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Preface

In this thesis, I have explored the utility of ecological momentary assessment (EMA) 

for psychiatric care. In the first part, I have investigated the promise of the network 

theory for providing personalized models based on EMA data. In the second part,

I have more broadly examined the clinical utility of EMA and EMA feedback. In this

final Chapter, I will place our findings in the perspective of other recent scientific 

advances on EMA. First, I will summarize the main findings that originated from this 

thesis. Next, I will postulate the three main lessons learned regarding the clinical

utility of EMA. Finally, I will discuss methodological challenges and recommend 

focus points for future research. I will end with some concluding remarks.  

In the first Part of this thesis, I have focused on investigating the potential of 

personalized models, and of network analysis specifically, to inform on clinical

practice.

In Chapter 2, we used cross-sectional network analysis to attempt

to uncover the working mechanisms of antidepressant medication treatment,

selective serotonin reuptake inhibitors (SSRIs) in particular. Results demonstrated 

that depressive symptoms significantly decreased over time and that they became 

increasingly interconnected. Furthermore, we found that the clustering of depressive 

symptoms and their centrality differed at baseline versus after eight weeks of 

antidepressant treatment. The low sample size and the lack of a control group

limited our ability to draw clear conclusions on the working mechanisms of SSRIs. 

Furthermore, since cross-sectional network associations reflect between-person 

associations, we were unable to generalize our findings to individual patients. Given

these limitations, we concluded that the cross-sectional network approach is at

most suggestive of hypotheses that need to be tested in confirmatory research.

Therefore, in Chapter 3, we turned to dynamic network analysis. We

conducted impulse response function analysis (IRF) on EMA data to attempt to
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understand the poorer prognosis of individuals reporting anhedonia (here defined 

as a loss of interest). We hypothesized that this poorer prognosis might be reflected

in the emotional dynamics of individuals with subclinical depression. Therefore,

we compared the emotional dynamics of subclinically depressed individuals with 

anhedonia to those without. Interestingly, although the two groups were matched

and the clinical characteristics of both groups were thus the same, their emotional

dynamics diverged. Those with anhedonia showed a diminished beneficial impact

of positive affect, whereas those without anhedonia showed a stronger impact of 

stress. We therefore speculated that different affective pathways may underlie the

development of depressive symptoms and argued that such personalized models

of emotional dynamics may provide relevant information for treatment. 

To understand the relationship between cross-sectional and dynamic

networks better, in Chapter 4 we directly compared these two types of networks in 

empirical data. Were both methodological approaches to yield similar conclusions, 

we expected that between-person findings as generated by cross-sectional

networks were informative of within-person associations. However, each network 

demonstrated different associations and indicated different targets for interventions. 

We therefore concluded that between-person associations identified in cross-

sectional networks cannot be taken to reflect how symptoms trigger each other

over time, and should not be interpreted as such. 

In the final Chapter of Part I, we reviewed the network literature in the field 

of depression research (Chapter 5). We also added to the existing network theory 

by introducing the micro-level affect dynamics (MAD) network theory. This review

demonstrated that such micro-level network studies yielded different conclusions 

than the more traditionally used macro-level network approach regarding several 

important network hypotheses, for example the relative importance of depressive

symptoms (i.e., centrality), and the hypothesis that stronger network connectivity is 

related to higher severity of depression. Therefore, we recommended researchers to 

clearly differentiate between the two network theories when discussing their results.

Furthermore, given the reviewed state of the evidence yielded by network studies 

so far, we concluded that empirical support is unfortunately not yet suggestive of 
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the use of networks in clinical practice.

In Part II of this thesis I have explored the clinical utility of EMA in diverse

settings. First, in Chapter 6, we reviewed the literature on the use of EMA in the

field of psychopharmacology. This review identified several potential applications of 

EMA in multiple phases of psychopharmacological treatment: for example, using

baseline affective dynamics to predict treatment outcome, or assessing the duration 

of medication effects. We concluded that EMA could have interesting possibilities

for personalizing psychopharmacological treatment and understanding the effects

of medication in daily life.

In Chapter 7, we assessed the expectations of patients and clinicians

about the clinical potential of EMA using interviews and focus groups. Patients and

clinicians with diverse backgrounds believed that EMA could be relevant in every 

phase of care, and that EMA may improve the patient-clinician relationship and

the self-management of patients. However, they were also apprehensive of EMA’s 

high assessment burden and potential worsening of symptoms due to the constant

focus on them. Patients and clinicians further offered several recommendations for 

implementation, for example, the importance of the ability to personalize EMA to fit 

the treatment goals and needs of individual patients. 

These findings were further emphasized in Chapter 8. Here, we assessed

the experiences of patients with bipolar disorder and their clinicians with the addition 

of four months of EMA and personalized EMA feedback to treatment. Many patients 

and clinicians confirmed the aforementioned positive and negative effects from 

EMA monitoring and feedback. Although EMA monitoring was generally seen as 

beneficial to patients’ self-management, the personalized feedback was viewed less

favorably. Indeed, there seemed to be a mismatch between what patients expected 

from the EMA feedback and what they received, highlighting the importance of 

making EMA feedback clinically relevant. Thus, we concluded that patients and

clinicians should collaborate to ensure EMA achieves its intended goal, and made

recommendations for discussion points to aid patients and clinicians herein.

