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Almost all individuals experience mental health problems at some point in their lives1. For 

some, such problems can amount to a clinical disorder. Most mental disorders have their 

first onset in adolescence, when individuals are between 12 and 24 years old1,2. Adolescence 

is therefore considered a critical period in terms of mental health: approximately 20 to 

25% of youth has had a mental disorder during the past year3, and by the age of 24, more 

than 60% of individuals from the general population ever met the diagnostic criteria for a 

mental disorder1. It is also adolescents for whom the burden of mental disorders is highest4. 

This is because mental health problems may interfere with all experiences that come with 

growing up: completing an education, finding and keeping a job, establishing friendships 

and romantic relationships, et cetera3. Since impairments in these aspects of life are often 

difficult to overcome and have lasting consequences, mental disorders can be considered 

“the chronic diseases of the young”5. 

 Given the substantial prevalence and burden of mental disorders in young people, 

there is a clear need for effective early intervention and prevention. A first and necessary 

step to this end concerns the early detection of vulnerability: if we can identify those 

adolescents for whom mental health problems are likely to emerge and persist and offer 

help at an early stage, the prognosis of potentially impairing mental health problems likely 

brightens. However, despite decades of research into risk factors for mental disorders, early 

detection of mental disorders still poses a challenge6. That is, we are still unable to infer from 

someone’s genes, brain, personality, or life history whether, and at what specific moment in 

time, they will develop a mental disorder. 

 The challenge of early detection is fueled by at least two issues. First, the factors 

that may give rise to mental health problems are numerous – ranging from biological 

predispositions to environmental circumstances to psychological characteristics. It is 

therefore difficult, if not impossible, to establish how all these risk factors interact and cause 

mental disorders. Identifying the pathways that lead to psychopathology becomes even 

more difficult when taking into account individual differences. This introduces a second 

issue: what causes mental health problems for one person may not be relevant for another 

person. More generally, the causes of psychopathology are specific to individual persons7. 

As a consequence, averaging across individuals – for instance by comparing a group of 

individuals with major depressive disorder to a group of individuals without such a diagnosis 

– does not necessarily lead to insights into the mechanisms that apply to a specific individual. 

In sum, the complex and person-specific nature of psychopathology means that a simple, 
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1
one-size-fits-all solution to early detection is unlikely. 

 It follows that research into the early detection of psychopathology is in need of 

an approach that can account for the inherent complexity and person-specific nature of 

mental disorders. A complex dynamic systems approach may answer this call. Briefly, a 

complex dynamic systems approach proposes that although the mechanisms that cause 

mental disorders are not fully understood, it is still possible to predict the onset or remission 

of psychopathology at the individual level8. Specifically, monitoring moment-to-moment 

fluctuations in the system could allow for determining the system’s vulnerability without 

requiring mechanistic insight in this vulnerability. This thesis was inspired by this complex 

dynamic systems approach to psychopathology. Before elaborating on the clinical promise of 

this approach, as well as the practical challenges that come with its empirical investigation, 

I will provide some background on complex dynamic systems theory and its translation to 

psychiatry.

Complex dynamic systems

Although research on complex dynamic systems spans several decades and scientific 

disciplines, there is still little consensus on what is means to be “complex”9. For the purposes 

of the present thesis, the notion put forward by Richardson and colleagues10 suffices: complex 

dynamic systems are systems that (i) consist of a large number of interacting elements, (ii) 

show emergent behavior that results from self-organization rather than central control, and 

(iii) evolve over time. An example of such a system is an ecosystem, where many species 

interact and together maintain a stable equilibrium. Other systems that have been proposed 

to resemble complex dynamic systems include financial markets, societies, neuronal firing 

patterns, and the climate8.

 An interesting property of complex dynamic systems is that they may undergo 

critical transitions. A critical transition reflects a sudden shift between two stable states – for 

instance, from a greenhouse to an icehouse climate8. Critical transitions may happen without 

an obvious (overt) trigger, are difficult to revert, and have a large impact on the system. Given 

that the consequences of critical transitions can be detrimental, anticipating and potentially 

preventing transitions has inspired many research efforts. An important advance in this 

pursuit is the recognition that critical transitions are typically preceded by critical slowing 

down11,12. Critical slowing down refers to the phenomenon that, as a system approaches a 
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transition, it becomes increasingly difficult for the system to recover from perturbations. 

That is, it takes longer and longer before the equilibrium state of the system is restored after 

minor perturbations. Critical slowing down cannot be observed directly, but can be inferred 

from the dynamics of the system. The dynamics that capture critical slowing down have 

therefore been labelled early warning signals (EWS): they anticipate otherwise unpredictable 

transitions, and thus, “warn” us11,12. Thus, we might be able to foresee critical transitions in 

complex dynamic systems through monitoring the dynamics of the system. 

 Numerous EWS have been proposed in the past decades, and they have been 

listed elsewhere11,13. The EWS that are most prominently covered in this thesis are rising 

autocorrelations14,15. An autocorrelation reflects the extent to which a system’s current 

state (xt) is predictive of its future state (xt+1). Conceptually, autocorrelations reflect whether 

perturbations have long-lasting effects (high autocorrelations), or instead, are quickly negated 

(low autocorrelations). Rising autocorrelations thus reflect that the impact of perturbations 

is increasing – i.e., that the system’s ability to recover its stable equilibrium gradually 

diminishes (critical slowing down). From this description, it follows that monitoring EWS 

requires intensive longitudinal data (i.e., time series), where a system’s state (x) is assessed 

every minute, hour, day, or year, depending on the dynamics of the system of interest. Studies 

that used such data showed that rising autocorrelations reflect relatively robust EWS: they 

precede sudden shifts in the brightness of stars16, epileptic seizures17, critical transitions in 

the climate14, the collapse of ecosystems and civilizations18–21, as well as the outbreak of the 

infectious diseases22,23. From this elaboration, it can be seen that EWS are generic, in the 

sense that they anticipate critical transitions regardless of the type of system wherein such 

transitions occur. This raises the question whether EWS – and complex dynamic systems 

properties in general – also generalize to transitions in mental health. 

Psychopathology from a complex dynamic systems perspective

Mental health, too, might be described in terms of complex dynamic systems principles6,24–27. 

The system here refers to an individual’s network of interacting momentary mental states 

(e.g., feeling happy, down, etc.). Together, these mental states give rise to an overall condition 

(e.g., mental health), which can be considered a stable state (or equilibrium). Perturbations, 

such as a flat tire or sunny weather, may lead to temporary departures from this stable state, 

thereby creating dips or uplifts in the individual’s mood. Eventually, however, the stable 
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state is restored. It is perhaps easiest to think of stable states as reflecting either mental 

health or mental disorder – and therefore, the remainder of this introduction will focus on 

these two states. Keep in mind, however, that alternative stable states are also possible: 

individuals may for instance experience an enduring state characterized by mild symptoms of 

psychopathology that reflects neither mental health nor mental disorder28 (see also chapter 

7). 

Like other complex dynamic systems, a system consisting of interacting mental states 

may undergo sudden transitions that may seem unpredictable, in the sense that they are not 

necessarily preceded by an impactful trigger (e.g., a major life event) or overt warning signs 

(e.g., gradually feeling more and more sad). Such transitions can involve, for instance, the 

onset of psychosis27,29, relapse of depression30, relapse of addiction31, shifts between manic 

and depressed episodes that characterize bipolar disorder32, and the progression of eating 

disorders33. Transitions towards remission may also occur34,35, but are not the focus of the 

current thesis and will therefore not be discussed further. If transitions in mental health follow 

the same generic principles as transitions in other complex dynamic systems, they may be 

preceded by critical slowing down (Fig. 1.1). In the context of mental health, critical slowing 

down can be understood intuitively: as an individual becomes more vulnerable for a mental 

disorder, it becomes increasingly difficult to recover from perturbations. Put differently, 

restoring one’s stable state (mental health) upon perturbations takes more and more time, 

up to a point where recovery is no longer possible. At this “tipping point”, even a minor 

perturbation can evoke a transition towards another stable state (mental disorder). Provided 

that mental health and psychopathology behave according to complex dynamic systems 

principles, foreseeing this tipping point might be possible through monitoring indicators of 

critical slowing down (i.e., EWS). This suggests that monitoring how an individual’s mental 

states fluctuate from moment to moment – and keeping track of EWS based on these 

dynamics – could forewarn upcoming mental health problems. 
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Fig. 1.1. Critical slowing down for transitions in mental health. A) A transition between two stable 
states, here classified as mental health and mental disorder. B) If we zoom in on the period before 
the transition, we can observe that (i) the system fluctuates around its stable state and (ii) as the 
system approaches the transition, its recovery from perturbations (red arrows) slows down. The latter 
process – critical slowing down – means that autocorrelation rises as the transition approaches. Far 
from the transition, the system does not linger (low autocorrelation), while closer to the transition, the 
system becomes more self-predictive (higher autocorrelation). This can only be observed in intensive 
longitudinal data (or, time series). 

A complex dynamic systems approach provides a compelling answer to the challenges 

we face in pursuit of identifying individuals at risk for psychopathology. Firstly, it does not 

necessitate extensive knowledge about the complex mechanisms that give rise to symptoms 

of psychopathology in order to detect upcoming mental health problems. Rather, a complex 

dynamic systems approach proposes that symptom progression might be anticipated based 

on the dynamics of mental states (i.e., critical slowing down). Secondly, a complex dynamic 

systems approach to psychopathology could allow for anticipating upcoming transitions 

within individuals. This suits the recent trend towards precision (or personalized) psychiatry36: 

rather than group-level findings, a complex dynamic systems approach may yield person-

specific findings that could directly translate to clinical practice. Specifically, it could allow 

for addressing a fundamental question in early intervention settings, namely: how likely is 

this person to develop a mental disorder in the near future? This illustrates a fundamental 

difference between the promise of EWS and existing methods for inferring individuals’ risk 

for psychopathology: whereas existing risk calculators typically yield a static, group-level risk 

estimate (e.g., “on average, young adult males with a current depression have a 0.7% chance 

of developing psychosis in the next year37”), EWS may yield an individual-level, dynamic risk 

estimate (e.g., “this individual’s risk for developing psychosis has increased over the past 

month”). The latter insight has great clinical value, as it may signal at what moment in time 
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1
an intervention is needed.

Particularly youth at risk for mental health problems may have much to gain from 

the inferences that may be drawn from EWS. Vulnerability during this developmental period 

is often still pluripotent, meaning that it can foreshadow a broad range of psychopathological 

symptoms (e.g., depression, anxiety, psychosis, substance use, etc.)27,38. Therefore, we 

hypothesized that EWS could have an additional utility in at-risk youth: besides warning for 

an upcoming transition in mental health, EWS might be warning for the specific types of 

symptoms for which an individual is vulnerable. Identifying vulnerability with such precision 

could facilitate targeted and tailored early interventions. In sum, a complex dynamic systems 

approach to psychopathology promises a novel route to detecting impending mental 

disorders, potentially allowing us to intervene before a downward spiral has set.

Given the clinical promise of EWS, there is a clear relevance for empirically 

investigating complex dynamic systems principles in the context of psychopathology. This 

is challenging, as investigating the dynamics of mental states within individuals requires 

intensive longitudinal data, where individuals monitor their mental state for prolonged 

periods of time. Such data are more difficult to collect compared to filling in a single survey 

in cross-sectional designs, as they require considerable time from both participants and 

researchers. Further, in order to investigate transitions across domains of psychopathology, 

participants who are at increased risk for mental disorders are needed. Only when these 

at-risk individuals regularly monitor their mental states in a period during which transitions 

in their mental health will occur, is it possible to address the question whether the complex 

dynamic systems principles laid out above apply to psychopathology. Four years ago, it was 

still unknown whether the collection of such intensive longitudinal data in at-risk individuals 

would be feasible. It could be, for instance, that individuals are simply not willing or able 

to monitor their thoughts and feelings every day for several months. It could also be that 

certain types of individuals – e.g., those with severe mental health problems, or conversely, 

those who never experienced a mental disorder – are less likely to comply with this type of 

design. This would reduce the usefulness of intensive longitudinal data – and EWS therein 

– to predict the course of psychopathology. Part of this thesis is therefore devoted to the 

practical implications of applying complex dynamic systems principles to mental health: (for 

whom) can we collect the required data?
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This thesis

Group- versus individual-level studies
The current thesis starts with group-level studies – where we compared moment-to-moment 

emotions in youth with varying psychopathological symptom trajectories – and continues 

to within-individual studies – which allow for uncovering processes that happen within 

individuals. As the distinction between group-level (or nomothetic/between-individual) 

studies and individual-level (or idiographic/within-individual) studies will reappear throughout 

this thesis, it warrants a brief clarification. Group-level studies generally investigate whether 

individuals who belong to a specific group (e.g., individuals diagnosed with a disorder) – 

or have a relatively high score on one parameter (e.g., symptoms of psychopathology) – 

differ from others (i.e., those without a diagnosis or with lower symptom severity). Such 

studies may yield, for instance, that individuals with depression have a higher variability 

in their day-to-day emotions compared to individuals without depression. These findings 

can create a profile of what we consider normative or typical, and allow for comparing an 

individual to a benchmark (e.g., is your score on this questionnaire higher than average?). 

Complementary to group-level studies are individual-level studies. Such studies inform on 

processes that occur within individuals, for instance: does your emotional variability rise as 

you become more depressed? Such studies can accommodate the person-specific nature 

of psychopathology, but may come at the cost of limited generalizability across individuals. 

Ultimately, the utility of group- versus individual level studies is determined by the research 

question and inferential goals of a study. 

Outline
Chapters 2 and 3 both address whether emotion dynamics predict future psychopathology 

in adolescents from the general population. These adolescents monitored their emotions 

ten times a day for six consecutive days, which allowed us to compute emotional complexity 

(chapter 2) and inertia (chapter 3). In chapter 2, we investigated whether emotional 

complexity predicts the course of psychopathological symptoms over one year. This study 

was inspired by the notion that complex dynamic systems with high diversity – such as 

ecosystems that consist of many different species – are generally resilient to sudden 

collapses8. As diversity declines, however, systems may become increasingly vulnerable to 

a collapse. If a similar principle holds in the context of mental health, individuals with more 
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1
diverse emotional experiences may be less likely to develop psychopathology compared to 

individuals with less diverse emotions. This would mean that individuals who can experience 

a wide range of emotions – for instance, feeling irritated, ashamed, or disappointed – are less 

vulnerable to future mental health problems compared to individuals who tend to lump all 

emotions into a single mental state – for instance, feeling bad. We assessed such individual 

differences in the complexity of emotional experiences using two measures, namely (i) 

emotional differentiation39, which is well-known in emotion dynamics literature, and (ii) 

emotional diversity40, which resembles measures of diversity in ecosystems. We hypothesized 

that adolescents with lower emotional complexity would be more likely to report worsening 

or persisting symptoms of psychopathology compared to adolescents with higher emotional 

complexity, and that this effect would remain present after accounting for individual 

differences in mean emotionality (i.e., mean levels of negatively valenced emotions). 

 Besides declining diversity, vulnerability in complex dynamic systems can be 

monitored through measures of critical slowing down (i.e., EWS). EWS could therefore be 

considered personalized risk markers for future psychopathology, revealing whether a specific 

individual at a specific moment in time is in need of treatment. Before empirically testing 

this idea, we aimed to replicate a group-level study that provided initial, indirect support 

for the hypothesis that critical slowing down may anticipate transitions in mental health41. 

Specifically, in chapter 3, we investigated whether between-individual differences in the 

autocorrelation of emotions (also called inertia) reported by adolescents from the general 

population predicted symptom changes one year later. Our reasoning was as follows: if rising 

autocorrelations precede a transition in mental health within individuals, this could translate 

to a positive group-level association between autocorrelations and future psychopathology. In 

other words, individuals with high levels of emotional inertia – meaning that emotions return 

to their baseline relatively slowly – were hypothesized to show greater symptom increases 

compared to individuals with lower emotional inertia. Additionally, we aimed to investigate 

whether the hypothesized association between inertia and future psychopathology is more 

pronounced in corresponding emotions and psychopathological domains (e.g., feeling down 

and depression; feeling suspicious and psychosis, etc.). This allowed us to indirectly test the 

idea that EWS may not only indicate whether symptoms are likely to worsen, but also indicate 

the type of symptoms that will worsen. 

  Chapters 2 and 3 were inspired by a complex dynamic systems approach to 

psychopathology. It should be noted, however, that both emotional complexity as well 



571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder
Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022 PDF page: 18PDF page: 18PDF page: 18PDF page: 18

Chapter 1

18

as inertia can also be understood from a more psychological perspective. Low emotional 

complexity, for instance, means that individuals may experience difficulty in labeling and 

regulating their emotions39. Inertia, in turn, could signal an insensitivity to environmental 

cues, which may also complicate emotion regulation42,43. Hence, the emotion dynamics 

that we covered in chapters 2 and 3 are not new to mental health research. The idea that 

these dynamics may change within individuals – as proposed by a complex dynamic systems 

approach to mental health – is, however, relatively new. The remaining chapters of this 

thesis address why it is interesting to monitor such within-individual fluctuations (chapter 

4), whether and for whom this is possible (chapters 5 and 6), and how within-individual 

fluctuations in emotions relate to (in)stability of mental health (chapters 7-10). 

 Firstly, chapter 4 denotes several hypotheses that follow from a complex dynamic 

systems approach to mental health. Specifically, this chapter describes that EWS may foresee 

transitions towards reduced mental health as well as the type of psychopathological symptoms 

about to develop. This idea will be revisited in chapters 9 and 10. Chapter 4 also describes 

the type of design that is necessary to investigate complex dynamic systems principles in 

the context of psychopathology. This chapter thus lays the groundwork for the study that 

we conducted (TRAILS TRANS-ID), which is described in chapter 5. Briefly, TRAILS TRANS-ID 

includes a six-month daily diary study, where at-risk young adults (N=134) monitored their 

mental state every evening for a period of six consecutive months (±183 observations per 

person). In chapter 5, we additionally addressed three assumptions that are typically made, 

but seldomly verified, in intensive longitudinal designs. Chapter 6 provides a more detailed 

picture of the participants recruited in TRAILS TRANS-ID. Specifically, we examined whether 

– and in what way – these individuals differ from (i) individuals from the general population 

and (ii) at-risk individuals who decided not to participate in TRAILS TRANS-ID. Together, 

chapters 5 and 6 provide an extensive description of the intensive longitudinal study that we 

performed and reflect on the types of individuals for whom such designs are suitable. 

The remaining chapters 7-10 of the thesis each provide an illustration of what 

can be done with the data that intensive longitudinal designs yield. These chapters all 

directly address hypotheses that follow from a complex dynamic systems approach to 

psychopathology. First, in chapter 7, we examined the idea of alternate stable states in the 

context of psychopathology. It is typically assumed that such stable states reflect either 

‘mental health’ or ‘mental disorder’, meaning that subthreshold psychopathology is merely 

a transient in-between. We investigated this assumption by considering the stability of 

psychopathological symptoms across levels of severity. Both parameters are based on the 
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intensive longitudinal data we collected in the TRAILS TRANS-ID study. In chapter 8, we 

investigated the transitions between stable states. Specifically, we investigated whether 

sudden drops in mental health – reflecting a transition from a stable state with higher well-

being towards a state with lower well-being – are preceded by EWS. This study provides an 

intra-individual verification of what has indirectly been assessed in chapter 3. In order to 

examine whether EWS were indeed specific to transitions in mental health, we also looked 

for EWS in youth who did not show a drop in their mental health. This allowed us to establish 

the sensitivity, specificity, and predictive value with which EWS precede drops in mental 

health experienced by at-risk youth. In chapter 9, we extended the search for EWS to a 

clinical population, namely patients with bipolar disorder. Here, we analyzed data from 20 

patients with bipolar disorder who provided five assessments of their mental state every day 

for a period of four months (±491 observations per person). For these individuals, transitions 

in mental health do not manifest as drops in mental health, but rather, as relapses into 

manic or depressed episodes. We investigated whether EWS could accurately predict such 

relapses by examining their sensitivity, specificity, and predictive value. Together, chapters 

8 and 9 provide a first, explorative illustration of whether EWS can anticipate transitions in 

psychopathology both in an at-risk population and in a sample of bipolar patients. Finally, 

chapter 10 describes whether the utility of critical slowing down – which is the theoretical 

foundation for EWS – extends beyond indicating the likelihood of a future transition. That 

is, we investigated whether critical slowing down might also inform on the future direction 

of transitions – i.e., whether they involve remission or worsening of symptoms. To this 

end, we examined a dataset wherein principles of critical slowing down were previously 

confirmed30,44 as well as the data collected in the TRAILS TRANS-ID study. For both datasets, 

we used a method developed in ecological literature to examine whether the direction of 

critical slowing matches the direction of symptom progression. 

In sum, this thesis aims to investigate emerging psychopathology from a novel angle, 

namely that of complex dynamic systems. Many of the principles discussed, including the 

potentially protective effects of diversity, critical transitions, critical slowing down, and EWS, 

have a long history in ecological literature8,15. This led to an interdisciplinary effort, where 

I have tried to investigate how principles that were validated in (simulated) ecosystems 

may translate to the field of psychopathology. It is my hope that, after reading this thesis, 

it is clear how complex dynamic systems could reshape the field of psychiatry, how we 

should investigate such principles, and what barriers should be overcome before clinically 

implementing complex dynamic systems principles. 
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Abstract

Background. Emotional complexity (EC) involves the ability to distinguish between distinct 

emotions (differentiation) and the experience of a large range of emotions (diversity). Lower 

EC has been related to psychopathology in cross-sectional studies. This study aimed to 

investigate (i) if EC prospectively predicts psychopathology and (ii) if this effect is contingent 

on stressful life events. In order to further explore EC, the effects of differentiation and 

diversity were compared.

Methods. Adolescents from the general population (N=401) rated eight negatively valenced 

emotions ten times a day for six consecutive days. Further, they completed the Symptom 

Checklist-90 (baseline and one-year follow-up) and a questionnaire on past year’s life 

events at follow-up. Logistic regression analyses tested whether EC – reflected by emotion 

differentiation (intra-class correlation coefficient; ICC) and diversity (diversity index; DI) – 

predicted prognosis (good: remitting/lacking symptoms, vs. bad: worsening/persisting 

symptoms). 

Results. EC predicted prognoses, but only when based on the ICC (OREC.ICC = 1.42, p = .02). 

An ECICC one standard deviation above average increased the probability of good prognosis 

from .67 to .74. This effect was not related to stressful life events (OREC*events = 1.03, p = .86) 

and disappeared when emotion intensity (mean level) was taken into account (OREC = 1.20, 

p = .20). 

Discussion. Predicting future prognosis does not necessitate complex measures of 

emotional experience (ICC, DI) but rather might be achieved through simpler indices 

(mean). The discrepant effects of the ICC and DI on prognosis suggest that impaired emotion 

representation (ICC) plays a more important role in vulnerability to mental ill-health than low 

diversity of emotions (DI). 
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Introduction

Emotional experience can be captured through various concepts, including – but not limited 

to – emotion differentiation (i.e., the ability to distinguish between different emotions1) 

and emotional diversity (i.e., the ability to experience a wide range of emotions2). Together, 

these concepts describe the complexity of one’s emotional experiences3–5. High emotional 

complexity (EC) indicates that individuals experience a large number of diverse, fine-grained 

emotions. This is considered adaptive, because a detailed representation of emotions might 

facilitate dealing with them1. Indeed, whereas high EC has been linked to well-being6,7 

and social adjustment3, low EC may lead individuals to feel overwhelmed and to employ 

maladaptive coping strategies8. This might eventually contribute to the development 

of various psychopathological symptoms. For instance, individuals with depression9 or 

depressive symptoms2,10, social anxiety disorder11 and borderline personality disorder12 have 

reported lower EC in negative affective states than have healthy controls.

Whereas the cross-sectional association between EC and psychopathological 

symptoms is well-established, the relation between EC and future symptoms has not yet 

been investigated. Yet, a better understanding of the prospective association between EC and 

psychopathology could provide meaningful clinical insights. For instance, if EC prospectively 

predicts the development of symptoms, interventions that improve EC could be speculated 

to lower one’s vulnerability to psychopathology. This assumes that EC is malleable, which 

may indeed be the case. Specifically, it was recently suggested that repeatedly monitoring 

one’s affective states, for instance through keeping an electronic diary, may increase emotion 

differentiation13. Before the promises of such interventions are to be tested, however, the 

association between EC and psychopathological symptoms needs to be determined in a 

longitudinal design14.

The few longitudinal studies into EC conducted so far have focused on moment-to-

moment fluctuations in affective states, stressful experiences and psychopathology. These 

studies indicated that interactive effects between EC and stress might contribute to short-

term increases in symptom severity14,15. Specifically, poor EC may simultaneously follow from 

daily life stress exposure14 and exacerbate its short-term impact on symptom severity15. EC 

may thus affect momentary levels of symptom severity, which is particularly apparent in the 

context of daily life stress (e.g., daily hassles). Whether these effects generalize to a more 

global level, involving long-term worsening of symptoms following more severe stressors 
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(e.g., major life events, such as loss), has not yet been investigated. Yet, these long-term 

effects of EC at least partly determine its clinical relevance, and therefore warrant closer 

inspection. 

Earlier studies into the role of EC in mental ill-health typically addressed only one 

aspect of EC – either emotion differentiation or emotional diversity. Emotion differentiation 

has been operationalized as the ICC1. According to the ICC, low EC means that a change 

in one emotion (e.g., feeling down) coincides with changes in other emotions (e.g., feeling 

anxious, lonely, etc.). High EC, in contrast, occurs when emotions seem to be independent 

of one another (low ICC). A focus on emotion diversity instead of emotion differentiation 

as a source of EC proposes an alternative measure of EC, namely the diversity index (DI). 

According to this measure, not the covariance of emotions, but rather the number of 

emotions that individuals experience, is informative of mental ill-health. The DI suggests 

that it might be more adaptive when negative emotionality spreads across a large number 

of emotions (i.e., feeling both down, anxious, and lonely) than when it is aggregated into 

one single emotion (i.e., feeling down, without feeling anxious or lonely). This builds on the 

idea that emotional systems might behave similar to other systems, and thus, benefit from 

diversity2,16. In conclusion, the ICC and DI emphasize distinct aspects of EC but have never 

been directly compared, which raises the question which facet of EC is most appropriate in 

the context of psychopathology. 

The present study will investigate whether EC – reflected in both emotion 

differentiation (ICC) and emotion diversity (DI) – is predictive of future prognosis in terms 

of psychopathology. We focus exclusively on the complexity of emotions with negative (as 

opposed to positive) valence because the dynamics of negatively valenced emotions might 

be more informative of mental ill-health than the dynamics of positive emotions17. Further, 

the putative mechanism that underlies the link between EC and mental ill-health was only 

found for negative emotions1. Our second aim was to investigate whether stressful life 

events moderate the association between EC and future prognosis. Finally, as mean levels 

of emotions have recently been shown to outperform metrics related to the dynamics of 

emotions – including EC – in terms of their predictive utility, it is important to verify whether 

the hypothesized associations remain present after accounting for emotion intensity18. 

Hence, our final aim was to examine whether the predictive utility of EC extends beyond that 

of emotion intensity.
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Methods

Participants
Data were retrieved from the TwinssCan study19, which comprised a subset of a registered 

cohort of twins from the general population (i.e., East Flanders Prospective Twin Survey)20,21. 

The study included N=839 twins, most of whom were between 15 and 18 years old. The 

TwinssCan study was approved by the local Ethics Committee and all subjects provided 

written informed consent. For minors, parents provided additional written consent.

Experience sampling method
At baseline, participants provided repeated daily assessments of affective states, which were 

acquired through the experience sampling method (ESM). The ESM involved questionnaires 

which were administered through PsyMates© (electronic devices22). The PsyMate was 

programmed to emit a beep-signal at ten semi-random time intervals within 90-minute 

blocks ranging from 7:30 AM to 10:30 PM for six consecutive days. The beep signal prompted 

participants to fill in a questionnaire concerning their current affective state (e.g., “To what 

extent do you feel lonely?”). In total, 13 affective states (8 negatively valenced, 5 positively 

valenced) were rated on a 7-point Likert scale ranging from ‘not at all’ to ‘very much’ (see 

supplement 2.1 List of ESM items). For analyses, the data pertaining to negative affective states 

(feeling lonely, anxious, irritated, listless, suspicious, down, insecure, guilty) were selected. 

To ensure reliability and validity of these ratings, questionnaires that were completed more 

than 15 minutes after the beep were coded as missing23. 

Emotional complexity
EC was inferred from the differentiation (assessed by the within-person ICC) and diversity 

(assessed by the DI) of negatively valenced emotions. According to the ICC, optimal EC 

occurs when emotions do not fluctuate in a coordinated fashion. This measure emphasizes 

the covariance – rather than the absolute ratings – of emotions and requires repeated 

assessments of multiple emotions. In contrast, the DI proposes that optimal EC occurs when 

emotions are distributed evenly within time points. This measure emphasizes the number 

and relative abundance (i.e., the proportional intensity) of emotions that individuals report, 

and can be computed based on a single assessment of multiple emotions2. 
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Intraclass Correlation Coefficient (ICC)

The ICC quantifies the covariance (consistency ICC) or the equivalence (agreement ICC) in 

repeated, self-reported ratings of emotions24. Whereas the consistency ICC regards emotions 

as differentiated when they do not change synchronously (regardless of their absolute score), 

the agreement ICC regards emotions as differentiated when they are given different absolute 

scores. In the context of emotion differentiation, the consistency ICC has been favored over 

the agreement ICC and we therefore investigated the former25.

The ICC is computed by decomposing the variance in emotion ratings into the 

variance explained by time points (MStime), variance explained by individual emotions, and 

residual variance that is explained by neither time points nor emotions (MSresidual; formula 

1). Put differently, the ICC reflects the amount of variance in emotion ratings that can be 

attributed to the similarity between those ratings24. In the absence of variability in emotion 

ratings across time (e.g., because an individual never reports feeling lonely), the variance 

that is explained neither by time nor by emotions (MSresidual) can exceed the variance that 

is explained by time (MStime). As a consequence, ICCs can be negative. Yet, negative ICC 

estimates are theoretically impossible and uninterpretable14 and are therefore commonly 

set to zero13,26. Finally, to allow for between-person comparisons, ICCs were normalized by 

Fisher’s Z transformation27. ICC values were reversed for ease of interpretation, meaning that 

high values are indicative of high EC and vice versa6,14.

ICC =
𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 − 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑟𝑟𝑟𝑟𝑡𝑡𝑡𝑡𝑟𝑟𝑟𝑟𝑡𝑡𝑡𝑡𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟𝑟

𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
 

Formula 1. Note that computation of the ICC requires variability along two dimensions, namely 
emotions (e.g., feeling lonely, anxious, etc.) and time. For details concerning the computation of mean 
squares (MS), see Field28.

Diversity Index (DI)

The DI reflects the number of emotions that are experienced (i.e., richness of emotions) 

and relative abundance of each individual emotion (i.e., evenness of emotions), and was 

averaged across time points to derive a single estimate for each individual2,5. In formula 2, 

pk,t denotes the rating of emotion k at time point t divided by the total intensity of negative 

emotions at time point t (i.e., the sum of emotion ratings at t). This ratio – indicative of the 

relative abundance of emotion k – was computed for each of n time points, and each of s 

emotions. The product of pk,t and its natural logarithm were then multiplied by  -1, summed 

and averaged across time points5. High values indicate high EC. 
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DI =
1
𝑛𝑛𝑛𝑛
���−1 ∗  𝑝𝑝𝑝𝑝𝑘𝑘𝑘𝑘,𝑡𝑡𝑡𝑡 ∗ ln�𝑝𝑝𝑝𝑝𝑘𝑘𝑘𝑘,𝑡𝑡𝑡𝑡��

𝑟𝑟𝑟𝑟

𝑘𝑘𝑘𝑘=1

𝑛𝑛𝑛𝑛

𝑡𝑡𝑡𝑡=1

 

Formula 2. Note that computation of the DI requires variability along one dimension, namely emotions. 

Assessment of psychopathology
At baseline and at one year follow-up, participants completed the Symptom Checklist-90 

(SCL-90)29. The SCL-90 consists of 90 items that are rated on a 5-point Likert scale ranging 

from ‘not at all’ (score 0) to ‘very often/always’ (score 4; e.g., “During the last week, I felt 

empty”). Future psychopathology – the outcome of interest – could be conceptualized 

as baseline-corrected symptom severity at follow-up. Yet, this would confuse persistently 

symptomatic with persistently a-symptomatic individuals: both groups may report small 

absolute changes in symptom severity, yet they have opposite prognoses. Hence, future 

psychopathology was operationalized as the dichotomous prognosis (good vs. bad) rather 

than a continuous estimate of symptom change. This allowed for interpreting a change in 

symptom severity in the context of baseline psychopathology. Prognosis was based on the 

total SCL-90 score, or global severity index (GSI), at baseline and follow-up (cf. Schauenburg 

and Strack30). A change in GSI was considered substantial if it exceeded the reliable change 

index (RCI) reported by Schauenburg and Strack30. Depending on whether the baseline GSI 

was below or above the cut-off of 0.57, the RCI was equal to 0.16 or 0.43, respectively30. 

An increase in GSI that exceeded the RCI was defined as a bad prognosis. Additionally, a 

baseline GSI above cut-off (0.57) in absence of a reliable change was considered indicative of 

a bad prognosis. Good prognosis was defined as a decrease in GSI that exceeded the reliable 

change index or a baseline GSI below cut-off in absence of reliable change. 

Assessment of stressful life events
At follow-up, participants completed a Life Events Questionnaire (LEQ), which was based 

on the Interview for Recent Life Events31. The LEQ lists 61 events that cover the following 

domains: work; education; finance; health; bereavement; migration; courtship, marriage 

and cohabitation; legal; family and social relationships. Participants reported whether these 

events occurred in the past year, and if so, rated their impact on a 5-point Likert scale ranging 

from ‘very pleasant’ to ‘very unpleasant’. Events that were rated as unpleasant (4) or very 

unpleasant (5) were counted, resulting in a score that reflected the number of stressful life 

events experienced between baseline and follow-up. 
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Analyses
Two separate multilevel logistic regression analyses were used to assess whether EC – 

reflected in the ICC or DI, respectively – predicted prognosis, accounting for similarities 

between individuals from the same family. Second, we explored the interaction effect of EC 

and stressful life events on prognosis. Analyses were conducted in R32 (version 1.1.453).

Results

Analyses included those individuals for whom (i) at least 30 (50%) affect ratings were 

available23 and (ii) both baseline and follow-up ratings on symptom severity were available, 

resulting in N=401. Included participants were slightly older (mean age 17.8 years vs. 17.0 

years, t(739) = 3.32, p < .01) and less likely to be male (34% vs. 46% males, χ2(1) = 13.47, 

p < .01) than excluded participants (N=438). Baseline symptom severity did not differ 

significantly between in- and excluded participants (mean GSI 0.49 vs. 0.47, t(808) = 0.67, p 

= .50). Attrition did not compromise power, which was estimated post-hoc. Specifically, we 

created 100 simulations of data with 401 individuals from 238 families, a random intercept 

variance of 0.10 and a single predictor with a small effect size (Cohen’s d = 0.20)33. In all 

simulations, the effect of the predictor (e.g., ED) was detected (power > .99).

Table 2.1. Sample characteristics
Descriptive M (SD) N (%)
Total sample size 401
Monozygotic twins; dizygotic twins; triplets; siblings 147 (37); 224 (56); 9 (2); 21 (5)
Male participants 135 (34)
Age in years 17.8 (4.0)
Life events 2.65 (1.19)
Completed ratings 45 (7.7)
Baseline SCL-90 GSI 0.49 (0.39)
Participants above SCL-90 GSI cutoff at baseline 114 (28)
Follow-up SCL-90 GSI 0.43 (0.35)
Participants above SCL-90 GSI cutoff at follow-up (%) 99 (25)
Prognosis (good; bad) 267 (67); 134 (33)
Negative emotions 1.70 (0.51)
Positive emotions 4.90 (0.71)
Note. GSI = global severity index (cut-off: 0.57). SCL-90 = Symptom Checklist 90. SD = standard 
deviation.
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Table 2.2. Correlation between emotional complexity (differentiation, diversity), mean negative 
emotions, and life events

Diversity (DI) Mean negative emotions Life events
Differentiation (ICC) .12 (p = .02) -.32 (p < .01) -.08 (p = .12)
Diversity (DI) -.37 (p <.01) <.01 (p = .92)
Mean negative emotions .15 (p < .01)
Note. Data refer to Pearson correlation coefficients. DI = diversity index. ICC = intra-class correlation 
coefficient. 

On average, individuals completed 45 (75%) affect ratings. In terms of psychopathology, 

most participants improved from baseline to follow-up, with 83 individuals (21%) who 

reported a reliable decrease in symptoms (i.e., a reduction in GSI that exceeded the reliable 

change index) and 184 individuals (46%) with GSI scores below the cut-off at baseline whose 

symptoms did not reliably change (for details concerning subscale scores, see supplement 

2.2 Subscale scores SCL-90). Hence, 267 individuals (67%) were considered to have a good 

prognosis (see Table 2.1). The remaining 134 individuals (33%) either reported a reliable 

increase in symptoms (N=63, 16%) or a baseline GSI score above cut-off without reliable 

change (N=71, 18%), and were thus considered to have a bad prognosis. Prognosis was 

unrelated to sex (χ2(1) = 2.19, p = .14) or age (t(399) = 0.57, p = .57).

The product-moment correlations between differentiation, diversity, intensity, and 

life-events were small to moderate (see Table 2.2). On average, the probability of a good 

prognosis was .67. In models with the ICC as a measure of EC (see Table 2.3, models 1-3), 

higher EC increased the probability of a good prognosis (model 1: OREC = 1.42, p = .02). 

There was no interaction effect between EC and stressful life events on prognosis (model 

2: OREC*events = 1.03, p = .86). The effect of EC on prognosis disappeared after accounting for 

the mean levels of negative emotions (model 3: OREC = 1.20, p = .20)a. Specifically, for an 

individual in an average family with an average EC, one standard deviation increase in mean 

negative emotions lowered the probability of a good prognosis from .67 to .57. In models 

where EC was assessed by the DI (Table 2.3, models 4-6), EC did not affect prognosis as a 

single predictor (model 4: OREC = 1.15, p = .22), or in interaction with life events (model 5: 

OREC*events = 0.97, p = .79), or after controlling for mean levels of negative emotions (model 6: 

a Removal of the 22 individuals (5%) for whom ICC values were negative, and hence set to zero13,14,26, 
did not change the results (supplement 2.3 Sensitivity analysis complete sample).  
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OREC = 0.96, p = .74). Sensitivity analyses using continuous instead of dichotomized measures 

of symptom severity produced similar results, although the effect of EC on future symptoms 

was not statistically significant (supplement 2.4 Sensitivity analysis continuous outcome). 

Table 2.3. Results of multilevel logistic regression analyses with prognosis as outcome
Model OR [95% CI] p Probability of 

good prognosis
Conditional 
R2

VIF

Model 1. EC (ICC) .07
EC 1.42 [1.06, 1.89] .02 .74

Model 2. EC (ICC) and life events .06
EC 1.40 [1.05, 1.87] .02 .74 1.02
Life events 0.83 [0.67, 1.03] .10 .63 1.07
EC X life events 1.03 [0.75, 1.42] .86 .68 1.08

Model 3. EC (ICC) and mean negative 
emotions

.08

EC 1.20 [0.91, 1.59] .20 .71 1.08
Mean negative emotions 0.65 [0.52, 0.82] <.01 .57 1.08

Model 4. EC (DI) .04
EC 1.15 [0.92, 1.43] .22 .70

Model 5. EC (DI) and life events .04
EC 1.14 [0.91, 1.43] .25 .70 1.07
Life events 0.81 [0.65, 1.00] .05 .62 1.00
EC X life events 0.97 [0.78, 1.21] .79 .66 1.07

Model 6. EC (DI) and mean negative 
emotions

.07

EC 0.96 [0.76, 1.22] .74 .66 1.12
Mean negative emotions 0.61 [0.48, 0.77] <.01 .55 1.12

Note. EC was assessed by the ICC (models 1-3) or DI (models 4-6). The OR reflects the increase in the 
odds of a good prognosis (relative to the odds of a bad prognosis) following a one standard deviation 
increase in the predictor for the average family, holding other predictors in the model constant. The 
inverse logit of the OR returns the probability of a good prognosis following a one standard deviation 
increase in the predictor for the average family. The conditional R2 illustrates the amount of variance 
explained by the model. CI = confidence interval. DI = diversity index. EC = emotional complexity. ICC 
= intra-class correlation coefficient. OR = odds ratio. VIF = variance inflation factor (values > 5 are 
indicative of multicollinearity)34.
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Discussion

The present study investigated, for the first time, the prospective effects of EC on 

psychopathology at one-year follow-up while comparing two measures of EC (i.e., emotion 

differentiation and emotion diversity). We found that low EC predicts an increased risk for 

future worsening or continuation of psychopathological symptoms when EC is based on the 

covariance of emotions (ICC), but not when EC is based on the diversity of emotions (DI). 

The significant effect of ICC was not contingent on the experience of stressful life events. 

Irrespective of its operationalization, lower EC coincided with a heightened intensity of negative 

affective states. This rendered the unique effect of EC (assessed by the ICC) on prognosis non-

significant after controlling for the intensity of negative emotions. In conclusion, predicting 

future prognosis might not necessitate complex measures of emotional experience (the ICC 

and DI) but rather might be achieved through more parsimonious measures such as mean 

affect levels18. Nevertheless, the discrepant effects of the ICC and DI on prognosis do provide 

insight in the emotional processes that might contribute to individual differences in mental 

health. Specifically, intact emotion representation (ICC) might be more important for mental 

health than the richness and evenness of emotions (DI). 

The extent to which emotions co-vary – assessed by the ICC – might reveal how 

emotions are represented and regulated35. A high covariance between negative emotions 

suggests that individuals represent their emotions on a single dimension, ranging from 

pleasant to unpleasant. This suggests little explicit emotion knowledge, meaning that 

individuals with low EC (indexed by a high ICC) might have limited awareness not only of the 

distinction between different emotions, but also of the causes of emotional experiences, the 

expression of emotions, and the strategies for regulating emotions1. Since such awareness 

may aid adequate coping with stressful situations, strongly co-varying emotions might 

predispose individuals to mental ill-health. In contrast, whether or not emotions are evenly 

distributed at single moments – assessed by the DI – appears to be uninformative of future 

psychopathology. This could mean that the analogy between ecosystems – which benefit 

from diversity – and emotional systems does not hold. In ecosystems, the domination of 

one species is potentially detrimental because species sustain each other and thereby 

preserve the system16. In emotional systems, in contrast, such symbiotic relations are 

implausible. Feeling down, for instance, does not rely on feeling anxious in the same way 

as a population of foxes relies on a population of rabbits. In conclusion, our findings suggest 
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that reduced emotion representation – indexed by strongly co-varying emotions – is more 

likely to underlie mental ill-health than low emotional diversity – indexed by the tendency to 

aggregate negative emotionality into a small number of emotions. Further, as the ICC and DI 

were largely unrelated, mentally representing a wide range of emotions (ICC) does not seem 

to result in reporting all these emotions to equal extent (DI). The independence between 

the ICC and the DI may suggest that EC primarily covers emotion differentiation rather than 

diversity.

 In principle, EC – whether indexed by the ICC or DI – is independent of the absolute 

ratings on emotions. In practice, however, low EC co-occurs with heightened affect intensity 

(see Table 2.2). This has been reported in earlier studies as well6,18 – although contrasting 

findings have also been published10,15. The association between emotion complexity and 

intensity might have several reasons. First, negative emotions reported by individuals from 

the general population might show floor effects, meaning that there is little variability over 

time18. This might lower the covariance between emotions (and hence, limit the ICC), leading 

to a negative association between EC (assessed by the reversed ICC) and emotion intensity. 

Second, high levels of negative affect may go together with a tendency to over-generalize 

affective states36. For instance, depressed individuals typically describe their emotions in a 

non-specific, undifferentiated manner (e.g., “I feel terrible”). Low EC and emotion intensity 

may thus be manifestations of the same construct, which could closely resemble neuroticism. 

Indeed, neuroticism not only relates to heightened negative emotion intensity37 but also to 

low complexity of negative emotions37,38, and seems to play an important role in individuals’ 

vulnerability for mental ill-health39–41. 

It is possible that adverse emotional experience impacts mental health particularly 

in times of stress. In line with this reasoning, we hypothesized that the adverse effects of 

low EC on prognosis would be most pronounced when adaptive emotion regulation is most 

essential, that is, in the face of stressful life events25. Results did not support this hypothesis, 

suggesting that the interaction between EC and stress on psychopathology might be 

restricted to smaller (i.e., moment-to-moment) timescales14,42. However, the current design 

– where EC was measured at baseline and stressful life events were assessed in the ensuing 

year – might have limited our ability to test the interaction effect between EC, life events, 

and psychopathology. A design that measures EC and life events concurrently might be more 

suitable for investigating whether the effect of EC on mental health is contingent on stressful 

life events. 
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Strengths, limitations and future directions
The evaluation of two unrelated measures of EC (the ICC and DI) provided an improved 

understanding of the aspects of EC that are most informative of mental ill-health. Two 

other strengths of the current study are its prospective design, which allowed us to extend 

the existing cross-sectional findings on EC, and its considerable sample size (N=401), 

which allowed us to detect even small effects. As a result of this power, we found small 

but significant differences in age and sex distribution between lost (N=438) and retained 

participants. As both factors are unrelated to EC10,43 and the difference between groups was 

small (i.e., retained participants: 10 months older, 12% less males), selection bias is unlikely 

to have affected our findings. A first limitation of the present study concerns the fact that – 

similar to earlier studies – we inferred EC from ratings on eight fixed emotions. This allowed 

for comparing ratings across individuals, but inevitably put constraints on the number of 

emotions individuals reported. In line with this, it has been suggested that designs where 

individuals can report the emotion(s) they experience without pre-defined labels composed 

by researchers might be more suitable for investigating EC25. Such designs could particularly 

support the predictive utility of the DI, which has a limited range in designs with a fixed 

number of emotions44. However, non-standardized formats for reporting emotions also 

challenge group-level analyses. As a second limitation, our sample was retrieved from the 

general population, suggesting that the worsening or persistence of symptoms (indicative 

of a bad prognosis) might not have the same clinical relevance as the symptoms reported 

in clinical samples9,11,13,43,45. This might have compromised the association between EC and 

prognosis. Finally, we could not address whether and how EC changes over time. Investigating 

such changes might allow for disentangling emotional complexity from intensity. Further 

research might aim to delineate the boundary conditions for the association between EC and 

psychopathology and illustrate the dynamic associations between EC, affect intensity, and 

psychopathology. 

Conclusions
We showed that the role of emotion complexity in mental ill-health is conditional on 

covariance of emotions, rather than the extent to which negative emotionality is evenly 

distributed across emotions. Further, both higher intensity and lower complexity of negative 

emotions mark a vulnerability for the persistence or worsening of psychopathological 

symptoms. However, intensity seems to suffice when predicting prognosis. Replication of the 
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current findings is needed in order to disentangle emotional intensity and complexity in the 

context of psychopathology. Finally, we found no evidence that stressful life events enhance 

the association between emotional complexity and future prognosis, although this requires 

further research. 
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Supplement 2

2.1 List of ESM items 
The ESM questionnaire contained 13 items on affective states, of which 5 items were 

positively valenced and 8 items were negatively valenced. Only the negatively valenced items 

– marked with ● – were used for analysis. 

I feel cheerful

I feel relaxed

I feel satisfied

I feel enthusiastic

I feel energetic

● I feel insecure

● I feel lonely

● I feel anxious

● I feel irritated

● I feel listless

● I feel suspicious

● I feel down

● I feel guilty

Note that the ESM questionnaire also incorporated items on event appraisal (e.g., “How 

pleasant was today’s most pleasant event?”), psychopathological symptoms (e.g., “To what 

extent are you afraid of losing control?”), self-esteem (e.g., “To what extent are you satisfied 

with yourself?”), activity and social company, and physical experiences (e.g., “To what extent 

are you feeling hungry?”). These items are not listed here because they are not relevant for 

the current study.

 



571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder
Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022 PDF page: 40PDF page: 40PDF page: 40PDF page: 40

Chapter 2

40

2.2 Subscale scores SCL-90

Table S2.1. SCL-90 subscale scores

Subscale Mean (standard deviation) 
baseline

Mean (standard deviation) 
follow-up

Sleeping problems 0.80 (0.79) 0.76 (0.81)
Inadequacy of thinking and acting 0.70 (0.54) 0.62 (0.51)
Depression 0.55 (0.53) 0.48 (0.46)
Interpersonal sensitivity 0.53 (0.47) 0.45 (0.42)
Somatic complaints 0.48 (0.44) 0.45 (0.47)
Hostility 0.41 (0.46) 0.36 (0.36)
Anxiety 0.41 (0.46) 0.34 (0.43)
Agoraphobia 0.19 (0.36) 0.14 (0.30)

2.3 Sensitivity analysis complete sample 

Table S2.2. Multilevel logistic regression analyses based on sample without individuals whose ICC value was 
negative (N=22), resulting in N=379

OR [95% CI] p Probability 
good prognosis

Conditional 
R2

VIF

Model 1. EC (ICC) .13
EC 2.44 [1.75-3.39] <.01 .86

Model 2. EC (ICC) and life events .08
EC 
Life events

2.70 [1.26-5.79]
0.95 [0.71-1.28]

.01

.74
.87
.70

1.20
1.87

EC X life events 1.57 [0.76-3.28] .23 .79 1.96
Model 3. EC (ICC) and mean negative emotions .10

EC 
Mean negative emotions

1.60 [0.76-3.37]
0.66 [0.52-0.84]

.21
<.01

.78

.59
1.09
1.09

Model 4. EC (DI) .05
EC 1.19 [0.94-1.51] .15 .70

Model 5. EC (DI) and life events .05
EC 
Life events

1.19 [0.93-1.51]
0.81 [0.65-1.01]

.16

.06
.70
.61

1.04
1.00

EC X life events 0.97 [0.77-1.23] .81 .65 1.04
Model 6. EC (DI) and mean negative emotions .08

EC 
Mean negative emotions

1.01 [0.78-1.29]
0.62 [0.49-0.79]

.97
<.01

.67

.55
1.09
1.09

Note. EC was operationalized as the ICC (models 1-3) or DI (models 4-6). The OR reflects the increase in the 
odds of a good prognosis (relative to the odds of a bad prognosis) following a one standard deviation increase 
in the predictor for the average family, holding other predictors in the model constant. The inverse logit of 
the OR returns the probability of a good prognosis following a one standard deviation for the average family. 
The conditional R2 illustrates the amount of variance explained by the model. CI = confidence interval. DI = 
diversity index. EC = differentiation of negative affective states. ICC = intra-class correlation coefficient. OR = 
odds ratio. VIF = variance inflation factor (values > 5 are indicative of multicollinearity34). 
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2.4 Sensitivity analysis continuous outcome
For the analysis described in the main text, we converted a continuous measure (symptom 

severity at baseline and follow-up, quantified by the global severity index (GSI) of the SCL-

90) into a dichotomous variable (good vs. bad prognosis). This was done in order to account 

for the fact that small absolute changes in symptom severity can signal both benign (in case 

of low baseline symptom severity) and adverse (in case of high baseline symptom severity) 

symptom trajectories. In other words, analyses based on continuous measures of symptom 

severity would have treated persistently symptomatic and persistently a-symptomatic 

individuals as identical. 

To explore the effects of analyzing symptom severity as a dichotomous rather 

than continuous measure, we re-ran our analyses with a continuous outcome (Table S2.3). 

Specifically, multilevel models were run to assess whether follow-up GSI could be predicted by 

(i) baseline GSI, (ii) emotional complexity – reflected in emotion differentiation and diversity 

(model 1, 4), (iii) the interaction between emotional complexity and life events (model 2, 5) 

and (iv) emotional complexity, accounting for the effect of emotion intensity (model 3, 6). 

To prevent erroneously grouping persistently symptomatic and a-symptomatic individuals – 

who both report small changes in symptom severity, yet have different clinical profiles – we 

excluded individuals who reported persistent symptoms (N=71) from analyses, resulting in 

N=330. As denoted in Table S2.3, the effect of EC (ICC) on follow-up symptoms corrected 

for baseline symptoms was not statistically significant (β = -0.02, p = .10). This might be due 

to the fact that baseline and follow-up symptoms were moderately correlated (r = .42, p < 

.01), leaving relatively little variance in follow-up symptoms left to be explained by emotional 

complexity.
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Table S2.3. Multilevel analyses based on sample without individuals with persistent above-threshold 
symptoms (N=71), resulting in N=330

β [95% CI] p Conditional R2 VIF

Model 1. EC (ICC) .22
EC -0.02 [-0.05-0.00] .10 1.04

Model 2. EC (ICC) and life events .32
EC 
Life events

-0.02 [-0.05-0.00]
0.05 [0.02-0.08]

.11
<.01

1.16
1.05

EC X life events -0.01 [-0.04-0.02] .58 1.12
Model 3. EC (ICC) and mean negative 
emotions

.24

EC 
Mean negative emotions

-0.01 [-0.04-0.01]
0.05 [0.01-0.08]

.36
<.01

1.11
1.31

Model 4. EC (DI) .21
EC 0.00 [-0.03-0.03] .96 1.04

Model 5. EC (DI) and life events .30
EC 
Life events

0.00 [-0.03-0.03]
0.05 [0.02-0.08]

.92
<.01

1.14
1.05

EC X life events 0.01 [-0.02-0.04] .41 1.11
Model 6. EC (DI) and mean negative 
emotions

.23

EC 
Mean negative emotions

0.02 [-0.01-0.05]
0.06 [0.02-0.10]

.29
<.01

1.18
1.39

Note. EC was operationalized as the ICC (models 1-3) or DI (models 4-6). P-values were estimated 
using Satterthwaites approximations. For readability, the effect of baseline GSI was omitted from the 
model results. CI = confidence interval. DI = diversity index. EC = emotional complexity. ICC = intra-class 
correlation coefficient. VIF = variance inflation factor (values > 5 are indicative of multicollinearity34).
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Abstract

Background. Despite the increasing understanding of factors that might underlie psychiatric 

disorders, prospectively detecting shifts from a healthy towards a symptomatic state has 

remained unattainable. A complex systems perspective on psychopathology implies that such 

symptom shifts may be foreseen by generic indicators of instability, or early warning signals 

(EWS). EWS include, for instance, increasing variability, covariance, and autocorrelation in 

momentary affective states – of which the latter was studied. The present study investigated 

if EWS predict (i) future worsening of symptoms as well as (ii) the type of symptoms that 

will develop, meaning that the association between EWS and future symptom shifts would 

be most pronounced for congruent affective states and psychopathological domains (e.g., 

feeling down and depression). 

