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Preface

Approximately 30% of people suffer from a mental disorder at some point in their

lives1,2. The experience of psychopathology is one of the leading causes of disability 

in the Western world and is associated with tremendous burden for those suffering

from it, their family-members, and society3,4. Effective treatment is therefore crucial. 

Unfortunately, even after decades of academic progress, we still have limited insight 

in the mechanisms through which mental disorders develop and maintain over

time5. Since most clinical research has so far focused on group-level averages, most

findings have limited utility for individual patients6,7. This is because the experience

of psychopathology is highly heterogeneous8, meaning that two persons with the 

same diagnosis can starkly differ in their experience of symptoms. As such, the

field is in need of new methodologies that appropriately address this heterogeneity 

and are able to map, for each person individually, the mechanisms through which 

symptoms are developed and maintained. Such knowledge will help us to develop 

more targeted and effective interventions for people with mental disorders. 

One such a novel approach has quickly gained popularity in the recent

years: zooming in on the moment-to-moment experiences in daily life. This approach

postulates that we should abandon our focus on diagnostic categories and rather

focus on the investigation of the smallest building blocks underlying psychopathology 

in daily life9,10. This micro-level approach to understanding psychopathology can 

be studied using ecological momentary assessment (EMA)11, also known as the

experience sampling method (ESM)12, which are methods with which participants

record their life ‘as it is lived’. Although EMA started out as a research methodology, 

its clinical utility was suggested early on by researchers and scientist-practitioners13.

The promise of EMA as a clinical tool is two-fold. First, self-monitoring through 

EMA has been suggested to improve patient self-management and empowerment. 

Second, statistical analysis of the gathered EMA data could offer patients and their

clinicians new insights into the psychopathological mechanisms of this specific

individual. The clinical potential of EMA is thus closely tied to the development of 

personalized statistical models that use EMA data to attempt to illuminate individual 

mechanisms of psychopathology. Two such analytical frameworks thus far have
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shown promise in that regard: the network theory of psychopathology, which

investigates the relationships between symptoms and momentary states9,14, and

complex dynamical systems theory, early warning signals in particular, which could 

help foresee imminent transitions in psychopathology using EMA data. 

The present thesis has explored the utility of EMA as a clinical application. 

In this general introduction, I will first outline the basic characteristics of EMA as 

a self-monitoring method, after which I will turn to exploring the possibilities for 

analyzing EMA data using network theory and complex dynamical systems theory.

Next, I will introduce the promise of EMA as a clinical tool. Finally, I will describe the

outline of this thesis. 

Ecological momentary assessment (EMA)

The term ESM was first coined in 1977 by Csikszentmihalyi, Larson, and Prescott, 

who introduced ESM as a research method to study daily life12, and was later 

reintroduced as EMA by Shiffman, Stone, and Hufford11. Although both ESM and

EMA generally refer to the same methodology, there are some historical differences: 

ESM has traditionally focused more on affective states and associated contextual

information, whereas EMA has concentrated on actual behavior, also including 

physiological measurements such as heart rate15. In addition, EMA is more often

used in psychological fields, whereas ESM is mostly used in medicine15. However,

since most researchers now use ESM and EMA interchangeably, henceforth I will 

refer to both methodologies as EMA.

With EMA, participants complete assessments on their symptoms, affect, 

thoughts, activities, and (social) contexts, several times a day for a given period16

(see Figure 1.1). Typically, EMA diary items refer to momentary experiences and are 

answered on a visual analogue scale (VAS) ranging from 0 to 100 (“not at all” to “very 

much”) or on a 7-point Likert scale. In psychiatry, such momentary experiences 

often pertain to symptoms, such as feeling sad, anxious, agitated, or the hearing of 

voices. Although older studies had to make due with paper-pencil forms or pagers 

to administer the EMA assessments, the widespread adoption of smartphones by

the general population has enabled easy access to smartphone-based EMA17.
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Figure 1.1 A visual representation of an EMA diary and possible feedback based on 

EMA data.

EMA feedbackEMA

As in any assessment method, the specifications of the EMA diary depend 

on the research question and the burden that is placed upon the participants 

completing the diary. In addition to the diary items, important specifications include

the number of assessments per day, the duration of the EMA period, and the timing

of assessments. Most EMA studies thus far utilized 3-10 assessments per day for 

1-2 weeks18,19. Assessments can occur either at fixed time points (e.g., at 12:00h) or 

at random points in predefined intervals (e.g., somewhere between 10:30-12:00h), 

termed fixed or semi-random EMA designs, respectively. Whereas fixed designs are

believed to be less burdensome for participants, semi-random designs supposedly 

provide a more representative overview of daily life experiences16.