Finally, in Chapter 9, we investigated the potential of EMA to form a

personalized alert system, to warn patients with bipolar disorder and their clinicians
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of upcoming manic or depressive mood shifts. We used four months of EMA data

to investigate whether, prior to such mood shifts, we could detect early warning 

signals could be detected in diverse momentary affective states. Positive and

negative predictive values were calculated to examine the clinical utility of early

warning signals. Indeed, for several EMA affective states, predictive values of 

detecting transitions were improved by using early warning signals (i.e., rises in

autocorrelation and variance). However, we also found large individual differences 

in the utility of early warning signals. Therefore, we concluded that early warning

signals in some EMA affective states show promise to use as a basis for an alert

system, but much more confirmatory research is necessary before this can be used 

as a clinical application.

Lessons learned

This thesis aimed to explore the clinical utility of EMA and personalized models

based on EMA data. In the following sections, I will discuss the lessons learned 

regarding the implementation of EMA, and place the findings generated by this 

thesis in a broader context. 

Lesson 1. Simplicity over complexity: Personalized networks based
on EMA data are not yet ready for use in clinical practice

Early on, the clinical utility of EMA has been tied to the potential of personalized 

models based on EMA data2. Personalized networks in particular are proposed as a

way to inform patients and clinicians on associations between affect and symptoms

relevant to the etiology and maintenance of psychopathology. Network theory

appeals intuitively to many clinicians, as they often construct functional analyses in

which they attempt to understand the (causal) relationships between the patient’s 

symptoms, emotions, cognitions, and contexts3. Personalized networks that reveal 

such relationships for individual patients might therefore add to the clinician’s

toolbox. For this reason, several studies have started to experiment with providing 

personalized networks as feedback to patients4-9. In this section, I will first evaluate 
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whether findings generated by network studies can have direct clinical implications, 

and secondly, whether personalized network models may indeed be useful for 

clinical practice. 

In Chapter 2 and 3, we used cross-sectional and dynamic network 

methodologies to advance our knowledge on the working mechanisms of SSRIs 

and the poorer prognosis of people with anhedonia, respectively. The findings of 

these studies may leave both clinicians and clinical researchers inclined to make

inferences about individual patients. For example, in Chapter 2, we speculated that 

the high centrality of anhedonia after antidepressant treatment may suggest that

patients who still exhibit this symptom might be vulnerable to relapse. However, we 

are yet far from such direct clinical implications. As we will explore further below, 

network associations cannot be taken as causal. Furthermore, associations in 

cross-sectional networks such as the one in Chapter 2 are between-person, or 

group-level, indicating that they reveal associations averaged across individuals.

Chapter 4 and other publications since then10-13 have demonstrated that such 

between-person associations do not appear to be generalizable to within-person 

associations. Thus, we cannot conclude from cross-sectional networks that indeed,

for individual patients, anhedonia implies relapse vulnerability. Another problem is

that researchers in the field are still debating the question whether the uncovered 

network structures can be considered stable, generalizable, and replicable14-18.

Furthermore, in the dynamic networks of Chapter 3, we have seen large individual 

heterogeneity in the associations, which has been highlighted by other publications

as well11,19-21. Findings of group-level networks may therefore not always have

relevance for individual patients. However, they can identify promising areas for

future confirmatory study. 

Problems with group-level networks notwithstanding, the main promise 

of the network theory for clinical practice lay in the construction of personalized 

network models based on EMA data. A wide variety of analytical models have

been developed to estimate such personalized models, mostly variations of 

vector autoregressive (VAR) models6,20,22-25. Unfortunately, it is yet unclear which

can be considered the golden standard. Even seemingly trivial methodological 
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choices, such as handling missing data or variable selection, can greatly affect the 

resulting network structure, and thus, the resulting conclusions drawn26. Why this 

is problematic is convincingly demonstrated by Bastiaansen and colleagues27. They

invited twelve research teams to analyze the same EMA data of an individual patient

and to offer recommendations for treatment based on their analysis. Although not 

a prerequisite, many teams employed network (VAR) analysis to analyze the EMA 

data. Strikingly, there was little overlap in i) the methods used to analyze the data,

ii) the uncovered associations, and iii) the recommendations suggested, even when

relying on a similar analytic approach. For this reason, one of the teams emphasized 

that final decisions on treatment targets yielded by the network should only be 

made in dialogue with the patient27. Nonetheless, this study shows that, with so

many researcher degrees of freedom in the analysis process, we currently cannot

be certain that networks analysis yields valid and reliable associations that have

relevance for treatment. 

Another issue related to personalized network models for clinical practice

relates to the EMA data that is used to construct networks. Whereas affect and

symptoms are typically assessed on dimensional scales (e.g., visual analogue

scales (0-100) or Likert scales (1-7)), context (e.g., activities, company, location) 

is assessed by providing patients with lists of categories. For example, for activity, 

such categories may include working, exercising, and relaxing. Furthermore, other

relevant experiences might be assessed on a different timescale: the past night’s

sleep quality can be assessed only once daily, whereas affect is assessed multiple

times per day. Unfortunately, networks based on VAR models cannot deal with

categorical variables or variables assessed on different timescales28. This is a missed 

opportunity, because it is precisely the causal interplay between patients’ (social)

contexts and his or her symptomatology that is often a central focus in treatment.