Methods. A registered general population cohort of adolescents (mean age 18 years, 

36% males) provided ten daily ratings of their affective states for six consecutive days. 

The resulting time series were used to compute EWS in feeling down, listless, anxious, not 

relaxed, insecure, suspicious, and unwell. At baseline and one-year follow-up, symptom 

severity was assessed by the Symptom Checklist-90 (SCL-90). We selected four subsamples 

of participants who reported an increase in one of the following SCL-90 domains: depression 

(N=180), anxiety (N=192), interpersonal sensitivity (N=184), or somatic complaints (N=166). 

Results. Multilevel models showed that EWS in feeling suspicious anticipated increases in 

interpersonal sensitivity, as hypothesized. EWS were absent for other domains. Although 

the association between EWS and symptom increases was restricted to the interpersonal 

sensitivity domain, post-hoc analyses showed that symptom severity at baseline was related 

to heightened autocorrelations in congruent affective states for interpersonal sensitivity, 

depression, and anxiety. This pattern replicated in a second, independent dataset.

Conclusions. The presence of EWS prior to symptom shifts may depend on the dynamics 

of the psychopathological domain under consideration: for depression, EWS may manifest 

only several weeks prior to a shift, whereas for interpersonal sensitivity, EWS may already 

occur one year in advance. Intensive longitudinal designs where EWS and symptoms are 

assessed in real-time are required in order to determine at what timescale and for what type 

of domain EWS are most informative of future psychopathology.



571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder
Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022 PDF page: 49PDF page: 49PDF page: 49PDF page: 49

Early warning signals in psychopathology: what do they tell?

49

3

Introduction

Psychiatric disorders affect approximately 1 in 4 individuals at some point in their lives1. 

Given the burden associated with such disorders, preventing their onset and progression 

may substantially improve individuals’ well-being. Traditionally, the quest for prevention 

has been pursued through understanding the risk factors and mechanisms that may give 

rise to psychopathology2. At present, numerous risk factors have been proposed. Yet, the 

complexity of the mechanisms by which they contribute to psychopathology challenge 

accurate identification of who is when at risk for developing symptoms. This calls for a novel 

perspective on psychopathology.

A complex systems perspective may answer this call3–5. According to this perspective, 

sudden shifts – including increases in psychiatric symptoms – may be understood regardless 

of our limited insight in the mechanisms that cause them. The underlying premise is that 

psychopathology can be described by distinct equilibrium states featured by absent/mild 

or severe symptoms, respectively. Shifts between these equilibria, marking the onset or 

remittance of symptoms, may occur in an abrupt, stepwise fashion rather than gradually6,7. 

The likelihood of such shifts depends on the system’s stability8. In a stable system, temporary 

departures from equilibrium caused by small environmental perturbations are met with 

regulatory processes that quickly restore the equilibrium. In other words, stressful events 

(perturbations) may cause brief increases in symptoms (departure from equilibrium), 

followed by remission of these symptoms (return to equilibrium). As instability increases, the 

system’s resilience against perturbations declines, and consequently, a shift towards another 

equilibrium (e.g., presence of symptoms) becomes more likely9,10. Exposing a system’s 

instability might thus allow us to foresee sudden shifts from absent/mild to more severe 

symptoms. 

Empirical support for complex systems principles in psychopathology was provided 

by studies that confirmed that markers of instability – specifically, critical fluctuations – indeed 

predict symptom shifts11–13. The present chapter does not discuss critical fluctuations8,11,14–16, 

but rather focuses on critical slowing down as a marker of instability. Critical slowing down 

refers to an increasingly slowed return to equilibrium10,17. Because of their ability to warn 

for an upcoming shift to an alternate equilibrium state, indicators of critical slowing down 

have been referred to as early warning signals (EWS)10. EWS include, for instance, increasing 

variability, covariance, and autocorrelation, as well as multivariate extensions of such 
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metrics18. Because autocorrelations are relatively robust EWS and have been established 

previously in observational, psychological data4,5,19, the remainder of this chapterb will focus 

on this metric9,10,17,19. In the context of psychopathology, autocorrelations refer to the degree 

to which an individual’s current affective state (e.g., feeling down) is predictive of his/her 

future affective state4,20–22. When autocorrelations are high, temporary rises in an affective 

state in response to a stressful event (e.g., feeling down after failing a test) persist over time. 

This resistance to change in affective states prevents the system from quickly returning to its 

equilibrium state (e.g., absence of symptoms, and hence, not feeling down)20,23–25. A complex 

systems perspective on psychopathology thus proposes that elevated autocorrelations in 

momentary affective states might warn for an upcoming shift in symptoms. Such shifts can 

theoretically reflect either a decrease or an increase in symptoms4, although most research 

so far has focused on increases in symptoms. 

Earlier studies have provided indirect support for EWS in psychopathology by showing 

that increased autocorrelations in affective states might cross-sectionally relate to several 

maladaptive characteristics, including low self-esteem24,25, neuroticism23, and the presence 

of psychiatric disorders20,21,24,26,27. These studies raised two compelling questions. Specifically, 

it remained unclear (i) whether autocorrelations in affective states also prospectively predict 

psychopathology – as would be expected from complex systems principles, and (ii) whether 

the predictive utility of autocorrelations extends beyond that of mean affect levels28.

Initial support for the prospective association between EWS – operationalized by 

elevated autocorrelations in affective states – and symptom shifts was provided by Van de 

Leemput and colleagues4, who demonstrated that individuals with higher EWS in affective 

states, such as feeling down and anxious, later reported higher depressive symptom 

severity. EWS were inferred from momentary ratings of affective states acquired through the 

experience sampling method (ESM). These results were in line with what would be expected 

from complex systems principles, but did not prove the presence of EWS prior to worsening 

symptoms within individuals29–31. This specific question was addressed in a single-case 

study, which showed that a relapse in depression was preceded by rising autocorrelations in 

affective states5. These studies thus tentatively suggest that shifts in symptoms may indeed 

follow principles of complex systems. This implies that EWS could serve as a person-specific 

marker for vulnerability to future psychopathology. Before translating the existing evidence 

b  Throughout the rest of this chapter, EWS will refer to autocorrelations.
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to clinical practice, however, these prior findings require substantiation on a larger scale. A 

first step in this direction is replicating the first prospective group-level study4. 

A second step that awaits empirical substantiation is to investigate whether EWS 

not only indicate the likelihood of shifts in the severity of symptoms, but also reveal the type 

of symptoms that will develop (e.g., depression, anxiety, etc.)32. This hypothesis proposes 

that the association between EWS in affective states and future increases in symptoms is 

particularly pronounced for affective states congruent with the psychopathological domain 

involved in the shift. For instance, EWS in feeling down might precede an upcoming shift 

towards depression, whereas EWS in feeling anxious might precede increases in anxiety32. 

If this hypothesis holds, EWS could inform clinicians about an individual’s vulnerability for 

specific disorders. 

The current study was designed to further explore the role EWS in emerging 

psychopathology in two ways. First, building on the findings reported by Van de Leemput 

et al.4, we aimed to test whether EWS in affective states anticipate impending increases in 

depressive symptom severity. Second, we aimed to extend previous findings by examining 

whether EWS are predictive of the type of symptoms that will develop. We hypothesized 

that the association between symptom increases and EWS would be particularly pronounced 

for affective states congruent with the domain in which symptoms increased. The present 

chapter specifically focusses on symptom increases, as opposed to decreases, because of our 

interest in emerging psychopathology and the possibility of early detection thereof. In view 

of a recent meta-analysis, which suggested that associations between autocorrelations and 

psychopathology might be attributable to individual differences in mean affect levels28, we 

also investigated the associations between affect intensity (i.e., mean levels) and symptom 

increases. Similar to Van de Leemput et al.4, we analyzed a general population sample who 

provided ten daily affect ratings for six days using the ESM, resulting in times series that were 

used to compute EWS. Prior to the ESM and one year later, symptom severity was assessed. 

Participants who reported an increase in symptoms in one of the following domains were 

analyzed (hypothesized congruent affective states between brackets): depression (feeling 

down, listless), anxiety (feeling anxious, not relaxed), interpersonal sensitivity (feeling 

insecure, suspicious), and somatic complaints (feeling unwell). 
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Methods

Participants 
Data were retrieved from the TwinssCan study33, which comprised a subset of a registered 

cohort of twins from the general population (i.e., East Flanders Prospective Twin Survey)34. 

The study included N=839 Caucasian twins aged between 15 and 34 years old. As particularly 

adolescents were invited to participate, most participants (N=639) were between 15 

and 18 years old. Complete baseline and follow-up SCL-90 ratings were available for 467 

participants. We selected those participants who reported an increased symptom severity 

over time (i.e., baseline rating < follow-up rating) in one of the following domains of the 

Symptom Checklist-90 (SCL-90)35: depression, anxiety, somatic complaints, and interpersonal 

sensitivity. This criterion was adopted because we were interested in the development, 

rather than the remission, of symptoms. Symptom increases covered a broad range from 

minor impairments to clinically significant shifts – thereby allowing us to investigate symptom 

increases continuously4. 

To support the reliability of autocorrelation estimates, participants were excluded 

if less than 20 pairs of consecutive affect ratings were available. This resulted in four 

samples (N=166, 184, 188, and 192). Since most participants reported increases in more 

than one domain, these samples were not unique in their composition. In total, the samples 

comprised 293 unique individuals, of whom 222 were included in more than one sample 

(see supplement 3.1. Sample composition, Table S3.1). The TwinssCan study was approved by 

the Local Ethics Committee and all subjects provided written informed consent. For minors, 

parents provided additional written consent. 

Experience sampling method
Affective states were assessed through the ESM, which is a structured diary technique suitable 

for assessing affect in daily life. The ESM involved questions on momentary affect, context, 

and behavior, that were administered through PsyMates©36. Participants received a PsyMate 

(an electronic device) and an instruction about its usage at the beginning of the study. The 

PsyMate was programmed to emit a beep-signal at ten semi-random time intervals within 

90-minute blocks ranging from 7:30 AM to 10:30 PM for six consecutive days. The beep-

signal alarmed participants to fill in a questionnaire concerning their current affective state. 

To support reliability and validity of these ratings, questionnaires that were completed more 
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than 15 minutes after the beep were coded as missing37. Items were rated on a 7-point 

Likert scale, ranging from ‘not at all’ to ‘very much’. Analyses were limited to a selection of 

seven items. These items were selected based on their congruency with one of the following 

psychopathological domains of interest (items between brackets): depression (feeling down, 

listless), anxiety (feeling anxious, not relaxed), interpersonal sensitivity (feeling insecure, 

suspicious), somatic complaints (feeling unwell; Table 3.1). 

 
Table 3.1. Psychopathological domains and congruent affective states
Psychopathological 
domain (SCL-90)

Depression Anxiety Somatic 
complaints

Interpersonal 
sensitivity 

ESM item I feel down I feel anxious I feel unwell I feel insecure
I feel listless I do not feel 

relaxed
I feel suspicious

Note. ESM = experience sampling method. SCL-90 = Symptom Checklist-90. 

Assessment of psychopathology 
Prior to the ESM as well as one year later, participants completed the Dutch version of the 

SCL-9035. This questionnaire consists of 90 items and has good psychometric properties38. 

Items of the SCL-90 are rated on a 5-point Likert scale, ranging from ‘not at all’ to ‘very 

often/always’ (e.g., “During the last week, I felt empty”). Besides self-reported ratings of 

symptom severity in eight domains, the SCL-90 provides a global severity index (GSI) which 

can be used for screening purposes38. A GSI of 0.57 or higher has been suggested to optimally 

differentiate those who are at risk for psychiatric disorders from those who are not39. 

We selected the domains depression, anxiety, somatic complaints, and suspicion and 

interpersonal sensitivity (the latter two together referred to as interpersonal sensitivity) for 

analyses. Difference scores within these domains (i.e., follow-up score – baseline score) were 

computed to estimate changes in symptom severity. The domains depression and anxiety 

represent symptoms recognized in the corresponding clusters in the Diagnostic and Statistical 

Manual of Mental Disorders (DSM-5)40. Scores on the somatic complaints domain reflect 

non-specific physical discomfort. Finally, the interpersonal sensitivity domain incorporates 

feelings of interpersonal incompetence, suspicion, and paranoia. Other symptom clusters 

assessed by the SCL-90 were not selected because (i) the SCL-90 domain was not covered by 

ESM items (e.g., agoraphobia, sleeping problems, hostility, and insufficient thinking/feeling) 

or (ii) the psychopathological domain was non-specific (e.g., other complaints). 
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Analyses
We specified a multilevel modelc to evaluate whether autocorrelations in affective states 

were related to increases in symptom severity. A similar model has been used by earlier 

studies4,23,24,26,41–43. In this model, the momentary affect rating (e.g., feeling down) of individual  

i  belonging to twin-pair j at time t (𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡) was predicted by the individual’s mean-centered 

affect rating at time t-1 (𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡−1𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 − 𝜇𝜇𝜇𝜇𝑡𝑡𝑡𝑡), the individual’s increase in psychopathological 

symptoms from baseline to follow-up (𝑃𝑃𝑃𝑃𝑡𝑡𝑡𝑡) and an interaction term between symptom 

increases and the lagged person-mean centered affect rating (𝑃𝑃𝑃𝑃𝑡𝑡𝑡𝑡 × (𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡−1𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 − 𝜇𝜇𝜇𝜇𝑡𝑡𝑡𝑡)). The 

model can be regarded as a multilevel extension of a standard autoregressive model: at the 

within-person level, we estimate an autoregressive model and at the between-person level, 

we estimate the interaction between autoregressive coefficients and symptom increases. 

In line with recommendations of De Haan-Rietdijk et al.44 and earlier studies42,45–48, 

affect ratings at time t-1 were person-mean centered in order to ensure that parameters in 

the model were not affected by between-person differences in mean affect. Further, the first 

rating for each day was coded as missing in order to avoid autocorrelations that spanned a 

whole night rather than a few hours24,41. We accounted for within-person and within-twin 

covariances in affect ratings by including a random intercept at the level of individuals and 

twins. Furthermore, a random effect for lagged affect ratings was estimated. In our multilevel 

model, 𝛽𝛽𝛽𝛽3𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡  signifies the interaction effect of person-mean centered lagged affect ratings and 

symptom increases on actual affect ratings. This parameter thus illustrates the association 

between auto-correlating affective states and shifts in symptom severity. 

Our first aim was to investigate whether EWS precede increases in depression. 

Therefore, analyses were restricted to increases in depressive symptoms, with affect items 

feeling down and feeling listless. Van de Leemput et al.4 used similar, yet less specific affective 

states, which were labeled according to their valence (positive/negative) and arousal 

(high/low). Our second aim was to explore whether autocorrelations in affective states 

are informative for the direction of shifts in symptom severity. This aim was addressed by 

c Multilevel model to investigate the association between autocorrelation in affective states and shifts 
in psychopathology:
𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 =  𝛽𝛽𝛽𝛽0𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 + 𝛽𝛽𝛽𝛽1𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡�𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡−1𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 − 𝜇𝜇𝜇𝜇𝑡𝑡𝑡𝑡� + 𝛽𝛽𝛽𝛽2𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑃𝑃𝑃𝑃𝑡𝑡𝑡𝑡 +  𝛽𝛽𝛽𝛽3𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 �𝑃𝑃𝑃𝑃𝑡𝑡𝑡𝑡 ∗ �𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡−1𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 − 𝜇𝜇𝜇𝜇𝑡𝑡𝑡𝑡�� +  𝜀𝜀𝜀𝜀𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡  

This equation translates to R code as follows: 𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡~ (𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡−1 − 𝜇𝜇𝜇𝜇𝑡𝑡𝑡𝑡) + 𝑃𝑃𝑃𝑃 + �𝑃𝑃𝑃𝑃 ×  (𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡−1 − 𝜇𝜇𝜇𝜇𝑡𝑡𝑡𝑡)� + 
(1 + (𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡−1 − 𝜇𝜇𝜇𝜇𝑡𝑡𝑡𝑡) , where twinID denotes the factor that distinguishes between twin pairs and ID 
represents the individual.
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applying the multilevel modelc to each of the four psychopathological domains and each 

of the seven affect items. The coefficients of the interaction effect between lagged affect 

ratings and increases in symptom severity on current affect ratings (𝛽𝛽𝛽𝛽3𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡) were standardized 

by multiplying the coefficients with the ratio of the standard deviation in the linear 

predictor (𝑃𝑃𝑃𝑃𝑡𝑡𝑡𝑡 ∗ (𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡−1𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 − 𝜇𝜇𝜇𝜇𝑡𝑡𝑡𝑡)) and the standard deviation of the outcome (𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡
), respectively49. The standardized coefficients were then compared in order to assess for 

which affect items the relation between autocorrelations and increases in symptom severity 

was most pronounced. Comparisons were made across models (i.e., items) within domains 

and only for those items that were statistically significant50. The statistical significance of 

coefficients was adjusted according to Hochberg’s procedure51, so that within each domain 

the Type I error rate was .05. 

The association between mean affect levels and symptom increases could not be 

retrieved directly from the multilevel modelc. Hence, we employed linear regression analyses 

in order to examine whether mean affect levels are equally predictive of future symptom 

increases. Similar to Van de Leemput et al.4  and solely for the purposes of visualization, we 

re-ran the multilevel model outlined in footnote c with categorized instead of continuous 

change scores of symptom severity (𝑃𝑃𝑃𝑃𝑡𝑡𝑡𝑡). For each psychopathological domain, 𝑃𝑃𝑃𝑃𝑡𝑡𝑡𝑡 scores were 

categorized based on tertile scores, resulting in three categories with approximately equal N 

(i.e., low, medium, and high symptom severity). Analyses were conducted in R52 (version 4.0).

Results

Participants were grouped according to the SCL-90 domain in which they reported an 

increase in symptom severity. The resulting samples (N=166-192) were similar regarding 

age, sex distribution, and SCL-90 domain scores at baseline and follow-up (Table 3.2; for 

details, see supplement 3.1. Sample composition, Table S3.1). Based on the global severity 

index (GSI) of the SCL-90, the majority of participants scored below the clinical threshold 

(at baseline: 82-87%, at follow-up: 67-71%)39. Symptom increases exceeded the reliable 

change index reported by Schauenberg and Strack39 in 26-31% of individuals. On average, 

participants completed 45.4 (76%) affect ratings.
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Table 3.2. Sample characteristics
Depression 

(N=180)

Anxiety 

(N=192)

Somatic 
complaints 
(N=184)

Interpersonal 
sensitivity 
(N=166)

No. male (%) 63 (35) 66 (34) 67 (36) 64 (39)

Age, mean (SD), years 17.9 (4.30) 18.0 (4.40) 17.9 (4.00) 17.9 (4.30)

No. of completed affect ratings, mean (SD) 45.3 (7.70) 45.4 (7.50) 45.4 (7.50) 45.4 (7.20)

Baseline SCL-90 domain score, mean (SD) 1.32 (0.33) 1.26 (0.34) 1.31 (0.37) 1.34 (0.34)

Follow-up SCL-90 domain score, mean (SD) 1.60 (0.51) 1.47 (0.51) 1.58 (0.56) 1.60 (0.50)

Baseline SCL-90 GSI, mean (SD) 0.36 (0.28) 0.39 (0.30) 0.40 (0.32) 0.36 (0.30)

Baseline no. above clinical threshold (%)a 24 (13) 35 (18) 32 (17) 25 (15)

Follow-up SCL-90 GSI, mean (SD) 0.49 (0.38) 0.48 (0.38) 0.49 (0.40) 0.51 (0.40)

Follow-up no. above clinical threshold (%) 55 (31) 56 (29) 57 (31) 54 (33)

Symptom increases above RCI (%)b 56 (31) 50 (26) 48 (26) 52 (31)

ESM items, mean (SD)

Down 1.64 (0.78) 1.69 (0.80) 1.74 (0.85) 1.70 (0.83)

Listless 1.74 (0.86) 1.81 (0.88) 1.79 (0.87) 1.79 (0.90)

Anxious 1.39 (0.59) 1.45 (0.64) 1.45 (0.66) 1.44 (0.64)

Not relaxed 2.84 (1.18) 2.90 (1.20) 2.90 (1.19) 2.84 (1.21)

Unwell 2.73 (0.83) 2.78 (0.84) 2.79 (0.83) 2.77 (0.84)

Insecure 1.60 (0.79) 1.69 (0.84) 1.71 (0.85) 1.63 (0.83)

Suspicious 1.38 (0.56) 1.43 (0.61) 1.42 (0.61) 1.39 (0.58)

Note. Samples were labeled according to the SCL-90 domain that was evaluated in subsequent 
analyses. Note that mean SCL-90 domain scores refer to the domain of interest (e.g., for depression, 
mean raw SCL-90 scores for the depression domain are presented). Means and standard deviations 
of ESM items were calculated within individuals within samples. ESM = experience sampling method. 
GSI = global severity index. RCI = reliable change index. SCL-90 = Symptom Checklist 90. SD = standard 
deviation. aFollowing the recommendations of Schauenburg and Strack39, a GSI of 0.57 was adopted 
as clinical threshold. bThe RCI equals 0.43 (for baseline GSI scores > .57) or 0.16 (for baseline GSI 
scores < 0.5739).

Our first aim was to investigate whether increases in depressive symptom severity are related 

to heightened autocorrelations in the affective states feeling down and feeling listless. For 

both feeling down and feeling listless, multilevel models did not reveal a significant interaction 

effect between symptom increases and person-mean centered affect ratings at time t-1 on 

affect ratings at time t (Table 3.3; feeling down: β = 0.02, SEβ = 0.02, p = .75, marginal R2 = 
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0.04, conditional R2 = 0.37d; feeling listless: β = 0.01, SEβ = 0.03, p = .75, marginal R2 = 0.04, 

conditional R2 = 0.40). In other words, autocorrelations in feeling down and feeling listless 

were not predictive of future symptom increases in adolescents from the general population. 

Our second aim was to examine whether EWS, reflected in autocorrelations in 

different affective states, are predictive of the direction of increases in symptoms. After 

correcting for an inflated Type I error rate using Hochberg’s procedure51, autocorrelations 

in feeling suspicious were predictive of larger symptom increases in the interpersonal 

sensitivity domain (β = 0.12, SEβ = 0.03, p < .01, marginal R2 = 0.04, conditional R2 = 0.42). 

The association between auto-correlating affective states and symptom increases was not 

statistically significant for other psychopathological domains (Table 3.3, Fig. 3.1). Other 

coefficients estimated in the multilevel model described in footnote c – i.e., main effects of 

lagged person-mean centered affect ratings and symptom increases, respectively – as well 

as the unstandardized effects are denoted in the supplement 3.2 Model results, Tables S3.2 

and S3.3. The variance in affect ratings (affectt) that could be explained by previous affect 

(affectt-1) and symptom increases – also referred to as the marginal R2 – ranged from 0.02 

to 0.06 (mean marginal R2 = 0.03, median = 0.04). Accounting for individual differences in 

autocorrelations and symptom increases raised the explained variance to 0.29 to 0.49 (mean 

conditional R2 = 0.38, median = 0.37). 

Finally, we ran linear regression analyses to explore whether mean affect ratings 

were similarly predictive of symptom increases. Results were corrected for Type I error 

inflation. Affect intensity (i.e., the average level of an affective state) was not predictive of 

future increases in symptoms after correcting for multiple testing (supplementary Table 

S3.4). Not correcting for multiple testing yielded similar results. 

d Marginal R2 reflects the variance explained by the fixed effects; conditional R2 reflects the variance 
explained by the full model (i.e., fixed and random effects).
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Table 3.3. Standardized coefficients of interaction effects retrieved from multilevel models: EWS as 
predictors of symptom increases
Affect item Depression 

(N=180)

Anxiety 

(N=192)

Somatic complaints 

(N=184)

Interpersonal 
sensitivity 
(N=166)

β SE β SE β SE β SE
Down 0.02 0.02 0.04† 0.02 0.03 0.02 0.03 0.03
Listless 0.01 0.03 0.04 0.02 0.02 0.02 0.02 0.03
Anxious 0.02 0.03 0.05 0.03 0.01 0.03 0.04 0.03
Not relaxed 0.01 0.02 0.04† 0.02 0.00 0.02 0.01 0.02
Unwell -0.01 0.02 0.02 0.02 0.00 0.02 -0.03 0.02
Insecure 0.04 0.02 0.02 0.02 0.02 0.02 0.05† 0.02
Suspicious 0.08† 0.03 0.05 0.03 0.06 0.03 0.12* 0.03

Note. Coefficients refer to the standardized interaction effect of affect ratings at time t-1 and 
increases in psychopathological symptom severity on affect ratings at time t. This effect describes the 
relation between autocorrelations and symptom shifts. Note that other coefficients estimated by the 
multilevel model described in footnote c, as well as the unstandardized estimates, are reported the 
supplement, Tables S3.2 and S3.3. SE = standard error. *Significant at α=0.05, with P-values adjusted 
according to Hochberg’s procedure. †Significant at α=0.05, without multiple testing correction.

Post-hoc analyses
The multilevel models adopted in the present study slightly deviate from the model described 

by Van de Leemput et al.4 (analyses concerning general population sample). Specifically, we 

decided to examine the association between autocorrelations and increases in symptom 

severity, instead of the association between autocorrelations and symptom severity at follow-

up, corrected for baseline symptom severity (see also supplement 3.3. Post-hoc analyses). To 

examine to what extent the results of the present study did or did not replicate those of 

Van de Leemput et al.4, we tested both procedures in both datasets. When applying the 

model described by Van de Leemput et al.4 to the current dataset, our results matched those 

reported in this earlier study: higher autocorrelations in affective states predicted greater 

symptom severity at follow-up (supplementary Table S3.5). Similarly, when applying the 

model adopted in the present study to the dataset used by Van de Leemput et al.4, results 

confirmed those of the present study: autocorrelations in affective states were not related 

to symptom increases (supplementary Table S3.6). Hence, the results of the both studies 

replicated perfectly in a second, independent dataset. 

The discrepancy between both models in terms of results might be due to the fact 

that the inclusion of symptom severity at baseline as a predictor (cf. Van de Leemput et al.4) 

corrects the outcome of the model (affect at time t) – but not another predictor in the model, 
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namely follow-up symptom severity – for baseline symptoms. Hence, including baseline 

symptoms does not mean that follow-up symptoms can be considered indicative of change 

scores. We therefore consider the model used in the present study – denoted in footnote c – 

to be better suited for investigating the association between autocorrelations and symptom 

increases than the model reported earlier4 (analyses concerning general population sample).

In both datasets, the correlation between symptom severity at baseline and 

follow-up was high (current dataset: r = 0.79-0.86, depending on the subsample, dataset 

Van de Leemput et al.4: r = 0.68). As a result, the association between autocorrelations and 

symptoms at follow-up (with baseline symptoms included as a predictor) that was found in 

both datasets might in fact reflect an association between autocorrelations and concurrent 

symptom severity. This indeed appeared to be the case both for the dataset provided by Van 

de Leemput et al.4 (supplementary Table S3.6) and for the current dataset (supplementary 

Table S3.7). In the latter, autocorrelations in feeling suspicious were most strongly related to 

baseline symptom severity (supplementary Table S3.7). This generic effect was followed by 

domain-specific effects, showing that the association between autocorrelations and baseline 

symptom severity was particularly pronounced for congruent combinations of affective 

states and psychopathological domains (Table 3.1, supplementary Table S3.7). Affect intensity 

(i.e., the mean level of an affective state) was also predictive of higher symptom severity at 

baseline (supplementary Table S3.7), but these associations did not differentiate according 

to the type of affective state or psychopathological domain involved. 
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Fig. 3.1. Association between autocorrelations in affective states and increases in symptom severity in 
different psychopathological domains (i.e., depression, anxiety, somatic complaints and interpersonal 
sensitivity). SCL-90 scores were categorized solely for the purposes of visualization. After correcting for 
multiple testing, none of the trends were statistically significant (dotted lines), except for the association 
between increases in interpersonal sensitivity and EWS in feeling suspicious (solid line). Because 
visualization required the categorization of follow-up SCL-90 scores, the above figures approximate but 
not necessarily parallel the results in Table 3.3. 

Discussion

This study found that increases in psychopathology after one year were generally not 

associated with baseline autocorrelations in negative affective states. The only exception 

was a significant association between elevated autocorrelations (EWS) in feeling suspicious 

and increases in interpersonal sensitivity. It follows that we found only marginal support for 

EWS as predictors of symptom shifts after one year, and no support for the hypothesis that 

EWS could signal the type of symptoms about to develop. Post-hoc analyses, which included 

a second dataset provided by Van de Leemput et al.4, revealed an identical pattern of results 

across two datasets: autocorrelations are predictive of concurrent depressive symptoms, but 
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not of future depressive symptoms. Thus, it seems that group-level designs (present study 

and Van de Leemput et al.4) do not lead to the same conclusion as individual-level studies 

that reported rising trends in autocorrelations in individuals who were about to relapse into 

depression5,53. Methodological differences between both designs likely account for this, and 

provide useful guidance for further studies into EWS for psychopathological shifts. 

 

Paradox between group- and individual-level studies
The majority of earlier studies concerning complex system principles in psychopathology 

involved either simulated data54,55 or intensive longitudinal data collected within 

individuals11,13. Examples of the latter include two earlier case studies that adopted an 

experience sampling design, which allows for monitoring symptom shifts as well as affect 

dynamics (including autocorrelations; EWS) as they evolve within individuals. These studies 

found rising trends in the autocorrelation of negative mental states several weeks before 

a relapse in patients suffering from depression5,53. The present findings suggest that these 

within-individual processes implied by complex systems principles – namely, accumulating 

instability prior to symptom shifts – hardly create differences between individuals – namely, 

higher autocorrelations in those who report higher symptom shifts30. A likely explanation 

for this concerns the different timescales that were considered. Whereas within-individual 

designs investigated EWS over the course of several weeks5,53, between-individual designs 

(including the present study) investigated EWS one to three years prior to symptom shifts4,21. 

Taken together, these studies provide novel insight in the timescale at which critical slowing 

down manifests, and also suggest that this timescale may differ between psychopathological 

domains. For instance, depressive symptoms might be characterized by relatively fast 

dynamics, suggesting that EWS might only appear in the weeks prior to a symptom shift5,53, 

whereas interpersonal sensitivity might show slower dynamics, meaning that EWS could 

already manifest one year in advance. Further research is needed in order to establish 

the timescale at which EWS unfold within individuals with varying psychopathological 

complaints. Such research could also address the size of symptom shifts for which EWS are 

relevant. In conclusion, the utility of complex systems principles to psychopathology may be 

restricted to specific circumstances, e.g., characterized by specific time intervals, types of 

psychopathology, and sizes of shifts. It requires large-scale within-individual research, where 

EWS and symptom shifts are monitored in real-time in a considerable number of individuals, 

to delineate under what circumstances EWS could be informative of future symptom 

progression.



571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder
Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022 PDF page: 62PDF page: 62PDF page: 62PDF page: 62

Chapter 3

62

Autocorrelations in momentary affective states as signs of current symptomatology 
Although associations between autocorrelations and future symptom increases were lacking 

for almost all affective states/psychopathological domains, post-hoc analyses showed that 

associations between autocorrelations in affective states and symptom severity at baseline 

were present across multiple domains. This pattern replicated in an independent dataset 

provided by van de Leemput et al.4. The extent to which momentary affective states carry 

over from one moment to the next thus appeared to be related to concurrent levels 

of psychopathological severity. Correspondingly, earlier studies found that emotional 

inertia, indexed by elevated autocorrelations in affective states, is cross-sectionally 

related to psychopathology20,24,26,27. From an emotion-regulation perspective, emotional 

inertia signals what is labeled in this literature as rigidity21,27. That is, individuals with high 

levels of inertia may ‘get stuck’ in negative affective states, and hence, be vulnerable for 

symptoms of psychopathology27. However, inertia also coincides with heightened intensity 

of negative affect, raising the question to what extent their respective associations with 

psychopathology are shared. According to a recent meta-analysis, inertia and affect intensity 

show little overlap, with less than 6% of shared variance28. Nevertheless, the association 

between inertia and depressive symptoms was weak and therefore dropped to ‘drastic non-

significance’ after accounting for affect intensity28. This might be explained by the small effect 

size of inertia on depressive symptoms. Hence, it seems that for predicting psychopathology, 

more parsimonious metrics of affective experience (affect intensity) suffice. Yet, inertia 

could still provide unique insight in the processes that give rise to psychopathology. Present 

findings suggest, for instance, that the association between inertia (autocorrelations) and 

psychopathology might show domain-specificity. Specifically, symptoms of depression, 

anxiety, and interpersonal sensitivity were more associated with autocorrelations in affective 

states that were a priori considered to cover that domain (Table 3.1; e.g., for depression, 

symptom severity was most strongly associated to autocorrelations in feeling suspicious, 

down, and listless, whereas for anxiety, symptom severity was associated to autocorrelations 

in feeling suspicious and anxious). In contrast, mean levels were predictive of concurrent 

symptom severity regardless of the affective state or psychopathological domain assessed. 

Speculatively, this could mean that the intensity of negative affective states is informative of 

global symptom severity, whereas the dynamics of those affective states (reflected in their 

autocorrelations) might reveal the types of symptoms that are present. Further disentangling 

the unique effects of affect dynamics (including EWS) and affect intensity, respectively, in the 

context of psychopathology should be considered an important avenue for further research.
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Strengths, limitations, and future directions
EWS have been suggested to hold great promise for clinical practice: if found to be 

predictive of future psychopathology, EWS could help us to foresee and possibly prevent 

illness progression. This means that clinical advancements would no longer be hindered 

by limited understanding of the complex mechanisms that underlie onset or progression 

of psychopathology. To examine the value of this promise, comprehensive and critical 

investigation of the utility of EWS to psychopathology is necessary. We therefore aimed to 

replicate and extend the first – and to date, only – study that provided empirical, group-

level support for the association between EWS and symptom increases4. Across two datasets 

with a similar sample, experience sampling protocol and assessment of psychopathology, 

we found an identical pattern of results, which considerably strengthens our conclusions. 

However, neither the reliability of individual experience sampling items nor the reliability 

of autocorrelations could be verified, which highlights the need for psychometric reliability 

metrics suitable for experience sampling data. Another limitation is that the present group-

level design could only indirectly investigate the relation between EWS and psychopathology 

and, like earlier studies4,11,14,21,24,26,41,43,56, does not allow for within-individual inferences. A 

more direct evaluation of the hypotheses that follow from a complex systems perspective 

on psychopathology requires designs where individuals who are at increased risk for 

psychopathology prospectively monitor their mental state for a prolonged time period (e.g., 

several months) during which a shift is likely to occur5. Such designs could verify whether, 

within individuals, sudden shifts in symptom severity are preceded by rising patterns in EWS. 

Real-time monitoring of EWS and symptom shifts allows for addressing critical research 

questions that will ultimately determine the usefulness of EWS to clinical practice. Such 

questions relate to the timing of EWS, the size and type of symptom shifts that can be 

anticipated, the sensitivity and specificity of EWS in the context of psychopathology, and the 

absolute thresholds in EWS that may inform clinical decision-making.

Conclusions
Empirical investigation of complex systems principles in psychopathology is still in its infancy. 

Hence, the present study should be considered a first step towards investigating whether 

complex systems principles apply to psychopathology. Across two datasets, we found that 

autocorrelations in affective states are related to concurrent symptoms of depression, but 

not to increases in those symptoms after one year. Yet, increases in interpersonal sensitivity 
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were preceded by heightened autocorrelations, which suggests that the association between 

early warning signals and psychopathology might depend on the domain wherein symptoms 

increase. Further research is needed to delineate when, for what type of symptoms, and 

for what size of shifts, early warning signals are predictive of future psychopathology. This 

requires monitoring early warning signals and symptoms in real-time, thereby allowing for a 

more direct evaluation of the inferences that follow from a complex systems perspective on 

psychopathology. 
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Supplement 3

3.1 Sample composition
Due to attrition, SCL-90 data at follow-up were only available for a subset of individuals, which 

reduced our sample size from N=839 to N=467. Compared to individuals with complete SCL-

90 data, individuals with incomplete data (N=372) were younger (t(837) = 3.27, p < .01, d 

= .23) and more likely to be male (χ2(1) = 22.71, p < .01). Individuals with complete versus 

incomplete SCL-90 data did not differ in total SCL-90 score at baseline (t(808) = 0.56, p = 

.57, d = .04). Of the 467 individuals with complete baseline and follow-up SCL-90 ratings, we 

selected those individuals who reported increased symptom severity from baseline to follow-

up. This resulted in four samples of N=230 (depression), N=252 (anxiety), N=243 (somatic 

complaints), and N=220 (interpersonal sensitivity). Within these samples, individuals with at 

least 20 consecutive affect ratings were selected, resulting in samples of N=180 (depression), 

N=192 (anxiety), N=184 (somatic complaints), and N=166 (interpersonal sensitivity). Because 

most participants reported increased symptom severity in more than one symptom cluster, 

these samples were not unique in their composition. That is, any two samples showed an 

overlap ranging from 110 to 124 individuals (Table S3.1). Of the 293 unique individuals that 

made up the samples, 64 were present in each sample. These participants did not differ 

from other participants with respect to age (t(291) = 0.76, p = .45, d = .11) or gender (χ2(1) 

= 0.74, p = .39), but did report higher total SCL-90 scores at baseline (t(291) = 3.46, p < .01, 

d = .50). Because participants were retrieved from a registered cohort of twins, they were 

not independent from each other. This dependency was accounted for in multilevel models. 

The sample of 293 unique individuals consisted of 170 (58.0%) twins, 116 (39.6%) genetically 

unrelated participants, 5 (1.7%) triplets and 2 (0.7%) siblings.

Table S3.1. Overlap between samples
Depression 
(N=180)

Anxiety 
(N=192)

Somatic complaints 
(N=184)

Anxiety (N=192) 124
Somatic complaints (N=184) 112 122
Interpersonal sensitivity (N=166) 119 113 110
Note. Numbers denote the number of individuals that were present in both the sample denoted in 
the row and the sample denoted in the column.
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3.3 Post-hoc analyses
The primary aim of this study was to test whether EWS – operationalized as the autocorrelations 

in momentary affective states – precede increases in symptoms. We originally addressed 

this aim through a multilevel model similar to the model described by Van de Leemput et 

al.4 (analyses concerning the general population sample). In this model, outlined in formula 

1, the affect rating of individual i belonging to family j at time t (𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡) is predicted by 

the same individual’s mean-centered affect rating at time t-1 (𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡−1𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 − 𝜇𝜇𝜇𝜇𝑡𝑡𝑡𝑡), his/her 

symptom severity at baseline (𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡𝑡𝑡), his/her symptom severity at follow-up (𝑃𝑃𝑃𝑃𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡), and an 

interaction effect between symptom severity at follow-up and the lagged person mean-

centered affect rating (𝛽𝛽𝛽𝛽4𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡). 

𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 = 𝛽𝛽𝛽𝛽0𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 + 𝛽𝛽𝛽𝛽1𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡�𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡−1𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 − 𝜇𝜇𝜇𝜇𝑡𝑡𝑡𝑡� + 𝛽𝛽𝛽𝛽2𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡𝑡𝑡 + 𝛽𝛽𝛽𝛽3𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑃𝑃𝑃𝑃𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡
+ 𝛽𝛽𝛽𝛽4𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 �𝑃𝑃𝑃𝑃𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡 ×  �𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡−1𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 − 𝜇𝜇𝜇𝜇𝑡𝑡𝑡𝑡�� +  𝜀𝜀𝜀𝜀𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 

Formula 1. Multilevel model that tests the association between the autocorrelation in momentary 
affective states and symptom severity at follow-up. 

Thanks to an anonymous reviewer, we realized that the coefficient denoting the interaction 

effect in this model (𝛽𝛽𝛽𝛽4𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡) does not test whether elevated autocorrelations precede increases 

in symptoms – as hypothesized from a complex systems perspective on psychopathology 

– but rather tests the relation between autocorrelations in affective states and symptom 

severity at follow up. We therefore adapted the model above to accommodate our questions 

and hypotheses (formula 2; see analysis section in the main text for a description of this 

model). 

𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 =  𝛽𝛽𝛽𝛽0𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 + 𝛽𝛽𝛽𝛽1𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡�𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡−1𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 − 𝜇𝜇𝜇𝜇𝑡𝑡𝑡𝑡� + 𝛽𝛽𝛽𝛽2𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑃𝑃𝑃𝑃𝑡𝑡𝑡𝑡 +  𝛽𝛽𝛽𝛽3𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 �𝑃𝑃𝑃𝑃𝑡𝑡𝑡𝑡 ∗ �𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡−1𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 − 𝜇𝜇𝜇𝜇𝑡𝑡𝑡𝑡�� +  𝜀𝜀𝜀𝜀𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 

Formula 2. Multilevel model that tests the association between the autocorrelation in momentary 
affective states and increases in symptoms. In this model, 𝑃𝑃𝑃𝑃𝑡𝑡𝑡𝑡 denotes the increase in symptoms from 
baseline to follow-up. 

In order to test how this adaptation of the model affected our results, both models were 

run. Results obtained from the second model (formula 2) – which addressed our primary 

aim – revealed that elevated autocorrelations preceded increases in interpersonal sensitivity, 

but not increases in other psychopathological domains (i.e., depression, anxiety, somatic 

complaints; see Table 3.3 in main text). Results obtained from the first model (formula 1) – 

which mirrored the model reported by Van de Leemput et al.4 – showed that autocorrelations 

in momentary affective states were positively related to the severity of symptoms of 
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depression, anxiety, and interpersonal sensitivity at follow up (see Table S3.5). 

Post-hoc, we examined whether the discrepant results of both models replicated in 

the dataset analyzed by Van de Leemput et al.4. This dataset consists of 621 individuals from 

the general population who provided ratings of their momentary affective state ten times 

a day for six consecutive days. At baseline and at four follow-up assessments – which were 

scheduled three months apart – participants completed the Symptom Checklist-90 (SCL-90). 

Symptom severity at follow-up was calculated as the average score of these four follow-up 

assessments. In line with the analyses reported by Van de Leemput et al.4, affect ratings were 

aggregated according to their valence and arousal. The resulting scores will be referred to as 

feeling down (negative valence and low arousal) and feeling anxious (negative valence, high 

arousal). Further, analyses were restricted to the SCL-90 domain depression. Complete data 

were available for 533 participants. For a detailed description of the sample and methods, 

see Van de Leemput et al.4.

The results of these supplementary analyses confirmed our initial findings. 

Specifically, autocorrelations in feeling down and feeling anxious were predictive of higher 

depressive symptoms at follow-up, corrected for baseline (formula 1, cf. results of Van de 

Leemput et al.4) but not of higher increases in depressive symptoms from baseline to follow-

up (formula 2; Table S3.6). The fact that this pattern emerged in two independent datasets led 

us to further explore the discrepancies between both models (formula 1 and 2, respectively). 

We hypothesized that the association between autocorrelations and symptoms at follow-up, 

corrected for baseline (formula 1), might in fact be accounted for by the association between 

autocorrelations and symptoms at baseline (which was not sufficiently controlled for in the 

model). In both datasets, this hypothesis was confirmed (Table S3.7). 
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Table S3.5. Standardized coefficients of interaction effects retrieved from multilevel models: EWS as 
predictors of future symptoms
Affect item Depression 

(N=180)

Anxiety 

(N=192)

Somatic 
complaints 
(N=184)

Interpersonal 
sensitivity 
(N=166)

Down 0.10** 0.06† 0.04 0.07†

Listless 0.09* 0.06† 0.02 0.05
Anxious 0.08† 0.09* 0.04 0.06
Not relaxed 0.04 0.04† 0.00 0.02
Unwell 0.04 0.01 0.01 0.01
Insecure 0.07* 0.05† 0.02 0.08*
Suspicious 0.18** 0.10* 0.07† 0.15**
Note. Coefficients refer to the standardized interaction effect of affect ratings at time t-1 and 
psychopathological symptom severity at follow-up on affect ratings at time t, accounting for baseline 
symptom severity (formula 1). This effect describes the relation between autocorrelations and future 
symptom severity. *Significant at α=0.05, **Significant at α=0.005, with P-values adjusted according 
to Hochberg’s procedure; †Significant at α=0.05, without multiple testing correction.

Table S3.6. Standardized coefficients of interaction effects retrieved from two multilevel models in two 
datasets

Increases in symptoms 
of depression

Severity of symptoms of 
depression at follow-up

Severity of symptoms of 
depression at baseline

Original 
study
(N=180)

Replication 
study
(N=533)

Original study

(N=180)

Replication 
study
(N=533)

Original study

(N=180)

Replication 
study
(N=533)

β B β B β B β B β B β B
Down 0.02 0.05 0.00 -0.01 0.10** 0.12** 0.13* 0.07* 0.12** 0.23** 0.13* 0.06*
Anxious 0.02 0.04 -0.02 -0.04 0.08* 0.09* 0.11* 0.06* 0.09* 0.16* 0.16** 0.08**
Note. Original study refers to the data used in the main text of this chapter, which were obtained from 
the TwinssCan study34; replication study refers to the general population sample reported by Van de 
Leemput et al.4. The first columns (‘increases in symptoms of depression’) denote the interaction effect 
of increases in symptoms of depression and lagged person-mean centered affect ratings on actual 
affect ratings (formula 2). This effect describes the association between autocorrelations in momentary 
affective states and symptom increases. The middle columns (‘severity of symptoms of depression 
at follow-up’) denote the interaction effect of depressive symptom severity at follow-up and lagged 
person-mean centered affect ratings on actual affect ratings (formula 1). This effect describes the 
association between autocorrelations in momentary affective states and symptom severity at follow-
up. Finally, the last columns (‘severity of symptoms of depression at baseline’) denote the interaction 
effect of depressive symptom severity at baseline and lagged person-mean centered affect ratings on 
actual affect ratings. To remain consistent with the results reported by Van de Leemput et al.4, both 
standardized (β) and non-standardized (B) coefficients are denoted. *Significant at α=0.05; **Significant 
at α=0.005.
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Table S3.7. Standardized coefficients of interaction effects retrieved from multilevel models: EWS as 
predictors of current symptoms
Affect item Depression 

(N=180)
Anxiety 
(N=192)

Somatic complaints 
(N=184)

Interpersonal sensitivity 
(N=166)

Down 0.12** 0.04 0.02 0.06†

Listless 0.11** 0.05† 0.01 0.06†

Anxious 0.09* 0.08* 0.04 0.05
Not relaxed 0.04* 0.02 -0.01 0.02
Unwell 0.06* 0.00 0.01 0.03
Insecure 0.06* 0.05† 0.01 0.06†

Suspicious 0.15** 0.09* 0.05† 0.10*
Note. Coefficients refer to the standardized interaction effect of affect ratings at time t-1 and 
psychopathological symptom severity at baseline on affect ratings at time t. This effect describes the 
relation between autocorrelations and future symptom severity. *Significant at α=0.05, **Significant 
at α=0.005, with P-values adjusted according to Hochberg’s procedure; †Significant at α=0.05, without 
multiple testing correction.
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Abstract 

Recently, there has been renewed interest in the application of assumptions from complex 

systems theory in the field of psychopathology. One assumption, with high clinical relevance, 

is that sudden transitions in symptoms may be anticipated by rising instability in the system, 

which can be detected with early warning signals (EWS). Empirical studies support the idea 

that this principle also applies to the field of psychopathology. The current chapter discusses 

whether assumptions from complex systems theory can additionally be informative with 

respect to the specific symptom dimension in which such a transition will occur (e.g., 

whether a transition towards anxious, depressive or manic symptoms is most likely). From a 

complex systems perspective, both EWS measured in single symptom dynamics and network 

symptom dynamics at large are hypothesized to provide clues regarding the direction of 

the transition. Challenging research designs are needed to provide empirical validation of 

these hypotheses. These designs should be able to follow sudden transitions ‘live’ using 

frequent observations of symptoms within individuals and apply a transdiagnostic approach 

to psychopathology. If the proposed assumptions are supported by empirical studies, this 

will signify a large improvement in the possibility for personalised estimations of the course 

of psychiatric symptoms. Such information can be extremely useful for early intervention 

strategies aimed at preventing specific psychiatric problems.
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Introduction 

Sudden transitions in symptom levels
In the past years there has been renewed interest in the potential application of complex 

systems theory in the field of psychiatry1–5. In short, complex systems theory entails that 

complex systems, ranging from ocean ecosystems to climate, financial markets or the 

evolutionary development of species, all have certain principles in common that predict their 

behavior. These relate, for example, to the resilience of a system to remain in its present 

stable state. High resilience refers to a high level of stability of the system (deep basin of 

attraction), meaning that the system can easily face perturbations without being tipped out 

of its current equilibrium6 (see Fig. 4.1). 

State with 
psychopathology

Healthy state

Healthy state

State with psychopathology

Fig. 4.1. 2-D stability landscape. The ball represents the current state of a complex system and the line 
constitutes a surface showing the stability of the ball (or system state) in the current situation. In the 
left panel the state of the system is in a deep basin of attraction, meaning that it will take a considerable 
perturbation of the system before psychopathology can develop. In the right panel, however, the 
situation is different. Here, only a small perturbation may already be enough for a transition towards a 
state of psychopathology.

In complex systems this level of resilience may slowly diminish, even without noticeable 

signs. Once low, the system is highly instable and at this point even very minor contextual 

disturbances, also called perturbations, can push the system over a tipping point towards 

another basin of attraction6. This is why complex systems are characterised by sudden 

transitions, so-called phase transitions, that appear to emerge ‘out of the blue’. Similar 

transitions have been observed in psychiatry, as psychiatric symptoms sometimes (re)appear

in a very abrupt way7. Already at the end of the previous century, the idea arose that 
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psychological phenomena might also behave according to principles of complex systems8–10. 

If this is indeed the case, this is very relevant since the principles of complex systems teach us 

important things about the nature of psychopathology and how to understand and foresee 

sudden transitions in symptoms. One of the interesting consequences would be that the 

early identification of alterations in the level of instability of the system could reveal the 

proximity of the system’s tipping point, or in other words, the likelihood that a sudden shift in 

symptoms occurs11,12. Some recently conducted studies were able to translate this idea into 

simulation studies and empirical designs that attempted to test this assumption in the field 

of psychiatry13–16. Most of the focus in these studies has been on the possibility of foreseeing 

shifts in the levels of symptoms (increasing or decreasing levels). Yet, it would be important 

to not only foresee a shift in symptom level, but to also foresee the type of symptoms in 

which the transition occurs. For example, we want to foresee, if someone is approaching a 

symptom transition, whether that is a transition characterised by increasing manic, anxious 

or depressive symptoms. In this chapter, we therefore want to explore whether we can 

extend the assumptions based on a complex system’s perspective on psychopathology to 

foresee the type of these symptom shifts. Thus, rather than applying assumptions from the 

complex system perspective on foreseeing level shifts in symptoms on a single dimension of 

psychopathology (in which the constituent symptoms can move from being absent to being 

present), it would be interesting to explore whether we could extend the impact of these 

assumptions to a multidimensional psychopathological space, in which we can foresee what 

types of symptoms are likely to develop. 

The ability to detect the direction of transitions in psychopathology in high-risk 

individuals is highly relevant. During subclinical stages of psychopathology, people often 

experience a combination of symptoms that cross a wide range of psychopathological 

dimensions17,18. Therefore, it is often entirely unclear how and towards what type of 

symptoms psychopathology will develop in these high-risk individuals. This, however, is an 

urgent question as optimal clinical decision making in an early phase is important to reduce 

and prevent further development of psychopathology19,20. This urgency is expressed in the 

amount of resources that are invested in the development of adequate clinical staging 

and profiling techniques21–23. The complex systems perspective may contribute to these 

aims as it provides a complementary angle from which to understand the development of 

psychopathology and find solutions to improve personalised prediction.  

This chapter will provide an overview of ideas and hypotheses that follow from 
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taking a complex systems perspective on psychopathology, focusing on foreseeing the 

type of symptoms that are most likely to show sudden transitions. First, we will describe 

in more detail what parts of complex systems theory, regarding early warning signals and 

transitions, have already been related to the field of psychopathology. Second, we will 

explain what additional predictions may follow from this theory with respect to foreseeing 

and differentiating the type of sudden shifts in symptoms. Also, we will discuss what research 

designs would be needed to empirically test these predictions and the relevance of these 

ideas for clinical practice. 