EMA has four important advantages when compared to more traditional

retrospective questionnaires. First, EMA assesses experiences in the present 

moment rather than retrospectively, and pertains to diverse micro-level experiences 
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rather than a syndrome as a whole. EMA is therefore considered to be less 

subject to memory biases and more ecologically valid than traditional retrospective

questionnaires20. EMA should thus yield more reliable data21,22 and should be easier

to complete for participants. Second, EMA enables the study of the impact of 

context (activities, social interactions, events) on affect and symptoms, which likely

plays an important role in the development and maintenance of mental disorders. 

In traditional questionnaires, context is often overlooked. Third, as it is increasingly

recognized that psychopathology evolves dynamically over time, the frequent and 

repeated nature of EMA is ideally suited to study how mental disorders develop and 

are maintained over time in daily life9,23. 

A final important advantage is the possibility of a more idiographic approach 

to psychiatric research24. EMA studies result in a rich dataset of experiences 

specific to the individual, enabling the study of person-specific processes relevant

to psychopathology. Until recently, most psychiatric research involved nomothetic 

studies, in which groups of individuals were compared against one another (for

example, people with depression versus healthy individuals). This approach has 

received criticism because such findings often do not generalize to individual

patients: there is no ‘average’ individual, treatments that may work for some patients 

often do not work for others25. Likewise, studies have shown that the expression of 

psychopathology is highly heterogeneous8,26. Both research and practice are thus 

in need of more personalized models that explain psychopathological mechanisms 

in individual patients27. EMA can meet that demand.

Because of these advantages, EMA has become increasingly popular, both

as a research methodology and as a clinical self-monitoring method. In research,

EMA has already been applied to improve our understanding of symptoms,

affective variability, contextual influences on psychopathology, and treatment 

effects28, in a diverse range of mental disorders15,29-31. Although EMA was initially

feared to be too burdensome to those suffering from psychopathology, studies

have shown that patients find short-term EMA feasible and acceptable in research 

settings19,32,33. It thus comes as no surprise that EMA has been suggested to be

a relevant clinical tool as well. Before we can turn to exploring the clinical utility of 
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EMA, however, we should examine how EMA data can be utilized to offer insight

into psychopathology. Two theoretical approaches have such clinical potential: the 

network theory of psychopathology, and the understanding of psychopathology as 

a complex dynamical system. 

Box 1.1. The relevance of EMA for people with mood disorders.

This thesis focuses on the utility of EMA for people with diverse types of mental disorders, 

such as mood disorders, anxiety disorders, and psychotic disorders, because it is expected 

that EMA can be relevant for any type of psychopathology. Most studies in this thesis, 

however, revolve around mood disorders: major depressive disorder (MDD) and bipolar 

disorder. In the Netherlands, approximately 20% of the population is diagnosed with MDD at 

one point in their lives2. Individuals diagnosed with MDD are characterized by prolonged and 

pervasive sad mood, reduced interest in activities, low self-esteem, and low energy for at 

least two weeks. A second, less prevalent type of mood disorder is bipolar disorder (lifetime 

prevalence 1.3%2). In addition to depressive episodes, people with this diagnosis tend to 

experience episodes where they feel abnormally happy, energetic, or irritable. Usually, this is 

paired with reduced need for sleep and increased activity patterns. Adequate assessment of 

mood problems is therefore highly important in the treatment of major depression as well as 

bipolar disorder. EMA can play an important role in this assessment, by providing estimates

of the severity of mood problems, variability of mood, and the influence of context (activities, 

social interactions, events) on mood. Mood disorders therefore form an ideal starting point

to examine the clinical utility of EMA.

Psychopathology as a network 

The network theory was first proposed by Cramer and colleagues in 201034 and has

been readily adopted by psychopathology researchers due to its intuitive appeal. 

Rather than assuming that symptoms arise from an underlying common cause (e.g.,

depression), the network theory proposes that symptoms can trigger each other up 

to the point that the individual presents with the symptoms of a full-blown mental 

disorder14. For example, sleep problems could trigger the loss of energy, creating 

concentration problems, finally resulting in depressed mood and loss of interest, 

thus coming together as the syndrome depression. Together, these associations 

(edges) between symptoms (nodes) form a network structure. Because clinicians 

also tend to conceptualize patients’ problems as a causal structure, it has been
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suggested that network methodology could test such implicit conceptualizations 

with actual data35,36.