Relatedly, network associations are dependent on the EMA assessment schedule;

usually they are at least 90 minutes to even 6 hours apart29. This means that rapid

(causal) chains of events, such as those expected to take place when experiencing 

a panic attack, are difficult to show in personalized networks6,30. As such, networks

based on VAR models currently are likely to miss relevant clinical information.
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Even if these issues were to be resolved, networks based on VAR analyses 

face the limitation that the associations uncovered are temporal, not causal31. One 

of the most appealing promises of network theory lay in the identification of central

symptoms: these were suggested to be highly influential symptoms that may 

maintain or even trigger other symptoms, making them potentially effective treatment

targets32-36. This would have direct clinical implications: if such a central symptom

were present in an individual patient, they may make this person vulnerable to the 

development of more symptoms. However, this hypothesis is now considered 

controversial. It is questionable whether network associations are indeed causal in

nature31,37,38, and whether an intervention on the most central node is both feasible

and effective39. Unfortunately, associations in VAR networks may falsely imply

causality to patients and clinicians, whereas they are at most temporally related. 

For example, networks may reveal a temporal association between worrying and

sadness. Depending on the structure of the EMA data, this means that worrying at 

one point in time may precede sadness, say, three hours later. It does not mean 

that sadness is caused by worrying, or that worrying d always precedes sadness. s

Furthermore, if the network model did not demonstrate a significant association

between two network nodes – for example, between physical activity and affect

(in Chapter 3) – this does not mean that this association does not exist for this 

person. It could be that physical activity is beneficial to a patient’s mood, but thats

we focused on the wrong variables to assess physical activity or mood, or that

we used the wrong timescale in the network40. In Chapter 3, we examined the

relationship between physical activity and affect over six hours. It might be that the 

beneficial effects of physical activity are not visible when examining such a short time

span, and that a long-term intervention promoting activity does improve mood. This 

nuance is, of course, easily lost when discussing networks in the treatment room. 

Indeed, as we have seen in Chapter 8, patients may attach a (too) great importance 

to scientific analysis of their data. Furthermore, in the rare occasions where we 

provided personalized network models to patients and clinicians, we noticed that

they were perceived as difficult to understand (Chapter 7, 8, and Box 10.1). The 

findings of Part I of this thesis thus all point to the fact that we should exercise 

caution when bringing such personalized network models to clinical practice.
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To conclude, the highly anticipated promise of EMA to illuminate relevant

associations in personalized network models is currently not sufficiently supported 

by empirical evidence. Some researchers have argued that networks could

still have clinical utility in facilitating discussion between patient and clinician28.

However, more simple visualizations and representations of the EMA data could be 

equally capable of inspiring such discussion41. For example, bar graphs displaying 

the level of positive mood during multiple activities also visualize the relationship

between mood and behavior without directly implying causality. By not testing these

associations for significance, patients and clinicians have more room to consider 

their own interpretations of the findings. Therefore, I recommend that EMA feedback 

consists of simple, descriptive feedback until personalized statistical models are

supported by empirical research.

Lesson 2. Seizing the moment: The promises of EMA are recog-
nized by patients and clinicians – under some conditions

In this thesis, we aimed to investigate if, how, and when EMA might be useful forn

clinical practice. To that end, we have explored several promising clinical applications

of EMA. In our qualitative studies, patients and clinicians agreed with the promise

of EMA for diverse clinical applications that largely overlap with those previously 

suggested by research (e.g., Chapter 6 and 1,2,42-45). They suggested EMA might 

provide relevant information for diagnostics, treatment, and relapse prevention, and 

may improve patients’ insight, self-awareness, and behavioral change (Chapter

7 and 8). Notably, we have learned that EMA monitoring in itself may already be

considered an intervention, whereas the promise of EMA feedback was viewed 

somewhat more cautiously. These findings add to the results of other quantitative 

and qualitative studies, where patients reviewed EMA as useful and feasible in

research settings46-48. Furthermore, it suggests that EMA might indeed, as expected,

benefit the self-management of patients and facilitate communication between 

patient and clinician2,45,49-51. This was suggested to occur especially because EMA 

may reduce memory biases52, and therefore help the patient explain how he or she 

fared in between treatment sessions. Information relevant to treatment is therefore 

less likely to be missed53. Although the possibility of real-time advice and therapy
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exercises  – termed ecological momentary interventions (EMI)54 – was not explicitly 

mentioned by patients and clinicians, research suggests this might further increase 

the clinical utility of EMA55,56. This could also entail real-time feedback on deviating

symptom patterns that may alert patients and clinicians to impending relapses (as 

explored in Chapter 9), although such an alert system is still in very a preliminary 

stage57. The eagerness of both patients and clinicians to use EMA in treatment

provides a solid basis to further develop several clinical applications of EMA and to

test out its effectivity in diverse clinical settings. 