Support for a complex systems perspective on psychopathology
As mentioned above, there are reasons to assume that psychopathology behaves according 

to principles of complex systems. First, sudden shifts in symptoms are observed in patients. 

Although psychopathology seems dimensional in nature in the sense that individuals can 

be anywhere on a continuum between having no symptoms and having severe symptoms, 

the road of symptom change within individuals can be much bumpier. Patients often report 

sudden relapses or sudden improvements in symptoms7,24,25. This has been confirmed by 

statistical analyses of symptom patterns over time in depressed patients, which revealed 

that most patients show a bimodal distribution in symptoms. In other words, they experience 

either low levels or high levels of symptoms26. This suggests that they experience sudden 

jumps in their symptom levels. Also, a recent (N=1) double-blind time-series experiment15 

in which levels of symptoms were weekly and prospectively monitored over 239 days, 

confirmed the presence of a sudden jump in depressive symptoms in this person. At this 

change point, the level of symptoms suddenly went up and seemed to stabilize afterwards 

at a higher point on the continuum of depression. Although not all symptom transitions may 

occur in an abrupt fashion, these observations at least suggest that abrupt symptom changes 

are quite common, which is in line with expectations from complex system theory. Currently, 

extensive empirical research that has mapped symptom patterns in patients frequently 

and prospectively is lacking. More research is thus needed to confirm the assumption that 

symptom transitions often occur in an abrupt fashion.

Second, verbal descriptions of patients suggest that sudden and discontinuous 

changes in their symptom experience7 may occur in absence of an obvious, temporally 

proximal cause or reason. From a traditional approach, these unexpected symptom changes 

are difficult to explain as we know that external causes play an important role in symptom 
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development. Logic dictates that changes in symptoms are directly preceded by changes 

in specific factors (such as in the social environment, stressful events or therapy). From a 

complex system perspective, however, unexpected symptom change does make sense. 

This theory proposes that large shifts can also occur following minor, seemingly innocent 

stressors27. These shifts are most likely when a system’s resilience to remain in its current 

basin of attraction is very low (Fig. 4.1), meaning that the system is in an unstable situation. 

From a complex systems perspective, such an unstable situation may result from the impact 

of a distal cause, that happened some time ago, and that gradually led to the present 

loss of resilience. When resilience becomes very low, even minor, seemingly unimportant 

disturbances can tip over the system to an alternative state (see Fig. 4.1). This can explain 

why patients may experience long intervals between potential environmental causes and the 

onset of their symptoms. Also, it can explain why sudden shifts in symptoms may occur in 

absence of any obvious immediate trigger. Later we discuss how stability of the system can 

be empirically assessed.

Third, elements within complex systems are in a continuous and complex interplay 

with each other. In many complex systems, reinforcing feedbacks are present that, if strong 

enough, can push the system to another alternative state6. Such feedback loops are also 

likely to occur between mental states. Recent studies have confirmed the presence of 

feedback loops through network models, which showed that negative mental states, such 

as feeling down or irritated, are related to the occurrences of other negative mental states 

later in time. These effects may form vicious circles28. Findings from most studies supported 

the hypothesis that reinforcing feedback loops were more pronounced in people with either 

higher levels of psychopathology or at risk of psychopathology, compared with individuals 

in the general population29–32, although this was not confirmed by all studies33,34. Moreover, 

a simulation study showed that networks with more strongly connected symptoms showed 

transitions to a depressed state more often compared with networks with weak connections16. 

Furthermore, exposure to external stress resulted in sudden shifts in symptoms only in 

strongly connected networks. Within such networks, removal of the stressor after the phase 

transition occurred did not cause the system to shift back to its original state16. The fact that 

recovery is not linearly related to the removal of the cause of the shift is called ‘hysteresis’. 

Such non-linearity is typical for complex systems. This phenomenon also has face validity for 

the field of psychiatry as it may explain why people remain stuck in a clinical state even after 

removal of certain provocative factors that had prompted the mental complaints.
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Finally, the most direct support for the idea that symptom changes behave according 

to the principles observed in complex system stems from empirical research showing that 

transitions in symptom levels can be anticipated by directly assessing changes in the stability 

of the system. From other fields of study (e.g., ecology and computer science), it is known 

that these changes in stability can be observed using certain ‘early warning signals’ (EWS)35–

37. Such signals involve changes in the dynamics of important variables of a complex system, 

like increasing levels of autocorrelation (i.e., the current state of an element of the system 

becomes a better predictor for its future state), variance (i.e., elements of the system show 

greater amplitude changes in their intensity levels) or flickering (i.e., sudden changes in 

intensity levels). These reflect increasing instability of the system and have been shown to 

closely precede critical phase transitions in various sorts of complex systems. Considering 

the above, we expect that EWS (which involve more complex aspects of time series 

dynamics than simple intensity changes of symptoms) may signal an increased likelihood 

for a phase transition and that such EWS can predict such transitions substantially earlier 

than simple changes in mean levels of these symptoms. This means that if psychopathology 

also behaves as a complex system, we may be able to find EWS that we can use to foresee 

important shifts in symptoms in an earlier phase and in a personalized manner. A few recent 

empirical studies already found support for this hypothesis13–15. For example, in the time-

series experiment in which a patient was followed over 239 days completing multiple affect 

measurements a day, EWS were observed in the sum score of all measured affect states. 

These EWS anticipated a subsequent phase transition in depressive symptoms15. Although 

these findings still await replication by a large-scale study in which EWS are followed over 

time within persons, support for the idea that psychopathology behaves as a complex system 

is accumulating. To conclude, many hypotheses have been formulated for the application of 

complex systems theory for the field of psychiatry and some empirical studies have been 

carried out suggesting we may be able to foresee transitions in levels of symptoms based 

on the system’s changes in stability. We now want to further explore what this theoretical 

framework can do for foreseeing the type of symptom shifts that individuals may express in 

the near future. Before we move to the above-mentioned theoretical explorations, however, 

it is important to first discuss the nature of psychopathology.
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Redefining psychopathology as a multidimensional space 
The idea that mental disorders are distinct and independent entities is not supported by 

empirical evidence38. All evidence points to the fact that diagnostic classifications are not 

independent and show huge overlap with one another39,40. Comorbidity is rule rather than 

exception41. Also, patterns of symptoms within diagnoses are quite heterogeneous44. The 

human-made top-down boundaries and classifications established in diagnostic manuals 

may thus distort our view on the real structure of psychopathology. Clear boundaries 

between mental disorders seem absent and a patient’s pattern of symptoms seems to spread 

across the various dimensions of psychopathology to form unique clusters of problems in 

each person. Despite such continuity, however, empirical studies show that some types 

of symptoms lump together more often whereas other combinations of symptoms hardly 

ever co-occur43–45. A common explanation for the co-occurrence of certain symptoms or 

mental states (e.g., feeling hopeless, guilty, down, fatigued, irritated) is that an underlying 

latent entity is responsible (e.g., depression). However, this view alone cannot explain 

that the precise combinations of symptoms differ between people and can be mixed with 

symptoms from other clusters. A more recent view is the network perspective, which does 

not necessarily assume an underlying causal entity, but theorizes that symptoms can also 

trigger each other and thereby form clusters of co-occurring symptoms in a self-organized, 

or bottom-up fashion2,43,46. We can then imagine a reality in which no absolute boundaries 

exist between diagnoses, and in which symptoms of psychopathology are all, to a varying 

extent, related to each other within one psychopathological space. However, some types of 

symptoms or mental states seem to lump together more often in this space whereas other 

combinations of symptoms hardly ever co-occur. From the network perspective this may 

make sense, as it can be easily imagined that one mental state, for example ‘feeling down’ 

easily triggers a certain other mental state, like ‘worrying’, but not so easily the mental state 

representing the feeling of being watched. Thus, certain mental states may be further apart 

from each other in space than other mental states. Similarly, certain groups of mental states 

may all be at a relatively close distance – meaning that they easily activate each other – 

making it likely that they are eventually ‘switched on’ together. Such groups may represent 

combinations of symptoms that have been frequently observed together and therefore 

received a group-identifying label such as ‘depression’ or ‘psychosis’. 

Thus, symptoms and dimensions of psychopathology show preferential connections, 

which puts constraints on the likelihood of certain psychopathological syndromes. Despite 
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such global constraints, however, individual patients are known to differ in the wiring patterns 

of their psychopathology networks, which gives rise to unique deviations from group-level 

connectivity. Thus, whereas in one person depressed feelings (such as sadness, guilt or 

shame) can easily trigger anxiety symptoms (such as worrying or inner tension) because they 

are close in the multidimensional space, this is not necessarily true in another person (see Fig. 

4.2). Secondly, not only the connections between the clusters (lumps) of symptoms, but also 

the clusters themselves are likely to differ per individual with regard to their precise content: 

whereas for one person anxiety and depressive symptoms may form a single cluster or lump, 

this may not necessarily be the case for the next person. This implies that the structure of 

psychopathology and its supposed dimensions may differ per person and may not even be 

stable over time within a person. These theoretical ideas on the nature of psychopathology 

may explain the observed heterogeneity in symptom profiles (see Fig. 4.2). 

Depression cluster

Manic cluster

Anxiety cluster

Anxiety cluster

Depression cluster

Manic cluster

Fig. 4.2. Multidimensional space of psychopathology symptoms. The circles represent different 
symptoms and the distance between them represents the ease with which they can trigger their 
neighbor symptom. The colored groups represent different clusters of symptoms. In scenario A it is 
more likely that depressive symptoms may eventually trigger the manic cluster than in scenario B, 
whereas depressive symptoms in scenario B will more easily activate anxiety symptoms.

Applying complex systems theory to foreseeing specific types of 
symptom transitions 

As mentioned previously, the possibility to differentiate what type of symptom transitions 

are likely to occur in vulnerable individuals is highly relevant. The question is whether generic 

principles that apply to complex systems are informative also on this matter. If symptoms all 



571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder
Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022 PDF page: 86PDF page: 86PDF page: 86PDF page: 86

Chapter 4

86

relate to each other within a multidimensional space as explained above, and if there are 

only relative boundaries between symptoms and symptom clusters, then instable attributes 

of the system at large may in theory inform us on the risk of transitions across the whole 

of psychopathology. This would mean that rather than working with a 2-dimensional (2D) 

stability landscape (Fig. 4.1), we suggest a 3D stability landscape (Fig. 4.3) in which system 

stability is depicted not only on the dimension from low to high stability for psychopathology 

in general, but also for different dimensions of psychopathology. In this 3D landscape we 

could then observe that the state of the system of an individual who is, for example, currently 

experiencing depressive symptoms, is close to a basin of attraction towards developing 

anxiety symptoms but not, for example, to developing manic symptoms (Fig. 4.3a). However, 

in the 3D landscape of another person this could be precisely opposite (Fig. 4.3b). 

Fig. 4.3. 3-D stability landscape. Landscape A shows a situation in which an individual in a currently 
depressed state is close to the basin of attraction towards developing anxiety symptoms but not to 
developing manic symptoms. In landscape B the situation is reversed. This individual who is currently 
in a depressed state is close to the attractor towards developing manic symptoms but not towards 
developing anxiety symptoms.



571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder
Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022 PDF page: 87PDF page: 87PDF page: 87PDF page: 87

Can we predict the direction of sudden shifts in symptoms? 
Transdiagnostic implications from a complex systems perspective on psychopathology

87

4

We know that the chances of individuals to develop various forms of psychopathology differ 

from one person to another. Therefore, it seems logical to expect that the same principles 

of system stability play a role in signaling phase transitions to a certain set of symptoms 

(e.g., manic symptoms), rather than to another (e.g., anxiety symptoms), depending on one’s 

individual settings in the multidimensional space. The probability of making a transition to 

a certain group of symptoms is then reflected in the instability of a system’s current state to 

move towards the corresponding basin of attraction of that particular group of symptoms 

in the psychopathological space. In a 3D instability landscape, we may assume that this 

instability is not equal around all basins of attraction. For example, at some point in time the 

state’s position within the instability landscape can make it very easy for the state to roll into 

a large basin of attraction corresponding to anxiety symptoms (i.e., move along the anxiety 

dimension), whereas it will not likely roll into the basin corresponding to manic symptoms 

(i.e., move along the dimension of mania; see Fig. 4.3a). 

Early warning signals and local points of instability
The above suggests the possibility that ‘local points of instability’ exist in the landscape which 

are related to specific symptom transitions. For example, we can assume that if we find rising 

EWS specifically, for example, in patterns of the mental state ‘feeling down’, that this is more 

likely to signal a transition towards depressed states than towards other symptom clusters. 

Similarly, rising EWS in other mental states, e.g., ‘feeling tense’ or ‘being extremely talkative’, 

may be less pronounced prior to transitions towards depression relative to transitions 

towards anxious or manic states, respectively (Fig. 4.4). A first novel assumption therefore 

is the idea that EWS, such as rising autocorrelation or variance, may signal local points of 

instability in the 3D psychopathology landscape and can therefore predict what type of 

symptom transitions are most likely to occur. If this assumption is correct, then EWS patterns 

of various mental states may inform us not only on the possibility of a nearby transition, but 

also on the type of psychopathology that may develop in the near future.
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Fig. 4.4. Association between early warning signals (EWS) and the proximity of tipping points. As a 
system approaches a tipping point, a transition towards an alternate state becomes more likely. A) A 
system that is likely to shift towards a depressed state is hypothesized to show pronounced EWS in 
related mental states, such as feeling down. B) In contrast, future transitions towards manic states 
might be preceded by EWS in other mental states, such as feeling talkative. Patterns in EWS might 
therefore reflect the direction of future transitions. 
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Fig. 4.5. Network connectivity as a prognostic indicator. Reported symptoms are a mix of clusters A 
and B. The dynamic networks reveal two different scenarios. In scenario 1 the dynamic network shows 
high connectivity in cluster A symptoms, whereas in scenario 2 the dynamic network shows high 
connectivity in cluster B symptoms. The network theory predicts that this leads to different likelihood 
of future symptomatology. Scenario 1 signals an increased likelihood to further develop symptoms of 
cluster A, whereas scenario 2 signals an increased likelihood to further develop symptoms of cluster B. 
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Network structure and local points of instability
A second hypothesis that may follow from the above-described multidimensional view on 

psychopathology is that the structure of connections between symptoms may also inform us 

on the likelihood for specific directions of symptom transitions. As explained above, symptoms 

are expected to trigger other symptoms, leading to clusters of symptoms that we label as 

‘syndromes' (e.g., depression, anxiety, psychosis). If no absolute boundaries exist then we can 

expect that symptoms can connect not only within fixed groups of symptoms but also across 

such groups. Symptoms that connect across boundaries are called bridge symptoms. These 

ideas have been formulated previously43,46 and can explain why people with one categorical 

psychiatric diagnosis (e.g., unipolar depression, when a depression cluster is active) are 

more likely to later fulfill criteria for another diagnosis (e.g., schizoaffective disorder, when a 

psychosis component joins in). Since bridge symptoms facilitate most of the communication 

between the clusters (syndromes), changes in the states of these bridge symptoms may 

be particularly good candidates for prediction of the direction of phase transitions in 

psychopathology networks. What follows from these ideas is that the specific patterns of 

connections between symptoms, like the EWS, may provide us with clues regarding the 

likelihood of a transition to a particular set of symptoms (a dimension in the landscape) (Fig. 

4.5). For instance, if feeling down strongly triggers being paranoid in a particular individual, 

and if being paranoid is strongly connected to (and easily activates) many other symptom 

that make up the cluster of psychotic symptoms, then we can say that the state of feeling 

down is proximal and close to the transition towards psychosis for this person. In the 3D 

instability landscape this situation would be reflected by a gully in the hilly landscape running 

from the state of feeling down towards the basin of attraction corresponding to a psychotic 

state. In such a way the network structure of individuals’ symptoms may be informative for 

local points of instability in the multidimensional space of psychopathology and may signal, 

depending on the current activation state of the network, what direction of transition is 

most likely. We thus hypothesize that both approaches, EWS and network structure, may 

inform on the direction of symptom transitions. An interesting question is whether both 

approaches are complementary in providing information and whether the combination of 

information further increases the precision of the estimated likelihood. This question needs 

to be resolved empirically.
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Operationalization in novel research designs and clinical 
implications

Above we have tried to explain how a complex system view may lead to assumptions 

concerning the direction of symptom shifts. It is important, however, to not only create new 

theories on the nature of psychopathology, but also to pave the way for empirical verification 

of the proposed ideas. This requires a translation from the concept of system instability to the 

direct testing thereof, formulating specific predictions and utilizing novel research designs. 

We will discuss each of these challenges. The concept of system instability is often used 

as a nice metaphor. However, recent discoveries by Scheffer and colleagues11,12, showing 

that system instability can be estimated by specific EWS, make system instability empirically 

testable. Whereas time-series of a CO2 proxy were used to find EWS on climate change11, 

time-series of emotions/mental states can be used to estimate EWS anticipating symptom 

transitions. Experience sampling, a diary technique to sample people’s experiences in the 

flow of daily life47, is one possibility to get access to such information. An operationalization 

hereof has been described in Wichers and colleagues15. Similar statistical models as used in 

this study to estimate system instability with EWS can be used to test the currently proposed 

novel hypotheses regarding predictions on the precise type of symptoms that are likely to 

make a transition (i.e., via local points of instability visualized in a 3D rather than a 2D stability 

landscape). However, in a 3D stability landscape the situation is a bit more complex. For 

example, to derive an approximation of the stability landscapes as depicted in figure 4.3, 

one needs to examine EWS patterns in multiple mental states in these depressed individuals. 

Strongly rising levels in EWS patterns in certain mental states (e.g., in anxiety) would then 

correspond with instable locations in the landscape where the state of the system can easily 

move towards that specific attractor (in that case the anxiety attractor). In that way, (multiple) 

local instabilities in a system become empirically testable. 

However, these empirical tests have their statistical and methodological 

complexities. For example, the current research questions explicitly hypothesize changing 

EWS patterns over time. However, most statistical models assume stationarity. Fortunately, 

there are some solutions available. A first solution, also used in the N=1 experiment15, is to 

make use of moving window techniques. This means that autocorrelation, as one form of 

EWS, is estimated separately in a high number of overlapping time windows that in total 

cover the complete time-period of investigation. Another solution is to use the recently 
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developed time-varying vector autoregressive models48 that allow for changing parameters 

over time. 

Another complexity in the empirical testing of these ideas is that they require 

intensive measurement regimes, which should be timed in a period during which transitions 

are likely to occur. Also, to derive an approximation of the stability landscapes as depicted in 

figure 4.3, one needs to examine EWS in a broad range of mental states (i.e., a depression 

cluster and its neighboring clusters, such as anxiety, mania and inhibition clusters). This 

requires the use of highly parsimonious yet informative questionnaires and data collection 

techniques. A question is whether such intensive designs are a feasible option in (high-risk) 

psychiatric populations. Recently, however, intensive time-series datasets (with a length of 

3-6 months and with a sampling frequency of once to five times a day) have been successfully 

collected in patient groups with severe psychiatric problems. Compliance on measurements 

reached 76% on average and focus groups revealed that patients felt positive regarding the 

idea of monitoring themselves in such a way as it helps them to acquire more insight into 

their symptoms49,50. Thus, although data collection is intensive, application hereof in clinical 

groups, and with the promise of using it for improving personalized prediction of course, may 

be well feasible. Nevertheless, we need to keep in mind that using complex system tools for 

this purpose only has added benefit if these outweigh simpler measures, such as plain mean 

levels of mental states or patients’ own indications of risk, to predict symptom trajectories 

in psychopathology. 

In short, psychiatry is strongly in need of personalized approaches. If we succeed, 

this novel approach may yield strongly improved personalized estimations on the course 

of psychiatric symptoms. Such information can be extremely useful for early intervention 

strategies aimed at preventing specific psychiatric problems.



571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder
Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022 PDF page: 92PDF page: 92PDF page: 92PDF page: 92

Chapter 4

92

References

1.  Heinzel S, Tominschek I, Schiepek G. Dynamic patterns in psychotherapy--discontinuous changes and 

critical instabilities during the treatment of obsessive compulsive disorder. Nonlinear Dynamics Psychol 

Life Sci. 2014;18(2):155-176.

2.  Borsboom D. A network theory of mental disorders. World Psychiatry. 2017;16(1):5-13.

3.  Haken H, Tschacher W. How to modify psychopathological states? Hypotheses based on complex systems 

theory. Nonlinear Dynamics, Psychology, and Life Sciences. 2017;21(1):19-34.

4.  Schiepek GK, Viol K, Aichhorn W, et al. Psychotherapy is chaotic- (not only) in a computational world. 

Frontiers in Psychology. 2017;8(379):1-23. doi:10.3389/fpsyg.2017.00379

5.  Nelson B, McGorry PD, Wichers M, Wigman JTW, Hartmann JA. Moving from static to dynamic models of the 

onset of mental disorder. JAMA Psychiatry. 2017;74(5):528-534. doi:10.1001/jamapsychiatry.2017.0001

6.  Scheffer M. Critical Transitions in Nature and Society. Princeton University Press; 2009.

7.  Hayes AM, Laurenceau JP, Feldman G, Strauss JL, Cardaciotto LA. Change is not always linear: the 

study of nonlinear and discontinuous patterns of change in psychotherapy. Clinical Psychology Review. 

2007;27(6):715-723. doi:10.1016/j.cpr.2007.01.008

8.  van der Maas HL, Molenaar PC. Stagewise cognitive development: an application of catastrophe theory. 

Psychol Rev. 1992;99(3):395-417.

9.  Hayes AM, Strauss JL. Dynamic systems theory as a paradigm for the study of change in psychotherapy: an 

application to cognitive therapy for depression. J Consult Clin Psychol. 1998;66(6):939-947.

10.  Schiepek G, Perlitz V. Self-organization in clinical psychology. In: Meyers RA, ed. Encyclopedia of Complexity 

and Systems Science. Springer US; 2009:263-285. doi:10.1007/978-1-0716-0421-2_472

11.  Scheffer M, Bascompte J, Brock WA, et al. Early-warning signals for critical transitions. Nature. 

2009;461(7260):53. doi:10.1038/nature08227

12.  Scheffer M, Carpenter SR, Lenton TM, et al. Anticipating critical transitions. Science. 2012;338(6105):344-

348. doi:10.1126/science.1225244

13.  Schiepek G, Tominschek I, Karch S, et al. A controlled single case study with repeated fMRI measurements 

during the treatment of a patient with obsessive-compulsive disorder: testing the nonlinear 

dynamics approach to psychotherapy. World Journal of Biological Psychiatry. 2009;10:658-668. 

doi:10.1080/15622970802311829

14.  van de Leemput IA, Wichers M, Cramer AOJ, et al. Critical slowing down as early warning for the onset 

and termination of depression. Proceedings of the National Academy of Sciences. 2014;111(1):87-92. 

doi:10.1073/pnas.1312114110

15.  Wichers M, Groot PC, Psychosystems ESM group, EWS group. Critical slowing down as a personalized 

early warning signal for depression. Psychotherapy and Psychosomatics. 2016;85:114-116. 

doi:10.1159/000441458

16.  Cramer AOJ, van Borkulo CD, Giltay EJ, et al. Major depression as a complex dynamic system. PLoS one. 

2016;11(12):1-20. doi:10.1371/journal.pone.0167490

17.  Fusar-Poli P, Yung AR, McGorry P, van Os J. Lessons learned from the psychosis high-risk state: towards a 

general staging model of prodromal intervention. Psychological Medicine. 2014;44(1):17-24. doi:10.1017/

S0033291713000184



571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder
Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022 PDF page: 93PDF page: 93PDF page: 93PDF page: 93

Can we predict the direction of sudden shifts in symptoms? 
Transdiagnostic implications from a complex systems perspective on psychopathology

93

4

18.  McGorry P, Nelson B. Why we need a transdiagnostic staging approach to emerging psychopathology, early 

diagnosis, and treatment. JAMA Psychiatry. 2016;73(3):191-192. doi:10.1001/jamapsychiatry.2015.2868

19.  Cross SP, Hermens DF, Scott EM, Ottavio A, McGorry PD, Hickie IB. A clinical staging model for early 

intervention youth mental health services. Psychiatric Services. 2014;65(7):939-943. doi:10.1176/appi

20.  McGorry PD, Hickie IB, Yung AR, Pantelis C, Jackson HJ. Clinical staging of psychiatric disorders: a heuristic 

framework for choosing earlier, safer and more effective interventions. Australian and New Zealand 

Journal of Psychiatry. 2006;40(8):616-622. doi:10.1111/j.1440-1614.2006.01860.x

21.  Berk M, Post R, Ratheesh A, et al. Staging in bipolar disorder: from theoretical framework to clinical utility. 

World Psychiatry. 2017;16(3):236-244. doi:10.1002/wps.20441

22.  Wigman JTW, van Os J, Thiery E, et al. Psychiatric diagnosis revisited: towards a system of staging and 

profiling combining nomothetic and idiographic parameters of momentary mental states. PLoS one. 

2013;8(3):1-8. doi:10.1371/journal.pone.0059559

23.  McGorry P, Keshavan M, Goldstone S, et al. Biomarkers and clinical staging in psychiatry. World Psychiatry. 

2014;13(3):211-223.

24.  Tang TZ, DeRubeis RJ, Hollon SD, Amsterdam J, Shelton R. Sudden gains in cognitive therapy of depression 

and depression relapse/recurrence. Journal of Consulting and Clinical Psychology. 2007;75(3):404-408. 

doi:10.1037/0022-006X.75.3.404

25.  Heinzel S, Tominschek I, Schiepek G. Dynamic pattern in psychotherapy - discontinuous changes and critical 

instabilities during the treatment of obsessive compulsive disorder. Nonlinear Dynamics, Psychology, and 

Life Sciences. 2014;18(2):155-176.

26.  Hosenfeld B, Bos EH, Wardenaar KJ, et al. Major depressive disorder as a nonlinear dynamic system: 

bimodality in the frequency distribution of depressive symptoms over time. BMC Psychiatry. 2015;15(1):1-

9. doi:10.1186/s12888-015-0596-5

27.  Boeing G. Visual analysis of nonlinear dynamical systems: chaos, fractals, self similarity and the limits of 

prediction. Systems. 2016;4(4):1-18. doi:10.3390/systems4040037

28.  Wichers M. The dynamic nature of depression: a new micro-level perspective of mental disorders that 

meets current challenges. Psychological Medicine. 2014;44(7):1349-1360.

29.  Klippel A, Viechtbauer W, Reininghaus U, et al. The cascade of stress: a network approach to explore 

differential dynamics in populations varying in risk for psychosis. Schizophrenia Bulletin. 2018;44(2):328-

337. doi:10.1093/schbul/sbx037

30.  Pe ML, Kircanski K, Thompson RJ, et al. Emotion-network density in major depressive disorder. Clinical 

Psychological Science. 2015;3(2):292-300. doi:10.1177/2167702614540645

31.  Wigman JTW, van Os J, Borsboom D, et al. Exploring the underlying structure of mental disorders: cross-

diagnostic differences and similarities from a network perspective using both a top-down and a bottom-

up approach. Psychological Medicine. 2015;45:2375-2387. doi:10.1017/S0033291715000331

32.  Bringmann LF, Pe ML, Vissers N, et al. Assessing temporal emotion dynamics using networks. Assessment. 

2016;23(4):425-435. doi:10.1177/1073191116645909

33.  de Vos S, Wardenaar KJ, Bos EH, Wit EC, Bouwmans MEJ, de Jonge P. An investigation of emotion dynamics 

in major depressive disorder patients and healthy persons using sparse longitudinal networks. PLoS one. 

2017;12(6):1-18. doi:10.1371/journal.pone.0178586

34.  Groen RN, Snippe E, Bringmann LF, et al. Capturing the risk of persisting depressive symptoms: a dynamic 

network investigation of patients’ daily symptom experiences. Psychiatry Research. 2019;271:640-648. 

doi:10.1016/j.psychres.2018.12.054



571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder
Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022 PDF page: 94PDF page: 94PDF page: 94PDF page: 94

Chapter 4

94

35.  Tretyakov AY, Takayasu H, Takayasu M. Phase transition in a computer network model. Physica A. 

1998;253:315-322.

36.  Dakos V, Scheffer M, van Nes EH, Brovkin V, Petoukhov V, Held H. Slowing down as an early warning signal 

for abrupt climate change. PNAS. 2008;105(38):14308-14312. doi:10.1073/pnas.0802430105

37.  van Nes EH, Scheffer M. Slow recovery from perturbations as a generic indicator of a nearby catastrophic 

shift. The American Naturalist. 2007;169(6):738-747.

38.  Carragher N, Krueger RF, Eaton NR, Slade T. Disorders without borders: current and future directions in the 

meta-structure of mental disorders. Social Psychiatry and Psychiatric Epidemiology. 2015;50(3):339-350. 

doi:10.1007/s00127-014-1004-z

39.  Kessler RC, Berglund P, Demler O, Jin R, Merikangas KR, Walters EE. Lifetime prevalence and age-of-onset 

distributions of DSM-IV disorders in the national comorbidity survey replication. Archives of General 

Psychiatry. 2005;62:593-602. doi:10.1001/archpsyc.62.6.593

40.  Merikangas KR, He JP, Burstein M, et al. Lifetime prevalence of mental disorders in U.S. adolescents: results 

from the national comorbidity survey replication-adolescent supplement (NCS-A). Journal of the American 

Academy of Child and Adolescent Psychiatry. 2010;49(10):980-989. doi:10.1016/j.jaac.2010.05.017

41.  Krueger RF, Eaton NR. Transdiagnostic factors of mental disorders. World Psychiatry. 2015;14(1):27-30. 

doi:10.1002/wps.20175

42.  Wardenaar KJ, de Jonge P. Diagnostic heterogeneity in psychiatry: towards an empirical solution. BMC 

Med. 2013;11:201. doi:10.1186/1741-7015-11-201

43.  Goekoop R, Goekoop JG. A network view on psychiatric disorders: network clusters of symptoms 

as elementary syndromes of psychopathology. PLoS one. 2014;9(11):1-47. doi:10.1371/journal.

pone.0112734

44.  Boschloo L, van Borkulo CD, Rhemtulla M, Keyes KM, Borsboom D, Schoevers RA. The network structure 

of symptoms of the diagnostic and statistical manual of mental disorders. PLoS one. 2015;10(9):1-12. 

doi:10.1371/journal.pone.0137621

45.  Bekhuis E, Schoevers RA, van Borkulo CD, Rosmalen JGM, Boschloo L. The network structure of major 

depressive disorder, generalized anxiety disorder and somatic symptomatology. Psychological Medicine. 

2016;46(14):2989-2998. doi:10.1017/S0033291716001550

46.  Cramer AOJ, Waldorp LJ, van der Maas HLJ, Borsboom D. Comorbidity: a network perspective. Behavioral 

and Brain Sciences. 2010;33(2010):137-193. doi:10.1017/S0140525X09991567

47.  Myin-Germeys I, Oorschot M, Collip D, Lataster J, Delespaul P, van Os J. Experience sampling research 

in psychopathology: opening the black box of daily life. Psychological Medicine. 2009;39:1533-1547. 

doi:10.1017/S0033291708004947

48.  Bringmann LF, Hamaker EL, Vigo DE, Aubert A, Borsboom D, Tuerlinckx F. Changing dynamics: time-varying 

autoregressive models using generalized additive modeling. Psychological Methods. 2017;22(3):409-425. 

doi:10.1037/met0000085

49.  Bos FM, Snippe E, Bruggeman R, Wichers M, van der Krieke L. Insights of patients and clinicians on the 

promise of the experience sampling method for psychiatric care. Psychiatric Services. 2019;70(11):983-

991. doi:10.1176/appi.ps.201900050

50.  Schiepek G, Aichhorn W, Gruber M, Strunk G, Bachler E, Aas B. Real-time monitoring of psychotherapeutic 

processes: concept and compliance. Frontiers in Psychology. 2016;7(604):1-11. doi:10.3389/

fpsyg.2016.00604



571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder
Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022 PDF page: 95PDF page: 95PDF page: 95PDF page: 95



571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder
Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022 PDF page: 96PDF page: 96PDF page: 96PDF page: 96

5



571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder
Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022 PDF page: 97PDF page: 97PDF page: 97PDF page: 97

Measuring psychopathology as it 
unfolds in daily life: addressing 
key assumptions of intensive 
longitudinal methods in the  
TRAILS TRANS-ID study

published as: Schreuder, M.J.*, Groen, R.N.*, Wigman, J.T.W., Hartman, C.A., & Wichers, M. 
(2020). Measuring psychopathology as it unfolds in daily life: addressing key assumptions of 
intensive longitudinal methods in the TRAILS TRANS-ID study. BMC Psychiatry, 20(1), 1–14.  
doi: 10.1186/s12888-020-02674-1
*Contributed equally



571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder
Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022 PDF page: 98PDF page: 98PDF page: 98PDF page: 98

98

Abstract

Background. Intensive longitudinal (IL) designs provide the potential to study symptoms as 

they evolve in real-time within individuals. This has promising clinical implications, potentially 

allowing conclusions at the level of specific individuals. The current study aimed to establish 

the feasibility of IL designs, as indicated by self-rated burden and attrition, in the context 

of psychiatry. Additionally, we evaluated three core assumptions about the instruments 

(diary items) used in IL designs. These assumptions are: diary items (i) reflect experiences 

that change over time within individuals (indicated by item variability), (ii) are interpreted 

consistently over time, and (iii) correspond to retrospective assessments of psychopathology. 

Methods. TRAILS TRANS-ID is an add-on IL study in the clinical cohort of the TRAILS study. 

Daily diaries on psychopathological symptoms for six consecutive months were completed 

by 134 at risk young adults (mean age = 22.6 years, SD = 0.6 years). At baseline, immediately 

after the diary period, and one year after the diary period, participants completed a diagnostic 

interview. 

Results. Excellent compliance (88.5% of the diaries completed), low participant burden 

(mean = 3.21, SD = 1.42, range = 1-10), and low attrition (8.2%) supported the feasibility 

of six-month IL designs. Diary items differed in their variability over time. Evaluation of the 

consistency of diary item interpretations showed that within-individual variability in scores 

could not be attributed to changing interpretations over time. Further, daily symptom 

reports reasonably correlated with retrospective assessments (over a six month period) of 

psychopathology obtained with the diagnostic interview, suggesting that both measures 

might complement each other. 

Conclusion. The current study is the first to show that IL designs over extensive periods 

(i.e., multiple months) in psychiatry are feasible, and meet three core assumptions to study 

change in psychopathology. This might allow for addressing novel and promising hypotheses 

in our field, and might substantially alter how we treat and study mental ill-health. 

Chapter 5



571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder
Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022 PDF page: 99PDF page: 99PDF page: 99PDF page: 99

99

5

Introduction

Symptoms of mental ill-health are inherently time-varying: they may progress from mild 

complaints to severe disorders and vice versa1. This may play out over longer periods, such 

as months or even years, but also can occur much more rapidly over the span of several 

days2,3. Traditional longitudinal designs, which generally assess large groups of individuals a 

few times over long time-intervals, are capable of investigating slower changes at the group 

level such as developmental changes (e.g., developmental differences between typically and 

non-typically developing children). However, these designs cannot provide insight at the 

individual level, e.g., whether a particular individual is likely to develop anxiety symptoms 

in the near future, or conversely, is likely to remit. In order to address questions relevant 

to the individual patient, we need to examine how daily experiences of a specific individual 

change over the course of several months. Such designs – hereafter referred to as intensive 

longitudinal (IL) designs – are rigorous but necessary, as they will enable us to connect 

macro-level changes in individuals (exposed by traditional longitudinal designs) with micro-

level processes, such as their vulnerability to mental ill-health at a particular moment in time. 

IL designs accommodate several complex features of psychopathology that cannot 

be accounted for otherwise1,4,5. A first feature is that symptom manifestation and illness 

progression seem highly person-specific. Individuals differ from other individuals: even when 

diagnosed with the same disorder (e.g., major depression), individuals typically show marked 

differences in terms of the specific symptoms they experience and on what timescale they 

come and go6. Further, individuals differ from themselves over time: symptoms fluctuate 

within individuals both in severity and type (e.g., anxiety symptoms may substitute 

depressive symptoms, or vice versa)7–9. Fluctuations in severity may entail disorder onset, 

remission or relapse, and may also occur on a smaller scale, for instance between ‘mild’ 

and ‘moderate’ levels of severity10,11. These person-specific features cannot be studied 

through traditional longitudinal designs, which is in part due to the relatively small number 

of repeated measurements (i.e., usually less than ten) in such studies. In contrast, intensive 

longitudinal designs such as diary or ecological momentary assessment studies easily yield 

over 50 time points per individual. This high number and granularity of measurements 

allows for characterizing the within-individual process, and thus provides the possibility 

to gain insight in core questions of psychiatry, for instance why some individuals develop 

symptoms, whereas others do not, and why some individuals experience a mild symptom 

Measuring psychopathology as it unfolds in daily life: addressing key assumptions 
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course whereas others deteriorate over time.

When monitoring the development of psychopathology, a second feature is that 

assessments should be acquired during the period in which changes in symptomatology occur. 

For instance, in order to develop measures that enable detection of upcoming changes in 

symptoms, or gain insight in how switches in type of symptoms occur, the process of change 

needs to be observed while it unfolds. Instead of static snapshots with relatively long time 

intervals in between as in traditional longitudinal designs (e.g., every 12 months), IL designs 

yield detailed insight into how symptoms change from day to day or moment to moment4. As 

symptom changes may involve both the type of symptoms that manifest and their severity, 

it is important to assess symptoms of various diagnostic categories simultaneously on a 

continuous scale. By allowing for variability between and within individuals in symptom 

profiles, intensive longitudinal designs may enable us to capture individual trajectories from 

subthreshold symptoms to full-blown disorders as well as transitions that occur between 

disorders. 

As technology advances, the implementation of personalized designs has become 

increasingly feasible. For instance, IL data can be collected through electronic questionnaires 

which can be delivered via smartphones, making it possible to lengthen the measurement 

period. The latter is particularly important when studying how symptoms develop over time, 

as one needs to maximize the possibility of observing changes in symptoms. Despite increasing 

availability of methods to collect IL data, prospectively monitoring psychopathological 

symptom development through intensive designs with extended duration (> three months) 

has rarely been pursued before12. It is therefore important to investigate the feasibility 

of these designs. Thus, the first aim of this chapter is to establish whether prospectively 

assessing symptoms through a six-month diary study is feasible. Specifically, participant 

burden – indicated by drop-out and non-compliance – will be evaluated. Second, because IL 

data show great promise in being able to capture symptom development, it is important to 

evaluate some of the core assumptions underlying the instruments used in these designs. In 

the current study we evaluate three such assumptions about daily diary items: (i) diary items 

are able to detect fluctuations in symptoms, (ii) the interpretation of diary items remains 

consistent over time, and (iii) diary items reflect the same constructs that are measured with 

traditional instruments (e.g., retrospective diagnostic interviews). 

These assumptions may call for some elaboration. The first assumption states that 

diary items are suitable for detecting fluctuations in respective symptoms. However, it is 
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important to evaluate which items may be particularly well-suited for monitoring changes 

in specific symptom domains or populations. For instance, diary items that are appropriate 

for specific clinical samples (e.g., “To what extent did you hear voices today?” In those at 

high risk for psychosis) may not be suitable for samples from the general population or 

transdiagnostic samples with high risk for more common types of psychopathology, and vice 

versa. The second assumption involves the consistency of items over time. Because intensive 

longitudinal designs have long durations and require frequent introspection, it is possible 

that participants change their interpretation of diary items over the course of the study. For 

instance, feeling down might initially be perceived as intense sadness, and later be regarded 

as a mild sense of stress. Such a change makes interpreting the variability in feeling down 

over time difficult. Although varying item interpretations can also occur in short-lasting 

designs, e.g., where symptoms are sampled for one or two weeks, the probability of changing 

interpretations increases with study duration. Hence, in the interest of the current as well as 

future intensive longitudinal designs, the time-invariance of diary item interpretations should 

be verified. Finally, given that both methods tap into psychopathology, a third assumption 

concerns the correspondence of symptom reports in the diary study to symptom reports 

in conventional assessments of psychopathology such as diagnostic interviews. In other 

words, we assume that the results of a diagnostic interview – which concern macro-level 

experiences based on retrospective assessments of psychopathological symptoms during 

several months – map to some extent onto micro-level experiences based on self-reports 

of symptoms in daily life. Analyzing this correspondence could potentially reveal which diary 

items are most suitable for detecting individual differences in specific diagnostic domains. 

In sum, the present chapter will investigate whether intensive longitudinal assessments of 

psychopathology are feasible and whether the instruments in those designs (diary items) (i) 

pick up variability, (ii) are consistently interpreted over time, and (iii) correlate with macro-

scale assessments (retrospective diagnostic interview). This may pave the way for the use of 

intensive longitudinal designs to address important questions in the field of psychopathology.

The current chapter will address the above aims using data from a six-month daily diary 

study in young adults at risk for psychopathology. The study, TRAILS TRANS-ID, was designed 

to monitor the day-to-day fluctuations in psychopathological symptoms of participants 

from a clinical cohort as they entered young adulthood, which is considered a particularly 

vulnerable period in terms of mental ill-health (see TRAILS TRANS-ID infrastructure)13,14. For 

six consecutive months, participants completed daily assessments concerning 58 symptoms 

Measuring psychopathology as it unfolds in daily life: addressing key assumptions 
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of psychopathology. The TRAILS TRANS-ID study has not been described before, and we will 

therefore provide a detailed description of its methods. Ultimately, the resulting data might 

allow for conclusions that could considerably advance our understanding of how, why, and 

when symptoms evolve. 

Methods 

TRAILS TRANS-ID infrastructure
TRAILS TRANS-ID connects two large, ongoing projects, namely TRAILS (TRacking Adolescents’ 

Individual Lives Survey) and TRANS-ID (Transitions In Depressione). TRANS-ID was designed 

to prospectively monitor sudden transitions in psychopathology. TRAILS TRANS-ID is one of 

the studies within the TRANS-ID project, and includes participants from TRAILS. TRAILS is an 

ongoing, prospective cohort study investigating mental health across pre-adolescence and 

young adulthood. TRAILS consists of a general population cohort (TRAILS-PC, which started 

in 2000) and a transdiagnostic clinical cohort (TRAILS CC, which started in 2004). Participants 

of TRAILS TRANS-ID were recruited in TRAILS CC. TRAILS CC was designed to enrich its general 

population counterpart by selectively sampling individuals who were at heightened risk for 

mental ill-health. Inclusion in TRAILS CC was based on at least one referral before the age of 

11 years to the child psychiatric outpatient clinic of the University Medical Center Groningen. 

Because of this history, TRAILS CC participants are considered vulnerable for developing 

(additional) psychopathological complaints later in life (e.g., in young adulthood). This is 

reflected in heightened mental ill-health in TRAILS CC compared to the general population 

cohort of TRAILS15. An extensive description of the sampling procedures for TRAILS CC has 

been published elsewhere16.

Study design 
TRAILS TRANS-ID consisted of a six-month daily diary study that was designed to capture the 

ebb and flow of (subthreshold) symptoms of psychopathology in young adults at heightened 

risk for mental ill-health (see Study population). Immediately before (baseline), directly 

e Unlike TRANS-ID, TRAILS TRANS-ID does not solely focus on depression, but aims to examine 
psychopathology across diagnostic borders, including, but not limited to, mood disorders, anxiety 
disorders, subthreshold psychosis, thought problems, attention deficit hyperactivity disorder, autism 
spectrum disorder and aggression.
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after (post assessment), and one year after the diary period (follow-up), a clinical interview 

took place. This interview included a diagnostic interview and two questionnaires on social 

functioning and life events, respectively. All measures were administered orally and are 

outlined in detail below. All assessments and other contact moments with participants (e.g., 

phone calls) were performed by trained researchers (first two authors and research assistant) 

in a standardized way. Participants remuneration included up to a maximum of €200,- (for 

details, see supplement 5.1 Financial compensation) and a report of their own diary data.

Study population 
All participants enrolled in TRAILS CC who participated in at least one of the previous 

measurement waves of TRAILS CC and had given consent to be approached for future 

assessments were eligible to participate in the TRAILS TRANS-ID study (see also TRAILS 

TRANS-ID infrastructure). At its first measurement wave, TRAILS CC included 543 children 

aged between 10 and 12 years old (mean age = 11.1, SD = 0.50, range = 10.1–12.4, 34.1% 

girls). TRAILS TRANS-ID took place when the TRAILS CC participants were between 21 and 

24 years old. Of the 443 TRAILS CC participants eligible for participation in TRAILS TRAILS-ID, 

134 (30.2%) enrolled in the study (see details on recruitment below). The TRAILS CC cohort 

study was approved by the Dutch Central Committee on Research Involving Human Subjects 

(CCMO), in accordance with the ethical standards laid down in the 1964 Declaration of 

Helsinki. Prior to each measurement wave of TRAILS, informed consent was obtained from 

the adolescents (at earlier waves also from the parents). The TRAILS TRANS-ID study was 

approved by the standing Ethics Committee, in accordance with the 1964 Declaration of 

Helsinki. All participants gave written informed consent before enrolment in TRAILS TRANS-

ID. 

Procedure 
Recruitment 

From 18 October 2017 until 12 February 2018, individuals of the TRAILS CC cohort were 

invited to participate in TRAILS TRANS-ID. Individuals received an invitation letter by mail, 

which contained information about the aims and design of TRAILS TRANS-ID. Individuals 

could indicate whether they were interested in participation through a website, by phone, 

or by returning the reply card that was enclosed to invitation letter. Participants who did not 

respond received a reminder by mail (approximately one month after the first invitation).

Measuring psychopathology as it unfolds in daily life: addressing key assumptions 
of intensive longitudinal methods in the TRAILS TRANS-ID study
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Upon registering, participants were contacted by phone by a researcher who 

provided further information about the study. This contact moment was also used to verify 

whether participants owned a smartphone and whether they anticipated any circumstances 

that might interfere with the diary period (e.g., long-term stay in remote areas). Participants 

who did not own a smartphone were provided one for the duration of the diary period. Of 

the 142 participants who were interested in participating in TRAILS TRANS-ID, 8 participants 

(5.6%) were not included for various reasons (e.g., because they could not be reached or had 

changed their minds). 

Baseline assessment

Prior to the clinical interview, participants were once more informed about the study 

procedures and asked for written informed consent. Thereafter, the clinical interview 

(see Instruments) was conducted and the diary procedure was explained. Participants 

completed a practice session in presence of a researcher in order to familiarize themselves 

with the questions. Participants were instructed to carefully consider their mental state 

and use the extreme ends only if they could not imagine experiencing a certain symptom 

more (corresponding to a score of 100) or less (corresponding to a score of 0). To verify 

whether participants’ interpretation of diary items remained consistent during the diary 

period – as outlined in our second aim – half of the participants were interviewed about 

their interpretation of a randomly selected set of ten items after the clinical interview (see 

Qualitative assessment: validity of diary items). 

Diary period

Participants started the diary period immediately after the baseline assessment (supplement, 

Fig. S5.1). This period comprised filling in an electronic diary every evening for six consecutive 

months (i.e., 183 days). Participants could access the diary via a link sent in a text message to 

their mobile phone. The diary consisted of questions assessing experiences during the past 

day (for an overview of items, see supplement 5.3 Descriptives mini-SCAN and diary items, 

Table S5.3). Participants therefore always received text messages in the evening, at a fixed 

time according to the participant’s wishes. Although timing of the text messages differed 

between participants, all participants had 24 hours between each measurement point. 

Participants were asked to complete the questionnaire as soon as possible after receiving 

the text message. If the questionnaire was not completed within 30 minutes, participants 
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received a reminder text message. After this reminder, participants had 2.5 hours to fill in the 

diary. The questionnaires were administered and stored via Roqua (www.roqua.nl).

During the diary period, the researchers contacted the participants at least seven 

times. The first two phone contacts took place in the first and second week of the study, 

respectively, to resolve any issues regarding, for instance, the timing of the text message 

or answer questions about the study procedures. Thereafter, participants were contacted 

monthly or when they skipped diaries for several consecutive days. These phone contacts 

served to support participants, to solve any issues that occurred (e.g., technical problems), 

and to monitor life events that might affect symptom dynamics. The latter were assessed 

by asking participants whether they had experienced important (positively or negatively 

appraised) events regarding their health, work or education, social relations, and financial 

situation. These events were noted and, together with the participant, retrospectively dated. 

Researchers were also available by telephone and e-mail if participants needed assistance at 

other times than the pre-specified contact moments.

Post and follow-up assessment

After the diary period, participants were invited for a post assessment, which involved a 

clinical interview spanning the diary period (i.e., the past six months) and an evaluation of 

the diary. The latter included rating the burden of completing the diary period on a scale 

from one (not at all burdensome) to ten (extremely burdensome). Participants were offered 

a report on their personal data including descriptive information which was explained orally 

and provided on paper. Those who were included in the qualitative assessment of diary 

items at baseline, were asked to take part in this assessment again at post (see Qualitative 

assessment: validity of diary items). Finally, one year after finishing the diary period, 

participants were invited for the follow-up assessment. This assessment involved a clinical 

interview (mini-SCAN, GVSG, life events questionnaire) that spanned the past year. 

Diary measures

The diary questions, listed in Table S5.3 (supplement), were selected to cover symptoms 

of all common psychiatric disorders. Items were derived from earlier studies that adopted 

ambulatory assessments or diary protocols17–20 as well as from existing questionnaires such 

as the Positive and Negative Affect Scale (PANAS)21, the Adult Behavior Checklist (ABCL)22, 

and the Symptom Checklist (SCL-90)23. Items were considered for inclusion in the diary if they 
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(i) covered multiple diagnostic categories, (ii) were sufficiently distinct from other items, (iii) 

were expected to vary from day to day, and (iv) were easy to understand. To accomplish the 

latter, we conducted a pilot study among 12 adolescents with a similar educational attainment 

level to that of the TRAILS CC cohort (see supplement 5.2 Pilot study for more information). 

The final selection consisted of 58 items, which were all rated on a visual analogue scale 

(VAS) that ranged from 0 to 100. Participants were given the opportunity to add an item 

to the diary that they personally wished to monitor (e.g., “To what extent was I productive 

at work today?”). At the end of the diary, an optional textbox allowed participants to make 

notes about their day. Participants were encouraged to report unusual or important events, 

such as starting a new job or being ill, which might have influenced their responses to the 

diary that day. Participants’ notes remained confidential and were solely examined during 

the post assessment for the descriptive report on their personal data.

Qualitative assessment: validity of diary items

To evaluate the validity of diary items – as indicated by the consistency of participants’ 

interpretation – the first 60 participants who were included completed an interview about 

their interpretation of a randomly selected set of ten items both at the baseline and post 

assessment. We interviewed 60 individuals rather than the whole sample because this was 

considered to yield a reliable indication of interpretation consistency, without needlessly 

burdening participants. During the qualitative assessment, participants were asked what a 

certain item, such as feeling stressed, meant to them. Participants were asked about the 

same set at baseline – when participants practiced with the diary – and during the post 

assessment – when participants discussed their personal data with the interviewer. At 

both assessments, participants’ interpretations were recorded and later transcribed. 

Participants were encouraged to elaborate and to provide examples. In case participants did 

not understand an item during the first session, the item’s meaning was explained by the 

researcher. In this case, consistency in interpretation was not evaluated for this item.

Instruments
Demographic characteristics

Demographic characteristics of the sample, including socio-economic status and current 

occupation (education, employment), were retrieved from earlier measurement waves 

of the clinical cohort of TRAILS. Socio-economic status consisted of a standardized score 
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that combined information about household income and the education and occupation of 

participants’ parents, and was assessed during the first measurement wave when participants 

were approximately 11 years old. 

Diagnostic interview

The clinical interview that was administered at baseline, post assessment, and follow-up 

consisted of a diagnostic interview complemented by orally administered questionnaires 

on social functioning and life events (see Social functioning and Life events). The diagnostic 

interview consisted of the computer-assisted mini-SCAN which was administered by 

trained interviewers and assessed the presence of psychiatric disorders24. The mini-SCAN 

is a validated semi-structured interview, which by means of screening questions and skips 

efficiently assesses whether individuals meet the diagnostic criteria of a broad range of 

psychiatric disorders. Since current purposes were primarily of scientific, as opposed to 

traditional diagnostic, nature, we slightly adapted the assessment procedure (see also 

supplement 5.4 Details on scoring for the mini-SCAN interview). First, similar to an earlier 

study25, we rated items on a three-point scale (absent, subthreshold, clinical) rather than 

a dichotomous scale (absent, present). This allowed for recognizing symptoms that were 

endorsed by participants, but did not meet the criteria of clinical significance (e.g., with 

respect to severity, duration, or frequency; see supplement 5.4 Details on scoring for the 

mini-SCAN interview). For instance, feeling down for multiple consecutive days, but less than 

two weeks, could classify as a subthreshold symptom of depression. The distinction between 

absent, subthreshold and clinical symptoms was considered particularly relevant since our 

participants were at risk for psychopathological symptoms. This at-risk status may frequently 

coincide with mild signs of psychopathology that occupy the grey area between mental 

health and psychopathology. Adapting the conventional rating procedure of the mini-SCAN 

allowed for capturing this grey area. A second adaptation concerned the removal of skips 

that are traditionally imposed by the mini-SCAN. To be able to compare ratings across but 

also within individuals, we assessed the following sections in each participant: stress, anxiety 

(including post-traumatic stress disorder (PTSD), generalized anxiety disorder (GAD), panic 

disorder, social anxiety disorder, specific phobia), obsessive-compulsive disorder (OCD), 

depression, mania, hallucinations, delusions, substance use, attention deficit hyperactivity 

disorder (ADHD), autism spectrum disorder (ASD). For the majority of sections, all symptoms 

were rated regardless of the presence of hallmark symptoms (e.g., for depression these are 
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depressed mood, or loss of interest). Sections for which skips were preserved were anxiety, 

hallucinations, and delusions, which all contained symptoms that were conditional upon the 

hallmark symptom(s). For instance, symptoms of PTSD are conditional upon the experience 

of a traumatic event and were hence disregarded in the absence of such an event. 

