denial has mostly
been investigated though qualitative studies that imply that denial could be one of
the reasons for non-adherence {123, 246]. Conversely, a quantitative study implies
that adherence score and denial were not significantly correlated [70]. Moreover,
another work implies that denial was not even significantly correlated with the
feelings of stigma [52|. This means that currently there are no congruent findings

in relation to the impact denial has on asthma patients and their behaviour.

There has been a debate regarding whether denial, as a construct, can be seen as
congruent to repressive coping (a defensive style characterized by high levels of
anxiety and low self-reported anxiety) [70]. However, one study found that the
association between denial and repressive coping is not strong enough to consider
them equal [70]. Denial can rather be interpreted as an attitude to asthma self-
management, which means that denial can be interpreted as closely related to
perceived need of treatment, where lower belief about their necessity for treatment

leads to lower adherence rates [188, 137, 69|.

5.1.2 Coping mechanisms

Coping mechanisms were described in more detail in Section 3.1.2. In addition to
previously mentioned repressive coping, which is a defensive coping style, it was
mentioned that previous literature has identified appropriate and dependent cop-
ing styles. Unlike negative coping styles, appropriate coping mechanisms, such as
information seeking is useful for patients as it enables people to obtain knowledge

and even more importantly, gain a sense of control over their condition [278]. One
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study classifies coping strategies as: restrictive lifestyle, hiding asthma, worry
about asthma, information seeking, positive reappraisal, and ignoring asthma
[1, 295]. In particular, hiding was tested in one study that examined the ef-
fect coping strategies have on quality of life of adolescents with asthma and found
that agreeableness is fully mediated by reappraisal and hiding coping strategies
[295]. However, findings about association of coping mechanisms on adherence
to asthma medication is scarce. According to a review papers |24, 41|, only two
studies had investigated the relationship between adherence to asthma medication
and coping: a qualitative study found deniers under-used preventer medication [5];
another study claimed that adherence was negatively associated with avoidance

as a coping style in patients with hypertension, however, not in asthma patients

1107].

5.1.3 Media

When discussing stigma, it is also very important to address concepts that have an
impact on how an individual might see themselves, but which are outside of their
control. Such a perception-creating concept is media, that is often seen as one of
the main perpetuators of stigma. Previously mentioned analysis suggests, out of 66
US films that contain asthma scenes, more than 17% of them portrays characters
with asthma as ‘wimps’ and ‘outcasts’ [15]. Another content analysis claims that
more than one fourth of newspapers contained stigmatization [151]. Media has
been recognised as pivotal in creating stigma, as it can fuel the lack of education
and fear of medical conditions, leading to further ostracization of patients [7].
This can be reflected on patients’ treatment adherence because depending on how
people interpret media portrayals of a medical condition, this informs their identity
amid their cultural environment and could strongly impact the use of their inhaler

in public [62]. However, the impact that media has on adherence has not been
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quantitatively investigated in the case of asthma patients.

5.1.4 Humour

Humorous portrayals of asthma patients in the media, lead to previously men-
tioned disparaging humour, previously mentioned in 3.1.2, where it was described
that disparaging humour is thought to reinforce negative perceptions, prejudices
and stereotypes held in the society [147, 108], hence aiding stigmatization. The
effects of disparaging humour were also mentioned in Chapter 4 and it is implied
that disparaging humour could be a significant stigma-related feature when it
comes to its impact on non-adherence. Previous studies have found that nega-
tive humour leads to the trivialisation of potentially deadly food allergies [2], but
also to the fear of being targeted by ridicule [147]. We could, therefore, hypoth-
esise that asthma patients may avoid using their inhaler in public, out of fear of
being made fun of. Similarly, a study conducted with European patients claims
that a significant number of asthma patients underestimate the severity of their
condition, as a potential consequence of trivialization caused by negative humour
[230]. Nevertheless, the effects of disparaging humour on adherence to asthma

medication have, to our knowledge, not been examined before.

5.2 Current work

Despite its negative power, stigma is not easily assessed, especially due to its
versatile nature and limitations, such as desirability bias [190]. The literature
also implies that research related to stigma and impacts on adherence are largely
scarce. There are many contradictory findings and the majority of research has
usually focused on investigating stigma without distinguishing between its under-

lying mechanisms and without differentiating between non-patient and patient-
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related stigma features. To address current gaps in the literature, we conducted
a quantitative survey that is focused on examining the relationship between indi-
vidual stigma-related concepts and the power they have in predicting adherence
to asthma medication. We hypothesised that individual stigma-related features

and adherence would have negative relationships.

It is also suggested that as a result of negative experiences, patients modify the
significance of their experience through different coping mechanisms [137]. As a
result, self-care is not only an adjustment in terms of behavioural patterns and
coping with the limitations that asthma imposes, it is also linked to the kind of
perspective and belief system that people have around asthma [192|. This why we
also hypothesised that there is a significant mediating effect of coping strategies

between relationships between stigmatization and adherence.

5.2.1 Participants

UK participants, older than 18, who received an asthma diagnosis at some point
in their lives, were eligible for entry into the study. The majority of participants
who took part in the study were between 25 and 34 years old (155); 67.34% of
participants were female and 32.63% were male. The largest number of partici-
pants had had asthma for more than 15 years (267), whereas only 16 participants
had asthma for less than 1 year. 85% of participants had mild asthma and 15%

had severe asthma.

5.2.2 Procedure

Information for participants and the consent form were included on two pages
before the survey questions. Participants were required to complete the consent

form in order to confirm they understood the nature of the study and agreed
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to participate. Upon starting the survey, participants were asked whether they
were diagnosed with asthma and if the response was positive, they could proceed to
other questions. Each participant was rewarded with points by Prolific, equivalent
to £2. Survey respondents were also given an option to email the researcher at
any time, for information about the research or related to their consent. No

participants made further inquiries.

The study was administered online. It was created using Google Forms and ad-
vertised on the Prolific website, an online platform that enables data collection.
The study was described as an exploration of patients’ experiences about life with
asthma. 545 individual responses were collected in the period between the 1st and
the 5th of May in 2020. 511 valid responses were used in the further analysis.
Time needed to complete the survey was between 11 and 23 minutes. No informa-
tion about participants related to their location, name, or any other identifying
information was collected. Data was stored on the encrypted, password-protected

server at the University of Nottingham.

5.2.3 Materials

Three main parts of the survey (that were of interest in this study) were: demo-
graphics question (e.g. age, gender, education); questions about perceptions of
asthma (e.g. questions from the stigma adjusted scale, questions about the role
of media) and questions about related behaviours and coping mechanisms (e.g.
adherence to medication, smoking, exercising). The full question list appears in
the Appendix, Chapter 8. For the purposes of this analysis, the focus was on
the relationships between stigma-related concepts, adherence behaviours and cop-
ing mechanisms. The following section includes measures for these concepts and
where applicable, Cronbach’s alpha was used as an indicator of internal reliability

of scales created. Additional statistics are stored in Table 5.1.
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Construct Questions Response scale Cronbach’s alpha

Mean

sD

Adherence score Do you sometimes forget to take/use your medication? Yes/No
Thinking over the past two weeks, were there any days when you forgot to take your medication?

Have you ever cut back or stopped taking your medications without telling your doctor, because you felt worse when you took it?
Did you take your medications yesterday?

When you feel like your health condition is under control, do you sometimes stop taking your medications?

Do you ever feel hassled about sticking to your treatment plan?

Prior to COVID-19, did you find it difficult to take all your medications simply due to daily life?

Do you sometimes forget to bring your medication when you travel, go to work or socialise?

5.13

L.65

Denial Even though I am diagnosed, I think I may not have asthma. 1 - Strongly disagree; 0.71
My asthma is not as serious as my doctor and my diagnosis say it is 2 - Disagree;
3 - Neutral;

1.01

Discrimination I have been discriminated against at work because of my asthma. 4 - Agree; 0.72
Sometimes I feel that I am being talked down to because of my asthma. 5 - Strongly agree
I am angry with the way some people have reacted about my asthma.
I have had any trouble with people because of my asthma.

I would have had better chances in life if [ had not had asthma.

1.94

0.79

Exogenous perceptions | 1 do not use my inhaler in public because people might make fun of me. 0.78
I prefer if people did not see me using my inhaler.

I 'worry about how people might react if they found out about my asthma.
People would treat me differently if they knew I had asthma.

1 worry about telling people I use an inhaler.

1 do not tell people at my workplace that I have asthma.

0.83

Media Media (films, TV shows, etc.) generally portray asthma in a negative light 0.72
Society does not perceives people with asthma as strong,.

3.59

0.82

Disparaging humour | People sometimes joke about asthma to put me down.

1.80

Internalized stigma Some people with asthma are weak.

Information seeking 1 often try to find out more about asthma 0.78
I take note of new updates in the media concerning asthma.

Ignoring I try to forget that I have asthma. 0.69
I pretend that asthma does not bother me at all.

3.24

Table 5.1: Description of Major Study Features

5.2.4 Adherence score

The Morisky-8 item medication adherence questionnaire, a popular scale for mea-
suring adherence to medication was used [215]. The scale is composed of eight
questions with ‘yes’ or ‘no’ responses, including items such as ‘Do you sometimes
forget to take/use your medication?. The obtained adherence score is a sum that

ranges from 0 to 7, with higher scores indicating higher adherence [248, 144].

5.2.5 Stigma measures

Discrimination stigma (or experienced stigma) was measured by an adjusted five-
item scale, previously used to assess discrimination of mental health patients. This
scale included items such as I have been discriminated against at work because of
my asthma [160]. Participants rated their experiences from 1 (strongly disagree)

to 5 (strongly agree). The mean of these items formed a reliable scale (alpha =
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74).

Another set of perceptions related to stigma were exogenous perceptions, previ-
ously described as beliefs that patients have, based on what they perceive others
think about them. These perceptions include anticipated stigma that may or may
not be accurate reflections of beliefs held by non-patients. Items measuring these
perceptions were based on a scale for measuring stigma related to HIV and men-
tal health (e.g. ‘I worry about how people might react if they found out about my
asthma’; ‘ People would treat me differently if they knew I had asthma’) [176, 160].
The score for exogenous perceptions of stigma was created using a mean for the
six scale items which formed a reliable scale (alpha = .77). The item that mea-
sured internalized stigma was adapted from the Stigma Scale for Mental Health
and the word ‘dangerous’ was replaced with ‘weak’: ‘Some people with asthma are
weak.” [160]. This item was measured with a scale from 1 (strongly disagree) to 5

(strongly agree).

Stigma related to media was examined using two items (e.g. ‘Media (films, TV
shows, etc.) generally portray asthma in a positive light.”) which formed a reliabile
scale (alpha = .74) [201]. Denial was defined using items ‘FEven though I am
diagnosed, I think I may not have asthma’ and ‘My asthma is not as serious as
my doctor and my diagnosis say it is.” which formed a reliable scale (alpha =
.71) |219]. Lastly, disparaging humour was measured using one item: ‘People
sometimes joke about asthma to put me down.” [72]. All items were measured

with a scale from 1 (strongly disagree) to 5 (strongly agree).

5.2.6 Coping mechanisms

Coping mechanisms used in this study were measured using the adjusted Asthma

Specific Coping Scale and they included: restricted lifestyle, hiding asthma, pos-
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itive reappraisal, information seeking, ignoring asthma, and asthma worry [1].
Some coping mechanisms were excluded, given their scales had low internal reli-
ability with Cronbach’s alpha lower than 0.6. Namely, questions that made the
scale ‘worrying about asthma’ had Cronbach’s alpha of 0.49; ‘positive reappraisal’
(0.51); ‘hiding’ (0.50) and ‘restrictive lifestyle’ (0.49). Coping mechanisms that
were included in this analysis were: ‘information seeking’ (alpha = .79) and ‘ig-
noring’ (alpha = .71). More details about these two features can be found in Table

5.1.

5.3 Results

Statistical analysis was performed using SPSS (version 27) and Python, program-
ming language. Mediation analysis was conducted using PROCESS for SPSS to
test the mediating effect of coping mechanisms on individual relationships between
stigma-related features and adherence [132]. Missing values were handled using
median imputation. The traditionally used cut-off of p-values < 0.05 were con-
sidered statistically significant. In the first step, we examined the relationship
between features related to stigma and adherence to asthma medication using
Pearson’s correlations. Secondly, Multiple Linear Regression was conducted to
assess the relationship between stigma factors and adherence. Additionally, a sim-
ilar analysis was applied on coping mechanisms in order to assess how they related
to adherence. Summaries of regression diagnostics include regression coefficients,
SEs and p values that correspond to 2-sided testing of zero regression effects. Fi-
nally, mediation analysis was conducted to examine how coping mechanisms help

explain the relationship between stigma dimensions and adherence.
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5.3.1 Descriptive statistics

Descriptive statistics were produced for the whole sample (N = 511). Distribution
of the adherence measure indicated that the largest number of participants had the
adherence score of 5 (see Figure 5.1). The mean adherence level for the sample was
5.13 (SD = 1.65). Out of all stigma related concepts, media had the highest mean
value of 3.59 (SD = 0.82), whereas disparaging humour had the lowest mean of
1.80 (SD = 1.10). Denial had a mean of 2.22 (SD = 1.01). The additional statistics

are stored in Table 5.1.

Adherence was negatively correlated with denial, exogenous perceptions and dis-
crimination (see Figure 5.2). The strongest Pearson correlation was between ad-
herence score and denial (r = -.24, p < 0.001). There was a less significant negative
correlation between adherence and internalized stigma and humour (p < 0.05).
Media and adherence had no statistically significant correlation (p > 0.05). In
terms of correlations between individual features, discrimination and disparaging
humour had the strongest correlation (r = -.50, p < 0.001), followed by discrimi-

nation and exogenous perceptions (r = -.47, p < 0.001).

5.3.2 Stigma-related factors: Correlations and Multiple Lin-

ear Regression

Multiple linear regression was performed to examine relationships between stigma-
related concepts and adherence. The six stigma-related variables were entered si-
multaneously and they were treated as continuous input features; adherence score
was a continuous output feature, see Table 5.2. Results indicated a statistically
significant model (F = 11.47, p < .000) where the predictors explained 8.1% of
variance in adherence score. The previous work mentioned that demographic fea-

tures, such as age and gender, asthma traits (e.g. duration) and perceptions from

166



5.3. RESULTS
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Figure 5.1: Distribution of the adherence score

the Self-Regulatory Model (e.g. certainty about asthma status, beliefs about an-
tecedent causes) were able to predict 28.7% of the variance in adherence [150].
However, the result that was obtained in our analysis can still be considered as
significant, because it explains 8.1% of variance while only remaining on percep-
tions about asthma (does not include other groups such as demographics) and it
only relies on perceptions related to stigma (does not use other perceptions such
as perceived sense of community). Based on this, it can be argued that stigma
features on their own still generate a significant result in terms of their impact on

adherence.

In terms of individual stigma features that have, specifically contributed to this
result, denial had the most dominant role, as it was successful in predicting adher-
ence with a statistically significant result (p = .000). Exogenous perceptions and
discrimination had a significant negative direct correlation with adherence score,
however in the regression model they yielded p values that were not statistically

significant (p > 0.05). This ndicated that there may be some overlap in variance
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Figure 5.2: Correlation matrix of the Pearson correlations between factors Note:
**Correlation is significant at the 0.01 level (2-tailed). *Correlation is significant
at the 0.05 level (2-tailed).
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explained by other predictors that are included in the model.