The network theory has important implications for the conceptualization of 

psychopathology. First, it assumes that mental disorders originate from a process 

of spreading activation in a symptom network. This activation can be triggered by

an external event – for example, the loss of a loved one – after which the symptoms 

in the network keep reinforcing one another. This means that rather than searching 

for a common underlying cause, whether it be biological or environmental,

research should focus on illuminating the causal interactions between symptoms 

or mental states. Second, it implies that network characteristics are as relevant

as the symptoms themselves and could be used to inform treatment approaches.

Indeed, many hypotheses derived from network theory have been brought forward 

in recent years. For example, it might be expected that comorbidity of psychiatric 

disorders can be explained through the existence of ‘bridge’ symptoms that activate 

symptoms of both disorders37. Likewise, symptoms with many strong connections

in the network may be more influential or ‘central’, and could therefore constitute 

interesting treatment targets38. In this view, targeting a highly central symptom

may simultaneously affect many other symptoms. Finally, research has examined 

whether a more connected or ‘denser’ network reflects increased vulnerability to 

psychopathology, also known as the connectivity-vulnerability hypothesis39-41. If 

symptoms are strongly connected to one another, (stressful) events may easily

trigger many symptoms at once, making one vulnerable to psychopathology. 

These hypotheses are currently being tested empirically to determine their clinical

implications, as well.

An important topic of discussion is the operationalization of the network 

theory. At what timescale do we expect to find associations relevant to the

development of psychopathology? Should we focus on associations between

symptoms when they are already present, or on associations between affective

experiences? Research so far has adopted different methodologies to study this

question (see Figure 1.2). The earliest empirical network studies examined network 

associations when people already experience symptoms, and constructed a network 
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of these symptoms (e.g., depressed mood, low energy, sleep). Usually, such studies

correlate symptoms of retrospective questionnaires (e.g., how sad one has felt in the 

previous week) at one time-point (see e.g.34,39,42). This network methodology might 

therefore be termed a cross-sectional approach at the macro level. Associations

between symptoms in macro-level networks are by definition between-person, 

which means that, for example, on average, depressed persons who are sadder 

are also likely to report lower energy. As such, macro-level cross-sectional studies 

may inform on the co-occurrence of symptoms in diverse psychiatric populations.

However, the difficulty with this methodology is that associations in these networks

cannot tell us which patients exhibit them, and whether they are reflective of howh

psychopathology develops over time in individual patients.

Figure 1.2. Exploration of the differences and similarities between the cross-sectional 

versus the dynamic network approach. The thickness of the lines represents the 

strength of the associations. Figure adapted from Wichers et al. (this thesis, chapter 5).

ANXIETY
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A second operationalization of the network theory has been proposed

by Wichers (2014) and zooms in on smaller, more variable affective experience in 

daily life9. Therefore, this approach was termed the micro-level approach to network 

theory. This approach studies the dynamic interactions between momentary states 
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collected through EMA. Because EMA assesses a myriad of affective experiences

at many time points, this approach enables the study of how these experiences 

follow one another over time. Associations in micro-level networks are usually 

within-person and mean, for instance, that if a depressed person feels sadder at 

one point in time, he or she will likely feel more tired the next moment in time. An 

advantage of dynamic micro-level EMA networks is that they fulfill an additional 

requirement to establish causality: temporal ordering of associations (experience 

A follows experience B). However, temporality cannot be taken to reflect causality; 

indeed, another unknown variable may be responsible for the associations (for

example, the association between sadness and tired may be caused by a lack of 

sleep). 

Another advantage of the micro-level network approach is that EMA 

data can be used to construct a personalized network model specific to one 

patient, which may have strong clinical utility. Consider the dynamic network 

of Figure 1.2. If this were the network of an individual patient, a clinician could

discuss the relationships that emerge from this network. For example, for this

person, worrying seems to increase feelings of anxiety and sadness several

hours later. Treatment could therefore focus on decreasing worrying, using

traditional treatment approaches such as cognitive behavioral therapy or

mindfulness-based treatment. In networks with more nodes, one could identify 

central symptoms with the strongest outgoing connections and target those in 

treatment. In its most basic form, networks could thus facilitate discussion between

patient and clinician on the relevant symptoms and affective experience to focus on.

And if central symptoms indeed reflect effective treatment targets, this could help

clinicians to determine their approach to treatment.