 The mini-SCAN does not cover oppositional or antisocial behavior, yet such behavior 

may represent an important precursor or manifestation of psychopathology26. Therefore, 

we complemented the mini-SCAN with the aggressive behavior subscale of the Adult Self 

Report (ASR, also assessed at earlier measurement waves of TRAILS22), which was orally 

administered. This subscale consists of 15 items that are rated on a three-point scale (never 

or seldom, sometimes, frequently or always). Scores on the aggressive behavior subscale 

were considered indicative of symptoms of oppositional defiant disorder (ODD) and will 

henceforward be referred to as such.

Social functioning

Social functioning was assessed with the Groningen Social Behavior Questionnaire (in Dutch: 

Groningse Vragenlijst Sociaal Gedrag, GVSG), which has good psychometric properties27. The 

GVSG consists of 45 items that assess functioning in several domains, including social relations 

(i.e., with parents, children, friends, and romantic partners), work, school, household, and 

leisure-time. Items were rated on a 4-point Likert scale which ranged from ‘never’ to ‘always’. 

Domain scores that exceeded the upper limit cut-off provided by De Jong and Van der Lubbe27 

were categorized as ‘severe impairments in functioning’ and domain scores that exceeded 

the lower limit cut-off were categorized as ‘mild impairments in functioning’. 

Life events 

The life events questionnaire comprises an adapted version of the List of Threatening 

Experiences, which has good psychometric properties28,29. The List of Threatening Experiences 

consists of 12 items describing major stressful life events, such as experiencing serious illness, 

losing a job, or ending a steady relationship. Eight items describing pleasant events, such as 

going on a holiday or graduating, were added to this list, resulting in a total of 20 items. The 

occurrence of these events (yes/no) was rated. 

Statistical analyses 
The data presented in the current chapter pertain to the baseline assessment, diary period, 
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and the post assessment. Follow-up interviews were still being conducted. Analyses were 

conducted in R30 (version 1.463).

Aim 1: feasibility

Our first aim was to explore whether conducting a six-month daily diary study in at risk 

young adults is feasible. Feasibility was evaluated by examining descriptives (mean, standard 

deviation) concerning participants’ drop-out and compliance, and their responses to the 

diary-evaluation questions in post assessment interview, which inquired about the burden 

and reasons for missing diary responses.

Aim 2: three core assumptions

Our second aim was to evaluate three common assumptions of IL assessments of 

psychopathology. The first assumption is that diary item capture variability in symptom 

expression. This assumption was evaluated by computing the between- and within-

individual variability in symptom reports. Between-individual variability was operationalized 

as the deviance in mean item scores across individuals. Large values indicate that individuals 

differ considerably in their scores on the respective item, whereas small values suggest 

that individuals score relatively similar. Within-individual variability was examined through 

calculating the mean deviation in item scores within individuals. Large values indicate that 

the respective item varies considerably over time within individuals, whereas small values 

suggest that scores are relatively stable. As there are no criteria yet for the minimum amount 

of variability that can be considered informative, we compared different items descriptively. 

The second assumption to evaluate was the consistency of participants’ 

interpretations of diary items over time. This was addressed by comparing, per participant 

and per item, interpretations at baseline and at post assessment. Item interpretations 

were coded as consistent when participants used identical or similar words or examples to 

describe an item at baseline and post assessment, respectively. Inconsistent interpretations, 

in contrast, were scored in case the interpretations at baseline and post assessment showed 

marked discrepancies. All interpretations were coded by two raters separately. Interrater 

agreement was assessed through the B statistic31,32 instead of Cohen’s Kappa because ratings 

of inconsistency were far less frequent than ratings of consistency. The B statistic quantifies 

the agreement between two raters, accounting for the agreement that would occur due to 

chance31.
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To address the third assumption – concerning the correspondence between daily 

symptom reports and diagnostic measures assessed in a clinical interview – we examined 

the correlation between mean diary ratings and mean scores on distinct psychopathological 

domains (assessed by the diagnostic interview at post assessment). Because the data did not 

fulfill parametric assumptions, Spearman correlation coefficients were computed. We then 

determined correspondence by evaluating which diary items correlated most strongly with 

each domain. 

Results

Sample characteristics
Of the 443 members of the TRAILS CC cohort who were invited to participate, 142 (32%) 

expressed their interest in TRAILS TRANS-ID. Of these individuals, 134 (94%, 30% of the invited 

number of participants) enrolled in the study (76 males (57%); mean age 22.6 years old, SD = 

0.6). At the fourth measurement wave of TRAILS CC, when participants were approximately 

21 years old, employment and education status were assessed. The majority of participants 

(N=73, 54%) were currently employed, of whom some with current education (N=46) and 

some without current education (N=27). Other participants either were employed in the 

past (N=37 (28%), of whom 23 with and 14 without current education), had never been 

employed (N=14 (10%), of whom 11 with and 3 without current education), or did not 

report employment or education (N=10, 7%). At the first measurement wave of TRAILS CC, 

when participants were approximately 11 years old, the average deviation quotient (which 

approximates the intelligence quotient) as measured by the Wechsler Intelligence Scale for 

Children33 was 100.3 (SD = 14.9). Participants’ socio-economic status, also assessed at the first 

measurement wave of TRAILS CC, was based on parental education, parental employment, 

and household income. The participants in the present study had a socio-economic status 

similar to that in the general Dutch population (low: N=28, 21%; medium: N=69, 52%; high: 

N=37, 28%). In terms of social functioning, 82 participants (67%) improved (baseline score 

< post assessment score) and 40 participants (33%) worsened (Table 5.1). Both at baseline 

and at the post-assessment, approximately 30% of participants met the DSM-5 criteria for a 

psychiatric disorder. Of the 40 participants (30%) with a diagnosis at baseline, 27 (20%) met 

criteria for a single diagnosis, 8 (6%) met criteria of two diagnoses, and 5 (4%) had three or 

more diagnoses. Seventeen participants (14%) who initially received a diagnosis did not meet 
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diagnostic criteria half a year later. A similar number of participants received a diagnosis at 

the post-assessment, but not at baseline (N=11, 9%). Mean scores and standard deviations 

for each mini-SCAN domain and diary item are listed in supplementary Tables S5.2 and S5.3.

Table 5.1. Sample characteristics
Baseline (pre-diary) Post-assessment
N=134 N = 122

Life events (mean, SD)
No. of negative life events 1.32 (1.41) 1.07 (1.10)
No. of positive life events 2.04 (1.18) 2.17 (1.32)

GVSG impairments (N, %)* No Mild Severe No Mild Severe
Parents 116 (87%) 10 (7%) 7 (5%) 95 (78%) 15 (12%) 12 (10%)
Partner 54 (40%) 15 (11%) 10 (7%) 42 (34%) 12 (10%) 13 (11%)
Children 9 (7%) 1 (1%) 0 (0%) 7 (6%) 2 (2%) 1 (1%)
Friends 96 (72%) 21 (16%) 15 (11%) 72 (59%) 36 (30%) 10 (8%)
Education 30 (22%) 20 (15%) 5 (4%) 31 (25%) 19 (16%) 4 (3%)
Occupation 57 (43%) 26 (19%) 14 (10%) 41 (34%) 38 (31%) 23 (19%)
Household 61 (46%) 54 (40%) 14 (10%) 52 (43%) 49 (40%) 18 (15%)
Spare time 63 (47%) 31 (23%) 40 (30%) 52 (43%) 34 (28%) 36 (30%)

mini-SCAN (N, %)
Anxiety disorder 21 (16%) 12 (10%)
Mood disorder 28 (21%) 23 (19%)
Psychotic disorder 2 (1%) 5 (4%)
Attention deficit and/or 
hyperactivity disorder 8 (6%) 8 (7%)

Substance use disorder 3 (2%) 4 (3%)
Note. Sample characteristics at follow-up are reported in the supplement (Table S5.5). Table S5.5 was 
not included in the published article, as the follow-up assessments were still being conducted at that 
time. GVSG = Groningse Vragenlijst Sociaal Gedrag, a measure of social functioning in eight domains. 
mini-SCAN = short version of the Schedules for Clinical Assessment in Neuropsychiatry. SD = standard 
deviation. *Not all domains were applicable to each participant (e.g., most participants did not have 
children). Hence, percentages do not necessarily add up to 100%. Severity of impairments was scored 
based on lower and upper cut-off scores reported by de Jong et al.27. 
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N=443 participated in TRAILS-CC and 
were invited for TRAILS TRANS-ID

N=301 (68%) were not interested in 
TRAILS TRANS-ID

N=142 (32%) expressed their interest 
in TRAILS TRANS-ID

N=8 (6%) could not be included for 
practical reasons

N=134 (94%) completed baseline 
assessment

N=12 (9%) withdrew from TRAILS TRANS-
ID, 11 of whom had started the diary 

N=122 (91%) completed post 
assessment

Fig. 5.1. Flowchart of recruitment and inclusion procedure for TRAILS TRANS-ID. Percentages use the 
participants in the cell above as reference (e.g., 91% of those individuals who completed baseline 
assessments also completed post assessments). Practical reasons for not including participants were, 
for instance, long-term stay in remote areas with limited internet access. 

Feasibility of the present design
Of the 134 included participants, one decided to quit the study immediately after the 

baseline interview and 11 participants (9%) dropped out during the diary period, resulting 

in 122 participants (91% from those included) who remained in the study (Fig. 5.1). The 11 

participants who did not complete the study remained on average 83.45 days (SD = 39.28, 

percentage = 46%, range = 24-146) and completed 39.91 diaries (SD = 23.22, percentage = 

46%, range = 9-76). They were similar to those who remained in the study with respect to 

age (mean 22.46 vs. 22.59 years old, t(116) = 0.69, p = .49), sex (58% vs. 57% male, χ2(1) < 

0.01, p > .99), socio-economic status (mean standardized score 0.13 vs. 0, t(132) = 0.59, p = 

.56), IQ (t(132) = 1.51, p = .13), and diagnostic status at TRAILS TRANS-ID baseline (25% vs. 

28% with diagnosis, odds ratio = 0.86, 95% CI = 0.14-3.73, p > .99). As denoted in Table 5.2, 

participants who remained in the study completed on average 88.4% of the diaries, and did 

not experience the diary period as very burdensome (mean burden: 3.21, on a scale from 1 

(not at all burdensome) to 10 (extremely burdensome)). Missing a diary occurred most often 

because of interfering activities, such as social events, which participants were unwilling or 

unable to interrupt. 
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Table 5.2. Completion and evaluation of diary protocol
Mean or frequency Percentage

No. of completed diaries (SD) 162.30 (17.58) 88.4%
Burden on a scale from 1 (almost no burden) to 10 (extremely 
burdening) (SD)

3.21 (1.42)

Reason for missing a diary
I did not have my phone with me or was unaware of receiving a text 
message.

11 9%

Due to technical issues, I did not receive the text message or could 
not open the link. 

9 7%

I was already asleep. 10 8%
I could not motivate myself to fill in in the diary. 13 11%
I was engaged in an activity I did not want to interrupt. 64 52%
I was in a location where it was impossible to fill in the diary. 7 6%
Other* 6 5%
Missing or not applicable** 2 2%
Note. *Other reasons for missing a diary, for instance, a broken smartphone. **Not applicable 
because participant did not miss any diaries. SD = standard deviation.

Assumption 1. Variability in symptom expression
The value of intensive longitudinal designs lies in their ability to capture both between- 

and within-individual variability in symptom reports. These are described in Table S5.3 

(supplement). In general, items with lower mean ratings (averaged within, and subsequently 

across individuals) were less variable both between and within individuals. This is indicative 

of floor effects, for instance illustrated by the difference in mean and variability between a 

rarely endorsed item 44. I had a fight (mean = 7.50, SDwithin = 7.34) and a commonly endorsed 

item 35. I felt tired (mean = 35.06, SDwithin = 18.78). Other items where floor effects seem 

present are 53. I used (soft)drugs today (mean = 3.11, SDwithin = 3.57) and 32. I was easily 

startled (mean = 9.67, SDwithin = 7.26). In contrast, 22. I could not bring myself to do anything 

and 37. It bothered me that things did not go as expected showed high variability both 

between and within individuals and might thus be well-suited for intensive longitudinal 

designs (mean = 18.40 and 21.76, SDbetween = 11.49 and 14.12, SDwithin = 15.36 and 15.95, 

respectively). Compared to negatively valenced items, positively valenced items generally 

showed higher means (range = 46.88-61.41 vs. 3.11-35.06) and variability (rangebetween = 

13.37-16.81 vs. 5.84-17.50; range  within = 12.79-18.34 vs. 3.57-18.79), and were hence less 

susceptible to floor effects. Across items, between- and within-individual variability were 

similarly large (overall SDbetween = 13.22, overall SDwithin = 13.21). 
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Assumption 2. Consistent interpretations of diary items over time
The majority of interpretations that could be evaluated was rated as consistent at baseline 

and post assessment by both raters (460, or 95%). Other interpretations were scored as 

inconsistent by one rater (15, or 3%) or by both raters (7, or 1%). Hence, fluctuations in 

symptoms as assessed by the diary could not be attributed to changing interpretations 

over time (B = 0.96, indicating excellent agreement). Due to attrition and technical issues, 

respectively, complete data on the interpretation of the diary items (i.e., reports at both 

baseline and post assessment) were available for 55 of the 60 individuals who participated 

in the qualitative assessment. Because each participant was asked to describe ten items 

both at baseline and at post assessment, there were 550 sets of interpretations. Of these 

interpretations, 68 (12%) could not be rated due to insufficient information either at baseline 

or at post assessment. For instance, in some cases participants did not understand the item 

or could not come up with an interpretation other than the item (e.g., “Feeling down means 

that I feel down”). 

Assumption 3. Correspondence of diary items and clinical interview
Figure 5.2 shows the Spearman correlations between diary item scores (within-individual 

means) and mini-SCAN domains scores at post assessment (see Table S5.7 in the supplement 

for raw data). Overall, different diagnostic domains appeared to be related to distinct 

patterns in daily symptom reports (see Table S5.6 in the supplement). Internalizing problems 

– including the domains stress, anxiety, OCD, and depression – were strongly related to 

feeling tired (item 23), stressed (item 33), and worried (item 27). Anxiety was further covered 

by experiencing physical discomfort (item 51), whereas OCD and depression were more 

related to feeling down (item 20). Mania and psychosis were both related to feeling restless 

(item 30). Mania was additionally related to thought problems – reflected by 29. I was easily 

distracted and 34. I felt overburdened – whereas psychosis was more related to experiencing 

physical discomfort (item 51) and using (soft)drugs (item 53). ASD, ADHD, and substance 

abuse were all associated with items that specifically tapped into these domains. Specifically, 

ASD was primarily covered by feeling overstimulated (item 36) and being bothered because 

things did not go as expected (item 37), whereas ADHD was related to being impulsive (item 

41) and being unable to sit still (item 40). The items that most strongly related to substance 

abuse were using (soft)drugs (item 53) and drinking alcohol (item 52). Finally, ODD was most 

strongly associated with a mix of items that covered internalizing domains – such as feeling 
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down (item 20) – and more ODD specific items such as feeling irritated (item 42) and having 

mood swings (item 47). In conclusion, daily reports of (subthreshold) symptoms aligned with 

retrospectively reported symptoms assessed in a diagnostic interview, and showed both 

specific and non-specific associations with the interview domains.

Measuring psychopathology as it unfolds in daily life: addressing key assumptions 
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1. Last night I slept well
2. I felt energetic

3. I was physically active
4. I was happy

5. I could enjoy things
6. I felt good

7. I felt relaxed
8. My day was worth living

9. I could handle the things that confronted me
10. Everything came easy

11. I felt like undertaking things
12. I am looking forward to tomorrow

13. My concentration was good
14. I felt appreciated

15. I felt like others liked me
16. I felt at ease with others

17. I was social
18. I felt lonely
19. I felt empty
20. I felt down
21. I felt guilty

22. I could not bring myself to do anything
23. I felt tired

24. I avoided things
25. I was afraid of making mistakes
26. I had difficulty making decisions

27. I worried
28. My thoughts would not leave me alone

29. I was easily distracted
30. I felt restless
31. I felt nervous

32. I was easily startled
33. I felt stressed

34. I felt overburdened
35. I was easily upset

36. I felt overstimulated
37. It bothered me that things did not go as expected

38. I was bored quickly
39. I felt impatient

40. I was unable to sit still
41. I was impulsive

42. I felt irritated
43. Others felt annoyed by me

44. I had a fight
45. I felt rebellious

46. Things did not bother me
47. I had moodswings

48. I felt strange
49. I felt suspicious

50. I experienced physical pain
51. I experienced physical discomfort

52. I drank alcohol today
53. I used (soft)drugs today

54. Number of pleasant events
55. Intensity of pleasant events

56. Number of unpleasant events
57. Intensity of unpleasant events

58. I’m dreading something that will happen soon

Fig. 5.2. Spearman correlation coefficient between diary items and mini-SCAN domains. The color and 
size of the dots reflect the direction and magnitude of the correlation. Correlations that were not 
statistically significant (p > .05) were omitted from the figure. 
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Discussion 

In the current chapter, we addressed the feasibility of studying the development of 

psychopathological symptoms by means of six months’ intensive longitudinal measurements 

and evaluated three assumptions that accompany similar designs using data from the TRAILS 

TRANS-ID study. We found that conducting a six-month diary study in young adults at risk for 

mental ill-health is feasible, demonstrated by excellent compliance, low perceived burden, 

and low attrition. Further, all diary items showed variability over time, but some more so than 

others. Currently, there are no objective criteria that determine what constitutes sufficient 

variability. Therefore, for now, these findings indicate that differences between items exist 

and that researchers need to consider this when compiling the diary instrument for their 

intensive longitudinal design. Importantly, for the vast majority of individuals, the meaning 

of diary items remained consistent over time, implying that daily diaries can validly capture 

changes in symptoms. The correspondence between retrospective diagnostic interviews and 

diary reports showed how psychopathological disorders manifest in daily life. In this high-

risk, transdiagnostic sample, we found that diary items differ in the number and type of 

psychopathological domains they cover. Taken together, our findings show that day to day 

monitoring of psychopathological symptoms in at risk young adults is feasible and that our 

items are suitable for studying symptom development. In addition, our findings may inform 

future intensive longitudinal studies with respect to methodological considerations (e.g., 

concerning the items that are most appropriate for monitoring particular psychopathological 

domains). 

Six-month diary studies are feasible
We showed that relatively long intensive longitudinal designs with a large sample size are 

feasible. To date, the majority of personalized designs in psychiatry adopted high-frequency 

designs for short periods of time20,34–39. By favoring sampling duration over sampling 

frequency, diary studies such as TRAILS TRANS-ID capture changes that occur over a larger 

timescale38. This trade-off did not undermine the compliance of participants. Participants 

completed on average 89% of diaries -  which is comparable to earlier studies that employed 

ambulatory assessments for shorter time intervals40,41. Several factors might have contributed 

to this42. First, our participants have participated in scientific research for multiple years (i.e., 

in TRAILS CC), which likely contributed to their commitment to also participate in this add-

Measuring psychopathology as it unfolds in daily life: addressing key assumptions 
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on study. Second, we aimed to minimize the burden introduced by the diary protocol by 

tailoring the protocol to participants' daily lives (e.g., by allowing participants to complete 

the diary on their mobile phone at the end of the day at a time convenient for them). Third, 

we contacted participants at least every month during the diary period which may have 

aided in their adherence to the study protocol43. Regular contact also allowed us to remove 

barriers that prevented participants from completing the diaries, for instance optimization of 

the time at which the diary could be completed. Finally, participants were compensated for 

their efforts both personally and financially. The personal incentive consisted of a report on 

participants’ own data, which was generally received with great interest. Participants further 

received a financial compensation that was contingent on the number of completed diaries. 

In conclusion, TRAILS TRANS-ID shows that the benefits of intensive longitudinal diary studies 

(i.e., rich data pertaining to within-individual processes for a relatively long period of time) 

certainly outweigh their costs (i.e., reported burden and attrition of participants, and time 

and financial investment of researchers). 

Daily diaries fulfill prerequisites to measure psychopathology in daily life
Intensive longitudinal designs target within-individual changes. Therefore, the quality of 

measurement instruments should be evaluated on a within-individual level. Traditional 

longitudinal designs have addressed this, for instance, through structural equation modeling 

or dynamic factor modeling44,45. These techniques are less suitable for IL designs because of 

differences in the data structure (e.g., many more assessments per individual, missing and 

unbalanced data, non-stationary data). The present study suggests that our instruments are 

fit for their purposes. Specifically, daily diaries capture meaningful variability in symptoms, in 

the sense that this variability cannot be attributed to changes in the (subjectively perceived) 

content of items and reasonably corresponds to variability in diagnostic measures. First, a 

qualitative analysis of individuals’ interpretation of diary items immediately before and after 

the six-month diary period showed that participants’ interpretations were highly consistent 

over time. Participants were, however, sometimes unable to understand or verbalize 

certain items. This highlights the importance of verifying the comprehensibility of self-

report measures, particularly in populations with average to limited verbal or introspective 

abilities46. Pilot studies in samples with a background similar to that of the target population 

– such as the pilot study conducted prior to the current project – aid in accomplishing 

appropriate phrasing of items. Second, evaluation of the correspondence between diary 
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items and diagnostic interviews showed that retrospectively assessed diagnoses reasonably 

manifested in daily symptom reports (e.g., ADHD and being unable to sit still). This shows 

that intensive longitudinal data and cross-sectional data might enrich each other by each 

providing partly overlapping and partly unique information concerning individuals’ mental 

health. Together, these sources of information can provide a detailed picture of how, when, 

and for whom psychopathological symptoms develop. 

Methodological issues
First, IL designs require a careful consideration of the timescale at which processes unfold. 

Whereas mood changes within minutes or hours, symptoms may evolve over longer 

timescales47. This means that assessing dynamics in mood versus symptoms requires 

different designs. The within-individual variability in diary ratings found in the current 

study illustrates that the dynamics of psychopathological symptoms – or subthreshold 

expressions thereof – can indeed be captured by daily assessments. Second, it is possible 

that the individuals included in studies using IL designs are not representative of the general 

population, for instance because individuals who are willing to monitor their mental state for 

several consecutive weeks or months might be relatively more motivated48. However, in the 

current study, financial compensation was given to participants which may have limited this 

issue. Further research is needed to explore who are most likely to enroll in and complete 

IL studies. Finally, the repeated assessments adopted in IL designs might evoke reactivity43. 

That is, repeatedly assessing one’s mental state might affect one’s (appraisal of) experiences, 

thoughts, and feelings. Reactivity might be limited by providing participants with their own 

reports after instead of during the diary study – as was done in the current study. This is 

because it is less likely that participants alter their responses based on earlier responses 

when they are not confronted with earlier responses. In conclusion, designing and evaluating 

studies using intensive longitudinal methods requires appreciation of the timescale of 

interest as well as participants’ response to these methods. 

Future implications
The established feasibility of intensive longitudinal diary studies calls for a brief overview of 

the types of theories that could be investigated using these designs. Network theory49,50 and 

complex systems theory1,51,52, for instance, both propose that the dynamics of symptoms – 

i.e., the temporal variation in symptoms within individuals – might be predictive of long-term 
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prognosis. According to network theory, psychopathology can be conceptualized as a network 

of (causally) interacting symptoms. The more symptoms trigger each other, the more clusters 

of co-occurring symptoms arise. The strength and the structure of associations between 

symptoms may thus reveal individuals’ vulnerability towards developing psychopathology. 

Second, psychopathology has been proposed to behave according to principles common to 

complex systems. This means that indicators of instability, referred to as early warning signals 

(EWS), may be informative of sudden transitions in symptom severity3,53,54. These early 

warning signals are based on the temporal dynamics of symptoms, for instance reflected in 

the degree to which they carry over from one moment to the next. Because TRAILS TRANS-

ID includes a broad set of symptoms spanning multiple disorder domains, these data may 

also be used to investigate whether EWS are informative of the type of symptom shifts in 

addition to shifts in symptom severity51. Both network and complex systems approaches to 

psychopathology raise hypotheses on the level of individuals. That is, changes in symptoms 

within an individual – operationalized either as network characteristics or as early warning 

signals – may be informative of the future development of that individual. Due to the 

individual-centered approach, the conclusions that follow from these hypotheses could 

directly translate to clinical practice. In order to examine the clinical utility of network and 

complex systems approaches, personalized designs such as TRAILS TRANS-ID are needed. 

In addition to deriving individual-specific models, intensive longitudinal data 

collected in comparatively large samples such as in the TRAILS TRANS-ID study also allow 

for investigating what temporal processes may be shared by multiple individuals. Although 

some have argued that group-findings based on IL data do not translate well to individuals55, 

it is also unlikely that every individual is unique and requires their own model describing 

psychological processes. Newly developed clustering techniques such as Group Iterative 

Multiple Model Estimation (GIMME56) can be applied to IL data to detect (sub)groups of 

individuals that share temporal associations. Its embedding in the larger TRAILS cohort study 

yields the TRAILS-TRANS-ID study the unique possibility to investigate associations between 

current day to day symptom patterns and previously collected developmental and contextual 

variables as well as future outcomes.
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Conclusion
TRAILS TRANS-ID has shown that prospectively monitoring symptoms as they develop over 

time in at risk young adults is within reach. We have demonstrated feasibility, within-person 

variability, consistency in meaning and correspondence with diagnostic outcomes. It is our 

hope that this pioneering study provides the groundwork for intensive longitudinal designs 

over extended periods that aim to investigate how psychopathology unfolds over time within 

individuals. The outcomes of such intensive longitudinal designs allow for investigating 

individual-level hypotheses derived from novel conceptualizations of psychopathology such 

as network theory and complex dynamic systems theory. 
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Supplement 5

Daily diary: symptom assessments (6 months) 

Day 1 Day 2, Day 3 ….. Day 183 

baseline 
assessment 

post 
assessment 

follow-up 
assessment 

±12 months 

Fig. S5.1. Outline of the TRAILS TRANS-ID study design. At baseline and post assessment, the following 
instruments were employed: diagnostic interview (short version of the Schedules for Clinical Assessment 
in Neuropsychiatry24), aggressive behavior subscale of the Adult Self Report22, Groningse Vragenlijst 
Sociaal Gedrag27, List of Threatening Experiences28. The same instruments will be administered during 
the follow-up assessment, which was not completed yet at the time of writing this chapter. For a subset 
of 60 participants, the baseline and post assessments were complemented by a qualitative assessment 
that served to establish the validity of diary items.

5.1 Financial compensation
Participants received €20,- per interview (baseline, post assessment, and follow-up). 

Additionally, participants received compensation for the completion of daily diaries, which 

was contingent on the number of diaries completed (see table below). The maximum 

compensation amounted to €200,- (i.e., €60,- for participating in all three clinical interviews, 

together with €140,- for completing ≥90% of the diaries). 

Table S5.1. Financial compensation for the diary period
Number of daily diaries completed Financial compensation
<128 (<70%) €40,-
128-145 (70-79%) €80,-
146-163 (80-89%) €130,-
≥164 (≥90%) €140,-
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5.2 Pilot study 
Participants for the pilot study were recruited in a local school for intermediate vocational 

education. Adolescents were informed about the purposes of the pilot study and provided 

written informed consent. In a semi-structured interview, individuals were asked to report 

their intuitive interpretation of diary items and to rate the extent to which this item described 

their current mood. Individuals were explicitly instructed to provide their personal view on 

items and were ensured that answers were not labeled ‘wrong’ or ‘right’. After completion 

of the interview, individuals received a voucher worth €20,-. 

Interpretations were noted and discussed among the research team. Of the 63 items 

assessed in the pilot study, nine items were rephrased in order to better match participants’ 

vocabulary. Five items were deleted due to substantial perceived overlap with other items 

or due to frequently occurring misunderstandings. Finally, one item was added, resulting in 

a total of 58 items concerning mood (e.g., “I felt happy”), (subthreshold) psychopathological 

symptoms (e.g., “I felt stressed”), somatic experiences (e.g., “I felt ill”), sleep quality (e.g., “I 

slept well”), and event appraisal (e.g., pleasantness of the most important event during the 

previous day).

5.3 Descriptives mini-SCAN and diary items

Table S5.2. Scores per mini-SCAN domain
Domain Baseline Range Post assessment Range
Stress 0.51 (0.48) 0-2 0.57 (0.55) 0-1.83
Anxiety 0.13 (0.23) 0-1.69 0.12 (0.20) 0-1.19
OCD 0.18 (0.36) 0-1.50 0.16 (0.33) 0-1.56
Depression 0.32 (0.35) 0-1.50 0.39 (0.41) 0-1.64
Mania 0.13 (0.24) 0-1.78 0.16 (0.25) 0-1.78
Psychosis 0.02 (0.07) 0-0.55 0.02 (0.08) 0-0.50
ASD 0.43 (0.39) 0-1.50 0.41 (0.40) 0-1.70
ADHD 0.66 (0.46) 0-1.79 0.67 (0.43) 0-1.70
Substance abuse 0.16 (0.19) 0-1.71 0.20 (0.19) 0-1.29
ODD 0.35 (0.30) 0-1.60 0.37 (0.32) 0-1.40
Note. Numbers denote mean scores per domain; numbers between brackets denote standard 
deviations. OCD = obsessive-compulsive disorder. ASD = autism spectrum disorder. ADHD = attention-
deficit/hyperactivity disorder. ODD = oppositional defiant disorder. 
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Table S5.3. Descriptives diary items
Diary item within-

individual 
mean

between-
individual SD

within-
individual SD

1. Last night I slept well 55.09 13.37 16.29
2. I felt energetic 47.79 14.76 17.09
3. I was physically active 46.88 15.26 18.03
4. I was happy 57.71 15.83 14.23
5. I could enjoy things 58.57 14.37 14.84
6. I felt good 58.68 14.67 15.23
7. I felt relaxed 50.20 14.93 17.72
8. My day was worth living 61.41 14.98 15.07
9. I could handle the things that confronted me 61.35 14.08 15.20
10. Everything came easy 58.24 14.79 12.79
11. I felt like undertaking things 48.41 14.98 18.34
12. I am looking forward to tomorrow 55.79 16.58 16.01
13. My concentration was good 51.87 14.06 15.95
14. I felt appreciated 56.68 16.81 14.48
15. I felt like others liked me 58.16 15.30 14.42
16. I felt at ease with others 59.01 14.64 15.16
17. I was social 57.85 14.56 14.89
18. I felt lonely 14.63 13.31 11.24
19. I felt empty 14.08 12.48 10.95
20. I felt down 15.62 13.64 12.20
21. I felt guilty 12.64 10.74 10.17
22. I could not bring myself to do anything 18.40 11.49 15.36
23. I felt tired 35.06 15.86 18.79
24. I avoided things 16.00 12.68 12.47
25. I was afraid of making mistakes 16.61 12.67 12.34
26. I had difficulty making decisions 16.65 11.93 12.75
27. I worried 21.60 14.23 14.61
28. My thoughts would not leave me alone 23.68 17.14 14.45
29. I was easily distracted 19.35 13.48 14.01
30. I felt restless 19.55 13.71 13.66
31. I felt nervous 15.46 11.75 12.89
32. I was easily startled 9.67 9.18 7.26
33. I felt stressed 18.97 13.87 13.99
34. I felt overburdened 18.03 14.28 13.27
35. I was easily upset 12.96 10.76 10.99
36. I felt overstimulated 17.28 14.94 12.52
37. It bothered me that things did not go as expected 21.76 14.12 15.95
38. I was bored quickly 13.19 9.70 10.65
39. I felt impatient 14.28 10.69 11.05
40. I was unable to sit still 17.75 13.74 13.12
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Diary item within-
individual 
mean

between-
individual SD

within-
individual sd

41. I was impulsive 20.76 15.44 12.99
42. I felt irritated 17.03 11.62 13.59
43. Others felt annoyed by me 12.70 9.62 9.65
44. I had a fight 7.50 8.11 7.34
45. I felt rebellious 12.15 10.59 9.07
46. Things did not bother me 21.18 16.01 13.82
47. I had moodswings 15.59 12.98 11.67
48. I felt strange 13.22 11.31 10.06
49. I felt suspicious 11.74 11.17 8.49
50. I experienced physical pain 17.51 14.05 13.88
51. I experienced physical discomfort 14.93 11.09 13.44
52. I drank alcohol today 7.92 8.07 10.24
53. I used (soft)drugs today 3.11 5.84 3.57
54. Number of pleasant events 35.64 17.48 14.47
55. Intensity of pleasant events 46.81 17.85 17.74
56. Number of unpleasant events 15.94 9.72 10.95
57. Intensity of unpleasant events 23.47 13.75 17.49
58. I’m dreading something that will happen soon 23.07 17.50 15.06
Note. Within-individual mean = averaged mean item score per individual. Between-individual SD = 
standard deviation of mean item scores. Within-individual SD = averaged standard deviation of item 
scores per individual. 

 
5.5 Details on scoring for the mini-SCAN interview
Table S5.4 provides an overview of the scoring rules adopted for the mini-SCAN interview. 

The mini-SCAN interview is typically administered to infer whether individuals meet the 

diagnostic criteria for a psychiatric disorder, and therefore only assesses clinically significant 

symptoms. For the purposes of the present study, a more dimensional rating of mental 

health was adopted. That is, we rated symptoms that were insufficiently severe, enduring, or 

frequent to qualify as a sign of psychopathology – but nevertheless present and distressing – 

as subthreshold25. To infer whether individuals met the criteria for a psychiatric disorder, the 

original, dichotomous rating scheme was used. Hence, only symptoms coded as clinical were 

taken into account when inferring whether participants met the criteria for a psychiatric 

disorder.
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Table S5.4. Scoring of the mini-SCAN interview
Description Mini-SCAN rating in 

TRAILS TRANS-ID 
Original mini-
SCAN rating* 

Symptom causes significant burden due to impairments 
in functioning, duration and/or frequency of occurrence.

Clinical Present

Symptom is endorsed, but does not cause significant 
burden (e.g., because of mild severity, short duration or 
infrequent occurrence).

Subthreshold Absent

Symptom is absent. Absent Absent
*See Nienhuis et al.24. 

5.6 Other results

Table S5.5. Sample characteristics at follow-up
Follow-up 
N=115

Life events (mean, SD)
No. of negative life events 1.10 (1.18)
No. of positive life events 1.89 (1.20) 

GVSG impairments (N, %)* No Mild Severe
Parents 95 (83%) 11 (10%) 8 (7%)
Partner 37 (32%) 15 (13%) 13 (11%)
Children 10 (9%) 2 (2%) 0 (0%)
Friends 73 (63%) 25 (22%) 11 (10%)
Education 15 (13%) 15 (13%) 1 (1%)
Occupation 32 (28%) 38 (33%) 26 (23%)
Household 44 (38%) 52 (45%) 16 (14%)
Spare time 37 (32%) 39 (34%) 39 (34%)

mini-SCAN (N, %)
Anxiety disorder 21 (18%)
Mood disorder 32 (28%)
Psychotic disorder 4 (3%)
Attention deficit and/or hyperactivity 
disorder 4 (3%)

Substance use disorder 6 (5%)
Note. This table was not included in the article published in BMC Psychiatry, as the data 
were not available at the time of publishing. GVSG = Groningse Vragenlijst Sociaal Gedrag, a 
measure of social functioning in eight domains. mini-SCAN = short version of the Schedules for 
Clinical Assessment in Neuropsychiatry.
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Table S5.6. Five diary items that correlated most strongly with each psychopathological domain 
assessed by the mini-SCAN (left: highest Spearman correlation coefficient)
mini-SCAN 
domain

Diary item

stress 28. My 
thoughts 
would not 
leave me alone

23. I felt tired 33. I felt 
stressed

27. I worried 30. I felt 
restless

anxiety 28. My 
thoughts 
would not 
leave me alone

27. I worried 57. Intensity 
of unpleasant 
events

51. I 
experienced 
physical 
discomfort

23. I felt tired

OCD 28. My 
thoughts 
would not 
leave me alone

23. I felt tired 33. I felt 
stressed

20. I felt down 27. I worried

depression 28. My 
thoughts 
would not 
leave me alone

20. I felt down 23. I felt tired 27. I worried 33. I felt 
stressed

mania 28. My 
thoughts 
would not 
leave me alone

29. I was easily 
distracted

30. I felt 
restless

34. I felt 
overburdened

20. I felt down

psychosis 53. I used 
(soft)drugs 
today

30. I felt 
restless

28. My 
thoughts 
would not 
leave me alone

51. I 
experienced 
physical 
discomfort

57. Intensity 
of unpleasant 
events

ASD 36. I felt 
overstimulated

37. It bothered 
me that things 
did not go as 
expected

28. My 
thoughts 
would not 
leave me alone

29. I was easily 
distracted

40. I was 
unable to sit 
still

ADHD 41. I was 
impulsive

40. I was 
unable to sit 
still

50. I 
experienced 
physical pain

46. Things did 
not bother me

39. I felt 
impatient

substance 
abuse

53. I used 
(soft)drugs 
today

52. I drank 
alcohol today

22. I could not 
bring myself to 
do anything

28. My 
thoughts 
would not 
leave me alone

20. I felt down

ODD 28. My 
thoughts 
would not 
leave me alone

57. Intensity 
of unpleasant 
events

29. I was easily 
distracted

30. I felt 
restless

23. I felt tired
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Abstract 

Background. Intensive longitudinal (IL) measurement, which involves prolonged self-

monitoring, may have important clinical applications but is also burdening. This raises 

the question who takes part in, and successfully completes IL measurements. This study 

investigated which demographic, personality, economic, social, psychological, or physical 

participant characteristics are associated with (i) participation and (ii) compliance in an IL 

study conducted in young adults at enhanced risk for psychopathology. 

Methods. Young adults enrolled in the clinical cohort of the Tracking Adolescents’ Individual 

Lives Survey (TRAILS) were invited to a six-month daily diary study. Participant characteristics 

came from five earlier TRAILS assessment waves collected from age 11 onwards. To evaluate 

participation, we compared diary study participants (N=134) to (i) non-participants (N=309) 

and (ii) a sex-matched subsample (N=1926) of individuals from the general population cohort 

of TRAILS. To evaluate compliance, we analyzed which characteristics were related to the 

proportion of completed diary entries.

Results. Participants (mean age 23.6 years, SD = 0.67) were largely similar to non-participants. 

In addition, compared to the general population, participants reported less advantageous 

scores on nearly all characteristics. Internalizing problems predicted higher compliance. 

Externalizing problems, antisocial behavior and daily smoking predicted lower compliance.

Conclusion. In young adults at enhanced risk for psychopathology, who were disadvantaged 

relative to the general population on nearly every characteristic evaluated, participation in 

a diary study is unbiased. Small biases in compliance occur, of which researchers should be 

aware. In conclusion, IL measurement is broadly applicable, which is a requirement for its 

usefulness in clinical practice. 
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Introduction

Intensive longitudinal designs (ILDs), such as daily diary studies, are increasingly conducted 

to study the dynamics of psychological processes. Key to these designs is that individuals are 

repeatedly measured, once a day or multiple times a day, for multiple weeks or months. This 

results in sufficient observations per person to assess within-person processes of change. 

Improved understanding of within-person change in psychological processes may offer (in 

the longer run) important opportunities for individuals in clinical practice1–4. For example, 

repeatedly monitoring mental states and experiences may shed light on the circumstances 

that trigger symptoms, which may in turn inform therapeutic interventions. Ultimately, such 

feedback on psychological dynamics may lower symptom severity in persons with psychiatric 

problems5. 

ILDs might be experienced as more intrusive and demanding in comparison to a 

one-time survey due to the daily character of the assessments. In addition, ILDs request a 

lengthier commitment of multiple weeks or months. Concerns have been expressed that 

ILDs, due to their higher burden, attract a certain type of individual: those who are more 

agreeable, conscientious, highly educated, and with more time on their hands6–8. Such self-

selection of a certain type of individual into these study designs9 raises the question if studies 

that employ ILDs are suitable for all patient groups.   

Aspects of the ILD that are believed to influence self-selection in participation may 

likewise determine who, once started, does well in such a study. Good compliance requires, 

for instance, that individuals remember to participate (answer questions daily) and succeed 

in filling in the questions even when they do not feel like it10,11. Possibly, individuals scoring 

higher on certain traits such as being conscientious or well-organized find it less of an effort 

to comply with the protocol than individuals who score lower on these traits. Again, this 

might mean that severely affected patient groups are underrepresented in a typical ILD, and 

hence, we do not know if such designs can be applied to a wide variety of patients in clinical 

practice.

Although the question for whom ILDs are useful is of high clinical relevance, 

knowledge on the characteristics related to self-selection and compliance is scarce. Both 

self-selection and compliance are difficult to evaluate because the required information is 

often unavailable. In the case of self-selection, we lack information on the individuals who 

did not respond to the invitation to participate in ILD studies. The risk of self-selection biases 
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may be particularly high if recruitment takes place through social media. In this situation, the 

target population is unknown since we do not know whom reached the invitation to begin 

with. In order to know who participates in ILD studies and to whom findings will generalize, 

characteristics of responders should be compared to population norms, but this is hardly 

feasible in practice. In the case of compliance characteristics, we lack information because 

researchers may limit the number of additional questionnaires on background characteristics 

(e.g., personality or lifestyle), balancing the participation burden towards the repeated 

assessments. Hence, a comprehensive profile of who participates and does well in ILDs has 

so far not been established. 

The present study aimed to investigate which demographic, economic, social, 

psychological, and physical characteristics were associated with participation and compliance 

in a six-month diary study that was conducted in a sample of Dutch young adults with 

heightened risk for psychopathology. Participants in the diary study were recruited within the 

ongoing Tracking Adolescents Individual Lives Survey clinical cohort study (TRAILS CC). The 

TRAILS CC respondents are at higher risk for psychological and psychiatric problems based 

on having been in contact with psychiatric services at any time before age 11 when TRAILS 

CC started. Around age 22, TRAILS CC participants were invited to participate in a diary study. 

In addition to TRAILS CC, TRAILS includes a representative population sample (TRAILS PC) 

of Dutch young adults for whom the same instruments were used at the same ages. We 

compared diary-participants (TRAILS CC participants who enrolled in the diary study) to both 

(i) diary-non-participants (TRAILS CC participants who did not enroll in the diary study), and 

to (ii) a general population reference group (TRAILS PC) on a wide range of characteristics that 

were measured in TRAILS during the five waves prior to the diary study. The first comparison 

allowed to investigate whether diary participants represented a relatively healthy and well-

functioning subset of the at-risk cohort. In combination with analyses of diary participants’ 

compliance, the second comparison allowed to determine whether ILDs also ‘work’ for 

individuals who score less favorable (i.e., relative to the general population) on demographic, 

personality, economic, social, psychological and physical characteristics. 
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Method

Sample and design 
This study is based on data collected as part of the TRacking Adolescents’ Individual Lives 

Survey (TRAILS). TRAILS is an ongoing, prospective cohort study with bi- or triennial follow-

up assessments investigating the development of mental health from pre-adolescence into 

adulthood in both a clinical (TRAILS CC) and a general population cohort (TRAILS PC). Both 

cohorts have been extensively described elsewhere12,13. Briefly, children born between 1994 

and 1995 who had been referred to a child psychiatric outpatient clinic in the Northern 

Netherlands any time before the age of 11 were eligible to participate in the clinical cohort 

(TRAILS CC). At 11 years old, participants either met criteria for a current psychiatric disorder 

(mostly externalizing domains), a lifetime diagnosis without a current disorder (mostly 

internalizing domains) or did not have a lifetime diagnosis14. Due to the referral before 

age 11, individuals participating in this cohort are considered to have heightened risk for 

psychiatric symptoms (see also Oldehinkel et al.13, who reported elevated prevalence rates 

of psychiatric disorders at age 16). Of the eligible individuals, 543 (43%) participated in the 

first measurement wave (mean age = 11.1 years, SD = 0.5, 34% girls) in 2004-2005. The 

general population cohort of the TRAILS (TRAILS PC) study preceded the clinical cohort, 

and its baseline assessment (T1) ran from March 2001 through July 2002. Children born 

between October 1st 1989 and September 30th 1991 in five municipalities in the North of 

the Netherlands were eligible for inclusion in TRAILS PC. Of the eligible individuals who met 

inclusion criteria and whose schools agreed to participate, 2230 (76%) participated (mean 

age = 11.1 years, SD = 0.6, 51% girls). Both cohorts include predominantly white individuals 

residing in both urban and rural areas. Each assessment wave of TRAILS was approved by 

Dutch Central Committee on Research Involving Human Subjects (CCMO), and adolescents 

(and at earlier waves also the parents) provided informed consent prior to participating in 

each wave. 

Figure 6.1 shows how many participants completed each assessment wave. After 

the fifth assessment wave, when young adults were approximately 22 years old, all TRAILS CC 

participants who had not formally declined further participation in the TRAILS CC study were 

invited to participate in an add-on study called TRAILS TRANS-ID (Transitions In Depression). 

This study included a six-month daily diary period and aimed to investigate the day-to-day 

fluctuations in symptoms in individuals at increased risk for psychopathology. Of the 443 
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individuals who were invited for TRAILS TRANS-ID, 134 (30.2%) were included. Data collection 

procedures for TRAILS TRANS-ID are described in detail by Schreuder et al. (chapter 5)15. 

All participants provided written consent, and ethical approval was granted by the Medical 

Ethical Committee of the University Medical Center Groningen (2017/203).

The present study used data of the 443 individuals invited to TRAILS TRANS-ID 

collected during the five assessment waves of TRAILS CC prior to TRAILS TRANS-ID, and 

data on compliance obtained during the diary period of TRAILS TRANS-ID. Additionally, we 

used data of 1926 TRAILS PC participants collected during the first five waves of TRAILS PC. 

To account for the fact that the majority of TRAILS TRANS-ID participants (57%) is male, 

this sample concerns a sex-matched subset of the total number of TRAILS PC participants 

(N=2230). Matching was achieved by randomly selecting women from the sample, resulting 

in a subsample with 57% men to match the TRAILS TRANS-ID sex distribution (as opposed to 

51% in the full TRAILS PC cohort).

Measures
We identified variables from five domains that could be associated with participation or 

compliance in the diary study. Supplementary Table S6.1 (published on the Open Science 

Framework, https://osf.io/tnrqf/) describes these variables, which cover the domains of 

personality and cognitive functioning, economic characteristics, social characteristics, 

psychological health, and physical health. All were assessed in TRAILS prior to the start of 

the TRANS-ID study. If variables were assessed at multiple waves, they were aggregated 

by calculating either the sum (i.e., lifetime adverse events, chronic social stressors, and 

financial difficulties) or mean (e.g., social problems and family functioning) across waves. The 

instruments or questions used to assess each characteristic and the timing at which these 

were assessed are summarized in Table S6.1.
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T1 N=543 N=2230
age 11.1 (±0.5) age 11.1 (±0.6)

N=1926
age 11.1 (±0.6)

T2 N=462 (85.1%) N=1810 (94.0%)
age 13.0 (±0.6) age 13.6 (±0.5)

T3 N=419 (77.2%) N=1416 (73.5%)
age 15.9 (±0.7) age 16.2 (±0.7)

T4 N=422 (77.7%) N=1458 (75.7%)
age 19.1 (±0.7) age 19.1 (±0.6)

T5 N=403 (74.2%) N=1290 (67.0%)
age 22.0 (±0.7) age 22.3 (±0.7)

TRAILS CC TRAILS PC

sex-matched 
subsample

diary 
study

N=134 (30.2%) 
participants

N=309 (69.8%) 
non-participants

Fig. 6.1. Flow-chart of the number of participants assessed per wave. CC and PC refer to the clinical 
and population cohort of TRAILS, respectively. The diary study central to TRAILS TRANS-ID is an add-on 
study in TRAILS CC. Participants who had not declined future participation in TRAILS CC were eligible 
for participation in the diary study. Of the 443 eligible participants, 132 (29.8%) had not participated in 
the fifth assessment wave of TRAILS. In sensitivity analyses, we excluded these participants. Numbers 
behind rows that denote the TRAILS assessment waves (T1-T5) refer to the percentage of the initial 
sample at T1 (TRAILS CC) or the sex-matched subsample (TRAILS PC) and mean age (± standard 
deviation). We selected this sex-matched subsample in order to obtain equal sex distributions between 
TRAILS TRANS-ID participants (N=134) and individuals from the general population.
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Analyses
The analyses of this study were preregistered on the Open Science Framework (https://osf.

io/ynu6b). We complemented these analyses with an attrition analysis in which TRAILS CC 

participants who had not completed the fifth (most recent) assessment wave were excluded. 

Analyses were conducted in R16 (version 4.0.2). 

To evaluate characteristics related to participation in a diary study and to compare 

them with reference values from the population cohort (i.e., do diary participants from the 

at-risk group have lower scores on these characteristics), we conducted a series of regression 

analyses. In these analyses, individual characteristics were predicted by participant group 

(diary-participant vs. diary non-participant vs. general population). For continuously 

measured characteristics (including ordinal/interval variables with >5 categories), we used 

linear regression and for categorical variables, (multinomial) logistic regression. Continuous 

variables were standardized prior to analysis by subtracting the mean and dividing by the 

standard deviation. This yielded standardized regression coefficients, which facilitated 

comparisons of group differences across characteristics. For categorical variables, odds 

ratios were indicative of effect sizes. We applied a Holm-Bonferroni correction17 to maintain a 

family wise error rate of 0.05 within each global characteristic (i.e., personality and cognitive 

functioning, economic, social, psychological health, and physical health). Finally, in order to 

ensure that potential group differences were not due to a general disinterest in continued 

participation in TRAILS rather than the daily diary study, we ran an attrition analysis in which 

we excluded individuals who had not participated in the fifth assessment wave (T5). 

To evaluate whether personality and cognitive functioning, economic, social, 

physical health and psychological health characteristics were associated with compliance in 

a diary study, we conducted a series of univariate linear regressions. Here, the outcome 

variable compliance was expressed as the percentage completed daily diaries (i.e., number 

of completed daily diary entries divided by the number of diaries sent to that participant). 

Compliance and continuous predictors were standardized by subtracting the mean and 

dividing by the standard deviation. A Holm-Bonferroni correction17 was applied to adjust for 

multiple testing. 
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Results

Sample description 
Table 6.1 shows the demographic characteristics of the research sample. 

Table 6.1. Sample characteristics
Participants 
(N=134)

Non-participants 
(N=309)

General population 
(N=1926)

Mean (SD)/ N(%) Mean (SD)/ N(%) Mean (SD)/ N(%)
Age in years at start TRAILS TRANS-ID 23.62 (0.67) 23.53 (0.71) 27.2 (0.55)*
Sex (% males) 76 (56.7) 212 (68.6) 1098 (57.0)
Non-Dutch ethnicity parents 0 (0) 7 (2.3) 264 (13.7)
*General population cohort of TRAILS started approximately 4 years before the clinical cohort of 
TRAILS (from which diary participants were sampled).

Relevance attrition analysis 
Of the 134 individuals who participated in the diary study (referred to as participants), 9 

(6.7%) had not participated in T5. Of the 309 individuals who declined participation in the 

diary study (referred to as non-participants in the remaining text), 123 (39.8%) had also not 

participated in T5. This difference indicates that non-participants are partly characterized 

by a more general disinterest in continued participation in TRAILS than specifically in the 

diary study as such, showing the relevance of the attrition analysis for drawing correct 

conclusions. Attrition was not specific to TRAILS CC (30% overall), as a similar proportion of 

participants in the general population cohort (TRAILS PC) had not participated in T5 (33% 

overall). Results of the attrition analyses, where we compared groups of individuals who 

completed T5 (i.e., participants who completed T5 vs. non-participants who completed T5 

and vs. TRAILS PC participants who completed T5), can be found in the supplementary Table 

S6.3. All discrepancies between the main and the attrition analyses are noted in the main 

text. 

Diary study participants vs. non-participants
Women were more likely to participate in the diary study than men (43.3 vs. 31.4% 

female, c2(1) = 5.30, p = .02). Figure 6.2 shows the comparison between participants and 

non-participants on the other characteristics (see Table 6.2 for a detailed representation) 

Participants had a higher IQ than non-participants (MP = 100.3, SD = 14.9, MNP = 96.0, SD = 
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16.0; β = -.28, pcor = .04). Additionally, there was a moderate difference in number of reported 

adverse events (MP = 10.4, SD = 5.9, MNP = 7.7, SD = 5.2; β = -.52, pcor < .001). However, after 

excluding individuals who had not participated in T5, both differences became smaller 

and non-significant (supplement, Table S6.3). This suggests that individuals with lower IQ-

scores and individuals experiencing less negative life events may be less likely to continue 

participation in research in general and not necessarily be disinterested in a diary study per 

se. 