One of the issues that can arise in linear regression is multicollinearity [232|. All
stigma facets scored a lower VIF than 2.5 [11]. However, Table 5.2 demonstrates
that exogenous perceptions and discrimination had significant correlations with
other stigma features, which may indicate that there is a level of variable masking
and a difficulty for a model to partial out the variance in the dependent variable,

uniquely attributable to each predictor.

Correlations | Collinearity Statistics

Variable Coefficient | SE | p Value | Zero-order | Tolerance | VIF
Constant 6.808 .383| .000

Denial -.355 .072] .000 =237 .937 1.067
Exogenous perceptions -.105 103 310 -162%% | .669 1.495
Discrimination -.151 J10( 173 -.145%* | .648 1.544
Disparaging humour -.061 075 .417 -.108* 724 1.381
Media -.053 .089| .550 -.036 .923 1.083
Internalized stigma -.066 .062( .285 -.111% .899 1.112

Table 5.2: Linear regression results for stigma features Note: **Correlation is
significant at the 0.01 level (2-tailed). *Correlation is significant at the 0.05 level
(2-tailed).

5.3.3 Coping mechanisms: Correlations and Multiple Lin-

ear Regression

We examined the relationship between between coping mechanisms (information
seeking and ignoring asthma) and adherence to asthma medication using Linear
Regression; direct correlations are also provided for comparison. Results showed
a statistically significant positive correlation between information seeking and ad-

herence (0.096; p < 0.05); and a significant negative correlation between ignoring
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asthma and adherence (-0.170; p<0.01). There relationships are illustrated in

Figure 5.3.

The results of Linear Regression implied there was a statistically significant model
(F = 9.78, p<.000) and both coping mechanisms yielded statistically significant
p values, see Table 5.3. Higher level of information seeking were related to higher
adherence scores. In contrast, ignoring asthma had a negative association with

adherence, which means higher asthma ignoring was related to lower adherence.

-10
adherence_score - 1 -08
- 06
information_seeking -

- -04
- 0.2

ignaring 1
0.0

adherence score -
information_seeking -
ignoring -

Figure 5.3: Correlation matrix of the Pearson correlations between adherence
score and coping mechanisms Note: **Correlation is significant at the 0.01 level
(2-tailed). *Correlation is significant at the 0.05 level (2-tailed).

5.3.4 Mediation analysis

A series of mediation analyses was conducted to examine whether coping mecha-
nisms mediate relationships between stigma features and adherence using least
squares path analysis. Mediation effects were tested using Hayes” PROCESS

(model 4) [315]. Regression values were calculated to estimate the direct effect
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Correlations | Collinearity Statistics
Variable Coefficient | SE | p Value | Zero-order | Tolerance | VIF
Constant 4.775 .283 | .000
Information seeking | -.134 .065 | .039 -.096 .999 1.001
Ignoring .268 070 | .000 170 899 1.001

Table 5.3: Linear regression results for coping mechanisms features Note: **Cor-
relation is significant at the 0.01 level (2-tailed). *Correlation is significant at the
0.05 level (2-tailed).

(without controlling for mediators) and indirect effect (after controlling for media-
tors). Specifically, to test the hypothesis that coping mechanisms mitigate effects
of stigma related features on adherence, bootstrap regression analysis was car-
ried out. Mediation models assessed the mediating effect of ignoring asthma and
information seeking as coping strategies on the relationship between each indi-
vidual stigma related feature previously identified (denial, exogenous perceptions,
discrimination, disparaging humour and internalised stigma) and adherence to
asthma medication. Media was not included in this analysis because it did not
have a significant relationships with adherence in the previous regression analysis.
In all mediation models, associations between coping mechanisms and adherence
were statistically significant. As in the previous regression analysis, the relation-
ship between information seeking and adherence was positive and between denial

and adherence the relationship was negative.

Our first mediation examined the relationship between denial of having asthma
and adherence to asthma medication medicated by information seeking and adher-
ence. Greater levels of denial were related to lower levels of information seeking
(standardized beta = -0.146, SE = 0.048, 95% CI (-0.241, -0.051)) and higher
levels of ignoring (standardized beta = 0.216, SE = 0.044, 95% CI (0.129, 0.303)).
The direct effect of denial on adherence was significantly negative (standardized

beta = -0.33, SE = 0.072, 95% CI (-0.472, -0.189)). The indirect effect of denial
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through ignoring was significantly negative (standardized beta = -0.043, SE =
0.019, 95% CI (-0.087, -0.010)). However, information seeking was not a signifi-
cant mediator (standardized beta = -0.014, SE = 0.011, 95% CI (-0.040, 0.052)).

This is reported in Figure 5.4.

Information
seeking

al=-0.146>" b1=0.09%96"

Direct effect =-0.33**

Indirect effect,b =0.014
95% CI[-0.040, 0.052] Adherence

(cont. score)

Denial

Indirect effect, b =-0.043
95% CI[-0.087, -0.010]

b2 =-0.200**

a2=0.216""
Ignoring

Figure 5.4: Conceptual framework of mediation effect of denial on adherence via
coping mechanisms Note: **Correlation is significant at the 0.01 level (2-tailed).
*Correlation is significant at the 0.05 level (2-tailed).

Figure 5.5 represents the mediation model where exogenous perceptions are re-
lated to adherence to asthma medication, mediated by information seeking and
the extent to which people ignore their condition. Exogenous perceptions were
negatively associated with adherence (standardized beta = -0.255, SE = 0.091,
95% CI (-0.434, -0.077)). There was no statistically significant link between ex-
ogenous perceptions and information seeking (p = 0.103), whereas the association
between exogenous perceptions and ignoring asthma was significant and positive
and the beta coefficient was higher than in the case of other stigma dimensions
(standardized beta = 0.392, SE = 0.052, 95% CI (0.298, 0.493)). The indirect
effect of exogenous perceptions on adherence, through ignoring was significant
(standardized beta = -0.079, SE = 0.033, 95% CI (-0.147, -0.018)). The indirect

effect though information seeking was not statistically significant.
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Figure 5.5: Conceptual framework of mediation effect of exogenous perceptions
on adherence via coping mechanisms Note: **Correlation is significant at the 0.01
level (2-tailed). *Correlation is significant at the 0.05 level (2-tailed).

A further mediation model examined the relationship between discrimination and
adherence to asthma mediated by ignoring and information seeking. Discrimina-
tion had a direct negative association with adherence (standardized beta = -0.341,
SE = 0.093, 95% CI (-0.523, -0.159). In terms of coping strategies, discrimination
had a significant positive relationship with information seeking (standardized beta
= 0.336, SE = 0.060, 95% CI (0.217, 0.453), but no relationship with ignoring.
The indirect effect of discrimination on adherence through information seeking
was significant (standardized beta = 0.065, SE = 0.026, 95% CI (0.019, 0.120),
see Figure 5.6; ignoring was not a significant mediator in this model (standardized

beta = -0.025, SE = 0.017, 95% CI (-0.063, 0.003)).

We also examined the relationship between disparaging humour and adherence to
asthma medication, mediated by information seeking and ignoring. Disparaging
humour was negatively linked with adherence (standardized beta = -0.173, SE
= 0.067, 95% CI (-0.306, -0.041)). In terms of coping mechanisms, disparaging

humour was positively related to both information seeking (standardized beta
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Figure 5.6: Conceptual framework of mediation effect of discrimination percep-
tions on adherence via coping mechanisms Note: **Correlation is significant at
the 0.01 level (2-tailed). *Correlation is significant at the 0.05 level (2-tailed).

= 0.232, SE = 0.043, 95% CI (0.147, 0.318) and ignoring (standardized beta =
0.121, SE = 0.041, 95% CI (0.042, 0.202). The indirect effect of disparaging
humour though information seeking was positive and significant (standardized
beta = 0.041, SE = 0.017, 95% CI (0.009, 0.078)), and the indirect effect though
ignoring asthma was negative and significant (standardized beta = -0.029, SE =

0.015, 95% CI (-0.063, -0.006)), see Figure 5.7.

5.4 Discussion

This is the first study that examined the complex and nuanced nature of stigma
related to asthma, through investigating individual relationships that features as-
sociated with stigma have with adherence and how coping mechanisms aggravate
or alleviate these relationships. Stigma has previously been described as a signif-
icant contributor to suffering by causing challenging stereotypes, perceived and

experienced discrimination [15]. However, stigma, as a concept, can be broken
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Figure 5.7: Conceptual framework of mediation effect of disparaging humour on
adherence via coping mechanisms Note: **Correlation is significant at the 0.01
level (2-tailed). *Correlation is significant at the 0.05 level (2-tailed).
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Figure 5.8: Conceptual framework of mediation effect of internalized stigma on
adherence via coping mechanisms Note: **Correlation is significant at the 0.01
level (2-tailed). *Correlation is significant at the 0.05 level (2-tailed).
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down into a number of features, including external dimensions - stigmatization
originating from non-patients (such as discriminatory attitudes and actions) and
patient-related or internal dimensions. These underlying mechanisms of stigma
were less examined. This study, therefore, contributes to this body of research
by assessing stigma dimensions and their power to predict adherence to medica-
tion and how these relationships can be mediated though information seeking and

ignoring asthma as coping mechanisms.

The key findings of this research is that denial has the significant negative im-
pact on adherence. Apart from denial, exogenous perceptions (e.g. anticipation
of discrimination) and discrimination were significantly, negatively correlated to
adherence. However, in the linear regression, with adherence as the output, their
impact was not statistically significant. Both coping mechanisms had a small,
however, statistically significant association with adherence. The mediation anal-
ysis found that higher levels of denial, exogenous perceptions and humour were
related to a greater tendency to ignore asthma. Information seeking was nega-
tively related to denial, but conversely - it was positively related to discrimination
and disparaging humour. This implies a varied nature of stigma-related features,
which means that future interventions could use different strategies for different

stigma features, in order to be more effective in fighting stigmatization.

Previous findings about the relationship between denial of being asthmatic and
adherence to asthma medication are mixed [70, 219]; our results align with previous
qualitative work that claim that denial has a corrosive impact on adherence [123].
This negative relationship between denial and adherence can be understood though
the assumption that people who deny having asthma do not perceive the need
to use their medication. However, this is also why denial is one of the most
‘dangerous’ factors: when people do not accept they have a medical condition,
this creates a significant barrier to getting appropriate medical attention, care

and support.
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It is also important to discuss the nature of denial and its causes. Denial could
be interpreted as a patient-related factor (as opposed to discrimination which is
related to actions of others). However, denial may be a interpreted as a result
of patient’s inability to negotiate the gap between their public and their ‘asth-
matic’ identity. Specifically, denial can be seen as an attempt to minimize the
effect asthma has on patients’ social identity [231, 260]. This means that deniers
would presumably avoid using an inhaler since that is the main signal of asthma
existence. However, conversely, the regular adherence to medication is the optimal
way of preventing worsening asthma symptoms and hence, obtaining ‘normality’
and ‘healthy’ identity. Some previous work even states that people with asthma
are ‘pushed towards’ non-adherence simply by their interpersonal sensitivity [107].
This raises the notion that has been mentioned a couple of times in the thesis - fu-
ture interventions and education strategies should not only be focused on patients,
but also on changing wider societal perceptions that aggravate discrimination and

disparaging humour.

5.4.1 Ignoring

Ignoring asthma could be considered to be similar to denial that a person has
asthma. Our data shows that these constructs are positively related but not
collinear. The main difference is that ignoring asthma involves acknowledgement
that the person does have asthma, whereas denial does not acknowledge that the
person has this condition. Unlike denial, ignoring was not previously suggested as
negatively associated with adherence within the group of asthma patients [107].
However, both denial and ignoring belong to the group of inappropriate coping
strategies, that have been found, by previous studies, as related to negative health
outcomes [70]. Following the results of the mediation analysis, denial, exoge-

nous perceptions and disparaging humour were found to be positively associated
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with ignoring asthma. Therefore, stigma appears to be associated with ignoring
asthma as a coping strategy. This could be interpreted as creating a distance from
asthmatics’ identity. As discussed in previous literature, stigmatization creates a
perception of ‘weakness’ that many patients do not want to be associated with,
therefore, based on our analysis it can be assumed that a level of disassociation
takes place in this process, presumably out of fear of being judged or being seen

as an object of humorous remarks [82].

5.4.2 Information seeking

Information seeking could be interpreted as a normalization strategy, by which
patients with asthma attempt to continuously identify the norms of the target
group, so that they could minimize the differences and maintain their belonging
to a ‘normal’ group [231]. This coping mechanism is also related to the perceived
sense of community that exists online, where patients engage in sharing informa-
tion and experiences |75]. This kind of emotional and information-sharing support
that was also mentioned in Chapter 4 can be valuable for patients’ well being, as
it was documented in previous literature, even though this literature was often
based on investigating ‘offline’ support groups [15]. The findings of this study
also imply that there is usually a positive link between information seeking and
adherence, which indicates that patients who seek information about asthma tend

to have a higher level of adherence to asthma medication.

In terms of individual stigma factors, it is perhaps not surprising that denial of
having asthma had a negative association with information seeking, since people
who do not believe they have asthma, presumably, also have no need to seek infor-
mation about it. However, it should be noted that perceptions relating to actions
of others (discrimination, disparaging humour) have a significant positive link to

information seeking. In other words, the higher level of stigma one experiences,
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the higher are their information seeking behaviours. It is possible that the expo-
sure to stigma drives some patients to obtain information about their condition as
a way of counteracting stigma effects, to feel more empowered or re-gain a sense of
control. However, our analyses cannot rule out the reverse causal effect that may
exist between information seeking and stigma. This effect could then be explained
by a potential negative side effect of information seeking - and finding not only

useful information, but also more stigmatization.

A large part of information seeking is likely to be conducted online, the same place
where many people choose to express opinions that are not necessarily supportive
of others. It is, therefore, possible that asthma patients can be exposed to negative
views and stigmatization, and even bullying from others while they are looking
for useful information about asthma [216]. In fact, some previous research has
emphasised the negative outcomes of engaging in online environments, due to the
ease of technology use and lack of accountability [134, 214]. These findings imply
that future interventions should be mindful when choosing platforms or channels
for communication with patients or when encouraging them to seek support in
online communities - there is always a danger that the negative side of online

environment could expose patients to further stigmatization.

5.5 Limitations and motivations for the future work

This work also faced some limitations. One of the factors that may contribute to
the unrepresentativeness of the sample is the selection bias toward higher socioe-
conomic levels, considering the sample was collected using an online survey [213].
Another characteristic of this research is that patients tend to under-estimate
their non-adherence to medication, which may have impacted our treatment ad-

herence measure. Participants were also aware that the focus of research is on
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perceptions, which may have introduced bias in terms of how they respond to
questions related to stigma. Lastly, since this is not a cross-sectional analysis, the
established associations may have not been stable over time [155], which could be
a focus of future research. Future research could also examine causes of denial,
and other stigma-related features that negatively impact adherence, as well as the

relationship between public and individual perceptions.

5.6 Conclusions of Study 3

This study followed the idea that stigma is not an atomic concept and that there
is a range of stigma-related factors, where each has its own nature and ways they
affect patients’ adherence. Findings indicate that denial is a strong predictor of
non-adherence, which is characterised by one’s disbelief they have asthma. Our
findings demonstrate significant relationships between a range of stigma factors
and adherence to asthma medication. These findings have key implications for
a paradigm related to adherence to medication that should be extended as it
currently focuses mostly on the physical components of asthma [152]. We highlight
that socio-cognitive perceptions also affect adherence and should be acknowledged

accordingly.