Regarding the question for whom EMA can be expected to be most m

beneficial, patients and clinicians argued against excluding certain patient groups 

a priori. This is corroborated by early studies suggesting that EMA is feasible 

for individuals with a diverse range of mental disorders58-60, from depressive 

disorders50,61,62, bipolar disorder46,63, anxiety disorders64, psychotic disorders65-67,

autism spectrum disorder68,69, and borderline personality disorder70-72, to eating 

disorders 73,74. However, rather than asking for whom EMA is beneficial, the question m

should be rephrased to when: EMA was considered to be more or less feasible 

and useful in diverse stages of care. During acute phases of psychopathology, for 

example, EMA was considered to be too burdensome. This corresponds to a recent 

study demonstrating that EMA was perceived as significantly more burdensome

during mood episodes75. Interestingly, in this study, this did not negatively impact

adherence, which may in part explain why compliance rates in EMA studies are

usually high, even in populations with severe mental disorders76. In daily clinical

practice, without the motivation of helping advance scientific knowledge, such

compliance rates are likely considerably lower1. In our qualitative study, patients 

with bipolar disorder indicated that EMA is especially useful in the early phases

after receiving the diagnosis, to learn effective coping strategies that benefit self-

management. EMA thus might be especially interesting for people in the early

phases of the disorder77. As such, EMA may be considered differentially efficacious 

and feasible in different stages of care.

Furthermore, not all patients and clinicians perceived EMA as beneficial

to patient self-management. Our qualitative findings brought to light that a 
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substantial subgroup of patients, mostly diagnosed with mood disorders, felt that 

the heightened focus on mood worsened their symptoms and prevented them

from engaging in helpful coping strategies (Chapter 7 and 8). Indeed, for several 

patients this was sufficient reason not to participate in EMA. Such mood reactivity 

is often overlooked in quantitative studies78,79, but consistently mentioned by

patients in qualitative research74,80. It relates to a tension recognized by e-health 

research, where e-health applications can have both beneficial and harmful effects

to patient self-management81. Practically, such negative effects could be prevented

to some extent by ensuring the EMA diaries place equal emphasis on both positive 

and negative experiences. More importantly, clinicians should be encouraged to

recognize such negative effects and discuss them with patients.

Ultimately, this means that patients and clinicians have to balance such 

negative effects and the burden placed upon EMA participants against EMA’s 

perceived benefits. EMA can therefore not be a useful clinical tool for everyone at

any time: some patients may decide they already have sufficient self-management 

skills, or would rather monitor themselves only once-daily or weekly. As such, an

important requirement for the implementation of EMA is that both patients and 

clinicians are made central actors in decisions regarding EMA (Chapter 7 and 8). 

Both should be engaged in every step of the process, from deciding on the goal 

of EMA and compiling an EMA diary, to interpreting the feedback together. This 

will put patients in control and let them decide what kind of information they need 

to benefit their recovery process49. Furthermore, both should have access to the

gathered EMA data at any time and place. It will only further enhance the knowledge 

asymmetry if patients only provide information and clinicians only receive it49. And 

finally, as researchers, we have a responsibility to develop EMA tools that maximize 

the potential benefits and minimize the potential negative effects. This also entails

training clinicians to provide clear guidelines when and how they can use EMA in

care, and which potential negative effects they can expect. 

To conclude, the promises of EMA for clinical practice are recognized by 

patients and clinicians, but only under the condition that patients and clinicians are

actively involved.
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be tailored to clinical settings

The final lesson learned pertains to the how: how should we implement EMA in 

clinical practice? It now seems likely that a one-size-fits-all approach is not useful

and we will have to adapt EMA as a research methodology to fit better in clinical 

settings. In Chapter 7 and 8, patients and clinicians have advocated for a more 

personalized approach to EMA, in which the EMA diary as well as the EMA feedback 

can be flexibly adapted depending on the patient’s care needs. Furthermore, they 

highlighted the necessity of transdiagnostic EMA diaries, which is consistent with 

the accumulating evidence that many patients experience symptoms from multiple 

diagnostic categories82-84. This need for personalization and transdiagnostic 

diaries has been highlighted by research on monitoring in general as well80,85,86.

However, in both research as well as clinical applications, EMA diaries have so far

been mostly standardized. This may result in increased burden for patients, who 

have to frequently answer questions that are not relevant to their current situation, 

and may insufficiently relate the findings to their treatment goals. Being able to 

personalize the EMA diary seems therefore to be a core requirement for successful

implementation of EMA.

A second core requirement brought forward by this thesis is the tailoring of 

EMA to clinical settings. Indeed, this has also been highlighted by studies on other 

e-health applications87-89. Until now, EMA has hardly been adapted from its use in

research. For example, in Chapter 8, we provided feedback after four months of 

treatment, which covered topics deemed relevant at face value: the variability in 

mood and symptoms and bar graphs displaying the relationship between activities

and mood. Such feedback can be interesting, but does not directly relate to the way

patients and clinicians talk about these topics in clinical practice. Indeed, in Chapter 

8, patients and clinicians described that it was difficult to tie the feedback to clinically

relevant conclusions. Instead, they would have liked to have received information 

on their diagnosis, as well as effects of medications or life style adjustments. They 

further argued that the feedback would have been more relevant if discussed

briefly at every treatment session, instead of after a few months. This provides us
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with specific recommendations about the timing and content of feedback when 

implementing EMA in the treatment of bipolar disorder. It further offers suggestions 

of how EMA could complement or improve the longitudinal mood monitoring that is 

already a core component of treatment80. As such, in-depth qualitative investigations 

in specific populations and treatment phases are an essential starting point when

attempting to implement EMA in clinical settings. 