Generally, effect sizes of other characteristics were small (average β = 0.14; average 

OR = 1.33). Notable exceptions were: moderate differences on childhood trauma (β = -.25), 

chronic social stressors (β = -.22) and several psychological health characteristics (e.g., anti-

social behavior, ADHD and externalizing problems; β’s between 0.20 and 0.25). Additionally, 

participants had 1.5 higher odds to report drug use, had 2.2 higher odds to have financial 

debts, and had 1.75 higher odds to be currently enrolled in education than non-participants. 

All these effects became smaller in the attrition analysis. This suggests that if these effects 

would have been significant in a larger sample, these differences would not be specific to 

the decision to participate in the diary study but related to study attrition in general. Hence, 

none of the assessed characteristics seemed specifically associated with participation in the 

diary study itself. 

Diary study participants vs. general population
A reason for the absence of differences between participants and non-participants could be 

that the invited individuals, despite being sampled from an at-risk cohort, had non-deviating 

scores on the characteristics that were hypothesized to be related to participation in diary 

studies (e.g., self-discipline, enrollment in education, etc.). To evaluate this, we compared 

the diary participants with the general population (see Table 6.2 and Figure 6.2). 
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Fig. 6.2. Differences between participants of an intensive diary study (TRAILS TRANS-ID) and (i) individuals 
who were invited, but declined to participate (upper plot), and (ii) individuals from the general population 
(lower plot). For readability, variables were merged if they were assessed in multiple informants (e.g., 
financial difficulties, social problems, physical health, and internalizing and externalizing problems) or 
if they were conceptually similar (e.g., cannabis, illicit drug use). If any of the lower-level variables was 
significantly different between groups, the averaged effect size is accompanied with a sign. Asterisks 
mark effects that were statistically significant after correcting for multiple testing (Holm’s procedure); 
plus-signs mark effects that were statistically significant in sensitivity analyses. The illustrated data is 
also provided in a table (see Table 6.2 and supplement, Table S6.2). 
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With the exception of social economic status characteristics, which were not different 

between diary participants and the general population, diary participants scored higher on 

less favorable characteristics (e.g., psychological ill-health or social problems) and scored 

lower on favorable characteristics (e.g., family functioning or self-discipline). Effects sizes of 

the differences between diary participants and the sex- and age-matched general population 

sample were generally moderate (average β = 0.39; average OR = 2.4). The majority of 

significant differences found in main analysis remained in attrition analysis (except for 

differences in anti-social behavior and BMI; see supplement, Table S6.3). Diary participants 

thus consistently scored less favorably than the general population on characteristics that 

were hypothesized to influence who signs up for an ILD. 

Table 6.2. Characteristic differences between participants and non-participants, and between participants and a 
sex-matched general population sample

Participants vs. Non-participants Participants vs. General population
B/OR Beta/OR-1 [95% CI] SE p B/OR Beta/OR-1 [95% CI] SE p

Personality and cognitive 
functioning

     

Assertiveness  0.55 -0.12 [-0.10, 0.33] 0.50 0.28  0.95 -0.21 [0.02, 0.39] 0.43   0.03
Extraversion -0.11 -0.03 [-0.24, 0.19] 0.47 0.81  0.67 -0.16 [-0.03, 0.34] 0.40   0.09
Self-discipline  0.56 -0.12 [-0.09, 0.33] 0.51 0.27  1.62 -0.34 [0.16, 0.53] 0.44 <0.001
Angry-hostility -0.30 -0.07 [-0.28, 0.14] 0.44 0.49 -1.11 -0.27 [-0.45, -0.09] 0.37   0.003
Impulsiveness -0.06 -0.02 [-0.23, 0.19] 0.37 0.87 -0.52 -0.15 [-0.33, 0.03] 0.32   0.10
Vulnerability -0.54 -0.13 [-0.34, 0.07] 0.43 0.21 -1.64 -0.40 [-0.58, -0.23] 0.37 <0.001
IQ -4.32 -0.28 [-0.49, -0.08] 1.57 0.006 -3.09 -0.20 [-0.38, -0.03] 1.36   0.02

Economic characteristics       
Financial difficulties 
(self)

-0.17 -0.22 [-0.43, -0.01] 0.08 0.04 -0.02 -0.03 [-0.21, 0.15] 0.09   0.73

Educational attainment -0.04 -0.04 [-0.27, 0.18] 0.12 0.72  0.11 -0.11 [-0.07, 0.29] 0.09   0.24
Financial difficulties 
(parent)

 0.06 -0.08 [-0.13, 0.28] 0.08 0.46  0 -0 [-0.18, 0.17] 0.09   1.00

Employment*  1.19 -0.19 [-0.46, 1.62] 0.40 0.67  2.50 -1.50 [0.26, 3.91] 0.35   0.01
Social benefits*  1.21 -0.21 [-0.28, 1.04] 0.26 0.47  0.25 -0.75 [-0.84, -0.60] 0.23 <0.001
Participation*  0.77 -0.23 [-0.60, 0.47] 0.33 0.44  1.88 -0.88 [0.05, 2.19] 0.28   0.024
Current education*  0.57 -0.43 [-0.64, -0.09] 0.24 0.02  1.06 -0.06 [-0.28, 0.55] 0.20   0.76
Financial debt*  0.44 -0.56 [-0.81, -0.01] 0.41 0.05  1.58 -0.58 [-0.06, 1.82] 0.28   0.10
Educational att. 
mother

-0.07 -0.06 [-0.27, 0.14] 0.11 0.54 -0.18 -0.18 [-0.35, 0] 0.17   0.05

Educational att. father -0.17 -0.15 [-0.36, 0.07] 0.12 0.17 -0.07 -0.06 [-0.25, 0.12] 0.19   0.51
Income*  0.96 -0.04 [-0.41, 0.57] 0.22 0.57  0.59 -0.41 [-0.61, -0.09] 0.22   0.99
Occupation mother*  1.07 -0.07 [-0.33, 0.70] 0.20 0.61  0.80 -0.20 [-0.47, 0.19] 0.20   0.86
Occupation father*  0.79 -0.21 [-0.49, 0.21] 0.19 0.86  1.03 -0.03 [-0.29, 0.49] 0.18   0.56
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Participants vs. Non-participants Participants vs. General population
B/OR Beta/OR-1 [95% CI] SE p B/OR Beta/OR-1 [95% CI] SE p

Social characteristics       
Social problems (self) -0.01 -0.05 [-0.25, 0.16] 0.03 0.65 -0.09 -0.34 [-0.51, -0.16] 0.02 <0.001
Social problems 
(parent)

-0.02 -0.06 [-0.25, 0.14] 0.03 0.57 -0.30 -0.89 [-1.06, -0.73] 0.03 <0.001

Family functioning  0.05 -0.16 [-0.04, 0.36] 0.03 0.12 -0.09 -0.27 [-0.44, -0.10] 0.03   0.002
Adverse events -2.76 -0.52 [-0.72, -0.31] 0.55 <0.001 -2.88 -0.54 [-0.71, -0.37] 0.47 <0.001
Chronic stress -0.48 -0.22 [-0.41, -0.03] 0.21 0.02 -2.12 -0.99 [-1.15, -0.82] 0.18 <0.001
Trauma -0.55 -0.25 [-0.45, -0.05] 0.23 0.02 -0.73 -0.33 [-0.51, -0.16] 0.20 <0.001

Physical health 
characteristics

      

Physical health (self) -0.01 -0.10 [-0.30, 0.10] 0.06 0.89  0.09 -0.15 [-0.02, 0.33] 0.05   0.09
Physical health 
(parent)

-0.05 -0.23 [-0.43, -0.03] 0.06 0.35  0.21 -0.39 [0.21, 0.56] 0.05 <0.001

BMI -0.78 -0.18 [-0.02, 0.39] 0.35 0.03 -1.08 -0.32 [-0.50, -0.15] 0.30 <0.001
Alcohol  0.92 -0.07 [-0.28, 0.13] 0.52 0.08  2.28 -0.46 [0.28, 0.64] 0.44 <0.001
Absence (phys.) -0.09 -0.07 [-0.28, 0.13] 0.13 0.47 -0.32 -0.27 [-0.44, -0.09] 0.11   0.003
Drugs*  0.67 -0.33 [-0.59, 0.12] 0.26 0.12  0.75 -0.25 [-0.50, 0.15] 0.21   0.17
Cannabis*  0.81 -0.19 [-0.46, 0.20] 0.17 0.86  1.07 -0.07 [-0.24, 0.50] 0.17   0.64
Smoking*  1.13 -0.13 [-0.24, 0.70] 0.18 0.73  1.06 -0.06 [-0.25, 0.51] 0.17   0.63

Psychological health 
characteristics

      

Internalizing problems 
(self)

-0.03 -0.17 [-0.37, 0.03] 0.02 0.10 -0.08 -0.43 [-0.61, -0.26] 0.02 <0.001

Internalizing problems 
(parent)

-0.01 -0.04 [-0.23, 0.15] 0.02 0.69 -0.16 -0.84 [-1.01, -0.67] 0.02 <0.001

Internalizing problems 
(teacher)

-0.04 -0.13 [-0.33, 0.07] 0.03 0.20 -0.18 -0.55 [-0.72, -0.37] 0.03 <0.001

Externalizing problems 
(self)

 0.02 -0.11 [-0.09, 0.31] 0.02 0.28 -0.04 -0.24 [-0.42, -0.07] 0.01   0.006

Externalizing problems 
(parent)

 0.04 -0.21 [0.02, 0.40] 0.02 0.03 -0.15 -0.72 [-0.89, -0.56] 0.02 <0.001

Externalizing problems 
(teacher)

 0.07 -0.18 [-0.03, 0.38] 0.04 0.09  0 -0.01 [-0.18, 0.17] 0.03   0.93

ADHD (self)  0.02 -0.06 [-0.14, 0.26] 0.03 0.57 -0.14 -0.47 [-0.64, -0.30] 0.03 <0.001
ADHD (parent)  0.08 -0.20 [0.01, 0.38] 0.04 0.04 -0.38 -0.91 [-1.07, -0.75] 0.03 <0.001
ADHD (teacher)  0.11 -0.22 [0.03, 0.42] 0.05 0.03 -0.21 -0.42 [-0.60, -0.25] 0.04 <0.001
Autism  0.22 -0.14 [-0.04, 0.32] 0.15 0.14 -1.69 -1.06 [-1.22, -0.91] 0.13 <0.001
Antisocial behavior  0.06 -0.25 [0.05, 0.45] 0.03 0.02  0.06 -0.24 [0.07, 0.42] 0.02   0.007
Absence (psych.) -0.04 -0.07 [-0.27, 0.13] 0.07 0.51 -0.27 -0.41 [-0.58, -0.23] 0.06 <0.001
Medication*  1.21 -0.21 [-0.24, 0.92] 0.24 0.42  0.1 -0.90 [-0.94, -0.85] 0.21 <0.001

*These variables were categorical (yes/no) or ordinal (e.g., smoking never, regularly, or daily) and therefore 
analyzed through (multinomial) logistic regression models. Beta refers to the increase (or decrease) in the odds 
of replying ‘yes’ (in case of binary variables) or to the increase (or decrease) in the odds of being in a higher 
category (in case of ordinal variables) if participants were not included in the diary study (left part of the table) or 
if participants were part of the general population (right part of the table). Bolded p-values were significant after 
the Holm-Bonferroni correction.
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Associations between participant characteristics and compliance 
On average, participants completed 84.9% (SD = 15.3) of the daily diariesf. Table 6.3 shows 

the associations between participant characteristics and compliance. The majority of 

characteristics were not associated with participants’ compliance. Characteristics that were 

negatively associated with compliance were teacher-reported externalizing symptoms (β = 

-.28, pcor < .05), antisocial behavior (β = -.29, pcor < .01), and daily smoking (β = -.64, pcor < .05). 

In contrast, self-reported internalizing symptoms were positively associated with compliance 

(β = .25, pcor < .05). A few other effects related to substance use (i.e., cannabis) and 

psychological health (i.e., ADHD and medication use) had comparable or larger associations 

with compliance (>.30 in case of cannabis use) but were not significant after correcting for 

multiple testing. 

Table 6.3. Linear regression results for compliance (i.e., % of completed daily diary assessments)  
B Beta [95% CI] SE p

Age -3.28  0.14 [-0.03, 0.32] 1.96 0.10
Sex 
Male (versus female) -0.84 -0.05 [-0.40, 0.29] 2.69 0.78
Personality and cognitive functioning

Assertiveness -0.52 -0.18 [-0.36, 0] 0.27 0.06
Extraversion -0.35 -0.11 [-0.29, 0.08] 0.30 0.25
Self-discipline  0.40 -0.14 [-0.05, 0.32] 0.27 0.14
Angry-hostility -0.05 -0.01 [-0.19, 0.16] 0.33 0.89
Impulsiveness -0.45 -0.11 [-0.28, 0.07] 0.36 0.22
Vulnerability  0.07 -0.02 [-0.15, 0.20] 0.32 0.82
IQ  0.00 -0 [-0.17, 0.17] 0.09 1.00

Economic characteristics
Financial difficulties (self) -3.70 -0.17 [-0.34, 0] 1.87 0.05
Educational attainment  0.27 0.02 [-0.16, 0.20] 1.33 0.84
Financial difficulties (parent) -1.75 -0.07 [-0.24, 0.10] 2.19 0.43
Employment*
Employed (versus unemployed)  6.78 -0.44 [-0.24, 1.13] 5.19 0.20
Social benefits  
Yes (versus no) -0.65 -0.04 [-0.45, 0.36] 3.15 0.84

Participation  
Yes (versus no)  4.74 -0.31 [-0.21, 0.83] 4.03 0.24

Current education  
Yes (versus no)  0.12 -0.01 [-0.36, 0.37] 2.84 0.97

Financial debt 
Yes (versus no) -2.28 -0.15 [-0.66, 0.36] 3.97 0.57

f Note that this includes all participants who commenced the diary study (N=133), i.e., also those who 
decided to quit during the diary study (N=11). Among the 122 participants who completed the diary 
study, compliance was 88.4% (SD = 9.9).
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B Beta [95%. CI] SE p
Educational att. mother -0.57 -0.03 [-0.21, 0.14] 1.521 0.71
Educational att. father -1.51 -0.11 [-0.29, 0.08] 1.333 0.26
Income*
Middle (versus low, <1150)  4.85 -0.32 [-0.47, 1.11] 6.11 0.43
High, >3500 (versus low, <1150)  4.85 -0.32 [-0.60, 1.23] 7.09 0.49

Occupation mother*
Middle (versus low) -1.02 -0.07 [-0.67, 0.54] 4.65 0.83
High (versus low) -5.32 -0.35 [-0.99, 0.29] 4.94 0.28

Occupation father* 
Middle (versus low)  4.09 -0.27 [-0.23, 0.77] 3.86 0.29
High (versus low) -1.69 -0.11 [-0.58, 0.36] 3.60 0.64

Social characteristics
Social problems (self) -3.26 -0.06 [-0.11, 0.23] 4.74 0.49
Social problems (parent) -8.12 -0.20 [-0.37, -0.03] 3.40 0.018
Family functioning -4.10 -0.09 [-0.08, 0.26] 3.99 0.31
Adverse events -0.18 -0.07 [-0.24, 0.10] 0.23 0.42
Chronic stress -0.20 -0.03 [-0.14, 0.20] 0.53 0.71
Trauma -0.17 -0.02 [-0.19, 0.15] 0.69 0.81

Physical health characteristics
Physical health (self) -2.22 -0.08 [-0.25, 0.09] 2.39 0.35
Physical health (parent) -1.02 -0.04 [-0.21, 0.14] 2.51 0.68
BMI -0.31 -0.07 [-0.10, 0.24] 0.37 0.41
Alcohol -0.34 -0.07 [-0.24, 0.11] 0.46 0.46
Absence (phys.) -0.25 -0.02 [-0.15, 0.20] 1.02 0.81
Drugs*
Yes (versus no) -5.38 -0.35 [-0.75, 0.05] 3.12 0.09

Cannabis*
Experimenter (versus never) -6.86 -0.45 [-0.80, -0.10] 2.72 0.01
Regular user (versus never) -12.10 -0.79 [-1.40, -0.18] 4.69 0.01

Smoking* 
Occasional (versus never) -3.04 -0.20 [-0.63, 0.24] 3.36 0.37
Daily (versus never) -9.83 -0.64 [-1.08, -0.21] 3.36 0.004

Psychological health characteristics
Internalizing problems (self) 19.06 -0.25 [0.08, 0.42] 6.49 0.004
Internalizing problems (parent) -9.72 -0.13 [-0.04, 0.30] 6.31 0.13
Internalizing problems (teacher) -7.16 -0.16 [-0.01, 0.33] 3.91 0.07
Externalizing problems (self) -12.66 -0.13 [-0.30, 0.04] 8.62 0.14
Externalizing problems (parent) -15.47 -0.24 [-0.41, -0.07] 5.53 0.006
Externalizing problems (teacher) -12.65 -0.28 [-0.44, -0.11] 3.88 0.001
ADHD (self) -1.79 -0.04 [-0.21, 0.14] 4.41 0.69
ADHD (parent) -6.58 -0.20 [-0.37, -0.03] 2.88 0.024
ADHD (teacher) -7.37 -0.24 [-0.41, -0.07] 2.61 0.006
Autism -0.89 -0.11 [-0.28, 0.06] 0.71 0.21
Antisocial behavior -27.52 -0.29 [-0.46, -0.13] 7.86 0.001
Absence (psych.) -1.35 -0.07 [-0.25, 0.10] 1.62 0.40
Medication 
Yes (versus no) -6.05 -0.40 [-0.79, 0] 3.09 0.05

*These variables were categorical with more than two levels (e.g., smoking seldomly, regularly, or often) and 
therefore analyzed using dummy variables. Bolded p-values were significant after using the Holm-Bonferroni 
procedure to correct for multiple testing.
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Fig. 6.3. Average size (standardized beta) of the effect of different characteristics on compliance. Effects 
that were significant (p < .05) after correcting for multiple testing are marked with an asterisk. For 
continuous variables that were assessed across multiple informants (e.g., internalizing problems), 
effect sizes were averaged across informants. For categorical variables with two levels, the standardized 
beta describes the standardized difference in compliance between individuals who were part of 
the respective category (e.g., who were employed) versus those who were not (e.g., who were not 
employed). **For categorical variables with more than two levels (income, occupation parent, smoking, 
substance use), the standardized beta describes (i) the difference between the middle category (e.g., 
occasional smoking) and the reference category (no smoking) and (ii) the difference between the high 
category (e.g., daily smoking) and the reference category on top of the aforementioned difference. 
Only for parental occupation, these effects were in opposite direction (b middle vs. low education: 
0.10, p > 0.05; b high vs. low education: -0.23, p > 0.05). For income, the difference between the highest 
vs. reference category and the middle vs. reference category is invisibly small (difference in bs: 0.005). 
For substance use, the effect size of the middle group reflects the averaged effect size of individuals 
who reported lifetime illicit drug use and individuals who reported experimental cannabis use. The 
highest level includes regular cannabis users.
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Discussion

The current study investigated who participates in intensive longitudinal designs (ILDs), and, 

when enrolled in such a study, who does well in terms of compliance. In a cohort of at-risk 

individuals who were invited for a six-month daily diary study, we found that participation 

in ILDs is not reserved for relatively healthy, high-functioning individuals, as previously 

suggested8. Rather, individuals who are vulnerable for mental health problems participate 

and are compliant. First, comparing the diary participants and the cohort participants who 

decided not to participate in the diary study, we observed that the diary participants were not 

necessarily the better functioning part of the cohort. After ruling out differences (e.g., higher 

IQ-scores and less behavioral problems for participants than non-participants) that were due 

to selective attrition effects in TRAILS CC rather than a specific disinterest in the diary study, 

there were no differences in characteristics (e.g., personality, family socio-economic status, 

physical or mental health problems) that suggested participants functioned better than non-

participants. This was not due to TRAILS CC participants functioning well, illustrated by the 

finding that participants scored less favorable on nearly every characteristic compared to the 

general population (e.g., more social problems, lower physical and psychological health, etc.). 

Finally, with the exception of behavioral problems (i.e., antisocial behavior and externalizing 

problems), none of these characteristics negatively affected compliance, and moreover 

compliance was excellent (i.e., on average 84.9%). We conclude therefore that ILD studies 

are neither hindered by self-selection bias nor by low study compliance. It follows that ILDs 

can be successfully applied to study individuals with psychological and psychiatric problems. 

As argued in the introduction, individuals for whom participation is no effort are 

thought to be overrepresented in ILDs8. These individuals are conscientious, self-disciplined, 

pro-social, and have relatively few health problems that could interfere with participation. 

Such characteristics are of particular importance for participation in ILDs, due to their 

higher burden and the lengthy commitment that is requested18,19. However, there is also 

an opposing view on the profile of research participants that may typically take part in 

ILDs8,20: individuals with reduced mental health. Individuals with mental health problems 

may be more motivated to contribute to studies into mental health, for instance because 

such studies may improve self-understanding or help others with similar problems2,21. They 

may also have more time on their hands (i.e., no job or not enrolled in education) and 

more interest in the renumeration provided to participants8. Both profiles imply a selection 
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bias, and for ILDs with clinical implications, the first profile (‘happy and healthy’) is most 

detrimental. We found no support for this profile: diary participants did not report more 

self-discipline nor were they healthier than non-participants. Importantly, compared to the 

general population, participants of the diary study scored less advantageous on practically all 

characteristics (including self-discipline and health), indicating that this first profile does not 

fit the average TRAILS TRANS-ID participant. In favor of the second profile, we observed that 

diary participants had experienced more stressors and traumatic events compared to non-

participants, and reported somewhat higher behavioral problems. However, the attrition 

analysis, in which individuals that had not participated in the fifth assessment wave (T5) 

were excluded, revealed that this effect was likely driven by a disinterest in participating in 

research in general, as opposed to the diary study per se. Moreover, diary study participants 

did not display more psychological or physical health problems than those who decided 

not to participate. We thus conclude that intensive longitudinal designs are not necessarily 

biased in terms of the physical, psychological, and social characteristics of individuals that 

self-select into these kinds of studies, making it possible to study at-risk individuals for 

psychopathology. That said, we observed three characteristics associated with participation 

that could be paid attention to during recruitment of at-risk participants. Like previous 

ILDs we found that women were more likely to participate in the diary study than men22–24. 

Moreover, although well below the general population mean, a slight underrepresentation 

of at-risk individuals scoring higher on anti-social behaviors or who have experienced less 

life events may occur. These biases are not specific to ILDs but rather apply to longitudinal 

designs in general25. Hence, it is worth considering that results of ILDs in at-risk samples may 

not be representative of individuals with these characteristics (i.e., being male, displaying 

behavioral problems, and reporting less adverse events). 

 Once enrolled in the diary study, internalizing problems were positively associated 

with compliance. This contrasts with a finding from a previous study, where depression 

severity was negatively associated with college students’ study compliance26. A recent meta-

analysis on predictors of compliance in ILDs found no effect (i.e., neither positive or negative) 

of depression severity on compliance24. Hence, no conclusions can be drawn yet. Although 

intrinsic motivation or conscientiousness have been considered important determinants 

of compliance in diary studies8,27,28, we found no association between self-discipline and 

compliance in this study. Likewise, we did not find that male participants were less compliant 

than female participants23,24,26. Compliance was, however, lower in individuals with more 
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behavioral problems (i.e., antisocial behavior and teacher-reported externalizing problems) 

and in those who smoked daily. Note that some of the other associations between behavioral 

problem domains and substance use with compliance had a similar effect size but were non-

significant, likely due to reduced power given a low number of extreme values (i.e., only 

12 of 122 individuals were regular cannabis users). Thus, if substance use or behavioral 

problems are of interest to the study, it is good to be aware that the individuals displaying 

these behaviors may be less compliant, and therefore, they might be underrepresented. 

Strengths and considerations 
A major strength of this study is that extensive information was available for both individuals 

who participated and individuals who did not participate in the diary study, not only in terms 

of types of characteristics (e.g., psychological, physical, economic, social, and demographic 

characteristics), but also in terms of repeated assessment of these characteristics, which 

yielded reliable estimates. An additional strength is that all characteristics were compared 

to normative scores from the general population (TRAILS PC), a study identical in set-up as 

TRAILS CC. This allowed us to confirm the at-risk status of our participants and thus rule out 

that the overall absence of strong biases between participants and non-participants was due 

to floor effects (i.e., little mental health problems in both groups, despite their at-risk status). 

Additionally, the comparison with the general population showed that individuals (i.e., the 

diary participants) who scored less favorable on characteristics associated with ILD study 

success had no trouble with participating in an ILD study. However, although participants 

showed higher adversity than the general population, we cannot guarantee that they are 

representative of the broader at-risk population. This is because diary participants were 

recruited within a long-lasting, ongoing cohort consisting of individuals at increased risk for 

mental health problems (TRAILS CC). The members of this cohort might be more motivated 

to participate in research than at-risk individuals in general29,30, and might therefore differ 

from individuals in the full at-risk population. This could imply that associations between 

the investigated characteristics and the decision to participate, which would exist in the 

population, could not be observed in our sample. However, we think the impact of this study 

being embedded in TRAILS on current findings is limited, as the decision to enter the cohort 

study was made by parents rather than participants, who were aged 10-11 years at the time. 

The decision to participate in the diary study, in contrast, was made by the participants 

themselves. A final consideration is that due to sample size differences the comparison 
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between the general population sample (N=1926) and the diary participants (N=134) had 

more power than the comparison between diary participants and non-participants (N=309). 

Although this could have played a role in finding fewer significant differences between 

participants and non-participants than between participants and the general population 

sample, effect sizes of the differences were much smaller in the participant versus non-

participant comparison, indicating that reduced power does not confound our conclusions. 

Moreover, the compliance analyses – which only involved diary participants and arguably 

had even less power than the participants versus non-participants comparison – resulted in 

several significant associations. Thus, we do not think that finding few differences between 

participants and non-participants is due to a lack of power.

Conclusions
Often, we do not know much about those individuals who were not included in our studies. 

This means we can only speculate about the selection bias that results from the fact that 

particular types of individuals might be more likely to participate. We had the unique 

possibility to compare participants to non-participants on a wide variety of traits, and found no 

selection bias towards highly conscientious, motivated, and healthy individuals, nor towards 

disadvantaged individuals. Instead, individuals who decided to participate in the diary study 

were largely similar to those who did not participate in terms of personality and psychological 

and physical health. However, researchers should be aware that females, those with higher 

IQ, and those who experienced more adverse events may be overrepresented in their study 

(due to self-selection), whereas individuals with more externalizing and less internalizing 

problems, more antisocial behavior, and daily smokers might be underrepresented (due to 

lower compliance). This is not specific to intensive longitudinal designs but applies to research 

participation in general. Individuals who took part in the diary study were disadvantaged 

relative to the general population in a broad variety of domains but showed excellent study 

compliance, confirming that diary studies are suitable for at-risk populations. Taken together, 

we found that diary participants were disadvantaged in several domains relative to the 

general population, but this did not affect their decision to participate in a six-month diary 

study nor their compliance. We conclude therefore that intensive longitudinal designs can be 

broadly applied and are not only suitable ‘for the happy few’.
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Supplement 6
Table S6.2. Descriptive statistics and number of missing values for each characteristic in the three participant groups

Participants Non-participants General population
Mean (SD)/ 
N(%)*

Missing 
N(%)

Mean (SD)/ 
N(%)*

Missing 
N(%)

Mean (SD)/ 
N(%)*

Missing 
N(%)

Personality and cognitive 
functioning

    

Assertiveness 23.02 (5.16) 11 (8.21) 23.56 (4.85) 47 (15.21) 23.96 (4.52) 516 (26.79)
Excitement-seeking 27.23 (4.71) 11 (8.21) 27.11 (4.55) 47 (15.21) 27.90 (4.20) 517 (26.84)
Self-discipline 24.54 (5.20) 11 (8.21) 25.10 (4.99) 47 (15.21) 26.16 (4.55) 518 (26.9)
Angry-hostility 20.99 (4.16) 4 (2.99) 20.69 (4.21) 35 (11.33) 19.88 (4.07) 364 (18.9)
Impulsiveness 23.70 (3.73) 4 (2.99) 23.64 (3.65) 35 (11.33) 23.19 (3.42) 364 (18.9)
Vulnerability 20.69 (4.23) 4 (2.99) 20.15 (4.15) 35 (11.33) 19.04 (4) 364 (18.9)
IQ 100.34 (14.88) 0 (0) 96.02 (15.99) 0 (0) 97.25 (15.07) 8 (0.42)

Economic characteristics      
Financial difficulties (self) 2 (0.71) 4 (2.99) 1.83 (0.8) 64 (20.71) 1.97 (0.75) 432 (22.43)
Educational attainment 3.41 (1.02) 9 (6.72) 3.37 (1.02) 123 (39.81) 3.52 (1.01) 636 (33.02)
Financial difficulties (parent) 0.19 (0.61) 0 (0) 0.26 (0.75) 0 (0) 0.19 (0.82) 0 (0)
Employment 96 (71.64) 235 (76.10) 1501 (77.9)
No 17 (44.74) 30 (40.54) 104 (24.47)
Yes 21 (55.26) 44 (59.46) 321 (75.53)

Social benefits 9 (6.72) 123 (39.81) 636 (33.02)
No 94 (75.20) 133 (71.51) 1192 (92.4)
Yes 31 (24.80) 53 (28.49) 98 (7.6)

Participation 16 (11.94) 141 (45.63) 658 (34.16)
No 17 (14.41) 30 (17.86) 104 (8.2)
Yes 101 (85.59) 138 (82.14) 1164 (91.8)

Current education 9 (6.72) 123 (39.81) 636 (33.02)
No 45 (36) 92 (49.46) 447 (34.65)
Yes 80 (64) 94 (50.54) 843 (65.35)

Financial debt 10 (7.46) 131 (42.39) 660 (34.27)
No 108 (87.10) 167 (93.82) 1026 (81.0)
Yes 16 (12.90) 11 (6.18) 240 (18.96)

Educational att. mother 3.13 (0.89) 0 (0) 3.07 (0.97) 2 (0.65) 2.95 (1.07)
Educational att. father 3.23 (1.09) 13 (9.7) 3.06 (0.99) 38 (12.30) 3.16 (1.16)
Household income 8 (5.97) 14 (4.53) 121 (6.28)
Low < €1,150 7 (5.56) 14 (4.75) 219 (12.13)
Middle 102 (80.95) 246 (83.39) 1405 (77.8)
High > €3,500 17 (13.49) 35 (11.86) 181 (10.03)

Occupation mother 40 (29.9) 90 (29.1) 490 (25.4)
Low 11 (11.7) 24 (11) 255 (17.8)
Middle 52 (55.3) 125 (57.1) 740 (51.5)
High 31 (33) 70 (32) 441 (30.7)

Occupation father 31 (23.1) 75 (24.3) 389 (20.2)
Low 32 (31.1) 86 (36.8) 471 (30.6)
Middle 30 (29.1) 58 (24.8) 461 (30)
High 41 (39.8) 90 (38.5) 605 (39.4)
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Participants Non-Participants General population
Mean (SD)/ 
N(%)*

Missing 
N(%)

Mean (SD)/ 
N(%)*

Missing 
N(%)

Mean (SD)/ 
N(%)*

Missing 
N(%)

Social characteristics      
Social problems (self) 0.34 (0.28) 0 (0) 0.32 (0.28) 0 (0) 0.24 (0.28) 3 (0.16)
Social problems (parent) 0.48 (0.39) 0 (0) 0.46 (0.45) 1 (0.32) 0.18 (0.28) 55 (2.86)
Family functioning 1.79 (0.34) 0 (0) 1.84 (0.35) 1 (0.32) 1.70 (0.32) 59 (3.06)
Adverse events 10.4 (5.88) 0 (0) 7.65 (5.22) 0 (0) 7.52 (5.27) 0 (0)
Chronic stress 3.41 (2.52) 0 (0) 2.94 (2.74) 0 (0) 1.29 (1.86) 0 (0)
Trauma 2.83 (1.92) 0 (0) 2.28 (2.47) 0 (0) 2.1 (2.16) 0 (0)

Physical health characteristics     
Physical health (self) 3.64 (0.56) 0 (0) 3.63 (0.63) 0 (0) 3.73 (0.59) 5 (0.26)
Physical health (parent) 3.93 (0.54) 0 (0) 3.87 (0.55) 1 (0.32) 4.14 (0.54) 59 (3.06)
BMI 21.26 (3.60) 0 (0) 20.48 (3.54) 1 (0.32) 20.18 (3.31) 11 (0.57)
Alcohol 2.38 (2.98) 3 (2.24) 3.30 (4.63) 16 (5.18) 4.66 (5.07) 123 (6.39)
Absence (phys.) 2.70 (1.31) 1 (0.75) 2.61 (1.25) 15 (4.85) 2.37 (1.18) 224 (11.63)
Other drugs 0 (0) 0 (0) 0 (0)
No 103 (76.87) 257 (83.17) 1572 (81.6)
Yes 31 (23.13) 52 (16.83) 354 (18.38)

Cannabis 3 (2.24) 27 (8.74) 299 (15.52)
Never 58 (44.27) 141 (50) 694 (42.66)
Experimenter 61 (46.56) 118 (41.84) 777 (47.76)
Regular 12 (9.16) 23 (8.16) 156 (9.59)

Smoking 2 (1.49) 25 (8.09) 167 (8.67)
Never 78 (59.09) 156 (54.93) 1026 (58.3)
Occasional 27 (20.45) 69 (24.30) 333 (18.93)
Daily 27 (20.45) 59 (20.77) 400 (22.74)

Psychological health 
characteristics

    

Internalizing problems (self) 0.39 (0.20) 0 (0) 0.36 (0.20) 0 (0) 0.30 (0.19) 4 (0.21)
Internalizing problems 
(parent)

0.37 (0.21) 0 (0) 0.37 (0.23) 1 (0.32) 0.21 (0.17) 58 (3.01)

Internalizing problems 
(teacher)

0.56 (0.34) 2 (1.49) 0.52 (0.31) 5 (1.62) 0.38 (0.33) 51 (2.65)

Externalizing problems (self) 0.31 (0.15) 0 (0) 0.33 (0.18) 0 (0) 0.27 (0.16) 3 (0.16)
Externalizing problems 
(parent)

0.36 (0.24) 0 (0) 0.4 (0.25) 1 (0.32) 0.21 (0.18) 57 (2.96)

Externalizing problems 
(teacher)

0.25 (0.33) 2 (1.49) 0.32 (0.36) 5 (1.62) 0.25 (0.37) 49 (2.54)

ADHD (self) 0.71 (0.30) 0 (0) 0.73 (0.31) 0 (0) 0.57 (0.28) 3 (0.16)
ADHD (parent) 0.85 (0.46) 0 (0) 0.93 (0.43) 1 (0.32) 0.46 (0.37) 55 (2.86)
ADHD (teacher) 0.73 (0.50) 2 (1.49) 0.83 (0.48) 5 (1.62) 0.52 (0.47) 49 (2.54)
Autism 3.09 (1.88) 0 (0) 3.31 (1.85) 1 (0.32) 1.40 (1.29) 19 (0.99)
Antisocial behavior 0.19 (0.16) 0 (0) 0.25 (0.24) 0 (0) 0.25 (0.27) 1 (0.05)
Absence (psych.) 1.42 (0.83) 1 (0.75) 1.37 (0.88) 15 (4.85) 1.15 (0.58) 224 (11.63)
Medication 14 (10.45) 31 (10.03) 681 (35.36)
No 38 (31.67) 77 (27.7) 1026 (82.4)
Yes 82 (68.33) 201 (72.3) 219 (17.59)

Note. Absence (phys.) = absence due to physical complaints. Absence (psych.) = absence due to psychological 
complaints. ADHD = attention-deficit/hyperactivity disorder. SE = standard error.
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Table S6.3. Sensitivity analysis including individuals who completed T5: characteristic differences between participants 
and non-participants, and between participants and a sex-matched general population sample

Participants vs. Non-participants Participants vs. General population
B/OR Beta/1-OR [95% CI] SE p B/OR Beta/1-OR SE p

Personality and cognitive functioning      
Assertiveness -0.09 -0.02 [-0.25, 0.21] 0.56 0.87  0.86  0.18 [-0.01, 0.37] 0.45 0.06
Extraversion -0.64 -0.15 [-0.38, 0.09] 0.51 0.21  0.70  0.16 [-0.03, 0.35] 0.41 0.09
Self-discipline  0.63  0.13 [-0.10, 0.36] 0.56 0.27  1.80  0.38 [0.19, 0.57] 0.46 0.00
Angry-hostility -0.74 -0.18 [-0.41, 0.04] 0.47 0.11 -1.45 -0.36 [-0.54, -0.17] 0.38 0.00
Impulsiveness -0.38 -0.11 [-0.34, 0.12] 0.40 0.35 -0.60 -0.17 [-0.36, 0.01] 0.33 0.07
Vulnerability -0.58 -0.14 [-0.37, 0.08] 0.46 0.21 -1.74 -0.43 [-0.61, -0.25] 0.37 0.00
IQ -2.64 -0.18 [-0.40, 0.05] 1.72 0.13 -0.61 -0.04 [-0.22, 0.14] 1.39 0.66

Economic characteristics       
Financial difficulties (self) -0.22 -0.31 [-0.53, -0.08] 0.08 0.01 -0.61 -0.04 [-0.22, 0.14] 1.39 0.66
Educational attainment -0.04 -0.04 [-0.27, 0.18] 0.12 0.72 -0.03 -0.04 [-0.22, 0.15] 0.07 0.69
Financial difficulties (parent) -0.01 -0.02 [-0.24, 0.21] 0.09 0.89  0.11  0.11 [-0.07, 0.29] 0.09 0.24
Employment*  1.19  0.19 [-0.46, 1.62] 0.40 0.67  2.50  1.50 [0.26, 3.91] 0.35 0.01
Social benefits*  1.21  0.21 [-0.28, 1.04] 0.26 0.47  0.25 -0.75 [-0.84, -0.60] 0.23 0.00
Participation*  0.77 -0.23 [-0.60, 0.47] 0.33 0.44  1.88  0.88 [0.05, 2.19] 0.28 0.02
Current education*  0.57 -0.43 [-0.64, -0.09] 0.24 0.02  1.06  0.06 [-0.28, 0.55] 0.20 0.76
Financial debt*  0.44 -0.56 [-0.81, -0.01] 0.41 0.05  1.58  0.58 [-0.06, 1.82] 0.28 0.10
Educational att. mother -0.05 -0.05 [-0.27, 0.18] 0.12 0.69 -0.03 -0.03 [-0.21, 0.16] 0.09 0.78
Educational att. father -0.12 -0.10 [-0.34, 0.14] 0.14 0.40  0.11  0.10 [-0.09, 0.29] 0.11 0.32
Income*  0.80 -0.2 [-0.55, 0.43] 0.24 0.78  0.76 -0.24 [-0.52, 0.23] 0.24 0.87
Occupation mother*  1.05  0.05 [-0.38, 0.78] 0.22 0.58  0.93 -0.07 [-0.40, 0.41] 0.22 0.63
Occupation father*  0.83 -0.17 [-0.49, 0.35] 0.20 0.77  1.14  0.14 [-0.23, 0.69] 0.19 0.75

Social characteristics       
Social problems (self)  0.00  0 [-0.23, 0.22] 0.03 0.97 -0.11 -0.46 [-0.64, -0.28] 0.02 0.00
Social problems (parent) -0.04 -0.14 [-0.35, 0.07] 0.03 0.20 -0.31 -0.99 [-1.16, -0.82] 0.03 0.00
Family functioning  0.00  0.01 [-0.22, 0.23] 0.04 0.95 -0.10 -0.32 [-0.50, -0.13] 0.03 0.00
Adverse events -1.11 -0.21 [-0.44, 0.01] 0.60 0.06 -1.49 -0.29 [-0.47, -0.10] 0.48 0.00
Chronic stress -0.41 -0.18 [-0.40, 0.03] 0.25 0.10 -2.00 -0.89 [-1.07, -0.72] 0.20 0.00
Trauma -0.29 -0.14 [-0.37, 0.09] 0.24 0.22 -0.24 -0.12 [-0.30, 0.07] 0.19 0.21

Physical health characteristics       
Physical health (self) -0.03 -0.06 [-0.28, 0.17] 0.06 0.63  0.07  0.12 [-0.06, 0.30] 0.05 0.20
Physical health (parent) -0.02 -0.04 [-0.27, 0.18] 0.06 0.70  0.20  0.39 [0.21, 0.57] 0.05 0.00
BMI -0.02  0.00 [-0.23, 0.22] 0.37 0.97 -0.55 -0.17 [-0.35, 0.01] 0.30 0.07
Alcohol  0.41  0.09 [-0.13, 0.31] 0.53 0.43  2.40  0.52 [0.34, 0.70] 0.43 0.00
Absence (phys.) -0.11 -0.09 [-0.32, 0.13] 0.14 0.42 -0.37 -0.32 [-0.50, -0.13] 0.11 0.00
Drugs*  1.18  0.18 [-0.30, 0.99] 0.26 0.54  1.15  0.15 [-0.24, 0.78] 0.22 0.53
Cannabis*  0.84 -0.16 [-0.46, 0.30] 0.18 0.78  1.10  0.10 [-0.23, 0.58] 0.17 0.71
Smoking*  1.09  0.09 [-0.30, 0.71] 0.18 0.65  1.06  0.06 [-0.26, 0.53] 0.18 0.62
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Participants vs. Non-participants Participants vs. General population
B/OR Beta/1-OR [95% CI] SE p B/OR Beta/1-OR SE p

Psychological health characteristics       
Internalizing problems (self) -0.03 -0.17 [-0.40, 0.05] 0.02 0.13 -0.09 -0.48 [-0.66, -0.3] 0.02 0.00
Internalizing problems (parent) -0.01 -0.05 [-0.27, 0.16] 0.02 0.62 -0.17 -0.89 [-1.06, -0.72] 0.02 0.00
Internalizing problems (teacher) -0.01 -0.04 [-0.26, 0.18] 0.04 0.74 -0.19 -0.59 [-0.77, -0.41] 0.03 0.00
Externalizing problems (self) -0.01 -0.06 [-0.29, 0.16] 0.02 0.57 -0.05 -0.36 [-0.54, -0.18] 0.01 0.00
Externalizing problems (parent) -0.01 -0.03 [-0.24, 0.19] 0.02 0.80 -0.16 -0.89 [-1.06, -0.72] 0.02 0.00
Externalizing problems (teacher) 0.00  0.01 [-0.22, 0.24] 0.04 0.94 -0.06 -0.19 [-0.37, 0] 0.03 0.05
ADHD (self) -0.02 -0.07 [-0.29, 0.15] 0.03 0.53 -0.16 -0.57 [-0.75, -0.39] 0.03 0.00
ADHD (parent) 0.01  0.02 [-0.19, 0.22] 0.04 0.88 -0.42 -1.09 [-1.26, -0.93] 0.03 0.00
ADHD (teacher) 0.03  0.07 [-0.15, 0.30] 0.05 0.51 -0.27 -0.60 [-0.78, -0.42] 0.04 0.00
Autism 0.01  0.00 [-0.19, 0.20] 0.15 0.97 -1.83 -1.24 [-1.40, -1.08] 0.12 0.00
Antisocial behavior 0.02  0.10 [-0.13, 0.33] 0.02 0.38 0.01  0.04 [-0.14, 0.22] 0.02 0.66
Absence (psych.) -0.10 -0.16 [-0.39, 0.07] 0.07 0.17 -0.29 -0.49 [-0.68, -0.31] 0.06 0.00
Medication* 1.18  0.18 [-0.31, 0.98] 0.27 0.54 0.09 -0.91 [-0.94, -0.86] 0.22 0.00

Note. Beta refers to the increase (or decrease) in the odds of replying ‘yes’ (in case of binary variables) or to the increase 
(or decrease) in the odds of being in a higher category (in case of ordinal variables) if participants were not included 
in the diary study (left part of the table) or if participants were part of the general population (right part of the table). 
Bolded P-values were significant after the Holm-Bonferroni correction. *These variables were categorical (yes/no) or 
ordinal (e.g., smoking never, regularly, or daily) and therefore analyzed through (multinomial) logistic regression models. 
Educational att. = educational attainment. Absence (phys.) = absence due to physical complaints. Absence (psych.) = 
absence due to psychological complaints. ADHD = attention-deficit/hyperactivity disorder. SE = standard error. 
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Abstract

Symptoms of psychopathology lie on a continuum ranging from mental health to psychiatric 

disorders. Although much research has focused on progression along this continuum, for 

most individuals, subthreshold symptoms do not escalate in full-blown disorders. This study 

investigated how the stability of psychopathological symptoms (attractor strength) varies 

across severity levels (homebase). Data were retrieved from the TRAILS TRANS-ID study, 

where 122 at-risk young adults (mean age 23.6 years, 57% males) monitored their mental 

states daily for a period of six months (±183 observations per participant). We estimated 

each individual's homebase and attractor strength using generalized additive mixed models. 

Regression analyses showed no association between homebases and attractor strengths 

(linear model: B = 0.02, p = .47, R2 < .01; polynomial model: B < 0.01, p = .61, R2 < .01). 

Sensitivity analyses where we (i) weighed estimates according to their uncertainty and (ii) 

removed individuals with a DSM-5 diagnosis from the analyses did not change this finding. 

This suggests that stability is similar across severity levels, implying that subthreshold 

psychopathology may resemble a stable state rather than a transient intermediate between 

mental health and psychiatric disorder. Our study thus provides additional support for a 

dimensional view on psychopathology, which implies that symptoms differ in degree rather 

than kind.
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Introduction

Psychopathology is increasingly recognized as a dimensional phenomenon1–5. From such 

a dimensional perspective, psychiatric disorders reflect the extreme end of a severity 

continuum ranging from the absence of symptoms to the presence of severe symptoms. 

Along this continuum lie subthreshold symptoms, which fall short of the diagnostic criteria 

for a clinical disorder but may still cause burden and functional impairments3,6,7. 

A dimensional view on psychopathology implies that the differences between 

subthreshold symptoms and their full-threshold counterparts are quantitative rather than 

qualitative. This is supported by studies showing that subthreshold symptoms and full-blown 

psychiatric disorders have a similar etiology, structure (based on symptom interrelations8), 

and treatment response (i.e., phenomenological continuity9). For instance, mild psychiatric 

traits and disorders share similar genetic risk factors, illustrated by the finding that 80% of 

the covariance between subthreshold symptoms and psychiatric disorders is attributable 

to genetic overlap10. Similarly, the brain regions associated with subthreshold and clinical 

manifestations of psychopathology are largely overlapping11. Environmental risk factors, such 

as childhood abuse and stressful life events, have also been related to both sub- and full-

threshold expressions of psychopathology6,12. Finally, like psychiatric disorders, subthreshold 

symptoms are associated with distress and declined functioning6,7,12,13, which can improve 

following psychological treatment14. In sum, there is substantive evidence that the distinction 

between subthreshold symptoms and psychiatric disorders seems to be a matter of degree 

– e.g., reflected in the number of symptoms and affected individuals – rather than kind15,16. 

Subthreshold symptoms are commonly considered clinically relevant not only 

because of the above-mentioned similarities to psychiatric disorders, but also because of 

their prognostic significance1. That is, individuals with subthreshold symptoms are two to 

five times more likely to develop a psychiatric disorder compared to individuals without 

such symptoms1,17,18. This implies that, for some individuals, subthreshold symptoms reflect 

a temporary phase between having no symptoms and having a psychiatric disorder. Yet, 

longitudinal cohort studies have shown that for the majority of individuals, subthreshold 

symptoms do not escalate into full-blown disorders. Specifically, the proportion of individuals 

with subthreshold symptoms that meet the criteria for a psychiatric disorder when assessed 

several years later ranges between 14-35% (depression1,2,19), 14-15% (anxiety1,20), 32% 

(bipolar disorder21), 25% (psychosis22), and 36-38% (substance abuse1). For other individuals, 
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subthreshold symptoms may either remit or persist. Such persistence contradicts the 

common notion that subthreshold symptoms are transient. Instead, subthreshold symptoms 

could – at least for some individuals – reflect stable states rather than transient transitionary 

phenomena. This introduces the possibility of yet another qualitative similarity between 

subthreshold symptoms and psychiatric disorders: both might be stable phenotypes.

So far, the stability of psychopathological symptoms has mostly been investigated 

across very short timescales (e.g., hour-to-hour) and relatively long timescales (e.g., year-to-

year). The present study aims to investigate the day-to-day stability of psychopathological 

symptoms across six months using a complex systems perspective23–26. According to this 

perspective, symptoms might manifest as stable states, for instance labelled as mental 

health, subthreshold psychopathology, or psychiatric disorder27–29. These stable states – 

commonly referred to as attractors – can be thought of as the set point to which systems 

tend to return again and again upon perturbations (i.e., stressful or pleasant events). In 

healthy individuals, for instance, events may lead to temporary dips or uplifts in mood, 

but eventually, a state of mental health (i.e., their attractor) is restored. Attractors result 

from regulatory processes, reflected in interactions between elements of the system (e.g., 

feedback loops between mental states24). In the presence of strong regulatory processes, 

systems are resistant to change. This translates to a strong tendency to remain in an attractor 

(e.g., one with low symptom severity). As regulatory processes weaken, transitions from one 

attractor to another become more likely. Hence, the stability of an attractor can be inferred 

from regulatory processes, known as attractor strength. If subthreshold symptoms indeed 

reflect a stable attractor that behaves similar to the attractors with low and high symptom 

severity, the strengths of these attractors should be similar. This would mean that there is 

no clear association between the symptom severity of attractors (referred to as homebases) 

and attractor strengths (Fig. 7.1a). If, on the other hand, subthreshold symptoms reflect 

more transient phenomena (i.e., temporary states between low and severe symptoms), 

there should be a quadratic relation between homebases and attractor strengths (Fig. 7.1b). 

We investigated this hypothesis in an intensive longitudinal study where 122 at-risk young 

adults monitored transdiagnostic (subthreshold) symptoms daily for a period of six months. 

Since subthreshold symptoms are considered diffuse, representing a mix of symptoms from 

different psychopathological domains, we focused on attractors of overall symptom severity, 

rather than attractors of specific symptom domains30. 
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Fig. 7.1. Illustration of the association between homebases and attractor strengths under two different 
scenarios. The homebase corresponds to the severity of symptoms that characterize an attractor. A) 
If the subthreshold attractor is comparable to the healthy and disordered attractors in strength, there 
is no clear association between homebases and attractor strengths. B) If the subthreshold attractor is 
transient, there is a quadratic relation between homebases and attractor strengths. 

Materials and methods

Participants
Participants were recruited from the clinical cohort of an ongoing study, named TRacking 

Adolescents’ Individual Lives Survey (TRAILS31). At the time of inclusion in the clinical cohort 

of TRAILS (TRAILS CC), participants were between 10 and 12 years old and had been referred 

to mental health care services. Because of this history, they were considered at increased risk 

to develop mental health problems. Since their inclusion, participants completed bi- or tri-

annual follow-up assessments. When TRAILS CC participants were approximately 22.6 years 

old (range = 21-24), they were invited to take part in an add-on diary study (TRAILS TRANS-

ID). Of the 443 eligible participants, 134 (30.2%) were included in TRAILS TRANS-ID. The 

present study included the 122 individuals who completed the diary period. A more elaborate 

description of these participants, as well as other methodological details, has been published 

elsewhere (chapter 5)32. All participants provided written informed consent. This study was 

approved by the medical ethics committee of the University Medical Center Groningen 

(reference no. 2017/203). All procedures contributing to this work comply with the ethical 

standards of the relevant national and institutional committees on human experimentation 
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and with the Helsinki Declaration of 1975, as revised in 2008. 

Procedure
Participants completed daily questionnaires every evening for a period of six consecutive 

months. Each questionnaire consisted of 58 items pertaining to the past day (e.g., “Today, 

I felt tired”) that were rated on a visual analogue scale (VAS) ranging from 0 to 100. These 

questionnaires, or diaries, were sent via text messages to participants’ mobile phones. Prior 

to and immediately after the diary period (i.e., at baseline and post), a semi-structured 

diagnostic interview was orally administered (mini-SCAN). This interview was used to assess 

whether individuals met the diagnostic criteria for a DSM-5 disorder (for details on the 

procedure, please see Schreuder et al.33 or chapter 5). The post assessment covered the 

entire diary period, and therefore, this assessment was used for sensitivity analyses (see data 

analysis and supplement 7.7 Sensitivity analyses 2: DSM-5 diagnoses). 

Data analysis
The diary procedure yielded a maximum of 183 measurements of 58 mental states per 

individual, for 122 individuals (i.e., >1.2 million observations in total). The data pertaining to 

the 35 negative mental states assessed in our study – listed in supplement 7.1 List of mental 

states – were selected for analyses. Together, these mental states were considered reflective 

of individuals’ overall symptom severity. We estimated overall symptom severity (sx) for 

individual i at time t by computing the mean rating across the individual’s negative mental 

states (ms) at time t, so that sxi,t = Smsi,t / 35. Subsequently, a generalized additive mixed model 

(GAMM) was fitted34,35. Specifically, symptom severity of individual i at time t was predicted 

by this individual’s (i) intercept, (ii) autoregressive parameter, and (iii) non-linear trend in 

symptom severity over time (for details, see supplement 7.2 GAMM details). This model 

yielded an estimated homebase and attractor strength for each individual separately, while 

taking into account each individual’s change in symptoms over time. The homebase is given 

by the person-specific intercept (which is conceptually similar, but not equal to, the person’s 

mean), and reflects the symptom severity that characterizes an individual’s attractor36. As 

such, relatively low homebases can be considered adaptive, whereas higher homebases 

may be maladaptive. The attractor strength reflects the regulatory forces that maintain the 

attractor, and is given by person-specific estimates of the inversed autoregressive parameter 

(i.e., the effect of symptom severity at t-1 on symptom severity at t)36. This operationalization 
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of homebases and attractor strengths has also been adopted in earlier studies36,37, and can be 

considered a discrete-time translation of the parameters described in the DynAffect model38 

and the PersDyn model39, which are formalized in continuous time. 