This study also found that relationships between stigma factors and adherence can
be changed though coping mechanisms: ignoring asthma was associated with both
stigmatization and adherence to medication, which may represent disassociation
that patients create in order to avoid stigma and judgements. However, informa-
tion seeking had different associations with individual stigma-related features -
while it was positively associated with discrimination and disparaging humour, it
had a negative relationship with denial. Based on this, it can be argued that differ-

ent stigmatization mechanisms may be affecting patients in different ways, driving
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them to adopt different coping styles and strategies. This supports the idea that
better understanding of nuanced stigma mechanisms could lead to better designs
of targeted interventions and development of a mutual language between health
professionals and their patients. Future research could also further investigate

causes of denial, as well as other stigma features.
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Chapter 6

Using Model Class Reliance to
measure group effect on adherence

to asthma medication

“It’s taken me years to become like ‘You know what, I've got it’.
People are going to look, maybe it doesn’t matter.” That takes a
while to reach. If I'm confident and I don’t care, and if I’'m finding
peace with myself with it, with my struggle, then it shouldn’t matter.
Perceptions shouldn’t matter.”

- Donna (32)

The previous work in this thesis implied that perceptions play a significant role
in affecting one’s level of treatment adherence. This claim was made following
insights from qualitative interviews in Chapter 3, text analysis from Chapter 4,
and based on examination of stigma-related perceptual factors and the impact they
have on adherence through classical statistic analysis, in Chapter 6. The goal of

this study is to make a full circle and re-assess the role of perceptions in one’s
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treatment - through a holistic approach. Therefore, the main research questions
that this study had was: what is the importance of individual groups of known
factors that affect adherence; and what is the value of perceptions in comparison
to other groups. Based on the work so far, we hypothesised that perceptions
would have a leading role in predicting adherence. The resulting work conducted
in this chapter has been accepted at the 2021 IEEE International Conference on
Big Data, under the name ‘Using Model Class Reliance to Measure Group Effects

on Non-Adherence to Asthma Medication’.

As identified in Chapter 2, the motivation for this research was the gap in our un-
derstanding related to factors that drive adherence: while various drivers for non-
adherence have been considered in isolation, interactions between demographic,
socio-cognitive, behavioural and situational factors have never been modelled in
concert. However, previous studies of this thesis also provided a basis for this
Chapter. Firstly, work from Chapter 3 indicated, based on qualitative interviews,
that one’s perceptions are essential in their decision to adhere. Secondly, in Chap-
ter 4, we could imply that perceptions (and especially, negative perceptions) about
asthma may have some negative impact on patients. However, since the analysis
was conducted on Twitter data, it was not possible to measure this negative effect,
since there was no connection between individual tweets about perceptions and
their levels of treatment adherence. Lastly, Chapter 5 indicated some collinearity
between stigma-related features, in the data collected from the survey. This is
relevant because traditionally used statistical techniques mostly focus on linear
relationships and the application of traditional variable importance methods to
examine explanatory factors is not possible. This is often due to insights being
obfuscated by extensive shared information and non-linear interactions occurring

across variables.

Previous work has also emphasised that insufficient attention has been paid to

stigma and stigma-related features, that could play an even greater role in one’s
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adherence, than previously examined features such as age, education or person-
ality traits. In addition, this study represents the final, methodological approach
that extends previous findings obtained from interviews and via classical statistics,
by taking into account a more complex nature of non-linear relationships. This
was done by introducing a first Grouped Feature approach to Model Class Re-
liance (Group-MCR), quantifying the importance of variable sets in underpinning
explanations, in order to establish which groups of features are the most relevant
in predicting adherence. In other words, this work is used to re-iterate the notion
this PhD thesis mentioned though out this work: regardless of their often ignored

nature - (for better or worse) perceptions do matter.

6.1 Research gap

Many drivers of non-adherence have been proposed: patients’ use of medication
may be impacted by demographics and lifestyle choices, as well as being highly
influenced by contextual and psychological factors. Yet, there exists little con-
sensus as to which of these groups of factors are most central to non-adherence
behaviours [177]. Cross-sectional data is lacking, and while many covariates have
been examined in an attempt to explain patients’ reticence to medicate, studies
have generally occurred in isolation, considering only one or few variables at a
time. Additionally, studies vary in methodological approaches and results include
some contradictory findings with respect to whether factors predict adherence to
medication [89]. For example some studies found that personality traits have
no impact on adherence [135], whereas other claim psychological traits such as

neuroticism have a negative effect on one’s treatment adherence [18|.

Identifying which group of factors is the most relevant to non-adherence is valuable

not only to practitioners, but to policy makers and those implementing health
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interventions. Understanding the interplay between potential drivers is key. Better
identification of the categories of features most linked to non-adherence promises to
provide not only a better understanding of the condition itself, but holds potential
to generate actionable early warning signals, identifying those who may be at
risk. Central to this is that different factors related to non-adherence require
different approaches and different channels of communications with patients to
act upon [177, 29]. For example, interventions may have to focus on reaching out
to patients in rural areas, increasing education in poorer communities, or creating
behaviourally focused therapies [29]. Therefore, understanding which group is
dominant is essential, as this could inform more efficient interventions. Creating
this insight could ultimately lead to a more proactive paradigm in medicine, better

patient outcomes and lowering personal and stakeholders’ costs [206].

6.2 Background

A wide range of approaches have, of course, been applied in an attempt to better
understand non-adherence risk factors (see Section 6.2.2). However, traditional
methods have struggled to cope with the non-linearity and high information shar-
ing occurring between input features (the most simple version of which is mul-
ticollinearity). In particular, methods in social sciences and pharmacology have
problems analysing group effects, with remedial solutions being prone to informa-
tion loss (due to elimination of features that do not contribute to a ‘compound
scale’ [162]). Yet, there also remain deficiencies in methods from Computer Sci-
ence, with explanatory approaches such as grouped permutation importance pro-
viding insights only about the mechanism of a single model, rather then generative
processes of the underlying phenomena - again, multi-collinearity and interaction

effects can often resulting in misleading conclusions {125, 276].
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To meet these challenges, this study takes a non-linear modelling approach, lever-
aging a dataset from Chapter 5 - data collected from a quantitative survey that had
511 participants. We additionally introduce the use of Grouped Model Class Re-
liance (Group-MCR). In contrast to group permutation importance, this extension
is able to take into account multiple models to uncover underlying relationships
between groups of factors and indicate each group’s utility in predicting adherence.
The rest of this chapter is structured as follows: Section 6.2.1 details related work
with regard to risk factors, Section 6.2.2 highlights the challenges that exist with
regard to applying recent/traditional approaches to achieve the aims of this work
and Section 6.3.1 details the data set and the proposed methodology /experimental
design, including the use of Group-MCR. Results are then provided in Section 6.4,

followed by a discussion and conclusion in Sections 6.5 and 6.6 respectively.

6.2.1 Previously examined factors

While never assessed in concert, various potential drivers of non-adherence to
asthma medication have been considered in isolation and they are described in
more detail in Section 2.1.3 in the literature review. Many factors share a common
thread, mostly speaking to patients’ ability and motivation to obtain effective
support or acquire knowledge, however, some are also related to obstacles that are

outside of patients’ control [17, 250].

An extensive stream of work, specifically considering asthma non-adherence, has
focused on socio-demographic factors. Previous research, however, has not yet
identified clear and consistent relationships between medication usage and de-
mographic variables, such as gender and age [177, 135]. There is some evidence
indicating that patients with better adherence behaviour tend to be female [39],
from older demographics [29] and are most frequently married [135]. In addition,

patients who report a higher social status [39], do not only adhere more strictly

186



6.2. BACKGROUND

to their medication regimes, but are also reported to have fewer hospitalizations
[241]. Despite these links being made, studies show that socio-demographics and
clinical factors can only account for a small amount of variance in adherence [135] -
and that additional other factors are relevant. In particular, lifestyle factors, such
as smoking and lack of exercise are seen as negatively associated to adherence to

prescribed medication [122].

The fact that socio-demographics and lifestyle features have only managed to yield
partial explanations for non-adherence has increasingly led to the examination of
the impact of factors such as personality traits. Individual differences such as per-
sonality traits are the focus of several studies on adherence, yet consensus is still
to be achieved on what characteristics may relate to non-adherence. For example,
neuroticism as a personality trait is found to have a negative effect, while conscien-
tiousness and agreeableness have a positive effect on adherence [18, 282]; however,
contradictory results state that personality does not have significant impact af-
ter all [135, 45]. Other psychological studies have considered the impact of the
emotional states of patients, or affectivity. Negative affect, a common symptom
of depression, has been correlated with low adherence to asthma mediation [20],
a result supported by recent work evidencing that emotions are also predictive of
intentions to adhere [159]. Other studies have focused on specific emotional states.
Evidence of fears of asthma consequences, for example, have been strongly associ-
ated with reduced willingness to use medication [40] - whereas ‘hedonic capacity’,

has been positively correlated with effective asthma control [20].

Less well examined, however, are the relationships between perceptual factors and
adherence to asthma medication. This is perhaps surprising for asthma, which has
been associated with issues of both stigma and avoidance, however, as previous
studies state - in a limited capacity [19]. As previously reported in Section 2.1.9,
patients decisions to adhere are potentially linked to patients’ notion of their

own personal identity, while maintaining an existing quality of life may dominate
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many individuals’ experiences of asthma [89]. Perceptions related to asthma, and
perceived ‘weakness’ some attach to the condition, also have effects on coping

strategies [135], also described in Section 3.1.2.

Numerous potential factors described above, have been found to influence non-
adherence and underlying drivers of non-adherence are deeply embedded in peo-
ple’s daily lives, ranging from behavioural to situational circumstances, psycho-
logical to demographic. However, it is relevant to note one of the key challenges of
this kind of research - it is very possible that these groups of factors work together
and even inform each other. In other words, the difficulty of this work is reflected
in the fact that there may be a number of (potentially non-linear) interactions
that exist across indicators. An example is age and stigma: as individuals age,
their risk of hospitalization due to asthma increases; yet the stigma they antici-
pate when carrying a preventative inhaler in public decreases, reducing risk. Such
interactions, and the range of mediating and moderating factors at play across
patients’ lives, are the motivation behind this study, which takes a non-linear and
inductive approach to the problem domain. Leveraging machine learning tech-
niques, this study models a new data set of 80 dependent variables to interrogate

explanations of non-adherence.

6.2.2 Identifying actionable feature groups

Due to the complexity of the non-parametric approaches common in machine
learning, derivation of stable model explanations is often non-trivial. A goal of
this work, therefore, is not only to construct an accurate predictive model of adher-
ence to asthma medication, but to use outputs to elicit robust insights into specific
groups of risk factors that might inform future medical interventions [217|. To
achieve actionable variable groups of this nature requires feature importance tech-

niques. Importantly, research into model interpretability can also be dichotomised
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into two approaches in assessing the predictive performance of feature groups:

e a priori combination: features are combined prior to modelling. This cor-
responds to the tradition of feature engineering in machine learning and
includes, but is not limited to, compression techniques such as PCA; Multidi-
mensional Scaling; Kernel PCA; Maximum Variance Unfolding; and Partial
Least Squares. All such techniques identify components (or latent variables)
that reduce dimensionality - however, they are notoriously hard to interpret,

restricting explanatory insights about an application domain [296].

e posteriori combination: feature combinations are assessed after modelling
has occurred. Such approaches are particularly appropriate when input fea-
tures sets are associated with specific groupings from the outset - either
based on the theoretical or domain knowledge, or due to processes of data
collection. Increasingly, improvements in algorithmic efficiency have reduced
the need for exhaustive feature compression, allowing group importances to
be assessed after the fact in both linear and non-linear models (e.g. via

grouped permutation importance) [125].

The main focus of this research is to provide explanatory analysis of non-adherence
to asthma medication in order to inform medical interventions to promote adher-
ence. Use of a priori combination is, therefore, less desirable, due to the complica-
tions related to interpretation. Moreover, the dependent variables used in health
research are often categorized (e.g. therapy-, condition-, patient-related), making

a posteriori, approach to group analyses more attractive.

A priori reduction of features into actionable sets is actually a common task in
‘survey-based’ research. Here, individual items are often combined into scales
(constructed from variables that were designed to measure the same theorised

underlying concept) with reliability assessed using measures such as Cronbach’s
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alpha [311]. A high Cronbach’s alpha supports the conjecture that features are
interrelated to one another, and can be combined into a compound variable by
taking a mean value, or sum [124]. While extremely common in social sciences
research, this process has numerous drawbacks. First, features that are linearly
correlated cannot be allocated to the same compound ‘group’, even if they link
thematically. Second, items of varying types, such as categorical or continuous
features, cannot be incorporated. Finally, Cronbach’s alpha is only valid for data
that is linear and normally distributed [311]. Worse, it is common for variables that
cannot be grouped to be eliminated from modelling altogether, a situation that
preserves the integrity of analysis, but at the cost of information loss and predictive
accuracy - and consequently weakening the case for the validity of explanations

produced [162].

Increasingly, machine learning approaches are eschewing a priori feature construc-
tion of this form, using approaches such as grouped permutation importances,
performed on models trained on all original features [125|. Groups of features are
simultaneously permuted to measure joint effects as their information is disrupted.
In a similar fashion, feature exclusion and retraining methods! [106] include or ex-
clude groups of feature and assess the significance of their inclusion in the model
(although use of methods such as split counts and SHAP values [187| remains

non-trivial with feature sets).

A major weakness of these approaches is that they only tell us about the mecha-
nism of a single model - and not the underlying mechanism itself. It has, there-
fore, been noted that the explanations they output can be misleading regarding
an underlying generative process [106, 276|. This is due to the fact that input
features typically share predictive information (i.e. multicollinearity) - focusing
on learning a single functional relationship, despite many possible, and equally

predictive, relationships existing within the data set; this can therefore provide

Lthis includes step-wise approaches though these are more typically used for variable selection
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deceptive results [106]. To address these issues, Model Class Reliance (MCR) has
recently been proposed [276, 106]. This method implicitly considers the full set
of models with equal predictive performance to the learnt ‘best’ model, known as
its Rashomon Set, reporting variable importance bounds for each variable. This is
particularly relevant for the field of current research, as it is highly possible that

observed groups of features have intricate interactions.

6.3 Current research

Due to the goal of finding actionable explanatory insights for non-adherence, we
use MCR within this study, extending and demonstrating its use in understand-
ing grouped features. This work, therefore, examines two research questions via
an inductive modelling approach: What are the main groups of risk factors that
predict non-adherence to medication? and Which individual features within these
groupings are particularly representative of non-adherence?. However, as previ-
ously stated, this is a distinct methodological challenge since indicators of non-
adherence are not necessarily being mutually exclusive [177] and, in reality highly
likely to interact with one another. Therefore, measuring the performance of pre-

dictive factors should be recognised as a multidimensional problem.