Recent (qualitative) implementation experiments have confirmed the 

importance of integrating EMA in the workflow of clinicians. Box 10.1 describes 

an implementation experiment that we conducted as part of this thesis to explore 

whether EMA could improve the process of diagnosing first psychosis. We found

that, even when considerable effort was spent to tailor EMA to the specific clinical

setting, clinicians still had difficulty applying EMA in their workflow. These findings 

are confirmed by Daniels and colleagues, who attempted to integrate EMA in family

medicine90. They observed that clinicians felt unequipped to use EMA feedback 

as a tool to inform functional analysis during consultations. Other recent studies 

have also suggested that although patients are enthusiastic about the possibilities

of EMA, clinicians are not yet convinced of its clinical utility7,91. These studies 

demonstrate the necessity of involving clinicians when developing EMA applications 

for clinical use. Their suggestions can help integrate EMA in their current treatment 

strategies. Furthermore, they are illustrative of the importance of training clinicians 

in the use of EMA. Such training should not only involve the basic characteristics 

of EMA, but also relate it to existing treatment techniques already employed by 

clinicians. For example, in cognitive behavioral therapy (CBT), EMA could expand 

on the self-monitoring techniques that are central to CBT92. 

To conclude, in order to effectively implement EMA in clinical settings, we 

need to develop personalized, tailored, and targeted EMA interventions for diverse 

clinical populations and treatment phases.
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Box 10.1. An illustrative EMA implementation experiment: Using EMA to inform the 

diagnosis of first psychosis.

We conducted an implementation experiment at the Department of Psychiatry at the 

University Medical Center Groningen, to test whether EMA could inform on the diagnosis

of first psychosis. We expected EMA to provide relevant contextual information to aid the

clinicians in their diagnostic process. To make the implementation as realistic as possible, 

focus groups were held with the clinicians to i) construct a relevant (yet standardized) 

EMA diary, ii) tie the EMA data to clinically relevant feedback, and iii) integrate EMA in the 

departmental meeting structure and diagnostic process. Psychiatric nurses were trained to

instruct patients in the use of EMA, and a researcher was present at the weekly department

meeting to remind the clinicians to consider EMA. Prior to the start of the project, clinicians 

voiced being enthusiastic about the possibilities of EMA. They were interviewed at diverse 

stages of the project to understand their experiences.

The project was conducted from December 2017 to September 2018. Of the 36 patients 

deemed suitable for EMA, twenty patients were included. Clinicians indicated that the EMA 

feedback was largely helpful in confirming and visualizing findings from more traditional 

diagnostic tools. However, in our implementation, we failed to help clinicians in incorporating 

EMA in their workflow, who often forgot to discuss the EMA feedback with their patients.

In part, this was a technical problem: the researcher e-mailed the EMA feedback to the

clinicians; whereas all other diagnostic information is stored in patients’ personal health 

records. Furthermore, many patients completed very few assessments (compliance, on 

average, was 40%, in line with another implementation study in psychosis1), limiting the 

utility of the EMA feedback. This may be due to the standardized diary, and our decision

to not appoint the responsibility of discussing EMA to a specific clinician, who therefore did

not feel compelled to frequently remind patients of the importance of completing the EMA 

diaries.

This implementation experiment demonstrates that actual embedding of EMA in routine

care is difficult. Even when considerable effort is spent to tailor EMA to the clinical setting, 

implementation may fail because patients and clinicians are insufficiently involved in the

design of the EMA tool. We learned from these findings that appropriate training is essential,

not only in what EMA is, but also in how EMA can be most effectively used in clinical settings. 

Developing a clinical EMA tool: PETRA

The above lessons have demonstrated that EMA indeed shows promise as a clinical

tool in psychiatry, but have also highlighted several pitfalls. In the following sections,

I will describe how our findings have resulted in the development of a clinical EMA 

tool. 
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Based on the findings of the present thesis, we considered a clinical

EMA tool to be most promising if it meets four core demands. First, it should offer

extensive possibilities for personalization. EMA diaries should be tailored to assess 

only relevant experiences, which are likely to transcend diagnostic boundaries; as 

such, the diary should be transdiagnostic. Most EMA applications used in research 

are standardized or offer limited options for personalization; and even if they do offer

some personalization options, clinicians are required to invest considerable time 

and efforts making large-scale enrollment in clinical care not feasible. Furthermore, 

many EMA tools are designed with specific populations in mind (e.g.,56,93,94, but see

for exceptions77,95) and therefore do not appeal to patients with symptoms belonging 

to multiple diagnoses. In addition to personalization, a second requirement is 

therefore that the EMA tool is be user-friendly and tailored to fit diverse clinical 

settings. This means that the tool should be largely automated and easy to use 

for clinicians. Many e-health applications fail because they inadequately take into

account the experiences of users: here, patients and clinicians96. Patients and 

clinicians should therefore be involved early on in the development of an EMA tool 

to ensure its usability in clinical practice. Third, the tool should be supported by

scientific research. Many apps provide monitoring options that do not meet criteria 

for the construction of valid EMA diaries or are not evidence-based97,98. We have

seen above that EMA applications that are not sufficiently grounded in empirical 

evidence may give rise to false conclusions, or may simply cost clinicians a lot of 

time because they construct diaries that do not provide interpretable data. Fourth 

and finally, a clinical EMA tool should meet demands regarding privacy and safe data 

storage. Many applications store data on third-party servers, which is problematic 

under the General Data Protection Regulation law of the European Union. In my 

view, a tool that meets these four demands is necessary to be able to fully explore

the efficacy of EMA in clinical practice. 