The relation between homebases and attractor strengths was tested with regression 

analyses. Specifically, we compared models where attractor strength was predicted by 

homebase vs. squared homebase (i.e., polynomial regression). This allowed for differentiating 

between the scenarios displayed in Fig. 7.1. We repeated these regression analyses in two 

sensitivity analyses. First, we fitted weighted regressions to account for the uncertainty in 

the estimates and attractor strengths. The weights in these models were proportional to the 

sum of the range of the confidence intervals around the homebases and attractor strengths. 

Second, we checked the effect of (co-morbid) full-blown disorders by omitting individuals 

who met the criteria for at least one DSM-5 diagnosis from the analyses. This was done to 

allow for the possibility that mental states, and the stability thereof, might have a different 

meaning for individuals with versus without psychiatric disorders40. By re-running analyses 

in individuals without disorders, we could verify whether findings followed from between-

individual differences in e.g., the “threshold” for reporting a certain mental state. Individuals 

with a DSM-5 diagnosis were selected based on the mini-SCAN assessed at post, which 

covered the presence of psychiatric disorders during the entire diary period. All analyses 

were performed in R41 (version 4.0.2) using the package mgcv (version 1.8.33).

Results

Participants (N=122, 56.6% male) were on average 23.64 years old (SD = 0.67, range = 22.26-

24.81) and had on average completed 163.39 diary assessments (88.6%, SD = 17.12, range 

= 116-190). At baseline, 40 individuals (32.79%) met the criteria for at least one DSM-5 

diagnosis. After the diary period, 34 individuals (27.87%) had a DSM-5 disorder, of whom 

23 (67.65%) were also diagnosed at baseline. Most prevalent were mood disorders (N=28 

and 23 at baseline and post, respectively), followed by anxiety disorders (N=21 and 12) and 

ADHD (N=8 and 8).

The fitted values and the distribution of residuals indicated that assumptions of the 

GAMM were not violated (see supplement 7.3 Assumptions of GAMM and supplement 7.4 

Fitted values). The GAMM had an adjusted R2 of 77% and yielded homebases that varied 

between 2.85 and 46.51, with a mean of 17.81 (SD = 9.80). Attractor strengths varied 
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between 1.52 and 28.83 (mean = 4.16, SD = 3.35). Individuals who met criteria for a DSM-

5 diagnosis at post had a higher homebase (mean = 21.57) compared to non-diagnosed 

individuals (mean = 16.36, t(120) = 2.70, p < .01, Cohen’s d = 0.55), but did not differ in terms 

of attractor strength (mean = 4.26 vs. 4.12, respectively; t(120) = 0.21, p = .84, Cohen’s d = 

0.04). 

Regression analyses indicated that there was no clear association between 

homebase and attractor strength (linear model: B = 0.02, p = .47, R2 < .01; polynomial model: 

B < 0.01, p = .61, R2 < .01; Fig. 7.2). This finding did not change after taking into account the 

uncertainty in the estimates (supplement 7.6 Sensitivity analyses 1: uncertainty of homebase 

and attractor strength estimates) nor after removing individuals with a DSM-5 diagnosis from 

the analyses (supplement 7.7 Sensitivity analyses 2: DSM-5 diagnoses). 

Fig. 7.2. Association between the homebase and attractor strength of symptoms of psychopathology. 
Homebases and attractor strengths were estimated from a generalized additive mixed model using six 
months of daily diary data from 122 young adults. Individuals who received any DSM-5 diagnosis after 
the diary period are printed in blue. The black line shows the association between homebases and 
attractor strengths based on a linear model; the grey line shows the fit of a polynomial model. Neither 
model indicated an association between homebases and attractor strengths. For illustrative purposes, 
three outliers (individuals with an attractor strength of >10) were omitted from this figure. Including 
these individuals did not change the results (see the supplement, Fig. S7.2). 
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Discussion

Symptoms of psychopathology have been proposed to lie on a severity continuum, where 

the absence of symptoms and psychiatric disorders mark the extreme ends. This has been 

supported by the notion that subthreshold and full-threshold psychopathological symptoms 

show a comparable etiology6,9–12 and treatment outcome14. This study investigated the 

stability of psychopathological symptoms, i.e., their attraction strength, along the severity 

continuum. We found that the stability of symptoms assessed daily over a period of six 

months is independent of the severity of symptoms. This provides additional support for a 

dimensional view on psychopathology, which implies that subthreshold and full-threshold 

psychopathological symptoms differ in degree (i.e., severity) rather than in kind (e.g., 

stability). In conclusion, just like some individuals may experience constant mental health 

or psychopathology, others may get stuck in subthreshold psychopathology. Subthreshold 

symptoms may thus resemble stable states, rather than transient conditions that mark the 

progression from relatively healthy towards disordered states (or vice versa).

 A dimensional view on psychopathology does not necessarily preclude the existence 

of discrete, stable states along the severity continuum15,42. Present findings show that such 

states not only lie on the extreme ends of the continuum – reflecting mental health and mental 

disorder – but may just as well occupy the regions in between these extremes – reflecting 

subthreshold psychopathology. It follows that the clinical relevance of subthreshold symptoms 

does not just lie in their associated burden3,6,7 and their tendency to precede full-threshold 

symptoms1,17,18 (their prognostic significance), but also in their stability. Stability here refers 

to a property of an attractor in a complex dynamic system, namely attractor strength. In the 

context of psychopathology, an attractor can be considered a set of mental states to which a 

system tends to return upon perturbations (e.g., pleasant/stressful events23,27,29). An attractor 

has a certain homebase, which may describe mild vs. more severe psychopathological 

symptoms, and strength, which reflects the regulatory processes that maintain the attractor. 

Relatively strong (stable) attractors with low homebase can be considered adaptive, as they 

illustrate a healthy system that is resilient to external perturbations. In contrast, attractors 

with higher symptom severity may be maladaptive, illustrated by the current finding that 

individuals with a DSM-5 disorder had higher homebases than those without a disorder. 

We have shown that maladaptive attractors do not differ from more adaptive 

attractors in terms of strength. Yet, previous work has reported that individuals with a 
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psychiatric disorder may have weaker attractors compared to healthy controls, implying a 

negative association between attractor strengths and homebases36,37. Similarly, studies that 

used alternative measures of stability (i.e., adjusted square of successive differences43–45 and 

probability of acute change44,45) found higher instability in patients compared to controls. 

However, this difference was likely driven by the standard deviation, meaning that patients 

and controls may differ primarily in the dispersion of mental states as opposed to the stability 

of mental states43,46. An explanation for the discrepancy between earlier and present findings 

could be that the at-risk youth in the present study are more impaired than the healthy 

controls and/or less impaired than the patient samples in former studies36,37, which in turn 

may have restricted the ranges in attractor strengths and homebases in the current study. 

However, the large variability in symptom severity in the present sample suggests that a 

restricted range of psychopathological symptom severity is unlikely to underlie current 

findings. Instead, the differences across studies concerning attractor strengths potentially 

follow from considerable differences in sampling frequency (i.e., assessments with a 1-day 

interval vs. 15-minute/1-hour interval) and duration (i.e., six months vs. one to two days): 

although individuals with psychiatric disorders may have a lower hour-to-hour stability of 

emotions compared to non-affected individuals36,37, their day-to-day stability of mental 

states may be, as indicated by the current findings, similar. Hence, whereas stability on a 

short timescale could be adaptive – for instance because it signals adequate emotional 

responsivity to environmental cues47 – the meaning of stability on a longer timescale 

depends on the homebase that is maintained. Specifically, stability on a longer timescale can 

be either adaptive (when it maintains mental health) or maladaptive (when it maintains sub- 

or full-threshold psychopathological symptoms). In conclusion, the meaning of psychological 

dynamics – such as the stability of mental states – crucially depends on the timescale under 

consideration.

Besides the timescale of assessments, the dynamics of psychopathological 

symptoms might be affected by the type of symptoms under consideration. It could for 

instance be hypothesized that certain symptom domains (e.g., anxiety) are more stable 

than others (e.g., psychosis, mania48). At present, little is known about such between-

domain differences: it has been reported that panic disorder and major depression show 

higher homebases (but similar attractor strengths) compared to borderline, post-traumatic 

stress and eating disorders37,49, whereas negative psychotic symptoms may have a stronger 

attraction (but similar homebase) compared to positive symptoms of psychosis50. However, 
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small sample sizes and methodological heterogeneity preclude firm conclusions. To 

investigate dissociations between homebases and attractor strengths across clinical stages 

and psychopathological domains, future studies should aim to include individuals with a 

wide range of symptoms of varying severity. The current study did so by including youth 

who experienced a widely varying degree of (mental health) problems and a wide variety of 

mental states.

Unlike the majority of earlier studies on subthreshold symptoms, the present study 

considered attractors on a continuum of symptom severity, and did not classify individuals 

into subgroups based on pre-set cut-offs. This is particularly advantageous given the 

considerable heterogeneity in definitions of “subthreshold” psychopathology that plagues 

research on this topic7,13,51. Arguably, our decision to not categorize came at the cost of an 

unclear clinical significance of the homebase estimates, which were based on daily ratings 

of negative mental states. However, the fact that individuals with a DSM-5 diagnosis had 

significantly higher homebases than those without a diagnosis supports our inferences. 

Another potential limitation of the current study is that the aggregation of symptoms into 

global psychopathology might have obscured domain-specific associations between the 

homebase and strength of attractors. However, our operationalization was in line with the 

notion that subthreshold psychopathology may not be domain-specific30, and therefore, 

fitted with our aim to study the dynamics of symptoms of varying severity. Finally, our 

estimates of attractor strengths require that the timescale of assessments (daily) matches 

the timescale of the process of interest (i.e., strength of attraction, or the speed with which a 

homebase is restored). This issue is not specific to the current study, but rather applicable to 

all intensive longitudinal studies: within-person dynamics (including homebases and attractor 

strengths) can only be estimated with sufficient sampling frequency52. Although the present 

timescale (daily) is in line with our interest in long-term stability of symptoms – as opposed 

to momentary fluctuations in emotions43,46 – further work on the role of timescales in studies 

on symptom dynamics is hopefully awaited (for a recent example, see Sperry and Kwapil44). 

The lack of an association between homebases and attractor strengths found in the 

present study implies that individuals can get stuck anywhere on the severity continuum. 

Attractors do not, however, eternally persist: they may change over time, and such changes 

may involve a shift from subthreshold to full-threshold psychopathological symptoms or vice 

versa. Future research is needed to establish what triggers such shifts. After a shift towards a 

maladaptive attractor (one with a high homebase) has occurred, it is imperative to understand 
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what maintains the attractor. A complex systems perspective on psychopathology implies 

that attractors emerge from interactions between mental states – meaning that individuals 

with stronger attractors would be expected to show greater connectivity between mental 

states24. An alternative avenue for further research concerns the comparison of attractors of 

different domains of psychopathology, which could expose how specific domains progress 

and persist, and may inform treatment. 
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Supplement 7

7.1 List of mental states
We used the data of 35 mental states, listed below. 

1. I felt lonely

2. I felt empty

3. I felt down

4. I felt guilty

5. I could not bring myself to do anything

6. I felt tired

7. I avoided things

8. I was afraid of making mistakes

9. I had difficulty making decisions

10. I worried

11. My thoughts would not leave me alone

12. I was easily distracted

13. I felt restless

14. I felt nervous

15. I was easily startled

16. I felt stressed

17. I felt overburdened

18. I was easily upset

19. I felt overstimulated

20. It bothered me that things did not go as expected

21. I was bored quickly

22. I felt impatient

23. I was unable to sit still

24. I was impulsive

25. I felt irritated

26. Others felt annoyed by me

27. I had a fight

28. I felt rebellious

29. Things did not bother me
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30. I had moodswings

31. I felt strange

32. I felt suspicious

33. I experienced physical pain

34. I experienced physical discomfort

35. I’m dreading something that will happen soon

7.2 GAMM details
The GAMM allows for estimating smooth non-linear relationships that may differ between 

individuals53–55. This non-linearity is important to model because, in data that span six 

months, non-linear trends in symptom severity may be common. GAMMs estimate such 

non-linear relations using smooths, which comprise a set of basis functions (in this case, thin-

plate regression splines34). The wiggliness of each smooth term is determined by the number 

of basis functions, which was set to 10, and a penalization parameter, which was selected by 

generalized cross-validation. To avoid overfitting, we let the model use the same penalization 

parameter for all individuals. Hence, we assumed equal wiggliness (i.e., an equal amount of 

non-linearity) across individuals. Note that this does not pose restrictions on the shape of 

parameters, such as an individual’s trend in symptoms over time54.

We fitted a model where symptom severity at time t was predicted by (1) an intercept, (2) 

person-mean centered symptom severity at t-1, and (3) a smooth function of centered time. 

Between-individual variation in these three parameters was estimated through including 

random effects (1 and 2) and through a factor-smooth interaction (3). The latter allowed 

for estimating non-linear trends in symptoms over time that differed between individuals54. 

GAMM assumes that parameters do not change in a stepwise fashion, which was checked 

visually using plots of the fitted and observed values. Other assumptions of the GAMM, i.e., 

that residuals are normally distributed with a mean of 0, that residuals are homoscedastic 

across levels of the linear predictor, and that the number of basis functions is sufficient, were 

checked visually using residuals diagnostics plots and a diagnostic test provided in the mgcv 

package55 (see assumptions of GAMM).

Homebase and attractor strength estimation

In accordance with the DynAffect model38, homebases were operationalized as the person-

specific intercept (random effect 1 above) and attractor strengths were given by the inverse 
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of the person-specific autoregressive coefficient (random effect 2 above). Both were 

independent of individuals’ trend in symptoms over time (effect 3 above). Confidence 

intervals around the homebase and attractor strength were computed by bootstrapping. The 

association between homebases and attractor strengths was examined based on regression 

models. 

7.3 Assumptions of GAMM
Figure S7.1 was obtained using the gam.check function from mgcv. The left plots (S7.1a, 

S7.1c) show that the deviance residuals were approximately normally distributed. The 

departure from the straight line in the upper left plot likely results from the fact that symptom 

assessments were bounded between 0 and 100. Plot S7.1b suggests that the assumption of 

homoscedastic residuals was not violated. Finally, we checked the whether the number of 

basis functions (10) was too low using the k.check function. The output showed edf-values 

ranging between 2 and 4 (all P-values > .05), and hence, the number of basis functions was 

considered sufficient. 
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Fig. S7.1. Diagnostic information about the fit of the generalized additive mixed model. A) QQ-plot 
of deviance residuals. B) Residuals against the linear predictor, to evaluate the assumption of 
homoscedastic residuals. C) Histogram of residuals, to evaluate the assumption of normally distributed 
residuals. D) Outcome against fitted values.

7.4 Fitted values
These plots on the next pages show the observed values (grey dots) and fitted values (blue 

lines). Each plot corresponds to a single individual, resulting in 122 plots. For each plot, the 

x-axis depicts time (6 months, ranging from observation 1 to observation 183) and the y-axis 

denotes symptom severity (the outcome of the generalized additive mixed models we fitted).
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7.5 Figure 2 including all individuals
Figure 7.2 in the main text excluded three individuals whose attractor strength exceeded 10 

(corresponding to an autoregressive coefficient of 0.10). The below figure (Fig. S7.2) does 

include these individuals. Note that the outlier estimates were very uncertain, with 95% 

confidence intervals ranging between  -239.23 and 352.35. The mean absolute range of the 

95% confidence intervals was 336.02 in the three individuals with an attractor strength > 10, 

and 10.27 in all other individuals (N=118). Given this uncertainty, we considered it justified 

to remove the estimates from the figure in the main chapter. 

Fig. S7.2. Association between the homebase and attractor strength of symptoms of psychopathology. 
Here, we included all individuals (i.e., also outliers).
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7.6 Sensitivity analyses 1: uncertainty of homebase and attractor strength 
estimates

Homebases and attractor strengths were estimated with varying uncertainty, which was 

quantified by 95% confidence intervals obtained through bootstrapping. We used the inverse 

of the span of these confidence intervals to compute weights. These weights were then 

added to the regression analyses. Similar to our main analyses, the results did not indicate an 

association between homebases and attractor strengths (linear model: B < 0.01, p = .69, R2 < 

0.01; polynomial model: B < 0.01, p = .50, R2 < 0.01; see figure S7.3 below).

Fig. S7.3. Association between the homebase and attractor strength of symptoms of psychopathology. 
Here, we weighed observations according to their uncertainty.  
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7.7 Sensitivity analyses 2: DSM-5 diagnoses
To examine whether our results were affected by the inclusion of individuals with psychiatric 

disorders, we re-ran the simple and polynomial regression analyses with attractor strength as 

outcome and (squared) homebase as predictor and excluded 34 individuals who met criteria 

for a DSM-5 diagnosis during the diary period from the analyses. This resulted in a subsample 

of 88 non-diagnosed individuals. Similar to our findings, the regression models indicated no 

association between homebases and attractor strengths (linear model: B = 0.03, p = .46, R2 = 

0.01; polynomial model: B < 0.01, p = .53, R2 < 0.01; see figure S7.4 below). 

Fig. S7.4. Association between the homebase and attractor strength of symptoms of psychopathology. 
Here, we only included individuals who did not meet diagnostic criteria.
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Abstract

If psychopathology behaves like a complex dynamic system, transitions in mental health, such 

as the onset or sudden worsening of symptoms, may be preceded by early warning signals 

(EWS). EWS could thus reflect personalized warning signals for impending psychopathology. 

We empirically investigated this hypothesis in at-risk youth (N=122, mean age 23.6 years, SD 

= 0.7, 57% males) from the clinical cohort of Tracking Adolescents’ Individual Lives Survey 

(TRAILS CC), who provided daily mental state assessments for six months. We analyzed 

whether EWS (rising autocorrelations in mental states) preceded drops in mental health. EWS 

had low sensitivity (5%) and high specificity (96%). Thus, in the present sample, the proposed 

generic nature and clinical utility of EWS could not be substantiated. This calls for a more 

nuanced view on the application of complex dynamic systems principles to psychopathology 

and raises several hypotheses about when and for whom such principles may hold. 
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Introduction

Mental health varies over time: periods without symptoms of psychopathology may be 

followed by periods with symptoms, and vice versa1. Alternations between such periods 

can occur suddenly and are difficult to foresee. For instance, relapse of depression or onset 

of psychosis can occur abruptly, in absence of an obvious trigger2. This challenges early 

detection of emerging psychopathological disorders and hampers prevention and early 

intervention efforts. 

 A complex systems perspective on psychopathology provides a novel view on the 

early detection of progressing symptoms. According to this perspective, mental health can 

be described by alternative states (e.g., mental health vs. mental ill-health). When these 

states are stable, they are resilient to external perturbations (Fig. S8.1). This means that 

stressful situations (perturbations) trigger only brief negative mental statesg or symptoms 

of psychopathology. As the instability of mental health states accumulates, the system’s 

resilience to perturbations declines (a phenomenon referred to as critical slowing down)3,4. 

This means that the negative mental states evoked by perturbations increasingly linger over 

time. Eventually, the system may reach its tipping point: symptoms no longer recede, and 

a transition towards mental ill-health takes place. The critical aspect is that, at this point, 

even small, seemingly innocent perturbations could trigger a transition – and therefore, it 

may be experienced as sudden and unpredictable. Yet, in a wide range of complex systems, 

such transitions can be anticipated by monitoring the gradual rise of instability within the 

system5–8.

The stability of complex systems can be inferred from certain dynamics in time 

series data. Specifically, rising instability coincides with rising autocorrelations, variances, 

and cross-correlations9. These measures are collectively referred to as early warning signals 

(EWS) and have been shown to anticipate a variety of transitions, including sudden crashes 

of financial markets10, shifts between sleep stages11, epileptic seizures12, the extinction of 

species13, the outbreak of a global pandemic14, and climate changes15. If psychopathology 

behaves similar to these other complex systems, transitions between mental health states 

g Throughout this chapter, ‘negative mental states’ refers to (subthreshold) symptoms of 
psychopathology, such as feeling down, anxious, or irritates. Mental health states, in contrast, refers to 
the global equilibria between which sudden transitions may occur (e.g., mental health vs. depression).
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could be anticipated by increasing lingering of mental states (autocorrelation) as well as 

rising amplitudes or frequencies of fluctuations (variation) and increasingly strong cross-

correlations in mental states. This means that EWS could prospectively indicate individuals’ 

risk for the onset or worsening of psychopathology.

The suggestion that EWS may be informative of psychopathology fits well with the 

finding that individuals who report higher symptom severity also tend to experience stronger 

autocorrelations16–19, variance19,20, and cross-correlations in negative mental states19,21. The 

prospective associations between these respective dynamics and psychopathology are 

still ambiguous, which might be due to methodological heterogeneity across studies (e.g., 

the time interval between assessments of mental states and assessments of symptom 

severity; characteristics of sample and design)20,22–24. Notably, the aforementioned studies 

all investigated between-person processes (i.e., Do individuals with relatively large symptom 

transitions also report relatively high levels of EWS?). Complex systems principles, in contrast, 

concern within-person processes (i.e., Are symptom transitions preceded by rising EWS 

within individuals?). To date, the only confirmation of the latter question came from two case 

studies25,26. Thus, although earlier studies were mostly in line with what would be expected 

based on complex systems principles, extensive empirical support for EWS as personalized 

risk markers for future transitions in psychopathology is still lacking.

In order to evaluate complex systems principles in psychopathology at a within-

person level, mental health should be monitored in real-time, as it unfolds within individuals. 

This is practically challenging, as it requires individuals to register mental states frequently 

(e.g., daily) during a period where transitions in mental health are likely to occur25,26. The two 

earlier case studies met this requirement, and found that EWS – indexed by autocorrelations 

in negative mental states – preceded a relapse in depression25,26. This suggests that EWS 

might reveal psychopathological vulnerability for a specific individual at a specific moment 

in time. These initial findings call for a more systematic investigation into the sensitivity and 

specificity of EWS – which will ultimately help to determine the utility of EWS to clinical 

practice. The current study therefore investigated whether EWS anticipate transitions in 

mental health in a large sample of young adults at increased risk for psychopathology. In 

line with earlier studies25,26, we focused on rising autocorrelations in negative mental states 

as EWS. Our first aim was to establish the sensitivity and specificity of EWS. Based on daily 

diary data covering a six-month period from 122 individuals, we investigated how often 

transitions in mental health were preceded by EWS in negative mental states (sensitivity). 
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We also analyzed how often EWS emerged in individuals who did not undergo transitions in 

mental health (specificity). Second, we aimed to investigate the probability of a transition in 

mental health upon detection of EWS (predictive valuesh). Clinically useful warning signals 

should not only be sensitive, specific, and highly predictive, but also occur early and be hard 

to miss (i.e., strong). Therefore, our third aim was to compare the timing and strength of 

EWS across the negative mental states wherein they manifested. Since EWS for transitions in 

mental health have not been investigated in a sample with a size and clinical profile similar 

to ours before, this study had an exploratory character. In acknowledgement of the wealth of 

analytical options for data analysis, however, analyses were preregistered (see https://www.

osf.io/fumrx). 

Methods

Procedure
Data were retrieved from the TRAILS TRANS-ID study, which has been described in detail 

elsewhere27. Briefly, the study included 134 participants from the clinical cohort of the 

TRacking Adolescents’ Individual Lives Survey (TRAILS)28. TRAILS is an ongoing, prospective 

cohort study with bi- or triennial assessments investigating the development of mental 

health from pre-adolescence into adulthood. Participants enrolled in the clinical cohort of 

TRAILS (TRAILS CC) had been referred to a child psychiatric outpatient clinic in the Northern 

Netherlands any time before the age of 11 years. Because of this history, they are considered 

at increased risk for psychopathology. 

TRAILS TRANS-ID (Transitions In Depression) was conducted as an add-on study 

to the regular assessment waves of TRAILS CC. Of the 443 participants who were invited, 

134 agreed to participate in TRAILS TRANS-ID. At the time of enrollment in TRAILS TRANS-

ID, participants were approximately 23 years old. TRAILS TRANS-ID included a six-month 

daily diary study and aimed to investigate the day-to-day fluctuations in mental states in 

individuals at increased risk for psychopathology. The TRAILS TRANS-ID study was approved 

by the local Medical Ethical Committee (reference no. 2017/203). All participants provided 

written informed consent. All procedures contributing to this work comply with the ethical 

h Predictive value analyses were not preregistered, but these values flow logically from the already-
calculated prevalence of transitions in combination with the sensitivity and specificity of EWS.
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standards of the relevant national and institutional committees on human experimentation 

and with the Helsinki Declaration of 1975, as revised in 2008.

Diary study
The diary study involved the completion of a questionnaire (diary) every evening for a period 

of six months. Participants received these questionnaires through a link sent in a text message 

to their mobile phones. Questionnaires assessed thoughts and feelings during the past day 

(e.g., “To what extent did you feel down today?”), and were rated on a visual analogue scale 

(VAS) ranging from 0 (not at all) to 100 (very much). Each questionnaire consisted of 58 

items, of which 17 assessed positive mental states (e.g., happy, relaxed, at ease with others), 

35 assessed negative mental states (e.g., stressed, tired, irritated), and 6 concerned event 

appraisal and drug- and alcohol consumption. A more elaborate description of the diary 

study, as well as a list of all assessed items, has been reported elsewhere27 (chapter 5). 

Diagnostic interview
Immediately before and after the diary study, the short version of the Schedules for Clinical 

Assessment in Neuropsychiatry (mini-SCAN) was administered29. The mini-SCAN is a semi-

structured diagnostic interview that assesses whether individuals meet the DSM-5 criteria 

for a psychiatric disorder (specifically: mood, anxiety, psychotic, substance use, and attention 

deficit hyperactivity disorder). Further, the mini-SCAN included a screener for autism 

spectrum disorder. The mini-SCAN was complemented by the aggressive behavior subscale 

of the Adult Self Report30 (ASR), which covers oppositional or antisocial behavior. Both the 

mini-SCAN and the ASR subscale were orally administered. 

Social functioning
Next to the diagnostic interview, we assessed social functioning using the Groningen Social 

Behavior Questionnaire (in Dutch: Groningse Vragenlijst Sociaal Gedrag, GVSG31). The 

GVSG assesses functioning on nine different domains: parents, partner, young children, old 

children, friends, education, occupation, household, leisure-time. Within each domain, five 

questions are rated on a 4-point Likert-scale ranging from ‘never’ to ‘always’. Functioning 

in each of these domains was only assessed if the domain was applicable to the participant 

(e.g., in case of education, only if the participant was enrolled in education). The domain old 

children, which reflected participants’ relationship with their children of age > 15 years old, 
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was not applicable to any participant and is therefore not described further. Based on cut-off 

scores31, we categorized scores as reflecting severe impairments, mild impairments, or no 

impairments in functioning. 

Analyses
Analyses consisted of the following steps, that are each described in detail below. First, we 

defined time series of each individual’s mental health based on a combination of time series 

of several positive mental states. Second, we identified whether, and at what moment in 

time, individuals experienced a transition towards reduced mental health in this composite 

time series (see: Transitions in mental health). Finally, for each individual and each of the 35 

negative mental states separately, we estimated time-varying trends in the autoregressive 

coefficient (see: Early warning signals). Significant rises in the autoregressive coefficient 

ending within two weeks prior to a transition in mental health were considered to reflect an 

EWS. The sensitivity, specificity, and predictive values of EWS were evaluated by examining 

the relative prevalence of EWS (i) in individuals who experienced a transition towards 

reduced mental health (sensitivity; positive predictive value) and (ii) in individuals who did 

not experience such a transition (specificity; negative predictive value). All analyses were 

conducted in R32 (version 4.0.2). 

Transitions in mental health

For each individual, we determined how mental health changed over time. Mental health 

was defined as the mean score of four items that reflected positive mental states (i.e., I felt 

good, I felt happy, I could enjoy things, My day was worth living). These items were selected 

because they showed the highest loadings in a single-factor model of all 17 positive mental 

states in a subset of ten randomly selected individuals (see supplement 8.2 Definition of 

mental health for additional details). We analyzed transitions in positive rather than negative 

mental states because (i) positive mental states were expected to show greater fluctuations 

than negative mental states19, (ii) positive mental states were expected to show stronger 

and more consistent cross-correlations than negative mental states on a between-person 

level33, and (iii) this minimized the overlap between outcome (transitions in mental health) 

and predictor (EWS in negative mental states). 

 Transitions in mental health were identified by change point analyses. Change point 

analyses iteratively fit left- and right-sided Gaussian Kernel linear regressions (bandwidth 
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15 observations) for each mental health estimate in the time series for each individual 

separately34. In other words, we estimated mental health at each time point based on (i) all 

weighted previous observationsi and (ii) all weighted subsequent observations. The difference 

between the estimates based on previous and subsequent observations at a specific point 

in time is expected to increase if a sudden transition in mental health happened at that 

timepoint. This procedure was repeated for bootstrapped data. If the findings from empirical 

data were substantially different from the findings from bootstrapped data, the time point 

with the largest discrepancy was considered a change point or transition point (for a detailed 

description and illustration, see Smit et al.35). This procedure was then repeated for the largest 

remaining segment (either before or after the transition), in order to establish whether a 

second transition took place. We determined maximally two transitions because, given time 

series data of 180 observations, a larger number of transitions seemed both theoretically 

implausible and impractical for later EWS estimation. 

Early warning signals

Early warning signals were operationalized as rising trends in the autoregressive coefficient 

of negative mental states. For each individual and each negative mental state, a time-varying 

autoregressive (tv-AR) model was adopted in order to estimate trends in the autoregressive 

parameter36. Tv-AR models are an extension of the AR(1) model, where a mental state at time 

t is predicted by (i) an intercept and (ii) the mental state at t-1. Unlike AR(1) models, which 

assume stationary time series, tv-AR models allow for gradual changes in both the intercept 

and the autoregressive coefficient of time series. Sudden transitions are modelled by adding 

a dummy predictor that encodes the timing of the transition. In tv-AR models, changes 

in parameters are estimated using nonparametric smooth functions based on thin-plate 

regression splines (cf. a general additive model framework)37–39. Smoothness is determined by 

(i) the number of regression splines36, which was set to 10, and (ii) a penalization parameter, 

which was selected by generalized cross-validation. Time-varying AR models assume that 

the predefined maximum number of regression splines is sufficient to capture the dynamics 

of the time series. This assumption was checked based on the effective degrees of freedom 

i Note that ‘observation’ refers to each individual’s mean score on four items reflective of positive 
mental states (i.e., I felt good, I felt happy, I could enjoy things, My day was worth living). Additional 
details can be found in the supplement.
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and their associated P-values. Further, tv-AR models assume that residuals are mutually 

independent and normally distributed with constant variance. This was examined using 

residuals diagnostics plots39. 

To estimate whether trends in the autoregressive coefficient were significantly 

in- or decreasing, we computed the first derivative of the smooth function describing the 

autoregressive coefficient. This was done using the method of central finite differences 

described by Simpson37. Trends in the autocorrelation were considered significant if the 95% 

confidence interval around the first derivative did not include zero. A similar approach has 

been adopted elsewhere40,41. A multiple testing correction was not considered necessary 

because we compared EWS between two groups (with vs. without a transition in mental 

health; see below: Sensitivity, specificity, and predictive values of early warning signals), 

meaning that an overestimation of EWS (due to type I errors) would be canceled out. 

The strength of EWS was operationalized as the average slope of the trend in the 

autoregressive coefficient. Higher slopes were considered indicative of stronger EWS. The 

duration of EWS was operationalized as the time interval between the earliest moment at 

which a significant rise in the autoregressive coefficient was detected and the transition. A 

longer duration suggests that EWS emerged relatively early (i.e., long before the transition).

Sensitivity, specificity, and predictive values of early warning signals

First, we determined the sensitivity of EWS to detect transitions in mental health. We only 

inspected EWS prior to transitions that marked a shift from a period with a relatively high to a 

period with lower mental health. EWS were characterized based on their strength, duration, 

and the item wherein they manifested. We addressed the specificity of EWS by evaluating 

EWS in a subsample of individuals without any transition in mental health. This subsample 

was selected based on propensity score matching with age, sex, diary assessments (no. 

completed, mean, variability), and baseline psychopathology as covariates of interest (see 

supplement 8.3 Matching of individuals with and without transitions in mental health for 

details). For the subsample of individuals who did not experience any transition in mental 

health, we defined a reference transition point that was equal to the average transition point 

of individuals who did experience a transition in mental health. If this reference transition 

would often be preceded by EWS, the specificity of EWS would be low. To provide a complete 

overview of sensitivity and specificity, we computed both metrics (i) for each individual 

mental state and (ii) across negative mental states. The former reflects the proportion of 
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transitions preceded by EWS in a particular mental state (sensitivity) or the proportion of 

non-transitions (i.e., reference transition points in individuals without transitions) that were 

not preceded by EWS (specificity). The latter was defined as the probability of EWS in any 

mental state, given that there was a transition (sensitivity) or the probability of no EWS, 

given that there was no transition (specificity). Finally, we computed the predictive values 

of EWS across negative mental states, which indicate the probability of a transition, given 

that EWS are detected (positive predictive value) and the probability that no transition will 

occur, given that EWS are not detected (negative predictive value). Predictive values take into 

account the overall probability of transitions (i.e., the proportion of people that experienced 

a transition). Together, sensitivity, specificity, and predictive values may inform the utility of 

EWS for clinical practice. Formulas for computing sensitivity, specificity, and predictive values 

are provided in supplement 8.4 Formulas for sensitivity, specificity, and predictive values. 

Results

Participant characteristics
Of the N=134 individuals who enrolled in TRAILS TRANS-ID, N=122 (91%) completed the 

diary study. Their characteristics are denoted in Table 8.1. All participants were of Dutch 

ethnicity, and most were enrolled in education (N=72) and/or had a job (N=65). Participants’ 

socio-economic status, as assessed at enrollment in TRAILS CC, matched the socio-economic 

status of the general population in the Netherlands. At baseline, 40 (32.79%) individuals 

met the criteria for at least one psychiatric disorder. After the diary period, 34 (27.87%) met 

diagnostic criteria. Most of these individuals (N=23) were also diagnosed at baseline, whereas 

others (N=11) experienced the onset of a disorder during the diary period. Mood disorders 

(N=28 at baseline and N=23 at post), anxiety disorders (N=21 and 12), and ADHD (N=8 and 

8) were most common. Approximately half of the participants (N=62 at baseline and N=68 

at post) had severe impairments in at least one domain of social functioning. Impairments 

in functioning most often concerned problems in enjoying leisure time (e.g., feeling bored), 

problems in occupation (e.g., not performing well at work), and problems in engaging with 

friends (at baseline) or with a romantic partner (at post; Table 8.1). 
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Table 8.1. Sample characteristics

Full sample Subsample with a 
transition towards 
reduced mental health

N 122 20
Demographics sex (no. of males) 69 (57%) 10 (50%)

age (± SD) 23.64 (± 0.67) 23.38 (± 0.75)
Socio-economic 
status

high 25 (20%) 3 (15%)
middle 66 (54%) 13 (65%)
low 31 (25%) 4 (20%)
financial difficulties 29 (25%) 7 (37%)

Diary 
assessments

completed (%) 88.45 84.74
mean 16.85 16.16
variability 12.34 11.66

Baseline Post Baseline Post
Psychopathology mood disorder 28 23 3 6

anxiety disorder 21 12 1 2
psychotic disorder 2  5 1 2
substance use disorder 3  4 1 1
ADHD 8 8 0  1

Social 
functioning

parents 5 (4.13%) 12 (9.84%) 1 (5.00%) 2 (10.00%)
partner 6 (8.57%) 13 (19.40%) 2 (16.67%) 4 (33.33%)
children 0 (0%) 1 (10.00%) 0 (0%) 0 (0%)
friends 14 (11.67%) 10 (8.47%) 2 (10.00%) 3 (15.79%)
education 4 (7.84%) 4 (7.41%) 1 (11.11%) 0 (0%)
occupation 13 (14.94%) 23 (22.55%) 1 (6.67%) 4 (25.00%)
household 12 (10.26%) 18 (15.00%) 2 (10.53%) 2 (10.00%)
leisure-time 36 (29.51%) 36 (29.51%) 9 (45.00%) 8 (40.00%)

Note. The full sample includes all individuals who completed the diary study; the subsample of 
individuals with a transition towards reduced mental health concerns the focus of the present chapter, 
which investigates early warning signals for such transitions. Financial difficulties denotes the number 
of participants who experienced some or substantial problems in getting by financially. For diary 
assessments, mean refers to the average rating across negative mental states during the diary period. 
Psychopathology refers to the number of individuals that met the DSM-5 criteria for a psychiatric 
disorder at baseline (i.e., immediately before the diary period) and post (i.e., immediately after the 
diary period). Social functioning refers to the number and percentage of individuals who showed 
severely impaired functioning on the domains assessed by the GVSG. Percentages were based on the 
number of individuals for whom a certain domain was relevant. ADHD = attention-deficit/hyperactivity 
disorder. DSM-5 = Diagnostic and Statistical Manual of Mental Disorders. GVSG = Groningen Social 
Behavior Questionnaire.
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Transitions in mental health
Change point analyses indicated that 44 individuals (36.07%) experienced a transition 

in mental health. Of these individuals, 20 (45.45%, 16.39% of the full sample) showed a 

drop in mental health (average drop = 6.70, SD = 5.43, range = 0.15-17.20). On average, 

transitions happened halfway through the diary period (day 94, SD = 34.11, range = 29-159). 

Individuals who experienced a transition towards reduced mental health were not different 

from the full sample in terms of sex (𝜒𝜒𝜒𝜒2(1) = 0.15, p = .70), age (t(140) = 1.58, p = .12), 

or the number of completed diary ratings (t(140) = 1.51, p = .13). Further, the mean and 

variability of negative mental states assessed during the diary period did not differ between 

individuals with a transition and the full sample (t(140) = 0.28, p = .78; t(140) = 0.53, p = .60). 

Of those individuals who experienced a drop in mental health, 6 and 7 met diagnostic criteria 

at baseline and post, respectively. The likelihood to meet diagnostic criteria at baseline or 

post was not different between individuals who experienced a drop in mental health and the 

full sample (𝜒𝜒𝜒𝜒2(1) < 0.01, p > .99; 𝜒𝜒𝜒𝜒2(1) = 0.15, p = .70). Finally, those who experienced a drop 

in mental health did not differ from the full sample in their likelihood to experience severe 

problems in functioning in at least one domain at baseline (50.00% vs. 50.82%, 𝜒𝜒𝜒𝜒2(1) < 0.01, 

p > .99) or post (55.00% vs. 55.74%, 𝜒𝜒𝜒𝜒2(1) < 0.01, p > .99), nor in the number of domains 

wherein they experienced problems at baseline (mean 0.90 vs. 0.74, t(140) = 0.73, p = .46) 

or post (mean 1.15 vs. 0.96, t(140) = 0.73, p = .46).

Sensitivity and specificity of early warning signals
For 14 individuals (70.00% of the 20 individuals with transitions), a sudden transition in 

mental health was preceded by EWS in at least one out of 35 negative mental states (see 

Fig. 8.1 for an example). Of these individuals, 11 showed EWS in more than one mental 

state (mean no. of mental states with EWS per individual: 2.50, SD = 1.02, range = 1-4). The 

majority of mental states wherein EWS were detected were specific to a single individual, 

and hence, the sensitivity of EWS in individual mental states ranged between 0 and 15%. Put 

differently, individual mental states never (0%) or seldomly (5-15%) showed EWS prior to a 

drop in mental health (supplement, Table S8.3 and Fig. S8.2). The overall sensitivity of EWS 

across all negative mental states was 5.00% (95% CI = 3.51-6.89%; Table 8.2).

 To determine the specificity of EWS, we selected a subsample (N=20) of individuals 

without a transition in mental health that matched the sample with a transition in terms of 

age, sex, diary assessments (no. completed, mean, variability), and baseline psychopathology. 
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For 13 (65.00%) of these individuals, EWS were found. Most of them showed EWS in a single 

negative mental state (mean no. of mental states with EWS per individual: 2.15, SD = 1.46, 

range = 1-6). Again, the negative mental states wherein EWS manifested were mostly unique 

to individuals, resulting in a specificity of 90 to 100% (supplement 8.5 Sensitivity of EWS, 

Fig. S8.2). In other words, EWS seldomly or never represented a false alarm, supported by 

an overall specificity of EWS across all negative mental states of 96.00% (95% CI = 94.27-

97.33%; Table 8.2). 

 

Fig. 8.1. Illustration of an early warning signal prior to a transition towards reduced mental health. A) 
Change point analyses identified a transition towards reduced mental health on day 129 (blue line). 
Black horizontal lines represent the average mental health score pre- and post-transition. B) Prior to 
this transition, marked by the blue vertical line, the autoregressive coefficient in I experienced physical 
pain significantly increased. This may suggest that the sudden drop in mental health was preceded by 
a period of gradually accumulating instability (critical slowing down).

Table 8.2. Overall presence of early warning signals in 35 negative mental states
EWS no EWS Total

Transition 35 665 700
No transition 28 672 700
Total 63 1.337
Note. Numbers refer to the number of EWS found in individuals with a transition (N=20) and a 
matched subsample of individuals without a transition (N=20) towards reduced mental health. As we 
examined EWS in 35 negative mental states, the total number of signals that could theoretically be 
detected for each for each subgroup (with vs. without transition) was 35 x 20 = 700. The prevalence of 
transitions towards reduced mental health was 16.39% (20/122). The numbers in this table were used 
to calculate the overall sensitivity and specificity of EWS as well as their predictive values.
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Predictive value of early warning signals
Whereas sensitivity and specificity are informative of the probability that EWS will occur 

prior to a transition, predictive values indicate the probability of a transition following EWS 

(for a more elaborate description, see supplement 8.4 Formulas for sensitivity, specificity, 

and predictive values). EWS can be considered clinically useful if (i) their presence increases 

the probability of a transition (high positive predictive value, or PPV) and (ii) their absence 

increases the probability that no transition will occur (high negative predictive value, or NPV). 

In this sample, the probability of a transition towards reduced mental health was 16.39% 

(20/122). The presence of EWS increased this probability to 19.68% (95% CI = 13.10-28.48%; 

PPV). In absence of EWS, however, the probability of a drop in mental health remained 

16.25% (NPV = 83.75%, 95% CI = 83.44-84.06%). 

Timing and strength of early warning signals
The type of mental state wherein EWS manifested, as well as the timing and strength of 

EWS, varied considerably between individuals (Fig. 8.2, supplementary Fig. S8.3). The timing 

of EWS ranged between 0.29 weeks (2 days) to 21.71 weeks (almost 5 months). On average, 

EWS appeared 9.43 weeks prior to a transition in mental states. Except for EWS in I was bored 

quickly, I felt restless and I had a fight, EWS in all mental states took place at least one week 

prior to the transition. The earliest signs occurred in I was easily distracted, I was impulsive, 

and I worried. The strongest warning signals occurred in I experienced physical pain, Things 

did not bother me, and I felt restless. The timing and strength of EWS found in individuals 

without a transition in mental health are reported in supplement 8.7 EWS in a subsample of 

individuals without transitions towards reduced in mental health. 
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Fig. 8.2. Timing (A) and strength (B) of early warning signals across negative mental states (rows) 
and individuals (columns). Only negative mental states in which EWS were detected are shown. As 
illustrated, the timing and strength of EWS, as well as the negative mental state wherein EWS manifest, 
vary considerably between individuals. For seven individuals, no EWS were found (empty columns).
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Discussion

Early warning signals – and complex systems principles in general – have been suggested 

to hold great promise for mental health research and clinical practice. In particular, rising 

autocorrelations in negative mental states have been introduced as potential personalized 

warning signs that could enable foreseeing the sudden onset or remission of psychiatric 

disorders25,26. This would mean that by monitoring and analyzing individuals’ negative mental 

states, clinicians could know whether a specific individual, at a specific moment in time, is 

at high risk for developing psychopathology. The present study concerns one of the first 

empirical investigations of EWS – conceptualized as rising trends in the autoregressive 

coefficient of negative mental states – as predictors of transitions in mental health. Using 

daily diary data collected for a period of six months in 122 at-risk young adults, we identified 

20 individuals who experienced a drop in mental health. The majority of mental states did 

not show EWS prior to these transitions, illustrated by an overall sensitivity of 5%. If EWS 

occurred, however, they more often occurred in individuals with drops in mental health (35 

EWS) than in individuals without such drops (28 EWS). In conclusion, in the present sample, 

EWS were too rare to be informative of future mental health. Thus, it seems that anticipating 

drops in mental health in the current sample by means of EWS remains beyond reach.

 Present findings contradict two earlier single-case studies, which reported that EWS 

anticipate relapses in depression25,26. The discrepancies between present and earlier findings 

might be attributed to differences in the severity of psychopathological symptoms – and 

relatedly, the magnitude of transitions – that individuals experienced. Specifically, earlier 

case studies included individuals diagnosed with major depression who showed a sudden 

increase in weekly symptom reports of depression. In contrast, the present study concerned 

sudden drops in day-to-day mental health reported by individuals who not necessarily had 

clinical diagnoses. Hence, the presently studied transitions might have been smaller than, 

and qualitatively different from, the relapses experienced by individuals with a history of 

major depression. This is a critical point, because support for EWS prior to transitions has 

mostly been found in the context of large – potentially irreversible – shifts in systems, such 

as the extinction of a species (ecosystems) or market crashes (financial systems). Including 

individuals without clinically significant symptoms, for whom transitions in mental health 

were likely smaller than those previously studied, may thus have lowered our power to 

detect EWS. Nonetheless, investigating the potential of EWS in this population is essential, 
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because precisely these individuals, who are at risk but have not yet developed a disorder, 

might profit most from the early detection of vulnerability that EWS could offer. Further, 

absolute thresholds for the magnitude of transitions that are preceded by EWS do not exist. 

Hence, we do not consider the nature of the present sample a limitation but an important 

addition to the literature.

Putting early warning signals into perspective 
Whereas research into EWS as predictors for transitions in mental health is still in 

its infancy, other fields yielded valuable insight in EWS that can help to put current 

findings into perspective. Although numerous studies from various fields showed that 

transitions, for instance observed in ecological or financial systems, are preceded by rising 

autocorrelations15,42,43, other studies did not support this44–46. This led to the conclusion that 

EWS might be less generic than initially proposed47. Rather, the presence and detectability 

of EWS depends upon numerous requirements. For instance, EWS are not expected when 

(i) instability accumulates too quickly to be captured by EWS; (ii) the transition is caused by 

a strong external trigger instead of gradually accumulated instability within the system48,49; 

(iii) the instability of the system manifests in other variables than the variables wherein EWS 

are examined47; (iv) the measurement frequency does not match the timescale at which the 

dynamics of interest operate10,50; (v) the alternative state following from the transition is only 

temporary, and does not fulfill the (mathematical) requirements of an equilibrium48,51; or 

(vi) the system is exposed to non-stochastic fluctuations46,52,53. All of these conditions could 

play a role in the detection of EWS prior to transitions in mental health. Such transitions 

are still poorly understood, and therefore, the extent to which mental health meets the 

aforementioned requirements remains speculative. We will discuss this in-depth below 

and refer back to the above-mentioned requirements. First, transitions in mental health 

may follow from rapidly accumulating vulnerability – which cannot be captured by EWS 

(requirement i) – or from major external events (e.g., traumatic events; requirement ii), 

rather than from gradually accumulating instability. Provided that there is a gradual build-

up of instability, not all negative mental states might be equally affected. That is, EWS might 

manifest only in certain mental states (requirement iii), which may vary across individuals 

(see Fig. 8.2, supplement Fig. S8.3). The present study addressed this by examining EWS in a 

broad variety of mental states. Yet, little is known about the variables wherein vulnerability 

to mental ill-health actually manifests, and it could therefore be that other types of variables 
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(e.g., physiological) are more suitable for detecting EWS. The detection of EWS further 

depends on the frequency of assessments: if the time interval between observations 

is too long, the correlation between adjacent observations (autocorrelation) is no longer 

informative of critical slowing down (requirement iv). This highlights yet another unresolved 

question: at what exact timescale does psychopathology unfold? It has been reasoned 

that mood states have faster dynamics than (subthreshold) symptoms or the mental states 

presently studied54. We therefore adopted daily, instead of e.g., hourly, measurements to 

infer EWS. Still, EWS could manifest on a smaller timescale. If that is the case, however, the 

eventual clinical utility of EWS would be limited: it seems unfeasible to ask at-risk individuals 

to monitor their mental states every hour for a considerable period of time (e.g., six months). 

Hence, the daily assessments of the present study reflect a good balance between what 

is theoretically plausible and practically feasible. Two final prerequisites for detecting EWS 

relate to the states between which transitions may occur. In some systems, these states 

represent temporally stable equilibria with clear boundaries (e.g., greenhouse vs. icehouse 

climate states). In mental health, however, alternative states may be less clear-cut. Rather, 

the progression from mental health to ill-health may involve temporary ‘in-between’ stages55. 

Humans may shift back and forth between such stages, and hence, transitions in mental 

health might involve transient states instead of distinct stable equilibria (requirement v). 

Even if mental (ill-)health can be described as an equilibrium, the events to which people are 

exposed – which lead to temporary departures from equilibrium, i.e., dips and uplifts in their 

mood – may not occur stochastically (requirement vi). That is, humans can exert some control 

over the events they experience, and therefore, these events do not happen completely at 

random. As individuals become more vulnerable to symptoms of anxiety, for example, they 

may increasingly avoid certain triggers. This complicates the detection of critical slowing 

down (and hence, EWS): we cannot assess slowed recovery from perturbations if there are 

few perturbations to recover from. In summary, little is known about the extent to which 

mental health meets the requirements for anticipating sudden transitions by means of EWS. 

This knowledge gap is to be addressed in the future.

One of the most compelling properties of EWS is that they may anticipate system 

behavior – such as sudden transitions – even though little is known about the mechanisms 

that underlie system behavior (e.g., biological, social, psychological). This is highly attractive 

in the context of mental health, where changes within individuals – such as the onset or 

progression of symptoms – are still poorly understood from a mechanistic point of view 
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(e.g., in terms of the biological, social, and psychological causes). Yet, although EWS do not 

necessitate such traditional mechanistic understanding, they do require an alternative level 

of understanding mental health. That is, from the list of requirements outlined above, it 

follows that EWS require insight in the dynamics that govern psychopathology. This entails 

delineation of the type of transitions that take place, the characteristics of the states between 

which such transitions may occur, and the timescale at which dynamics such as EWS unfold. 

This could ultimately help with figuring out which, if any, types of changes in mental health 

may be formally recognized as transitions that are preceded by critical slowing down.

Taken together, this study found little support for the notion that rising 

autocorrelations in negative mental states could be used as reliable, personalized risk markers 

for impending transitions towards reduced mental health. Yet, it is too early to reject this idea, 

and follow-up studies with different populations, types of transitions, and warning signals 

(e.g., increasing trends in variances or cross-correlations; multivariate warning signals) are 

needed. Further, it may be fruitful broaden our perspective on what EWS could offer: besides 

anticipating transitions, EWS could be used to map resilience. Multivariate extensions of 

EWS could for instance indicate the type of symptoms for which a specific individual is most 

vulnerable (or least resilient)7,47,56. Such insight might then inform preventive intervention 

efforts. In sum, the hypotheses and clinical promises that follow from a complex systems 

approach to mental health range far beyond what could be addressed in the present study, 

although the current findings indicate new angles for future research. 

Strengths, limitations, and future directions
The unique data analyzed in the present study – which covered a maximum of 183 daily 

diary assessments in 122 at risk young adults – offered the possibility to provide one of 

the first large scale intra-individual studies into EWS (i.e., rising autocorrelations in negative 

mental states) as predictors of transitions towards reduced mental health. By analyzing 

EWS not only in individuals with transitions in mental health, but also in individuals without 

such transitions, we could examine both the sensitivity and specificity of EWS. The latter is 

seldomly reported in empirical literature, yet is highly relevant from a clinical point of view 

(for a more elaborate discussion on this topic, see Boettiger et al.57). 

 An important consideration in evaluating the merits and generalizability of the 

current research concerns our operationalization of transitions in mental health. In order 

to minimize the overlap between predictor (EWS) and outcome (transitions), we derived 
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drops in mental health from aggregated scores on positive mental states. Although it seems 

intuitive that sudden drops in positive mental states signal a reduction in mental health, it has 

also been argued that positive mental states and symptoms of psychopathology should be 

considered separate dimensions of mental health58. This potential independence between 

positive and negative mental states may have limited the presence of EWS. This limitation 

touches upon a broader issue, namely that we know fairly little about the transitions that 

individuals experienced (e.g., in terms of the clinical meaning of these transitions; the driving 

causes of transitions; the timescale at which they unfolded; their supposed non-linearity, 

etc.). Yet, such characteristics are crucial for the presence of EWS47. A more elaborate 

exploration of transitions in mental health – for instance observed as a sudden onset or 

relapse of psychopathology – therefore concerns an important avenue for further research. 

As an example, recent work showed that the majority of remission trajectories occur in a 

stepwise fashion, as opposed to (log)linearly59. Additionally, further studies are needed to 

define the periods before and after transitions in mental health. When, and for whom, do 

such periods resemble stable equilibria as opposed to transient, intermittent states? Finally, 

future studies could look beyond the traditional application of EWS (that is, as timely warning 

signs), and examine whether EWS can inform on the type of symptoms for which individuals 

may be most vulnerable56. 