So far, although clinicians and patients are enthusiastic about the promise 

of networks for clinical practice, evidence of the clinical utility of networks has 

been mostly anecdotal43-45. Before networks can find large-scale implementation 

in clinical practice, there are several challenges that will need to be resolved. For 

instance, can we detect differences in the network structure before and after 

antidepressant treatment (Chapter 2), or between individuals with versus those

without anhedonia, a hallmark symptom of depression (Chapter 3)? And do the two
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network methodologies (macro-level cross-sectional versus micro-level dynamic) 

result in similar, clinically relevant, conclusions46,47 (Chapter 4)? And finally, what 

knowledge on psychopathology, in particular depression, has more than a decade

of network research yielded, and is this suggestive of clinical usage of networks

(Chapter 5)? The first part of this thesis revolves around these very questions, with

the ultimate goal of determining the clinical utility of the network approach.

Psychopathology in the context of complex 
dynamical systems theory

Another promising way to utilize EMA data in personalized models can be derived 

from complex dynamical systems (CDS) theory. CDS theory is especially interesting

because of its potential to use EMA data to alert patients and their clinicians to

impending transitions in psychopathology: for example, a sudden increase in 

depressive symptoms, or the other way around, remission from depression. An 

important implication of applying CDS theory to psychopathology is that such 

upcoming shifts might be anticipated by examining the dynamics of time series 

data, the kind of data EMA provides. 

Briefly, CDS theory proposes that many processes on earth can be

characterized as dynamical systems with stable states48,49. Crucially, systems may

undergo sudden switches, or transitions, between these states, that seem to happen 

out of the blue. For instance, historic data have shown that the climate exhibits 

sudden transitions between periods of relative warmth and ice ages. According 

to CDS theory, such transitions may be preceded by increasing instability, which

is termed critical slowing down48. Although it may be counterintuitive that critical

slowing down is reflected by increasing instability, it means that the system gets

increasingly slower in recovering from minor perturbations. This can be detected 

in patterns in time series of the system, for example rising autocorrelations (e.g., 

the system’s previous state increasingly lingers over time), variances (i.e., the

system’s previous states vary more widely around the mean over time), and (cross)-

correlations between states50. Such indications that the system may be close to a
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transition are termed early warning signals. Early warning signals have been shown 

to precede transitions in a wide variety of systems, ranging from changes in the

climate51, pollution in lakes52, shifts in starlight53, and financial crises54. 

Recently, studies have proposed a complex dynamical systems approach

to psychopathology55. If psychopathology can be characterized as an alternative

stable state, we might be able to anticipate a transition from relative health to 

psychopathology (e.g., a recurrent depressive episode) by examining instability in 

EMA affective states40,55. In psychiatry, early warning signals indicate that external 

perturbations (e.g., stressful events) have an increasingly strong (variance) and 

lasting (autocorrelation) impact on one’s wellbeing, thereby decreasing resilience 

and making the person vulnerable to the development of psychopathology55-57.

The interesting part about CDS theory is its potential to anticipate transitions

without a theoretical understanding of the system. We therefore do not have to 

fully understand the etiology of psychopathology and the complex interplay of 

genetic, psychosocial and biological factors resulting in mental disorders. Instead, 

CDS theory promises to be able to anticipate transitions in psychopathology using

relatively simple measures like rising variances and autocorrelations. 

So how would this work? Consider the first prospective empirical

investigation into early warning signals by Wichers et al.58 (see Figure 1.3). Here, a 

person in depressive remission completed a maximum of ten EMA diaries every day 

for 239 days. During this period, he gradually, and blindly, tapered his antidepressant 

medication. Around day 127, he reported a sudden increase in depressive symptoms

on the weekly administered Symptom Checklist (SCL-90) depression subscale. 

Interestingly, we see that this sudden transition is preceded by early warning signals 

in his EMA affective experiences, namely a rising autocorrelation and variance. This

suggests that we might be able to use EMA data to foresee a sudden transition

towards psychopathology.