Although several companies provide research applications of EMA, and

mobile phone app stores are overflowing with e-health applications, none meets

all the criteria stated above. Therefore, we started the PETRA project. PETRA is an 

acronym for PErsonalized Treatment by Real-time Assessment. PETRA is a web-

based tool integrated in patients’ electronic health records via the RoQua system
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(see www.roqua.nl) to facilitate easy adoption in clinicians’ workflow99. It is currently

being developed and scheduled to go live February 2021 (www.petrapsy.nl/en).

PETRA is developed based on principles of design thinking and the 

roadmap for the development of e-health technologies of the Center for e-Health 

Research (CeHRes)89,100. Both methodologies advocate for involving relevant users

early in the development of e-health tools. The first phases of e-health development

consist of gaining a thorough understanding of the contexts in which the e-health

tool is used, by conducting literature reviews (e.g., Chapter 6), interviews, focus 

groups (e.g., Chapter 7 and 8), and pilots (in our clinic, but also e.g.,4,5,7). The next 

phase constitutes an iterative design process, in which prototypes are developed, 

evaluated, and adapted frequently based on feedback of users. This differs from 

the usual modus of operandi in science, where interventions are usually only

pilot-tested once before their efficacy is evaluated in randomized controlled trials

(RCTs). Such an approach may result in e-health technologies that are of limited

use to patients and clinicians. A final core part of the CeHRes roadmap involves

establishing a multidisciplinary project team that can oversee the various (practical) 

components of the development. Therefore, the PETRA project team consists of 

multidisciplinary members: the core scientific team, a scientific programmer, the 

RoQua programmers to ensure a sustainable and future-proof embedding in care, 

a user-experience designer to integrate the needs of all stakeholders, patients,

and clinicians. All project members critically review the prototypes, which are then

continuously adapted and reevaluated.

Based on our findings of the first investigative phases, PETRA consists of 

a decision aid and a feedback module (see Figure 10.1). In four easy steps, patients 

and clinicians can together decide on the goal of the personalized EMA diary, tweak 

the proposed diary, complete the diaries, and interpret the personalized feedback. 

Given that both patients and clinicians were seen as central actors in the clinical use 

of EMA, and EMA is expected to benefit the patient-clinician relationship, PETRA 

is designed to be used collaboratively. The decision aid was developed because 

patients and clinicians highlighted the need for personalized EMA diaries, but at 

the same time emphasized they would have little time for making such diaries. 



561029-L-bw-Bos561029-L-bw-Bos561029-L-bw-Bos561029-L-bw-Bos
Processed on: 24-6-2021Processed on: 24-6-2021Processed on: 24-6-2021Processed on: 24-6-2021 PDF page: 277PDF page: 277PDF page: 277PDF page: 277

General summary and discussion

277

10

Building a diary from the ground up would be too demanding and requires extensive

knowledge on validity of EMA diaries that is not available to the typical clinician or

patient. Therefore, PETRA was designed such that users only have to indicate the 

goal they intend to achieve with EMA and the main symptoms they would like to

focus on. PETRA then automatically preselects several relevant diary items, which 

can be adapted to optimally fit with the patient’s situation. For example, a patient

treated for depression might deselect the diary questions on anhedonia and instead 

select diary questions on anxiety. Patients and clinicians also have the option to

formulate EMA items themselves; this could be relevant in cases where patients

have highly person-specific experiences (for example, in psychosis, it may be 

relevant to specify the content of delusions). Each diary automatically comes with 

an optional comment field, so patients can reflect on their experiences and how

those influenced mood and symptoms. Furthermore, based on the selected goal,

PETRA proposes an EMA schedule: the preferred number of assessments per day,

as well as the timing of assessments (e.g., at fixed moments or within semi-random

intervals during the day), and the number of days necessary to result in valid and 

interpretable feedback. This preselection can then be further tweaked according to

personal needs and preferences, while remaining within valid boundaries (e.g., it is

not possible to select a too short assessment period).
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Figure 10.1. PETRA: A clinical EMA tool.
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The second part of PETRA consists of a feedback module that visualizes 

the gathered EMA data. Based on our reviews of the literature (e.g., Chapter 5), 

and our qualitative studies (Chapter 7 and 8), we concluded that PETRA should

first focus on simple, descriptive feedback rather than complex analytical models 

such as networks. We believed EMA to be especially interesting for providing a less 

biased overview of how the patient fared in between sessions, and by bringing to

light those moments with especially high or low symptoms. By zooming into those 

moments, and analyzing situational information that may have brought about these

highs and lows, patients can become more able to cope with these situations. 

Therefore, the PETRA feedback module is centered around three major themes

in psychiatric treatment: the variability of mood and symptoms, associations 

between (social) contexts and mood and symptoms, and the impact of pleasant 

and unpleasant events. Furthermore, patients are actively encouraged to provide

qualitative descriptions, and the feedback module summarizes these evaluations 

in multiple ways, for example, through word clouds and displaying contextual

descriptions next to moments of especially high or low mood. PETRA is designed to

be used iteratively and during every treatment session. At any point during the four

steps (see Figure 10.1) alterations can be made. If patients and clinicians discuss 

the feedback and decide that they want to gather additional information, diary items

can be removed and added, or the goal and focus can be changed to result in a 

new diary. Finally, the modular structure of the feedback module ensures that novel

feedback can be easily added in later stages. For example, if scientific research 

can provide a solid evidence basis for personalized models, PETRA can offer this 

information directly in its feedback module (see, e.g., 33,101,102). 