Conclusion
In young adults at risk for psychopathology, rising autocorrelations in negative mental states – 

which have been considered personalized warning signs – hardly predict transitions towards 

reduced mental health. Unlike earlier studies, which tested EWS on group-level16, this study 

investigated EWS within individuals. There were considerable individual differences in the 

prevalence, timing, and strength of EWS, suggesting that a complex systems approach 

to mental health may fit some individuals better than others. This highlights the need to 

investigate under what circumstances complex systems principles are useful for understanding 

the progression of mental health problems (e.g., type of complaints, characteristics of the 

transition, etc.). In conclusion, EWS do not provide a simple solution to predicting who will 

experience a sudden drop in mental health at what moment in time. It is too early, however, 

to throw out the child with the bathwater. Complex systems offer us a novel perspective on 

vulnerability and resilience to mental disorders, which has only just begun to be discovered. 
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Supplement 8

8.1 Illustration of critical slowing down

Fig. S8.1. An illustration of critical slowing down for transitions in mental health based on simulated 
data. Red arrows denote perturbations, or stressful events, that may temporarily lower an individual’s 
mental health. The figure illustrates that (i) mental health may fluctuate over time; (ii) transitions in 
mental health may occur suddenly; (iii) as a transition towards mental ill-health approaches, resilience 
to perturbations declines, meaning that perturbations have increasingly lasting effects. This means 
that, after a perturbation, it takes longer and longer before the system returns to its original state, as 
reflected by rising trends in the autocorrelation (EWS).

8.2 Definition of mental health
For each individual, we defined mental health at time t as the individual’s mean score on four 

positive mental states rated at time t. Rather than averaging all 17 positive mental states, 

we chose to select a limited number of positive mental states as a proxy for mental health. 

This was done in order to preserve construct validity, or in other words: to make sure that 

mental health reflected a similar construct for each individual. To determine which positive 

mental states most consistently reflected mental health across individuals, we performed 

factor analyses restricted to a single factor. Subsequently, we computed the mean factor 

loading for each mental state across individuals. As denoted in Table S8.1, mental health was 

best explained by the following mental states: I could enjoy things, I was happy, My day was 

worth living, and I felt good. Across individuals, these mental states explained approximately 

50% of the variance in mental health. Other items explained considerably less variance in 

mental health, and were hence not included in its estimation.
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Table S8.1. Average explained variance of 16 mental states in a single-factor model
Mental state Explained variance
I slept well 0.13
I was physically active 0.19
I am looking forward to tomorrow 0.19
I felt like others liked me 0.21
I was social 0.23
My concentration was good 0.24
I felt at ease with others 0.24
I felt appreciated 0.27
I felt relaxed 0.27
Everything came easy 0.28
I felt like undertaking things 0.29
I could handle the things that confronted me 0.32
I felt energetic 0.36
I could enjoy things 0.48
I was happy 0.49
My day was worth living 0.51
I felt good 0.51

8.3 Matching of individuals with and without transitions in mental health
In order to address the specificity of EWS for transitions in mental health, we compared 

EWS in individuals with transitions towards reduced mental versus a matched subsample 

of individuals without such transitions. Matching was performed in order to minimize 

the probability that differences between these groups of individuals could be due to 

differences in, for instance, their age or sex. Propensity score matching was used to select 

a subsample of individuals without a transition in mental health that were similar to those 

with a transition in terms of age, sex, diary assessments (no. completed, mean, variability), 

and psychopathology60. This involved calculating a propensity score for each participant 

(i.e., the probability of belonging to the group of individuals with a transition based on 

the aforementioned characteristics), and subsequently matching individuals with similar 

propensity scores using a nearest neighbor algorithm. Table S8.2 denotes the result of this 

procedure. None of the characteristics were significantly different between individuals with 

versus without a transition in mental health.
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Table S8.2. Matching of individuals with vs. without a transition in mental health

Characteristic No transition in 
mental health

Transition in 
mental health

Descriptives N 20 20

sex (no. of males) 8 10

age (±SD) 23.27 (±0.56) 23.38 (±0.75)

Diary assessments completed (%) 88.39 84.74

mean 16.90 16.16
variability 12.70 11.66

Psychopathology stress 3.60 3.30
depression 7.25 7.90
anxiety 3.05 4.95
OCD 1.10 0.95
psychosis 1.15 0.70
mania 1.70 2.20
ASD 2.75 3.60
ADHD 28.45 28.75
substance abuse 1.85 2.50
ODD 5.30 5.50

Note. For diary assessments, mean refers to the average rating across negative mental states during 
the diary period. Variability refers to the average variability of negative mental states during the 
diary period. Psychopathology estimates refer to individuals’ scores on domains assessed in a semi-
structured diagnostic interview that preceded the diary period. ADHD = attention-deficit/hyperactivity 
disorder. ASD = autism spectrum disorder. OCD = obsessive-compulsive disorder. ODD = oppositional 
defiant disorder. SD = standard deviation.

8.4 Formulas for sensitivity, specificity, and predictive values
On the level of mental states, sensitivity is calculated as the proportion of transitions 

preceded by EWS in that mental state. Similarly, specificity is calculated as the proportion of 

non-transitions not preceded by EWS in that mental state. 

𝑠𝑠𝑠𝑠𝑎𝑎𝑎𝑎𝑛𝑛𝑛𝑛𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑟𝑟𝑟𝑟𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑘𝑘𝑘𝑘 =  
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑀𝑀𝑀𝑀 𝑡𝑡𝑡𝑡𝑛𝑛𝑛𝑛 𝑚𝑚𝑚𝑚𝑎𝑎𝑎𝑎𝑛𝑛𝑛𝑛𝑎𝑎𝑎𝑎𝑛𝑛𝑛𝑛𝑚𝑚𝑚𝑚 𝑠𝑠𝑠𝑠𝑎𝑎𝑎𝑎𝑛𝑛𝑛𝑛𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑘𝑘𝑘𝑘
𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑛𝑛𝑛𝑛𝑚𝑚𝑚𝑚 𝑛𝑛𝑛𝑛𝑡𝑡𝑡𝑡. 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑛𝑛𝑛𝑛𝑠𝑠𝑠𝑠

𝑠𝑠𝑠𝑠𝑝𝑝𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑟𝑟𝑟𝑟𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑘𝑘𝑘𝑘 = 1 −  
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑀𝑀𝑀𝑀 𝑡𝑡𝑡𝑡𝑛𝑛𝑛𝑛 𝑚𝑚𝑚𝑚𝑎𝑎𝑎𝑎𝑛𝑛𝑛𝑛𝑎𝑎𝑎𝑎𝑛𝑛𝑛𝑛𝑚𝑚𝑚𝑚 𝑠𝑠𝑠𝑠𝑎𝑎𝑎𝑎𝑛𝑛𝑛𝑛𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 𝑘𝑘𝑘𝑘

𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑛𝑛𝑛𝑛𝑚𝑚𝑚𝑚 𝑛𝑛𝑛𝑛𝑡𝑡𝑡𝑡. 𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 𝑛𝑛𝑛𝑛𝑡𝑡𝑡𝑡𝑛𝑛𝑛𝑛 −𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑛𝑛𝑛𝑛𝑠𝑠𝑠𝑠

Across mental states, sensitivity reflects the ratio of true positives (i.e., EWS in the presence 

of a transition) and the total number of EWS that could have been present. The overall 
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specificity reflects the ratio of true negatives (i.e., no EWS in absence of a transition) and the 

total number of EWS that could have been present. In the present study, the total number of 

EWS that could have been present equals 700 (20 transitions, each with 35 potential EWS). 

𝑠𝑠𝑠𝑠𝑎𝑎𝑎𝑎𝑛𝑛𝑛𝑛𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠𝑜𝑜𝑜𝑜𝑣𝑣𝑣𝑣𝑡𝑡𝑡𝑡𝑟𝑟𝑟𝑟𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 =  
𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎 𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠

𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎 𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠 + 𝑡𝑡𝑡𝑡𝑛𝑛𝑛𝑛𝑚𝑚𝑚𝑚𝑠𝑠𝑠𝑠𝑎𝑎𝑎𝑎 𝑛𝑛𝑛𝑛𝑎𝑎𝑎𝑎𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠

𝑠𝑠𝑠𝑠𝑝𝑝𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠𝑜𝑜𝑜𝑜𝑣𝑣𝑣𝑣𝑡𝑡𝑡𝑡𝑟𝑟𝑟𝑟𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡 =  
𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎 𝑛𝑛𝑛𝑛𝑎𝑎𝑎𝑎𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠

𝑡𝑡𝑡𝑡𝑛𝑛𝑛𝑛𝑚𝑚𝑚𝑚𝑠𝑠𝑠𝑠𝑎𝑎𝑎𝑎 𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠 + 𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎 𝑛𝑛𝑛𝑛𝑎𝑎𝑎𝑎𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠

Finally, the positive and negative predictive values (PPV and NPV, respectively), reflect the 

probability of a transition given EWS (PPV) or the probability of no transition given that 

EWS are not detected (NPV). Note that these values take into account the prevalence of a 

transition (in this study, 16.39%). 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 =  
𝑠𝑠𝑠𝑠𝑎𝑎𝑎𝑎𝑛𝑛𝑛𝑛𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠 ×  (1 − 𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠𝑛𝑛𝑛𝑛𝑚𝑚𝑚𝑚𝑎𝑎𝑎𝑎𝑛𝑛𝑛𝑛𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎)

(1 − 𝑠𝑠𝑠𝑠𝑝𝑝𝑝𝑝𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠) × 𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠𝑛𝑛𝑛𝑛𝑚𝑚𝑚𝑚𝑎𝑎𝑎𝑎𝑛𝑛𝑛𝑛𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎 + 𝑠𝑠𝑠𝑠𝑎𝑎𝑎𝑎𝑛𝑛𝑛𝑛𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠 ×  (1 − 𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠𝑛𝑛𝑛𝑛𝑚𝑚𝑚𝑚𝑎𝑎𝑎𝑎𝑛𝑛𝑛𝑛𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎)
 

𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁𝑁 =  
𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ×  (1 − 𝑠𝑠𝑠𝑠𝑝𝑝𝑝𝑝𝑠𝑠𝑠𝑠𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑠𝑠𝑠𝑠𝑝𝑝𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠)

(1 − 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑝𝑝𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑝𝑝𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠) × 𝑠𝑠𝑠𝑠𝑝𝑝𝑝𝑝𝑠𝑠𝑠𝑠𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑠𝑠𝑠𝑠𝑝𝑝𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 + 𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠 ×  (1 − 𝑠𝑠𝑠𝑠𝑝𝑝𝑝𝑝𝑠𝑠𝑠𝑠𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑠𝑠𝑠𝑠𝑝𝑝𝑝𝑝𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠) 
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8.5 Sensitivity of EWS

Table S8.3. Sensitivity and specificity of early warning signals in individual negative mental states
item sensitivity specificity
I had a fight 15% 100%
I was impulsive 10% 100%
I worried 10% 100%
My thoughts would not leave me alone 10% 100%
Things did not bother me 10% 100%
I felt empty 15% 95%
I experienced physical pain 10% 95%
I felt nervous 5% 100%
I felt overburdened 10% 95%
I felt stressed 10% 95%
I felt suspicious 5% 100%
I felt tired 5% 100%
I had difficulty making decisions 5% 100%
I had moodswings 10% 95%
I was easily distracted 10% 95%
I could not bring myself to do anything 5% 95%
I experienced physical discomfort 0% 100%
I felt down 5% 95%
I felt rebellious 0% 100%
I felt restless 5% 95%
I felt strange 0% 100%
I was easily upset 0% 100%
It bothered me that things did not go as expected 0% 100%
Others felt annoyed by me 0% 100%
I was afraid of making mistakes 5% 90%
I was bored quickly 5% 90%
I was unable to sit still 5% 90%
I felt guilty 0% 95%
I felt impatient 0% 95%
I felt irritated 0% 95%
I was easily startled 0% 95%
I’m dreading something that will happen soon 0% 95%
I felt lonely 0% 90%
I felt overstimulated 5% 85%
I avoided things 0% 85%
Note. Sensitivity refers to the percentage of individuals for whom the negative mental state in the 
first column demonstrated a rising trend autocorrelation (i.e., an EWS) prior to a transition towards 
reduced mental health. Specificity refers to the percentage of individuals without a transition for 
whom the corresponding negative mental state did not show an EWS. 
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Fig. S8.2. Frequency of early warning signals across negative mental states for individuals with a drop 
in mental health (true positives) and individuals without a change in mental health (false positives). 
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8.6 EWS in individuals with transitions towards reduced mental health: additional 
figure

Fig. S8.3. Timing and strength of early warning signals in distinct negative affective states prior to 
a transition towards reduced mental health. The strength of EWS was operationalized as the mean 
gradient of the trend in the autoregressive coefficient. The gradient of lines corresponds to the mean 
strength of EWS; the thickness of lines corresponds to the number of transitions that were preceded 
by EWS in the corresponding negative mental state. For readability, the 22 mental states in which EWS 
were found were split in three separate graphs. 
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8.7 EWS in a subsample of individuals without transitions towards reduced 
mental health 

To determine the specificity and predictive values of EWS as risk markers for upcoming 

transitions towards reduced mental health, we selected a subsample of individuals without 

a drop in mental health (N=20) and compared their EWS (false positives) to the EWS in 

individuals with a drop in mental health (true positives). The timing and duration of EWS 

in this subsample without transitions were not of interest to the main chapter. For the 

interested reader, we included the figures that illustrate these characteristics below. Timing 

of EWS ranged between 0.57 and 13.29 weeks (0.29 – 21.71 weeks in individuals with a 

transition). The strongest EWS occurred in I felt lonely, I experienced physical pain, and I 

avoided things (I experienced physical pain, Things did not bother me, and I felt restless in 

individuals with a transition). 
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Fig. S8.4. Timing (A) and strength (B) of early warning signals across negative mental states (rows) and 
individuals who did not undergo a transition in mental health (columns). Only negative mental states in 
which EWS were detected are shown. For seven individuals, no EWS were detected (empty columns). 
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Fig. S8.5. Strength and timing of early warning signals in distinct negative affective states in individuals 
without a transition in mental health. The strength of EWS was operationalized as the mean gradient 
of the trend in the autoregressive coefficient. The gradient of lines corresponds to the mean strength 
of EWS; the thickness of lines corresponds to the number of transitions that were preceded by EWS in 
the corresponding negative mental state. For readability, the 20 mental states in which EWS were found 
were split in three separate graphs.
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Abstract

Background. In bipolar disorder treatment, accurate prediction of manic and depressive 

episodes is paramount but remains difficult. A novel idiographic approach to prediction is to 

monitor generic early warning signals (EWS), which may manifest in symptom dynamics. EWS 

could thus form personalized alerts in clinical care. The present study investigated whether 

EWS can anticipate mood shifts in individual patients with bipolar disorder. 

Methods. Twenty bipolar type I/II patients participated in ecological momentary assessment 

(EMA), completing five questionnaires a day for four months (mean = 491 observations 

per person). Weekly completed symptom questionnaires on depressive (Quick Inventory 

for Depressive Symptomatology Self-Report) and manic (Altman Self-Rating Mania Scale) 

symptoms were used to determine transitions. EWS (rises in autocorrelation at lag-1 and 

standard deviation) were calculated in moving windows over 17 affective and symptomatic 

EMA items. Positive and negative predictive values were calculated to determine clinical 

utility. 

Results. Eleven (of the twenty) patients reported 1-2 manic or depressive transitions. The 

presence of EWS increased the probability of impending transitions towards depression and 

mania from 32-36% to 46-48% (autocorrelation) and 29-41% (standard deviation). However, 

the absence of EWS could not be taken as a sign that no transition would occur in the near 

future. The momentary states that indicated nearby transitions most accurately (predictive 

values: 65-100%) were cheerfulness, focusing ability, full of ideas, worry, racing thoughts, 

agitation, energy, and tiredness. Large individual differences in the utility of EWS were found.

Conclusions. EWS may improve anticipating manic and depressive transitions in bipolar 

disorder. 
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Introduction

A major challenge in psychiatry is to timely identify impending psychopathological episodes 

for individual patients. Until now, research has mostly focused on group-level retrospective 

risk factors1, which unfortunately say little about which individual patient will relapse when. 

However, rapid technological advances have enabled patients to easily monitor their mood 

and symptoms in real-time, opening the door to prospective and personalized anticipation of 

clinically relevant symptom changes in the near future2. Such early identification of episodes 

might be especially relevant for patients with bipolar disorder (BD), who experience frequent 

and disruptive depressive and manic episodes, and whose treatment is strongly focused on 

episode recognition3. Now that intensive longitudinal monitoring through smartphones 

has become increasingly feasible4, the field is in need of tools to utilize these data to 

anticipate future increases in psychopathology. Techniques derived from complex dynamical 

systems theory may provide such tools. In complex dynamical systems, abrupt transitions 

to alternative states are anticipated by increasing instability of the system. This instability 

is reflected by a process termed critical slowing down5, which means that, as a system 

approaches a transition, it gets increasingly slow in recovering from minor perturbations6. 

Critical slowing down manifests in patterns in the dynamics of time series data, including 

rising autocorrelation (i.e., the system’s current state increasingly predicts its next state) and 

rising variance (i.e., the system’s current state shows increasing fluctuations). Because critical 

slowing down may occur prior to transitions in a system, rising autocorrelation and variance 

have been termed early warning signals (EWS). EWS have been shown to precede transitions 

in a wide variety of systems, such as climate change7, starlight shifts8, and animal extinction9. 

Researchers increasingly recognize that psychopathology might also behave as a 

complex dynamical system10,11. If this is the case, transitions to psychopathological episodes 

might be anticipated by EWS in momentary affective and symptomatic states12,13. These 

states can be assessed through ecological momentary assessment (EMA), with which 

patients frequently monitor their affect and symptoms in daily life on their smartphones. 

In psychopathology, rising autocorrelations in momentary states (e.g., affect, stress, worry) 

indicate higher carryover of one’s affective state from one moment to the next. This means 

that the effects of perturbations (e.g., stressful events) linger longer14. Rising trends in 

variance mean that perturbations have an increasingly strong impact on one’s momentary 

state. Preliminary research suggests that EWS in momentary states can indeed anticipate 
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prospective shifts from a healthy to a depressed state15–17. This raises the question whether 

EWS could also signal impending mood shifts in BD patients.

For BD patients, a smart personalized prediction tool based on smartphone 

monitoring could revolutionize treatment. Patients and clinicians describe this as one of the 

greatest promises of e-mental health18,19. EMA might fulfill a dual purpose in this regard: the 

monitoring itself might already increase awareness of mood shifts, whereas the gathered 

data can be analyzed to provide a personalized EWS-based alert system20. Indeed, previous 

research has demonstrated that daily and weekly mood fluctuations in BD patients follow 

principles of complex dynamical systems21–23, and that EWS can be detected prior to mood 

transitions in simulated actigraphy data24. A logical next step would be to examine in empirical 

data whether EWS in momentary states indeed anticipate mood shifts in BD patients. 

Therefore, the present empirical and exploratory study is the first to investigate 

whether EWS precede mood shifts in BD patients and whether they might have clinical 

utility. To that end, we employed an exploratory replicated single-subject design in twenty 

BD patients who participated in EMA for four months. First, we investigated whether EWS 

improved the detection of impending manic as well as depressive transitions, and whether 

the absence of EWS could be taken to indicate a lack of impending transitions. Second, 

we studied which momentary states constituted the best EWS for manic and depressive 

transitions, and finally, we examined individual differences in the utility of EWS. Taken 

together, these findings might provide a comprehensive investigation into whether EWS may 

indeed be used to signal upcoming transitions in BD.

Methods

Participants
For the present prospective observational cohort study, twenty patients with BD type I 

or II were included (see Table 9.1). To be included, patients had to: (i) be ≥18 years, (ii) 

be diagnosed with and currently in treatment for BD type I/II, and (iii) demonstrate high 

occurrence of manic and/or depressive episodes (≥2 in the previous year). Clinicians of two 

Dutch tertiary care institutions invited patients for the study until the intended cap of twenty 

participants was reached. Interested patients were invited to the research facility, where the 

study was explained in detail and informed consent was signed. 

 Twenty-eight patients were referred, two of whom were unreachable. Six patients 
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declined participation during the first telephone call, expecting that study participation and 

the focus on mood would be too burdensome. This left twenty patients that started and 

finished the study. Although a seemingly small sample, it is relatively large for idiographic 

studies. Here, power depends not on the number of individuals, but rather on the number of 

assessments per individual25. As such, a sample of twenty patients allows us to examine the 

relative robustness of EWS in improving the detection of transitions. The study was approved 

by the University Medical Center Groningen medical ethics committee (no. 201501161).

Study design
Participants engaged in EMA and completed weekly questionnaires for four months. Patients 

received five assessments per day: every three hours (time-contingent schedule), patients 

received a text message with a link to the EMA questionnaire on their smartphone, which 

took approximately 1-2 minutes to complete. Assessments were securely administered 

and stored via Roqua (www.roqua.nl) in patients’ personal health records. Patients chose 

their own start and end time and had one hour to complete each assessment. No reminder 

prompts were given. Researchers contacted patients after the first three days of monitoring 

and if compliance was low, if regular contact was preferred, or if the weekly questionnaires 

indicated above-threshold symptoms. Participants were not offered financial compensation.

Measurements
Manic and depressive transitions 

Weekly, patients completed the Dutch versions of the Altman Self-Rating Mania Scale 

(ASRM26) and the Quick Inventory for Depressive Symptomatology Self-Report (QIDS-SR27). A 

transition was defined as a clinically relevant abrupt (i.e., within one week) increase in manic 

(ASRM ≥ 628) or depressive (QIDS-SR ≥ 627) symptoms, without such increases in the two 

weeks prior to the transition (see supplement for all transitions per individual). Our analytic 

approach further required at least three weeks (≥105 observations) of EMAs prior to the 

transition.

EMA items

The questionnaire (see Table S9.1) consisted of 26 items pertaining to momentary mood, 

symptoms, sleep, and activities. These items were based on previous EMA research29–31 and 

interviews with three patients and a psychiatrist on relevant constructs for people with BD. 
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For the calculation of EWS, we selected the 17 EMA items that assessed affect or symptoms 

on a continuous scale (i.e., ranging from 0 (“not at all”) to 100 (“very much”)). 

Compliance

Two patients were part of a pilot and therefore completed three months of EMA monitoring. 

The eighteen other patients completed on average 18 weeks of monitoring (range = 16-32). 

Average compliance, calculated as the number of completed assessments divided by the 

number of assessments participants received, was 76% (491 assessments, SD = 137.8).

Data analysis
For each EMA momentary state, two EWS indicators were examined: rises in the 

autocorrelation at lag-1 and rises in the standard deviation as indicator of the variance. These 

EWS were estimated using a moving windows approach15,32. Briefly, this involves iterative 

computation of EWS within segments (or windows) of the time series, for each individual 

and transition separately. With each iteration, the window slides one time point ahead until 

the transition point. Within every window, we computed the autocorrelation and standard 

deviation of each momentary state. This yielded a new time series for each EWS indicator, 

allowing us to examine whether rises in the indicator actually preceded an abrupt manic 

or depressive transition. Pre-processing and analysis of the data were performed in the 

statistical programming language R33. Results were visualized using the R-packages ggplot234 

and gridExtra35. 

Pre-processing steps

Outliers were winsorized to minimize their influence on the results. To ensure there were 

no trends in the mean over time (i.e., stationarity)32, and reduce the risk of false positives36, 

the data were detrended by applying a Gaussian kernel smoothing function over the whole 

pre-transition period7,37. Missing data were not imputed because this might result in spurious 

correlations32.

Window size

The window size is related to the timescale at which the system dynamics evolve and may 

affect results32. Therefore, sensitivity analyses were conducted to investigate the effects 

of windows of one, two or three weeks. We ensured that each window included an equal 



571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder
Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022 PDF page: 239PDF page: 239PDF page: 239PDF page: 239

Anticipating manic and depressive shifts in patients with bipolar disorder using early warning signals

239

9

number of weekend days, thereby negating their effects on the results24. Sensitivity analyses 

indicated small differences for different window sizes (see supplement Table S9.2), but results 

were largely robust. Therefore, based on suggestions on how bipolar dynamics develop 

in patients with high mood instability38, we opted for a window size of two weeks (i.e., 70 

observations), yielding on average 168 windows (SD = 99, range = 35-415) per transition. 

Calculation of EWS

First, within each window, the autoregressive coefficient was calculated at lag-1 over 

the residuals obtained after detrending32. The autocorrelation thus indicates how well a 

momentary state (e.g., feeling cheerful) predicts itself three hours later. Overnight lags were 

prevented by deleting the lagged observation of each day’s first observation. Second, variance 

was estimated from the standard deviationj over the residuals within each window32. A rising 

standard deviation indicates that someone’s momentary state varies more widely around the 

mean over time. 

Significance testing

The above approach resulted in a new time series data set for every individual, with separate 

estimates of the autocorrelation and standard deviation. To test whether each EWS indicator 

significantly increased, we calculated the Kendall correlation coefficient (τK) over this data 

set32, in the two weeks prior to the transition (using the R-package Kendall39). A significant 

positive correlation indicates that the EWS indicator significantly rose prior to a transtion. 

The value of Kendall’s tau was taken to reflect the strength of the EWS. Since the moving 

windows use overlapping data, we corrected for this dependency between nearby windows 

by applying the Hamed-Rao correction40. Furthermore, we corrected for multiple testing by 

using the false discovery rate (FDR) approach as proposed by Benjamini and Hochberg41. 

This ensures that, across all tests performed within a single patient, the probability of false 

positives is 5%.

j The standard deviation is the square root of the variance. This transformation does not 
affect the rank correlation coefficient Kendall’s tau.
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Predictive value

To gain insight into the predictive utility of EWS for detecting mood transitions, positive and 

negative predictive values (PPV and NPV respectively) were calculated42. The PPV and NPV are 

based on the sensitivity (proportion of true positives, where EWS preceded transitions) and 

specificity (proportions of true negatives, where the absence of EWS indicates the absences 

of transitions). Predictive values indicate to what extent (i) the presence of EWS increases 

the likelihood of detecting a transition (PPV) and (ii) their absence increases the likelihood 

of detecting that no transition will take place (NPV). PPV and NPV were calculated for both 

EWS indicators averaged across momentary states, as well as for each momentary state 

separately. Predictive values follow the below formulas, using the sensitivity and specificity 

of a particular momentary state (i) for detecting transitions (t) towards either mania or 

depression:

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡𝑡𝑡,𝑡𝑡𝑡𝑡 =
𝑠𝑠𝑠𝑠𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡,𝑡𝑡𝑡𝑡 ∗ 𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑝𝑝𝑝𝑝𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡

𝑠𝑠𝑠𝑠𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡,𝑡𝑡𝑡𝑡 ∗ 𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑝𝑝𝑝𝑝𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡 + (1 −  𝑠𝑠𝑠𝑠𝑝𝑝𝑝𝑝𝑎𝑎𝑎𝑎𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡) ∗ (1 −  𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑝𝑝𝑝𝑝𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡) 
 

𝑁𝑁𝑁𝑁𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡𝑡𝑡,𝑡𝑡𝑡𝑡 =
𝑠𝑠𝑠𝑠𝑝𝑝𝑝𝑝𝑎𝑎𝑎𝑎𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡 ∗ (1 − 𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑝𝑝𝑝𝑝𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡)

(1 − 𝑠𝑠𝑠𝑠𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡,𝑡𝑡𝑡𝑡) ∗ 𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑝𝑝𝑝𝑝𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡 + 𝑠𝑠𝑠𝑠𝑝𝑝𝑝𝑝𝑎𝑎𝑎𝑎𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡 ∗ (1 −  𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑝𝑝𝑝𝑝𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡) 
 

Higher predictive values indicate higher accuracy of EWS in detecting transitions. A PPV of 

100% indicates that an EWS has no false positives, whereas a NPV of 100% indicates an EWS 

has no false negatives. The PPV and NPV demonstrate whether EWS improve the accuracy of 

detecting transitions above the general prevalence of transitions in our sample, and should 

thus be higher than the average transition prevalence (i.e., the proportion of manic (32%), 

depressive (36%), or no transitions (68% for mania and 64% for depression)). See supplement 

for a step-by-step calculation of predictive values and supplement Table S9.3 for sensitivity 

and specificity for all EWS.

To estimate false positives, EWS were also computed for individuals without a 

transition. For them, we selected a period of approximately 245 observations (i.e., mean 

number of observations in the pre-transition period of transitioning patients), without 

any changes of ≥4 on the ASRM and QIDS-SR. This was possible for seven out of nine non-

transitioning patients. 



571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder
Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022 PDF page: 241PDF page: 241PDF page: 241PDF page: 241

Anticipating manic and depressive shifts in patients with bipolar disorder using early warning signals

241

9

Results

Sample characteristics
Demographic and clinical characteristics are depicted in Table 9.1. Of the twenty patients, 

eleven reported an abrupt manic or depressive mood shift, four of whom reported two 

transitions. Notably, during depressed transitions, all patients reported subthreshold mania 

scores. During manic transitions, all but two patients reported above threshold scores for 

depression.

Table 9.1. Demographic and clinical characteristics
Full sample
(N=20)

Patients with 
transition 
(N=11)

Patients 
without 
transition (N=9)

Gender (N)
Male 4 3 1
Female 16 8 8

Age (N)
20-35 years 9 4 5
36-50 years 8 5 3
51-65 years 3 2 1

Education level (N)
Higher education 9 6 3
Secondary education 5 2 3
Secondary vocational education 3 1 2
Pre-vocational education 3 2 1

Years since bipolar disorder diagnosis (M, SD) 6.4 (6.3) 5.0 (5.8) 8.2 (6.8)
Years in treatment (M, SD) 10.6 (8.8) 10.1 (8.5) 11.27 (9.7)
Bipolar disorder diagnosis (N)

Bipolar disorder type I 9 6 5
Bipolar disorder type II 11 5 4

Comorbid diagnoses (N)
No comorbid Axis I/II disorder 12 5 7
Attention Deficit/Hyperactivity Disorder 1 1 0
Autism Spectrum Disorder 1 1 0
Sleep disorder   1 1 0
Alcohol/drug dependence 1 0 1
Personality disorder 6 5 1

Medication use (N)
None 2 1 1
Amphetamine   1 1 0
Anti-epileptic 10 8 2
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Full sample
(N=20)

Patients with 
transition 
(N=11)

Patients 
without 
transition (N=9)

Atypical antipsychotic 10 5 5
Benzodiazepine 9 6 3
Thyreomimetica 2 0 2
Lithium 5 0 5
Monoamine oxidase inhibitor 3 3 0
Selective serotonin reuptake inhibitor 4 2 2
Tricyclic antidepressant 1 1 0

Transitions1 (N)
To a manic episode 7
To a depressive episode 8

Symptom increase in week of transition (M, SD)
Transition to a manic episode (ASRM) 6.7 (1.5)
Transition to a depressive episode (QIDS-SR) 11.3 (5.8)

Episode duration after transition in weeks (M, 
SD)

Manic episode 1.9 (0.9)
Depressive episode 2.6 (3.1)

Compliance to EMA (%) 75.9 74.6 77.6
Note: 1Four patients reported two transitions, the remaining seven patients reported one transition. 
ASRM = Altman Self-Rating Mania Scale. M = mean. N = number. QIDS-SR = Quick Inventory of 
Depressive Symptomatology Self-Report. SD = standard deviation. 

A clinical illustration
We will first present a clinical case example to illustrate EWS in an individual patient (ID6): a 

27-year-old woman diagnosed with BD type II. She reported both a manic and a depressive 

transition on the weekly ASRM and QIDS-SR (Figure 9.1a). Her weekly symptom scores had 

been stable in the previous weeks. Note that this would imply similar stability in her EMA 

momentary states until the transitions. 

Figure 9.1b shows her EMA observations for the state ‘extremely well’. Higher 

scores indicate she is feeling more euphoric. It is difficult to distill clear patterns from these 

data; we see a lot of moment-to-moment variation, and more missed assessments after the 

manic transition. Figure 9.1c shows significant EWS in the autocorrelation for ‘extremely well’ 

prior to both transitions. This means that, within the two weeks before reporting a manic 

and depressive shift, her euphoria increasingly lingered over time. Figure 9.1d shows an 

EWS in the standard deviation for the depressive transition, but not for the manic transition, 

indicating that her euphoria varied more widely prior to the depressive transition.



571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder
Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022 PDF page: 243PDF page: 243PDF page: 243PDF page: 243

Anticipating manic and depressive shifts in patients with bipolar disorder using early warning signals

243

9

Fig. 9.1. An illustration of early warning signals in one individual (ID6) in the item “I feel extremely 
well”. A) Weekly manic (Altman Self-Rating Scale, ASRM, blue) and depressive (Quick Inventory of 
Depressive Symptomatology, QIDS-SR, orange) symptom scores. At week 8 and 15, the patient reports 
an abrupt transition to a manic and depressive episode, respectively. B) EMA observations for the item 
“I feel extremely well”. Higher scores indicate that the patient is feeling more down. C) Significant early 
warning signals (EWS) in the autocorrelation for “I feel extremely well” for the transition to the manic 
(Kendall’s Tau = .54, corrected p < .001) as well as the depressive episode (Kendall’s Tau = .68, corrected 
p < .001). D) An EWS in the standard deviation prior to the depressive transition (Kendall’s Tau = .75, 
corrected p < .001), but not prior to the manic transition (Kendall’s Tau = .50, corrected p = .07).

Predictive value of early warning signals
All transitions, both depressive and manic, were preceded by at least one EWS (i.e., a 

significant rise in the autocorrelation or standard deviation) in at least one of the EMA 

momentary states. Regarding the autocorrelation, on average, most EWS were found prior to 

manic transitions (mean = 5.6) versus depressive transitions (mean = 4.5) and non-transitions 

(mean = 4.2). The standard deviation also yielded the most EWS prior to manic transitions 

(mean = 6.7), versus depressive transitions (mean = 2.8) and non-transitions (mean = 5.3). In 

general, average PPVs and NPVs indicate that EWS were better in signaling the presence of 

transitions than their absence (see Fig. 9.2). 
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Regarding depressive transitions, the average PPV indicates that if at least one EWS 

in the autocorrelation was detected, the probability of anticipating a depressive transition 

increased from 36% (prevalence) to 46%. However, if EWS were absent, the probability 

of correctly inferring no depressive transition did not improve (NPV = 63% versus 64% 

prevalence). The standard deviation was not an accurate EWS for depressive transitions, with 

a PPV of 29% and a NPV of 58%.

For manic transitions, the autocorrelation was again slightly more accurate in 

signaling transitions. Here, EWS improved the probability of correctly inferring a manic 

transition from 32% (prevalence) to 48% (autocorrelation) or 41% (standard deviation). 

However, the NPV demonstrates that the probability of inferring no manic transition in the 

absence of EWS improved only slightly from 68% (prevalence) to 74% (autocorrelation) or 

75% (standard deviation).

Predictive value of specific EMA momentary states
Figure 9.2 demonstrates the PPVs and NPVs for all momentary states separately. Four 

momentary states had a PPV of 100% for both depressive and manic transitions: ‘cheerful’ 

(autocorrelation), ‘ability to focus/switch’ (autocorrelation), ‘full of ideas’ (autocorrelation), 

and ‘worry’ (standard deviation), indicating they were never found for patients without a 

transition. The NPVs of these momentary states ranged from 70-83%. These momentary 

states might thus signal an impending transition without specifying its nature (depressive or 

manic). 

Other momentary states were found to specifically improve the detection of 

either depressive or manic transitions, as indicated by an average PPV and NPV above 

70%. For depressive transitions, the only momentary state yielding such EWS was ‘tired’ 

(autocorrelation). For manic transitions, the best EWS were found in ‘racing thoughts’ 

(autocorrelation), ‘agitated’ (standard deviation), and ‘full of energy’ (standard deviation).

 ‘Socializing’ and ‘down’ never improved the detection of either manic or depressive 

transitions. A particularly inaccurate EWS for manic transitions was ‘content’ (autocorrelation). 

For depressive transitions, three momentary states had a PPV of 0% because EWS were 

never detected prior to transitions: ‘distracted’ (autocorrelation and standard deviation) and 

‘cheerful’ (standard deviation).
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9Fig. 9.2. Positive and negative predictive values for each early warning signal. The y-axis represents each 
momentary state, the x-axis the positive (PPV) and negative (NPV) predictive value, separated for manic 
and depressive transitions and for the two early warning signals (EWS) indicators: the autocorrelation 
(AR) and standard deviation (SD). The predictive values can be compared against the prevalence of the 
transition: the proportion of manic (32%), depressive (36%), or no transitions (68% for mania and 64% 
for depression). White tiles indicate that this EWS did not improve the detection of a transition above 
the prevalence of that transition. The color indicates the magnitude of the predictive value for that 
EWS: the more intense the color, the higher the predictive value. To facilitate interpretation, the EMA 
momentary states were assigned to summary categories based on hypothesized underlying constructs.
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Individual differences
Large individual differences were found in the presence, type, and strength of EWS 

momentary states (see Fig. 9.3). For example, ID4 showed EWS in the autocorrelation for 

ten momentary states prior to a depressive transition, whereas ID2 reported none prior to 

their second depressive transition. Whereas the autocorrelation of ‘down’ was a particularly 

strong depressive EWS for ID9, this EWS was not found in any of the seven other transitions. 

For the four patients that reported two transitions, EWS often did not replicate. Exceptions 

include the autocorrelations of ‘extremely well’ (ID6) and ‘physically active’ (ID6), and the 

standard deviations of physically active’ (ID1 and ID7) and ‘extremely well’, ‘full of energy’, 

‘physically active’, and ‘racing thoughts’ (ID7). 
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Fig. 9.3. Individual differences in the type and strength of the early warning signal. The x-axis represents 
each EMA momentary state, the y-axis each transition (note that four individuals had two transitions). 
To facilitate interpretation, the EMA momentary states were assigned to summary categories based 
on hypothesized underlying constructs. A colored block indicates that the EWS was significant for that 
transition. The color intensity indicates the strength of the EWS: the more intense the color, the stronger 
the EWS. Strength of the EWS was operationalized as the value of Kendall’s tau. AR = autocorrelation at 
lag-1. EMA = ecological momentary assessment. EWS = early warning signal. sd = standard deviation.
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Discussion

The present exploratory study investigated whether EWS in momentary affective and 

symptomatic states anticipate abrupt mood transitions in BD patients, and whether EWS 

might have clinical utility. Results provide preliminary support that EWS can indeed be 

detected in momentary states that were collected by longitudinal smartphone monitoring, 

and that EWS could improve the detection of mood transitions. Notably, the presence of 

EWS increased the probability of detecting impending transitions, but their absence could 

not be taken as a sign that no transition would occur in the near future. That is, although 

several momentary states maximized the PPV, indicating that no false positives were found, 

no momentary state maximized the NPV, indicating the presence of false negatives (i.e., EWS 

were not always detected prior to transitions). Furthermore, momentary states differed 

in their predictive utility, and we found large inter-individual differences in the predictive 

capacity of EWS. Finally, the autocorrelation outperformed the standard deviation as an EWS.

The predictive values point towards several momentary states as promising indicators 

of nearby depressive and manic transitions. Momentary states that signaled both manic 

and depressive transitions were cheerfulness, focusing ability, full of ideas, and worrying. 

Manic transitions were most often anticipated by EWS in racing thoughts, agitation, and full 

of energy, whereas depressive transitions were most often preceded by EWS in tiredness. 

This supports the hypothesis that transitions are best anticipated by EWS in momentary 

states matching the underlying psychopathology43. Importantly, not all momentary states 

constituted as accurate EWS, highlighting the importance of exploring individual items. 

Contrasting to group-level risk factors that offer little guidance on the timing of 

relapses for individual patients, our study provides preliminary support that EWS might 

be used to establish when individual patients will relapse44. If our results are replicated, 

personalized EWS as generated by smartphone gathered data could be used to alert patients 

and clinicians to nearby mood shifts. Timely identification of mood shifts is paramount to BD 

treatment, but is complicated because patients usually only recognize them when episodes 

have already started18. Early detection using EWS may enable early intervention that could 

mitigate the severity and impact of ensuing episodes45. However, the large heterogeneity we 

found highlights the necessity of a personalized approach. Furthermore, the finding that EWS 

had limited replicability within the four individuals with two transitions tentatively suggests 

that continuous monitoring of various momentary states may be necessary for accurate 
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mood shift detection, as opposed to a less burdensome approach where personalized EWS 

have to be identified only once prior to a transition. As such, before EWS can find their way 

to clinical practice, more confirmatory research is needed. 

 On a critical note, even for the most accurate momentary states, EWS were not 

always present prior to mood shifts, and were sometimes also found in individuals without 

actual shifts. False positives may occur when the data show more noise or variability46. 

Patients in our sample indeed showed a high frequency of mood shifts, similar to (ultra) 

rapid-cycling patients that experience stark fluctuations of mood most of the time47. However, 

failing to anticipate actual mood shifts (false negatives) might be more problematic for 

clinical applications than the occasional false alarm. The absence of EWS may be explained 

by the fact that most transitions are often governed by only a few variables48. Indeed, the 

momentary states that contained EWS differed between the individuals in our sample. 

False negatives may also have occurred because of the lack of stable mood episodes in the 

patients in our sample. That is, critical slowing down assumes transitions take place from 

one stable state to another, whereas the ‘stable’ state of patients in our sample may well 

be characterized by large mood instability49. Finally, false negatives could occur because the 

timescale of the EMA assessments (five/day) may not match the timescale at which critical 

slowing down takes place50. Future research may investigate how the bipolar mood system 

should be characterized and at what timescale it unfolds: should we attempt to anticipate 

distinct mood episodes, or rather mood instability in general51? The latter approach may be 

more promising given that many BD patients have mixed episodes, as also demonstrated by 

the patients in our sample. Thus, an interesting follow-up study would be to investigate EWS 

in more stable BD patients, who transition from stable euthymic states to manic or depressed 

states. 

The present study is the first to investigate whether EWS anticipate transitions in BD 

patients in empirical data. Notably, previous studies have only examined autocorrelation and 

standard deviation as static indicators of future shifts21–23, whereas we have prospectively 

examined increases in these indicators to anticipate nearby mood shifts. Further, we used 

a personalized and idiographic approach that has been advocated to study within-person 

processes25. Other strengths include the relatively large sample (N=20) for idiographic 

studies, in which each patient could be viewed as a replication of results in other patients, 

and the large number of observations per person. Furthermore, the diversity in momentary 

states under investigation might provide new suggestions for confirmatory research.
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The present results should be viewed in light of several limitations. First, our 

sample was diverse, consisting of BD patients with different treatment regimens and 

comorbid (personality) diagnoses characterized by high mood variability, which might have 

obscured the relation between EWS and transitions. Second, EWS studies in other fields 

suggest that results may be dependent on the analytical decisions regarding window size, 

data detrending, and the period over which the rise is calculated (two weeks)32,37. Third, 

the question remains whether the above-threshold scores on weekly self-report symptom 

questionnaires adequately reflect abrupt and clinically meaningful transitions. Fourth, our 

estimates of the prevalence of transitions should be interpreted tentatively given our study 

design. However, the prevalence of transitions was quite high in this sample, rendering 

our approach to compare the predictive values against the prevalence rather conservative. 

Finally, given that our study was exploratory in nature, results may not generalize to other 

samples or data sets in which different methods to study EWS are employed.

To conclude, EWS show promise in signaling impending transitions to manic and 

depressive mood shifts in BD. Future confirmatory research may focus on examining EWS 

in cheerfulness, focusing ability, full of ideas, worry, energy, agitation, racing thoughts, 

and tiredness, as these items had the best predictive value. Further investigation into the 

individual characteristics that determine the clinical utility of EWS is warranted.
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Supplement 9

9.1 All transitions per individual
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Fig. S9.1. Transitions in manic and depressive symptoms per individual. Purple bars reflect the stable 
period that was used for computing EWS. 
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9.2 Experience sampling method diary items
The item list was constructed in several steps. First, we identified relevant concepts for 

symptoms of bipolar disorder and searched the literature for EMA studies in patients with 

bipolar disorder. This yielded a first item list of 71 potentially relevant items. This list was then 

discussed in individual interviews with three patients and one psychiatrist. The items were 

finally selected on three criteria: (i) the patients and clinician recognized the item as signaling 

symptoms of either mania or depression; (ii) the patients and the clinician felt comfortable 

with the formulation of the item (e.g., they could see themselves saying the sentence in daily 

life); (iii) both the patients, the clinician, and the research team believed the item would vary 

meaningfully within participants. Items that were deemed relevant but too person-specific 

were put on a list for participants so they might select them for their personal question.

All items were obligatory, with the exception of the comment field at the end of the 

questionnaire (item 29). All items were assessed five times per day, with the exceptions of 

the items regarding sleep (items 2-3), and the item regarding appointments (item 27). These 

items were only shown if participants answered ‘yes’ on item 1 or item 26. This way, we 

ensured that participants could still answer questions about their sleep, even though they 

might have skipped the first (few) assessments.

9.3 Results of the sensitivity analyses for the window size
All early warning signal (EWS) analyses were run for window sizes of 1, 2, and 3 weeks. 

Table S9.2 shows the predictive values, sensitivity, and specificity of the autocorrelation 

and standard deviation, averaged across all EMA diary items. The differences between the 

window sizes are quite small. One notable finding is that a three-week window is preferable 

when examining the autocorrelation prior to transitions to depression and mania. For the 

standard deviation, the two-week window was preferable.
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Table S9.2. Predictive values, sensitivity, and specificity of early warning signals, for three different 
window sizes, averaged across all EMA diary items

Depression Mania
PPV NPV Sensitivity PPV NPV Sensitivity Specificity

Indicator: AR
1 week window 43 65 25 45 70 25 78
2 week window 46 63 27 48 69 33 75
3 week window 59 69 36 58 73 30 84

Indicator: SD
1 week window 32 61 18 42 70 30 72
2 week window 27 58 23 41 71 38 67
3 week window 18 38 15 38 68 30 67

Note. AR = autocorrelation. PPV = positive predictive value. NPV = negative predictive value. SD = 
standard deviation.

9.4 Calculation of positive and negative predictive values, sensitivity, and 
specificity

The sensitivity of EWS reflects the probability of EWS, given that a transition is present. 

Sensitivity was calculated per indicator (autocorrelation, standard deviation), momentary 

state (i) and transition type (t; depression, mania) by dividing the number of EWS in 

momentary state i that anticipated transition t by the total number of transitions of type t. 

As an example, the autocorrelation in feeling tired anticipated four out of eight transitions 

towards depression, resulting in a sensitivity of .50 (i.e., 50%). 

𝑠𝑠𝑠𝑠𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡,𝑡𝑡𝑡𝑡 =
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑀𝑀𝑀𝑀𝑡𝑡𝑡𝑡,𝑡𝑡𝑡𝑡
𝑁𝑁𝑁𝑁𝑡𝑡𝑡𝑡

 

The specificity of EWS reflects the probability of no EWS, given that there was no transition. 

This statistic was calculated by inspecting EWS in those individuals who did not experience a 

transition (N = 7). A specificity of 1 (i.e., 100%) indicates that EWS in this particular item were 

never found in individuals without transitions. 

𝑠𝑠𝑠𝑠𝑝𝑝𝑝𝑝𝑎𝑎𝑎𝑎𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡 = 1 −  
𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝑀𝑀𝑀𝑀𝑡𝑡𝑡𝑡
𝑁𝑁𝑁𝑁
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Positive predictive values (PPVs) indicate the probability of a transition towards either mania 

or depression, given that EWS are detected. These values were calculated as follows:

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡𝑡𝑡,𝑡𝑡𝑡𝑡 =
𝑠𝑠𝑠𝑠𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡,𝑡𝑡𝑡𝑡 ∗ 𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑝𝑝𝑝𝑝𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡

𝑠𝑠𝑠𝑠𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡,𝑡𝑡𝑡𝑡 ∗ 𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑝𝑝𝑝𝑝𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡 + (1 −  𝑠𝑠𝑠𝑠𝑝𝑝𝑝𝑝𝑎𝑎𝑎𝑎𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡) ∗ (1 −  𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑝𝑝𝑝𝑝𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡) 
 

In this formula, the prevalence of a transition of type t reflects the number of transitions 

of type t divided by the total number of transitions. In total, we identified 22 transitions, of 

which 8 (36%) involved a sudden increase in symptoms of depression, 7 (32%) involved an 

increase in manic symptoms, and 7 (32%) were simulated in individuals without transitions. 

The latter ‘non-transitions’ were used to estimate the specificity of EWS.

Negative predictive values (NPVs) indicate the probability that no transition will occur, given 

that EWS are not detected. These values were calculated as follows: 

𝑁𝑁𝑁𝑁𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑡𝑡𝑡𝑡,𝑡𝑡𝑡𝑡 =
𝑠𝑠𝑠𝑠𝑝𝑝𝑝𝑝𝑎𝑎𝑎𝑎𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡 ∗ (1 − 𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑝𝑝𝑝𝑝𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡)

(1 − 𝑠𝑠𝑠𝑠𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡,𝑡𝑡𝑡𝑡) ∗ 𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑝𝑝𝑝𝑝𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡 + 𝑠𝑠𝑠𝑠𝑝𝑝𝑝𝑝𝑎𝑎𝑎𝑎𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡 ∗ (1 −  𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑠𝑠𝑠𝑠𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑎𝑝𝑝𝑝𝑝𝑎𝑎𝑎𝑎𝑡𝑡𝑡𝑡) 
 

Note that the probability of no transition is defined by 1 minus the prevalence of a 

particular type of transition, resulting in 64% (depression) and 68% (mania), respectively. 

The prevalence of a transition can be thought of as a set-point: in absence of any insight 

in EWS, the probability that a specific individual will (not) experience a transition equals 

the average probability of (no) transitions. EWS can be considered informative if (i) their 

presence considerably heightens the risk of a future transition and (ii) their absence lowers 

the probability that a transition will occur. Therefore, in Table S9.3, we printed PPV and NPV 

values that exceeded the expected probabilities (𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡  or 1 − 𝑝𝑝𝑝𝑝𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡𝑡)).
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Table S9.3. Predictive values, sensitivity, and specificity of early warning signals for transitions towards 
depression and mania

Depression Mania
PPV NPV Sensitivity PPV NPV Sensitivity Specificity

Indicator: AR
calm 20 59 12 19 64 14 71
cheerful 100 74 38 100 71 14 100
content 23 44 38 9 42 14 29
irritated 20 59 12 41 73 43 71
thoughts racing 50 67 25 70 87 71 86
distracted 0 50 0 32 68 43 57
physically active 43 67 38 32 68 29 71
socializing 20 50 25 19 56 29 43
down 14 53 12 24 63 29 57
inadequate 43 67 38 19 64 14 71
worry 33 63 12 58 76 43 86
tired 67 75 50 48 72 29 86
agitated 50 67 25 48 72 29 86
extremely well 43 67 38 32 68 29 71
full of ideas 100 70 25 100 83 57 100
focus switch 100 74 38 100 75 29 100
full of energy 50 67 25 58 76 43 86

Indicator: SD
calm 33 63 12 58 76 43 86
cheerful 0 50 0 24 63 29 57
content 20 59 12 41 73 43 71
irritated 33 63 12 48 72 29 86
thoughts racing 14 53 12 44 81 71 57
distracted 0 56 0 41 73 43 71
physically active 27 55 38 26 62 43 43
socializing 14 53 12 24 63 29 57
down 20 59 12 19 64 14 71
inadequate 20 59 12 19 64 14 71
worry 100 70 25 100 75 29 100
tired 14 53 12 24 63 29 57
agitated 33 63 12 65 81 57 86
extremely well 20 59 12 48 78 57 71
full of ideas 25 57 25 32 68 43 57
focus switch 20 50 25 26 62 43 43
full of energy 60 71 38 65 81 57 86

Note. Bold values indicate that the warning signal improved the prediction of transitions towards 
manic or depressive episodes when compared to the average prevalence of these transitions. AR 
= autocorrelation. NPV = negative predictive value. PPV = positive predictive value. SD = standard 
deviation.
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Abstract

Background. As complex dynamic systems approach a transition, their dynamics change. This 

process, called critical slowing down (CSD), may precede transitions in psychopathology as 

well. This study investigated whether CSD may also indicate the direction of future symptom 

transitions, i.e., whether they involve an increase or decrease in symptoms. 

Methods. In study 1, a patient with a history of major depression monitored their mental 

states ten times a day for almost eight months. Study 2 used data from the TRAILS TRANS-ID 

study, where 122 young adults at increased risk for psychopathology (mean age 23.64 years, 

SD = 0.67, 56.6% males) monitored their mental states daily for six consecutive months. 

Symptom transitions were inferred from semi-structured diagnostic interviews. In both 

studies, CSD direction was estimated using moving-window principal component analyses.

Results. In study 1, CSD was directed towards an increase in negative mental states. In study 

2, the CSD direction matched the direction of symptom shifts in 34 individuals. The accuracy 

of the indicator was higher in subsets of individuals with larger absolute symptom transitions. 

The indicator’s accuracy exceeded chance levels in sensitivity analyses (accuracy 22.92% vs. 

11.76%, z = -2.04, p = .02) but not in main analyses (accuracy 27.87% vs. 20.63%, z = -1.32, p 

= .09).