Recently, the findings of Wichers et al. were replicated in another patient

with depression58,59. If these findings are found consistently in larger patient groups, 

the clinical impact could be monumental. Patients could monitor themselves 

longitudinally using EMA, enabling the detection of early warning signals to alert
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patients and their clinicians to impending changes in symptoms. This would enable 

them to intervene early when symptoms emerge, thereby mitigating their impact 

and preventing their escalation. Such an approach could be especially relevant for 

Figure 1.3. Demonstration of early warning signals in a person with depression. Source: 

Wichers et al., 201657.
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persons with bipolar disorder. Persons with bipolar disorder frequently experience 

transitions from euthymic (neutral) mood to either depressed or elevated (manic) 

mood states. Most treatments of bipolar disorder already revolve around longitudinal

mood monitoring and are focused on early recognition of mood episodes60. EMA 

compares favorably to those existing daily or weekly monitoring methods because

it is more detailed and comprehensive as well as more frequent. Considering the

enormous detrimental impact of depressive and manic episodes, it is vital that such

shifts are recognized and acted upon as early as possible. Early warning signals

based on EMA have the potential to be more sensitive to impending mood shifts,

providing patients and their clinicians with an individual risk assessment of upcoming 

episodes, and enabling early intervention before a full-blown episode is developed.

So far, no longitudinal EMA data has been available to test whether EMA 

data can be used to detect early warning signals prior to upcoming mood episodes

in people with bipolar disorder. Some studies, however, did already demonstrate 

that mood fluctuations of people with bipolar disorder follow principles of complex

dynamical systems61-63. Furthermore, a study using simulated data suggested that 

early warning signals might be detected in actigraphy data64. A logical next step 

would be to gather longitudinal EMA data to determine whether early warning

signals indeed precede transitions to depressive or manic episodes. Therefore, we

have gathered such intensive longitudinal EMA data in a sample of patients with

bipolar disorder, which will be discussed in Chapter 9. More generally, this will give

insight into whether EMA data might be used as a tool to alert patients with diverse 

types of psychopathology and their clinicians to potential symptom changes.

Now that we have explored EMA as a self-monitoring method, and two

promising approaches to construct personalized models based on EMA data, I will

turn to the exploration of EMA as a clinical tool.
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Ecological momentary assessment and personalized 
models as clinical tools
Early on, researchers and scientist-practitioners have started to highlight the 

potential of EMA as a clinical tool13,65-67. This potential lies in two main components 

of EMA. First, self-monitoring through EMA is suggested to improve patients’ self-

management by increasing insight into their well-being. By frequently reflecting 

on one’s mood and symptoms, and learning what kind of activities or situations 

positively or negatively influence mood, patients might become more in control over 

their well-being68,69. Indeed, for this very reason, many existing treatment modalities 

such as cognitive behavioral therapy already employ some form of (paper-and-

pencil) self-monitoring70. As such, EMA monitoring may already be an intervention 

in itself. 

Secondly, EMA data can be visualized to enhance understanding of 

the patient’s mechanisms of psychopathology. Such EMA feedback could be as 

simple as demonstrating variability in affect, or showing in which contexts patients 

experience complaints. Since EMA is suggested to be unaffected by memory 

biases20, such feedback could provide a more reliable overview of how patients

fared in between treatment sessions. Furthermore, when sufficient data is gathered 

with EMA, feedback could also consist of more complex statistical models such as 

a personalized network model or detection of early warning signals. EMA feedback 

could therefore form the basis of a more collaborative approach to diagnosis and 

intervention, where patients and therapists use EMA data to decide together what 

the next steps in treatment should be. It is expected that providing such personalized

EMA feedback could balance the knowledge asymmetry that can characterize the 

patient-clinician relationship, and that EMA benefits shared decision making13,68.

The intuitive appeal of EMA as a clinical tool has instigated the first

empirical investigations of its effectiveness, resulting in a mixed picture. The first 

randomized controlled trial (RCT) by Kramer and colleagues in 2014 was promising:

EMA monitoring and EMA feedback were more effective in reducing depressive

complaints than antidepressant medication alone71. Furthermore, EMA monitoring

and EMA feedback were found to improve patients’ feelings of empowerment72 and
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instigated behavioral change73. Unfortunately, two more recent clinical trials were

not able to replicate these beneficial effects in depressed individuals in routine care74

and individuals with increased loss of interest and pleasure (anhedonia)75. Trials in 

other psychiatric populations are currently underway (see e.g.76,77), but their results 

so far suggest that the benefits of EMA might not lie in the reduction of symptoms, 

but more in increased self-management and feelings of empowerment.

This brings us to the question if, when, and how EMA has clinical value.

When the promise of EMA as a clinical tool is discussed, many describe the

universal potential of EMA, suggesting that it applicable to any clinical context 

(from diagnosis, to intervention, to relapse prevention), any kind of treatment

(psychological or psychopharmalogical), and any psychiatric population (from

anxiety disorder to bipolar disorder). The question is whether this is indeed true.