6.3.1 Participants and Materials

Data for this study was the same data used in Chapter 5. This means that data
was collected via an online survey, and only participants from the UK, who were
older than 18 and possess a current asthma diagnosis were retained as part of the
study. However, while Chapter 5 only focused on the adherence score and the
group of perceptional factors, this study examined additional groups of features

that participants were asked about.
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As mentioned in the previous study, adherence was measured via the Morisky-
8 item questionnaire [208|, which is composed of 8 questions with ‘yes’ or ‘no’
response options but producing a compound adherence score ranging between
[0,7] (with higher scores implying higher adherence). However, in accordance with
previous literature, scores can be further categorized into a binary adherence score
using a cut-off point of 6, with a score < 6 corresponding to low adherence and a
score > 6 to high adherence [208]. The survey’s other questions can be categorized
into seven groups, typically measured using (1-7) Likert Scale (Table 6.1 details
exemplar items from each group and includes some key research references. The

full question list appears in the Appendix, Chapter 8.

o Asthma traits: characteristics of asthma and its symptoms were measured
via: condition type (mild/severe); duration; inhaler type; and severity of

symptoms [288].

e Demographics: Socio-demographics questions comprised of: age; gender; ed-
ucation; employment; and income (factors that previous work has identified

as potentially indicative of adherence outcome [192, 39]).

e Perceptual Factors: based upon qualitative results from a variety of stud-
ies, perceptions measured included perceived stigma of having asthma [15];
perceived sense of support [216]; negative impacts of media and disparaging

humour [108].

e Coping mechanisms: Coping mechanisms were examined using the adjusted
Asthma Specific Coping Scale, which is composed of questions relating to:
information seeking; hiding; ignoring; worrying about asthma; restrictive

lifestyles; and positive reappraisal [1].

e FEmotional Affect: Propensity for positive and negative emotions measured

in the survey based upon the PANAS scoring system [306]. Emotions in
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relation to asthma that were measured were: feeling sad, strong, scared,

hostile, ashamed, nervous, determined, feelings of guilt.

o Lifestyle Factors: Items relate to lifestyle behaviours were collected, all re-
lating to factors within patients’ realm of control, with questions identifying

habits such as smoking and exercise.

e Personality traits: Personality traits were collected using the Ten Item Per-
sonality Inventory (TIPI) version of the well-established Big Five: neuroti-

cism, openness, extroversion, agreeableness and conscientiousness [74, 199].

A total of 511 valid individual responses were collected from the survey. 344
(67.3%) participants were female and 165 (32.3%) were male. 212 participants
(41.49%) had high adherence, with 299 participants (58.51%) having low adher-
ence. Missing values were handled using median imputation, and the issue of class
imbalance was solved by down sampling [180], resulting in low and high adherence

classes, both containing 214 data points (N=428).

Variable Group Description References
Adherence Score Morisky-8 question adherence scale (0-7) [208, 8]
Asthma Traits Characteristics of asthma impact on the individual:  [288]

e asthma severity (mild/severe)

e duration of condition (years)

e inhaler type (categorical)
Demographics Age, gender, education, employment and income [192, 39|
Perceptual Factors Asthma perceptions influenced by exogenous fac-  [15, 216, 108]

tors

e adjusted Stigma Scale

e perceived sense of support

e perceived effects of media and disparaging hu-

mour
Coping mechanisms Asthma Specific Coping Scale [1]
Emotional Affect Range of features based upon PANAS scoring sys-  [306]

tem
Lifestyle Habits Identification of Patient controllable behaviours: [122, 89]

e smoking

® exercise
Personality traits Big-5 trait measurement scale [74, 199]

Table 6.1: List of features groups, descriptions and exemplar references
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6.3.2 Experimental Design

While the output of a classification task is a prediction from a number of finite
categories, regression deals with predictions of continuous values. This means that
in order to establish how effective the model is, different performance metrics are
used in the case of classification and in the case of regression. The performance
metrics for the regression task are focused on predicting the error, which summa-
rizes how close prediction is to its expected value. However, in practice predictive
models are often used to take an action, for instance to consider an intervention
if an individual is predicted to be likely to non-adhere. In this case, the desired
metric is not the error of the predictor but how accurate it is at predicting the
categories which will drive the action. In the case of asthma analysis considered
in this chapter it is the latter which is of interest and as such the task was cast as
a binary classification task with non-adherence (the target class) coded as zero,
following the previous work [148]. Data was stratified into a training (75%) and
test set (25%), with the performance of each model examined against the held-out
test data. Classification accuracy was used as the standard metric against which

results are assessed.

More importantly than establishing trust and transparency between machine learn-
ing algorithms and scientists, it is, sometimes, even more valuable to understand
the importance of individual features that drive the prediction [114]. Even though
Neural Networks had a significant success in the previous work in this thesis (Chap-
ter 4), the complexity of the model means a number of explanatory methods to
understand the model /phenomena are not available. This is why, when the trans-
parency of the underlying rules is secondary and the prediction power of a model
is a primary goal (which was the case in Chapter 4), neural networks are a good
choice. However, for this study, the main emphasis was on understanding the

predictive power of different groups of features, which can be done using a novel
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technique that is currently only developed for a limited number of traditionally
used algorithms (such as Random Forest). Therefore, for this study, three classes
of more traditionally-used models (Logistic Regression, Support Vector Machines

and Random Forests) were trained and evaluated.

Meta-parameters for each model class were optimized via a grid search and 10-fold
Cross-Validation?, with training data being further split to obtain a 10% valida-
tion set for each fold. Once an optimal set of meta-parameters was identified, the
corresponding model was then re-fit to the full training data set and evaluated
against the hold out sample. While nested cross-validation could be employed,
a split sample approach was preferred here due to the explanatory focus of the
analysis and the subsequent goal of isolating an optimal reference model against
which variable importance analysis could be performed. However, to confirm that
the optimal reference model found was representative of generalized classification
accuracy, the experiment was re-run in its entirety ten times to ensure the repre-

sentativeness of the reference model’s performance.

With an optimal model now in hand, factors underpinning non-adherence were
examined through the lens of feature importance analysis. Due to the grouped
nature of the feature sets used, risk factors were assessed, via permutation im-
portance, within their typed groups. In contrast to the proposal in [125], where
group permutation importance scores are divided by the number of features in each
variable set (thus ‘normalizing’ them), this study reported only total increase in
error. This is motivated by the fact that our setting is not tasked with minimal
feature selection (as per [125]), but addresses the challenge of mazimal informa-
tion collection. That is, if practitioners must focus their data collection efforts
on one pre-defined feature set, whether psychological, behavioural or physical, it
is crucial to identify which ought be prioritised. This distinction is key, as the

minimal feature selection problem favours inclusion of smaller groups of features

2See Chapter 8 for full details.
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per step - even if such groups contribute less predictive power than a larger group
overall. Thus, for present problem setting, only total mean decrease in accuracy

for permuted feature sets was assessed.

Permutation importance can lead to misleading results if practitioners are unaware
that outputs only encode a single functional relationship between input feature and
response feature - which is not necessarily representative of feature importances in
the underlying phenomenon. MCR was introduced to help address this problem
[106], requiring that analysis considers not one arbitrary solution, but all models
that can provide optimal predictive performance. By computing MCR scores
[276] for this Rashomon set, we identify those features that contain indispensable
information, and those which are readily substitutable for another feature. As well
as moving our understanding towards explanations of the underlying phenomenon
being modelled, rather than the workings of an individual model instantiation, this
also mitigates against any feature selection bias that might occur during model

building.

6.3.3 Grouped Model Class Reliance

To this end, not only is the individual MCR analysis applied in this study, but
the existing MCR methods are also extended, by adding functionality that al-
lows analysis of groups of features within the framework (echoing the addition of
grouping mechanisms to naive permutation methods developed in [125]). Group-
MCR is realized though a modification of the RF-MCR algorithm made available
in [276] RF-MCR implicitly constructs a Rashomon Set from a reference model
and then determines MCR+ and MCR- for each feature. For MCR+ (MCR-)
the algorithm considers a feature of interest, vy, and derives a forest where vy is

maximally (minimally) relied upon.
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To locate this forest, two transforms are computed using the reference model
at runtime. First, for each tree in that model, transform (1) constructs a set
of structurally equivalent trees by exhaustively learning surrogate-split features.
These are then substituted where possible to force (avoid) the use of vy at each
decision node (assessing impact on performance using a permuted version of vy).
This allows us to find the tree for which vy is maximally (minimally) relied upon,
storing the mean decrease in accuracy (MDA) of permuting vy as a measure of
this. This MDA score is then input into transform (2), which uses pre-computed
lists of tree ‘prediction equivalences’, to construct a new forest that produces
exactly the same predictions, but is maximally (minimally) reliant on v,. For

more information and proofs of the validity of this approach see [276].

This algorithm is extended in this work so that it can consider feature groups
(i.e. v..,v, € @) rather than a single feature of interest (vy). This requires
modification of the transform (1). Specifically, when computing MCR+ (MCR-)
we must assess the MDA of structurally equivalent trees. Instead of forcing use
of vy, we consider use (avoid) all elements in G, retaining the one that maximises
MDA for the tree (and selecting an arbitrary if multiple equivalent options are
available). Following this procedure, transform (2) continues as before, with the
proofs provide in [276] unaffected, resulting in identification of Grouped-MCR-+
and MCR- for the G.

While the proposed Grouped MCR provides an understanding of the indispensabil-
ity of both individual variables and groups established, Shapley additive explana-
tion (SHAP) values aid variable interpretability, shedding additional light on the
relationship that exists between adherence score and input features [111]. While
no method to extend SHAP to groups or MCR currently exist and are beyond the
scope of this work, such an analysis remains of interest and so SHAP results are
presented when focusing on the effect of individual factors within groups indicated

to be of interest by the MCR analysis.

197



6.4. RESULTS

6.4 Results

Following parameterization via 10-fold cross validation of Logistic Regression, Sup-
port Vector Machine and Random Forest model classes, and evaluation against the
held-out test set, Random Forest models produced best predictive performance,
with classification accuracy of 71% (precision = 0.73; recall = 0.69); SVM pro-
duced the second best result with the accuracy of 64% (precision = 0.67; recall
= 0.56). Logistic Regression Classifier produced an accuracy of 63% (precision =
0.67; recall = 0.52). As the optimal classifier, the Random Forest model was first
analysed using unconditional permutation importance [13], examining the impor-
tance of various feature groups to its predictive mechanism. Results of permutation
importance are illustrated in Figure 6.1a (left). Perceptual factors provided the
strongest influence on successful predictions of non-adherence, followed by emo-
tions. Lifestyle choices and coping behaviours were of moderate importance to the

model, with other features of only minor relevance to model outputs.

Next, Group-MCR analysis was applied, with Figure 6.1b (right) illustrating the
arbitrary nature of raw permutation importance analysis. Group-MCR analysis
takes into account all equally predictive models from the model class, with im-
portances boundaries being notably at odds to results in Figure 6.1a. First we
note that, as expected (and by definition), the results of analysis of the reference
model lie within the Group-MCR bounds. However, the Minimum Model Class
Reliance (MCR-) and Minimum Model Class Reliance (MCR+) scores imply that
there are clear differences between competing ‘optimal’ models in terms of the
variable groups they leverage. This indicates that information sharing is occur-
ring between the groups - in some instances feature groups are reflective of the
same information, and could be use interchangeably. The only exception to this
is the group of Perceptual factors, which not only contributes the most to any

optimal model, but contains information (as indicated by a non-zero MCR- score)
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perceptions
emotions
lifestyle choices

coping behaviours

variable

demographics

psychology traits

asthma traits

0.0 0.1 0.2 0.3 0.0 0.1 0.2 0.3

Permutation Importance MCR- (lollypops) | MCR+ (bars)

Figure 6.1: Comparison of unconditional permutation importance (left) and
Group-MCR (right).

that is indispensable to prediction of adherence.

The perceptual factors, which showed strongest import to the model class, were
then considered at an individual feature level via RF-MCR analysis. Individual
features here correspond to individual questions from the survey, and have been
ranked in Figure 6.2 with respect to their importance ranges across all models. Im-
mediately, we recognize that much information is shared across questions, as one
would expect given they all relate to patient perceptions of their condition. How-
ever, statements reflecting Denial are noticeable in achieving the highest available
MCR+ levels: ‘Fven though I am diagnosed, I think I may not have asthma’ and
‘My asthma is not as serious as my doctor and my diagnosis say it is’. Another
notable perception is Perceived Discrimination, as statements that illustrate this
perceived stigma had a high MCR- and MCR+ score (e.g. I have been discrimi-

nated against at work because of my asthma’).

In order to provide an indication of the relationship that exists between adher-
ence scores and individual perceptions [111], Shapley additive explanation (SHAP)
values were also computed based on the reference model. Figure 6.2b illustrates
SHAP values for 28 individual features within the perceptions variable set, each

item reflecting an individual question from the survey. Interpretation of these
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SHAP values indicates that predominantly, negative perceptions, indicative of
discrimination and denial, correspond to low adherence scores (note that in the
figure negative perceptual factors are predominantly indicated in red - but this is

dependent on exact wording of individual questions).

6.5 Discussion

Results have shown that Perceptual factors are the most important category of
predictors indicative of non-adherence. This conclusion is supported by both per-
mutation importance and Group-MCR methods, with the factors’ high MCR-
score indicating that the information contained by perception features cannot be
replaced. Even in the predictive model where they are needed the least, they
still play a key role. These observations are supported by previous work in this
thesis, and ideas mentioned in the literature review which report that a patient’s
mental map of their illness/medication is the basis for a constant feed back loop
with their behaviour [44|. Group-MCR analysis of all other feature groups showed
information overlap, with all other groups being almost wholly exchangeable by
another feature category. However, most importantly, consideration of perceptions
in understanding asthma cannot be considered a side issue - they are essential and

should be taken into account in all models.

In retrospect, these results are intuitive. Perceptions relate to people’s inter-
pretation of their world, including how they see themselves and their condition,
which in turn informs their actions. Perceptions also have an indirect effect on
behaviour, with negative perceptions having been evidenced as leading to higher
rates of anxiety and depression [53], which are in turn linked to non-adherence.
This group of factors is also of particular importance because once established,

health-related perceptions are not easily altered [29]. Results of this work have an
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High

Q1- Q1
Q2 Q2
Q3- Q3
Q4 - Q4
Q5 - Q5
Q6 - Q6
Q7- Q7
Q8 - Q8
Qo Q9
Q10 I Q10
Q11 I Q11

Q12 - I— Q12 g

o Q13- Q13 ©

2 o1+ - Q14 0

5 Q15 — Q15 5

” qie Q16 §

Q17 Q17 w
Q1s - N Q18
QLY I— Q19
Q20 -—— Q20
Q21 Q21
Q22 I Q22
Q23 Q23
Q24 . Q24
Q25 T Q25
Q26 {1 Q26
Q27 - Q27
Q28 - Q28

r T T T T T T T T Low
0 0.05 0.1 0.15 0.2 -0.10 -0.05 0.00 0.05
MCR- (lollypops) | MCR+ (bars) SHAP value (impact on model output)

Figure 6.2: Perception questions (features) only: MCR Plot (left) and a SHAP
Summary Plot for a single, arbitrary, model from the Rashomon Set (right).
Higher adherence is indicated by positive SHAP values, and non-adherence by
negative SHAP values.

. People sometimes joke about asthma to put me down.

. People would make jokes about asthma in front of me.

. I do not use my inhaler in public because people might make fun of me.

. Media generally portrays asthma in a negative light.

. Society perceives people with asthma as weak.

. People would treat me differently if they knew I had asthma.

. I have never been discriminated against at work because of asthma.

. Sometimes I feel that I am being talked down to because of asthma.

. I worry about telling people I use an inhaler.

. Some people with asthma are weak.

. I do not think people understand what asthma really is.

. I think people with asthma are not as reliable co-workers as anybody else.
. I worry about how people might react if they found out about my asthma.
. I would have had better chances in life if I had not had asthma.

. I do not tell people at my workplace that I have asthma.

. I prefer if people did not see me using my inhaler.

. I am angry with the way some people have reacted about my asthma.
Q18.
Q19.
Q20.
Q21.
Q22.
Q23.
Q24.
Q25.
Q26.
Q27.
Q28.

I had trouble with people because of my asthma.

Even though I am diagnosed I think I may not have asthma.

My asthma is not as serious as my doctor and my diagnosis say it is.
Using an inhaler means you are not coping well with your asthma.