To conclude, the PETRA tool is being developed to meet the demands

of patients and clinicians for a personalized, user-friendly, scientifically valid, and

privacy-safe EMA tool that is useful in psychiatric care. Future research into its 

efficacy will have to demonstrate whether PETRA indeed has beneficial effects on

patients’ well-being, self-management, and treatment process.
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Methodological considerations on qualitative re-
search

The findings of the present thesis should be viewed in light of its methodological 

designs. In this discussion, I elaborate mostly on our qualitative findings brought

forward by Chapter 7 and 8, and Box 10.1. Qualitative research is a crucial

complement to quantitative studies in this field, to understand the clinical context 

in which EMA is expected to maximize its promises and minimize its pitfalls87,103.

Such information is difficult to uncover in quantitative study designs. However, in

qualitative research, data is gathered until saturation is reached, meaning that no

new information is heard. This inherently means that sample sizes are smaller than

quantitative researchers are used to. This makes qualitative findings more difficult 

to generalize to settings other than Dutch tertiary care institutions and patients 

with mood disorders. Furthermore, participation bias is not unlikely: we may have

recruited mostly patients and clinicians that are already enthusiastic about using

EMA in treatment, thereby overestimating its eventual uptake in clinical practice. 

Nonetheless, qualitative research does not claim to offer universal conclusions

about the topic under study. Rather, it gives insight into the processes perceived 

to form the working mechanisms of EMA104, and pinpoints promising directions for

further (quantitative) study. Our qualitative findings are at the very least suggestive 

of the merits of further exploration of specific clinical applications of EMA. This is

where we will turn to in the final section of this Chapter.

A research agenda for the clinical implementation
of EMA: recommendations

Now that we have reviewed the promises and pitfalls of EMA, it is time to turn

towards possibilities for future research (for an overview, see Figure 10.2). In this

section, I will propose three directions for future research that may further enhance

our understanding of EMA as a clinical tool. 

First, EMA as a clinical intervention needs to receive more empirical 
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investigation. The consolidation of the evidence-base of EMA is crucial in the further

development of EMA as a clinical tool. This will reveal whether the promise of EMA 

for psychiatric treatment is supported by research.

Figure 10.2. Overview of the promises, pitfalls, and possibilities of EMA as a clinical tool 

in psychiatry. 

EMA improves self-management
by increasing insight and
awareness
EMA helps patients feel more in
control
EMA improves the patient-
clinician relationship
EMA helps personalize
psychiatric treatment
EMA feedback provides a helpful
and reliable overview of
patients' well-being in between
sessions
EMA feedback provides insight
into treatment effects
EMA feedback may illuminate
associations between symptoms
and behavior
EMA data can alert patients and
clinicians to impending symptom
changes

EMA diaries focus too much on
negative mood states and
symptoms
EMA diaries are not personalized
EMA monitoring is too
burdensome for some patients
and during some treatment
phases
EMA feedback is insufficiently
translated to clinical contexts to
be relevant
EMA is not regularly discussed
and evaluated in treatment
sessions
Clinicians are not trained in the
use of EMA in treatment
Patients and clinicians are
insufficiently engaged in EMA
and therefore do not use it

Testing the efficacy of
personalized EMA using process-
related outcome measures
Use EMA to target specific
populations and clinical goals
Designing valid and relevant EMA
diary items
Advancing statistical models to
develop clinically relevant EMA
feedback

EMA as a clinical tool in psychiatry

PROMISES PITFALLS POSSIBILITIES

It will also set EMA as an e-health technology apart from the myriad of apps available 

to clinicians, who will then be more inclined to use EMA105. This is, therefore, a

crucial next step in future research on EMA as a clinical tool. So, how to proceed?

Specifically, future RCTs should test the efficacy of personalized EMA, in diverse or

even transdiagnostic populations77, using process-related outcome measures. So

far, relatively few RCTs have investigated the efficacy of EMA as a clinical tool9,62,93.

Other studies so far are less systematic and are limited by the lack of control groups

or small sample sizes (e.g., 61,63,64,67,106,107). These studies evaluated standardized

EMA diaries, whereas we have now seen the importance of personalizing EMA 

and integrating it in specific clinical contexts. Moreover, given that many RCTs have
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focused on patients with depression, future RCTs might turn to other populations,

such as patients with bipolar disorder or psychosis. Here, especially, EMA might be

an ideal match, because treatments of severe psychopathology often already aim

to improve self-management with self-monitoring80. And finally, future RCTs should 

focus less on symptom improvement and instead turn to process-related outcome 

measures. Studies that have so far evaluated the efficacy of EMA do not always 

report a beneficial effect on symptoms, distress, or quality of life. However, the 

intervention is without exception rated highly feasible and acceptable by patients.