Until recently, most information regarding the feasibility and applicability of EMA 

originated from (short-term) research contexts, which are arguably highly different 

from (long-term) clinical contexts. Such studies can be useful to inform on potential 

clinical applications of EMA, as is evaluated in the context of psychopharmacology 

in Chapter 6. However, it remains unclear to what extent such EMA diaries need

to be adapted to be usable in treatment. For example, can EMA diaries remain

standardized as is common practice in scientific studies, or is personalization of 

diary content, frequency, and duration necessary? Furthermore, although research

has so far reported little evidence of potential negative side effects of EMA78-80, we

do not yet know whether we can expect any negative effects when EMA is used

more intensively as a clinical tool. The field is therefore in need of a comprehensive

investigation of the clinical utility of EMA: potential clinical applications in diverse 

settings and populations.

Qualitative research is optimally suited to answer such exploratory 

questions. As a starting point, the two most important stakeholders in the clinical 

use of EMA should be invited to the drawing board: patients and clinicians. They will

be the ones directly using EMA. Their involvement is important for several reasons.

First, their expectations and experiences can inform our understanding of how
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EMA may benefit (or harm) treatment, how it may (or may not) be integrated in

diverse phases of care, and what factors should be addressed when considering 

the implementation of EMA. Addressing such expectations early on can inform us 

on the optimal development of a clinically relevant EMA tool. Second, we know

from implementation science and e-health research that it is notoriously difficult to 

implement e-health into clinical practice81. This is because of one of two important 

pitfalls: e-health tools either have limited scientific foundation, or they originated 

from a research methodology and are insufficiently translated to clinical contexts.

Therefore, involving users (patients and clinicians) in the development process

is crucial for the adoption of an e-health tool in practice82. Finally, patients and

clinicians may help us determine relevant areas for future research, for example the

identification of potential personalized models that could have clinical utility. For this

reason, Chapter 7 and Chapter 8 form a qualitative investigation on patients’ and

clinicians’ expectations and experiences with EMA as a clinical tool.

Outline of this thesis

The present thesis has adopted a multi-method approach to investigate the clinical 

utility of EMA. It has aimed to build bridges: between research and clinical practice,

between different methodological approaches to personalized models, across 

diverse psychiatric populations, using both qualitative and quantitative research 

methods, with the ultimate aim of obtaining a comprehensive overview of the 

promise, pitfalls, and possibilities of EMA and EMA-based personalized models for 

psychiatric care.

Part I of this thesis investigates the network theory. The clinical utility of 

EMA is closely tied to the development of personalized models using EMA data, for 

example through network analysis. However, it is yet unclear how such personalized 

EMA networks relate to more easily obtained cross-sectional symptom networks.

Therefore, Chapter 2 starts by investigating whether the effects of antidepressant 

medication treatment can be inferred from cross-sectional symptom networks. We

use data of two large RCTs to examine differences in network structure before
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and after eight weeks of antidepressant medication. In Chapter 3, we utilize EMA 

data to investigate micro-level affective dynamics of individuals with subclinical 

depression with or without loss of interest. Can we understand the poorer outcomes 

associated with anhedonia by studying the impact of stress and physical activity on 

affect? Chapter 4 delves further into the question whether cross-sectional and 

dynamic networks yield similar results and conclusions. Finally, Chapter 5 reviews

the literature on network studies in depression, summarizing what the network 

approach has so far taught us about the depressive syndrome, and reflecting on

the utility of the network approach for clinical practice.

Part II of this thesis explores the clinical utility of EMA and EMA feedback. 

Chapter 6 systematically reviews studies that have utilized EMA in the context of 

psychopharmacology, thereby summarizing several potential clinical applications of 

EMA. Chapter 7 is a qualitative investigation of patient and clinician perspectives on

the promise of EMA for clinical practice and what is required for its implementation. 

Chapter 8 extends these findings by investigating patients and clinicians experiences 

with the addition of long-term (4-month) EMA to the treatment of bipolar disorder.

Finally, in Chapter 9 we investigate whether early warning signals in EMA data can

inform patients with bipolar disorder of upcoming  mood shifts approach. 

In Chapter 10, I will summarize and discuss the main findings described 

in this thesis, and explore their clinical and academic implications. Furthermore,

I will describe the development of a clinical EMA tool that incorporates the 

recommendations brought forward by the research in this thesis and recent other 

studies. Finally, this thesis will conclude by exploring directions for future research 

into the clinical utility of EMA.
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