I would not ask others to change their behaviour...it is my own problem.
I get valuable information on how to cope with asthma from people online.
I feel more understood about asthma problems by people online...

I don’t think that support groups for asthmatics are of any use to me.

I am concerned that I might get incorrect information...online.
Realizing that my experience is not unique helped me cope better.

I would rather suffer from smoke than explain that I have asthma.
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implication for future intervention strategies indicating they are likely to benefit
from greater focus on actively addressing the reputation of asthma, which contin-
ues to be caricatured as a sign of ‘weakness’ in the TV /film media. Finding this
particular group of factors as the most relevant is important because perceptions
are often exogenous, as mentioned in Chapter 5. This means that they may not
only originate from patients, but also from the public and can be constantly re-
shaped based on public (and other people’s) opinions. Therefore, unlike for some
other groups of factors that focus on patient-characteristics, such as demograph-
ics, interventions aimed at targeting perceptions should not only focus on patients

regarding stigma, but also the general public as well [15].

However, apart from stating the relevance of perceptions, this study also gives rise
to other findings which have not been addressed in this thesis before. Specifically,
group-MCR analysis highlighted the existence of models in which some feature
groups have MCR- score of 0 (e.g. lifestyle choices). This insight is important as
it emphasizes the dangers of only considering results of permutation importance
of a single model. Permutation importance (Figure 6.1) implied lifestyle choices
could be considered as the third most relevant category of features. Yet, Group-
MCR demonstrates that this is not necessarily representative of the phenomena
and underlying generative process; there are models that simply do not need to
use this group and can still achieve the same prediction accuracy. The difference
in terms of MCR- and MCR+ scores indicates that groups have intertwined re-
lationships and likely share a significant proportion of information between each
other. Instead of focusing on changing patients lifestyle, it is likely more impactful
to focus on changing attitudes and sentiment in the first instance. The differences
between graphs in Figure 6.1 also emphasize that when features share information,
ranking of features can be highly arbitrary - demographics, for example, was an
unimportant group in the reference model, but achieved the third highest MCR+

score.
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In the breakdown of individual perception importances (see Figure 6.2), RF-MCR
finds strongest predictive power to be reflected in the question: ‘Even though [
am diagnosed, I think I may not have asthma’, illustrating denial of the condition
[219]. SHAP values associated with statements about denial show the negative
association denial has with adherence. This echoes previous findings from Chapter
5, which have identified denial as one of the most ‘dangerous’ aspects of stigma;
whether it was the result of mental health challenges, or simply an inability of a
patient to accept the identity of being an ‘asthmatic’ (mentioned in 2.1.9), denial
was mentioned as a significant barrier on the path of getting appropriate help and

support [29].

Many individual perceptual factors have a very low score for MCR- (again see
Figure 6.2a). This is to be expected, as many questions in the survey are re-
lated to each other - and could potentially be used interchangeably, due to high
information-sharing between them. This view is further supported by observed
SHAP values (Figure 6.2b) which indicate that a majority of features have a
negative impact on adherence. The influence of perceptions, such as denial, to
negatively impact adherence has an implication for intervention design, which
currently remains focused on the physical components of asthma and related con-
ditions [152]. That said, limitations within our study still exist, and it important
to acknowledge the constraints on generalization of present findings. While the
list of features (and groups) included in our model is based on hypothesized pre-
dictors from the literature, this is not an exhaustive list; increased data set sizes
would better serve this analysis; and a range models, for which RF-MCR is not

available, are yet to be considered.
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6.6 Conclusions of Study 4

This work allowed investigation of combined groups of features, which have been
independently proposed as related to asthma non-adherence. Considering intricate
interactions between different features, their group’s utility was considered in pre-
dicting non-adherence, using a novel Grouped Variable approach to Model Class
Reliance (Group-MCR). This method overcomes challenges such as masking issues
due to multicollinearity and the non-linear nature of relationships occurring be-
tween variable groups. Group-MCR Analysis also highlighted the risk of assuming
that feature importances derived from a single ‘optimal’ model of non-adherence

are fully representative.

Results indicated that perceptual factors were the strongest predictor of non-
adherence. Responses to asthma must not be considered a pharmacological chal-
lenge alone, but also one of managing patient beliefs. A more detailed examination
of individual features revealed that both denial and perceived discrimination play a
crucial role in non-adherence to medication regimes. These insights can be used to
develop better markers for non-adherence in the future, and open potential routes
to tailored services, that can target patients most at risk. The indispensability of
perceptual factors produces a clear recommendation, that policy should attempt
to reduce both stigma and discrimination surrounding the condition, focusing on

allaying denial and patient fears.
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Chapter 7

Discussion

“Akira Kurosawa’s 1950 film Rashomon presents four different
accounts of a contested event—the murder of a Japanese nobleman
and the rape of his wife. As the events are retold from four different
points of view, the viewer is left wondering which of the four witnesses
was telling the truth and whether a single “truth” really exists. The
film makes it clear that there are different truths for these characters,
for they are not simply lying to protect themselves (in fact, each main
party’s version of events implicates the teller for the murder); rather,
they have deceived themselves into believing the version they have
told. These same questions about truth might be asked about
contested events in social research. When multiple sources relate
different and sometimes conflicting accounts of an episode, how do we
decide who is “right”? Is it possible that they all are right?”

- (Roth, 2002, p.151)

This work undertook a combination of qualitative research, traditional statistics
and machine learning in an investigative role in dealing with two overarching

tasks of this thesis - 1) the examination of perceptions that exist about asthma
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(in Chapter 3 and Chapter 4); 2) the assessment of their impact on adherence (in

in Chapter 5 and Chapter 6).

Qualitative research proved its exploratory value in Chapter 3, in the identifica-
tion of internal and external perceptions, providing a rich context for exploring
perceptions related to stigma (e.g. the unwillingness of patients to disclose they
have asthma was only mentioned in interviews, and not in tweets). However, big
data in the form of tweets in Chapter 4 demonstrated it was even more versa-
tile in examining perceptions. Big data’s unbiased representation of perceptions
about people with asthma uncovered the prevalence of perceptions that are ei-
ther less openly spoken about or unconscious - particularly, stigma about asthma
that people choose to not discuss in interviews and the idea of a community for
asthma patients that exists online. Finally, the state of the art predictive power
of linguistic features and neural networks used to detect perception in Chapter
4, highlighted additional reasons why big data can have a valuable application in
psychology and be a useful addition in a mixed-researchers’ toolbox. However,
big data analytics also proved to have their own limitations. Tweets contain a
lot of noise, which makes uncovering perceptions harder. Additionally, using big
data opened new points of discussion about the biggest pain point of this and
similar research in the field: the challenge coined as data poverty. The benefits

and limitations of each of these research approaches are summarized in Table 7.1.

The second part of the thesis, Chapter 5 and Chapter 6 focused on the assessment
of the impact perceptions have on treatment adherence. Firstly, to fill in the
gaps about negative perceptions about asthma, Chapter 5 showed that traditional
statistics provide a valuable measure of linear associations - mediation analysis
uncovered that stigma has a complex underlying set of mechanisms by which it
affects different coping strategies that patients adopt. This work also highlighted
that stigma-related features originating in the society could play a strong role in

affecting adherence, as patients may want to ‘fit in’ to societal norms by denying
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they have asthma. To re-iterate the value of perceptions, the final study, Chapter
6 offered a unique holistic approach in uncovering which set of factors is the most
important for non-adherent patients, by focusing on non-linear relationships in
order to account for potential masking effects from Chapter 5. Results of this
study demonstrate that patients’ perceptions, which are in nature inseparable
and arguably informed by the societal perceptions, are the group of factors of
highest importance to non-adherence. Intentional treatment non-adherence does
not only have roots in the minds of patients, but also in the wider societal context,
which should be taken into consideration when fighting negative perceptions about
asthma, particularly stigma. Furthermore, the effectiveness of machine learning
adds value to qualitative and traditional quantitative techniques. In conclusion,
mixed methods, albeit with a careful appreciation of each method’s limitations,
may be the optimal solution for examination of complex and multi-dimensional

topics such as treatment adherence and perceptions.

7.1 Internal and external perceptions

At the start of this work, a careful consideration had to be made in relation to
the choice of the approaches used. Even after taking into account the major ben-
efits and limitations of each of the methods, examined in Chapter 2, the choice
of the method used is strongly dependent on the nature of the topic that is be-
ing examined. As it was previously stated in Chapter 2, both perceptions and
treatment adherence are unique topics and a special formulation of these topics
needs to be made, since this dictates what kind of data is needed/available in the
analysis (4.1). Perceptions were defined in this thesis as socio-cognitive factors
that fall under the umbrella of social concepts, which can be explored using both
qualitative and quantitative approaches. Adherence to asthma medication, as a

topic, belongs to the groups of behaviours that need to be observed, in order to be
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measured, which usually involves practical difficulties. Adherence to medication is
similar to other behaviours that are notoriously hard to measure - predominantly
due to the privacy factor, but also due to a lack of techniques of directly observ-
ing adherence (which is why self-report is the most widely used technique). This

topic, therefore, provides less flexibility in terms of research approaches.

Considering the particularity of perceptions as a topic, Chapter 3 approached their
investigation using qualitative research, as the first method in this mixed method
research. Being previously praised for its versatility in exploratory research, and
providing more context than standard survey instruments, qualitative work in
Chapter 3 was deemed as appropriate for investigating perceptions. Without a
formal theoretical background, a range of interviews examined perceptions that
asthma patients have about life with asthma. The resulting set of perceptions
was categorised as either internal (perceptions about asthma, self-image, asthma
management and impact of asthma on everyday life) or external (fear of disclosure,

lack of understanding, others’ perceptions and others’ reactions).

The relevance of these results is reflected not only in the useful identification of the
main perceptions held by asthma patients, but also in delineation between percep-
tions patients had about themselves and their condition (internal) and perceptions
that were related to interactions (or anticipated interactions) with other people
(external). The external perceptions are usually related to how patients believe
others see them, in the light of their condition. The relevance of external percep-
tions is particularly noticeable when it comes to stigma, which was in this thesis
suggested as a group of negative perceptions. To illustrate, patients were afraid to
disclose they have asthma, out of the fear of being seen as less competent (at their
workplace) or simply - weaker than their peers. Similar stigma-related sentiment
could be noticed when patients spoke about the anticipation of discrimination due
to others’ perceived lack of understanding. This classification of perceptions to

internal and external, in Chapter 3, also carries a signal that stigmatization has a

208



7.1. INTERNAL AND EXTERNAL PERCEPTIONS

complex nature - a notion that was further examined in Chapter 5.

Delineation between internal and external perceptions, a resulting finding from
Chapter 3, can be interpreted though the attribution theory: external attribution
is related to outside forces that motivate the event, whereas internal attribution
assigned the causality within the individual [227]. However, a further distinction
can be made in the field of external perceptions - between perceptions that patients
think other people have about them (which are considered in interviews in Chapter
3) and perceptions actually held by other people - which are similar to public
attitudes in previous work [16]. Public perceptions were the focus of qualitative
analysis of tweets in Chapter 3 and Chapter 4 - and they have been, in the work
about attitudes about mental health, defined as reflection of cultural conceptions
that create the reality of people involved in that culture (that also consequently
affects their behaviour) [16]. This work found some important similarities between
perceptions held by patients and publicly expressed perceptions held by other

people, through the convergence analysis in Chapter 3.

To illustrate, some interviewed patients from Chapter 3 claim that they see other
people with asthma as ‘less competent’ and ‘weak’. A similar discriminatory
notion was detected in assumed public opinion obtained from tweets in Chapter
4, where asthma patients were objects of jokes and called derogatory names and
represented as ‘weaker’ than non-patients. This particular similarity emphasises
the level of internalised stigma held by interviewed patients - and even though
causality cannot be claimed, it can still be argued that some patients’ perceptions

about other asthma patients may be informed by the public opinion.

Furthermore, the inclusion of individuals in the social environment might also be
related to how much they align with the prevailing social norms. For example, even
when stigma is present, some patients may not be susceptible to it due to their

own perceptions and conversely, some patients may feel stigmatized even when
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there is no real proof stigmatization is happening. Additionally, some patients
may not be directly subjected to negative perceptions if their medical condition
is concealable (which is the case with asthma). It is, still, worth noting that some
public perceptions could be completely disassociated from the personal experience
of stigma - as interviews stated, many perceived stigmatizations are simply an-
ticipated and are not based on real interactions. However, even these perceived

perceptions have an origin, that could be examined in the future work.

Based on this analysis of patients’ and ‘public’ perceptions highlights that it is
very hard to distinguish between effects of external and internal perceptions, since
a patient is a part of a much larger social circle (to which the individual, herself,
may be contributing in terms of perception creation). This adds to the complex
nature of perceptions and the idea that using a single approach in investigation
of perceptions - may be insufficient and simultaneously justifies the approach of

combining qualitative approach and big data analytics to get a fuller picture.

7.2 Qualitative work

The findings mentioned above are closely related to the methodological challenge
that was one of the implications of the work in Chapter 3 and Chapter 4. As it
was mentioned, regardless of the value of qualitative work in conducting an ex-
ploratory analysis, there were some perceptions that were hard to obtain through
interviews. Namely, asthma patients - regardless of the level of stigma they expe-
rienced, initially did not disclose they face any stigmatization (when asked about
it directly). Therefore, it was extremely hard to examine stigma using interviews
from Chapter 3. This could be interpreted as a dual challenge - since patients
were either not conscious of stigma or they did not want be seen as different from

non-patients and, hence, judged or marginalized.
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This particular issue can be a significant obstacle when qualitative research pre-
cedes quantitative. This is because, even though exploratory analysis may be ap-
propriate in theory, some topics may be too hard to investigate using the tools of
qualitative research. As a result, findings may wrongly inform the following steps
of the analysis. For example, stigma was detectable in interviews only through
examples patients made, relating to their everyday life experiences and partici-
pants shared no insights when asked directly about potential stigmatization in
their lives. In Chapter 3, participants spoke about their unwillingness to disclose
they have asthma at their workplace, reflecting anticipated stigma. Conversely,
Chapter 4 implied that stigma about asthma is not only present, but also one of
the dominant topics when asthma is discussed in a non-laboratory space (such as

Twitter).

Similarly, the sense of community was detected as one of the leading groups of
perceptions from Chapter 4, but was hardly mentioned in interviews - presum-
ably because even if patients felt supported, this perception is likely to remain
undetected simply because patients see it as part of their everyday life. Based on
the research process from this thesis, it can be argued that in the case of vague,
undesired, stigmatized, ill-defined or unknown topics, there is a strong chance that
qualitative research would not provide complete results. Therefore, as an impli-
cation for the future mixed method research - the nature of the topic should be
carefully considered when deciding on the order of methods in the mixed method
approach. The order of methods in the mixed methods approach should be driven
by the nature of the topic, as much as by other design factors. In this thesis,
the order was ‘developmental’, which means that qualitative research was used to
identify perceptions and create a conceptual framework - that was then used to
lead the quantitative work focused on further theory testing. Therefore, on the
example of this work, if stigma had not been reflected in rare examples, it would

not have been investigated in the stages that followed, and a research opportunity
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could have been easily missed.