This mismatch between patients’ experiences and reported evidence may lie in the 

type of outcome measures used in RCTs and observational trials. As we have seen 

in our qualitative research, patients and clinicians expect EMA to mostly improve

the patient’s self-management, the patient-clinician relationship, and shared-

decision making; aspects usually not assessed in clinical trials. Indeed, one RCT 

that did assess empowerment and behavioral change reported beneficial effects

of EMA19,50. Future trials may therefore want to include quantitative assessments

of these aspects as outcome measures, as for example in the currently ongoing 

Therap-i study, where EMA is used to support case—conceptualization in the 

treatment of depression108. 

A second step entails further development of EMA diary items. Many EMA 

diary items originate from the Positive and Negative Affect Scale (PANAS)109 and 

are carefully designed to capture momentary fluctuations. However, two problems

arise here: i) current EMA diary items are not specifically developed to have clinical 

relevance, and ii) there is currently little consensus among researchers which EMA 

diary items measure which underlying construct (e.g., energy, mania, or affect). 

Regarding the first problem, we have seen earlier that networks currently cannot 

incorporate contextual information and therefore have difficulty showing the

relationship between symptoms and behavior. If EMA feedback is to be relevant to 

psychiatric care, it is important that we first identify what patients and clinicians deem

relevant constructs to be assessed110. In Chapter 8, for example, our qualitative

interviews on relevant constructs to patients with bipolar disorder yielded several

EMA items relevant to their treatment. Researchers are therefore encouraged to 

give patients and clinicians a stronger voice in their EMA study designs. The second
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problem relates to the construct consistency of EMA diary items. For example, it 

remains unclear whether EMA is affected by a phenomenon termed response shift, 

which occurs when patients start to interpret the diary items differently over the

course of the assessment period111. In my experience, patients need several days 

learning to interpret the diary items and develop consistency in their responses.

Furthermore, researchers have differed in their preferred way to analyze EMA items:

some use the separate items (as we did in Chapter 4 and 9), whereas others prefer 

to use factor analysis to group items of different constructs together (e.g., 64,112-114).

The latter makes a more confirmatory approach possible (because fewer variables 

are analyzed), but can be difficult because many participants show different factor 

loadings. This was the reason to use the separate items in Chapter 9. Because 

research has so far used a myriad of formulations to assess similar constructs, 

it is difficult to generalize study findings. An important step forward is the EMA 

item repository, with which researchers can register the EMA items used and to 

which constructs they were considered to belong115. This enables more systematic 

research into EMA diary items and their construct validity.

A final step will involve the tailoring of specific EMA applications to diverse 

clinical settings. This means we will have to systematically investigate in which parts 

of diagnosis and treatment phases, and in which clinical populations, EMA can

play an informative role. For example, EMA might be specifically investigated as

an intensive monitoring tool to alert patients to impending manic and depressive

episodes in bipolar disorder. As is now possible with the PETRA tool, the EMA diary

content, timing, and frequency of assessments should be adapted to answer such

clinical goals. Furthermore, research should further explore diverse types of feedback 

based on EMA data. This means we should explore the possibilities of descriptive

feedback (e.g.,41) in addition to theoretically and empirically advancing statistical 

methods to analyze EMA data, such as network models, early warning signals, or

machine learning. For example, machine learning could be helpful as a diagnostic

tool, to see which patterns in EMA data are more suggestive of one diagnosis (e.g.,

bipolar disorder) versus the other (e.g., borderline personality disorder)116. Thus, 

we need to tie characteristics of EMA data to treatment response and outcome so 

patients and clinicians will be better able to use this information in treatment. For
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example, an early promise of EMA was the suggestion that certain patterns in EMA 

data (e.g., the variability or extent of affect) could be related to worse or favorable

outcomes (e.g., 53,112). In our studies, many patients and clinicians have repeatedly 

asked: what does this pattern in EMA data mean? As of yet, this question is very

difficult to answer. We do not yet know when variability is sufficiently high to be wary

of impending symptom changes, or whether certain patterns are specific to one

disorder as opposed to a differential diagnosis. Therefore, more research into how 

EMA data can be analyzed to provide valid personalized feedback is warranted. 

Patients and clinicians need to be continuously involved in this development, to 

make sure the feedback is usable and relevant to clinical practice.

Concluding remarks

The present thesis aimed to explore the clinical utility of EMA and personalized

feedback on EMA data. We have seen that patients and clinicians are enthusiastic

about the promise of EMA to improve psychiatric care. Such promising applications

include enhancing the self-management of patients, the personalization of 

psychiatric treatment, improving the patient-clinician relationship, and providing

a reliable overview of the patients’ well-being in between treatment sessions. 

However, this thesis has also identified several pitfalls to be avoided. Problems arise

when EMA diaries are focused too much on negative mood states and symptoms,

when EMA diaries are not personalized and tailored to its clinical goal, and when

patients and clinicians are insufficiently engaged in EMA. Finally, we have examined 

possibilities for future research on the clinical use of EMA. In the coming years,

we will need to systematically evaluate the efficacy of EMA in RCTs, which should

focus on personalized and transdiagnostic EMA diaries that are tailored to specific

clinical settings. Furthermore, we need to further develop clinically relevant EMA 

diaries and advance statistical methods to analyze EMA data to provide clinically

relevant feedback. In doing so, we may further consolidate EMA as a clinical tool 

for psychiatric care.
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