Benefits Limitations
Qualitative Research - Exploratory analysis - Findings not generalisable
- Insights about the context - Impacts of features on the output

cannot be quantified
- If participants are unaware of
something they cannot disclose it

Traditional Statistics - Theory driven - Prone to biases (e.g. sociability bias;
- Provides interpretable results | demand characteristic)

- Usually small sample sizes

- Many contradictory findings in the
field

- Possibility of overfitting

- Only linear relationships taken into
account

Big Data Analytics (Data Science) | - Naturalistic setting (not prone | - Does not provide a wider context

to bias) - Incomplete view of one's life

- Takes into account both - Usually hard to link different

Linear and Non-linear big data sources (no impact can be
relationships measured)

- Can use secondary data - Noise in data

(data collection process - 'Black box' models - no interpretation
is less expensive) - Not easily available

Table 7.1: The summary of benefits and limitations of the methodological ap-
proaches used in this thesis

7.3 Big data in psychology

One of the greatest advantages that big data brings to research is related to its
unobtrusiveness and less bias in data collection. This was particularly evident
in Chapter 4 when the resulting four groups of perceptions uncovered topics that
were not mentioned in interviews. As an example, there was a topic that describes
the ‘Frustration with patients’ (expressed in tweets by presumed non-patients), in
the group of active negative perceptions. Similarly, there was a topic that con-
tains self-pity, named ‘Sadness due to limitations’, where people complained about
the poor quality of life due to asthma. These examples illustrate that big data,
such as tweets can be a place where people express their true perceptions about

asthma and themselves more openly than in case when they are openly subjected

212



7.3. BIG DATA IN PSYCHOLOGY

to research participation. This is particularly the case with socially undesirable
perceptions. For example, patients may choose to not portray themselves in in-
terviews as someone who is riddled with self-pity due to their medical condition,
or as someone who is stigmatized. Twitter is a more naturalistic setting where
perceptions are freely expressed; there are less biases introduced by the researcher
and there is a much larger quantity of data that contributes to avoiding the selec-
tion bias-distortion. These characteristics of tweets illustrate the value that big
data may bring not only to examining perceptions, but also other, similar concepts

from the field of psychology.

However, there are some limitations to big data that can be acknowledged, based
on the work in this thesis. As said before, machine learning is focused on the
prediction and detecting links between variables, however, this method rarely of-
fers any explanation as to why connections between variables exist, which is a
common complaint about the inductive approach [30]. Therefore, a challenge, and
a significant limitation of using big data in the form of tweets in this thesis was
related to the fact that big data did not necessarily provide the context for the
topic of interest. To illustrate, when tweets were analysed, it was impossible to
know whether the author has asthma or not, unless it was explicitly stated in the
tweet, which significantly changes the overarching conclusions. As an example,
a tweet: ‘Asthma sucks’ could signify an act of discrimination - if written by a

non-patient or it could signal self-pity - if written by an asthma patient.

In the context of this work, this limitation meant that no definitive discussion
about the relationship between patients and public perceptions could be made.
We can only discuss similarities and differences between the two sources. Stigma
was detected in tweets, however, a deeper understanding about how stigmatization
affects patients and how it is represented in the everyday, off-line events, could only
be elaborated on through interviews - and even then, only mainly through ‘acci-

dental” examples. For example, one theme from interviews - the issue of disclosure
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about asthma, was not mentioned on Twitter, presumably because mentioning the
issue would, in itself, represent acknowledgement that one has asthma (which is

the opposite of non-disclosure).

Another challenge related to big data use is the bias in terms of the incomplete
view of someone’s life. This is an issue similar to the lack of the context. It reflects
the incomplete view of one’s behaviour, since big data analytics usually does not
take into account behaviours a particular person expresses in different contexts
(for example, off-line or, in the case of transactional data, when purchasing items
in another shop). In this vein, public perceptions in this thesis were considered
as perceptions expressed on Twitter - however, there is a chance that public per-
ceptions are expressed differently on another medium. Furthermore, even though
big data is not affected by standard biases (e.g. desirability bias), there can still
be biases related to the image that social media users choose to portray about
themselves, in order to maintain their image on social media, which, needless to

say, may be different to their true self.

Additionally, Twitter’s audience is younger than the general public and this could
potentially mean that (even when they are still valuable), perceptions expressed
on Twitter may not represent the general public’s views on asthma. This was
recognised as one of the limitations of this thesis. This also means that some
machine learning results could precede another round of qualitative work, that
could bring more context about findings and elaboration on the nature of newly
found predictions. This is also another illustration as to how using a single lens (a
single method) could lead to incomplete or even skewed results - and demonstrates

the synergy that mixed methods can bring to alleviate these issues.

In terms of the analysis in Chapter 4 it was also noted that big data also means
‘big noise’ in the data. The data used in this study consisted of informal, colloquial

language, which, in itself, presents challenges to data analysis. This means that
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even though neural networks provided valuable accuracy results, it is still useful
to recognise that each step has introduced another layer of noise in the results.
Additionally, unlike linguistic features that were used Chapter 4, in the task of
classifying tweets as perception tweets or non-perceptions tweets, neural networks
provided no interpretation of results, which could have served as a valuable check
of the results. Lastly and most importantly, one of the biggest limitations of big
data, that has also been reflected on the work of this thesis, was - the general lack

of it, or simply called, ‘data poverty’.

7.4 Data poverty

As mentioned, there are many benefits that big data analytics brings, including
the variety of sources and forms that big data can be in. Only some of these
include numerical, text, images, sounds, etc. In short, there are now many ways
to quantify various areas of life and collect information about people and their
behaviour in an easier and less expensive manner [265]. The Medical field is
no different - big data provided the promise to transform the industry by raising
awareness about the value of data in scientific and medical research [197]. This was
particularly relevant with the appearance of e-health, telemedicine, m-health and
other devices that were able to quantify our every day health-related behaviours

[30].

However, more than anything else, the use of big data has the ability to provide
a complete shift in the paradigm of medicine - it could not only make the treat-
ment of patients more personalised, but also more proactive: patterns in big data
could provide the opportunity to capture the warning signs and early detection
of disease outbreaks [301] and help patients to take control over their condition

management. This was recognised as a strong opportunity for the work in this

215



7.4. DATA POVERTY

thesis as well, which resulted in the use of big data in Chapter 4. However, there
were other opportunities that were recognised, such as collecting treatment adher-
ence data from e-health apps, that could have been a strong addition to this work.
Unfortunately, this research had no access to medical data from NHS or medical
health apps. As a result, the work conducted in this thesis relied exclusively on
publicly available data (Tweets used in Chapter 3 and Chapter 4); primary data
obtained through interviewing patients (in Chapter 3) and data obtained through
a survey (in Chapter 5 and Chapter 6). This led to challenges when assessing the
impact perceptions and other factors have on adherence, as it was extremely hard
to make a direct link between perceptions expressed in ‘the wild’ (on Twitter) and

one’s level of adherence.

In many ways, the data is there, but not everyone can use it [167]. Obtaining
data (including big data), for research reasons, has mostly been associated with
challenges of high cost and the unavailability of resources for data sharing [251].
Many research areas are still described as data-poor, regardless of continuous
initiatives to make secondary data available to researchers [202]. Some issues are
ethical ones and related to integrity, trust, security, infrastructure, respect for
patients’ freedoms and right for privacy, reputations and regulations [30, 251].
However, some of the most prominent ethical considerations have been dedicated
to privacy consequences and security risks, as well as the challenges of aggregating

and processing data in the cloud [209].

Previous work also stated that using ‘industry’ data for academic health research
was limited because of the absence of data donors [270]. A particularly challeng-
ing aspect of this is related to the fact that big data generators do not (or rarely)
share their data with the public, or with other parties. Simply said, it is often not
in the interest of a company to share their data with another source, including
researchers, regardless of how impactful this research might be. This is an im-

portant issue, because insights are extremely powerful when created through the
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juxtaposition and combination of several sources. However, in addition to big data
owners not sharing their data, these data sources are also often incompatible and
or inaccessible due to ethical considerations [178]. Therefore, the challenge of data
sharing remains (mostly) unsolved, even though the benefits of connecting several
data traces of an individual would enable not only a more insightful analysis of
patterns, but also more personal interventions. For example, in the case of asthma
patients, it would be useful to connect data about their location, activities and
asthma symptoms, in order to uncover useful insights about potential triggers and

adherence behavior.

As greater convergence of different data sources becomes possible, a particular so-
lution to previously mentioned data-poverty is expected in the form of data-sharing
platforms, and particularly - data philanthropy [301]. This idea is reflected in part-
nerships between the public and industry or academic providers, that are created
with the idea of sharing data for social good [301]. This kind of data sharing,
depending on the form it takes, could benefit individuals who donate their data,
as they could get insights about patterns in their behaviours that could improve
their quality of life. In addition, their data could be used to advance research and
lead to more profound insights about public health. The core advancement of this
idea lies in the consented connection of several data sources that could synergically

lead to more powerful insights than analysis based on a single lens.

In terms of opportunities for the current work, data sharing could provide a greater
chance of capturing unbiased adherence behaviour, as well as a connection with
the patients individual perceptions. This could aid examination of relationships
between public and individual perceptions and their causality. In terms of public
perceptions, the future of data sharing seems bright: according to Skatova (2014),
60% of study participants are willing to donate their data if the analysis is related
to a public good [272]. In terms of the challenges, one of the greatest concerns

is related to perceived risk of sharing particular types of data, most commonly
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financial data and location sharing data [271]. However, if clear rules related to
privacy and codes of conducts are established, the future of data sharing could
lead to more effective investigation of not only disease surveillance, but also how

various perceptions affect behaviours (similarly to this work’s topic).

7.5 A closer look at stigma

While the first part of the thesis (Chapter 5 and Chapter 6) examined percep-
tions that exist about asthma and asthma patients, the second part of this thesis
(Chapter 5 and Chapter 6) was focused on quantifying the effect perceptions have
on asthma treatment adherence. In order to accomplish this, Chapter 5 used
a traditional statistical approach and Chapter 6 utilized a machine learning ap-
proach. Of particular interest was the effect that negative perceptions, specifically
stigma about asthma, have on one’s adherence to medication. Previous work has
examined stigma in many areas and has usually focused heavily on psychological
approaches, observing stigma as a unified concept. It has been claimed that stigma
is so under-recognised because the research about stigma is usually focused on a
specific outcome and in relation to one circumstance [179]. In order to address this
gap, the work in Chapter 5 examined stigma-related features (denial, exogenous
perceptions, discrimination, disparaging humour, internalised stigma and media)
that were previously mentioned in literature and were found as themes of stigma

in Chapter 4.

The mediation analysis in Chapter 5 signified that ignoring asthma was a maladap-
tive coping mechanism that patients adopt when exposed to disparaging humour,
exogenous perceptions and their own denial, and this had a negative effect on
adherence. On the other hand, information seeking had a positive impact on

adherence, however, it was also positively associated with discrimination and dis-
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paraging humour. These results highlight how underlying factors of stigmatization
have different mechanisms by which they impact patients. However, additionally,
recognising that people potentially search for information when they are faced
with different aspects of stigmatization is also an important input for the future

work.

As discussed in Chapter 5, the reason behind the potentially dual nature of infor-
mation seeking (which is usually observed as a positive coping mechanism) could
be explained by the fact that people today usually use online sources to gather in-
formation - and this search may occur at the same place where other people openly
express their negative views about asthma. Therefore, it is possible that asthma
patients who use Twitter to find useful (or supportive) information about asthma,
may come across disparaging humour about asthma, or even worse - discriminating
tweets, hence being exposed to additional stigma. This is why the future inter-
ventions should carefully choose which platforms they use to communicate with

asthma patients or where they suggest patients should search for information.

Linear Regression findings (from Chapter 5) implied that denial, exogenous per-
ceptions and discrimination, were significantly correlated with adherence. How-
ever, only denial had a statistically significant beta value in the model. This result
further adds to the idea that stigma is a complex issue and that different stigma
features may have underlying links that cannot be observed through a simple
model. However, considering the nature of the features used in the model, it is
also useful to distinguish between patient and non-patient-related stigma features,
since previous research has not distinguished between the object and the subject
of stigmatization. This work evidenced the damaging effect of denial, however, it
can be argued that denial itself represents a potential ‘response’ to negative per-
ceptions. For example, if patients recognise they have no control over the image
that exists about asthma in the public eye, they may exercise a sense of agency

by holding control over whether they associate with the identity of an ‘asthma
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patient’.

To further this point, stigma about asthma as a medical condition is unique, since
it is concealable and not visible (as some other medical conditions are) unless
patients decide to disclose they have asthma, use their medication in public or
publicly experience an asthma exacerbation. This characteristic of asthma, was
given more context in interviews from Chapter 3, when it was claimed that non-
disclosure could serve as a ‘shield’, because patients can choose not to disclose
they have asthma, even if they did not go far as to deny having asthma. Even
more importantly, Lee et al. (2006) stated (on the example of patients with
schizophrenia) that patients may see non-adherence to the treatment as their
attempt to obtain a sense of relief - a particular relief that comes with the idea
they are no longer a part of the group that is perceived by the society as devalued
[170]. Future work may, however, be able to extend these findings, since denial,
itself, can be further categorised as denial of asthma in front of other people
(while acknowledging that a person does have asthma) and a denial followed by a

complete separation from an asthma identity - even in the mind of patients.

7.6 The issue of masking

From the methodological point of view, it can be acknowledged that the use of
traditional statistics in Chapter 5 enabled the quantification of the impact stigma-
related factors have on adherence and explained the associations using mediation
analysis. As it has been mentioned, traditional statistics have a long standing
focus on explanation and it most commonly relies on theory (which serves as the
basis of the research) [142, 318]. However, there are cases when the phenomena
is too complex and cannot be explained though simple models that are based on

theoretical background. In these situations, scientists that engage in quantitative
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work have no choice but to choose between building simple models that are the-
oretically elegant, but do not accurately predict actual behaviour and building

more complex models that may not be congruent with the previously established

theory [318].

This is related to previously mentioned issues of reproducability of the work,
which may also lead to potentially wrong inputs for the method that supersedes
quantitative work (and uses results of traditional statistics). It was previously
highlighted that one of the main gaps in the current field of this research are
the incompatible, contradictory results from previously conducted quantitative
studies about the presence of stigma. To add to this, Chapter 5 and Chapter 6
state that stigma-related features have negative, statistically significant impact on
adherence, while some previously conducted work states that stigma has no impact
on adherence [267|. The reason behind the lack of generalisation of findings about
stigma may be attributed to small sample sizes (with less than 100 participants)
that can introduce biases. Additionally, there can be different ways of defining
concepts (e.g. using different scales for stigma). To avoid this issue, this work
conducted a study that relied on adjusted stigma scales (previously used for stigma

related to other concepts).

However, there is another potential obstacle for mixed methods, when traditional
statistics need to feed the results into another method. This relates to complex
problems when there is a significant level of masking (or information sharing) be-
tween variables, and their connections with the output variable are non-linear.
Even if there is a simple enough model that can be easily interpretable, if these
complex relationships are not taken into account, the findings of the quantitative
work that are then forwarded to the following method could input misleading re-
sults. This is often due to the presence of high multicollinearity in the data, a
highly common occurrence in big data analytics, or any analysis that includes a

large number of input features. This results in insights being obfuscated by ex-
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tensive shared information and non-linear interactions occurring across variables.

To illustrate this, it is useful to reflect on findings from Chapter 5. Several stigma-
related features have been assessed in the Multiple Linear Regression, with non-
adherence as the output variable and the results indicate that denial is the only
feature that has a statistically significant beta value (p < 0.05). This result is the-
oretically surprising, especially since other stigma-related features had a statisti-
cally significant (negative) correlation with adherence. These findings can be con-
trasted with the findings of Chapter 6 which, instead of using regression, treated
adherence prediction as a classification task (the adherence scale was turned in
a binary output variable). An additional difference was also that classification,
several groups of factors were used to predict adherence, whereas in regression
task only stigma-related features were used in the model. The results of these two
tasks were slightly different - individual MCR results, following the classification
task imply that not only denial, but also other stigma-related features, such as

discrimination, were related to adherence.

It is, still, important to repeat that the task used in Chapter 5 was regression and
the task used in Chapter 6 was classification. Even though both traditional statis-
tics and machine learning work on both regression and classification tasks, machine
learning has traditionally been more associated with classification problems [289].
On the other hand, traditional statistics focus on regression. Statisticians usually
deal with smaller sample sizes and if an output variable is continuous in nature,
there is a strong need to not lose information unnecessarily, which is why output
variables are rarely dichotomized.! Additionally, as previously stated, traditional
statistics, as a dominant psychological tools [183], are focused on explanation,

which is easily accessible through traditional statistical outcomes such as level of

LA related challenge that traditional statistical methods could face is related to the arbitrary
nature of 0.05 p value (the probability of data, given the null hypothesis). In 1996, Geoffrey
Loftus illustrated the case when psychologists get divided between non-effects and real effects
when the difference between results is 0.001 (p value of 0.051 is seen as non-effect) [183].
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statistical significance of a model and relationships.

A regression algorithm can predict a discrete value which is in the form of an
integer quantity A classification algorithm can predict a continuous value if it is

in the form of a class label probability

However, even after taking into account the paradigm differences between regres-
sion and classification, the difference between the results generated by the two
tasks is still surprising. Along with the challenges that both traditional statis-
tics and machine learning methods face, it can be argued that the following is
the reason behind this difference: Linear Regression focused on simple, linear re-
lationships. However, as we said before, stigma mechanisms seem to be more
complex. Therefore, it is possible that by taking into account both linear and
non-linear relationships, RF-MCR model (based on the classification tasks) was
able to highlight the underlying masking effects and more complex relationships,
hence providing the result that there is more than one stigma-related feature that

is useful is predicting adherence.

7.7 The importance of perceptions: revisited

The function of machine learning was to expand the qualitative work and predict
prevalence of perceptions in Chapter 4, but also to complement previous work by
making a full circle by re-assessing the value of perceptions in affecting adher-
ence to medication (Chapter 6). The value of machine learning was particularly
evident in Chapter 6. While various drivers for non-adherence have been consid-
ered in isolation, interactions between demographic, behavioural, perceptual and
situational factors had never been modelled in concert mostly due to the limited
ability of traditional methods to group such a large variety of features. In order

to address this gap, this study used a non-linear modelling approach, introduc-
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ing Group-MCR to unpack and quantify the importance of specific non-adherence

feature sets in underpinning explanations.

The empirical value of this study lies in the finding that perceptions, as a group
of features, have a crucial impact on non-adherence - and are more valuable in
predicting adherence levels than any other group. As mentioned in Chapter 2,
the current theories that analyse asthma treatment non-adherence, have usually
focused on demographics, psychological traits or lifestyle choices (such as smok-
ing) and the focus has rarely been on the importance of perceptions. This lack
of investigation about perceptions is not limited to asthma research. In the field
of schizophrenia research, it was mentioned that non-adherence is rarely viewed
as a result of negative perceptions about the condition. Some theoretical models
do focus on the value of perceptions, however, they usually examine asthma pa-
tients’ perceptions about their condition and treatment, such as their views about
the necessity of medication and their concerns about the medication and asthma
itself [50, 49]. There is a very small number of publications that consider asthma
patients’ larger social context. Even when they exist, these considerations (in the
topic of asthma treatment adherence) usually only tangentially address proximal
socio-structural pressures, such as perceptions of other people in terms of their

impact on patients asthma treatment adherence.

However, the findings from Chapter 6 signify the real value of patients’ percep-
tions. The idea that one’s belief drives their asthma medication adherence may
be considered intuitive. However, having compared it to other groups that have
traditionally been considered as dominant in their impact, it is notable that per-
ceptions are not just important - they are essential. These findings open the door
for the future work, and future interventions, which should focus more on making
positive changes in patients’ views, building more understanding about asthma
and building a better ‘image’ of asthma patients. Another reason why the finding

that perceptions are of crucial relevance is important is because unlike features
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like age, gender, habits or psychological traits perceptions can be not inherently
linked to a single patient - their origin and influence may be outside of an individ-
ual’s agency. In simple terms, it is currently not possible to delineate where the
affect of a patients’ individual perceptions end and where the influence of public
perceptions begin (as such we cannot comment on the causality based on studies

of this work).

We could further argue that it is possible that the mental representations that
patients create in their minds about asthma (and themselves) may be a response
to discrimination or disparaging humour about asthma. If this was the case, this
could almost alleviate a level of responsibility for one’s lack of proper asthma
management, if they are (or perceive themselves to be) victims of stigmatization.
Following this point of view lessons could be learnt from considering the Social Dis-
ability model. The social disability model emphasises that in the case of physical
disabilities, stigma originated in the public opinion represents a significant burden
in patients’ everyday lives and may make patients feel oppressed and marginalised

1264].

Apart from widely discussed negative perceptions about asthma, there is also
an important positive finding, related to the perceived sense of community (that
was detected from tweets). This perception about an alternative community is a
valuable finding given that relationships that affect patients have so far been only
considered to be relationships patients have with their medical professional and
family. However, as our lives become more ‘digitalised’; it is important to recognise
the value of the existing online community. Chapter 4 emphasised topics related
to support, help and advice (presumed) asthma patients share. There is also a set
of communication strategies that patients engage in when they seek the support
from the online community, which is most commonly represented in help-seeking
tweets. The perceived sense of community is just another implication for the

future work, given that patients are not only a part of their offline social circle,
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their social media experiences can also be an invaluable source of support (even if

it is a source of stigma as well).

7.8 Changing perceptions: The Future of Percep-

tions about Asthma

There were several implications created as a result of this work, that can be useful
in the future interventions and campaigns aimed at changing negative perceptions

about asthma and asthma patients.

The leitmotiv of this thesis was the idea that negative perceptions patients have
may be informed by perceptions held by the public, and reinforced through social
interactions of patients and non-patients, even though we cannot claim causal-
ity. Based on this idea, and as highlighted in the previous section, patients have
their own, internal perceptions and external perceptions that are based on actions
and reactions of others. Additionally, the work from this thesis also emphasised
that some of the most prominent stigma features are largely associated with the
interactions between patients and non-patients (i.e. discrimination was found to
be correlated with non-adherence in Chapter 5). This means that future inter-
ventions should not only focus on patients, but also on changing perceptions of
non-patients. This could even mean that future interventions could create sep-
arate campaigns to reduce stigma: one specifically created for patients and the

other one created for non-patients.

In terms of the design of interventions focused on patients, this thesis provided
several insights. Firstly, Chapter 4 provided evidence that social media channels
represent a significant source of support for asthma patients. This means that in

future, changing perceptions could focus on development of a platform that would

226



7.8. CHANGING PERCEPTIONS: THE FUTURE OF PERCEPTIONS
ABOUT ASTHMA

have a form of a social media (or an app). The caveat for this was discovered in
Chapter 5 where findings imply the possibility that people may be exposed to even
more stigma when they visit social media. Therefore, the recommendation is that
the channel where the intervention can be organised is either chosen carefully, or

created separately from currently existing social media channels.

Another implication for future interventions was obtained in Chapters 5 and 6,
where denial was recognised as the most important stigma-related feature. This
finding means that in future, clinicians and health professionals should focus on
addressing denial. This could be done by developing a lingua franca between
patients and doctors, where doctors could directly ask patients if they ’accept’
their diagnosis. Additionally, patients’ views and denial of their conditions could
be gently challenged, by providing new information and de-stigmatizing asthma -

therefore, by addressing both cognitive and emotional component of denial [227].

Lastly, some inspiration for perception change could be adopted from previously
conducted work related to other stigmatised medical conditions. For example, the
social disability model introduced a bright example of potential change, since the
1995 Disability Discrimination Act has led to a social reform - general adoption
of practical changes in terms of accessibility. This change led to changes in public
perceptions, as having a disability started being seen as more normalised and less
stigmatised. Importantly, as a result, this change led to a significant increase
in self-esteem of people with disabilities [264], which could be another reason
why focus on changing public opinion can lead to changes in individual, internal
perceptions and hence - increased adherence. Simply said, it can be argued that
a positive change can be made if patients that perceive and experience stigma
about their medical condition, including asthma, realise that it is not only them

who need to change - the society should change as well.
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7.9 Rashomon effect: a parallel to mixed methods

The current research combines the fields of psychology and data science. Histor-
ically, the main focus of psychology was on the explanation of mechanisms that
drive one’s behaviour and as such it was most commonly associated with the use
of traditional statistics [318]. This use of statistical methods in social sciences is
almost exclusively reserved for testing causal theory, as it was previously stated
- traditional statistics rely on the theory to generate the hypothesis. The reason
why there is such a focus on explanation in statistical models may be explained
by this prevalent idea: it is assumed that a high explanatory power of a model

will also mean a high predictive power [266].

Conversely, data science, and in particular, machine learning techniques are fo-
cused on predictive modelling. Predictive modelling is praised for its application
value, but it is not used for theory building or testing [266]. One part of the rea-
son may be that even when the resulting prediction model has a great accuracy, it
often lacks an explicit interpretation that relates to existing knowledge [142]. This
may be why machine learning is more commonly associated with practical research
applications - and is more widely used in the industry than traditional statistics.
In short, statistics requires the use of a model that supports our knowledge of the
system, while machine learning uses predictive modelling by relying on empirical

capabilities [142].

These two goals and research strategies seem entirely opposite and exclusive, es-
pecially when researchers from either field need to make a trade off between theo-
retical accuracy and improved empirical precision. For example, neural networks
used in Chapter 4 have a state of the art prediction accuracy, in classifying be-
tween perception and non-perception tweets. However, neural networks are most
commonly described as ‘black box” models - since it is impossible for a human to

interpret which patterns were recognised as significant in distinguishing between

228



7.9. RASHOMON EFFECT: A PARALLEL TO MIXED METHODS

two groups. However, since the goal of predicting perceptions and non-perceptions
was to correctly classify tweets, the transparency of the rules that were used was
secondary. Conversely, in Chapter 5, Linear Regression was used along with the
traditional statistical modeling. The resulting variance explained using this model
was relatively low, however, the model was deemed as statistically significant, and
the focus was on the interpretation: resulting beta coefficients of each of the fea-
tures that was used to predict adherence (out of which only one had a statistically

significant role in the model).

However, after a long discussion about the differences between the machine learn-
ing and traditional statistics approach, Chapter 6 introduced a method that may
be seen as a conciliation between the two paradigms. Namely, some authors have
lately begun to develop methods that are capable of combining both prediction
and explanation [276]. In simple terms, the transfer of knowledge is needed - why
would we explain, without being able to generalise, and why would we predict, if
we cannot explain. Therefore, it was recognised that these two goals do not need

to be necessarily exclusive [256].

As mentioned, an example of such a methodology is Model Class Reliance (MCR)
which was used in this thesis in Chapter 6. MCR can be interpreted as a bridge
between two opposing sides, given that it crosses the boundaries between predic-
tion and inference. In a way, MCR can be interpreted as a combined method, in
itself, and not only because it combines prediction and inference. As a parallel to
qualitative research that asserts there can be several interpretations of a single re-
ality and each one of them is correct - MCR acknowledges that several competing
(equally performing) models may exist and that each is valid and that each brings
value to the interpretation [276]. This is why MCR is most commonly associated
with Roshomon Sets, a concept based on a Japanese film that provided the basis

for an explanatory paradigm for complexity [14].
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Development of novel methods that combine both prediction and explanation, such
as MCR highlights the usefulness of bridging long-existing and even outdated gaps
between methodological and even philosophical approaches, by providing a more
complete and multi-layered understanding of a topic. This latter characteristic
especially enables the assessment of the distance between the theory and practical
application - and may serve as a reality check [266]. Even more importantly, it can
provide guidelines for new theory generation or at least, suggest improvements to
existing theoretical knowledge. Additionally, the relevance of methods that com-
bine both prediction and explanation is reflected in the fact that these two tasks
are most frequently compatible. Interpretation of the results helps us understand
the hidden aspects of the construct in question. For example, in Chapter 6 we
were able to successfully predict non-adherence based on the groups of factors,
however, the MCR model provided a deeper insight by revealing that it was the
group of perceptions that played the main role (which in itself is a useful implica-
tion). This means that interpretation was able to further the goals of a prediction.
A study conducted by Roth and Mehta (2002), which used a similar combination
of methods, claims there is certainly an added value in asking for both interpreta-
tion and prediction from the same set of data, given there may be compatibility

as answering one question may help answer the other [256].

The novel methodological approaches that are able to combine prediction and
explanation can, in nature, be seen as a parallel to mixed methods. They both
raise the notion that when examining complex phenomena, such as perceptions,
prediction and explanation are not only both valuable - they are often inseparable.
Specifically, in this thesis, qualitative analysis uncovered the sets of social meanings
behind particular perceptions, such as the perceived lack of understanding about
asthma. Quantitative work in the form of Twitter analysis complimented this work
by uncovering previously unavailable social structures, thanks to its naturalistic

setting and quantified the prevalence of negative perceptions. Next, quantitative
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work in the form of traditional statistics then used the relevant input based on
patients experiences and assessed the impact relevant negative perceptions have
on adherence. Finally, the machine learning model was able to deal with the
complex relationships, jointly increasing the models’ predictive power and using
new methods to interpret the model by quantifying the value of perceptions as a

group (Chapter 6).

Therefore, similarly to Rashomon effect that acknowledges the existence of several
(competing) realities at the same time, mixed methods used in this thesis facilitate
different avenues of exploration and utilise the synergy of using several (competing)
methods, casting light on phenomena from different points of view to potentially
reveal different ‘truths’. The resulting findings emphasised that mixing methods
should be considered an essential precondition in the exploration of asthma pa-
tients behavioural drivers, given that patients’ perceptions and non-adherence are
just like many other features of human nature - more complex than what it may
seem if only a single-lens approach is followed. Simply said, sometimes ‘the whole

is greater than the sum of its parts.’
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Chapter 8

Conclusion

This thesis used a synergy of methodological approaches to investigate the oth-
erwise hardly observable perceptions regarding asthma and asthma patients; and
more importantly - their impact on asthma treatment adherence. One of the main
motivators for this thesis was that adherence to asthma medication is still a seri-
ous issue. To date, there is a large gap between the optimal and measured levels
of adherence to medication. This thesis addressed this problem, by investigating
the role socio-cognitive factors have on one’s decision to regularly use their med-
ication. This has, so far, been an under-investigated topic, with the majority of
previous work being focused on patients’ characteristics and practical limitations.
Additionally, previously conducted research in the field of asthma perceptions re-
lied on theories based on views and beliefs patients held about asthma, perceived
asthma consequences and the necessity of asthma medication. Apart from this,
another challenge introduced the fact that perceptions, as a topic, have a highly
elusive nature. While previous work suffered from general data poverty, high cost
to acquire an adequate number of participants and general limitations of quali-
tative research and traditional statistics, the current work learned from all these

lessons. As a result, this work used a combination of various approaches, including
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novel methodological processes, in order to capture perceptions, not only through

conversations and surveys, but also ‘in the wild’, using publicly available ‘big data’.

Qualitative research has been a crucial part of this investigation, because it en-
abled the discovery of perceptions that exist about asthma, based on conversations
with patients, but also from social media. The main power of the qualitative ap-
proach in this work is that it provides context. As a result, this was the first signal
that perceptions about asthma have a more nuanced nature, since they were iden-
tified as internal - aligning with the previous work that focused mostly on patients
perceptions, but also as external - perceptions that originate from the public opin-
ion. Through a comparison between publicly available tweets and perceptions
that arose in interviews, we could detect the similarities between the two sources -
mostly reflecting the general lack of understanding and perceived ‘weakness’ that
patients believed would be assigned to them once they disclose they have asthma
to other people. However, there was also a significant disconnect between ‘public’
and ‘patients’ perceptions. For example, stigmatization reflected in disparaging
humour, did not arise as a theme in interviews. This introduced the first sig-
nificant characteristic of stigma, later defined as a group of negative perceptions
about asthma - stigma was established as a topic that cannot be widely discussed
in interviews. Namely, biases can be introduced in qualitative research of percep-
tions since patients often choose what kind of views they disclose in conversations
with researchers, from the fear of being labelled as socially undesirable, but also

due to demand characteristics.

A unique methodological opportunity arose with the increased accessibility of pub-
licly available social media data, where people express their opinions and beliefs
more freely and without biases. Twitter content, in particular, was recognised
as a rich source of public perceptions and was used in the process of perception
extraction and analysis, as an addition to traditional interviews. Additionally,

since perceptions currently lack a formalized definition of perceptions in big data
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- a novel approach was introduced to perception detection and analysis, in which
neural networks demonstrated a supreme performance (even though it was fol-
lowed by a lack of interpretability). The overall concept enabled measurement of
prevalence of different groups of perceptions, where stigma was found to be one of
the most dominant overarching groups, followed by a perceived sense of commu-
nity that exists online. However, Twitter often lacks context - for example, it does
not enable delineation between people who do and do not have asthma (unless it
is explicitly stated in the tweet). Additionally, there was no information about
patients’ levels of adherence, therefore, it was not possible to measure the actual

effect perceptions have on adherence.

Following these gaps, the second part of the thesis was more concerned with mea-
suring the extent to which uncovered perceptions affect treatment adherence, using
traditional statistics which is praised for its focus on interpretation; and machine
learning techniques which demonstrated ability to deal with complex relation-
ships. Unlocking the stigma mechanisms provided an insight that even though it
is considered to be an atomic concept, stigmatization can be further dissected into
several underlying mechanisms. This is particularly relevant considering that the
literature mostly does not delineate between the source and the target of stigma-
tization (hence the role of non-patients is often disregarded). Findings from this
thesis indicate that different stigma-related features are associated with different
coping mechanisms that patients undertake when faced with negative perceptions.
For example, while exposure to disparaging humour about asthma was found to
be associated with ignoring asthma, perceived discrimination was associated with
information seeking. However, traditional statistics are not without their own lim-
itations, therefore, the final study utilized a more nuanced approach to dissecting

which features affect the adherence the most.

The final study of the work did not only make a full circle in terms of the theo-

retical contribution, but also represents the exponential increase in the power of
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methodological approaches - considering that the novel method used in the final
study combines both prediction and interpretation and takes into account the po-
tential effects of masking that were signaled in the preceding studies. The findings
illustrate that patients perceptions are not only predictive of non-adherence, but
also essential to one’s adherence behaviour. As mentioned at several points in this
thesis, the finding that perceptions are, as a group of factors, the most predictive
of non-adherence, and that stigma, as the leading negative set of perceptions im-
pacts adherence, demonstrate the need for future interventions to observe patients
as a part of their ever-changing social environment. Patients are inevitably inter-
twined with their social environment and one’s personal and perceptions of other
people have an impact on one’s health decisions. This is particularly important
today, as (negative) perceptions of others are commonly in the digitalised reality,
which is unfiltered and readily available to all of us. This works demonstrated
that stigma can have damaging impact on adherence, contributing to previous
idea that stigma can cause a cascade of adverse outcomes, non-adherence and

social exclusion being only some of them [170].

However, the underlying sentiment of this thesis advocates the idea that asthma
patients should have no guilt nor embarrassment about having a health condition,
therefore, the urgency of perception change should be focused on addressing neg-
ative public perceptions, at least as much as patients’ perceptions. Additionally,
this thesis provides support for future development of asthma care in the digital
age, since the findings have illustrated that patients turn to their online sources
in the search for alternative support. Technology is increasingly integrated in the
way patients manage their asthma, but, based on the findings of this thesis, it
could not only provide us with ways to adopt more effective interventions, but
also with means to collect more complete and much needed data about asthma

patients.

Finally this thesis took readers on a journey into the areas of psychological and
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machine learning approaches. While critically discussing and uncovering the weak-
nesses and strengths of each of the methods applied, some lessons were learned
about the application and value of mixed methods. It can be concluded that
for wicked topics, such as perceptions, mixed methods provide the synergy that
not only overrides weaknesses of individual approaches, but also enables one to
understand the big picture with clarity. A significant addition to qualitative ap-
proach and traditional statistics was recognised in machine learning approaches,
particularly the use of big data analytics that provides uniterrupted and (almost)
unbiased insights. Regardless of the distinct challenges and hurdles of combining
different paradigms, this work is another advocate of creating the space for fast-
evolving fields to aid the research of the social world with the depth and scope it

requires and, ultimately - deserves.
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Appendix A

Semi-structured interview protocol

Information for Research Participants

Thank you for agreeing to participate in the research project. Your participation
in this research is voluntary, and you may change your mind about being involved
in the research at any time, and without giving a reason. This information sheet is
designed to give you full details of the research project, its goals, the research team,
the research funder, and what you will be asked to do as part of the research. If
you have any questions that are not answered by this information sheet, please ask.
This research has been reviewed and given favourable opinion by the Nottingham

University Business School Research Ethics Committee.

Title

Exploring perceptions about asthma
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Research aims

This study seeks to reveal what perceptions people have about asthma. This is
the first part of a PhD that explores patient-related factors that affect adher-
ence to asthma medication, namely perceptions (social-cognition), situational and

behavioural factors.

Participants

You have been asked to be a part of this research as you have been diagnosed
with asthma. Since this study is all about asthma perceptions, we are recruiting

a range of participants with varied ages, backgrounds, professions etc.

Interview content

You will be asked to engage in a conversation with the researcher, in the form
of an interview, in which the researcher will ask you a range of questions. This
interview does not have a strict structure, in order to allow for participants to
express their perceptions about asthma as freely as possible. You will be asked
about your opinions, experiences and feelings about asthma. Interview will take

approximately 1 hour and will be recorded on a mobile phone, with your consent.

Data collection and handling

Your data will be stored in accordance with the Data Protection Act 1998 on a
password-protected server at the University of Nottingham. Access will be re-
stricted to include only those who are directly involved with the research. Any
personal identifying information will be deleted after transcription and partici-

pants’ names will be changed for pseudonyms. All the interviews will then be

278



transcribed. Audio data as well as transcribed interviews will be used for the
analysis, but will not be shown or made public under any circumstances or re-
distributed to other researchers who are not included in this particular study. You
have the right to withdraw your consent at any point, before, during or after the
interview, for any reason, without penalty up until the point of anonymization at
which point we will not be able to identify your data. In the event of consent with-
drawal, all of participants’ identifiable personal data (and related derived data)

will be erased.

Research outputs

Thematic analysis will be used to extract the relevant themes and explore what
perceptions emerged in conversations. The project aims to publish its findings in
academic journals and conferences. All your data (audio, personal information
and answers to questionnaires) will be stored not by using your name but with

pseudonyms that cannot be traced back to you.

Complaint procedure

If you wish to complain about the way in which the research is being conducted
or have any concerns about the research then in the first instance please contact
the (Principal Investigator or supervisor) or contact the School’s Research Ethics

Officer, Chris Carter (christopher.carter@nottingham.ac.uk).

Interview guide

Prior to commencing the interview, participants were asked to sign the Consent

Form, GDPR form and Information form for participants (described above). Par-
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ticipants were asked whether they are comfortable with interview being recorded

(and transcribed). Following their positive response, the interview could start.

General questions

The first set of questions was used as an icebreaker, to establish the rapport with
participants. There were questions about participants age, city, profession or

education.

Questions about asthma duration and treatment adherence

The following set of questions was related to general characteristics of participants’
asthma. To illustrate, these were questions such as ‘What do you do to keep your

asthma in check?” and ‘Do you know what triggers your asthma?’.

Questions about participants’ perceptions about asthma

This block of questions was focused on uncovering participants’ general experi-
ences about life with asthma (e.g. ‘How does it feel to have asthma?’); their own
perceptions about asthma (e.g. ‘What is the first word that comes to your mind

when someone mentions asthma?’.

Questions about perceptions others have about asthma

Questions in this section aimed to uncover which perceptions participants think
others have about them - in the light of their condition (e.g. ‘What do you think
other people think when they hear you have asthma?’) and ‘How do you feel about

sharing your experiences related to asthma in front of others?”’.
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Questions about the impact asthma has on one’s life

These were questions about the practical and pscyhological impact asthma has on
ones life - including questions about coping mechanisms such as humour (e.g. ‘Do

you ever joke about asthma?’.

Questions about the inhaler

The final set of questions was dedicated to questions about inhaler attachment
and inhaler use. For example: ‘How do you feel about your inhaler?” and ’Do you

use your inhaler in public?’.

The interview would finish with the question: ‘Do you have any other comments

to make in general about this topic?’.
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Appendix B

Topic Modelling tables from Study 2

The following graphs for each of the four groups of perceptions were generated
using Topic Modelling process (LDA algorithm), as discussed in more detail in

Chapter 4.

B.0.1 Active positive perceptions

Four topics were chosen for the active positive group of perceptions as demon-

strated in Figure B.1.

In terms of the most relevant words for each topic in Active positive perceptions,
the following graphs contain more information, as presented in Figures: B.2, B.3,

B.4 and B.5.

B.0.2 Passive negative perceptions perceptions

There were also four topics that were chosen for the passive negative group of

perceptions, as demonstrated in Figure B.6.
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Intertopic Distance Map (via multidimensional scaling) Top-30 Most Salient Terms®
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Figure B.1: Topic Modelling results for Active Positive Perceptions
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Figure B.2: Key words in the topic named: Empowering support / Disparaging
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Figure B.3: Key words in the topic named: Support by raising awareness / Positive
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Figure B.4: Key words in the topic named: Support by sharing experiences
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Figure B.5: Key words in the topic named: Practical tips
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Figure B.6: Topic Modelling results for Passive Negative Perceptions
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Figure B.7: Key words in the topic named: Politically charged disappointment

Keywords for each topic in passive negative perceptions are presented in Figures:

B.7, B.§, B.9 and B.10.

B.0.3 Passive positive perceptions

This group of perceptions also had four topics, as demonstrated in Figure B.11.

The representative keywords for each topic in passive positive perceptions are

presented in Figures: B.12, B.13, B.14 and B.15.

B.0.4 Active negative perceptions

The final group of perceptions had three topics, as demonstrated in Figure B.16.

The relevant keywords for each topic in this group of perceptions are in Figures:

B.17, B.18, B.19.
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Figure B.8: Key words in the topic named: Complaints about inconsiderate others
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Figure B.9: Key words in the topic named: Sadness due to limitations
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Keywords for topic 4
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Figure B.10: Key words in the topic named: Sadness due to asthma
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Figure B.11: Topic Modelling results for Passive Positive Perceptions
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Figure B.12: Key words in the topic named: Gratefulness for other people’s actions
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Figure B.13: Key words in the topic named: Content related to animals
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Figure B.14: Key words in the topic named: Feelings of empowerment
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Figure B.15: Key words in the topic named: Positive humour
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Intertopic Distance Map (via multidimensional scaling)
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Figure B.16: Topic Modelling results for Active Negative Perceptions
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Figure B.17: Key words in the topic named: Frustration with non-patients
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Figure B.18: Key words in the topic named: Frustration with patients
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Figure B.19: Key words in the topic named: Anger about asthma
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Appendix C

Survey About Asthma Question List

Survey conducted as part of PhD research by Vanja Ljevar. Vanja is supported by

the Horizon Centre for Doctoral Training at the University of Nottingham (UKRI

Grant No. EP/L015463/1).

List of Survey Questions

Group

Question

Adherence

score

Do you sometimes forget to take/use your medication?

Thinking over the past two weeks, were there any days when you
forgot to take your medication?

Have you ever cut back or stopped taking your medications with-
out telling your doctor, because you felt worse when you took
it?

Did you take your medications yesterday?

When you feel like your health condition is under control, do you
sometimes stop taking your medications?

Do you ever feel hassled about sticking to your treatment plan?
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Prior to COVID-19, how often did you find it difficult to take all
your medications simply due to daily life?
How often do you have your inhaler with you when you...(travel

abroad, go to work, socialise)

Asthma

traits

I am diagnosed with mild; severe asthma
How long have you had asthma?

Which type of inhaler are you prescribed with?

Demographics

What is your age?

What is your gender?

What is the highest level of education you have completed?
What is your current work status?

What is your total annual household income before tax?

Do you have any allergies?

Perceptions

People sometimes joke about asthma to put me down.

People would make jokes about asthma in front of me.

I do not use my inhaler in public because people might make fun
of me.

Media (films, TV shows, etc.) generally portray asthma in a pos-
itive light.

Society perceives people with asthma as strong.

People would treat me differently if they knew I had asthma.

I have been discriminated against at work because of my asthma.
Sometimes I feel that I am being talked down to because of my
asthma.

I worry about telling people I use an inhaler.

Some people with asthma are weak.

I do not think people understand what asthma really is.
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I think people with asthma are as reliable co-workers as anybody
else.

I worry about how people might react if they found out about my
asthma.

I would have had better chances in life if I had not had asthma.
I do not tell people at my workplace that I have asthma.

I prefer if people did not see me using my inhaler.

I am angry with the way some people have reacted about my
asthma.

I have not had any trouble with people because of my asthma.
Even though I am diagnosed, I think I may not have asthma.
My asthma is not as serious as my doctor and my diagnosis say
it is.

Using an inhaler means you are not coping well with your asthma.
I would not ask other people to change their behaviour when it
irritates my asthma, because it is my own problem.

I get valuable information on how to cope with asthma from peo-
ple online (social media, asthma online groups, etc.).

I feel more understood about my asthma problems by people on-
line than other people in my life.

I don’t think that support groups for people with asthma are of
any use to me.

I am concerned that I might get incorrect information about
asthma from people I talk to online.

Realizing that my experience is not unique helped me cope better
with my asthma.

I would rather suffer from cigarette smoke than explain to others

that I have asthma.
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Coping

mechanisms

If asthma gets me down, I think about those who are even more
seriously ill than I am.

I avoid exertion.

I do not try to live cautiously to avoid shortness of breath.

I like talking about asthma.

I try to hide my asthma.

I try to think about having asthma in a positive light.

I try to mature as a person through asthma-related experiences.
I often try to find out more about asthma.

I take note of new updates in the media concerning asthma.

I try to forget that I have asthma.

I pretend that asthma does not bother me at all.

I am afraid that my asthma will get worse.

I take my medication in advance if I think I may be in a situation

that causes me shortness of breath.

Emotions

How I feel about having asthma: Sad

Strong

Guilty

Scared

Hostile

Ashamed

Nervous

Determined

Times like this make me feel guilty for not using my medication

more regularly.

Lifestyle

Do you smoke?
How often do you exercise?

COVID-19 has affected how I use my asthma medication.
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Personality

traits

I see myself as: Extraverted, enthusiastic
Critical, quarrelsome

Dependable, self-disciplined

Anxious, easily upset

Open to new experiences, complex
Reserved, quiet

Sympathetic, warm

Disorganised, careless

Calm, emotionally stable

Conventional, uncreative
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