Conclusions. The CSD direction may predict whether upcoming symptom transitions involve 

remission or worsening. However, this may only hold for specific individuals, namely those 

with large symptom transitions. Future research is needed to replicate these findings and to 

delineate for whom CSD reliably forecasts the direction of impending symptom transitions.
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Introduction

About 86% of individuals will have a mental disorder at some point in their lives1. Given 

the considerable burden associated with mental disorders, there has been great interest 

in prevention and early intervention2. Successful prevention requires a solid understanding 

of what it means to be “at risk” for developing psychopathological symptoms. Despite a 

large number of characteristics well known to predispose individuals to psychopathology, 

predicting at the individual level who will, or will not, develop a disorder remains largely 

an open question. Most individuals who are considered at risk do not develop a disorder3,4. 

In order to better identify those at-risk individuals who could benefit from preventive 

interventions, an improved prediction of the prognosis of at-risk individuals is necessary. 

 One route towards improved prediction is to gain more detailed knowledge on 

within-individual changes occurring on the verge of disorder onset. It has been suggested that 

the structure of symptoms, i.e., the extent to which symptoms reflect a single construct and 

how they covary, changes as individuals improve or worsen in terms of psychopathology5–7. 

This could mean that alterations in the structure of symptoms may predict future symptom 

progression. Within-individual support for this idea is currently limited to a single case study, 

which showed that a relapse in depression was preceded by rising covariance between 

symptoms8. Between-individual or group-level support, provided by studies that compared 

symptom covariance of one group (e.g., individuals prior to treatment) to another group 

(e.g., the same individuals after treatment), is abundant but warrants cautious interpretation. 

This has two reasons: first, these comparisons may be subject to Berkson’s bias9, and second, 

between-individual findings do not necessarily translate to the within-individual level10. 

With these considerations in mind, it is noteworthy that both worsening and remitting 

psychopathology have been related to increased symptom covariances. Specifically, symptom 

covariance may be higher in individuals with persisting11,12 or worsening13 symptoms compared 

to individuals with remitting symptoms over time, although not all studies confirmed this14–16. 

If this also holds within individuals, it could mean that high symptom covariances predispose 

individuals to psychopathology. However, symptom covariance has also been found to be 

lower in individuals before compared to after treatment17–24. This could mean that high 

symptom covariances are linked to mental health. For instance, symptom remission may 

coincide with an altered appraisal of symptoms, meaning that individuals may increasingly 

perceive their symptoms as belonging to a unified latent construct (i.e., a disorder)18,24,25. 
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Alternatively, the association between symptom covariance and remission could be due 

to the simultaneous absence of symptoms (i.e., floor effects). Regardless of the inferences 

drawn, there seems to be an apparent paradox: increased symptom covariances might relate 

to both symptom worsening and remission. It is at present unclear how to reconcile this. 

Further, it remains largely unknown whether changing symptom covariances over time can 

prospectively predict symptom remission or worsening within individuals.

A complex dynamic systems approach to psychopathology provides a framework 

that unites earlier findings and can be used to address the unresolved questions described 

above. In complex dynamic systems, transitions are often preceded by a period during 

which the stability within the system gradually declines, a phenomenon known as critical 

slowing down. Otherwise unpredictable transitions – such as the extinction of a species, 

sudden climate changes, or a sudden transition in mental health – might thus be anticipated 

by monitoring a system’s instability26–28. Critical slowing down has been shown to precede 

not only ecosystem and climate transitions29, but also transitions between depressed and 

manic episodes in bipolar disorder30 as well as relapse and remission of depression8,31,32. This 

means that critical slowing down, which can be assessed in repeated assessments of mental 

states or symptoms of psychopathology, may foresee upcoming mental health problems. 

Recently, the potential of critical slowing down as a warning sign for impending transitions 

has been extended by noting that critical slowing down has a direction, meaning that it 

involves only a specific part of the system33–36. This, in turn, means that critical slowing down 

could expose whether a transition is directed towards, for instance, extinction of one species 

or the other33. In the context of psychopathology, exposing the direction of critical slowing 

down may allow for inferring whether an upcoming symptom transition is directed towards 

worsening or remitting symptoms. The direction of critical slowing down can be monitored 

using metrics similar to those described in earlier studies, namely symptom covariances (or, 

more specifically: the eigenvalues of the covariance matrix33,34,36,37). Hence, the hypothesis 

that follows from a complex dynamic systems approach can be considered an extension of 

what was reported earlier, namely: a gradual alteration in the structure of psychopathological 

symptoms prospectively predicts whether a specific individual will experience a symptom 

transition towards remission (decrease of symptom severity) or worsening (increase of 

symptom severity).

The current study aimed to test the hypothesis that symptom changes within 

individuals – involving either an increase or decrease in symptoms over time – can be 
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predicted based on the direction of critical slowing down33. Given that the application of 

complex dynamic systems principles to psychopathology is still in its infancy, we will approach 

our aim in two steps. First, we will provide a proof of concept by testing our hypothesis in a 

dataset in which principles from complex dynamic systems have already been confirmed8,38,39. 

These data are time series of a single individual with a history of depression who experienced 

a relapse (i.e., a sudden increase in symptoms), and contain multiple momentary ratings of 

mental states per day over a period of almost eight months. We will extend earlier findings8, 

which showed that critical slowing down preceded the relapse in depression, by investigating 

whether critical slowing down is indeed directed towards symptom worsening (as opposed 

to remission). Second, we will investigate whether the directionality of critical slowing down 

generalizes to symptom transitions with varying directions and magnitudes. To this end, we 

will repeat the analyses in a larger dataset, which consists of 134 young adults at increased 

risk for mental health problems who provided daily ratings on their mental states over a 

period of six months40. We hypothesize that in the first dataset, the direction of critical 

slowing down33,34 points towards a relapse of symptoms. Similarly, in the second dataset, 

we hypothesize that the direction of critical slowing down corresponds to the change in 

symptoms reported by individuals (e.g., strong critical slowing down towards improvement 

in individuals who experienced a large reduction of symptoms, and vice versa). 

Methods

Study 1
The data analyzed in study 1 were extensively described elsewhere and are publicly available39. 

Briefly, this study concerned a participant diagnosed with major depressive disorder who 

monitored his mood 10 times a day for almost eight consecutive months. During this period, 

the participant experienced a relapse in depressive symptoms8. 

Experience sampling procedure

Experience sampling involved completing 10 questionnaires per day for a period of 239 days 

(almost 8 months), resulting in 1478 completed observations. Each questionnaire consisted 

of 50 items, of which 12 pertained to mood states. Mood-related items with negative valence 

(e.g., feeling stressed) were rated on a 7-point Likert scale ranging from -3 to 3, whereas 

items with positive valence (e.g., feeling content) were rated on a scale that ranged from 0 
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to 7. We rescaled items with negative valence to maintain a consistent interpretation. The 

daily assessments were complemented with weekly assessments of the depression subscale 

of the Symptom Checklist Revised41. The latter were used to monitor changes in symptom 

severity, as an indicator of a relapse in depression.

Study 2
The data analyzed in study 2 were retrieved from the TRAILS TRANS-ID study, which has been 

described in detail elsewhere40. TRAILS TRANS-ID included 134 participants from an ongoing 

prospective cohort study, named Tracking Adolescents’ Individual Lives Survey (TRAILS). 

TRAILS was designed to monitor mental health from childhood to adulthood through bi- or 

tri-annual assessments, and includes a general population and a clinical cohort42. Participants 

from the clinical cohort (TRAILS CC) had been referred to a child psychiatric outpatient clinic 

in the Northern Netherlands any time before the age of 11, and were therefore considered 

at increased risk for psychopathology. At the age of 22 years old, TRAILS CC participants 

were invited to a six-month daily diary study (TRAILS TRANS-ID). For analyses, we included 

those individuals who completed a diagnostic interview prior to and immediately after the 

diary study (N=122). TRAILS TRANS-ID was approved by the local Medical Ethical Committee 

(reference no. 2017/203). All participants provided written informed consent.

 

Diary procedure

For a period of six consecutive months, participants completed a questionnaire (diary) every 

evening concerning the past day, resulting in a maximum of 183 observations per participant. 

Participants received these questionnaires through a link sent in a text message to their 

mobile phones. Each questionnaire consisted of 58 items pertaining to positive mental 

states (e.g., “How happy did you feel today?”), negative mental states (e.g., “How anxious 

did you feel today?”), event appraisal (e.g., “How stressful was the most stressful event that 

happened today?”), and substance use (e.g., “How much soft drugs did you use today?”). 

These items were rated on a visual analogue scale ranging from 0 (not at all) to 100 (very 

much). A list of all diary items has been reported elsewhere40. 

Diagnostic interview

Immediately before and after the diary procedure, the short version of the Schedules for 

Clinical Assessment in Neuropsychiatry (mini-SCAN) was administered43. The mini-SCAN is 
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a semi-structured diagnostic interview that assesses whether individuals meet the criteria 

for mental disorders, including mood, anxiety, psychotic, and substance use disorders, and 

attention-deficit hyperactivity disorder. Further, the mini-SCAN includes a screener for autism 

spectrum disorder. The mini-SCAN was complemented by the aggressive behavior subscale 

of the Adult Self Report44 (ASR) to also include oppositional or antisocial behavior. The mini-

SCAN and ASR were orally administered, and symptoms were scored as either absent (coded 

0), subthreshold (coded 1), or clinical (coded 2)40. The sum score of all items was considered 

reflective of global symptom severity and could range from 0 to 450.

Analysis
First, we selected diary items that reflected mood and were balanced in terms of valence 

(i.e., an equal number items reflecting positive and negative mental states were chosen). 

This yielded 10 items in the first (single case) dataset (5 positive, 5 negative valence) 

and 28 items in the second dataset (14 positive, 14 negative valence). Examples of such 

items are “feeling relaxed” and “feeling down”. A list of all items and our motivation for 

selecting these items is provided in the supplement. Then, for each individual separately, we 

iteratively performed principal component analyses within sliding windows (i.e., segments 

of the time series). For the first dataset (N=1, length = 1478 completed observations), these 

windows contained 150 observations, amounting to 1326 windows in total. This window size 

corresponds to the size adopted by Lever and colleagues33, who used windows containing 

10% of the time series length. For the second dataset (N=122, length = ±183 observations per 

person), windows contained a maximum of 60 observations, resulting in on average 123.91 

windows per person (SD = 4.96). Here, window size was chosen to strike a balance between 

overfitting (i.e., using small windows, for instance containing 10% of the observations, which 

would complicate reliable principal component analyses) and underfitting (i.e., using large 

windows, and potentially smoothing over potentially meaningful trends), while taking into 

account that on average 11.45% of the observations was missing. We inspected the influence 

of this methodological choice in sensitivity analyses, where we used windows of 40 and 80 

observations.

Within each window, we retrieved (i) the amount of variance explained by the first 

principal component and (ii) the skewness of the scores projected on this first principal 

component. Together, these parameters formed a vector in a two-dimensional space (Fig. 

10.1). The length of this vector corresponds to the variance explained by the first principal 
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component (i.e., the largest eigenvalue of the covariance matrix). We considered this length 

reflective of the structure of mental states: it captures to what extent mental states are 

interrelated and unidimensional (Fig. 10.1). In line with earlier studies, we expected the 

vector to lengthen prior to symptom transitions, meaning that each window should have a 

larger vector than the previous windows33,34,45,46. Provided that there is no change in overall 

variance, this corresponds to an increased symptom covariance (as previously observed in 

group-level studies17–24,47–49). From the length and direction of the vector, we inferred the 

expected change in positive and negative mental states (Fig. 10.1). Repeating this procedure 

for each window resulted in a time series that described the expected change in mental 

states over time for a particular person. The trend in these time series was computed using 

Kendall’s tau correlation coefficient. Kendall’s tau is a nonparametric correlation coefficient 

that assesses the similarity in the rank order of two variables, without making assumptions 

concerning the linearity of the trend50. A similar approach has been described before by 

Lever and colleagues33.

Fig. 10.1. Example of a principal component analysis performed in a single window from the first dataset39. 
The left figure shows the mean positive and negative mental states of the assessment occasions in this 
window (indicated by black dots), as well as the first principal component (dotted line). The blue arrow 
reflects the vector that was inferred from the principal component analysis: the length of the arrow 
corresponds to the proportion of variance explained by the first principal component, whereas the 
direction of the arrow corresponds to the skewness of the scores projected on this component. The 
skewness, illustrated in the right plot, is directed towards the left. Together, the length and direction 
of the vector can be used to infer the predicted change in mental states. Here, we would predict an 
increase in negative mental states (0.7) and a larger decrease in positive mental states (-0.9). A similar, 
more detailed explanation of this method was described by Lever and colleagues33.
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The first dataset was analyzed to provide a proof of concept. Here, we examined 

whether the known relapse in depression (which occurred around day 127) was preceded 

by a corresponding predicted increase in negative mental states. We expected that the 

predicted increase in negative mental states would be small long before the transition, and 

would rise as the transition approached. This was quantified using Kendall’s tau, which is a 

non-parametric measure of correlation and is referred to here as the indicator. A significant, 

positive tau (p < .05) was considered indicative of a meaningful trend in the predicted change 

in mental states.

The second dataset was analyzed to investigate whether the aforementioned 

approach also holds for smaller symptom changes as experienced by at-risk individuals. Here, 

we analyzed whether the difference in symptom severity before and after the diary period 

corresponded to the predicted change in daily mental states. We focused on predicted changes 

in negative (and not positive) mental states because these changes conceptually matched 

our outcome (in- or decreases in symptom severity). We expected that large reductions in 

symptoms would coincide with a large predicted decrease in negative mental states, and vice 

versa. Again, trends in the predicted changes in mental states were inferred from Kendall’s 

tau. The accuracy of the indicator was computed as the percentage of individuals for whom 

a change in symptoms (increase or decrease) was preceded by a corresponding trend in 

the predicted change in negative mental states. Compared to the symptom change in the 

first dataset, symptom changes in the second study were smaller, and not always of similar 

clinical significance. Therefore, we examined to what extent the accuracy of the indicator 

was dependent on the magnitude of symptom shifts or the clinical status of participants (i.e., 

with vs. without diagnosis).

Analyses of the second dataset differed from those of the first dataset in three ways. 

First, the iterative principal component analyses were done on sum scores of positive and 

negative mental states rather than individual items. This was done because in some of the 

windows, items loaded ambiguously on the first principal component, which complicated 

deriving the orientation of this component in a two-dimensional space (Fig. 10.1). Second, 

in the second study, the skewness of projected scores was sometimes close to 0. This caused 

180-degree shifts in the predicted direction across multiple consecutive windows, as also 

reported by Lever and colleagues33. We corrected this by reversing “deviant” directions: when 

the direction of the indicator in windows 1 to 5 was positive, positive, negative, positive, 

positive – meaning that the first and last two windows suggested an increase in positive 
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mental states, while the third window suggested an increase in negative mental states – we 

corrected the third window by reversing the predicted change scores. This is equivalent to 

“flipping” the vector in Fig. 10.1. In the supplement, we also report the results obtained 

with a different skewness correction, namely removing the directions that were based on 

non-significant skews. A third and final difference concerns the significance testing of the 

indicator. Specifically, we evaluated the overall accuracy of the indicator in the second study 

through permutation testing, which involved shuffling the time order of each individual’s 

data and then computing the indicator. In this shuffled dataset, the temporal ordering of the 

data was lost, and therefore, we would expect the indicator to perform worse compared to 

the original data. Permutations were repeated 200 times in order to obtain a stable accuracy 

estimate. This estimate was then compared to the accuracy based on the original (non-

shuffled) data51. Because accuracy was computed across individuals, we could not take a 

similar approach in the first study. Analyses were performed using R (version 4.0.2)52. 

Results

Study 1 
On average, the participant completed 6.2 (SD = 1.9) assessments per day, amounting to 

1,478 diary entries in total39. Prior to the relapse in depression, around day 127, there was a 

rising trend in the predicted change in negative mental states (tau = 0.68, p < .01; Fig. 10.2). 

First, from day 54 to 88 (observations 384-614) the predicted reduction in negative mental 

states became smaller. From day 89 (observation 615) onwards, the indicator predicted an 

accumulating increase in negative mental states together with a decrease in positive mental 

states. Hence, starting more than 2 months prior to the relapse, a rising trend in the predicted 

change in negative mental states appeared to “warn” for the transition. This trend did not 

end immediately after the transition, supporting the idea that there might be a continuous 

relation between the trend in predicted changes in mental states and impending symptom 

change.
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Fig. 10.2. The predicted change in positive (blue) and negative (orange) mental states. The dotted line 
depicts the weekly assessed severity of depressive symptoms based on the SCL-90. The black line 
marks the relapse in depressive symptoms, which occurred around day 127 (observation 823). 

Study 2
Individuals who completed the diary period as well as both diagnostic interviews (N=122, 

56.6% males) were on average 23.64 years old (SD = 0.67). They completed on average 162 

diary entries (88.55%, SD = 17.51, range = 114-189). Prior to and immediately after the diary 

period, 40 (32.79% of the total sample) and 34 (27.87%) individuals met the criteria for at 

least one psychiatric disorder. Depression was most common (N=25 at baseline; N=21 at 

post), closely followed by anxiety disorder (N=15; N=11) and ADHD (N=8; N=8). The sum 

of the items that were rated in the diagnostic interviews ranged from 3-241 (baseline) and 

2-230 (post), with average sum scores of 66.25 (baseline; SD = 42.71) and 69.78 (post; SD = 

46.89). Based on the diagnostic interview data, approximately half of the sample improved in 

terms of their symptoms (N=60, 49.18%), whereas the other half reported worse symptoms 

at post compared to baseline (N=58, 47.54%) or had an equal symptom severity at baseline 

and post (N=4, 3.28%). The absolute magnitude of symptom transitions varied between 1, 

which has no clinical significance, and 108, which signifies an in- or decrease in the severity 

of half of the items assessed in the diagnostic interview (mean change = 18.46, SD = 18.73, 

median = 12.00). For the majority of individuals (N=81, 66.39%), symptom transitions did not 
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lead to a change in diagnosis. For others (N=41, 33.61%), symptom transitions coincided with 

a change in diagnostic status: 16 individuals no longer met criteria for (one of) their diagnosis 

and 25 met criteria for a new diagnosis. 

 For 65 individuals (53.28%), we found a significant change in their predicted change 

in negative mental states (mean absolute tau = 0.18, SD = 0.13, range = 0-0.56). Specifically, 

in 35 individuals (28.69%) we found a rising trend in the predicted change in negative mental 

states, which would suggest future symptom worsening (mean tau = 0.28, SD = 0.13, range 

= 0.14-0.56). The other 30 individuals (24.59%) showed a declining trend in their predicted 

change in negative mental states, implying symptom improvement (mean tau = -0.27, SD = 

0.10, range = -0.45 to -0.14). Examples of both trends are depicted in Fig. 10.3. 

Fig. 10.3. Illustration of the predicted change in positive and negative mental states for two individuals. 
Because windows spanned 60 observations, the earliest prediction was made for the 60th observation. 
A) This individual reported an increase in symptom severity based on the sum score of the diagnostic 
interview (baseline = 73; post = 96). This symptom increase is preceded by a gradual rise in the 
predicted change of negative mental states (tau = 0.25, p < .05). B) This individual reported a reduction 
in symptom severity (baseline = 63, post = 41), which was preceded by a gradual decline in the predicted 
change in negative mental states (tau = -0.29, p < .01).

The trend in the predicted change of negative mental states correctly predicted symptom 

changes in 34 individuals (27.87% of the entire sample), yielding a true positive rate of 

52.31% (34/65). Of these individuals, 16 reported more severe symptoms at post, 17 

reported less severe symptoms at post, and 1 did not change in terms of symptom severity. 

For this latter individual, the correct prediction reflected a non-significant trend in tau. For 

the others, correct predictions were reflected by significant up- or downward trends in tau, 

which became more pronounced as the absolute change in symptom severity increased. 
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This was not the case for the entire sample (i.e., including those individuals for whom the 

indicator was not predictive of symptom change; Fig. 10.4). Individuals for whom the indicator 

worked did not differ from others in terms of their absolute change in symptoms (mean 

absolute symptom change 22.79 vs. 15.94, Cohen’s d = 1.33, Welch’s t(40.69) = 1.43, p = .16). 

Further, the accuracy of the indicator was not related to the likelihood to meet diagnostic 

criteria at baseline (c2(1) = 0.01, p = .93) or at post (c2(1) = 0.21, p = .64). Nevertheless, the 

performance of the indicator improved when evaluated in subsets of individuals with large 

symptom changes in either direction. Specifically, in the 0.50 quantile (i.e., individuals whose 

absolute symptom change exceeded the median absolute symptom change), the accuracy 

of the indicator was 32.76%. In the 0.25 and 0.10 quantiles, accuracy equaled 26.67% and 

41.67%. By definition, these latter samples are relatively small – comprising 25 and 10% of 

individuals (i.e., N=30 and 12) – and hence, these results warrant cautious interpretation. 

In shuffled data, where the temporal structure of the data was lost, the indicator 

reached an accuracy of 20.63%. This accuracy was not significantly different from the 

accuracy obtained in the original data (27.87%, z = -1.32, p = .09), and hence, we could not 

rule out the possibility that the indicator’s accuracy arose from chance instead of critical 

slowing down. However, in sensitivity analyses where we only retained predictions that 

were based on significantly skewed projected scores, the indicator performed significantly 

better (accuracy 22.92%) compared to permutation tests (accuracy 11.76%, z = -2.04, p = .02; 

supplement). The accuracy of the indicator did not significantly change when considering 

alternative window sizes (window of 40 observations: accuracy 19.67%, z = 1.50, p = .07; 

window of 60 observations: accuracy 24.59%, z=0.58, p = .28; see supplement for further 

details).
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Fig. 10.4. The association between the trend in the predicted change in negative mental states (tau) 
and change in symptom severity from baseline to post in individuals for whom the indicator was correct 
(N=34, orange) and in the entire sample (N=122, blue). Horizontal dotted lines depict the threshold 
for significant (p < .05) versus non-significant (p > .05) values of tau. For all individuals (dots) above 
and below these dotted lines (N=65), a change in symptoms was predicted. Negative symptom change 
implies improvement of psychopathology (i.e., a reduction of symptoms over time). For individuals for 
whom such improvement was predicted by the indicator, larger reductions in symptoms were related 
to more pronounced trends in the indicator (i.e., more negative values of tau). Vice versa, individuals 
for whom symptom worsening was predicted correctly showed a more pronounced indicator (i.e., 
more positive values of tau) as symptom change increased. 

Discussion

We investigated whether symptom changes within individuals – involving either an increase 

or decrease in symptoms over time – can be predicted based on the direction of critical 

slowing down in daily reports of mental states33. First, we used data from a middle-aged 

man with a history of major depression who monitored his mood ten times per day for 

almost eight months. After four months, he experienced a relapse of depression, which was 

preceded by critical slowing down8. Building on this previous work, we found that critical 

slowing down not only anticipated the symptom transition, but also signified that the 

transition was directed towards an increase (as opposed to a decrease) in symptoms. We next 
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investigated whether the same holds on a larger scale, for more diverse symptom transitions 

(i.e., increases and decreases of varying magnitude). To this end, we analyzed data from 

122 young adults at increased risk for psychopathology who monitored their mental states 

daily for six consecutive months. For one in four (main analysis) to five (sensitivity analysis) 

individuals, the directionality of critical slowing down correctly predicted their reported 

symptom change. However, the indicator’s accuracy only exceeded chance levels in sensitivity 

analysis, and therefore, the support for directionality of critical slowing down as a predictor 

of future symptom changes was less robust in study 2 than in study 1. In conclusion, results 

from study 1 and 2 tentatively support the idea that for some individuals, particularly those 

with large symptom changes, the direction of critical slowing down matches the direction of 

future symptom transitions. 

Our findings tentatively suggest that anticipating the direction of symptom 

transitions by means of critical slowing down may be limited to specific individuals. We 

might get a better idea of who these individuals might be by taking a closer look at the 

literature that described parameters that determine whether the direction of critical slowing 

down can be used to infer the future state of a system. First, critical transitions in dynamical 

systems can be the result of either a positive feedback loop, or a negative feedback loop 

with delayed effects53. The direction of critical slowing down most accurately predicts the 

future if the system’s dynamics are governed by positive feedback loops33. In the context of 

psychopathology, this means that mental states should amplify each other: e.g., when feeling 

tired leads to feeling down, which leads to concentration problems, which leads to feeling 

tired again. From a complex dynamic systems perspective, such feedback loops give rise to 

self-sustaining states (e.g., a mental disorder). Such self-sustaining states, and the feedback 

loops that underlie them, have been linked to both past and present mental disorders. That 

is, both individuals with a past mental disorder and individuals with a current mental disorder 

have been shown to have relatively densely connected symptoms, albeit in different studies. 

For example, network studies20–24,47–49 showed that symptoms are more densely connected 

in remitted individuals compared to treatment-seeking individuals with mental health 

problems. Provided that these group-level findings generalize to the level of the individual, 

this could mean that feedback loops strengthen as symptoms decline in severity. At the 

same time, however, cross-sectional network studies54–56 and dynamic network studies57,58 

showed that individuals with a mental disorder have higher connectivity than non-affected 
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individuals – suggesting that those with a disorder, too, have strong feedback loopsk. These 

seemingly discrepant findings could be reconciled if strengthened feedback loops between 

mental states reflect a scar imposed by mental disorders59. This would mean that feedback 

loops strengthen with illness duration – which received tentative support60,61. This has 

consequences for the utility of the indicator presently studied, which depends on the strength 

of feedback loops. Specifically, it would mean that the indicator might be more suitable for 

individuals with a longer illness duration. In agreement with this, we found that the indicator 

clearly matched the symptom course in study 1, which concerned a remitted individual with 

a history of major depression that dated back 30 years62, whereas it was less robust in study 

2, which concerned individuals with a shorter illness duration. Besides illness duration – and 

by analogy, the strength of feedback loops – the participant in study 1 differed from the 

participants in study 2 in the magnitude of symptom transitions. Specifically, participants 

in the latter study generally reported smaller, perhaps more gradual, symptom transitions 

compared to the participant in study 1. This touches upon a second factor that determines 

the accuracy of the indicator in exposing the direction of critical slowing down. That is, the 

indicator is more accurate when transitions reflect full collapses, as opposed to (sequential) 

partial collapses33. This could mean that a transition in a small set of specific symptoms (i.e., 

a partial collapse) is more difficult to detect than a change in almost all symptoms (i.e., a full 

collapse). In line with this, present findings tentatively suggest that the direction of larger 

symptom transitions (as observed in study 1, and subsets of individuals from study 2) is more 

predictable than that of smaller symptom transitions. In conclusion, it is possible that critical 

slowing down and its direction are only detectable in individuals with a long illness duration 

(implying strong feedback loops) who experience relatively large transitions.

Critical slowing down: sudden versus gradual transitions 
Critical slowing down is often considered prior to sudden transitions, such as the collapse of 

an ecosystem63,64. A relapse in depression, as examined in study 1, might be of comparable 

impact and suddenness8. Critical slowing down anticipates such transitions if they occur 

through a cusp (or saddle node) bifurcation. This assumption can indirectly be verified, for 

k Note that both longitudinal and cross-sectional network studies should be cautiously interpreted, 
since comparing network characteristics between individuals with differing levels of symptom severity 
might be subject to Berkson’s bias or collider bias9.
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instance by testing for bimodality and hysteresis29. A recent study confirmed that the data 

we analyzed in study 1 indeed shows such “signs of complexity”65. Hence, the data analyzed 

in study 1 likely meet the requirements for observing critical slowing down. For the data 

analyzed in study 2, we could not verify whether symptom shifts indeed occurred through 

the specific types of bifurcations related to critical slowing down. Yet, this applies to the 

majority of applied studies into critical slowing down8,31,66. For these studies, it is uncertain 

whether critical slowing down should be expected at all. This makes it difficult to assess 

whether (not) observing critical slowing down reflects a true or false positive (or negative). 

We addressed this ambiguity by shuffling the temporal order of the data analyzed in study 

2. If critical slowing down and its direction would still be detected in such shuffled data, it 

likely reflects a false positive. We found that this was not the case, provided that the direction 

of critical slowing down is inferred using conservative criteria (sensitivity analyses). Still, it 

remains uncertain whether the shifts that occurred in study 2 resembled the type of shifts 

for which critical slowing down, and its direction, are informative. It thus requires further 

research to translate the mathematical assumptions of critical slowing down to empirical 

settings. 

Strengths and limitations
A first strength of the current study is its ability to inspect critical slowing down within 

individuals. In contrast to group-level studies, we could therefore directly test the hypothesis 

that the direction of critical slowing down is informative of impending symptom transitions. 

Second, we used a variance-based method for detecting the direction of critical slowing 

down, which is less sensitive to the timescale of assessments compared to other metrics of 

critical slowing down such as the autocorrelation67. Additionally, variance-based methods 

are less dependent on the amount of available data for each individual33. It remains possible, 

however, that differences in the sampling frequency and duration (study 1: 1478 observations 

for one participant; study 2: max. 183 observations for 122 participants) contributed to 

differences in power, perhaps explaining why the indicator was more robust in study 1 

compared to study 2. At the same time, critical slowing down only has practical relevance 

if it can be detected in data that are feasible to collect. Hence, although a relatively short 

sampling duration might have compromised statistical power in study 2, the data quantity in 

this study likely comes closer to what would be seen in applied settings (e.g., clinical practice) 

compared to the data quantity in study 1. 
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Several limitations should be taken into account while considering present findings. 

First, there were no measures of symptom severity during the diary period in study 2, and 

therefore, we cannot rule out the possibility of unnoticed sudden symptom transitions 

during the diary period. For instance, it is possible that the symptom changes experienced 

by the at-risk individuals in study 2 did not evolve gradually, but rather, occurred suddenly 

during the diary period (e.g., after 4 months). This, in turn, should affect the timing of critical 

slowing down: gradual development implies critical slowing down towards the end of the 

diary period68–71, while sudden development during the diary period implies an earlier 

manifestation of critical slowing down (e.g., between 2-4 months). Since we inspected 

critical slowing down across the diary period (towards the end), overlooking some symptom 

transitions may have led to an underestimated accuracy of the indicator. A second limitation 

is that we inspected only two directions of critical slowing down (towards an increase vs. 

decrease in symptoms). This might be an oversimplification, as more nuanced directions could 

also be considered (e.g., towards an increase in depression vs. anxiety vs. aggression)72. At 

the same time, inspecting such fine-grained directions seems only warranted if the indicator 

would correctly distinguish between more global directions. Further, critical slowing down is 

less pronounced in high-dimensional systems compared to lower dimensional systems35,70, 

meaning that considering many potential directions might lower the detectability of our 

indicator and would require a larger amount of data. Hence, reducing the complexity of our 

data seemed desirable. 

Conclusions and future directions
In ecology, critical slowing down not only anticipates symptom transitions but also informs on 

the direction of these transitions33. If the same holds for psychopathology, we could detect 

whether a specific individual, at a specific moment in time, is increasingly likely to experience 

a specific type of symptom transition (in this case, towards either improvement or worsening). 

Based on two studies, we found tentative support for the idea that the direction of critical 

slowing down might anticipate the direction of impending transitions, provided that these 

transitions are sufficiently large. Inconclusive findings preclude firm conclusions, and more 

research into critical slowing down in the context of symptom transitions is necessary. A 

promising step forward could be to empirically investigate to what extent critical slowing 

down depends on the strength of feedback loops. One way of addressing this could be to 

compare critical slowing down between individuals with strongly versus weakly connected 
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symptom networks. Second, future studies are necessary in order to explicitly address the 

assumptions underlying critical slowing down (e.g., with respect to the bifurcation that 

describes the transition). This requires a translation from mathematical theory73 to empirical 

reality, which could perhaps be facilitated by formal modeling74. Ultimately, such a translation 

will improve our ability to identify those individuals whose system of mental states matches 

the behavior of other complex dynamic systems. These are the individuals who may benefit 

from the anticipatory capacity of critical slowing down. A clearer picture of when and for 

whom complex dynamic systems principles apply will crucially determine their clinical utility.
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Supplement 10

10.1 Items
For study 1, the experience sampling questionnaire contained 12 mood-related items. 

In contrast to study 2, where items assessed individuals’ mood during the past day 

retrospectively, the items in study 1 assessed present mood (i.e., at the moment of filling in 

the questionnaire; Table S10.1). To balance the number of positive and negative mental states, 

we left out two randomly selected negative mood items from analyses (I feel indecisive; I feel 

suspicious). This resulted in five positive and five negative mental states that were further 

analyzed (Table S10.1). 

For study 2, the daily diary assessments consisted of 58 items, of which 52 

pertained to mood (17 positive mental states, 35 negative mental states). Since items do not 

necessarily have the same meaning between individuals, aggregating all items would likely 

result in noisy variables. We therefore decided to select those items that were most likely 

to reflect the same two constructs (mental health vs. ill-health) across individuals. To this 

end, we performed a principal component analysis, accounting for the variance explained 

by individuals and the temporal ordering of the data. Briefly, we fitted multilevel models 

where each of the 52 mood-related items was predicted by an intercept and time. Both were 

allowed to vary between individuals. Further, we specified that observations from the same 

individual were autocorrelated. These autocorrelations were again allowed to vary between 

individuals. The residuals of these models reflected the variability in observations that was 

not due to either individual differences, time trends or autocorrelation. Using these residuals, 

we fitted a principal component analysis with two components. These two components 

would eventually reflect the directions in which individuals could change (i.e., towards 

mental health/positive mental states vs. towards mental ill-health/negative mental states). 

We inspected the loadings of items on the two components, and selected those positive 

mental states with a loading >.80 for analysis. This yielded 14 positive mental states, which 

were then matched to the 14 negative mental states with the highest loadings (Table S10.1). 
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Table S10.1. Items included in analyses
Positive mental states Negative mental states

Study 1 (case study) 1. I feel relaxed
2. I feel satisfied
3. I feel enthusiastic
4. I feel cheerful
5. I feel strong

1. I feel down
2. I feel anxious
3. I feel irritated
4. I feel lonely
5. I feel guilty

Study 2 (TRAILS TRANS-ID study) 1. I could enjoy things
2. I felt energetic
3. I felt at ease with others
4. I was happy
5. My day was worth living
6. I felt good
7. I felt like others liked me
8. I felt relaxed
9. I felt appreciated
10. I am looking forward to 

tomorrow
11. I felt like undertaking 

things
12. Everything came easy
13. I was social 
14. Last night I slept well

1. I felt irritated
2. I was easily upset
3. I had difficulty making 

decisions
4. I felt rebellious
5. I felt strange
6. I felt impatient
7. I was afraid of making 

mistakes
8. I was easily distracted
9. Others felt annoyed by me
10. I felt guilty
11. I had moodswings
12. I felt suspicious
13. I could not bring myself to 

do anything
14. I felt restless

10.2 Alternative skewness correction
As described in the analysis section of the main text, the skewness of scores projected on the 

first principal component was sometimes close to zero. This caused 180-degree flips in the 

direction of the vector we calculated within consecutive windows (see Fig. 10.1, main text). 

In our main results, we corrected such flips by iteratively searching for and correcting flipping 

patterns (e.g., correcting positive – positive – negative – positive – positive to positive – 

positive – positive – positive – positive). Here, we report the results obtained when deleting 

predictions based on vectors of which the skew was not statistically significant. 

We could calculate trends in the predicted change of mental states for 96 individuals 

(78.69%). For others, there were too many missing predictions to calculate the tau correlation 

coefficient across predictions. For 37 individuals (38.54%), a significant change in their 

predicted change in negative mental states was found (absolute tau range = 0-0.88, mean = 

0.19, SD = 0.18). The predicted change in negative mental states showed an increasing trend 

for 21 individuals (21.88%), and a decreasing trend for 17 individuals (17.71%). The trend in 
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the predicted change of negative mental states correctly predicted symptom changes in 22 

individuals (22.92%), of whom 12 reported more severe symptoms at post, 9 reported less 

severe symptoms at post, and 1 did not change in terms of symptom severity. Individuals for 

whom the indicator worked did not differ from others in terms of their absolute change in 

symptoms (mean absolute symptom change 20.82 vs. 14.43, Cohen’s d = 1.31, t(94) = 1.57, 

p = .12). Further, the accuracy of the indicator was not related to the likelihood to meet 

diagnostic criteria at baseline (c2(1) = 0.24, p = .63) or at post (c2(1) < 0.01, p > .99). Similar 

to the results reported in the main text, indicator performance improved when evaluated in 

subsets of individuals with large symptom changes in either direction. Specifically, in the 0.50 

quantile (i.e., individuals whose absolute symptom change exceeded the median absolute 

symptom change across individuals), the accuracy of the indicator was 29.27%. In the 0.25 

and 0.10 quantiles, accuracy equaled 25.00% and 50.00%. In contrast to our main analyses, 

the accuracy of the indicator significantly exceeded the accuracy obtained in shuffled data, 

which was 11.76% (z = -2.04, p = .02). This should however be cautiously interpreted, given 

that we could only inspect accuracy in the subset of individuals for whom predictions could 

be made (N=96).

10.3 Alternative window sizes
For the second study, we used window sizes of 60 observations. To determine the influence 

of this choice on our results, we re-ran analyses with windows containing a maximum of 40 

and 80 observations. The results were largely in line with what we reported in the main text. 

Below, the results we obtained with window sizes 40 and 80 are denoted consecutively, with 

subscripts where possible. A significant change in the predicted change in negative mental 

states was found for 56 (45.90%, absolute tau range40 = 0-0.46, mean40 = 0.14, SD40 = 0.11) 

and 66 individuals (54.10%, absolute tau range80 = 0-0.64, mean80 = 0.18, SD80 = 0.14). The 

predicted change in negative mental states showed an increasing trend for 26 (21.31%) and 

31 (25.41%) individuals. For the remaining 30 (24.59%) and 35 (28.67%) individuals, the 

trend was decreasing. The trend in the predicted change of negative mental states correctly 

predicted symptom changes in 24 and 30 individuals (accuracy40 = 19.67%, accuracy80 = 

24.59%; Table S10.2). In conclusion, the accuracy of the indicator did not seem to depend 

on window size.
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Table S10.2. Results of study 2 for different window sizes
Window size 40 Window size 60 Window size 80

Mean number of observations per window (SD) 36.00 (4.43) 53.44 (6.79) 70.85 (9.20)
Range of observations per window 21.67-40.00 31.36-60.00 40.78-80.00
Accuracy 19.67% 27.87% 24.59%
Note. The mean number of observations reflects the number of observations per window, averaged 
across windows (within individuals), averaged across individuals.
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Summary of main findings

This thesis has aimed to shed light on emerging psychopathology from a complex dynamic 

systems perspective. The focus was on young adults, who are in a vulnerable developmental 

period in terms of mental health. We saw that youth differ in the complexity and dynamics 

of their emotional experiences (chapters 2 and 3), hypothesized that such dynamics may 

also change within individuals (chapter 4), conducted an intensive longitudinal study to 

investigate this and verified whether this study yielded meaningful and representative data 

(chapters 5 and 6), and finally investigated the dynamics of mental states within individuals 

and their relation to mental health (chapters 7-10). Below, I will reflect on our findings and 

place them in a broader context.

Between-individual studies into complex dynamic systems principles
The first two chapters describe between-individual differences in the dynamics of emotions 

and link these differences to subsequent psychopathology. Both used data from adolescent 

twins from the general population who monitored their emotions ten times a day for six 

consecutive days. In chapter 2, we showed that emotional differentiation1 – but not 

emotional diversity2 – predicts symptoms of psychopathology reported one year later. 

Specifically, individuals who report their emotions in an undifferentiated manner, meaning 

that they tend to lump distinct emotions (e.g., feeling down, irritated, or disappointed) 

into a single construct (e.g., feeling bad), are more likely to report worsening or persisting 

psychopathological symptoms compared to individuals with higher emotional differentiation. 

This can be understood from three perspectives. First, theories on emotion regulation 

propose that low emotional differentiation hampers adequate emotion regulation: if you 

do not know what you’re feeling, you cannot know what to do about it1. Second, a network 

perspective suggests that low emotion differentiation may be reflective of tightly connected 

emotions, meaning that emotions easily trigger each other3. This creates a vulnerable 

network, where an increase in one emotion (e.g., feeling down) can set off a cascade of other 

emotions (e.g., feeling anxious, irritated, etc.)4. Emotional experiences then become all-or-

nothing phenomena, which makes sudden transitions in mental health (e.g., from low to high 

symptom severity) more likely5. Finally, a complex dynamic systems perspective suggests 

that low emotion differentiation may reflect heightened vulnerability for a collapse of the 

system6. That is, if all emotions are experienced as a single construct (i.e., feeling bad), the 
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system can no longer rely on alternative constructs, which in turn increases the probability 

of a sudden transition in mental health. Again, this implies that low emotion differentiation 

may predispose individuals to future psychopathology.

Despite the various theoretical explanations for the relation between emotion 

differentiation and psychopathology, the predictive value of emotion differentiation may 

be limited. Specifically, we found that the relation between emotion differentiation and 

future prognosis disappeared after taking into account mean negative emotionality, which 

has been reported in other studies on emotion dynamics as well7. Thus, in this study, we 

could not disentangle the potentially beneficial effects of being able to experience fine-

grained emotions from the beneficial effect of “not feeling bad” on average. This is in line 

with a recent meta-analysis, which found that relatively complex dynamics – including 

emotion differentiation – may have limited predictive utility above and beyond simpler 

measures – such as the mean emotionality7. The reason for this is that complex dynamics 

conceptually and statistically overlap with the mean7–9. The conceptual overlap between 

mean emotionality and emotion differentiation results from the fact that individuals with 

high levels of negative emotions, such as those with depression or neuroticism, also tend to 

overgeneralize their emotions (e.g., feeling terrible in general)10. Hence, mean emotionality 

and emotion differentiation might be part of the same construct, which could resemble 

neuroticism – a well-established personality trait11,12. The statistical overlap between mean 

emotionality and emotion differentiation is due to range restriction: in case of bounded 

measurements (e.g., a questionnaire rated on a Likert scale ranging from one to seven), a 

low mean constrains the variance of observations13. As a result, mean scores and variance-

dependent metrics share variance. A meta-analysis showed that this shared variance can 

range from 2% (autocorrelations) to 42% (Gini coefficient)7. Emotion differentiation falls in 

between, with 16% of its variance shared with mean emotionality7. We reported a similar 

overlap in chapter 2 (correlation: -0.32, shared variance: 10%). The consequence of this 

overlap is that the predictor that is measured with less error (i.e., mean) takes precedence 

over the other predictor (i.e., emotion differentiation), which is less robust and therefore 

has a weaker relation with the outcome7. Hence, the effect of emotion differentiation on 

psychopathology (and related outcomes7) disappears after accounting for the more robust 

measures (i.e., mean). This means that for predicting the course of psychopathological 

symptoms, emotion differentiation is redundant. 

Chapter 3 also describes the relation between emotion dynamics and future 
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psychopathology. Here, we tested whether the autocorrelation in negative emotions – also 

called inertia14 – is predictive of increases in symptoms. Earlier literature on emotion dynamics 

described inertia as emotional rigidity, reasoning that higher autocorrelations suggest that 

individuals can “get stuck” in a negative emotional state15,16. According to a complex dynamic 

systems approach to psychopathology, inertia rises as individuals become more vulnerable 

for future transitions. This is why rising autocorrelations (or rising inertia) were termed early 

warning signals (EWS). Contrary to our hypothesis, and also in apparent contrast to the 

study we aimed to replicate17, we did not consistently find higher autocorrelations in those 

individuals who reported larger symptom increases. This led us to closely inspect the models 

that were used in our own and this previous study. From this, we learned that in both our 

data and previously analyzed data17, inertia is linked to concurrent psychopathology, but not 

necessarily to the future course of psychopathology. A similar finding was recently reported 

by Houben and Kuppens18, who reported that inertia relates to concurrent depression, but 

not to symptoms of depression one year later reported by youth. Like in chapter 2, the lack 

of a prospective association between inertia and future psychopathology might be attributed 

to another, more potent, predictor in the model, namely baseline psychopathology. In 

chapter 3, this is illustrated by high correlations between baseline and follow-up ratings of 

symptom severity (r = 0.79-0.86). This leads to change scores with little variance, which in 

turn limits the extent to which autocorrelations can explain change scores. In conclusion, 

relatively straightforward and parsimonious measures such as mean negative emotions 

(chapter 2) or earlier psychopathology (chapter 3) suffice for the sole purpose of prediction 

of future psychopathology7. Put simply, based on between-individual studies, the best 

predictor of future psychopathology seems to be earlier psychopathology or overall negative 

emotionality. This conclusion is well known from longitudinal cohort studies19,20.

Although the predictive capacity of emotion differentiation and inertia may be 

limited, these measures are not useless. Rather, they may advance our understanding in 

the emotional processes that characterize individuals with mental health problems, and 

may generate hypotheses about what causes and sustains such problems. For instance, 

both lower emotion differentiation and higher inertia have been considered reflective of 

emotion context insensitivity21. The relations between these measures and concurrent 

psychopathology could mean that psychopathology involves a flattened emotional landscape, 

where different experiences elicit the same emotion. This means that emotions become de-

coupled from environmental contexts and are less responsive to emotion regulation efforts: 
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seeking social support, for example, may not adequately resolve negative feelings. Such 

insight in the emotional underpinnings of psychopathology has raised several hypotheses, 

for instance concerning the evolutionary purpose of mental disorders22, the relation between 

emotional and cognitive inertia23, and the relation between coping strategies or emotional 

resources and emotion dynamics24,25. In sum, the utility of complex emotion dynamics, 

including emotion differentiation and inertia, may lie in their theoretical implications rather 

than their predictive capacity. 

A second nuancing notion pertaining to chapters 2 and 3 is that the lack of group-

level associations between complex emotion dynamics and future psychopathology does 

not rule out the possibility of within-individual associations between both characteristics. 

That is, it is still possible that emotion dynamics change within individuals as they approach 

a shift in psychopathology. This discrepancy of between- versus within-individual findings is 

called Simpson’s paradox26: what holds between individuals does not necessarily hold within 

individuals (supplementary Fig. S11.1). Therefore, chapters 2 and 3 could only provide an 

indirect exploration of the within-individual processes that follow from a complex systems 

approach to psychopathology. A more direct investigation of these processes requires an 

intensive longitudinal design, where individuals repeatedly monitor their mental statel for 

several consecutive months (chapters 5 and 6). Before introducing this design, however, I 

will first elaborate on the type of questions that an intensive longitudinal design can address.

Within-individual hypotheses and a matching study design
Chapter 4 notes the key hypotheses that follow from a complex dynamic approach to 

psychopathology and describes the type of design that can address these hypotheses. 

We hypothesized that transitions in symptoms, such as the onset or sudden worsening of 

psychopathology, are preceded by EWS. Further, we hypothesized that the type of mental 

states wherein EWS occur is predictive of the type of symptoms that arise later on. A similar 

idea received support in ecological and simulation studies27–29. For instance, in a simulated 

ecosystem consisting of a predators and prey species, a sudden transition towards highly 

abundant prey was preceded by EWS in the prey population but not by EWS in the predator 

l Throughout this discussion, I will distinguish between emotions (which were assessed in chapters 2 
and 3) and mental states (chapters 5-10). The latter cover emotions, but also cognitions (e.g., worrying, 
having trouble concentrating), and behaviours (e.g., engaging in social interactions, drinking alcohol).
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population28. The reason that EWS may predict the type of transition that is about to develop 

is that critical slowing down – the process that underlies EWS – does not equally affect all 

parts of the system. Rather, it has a certain direction, meaning only those variables that 

align with the direction of critical slowing down will show EWS prior to a transition. If this 

would hold in the context of psychopathology, the mental state showing EWS could match 

the future state of the system. For instance, EWS in “feeling down” could signal an upcoming 

depression whereas EWS in “feeling irritated” could warn for behavioral problems. 

We explored the directionality of critical slowing down in chapters 3, 9 and 10. 

In chapter 3, we indeed found that autocorrelations in “feeling suspicious” were positively 

related to subsequent symptom increases in the domain interpersonal sensitivity, but not 

to increases in other domains. This tentatively (and indirectly) confirmed our idea that 

mental states congruent with the psychopathological symptoms about to develop would be 

particularly suitable for detecting EWS. However, as we did not find a similar pattern of results 

for symptom increases in anxiety, depression, and somatic complaints, the support for our 

hypothesis was modest at best. In chapters 9 and 10, we investigated the directionality of 

critical slowing down within individuals using three different intensive longitudinal datasets. 

Before discussing the findings from these chapters, I will first introduce the data that we 

collected in order to investigate the hypotheses raised in chapter 4. 

In chapter 4 we posited that an intensive longitudinal design where individuals 

monitor their mental states for several consecutive months allows for examining whether 

EWS foresee symptom transitions within individuals, as well as the directions of such 

transitions. Ideally, individuals should be at-risk for various types of symptoms – meaning 

that transitions can have multiple directions. This design is described in chapter 5, which 

introduces the TRAILS TRANS-ID study that was set-up by our team. Briefly, we recruited 

134 participants from the clinical cohort of TRAILS30, who were considered at increased risk 

for psychopathological symptoms across the entire diagnostic spectrum. This, because they 

had been in contact with an outpatient secondary psychiatric facility already early in life. 

Participants provided daily ratings of 58 mental states for a period of six consecutive months 

– resulting in over one million observations in total. Participants’ compliance, reflected in the 

proportion of completed ratings (88.4%), was higher than the compliance in less intensive 

studies31, supporting the feasibility of this type of design. 

It is possible that the high compliance obtained in the TRAILS TRANS-ID study 

was due an exceptionally high motivation to contribute to the study, which would limit the 
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representativeness of our sample. For instance, it could be that only those individuals who 

were relatively happy and healthy were willing to participate. Alternatively, it is also possible 

that those with relatively severe mental health problems were more likely to participate, 

for example, because they were interested in monitoring their mental health over time or 

because they hoped that their participation in our study could indirectly help others with 

similar problems. Chapter 6 shows that neither of these selection biases were present. 

Further, it shows that TRAILS TRANS-ID participants were at a disadvantage relative to the 

general population on nearly every characteristic. Hence, despite considerable adversities in 

most aspects of life (including physical, psychological, and social characteristics), individuals 

are willing and able to participate in intensive longitudinal designs. Compliance in the diary 

study was not related to most participant characteristics, although individuals with more 

internalizing problems and less externalizing problems and antisocial behavior who did not 

smoke completed more assessments, and thus, might be overrepresented. Despite these 

small biases within this at-risk group, we concluded that intensive longitudinal designs are 

not reserved for only the (un)happy few. 

Within-individual studies into complex dynamic systems principles
With the data collected in the TRAILS TRANS-ID study, I was able to study symptom transitions, 

and the direction thereof, within individuals. These symptom transitions have been proposed 

to happen between relatively stable states, which can be labelled mental health and mental 

disorder32. In chapter 7, I investigated these stable statesm. Specifically, I examined whether 

stable states are indeed restricted to the extremes of the symptom severity spectrum, or 

instead, can also occupy the grey area in between these extremes. Part of this grey area reflects 

subthreshold symptoms of psychopathology, which are characterized by insufficient severity, 

duration, or impairment to qualify as symptoms of a mental disorder, but nevertheless cause 

substantial suffering33,34. Subthreshold psychopathology is often implicitly considered as an 

unstable, transient condition35–45 that marks the transition from one stable state (mental 

health) to another (mental disorder). Yet, we found that the stability of psychopathological 

symptoms does not differ across severity levels. This means that, just like mental health 

m Throughout this thesis, stable states reflect global equilibria that describe individual’s overall mental 
health. Mental states, in contrast, reflect momentary assessments of emotions, cognitions, and 
behaviours (e.g., “at this moment, I am feeling happy”). 
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and mental disorder, subthreshold symptoms may reflect a persisting condition in which 

individuals can “get stuck”. This finding matched the observations we made while collecting 

data, namely, that many individuals seemed to consistently experience problems in daily life 

despite not meeting the formal diagnostic threshold for any clinical diagnosis as assessed 

with the mini-SCAN46. In complex dynamic systems terms, these individuals might be trapped 

into a maladaptive stable state, which should be destabilized in order to facilitate a transition 

towards a healthier state47.

 The shift from one stable state to another may resemble a critical transition. In 

chapter 8, we examined such transitions and investigated whether they are preceded by 

EWS in negative mental states. We found that 20 out of 122 individuals (16.4%) experienced 

a sudden drop in mental health over the course of six months. Most negative mental 

states did not show EWS prior to these drops, resulting in an overall sensitivity of 5.0%. 

In a matched subset of individuals without a drop in mental health, we found fewer EWS. 

Hence, EWS in negative mental states seldomly reflected a true positive – meaning that 

they seldomly occurred when we would theoretically expect them – but were less likely to 

reflect a false positive (i.e., a false alarm) – meaning that EWS hardly occurred when we 

would not expect them (supplementary Fig. S11.2). This could either mean that EWS for 

transitions in mental health in at-risk youth do not exist – implying that the true and false 

positives described in chapter 8 were chance findings – or that the detection of EWS is 

subject to a strict set of conditions. For instance, it is possible that the idea of critical slowing 

down prior to transitions in mental health only holds for a very specific set of individuals 

or psychopathological domains (e.g., remitted individuals who experience a relapse in 

depression48,49). Other possibilities include EWS only being detectable on certain timescales 

(e.g., hour-to-hour assessments of mental states, as opposed to daily assessments)50,51, in 

a specific set of variables28, or for specific types of symptom transitions (e.g., large shifts 

towards an alternate stable state that follow from accumulated instability)52–54. Given the 

potential impact of these parameters on our findings, we next investigated EWS in a different 

dataset, which consisted of 20 individuals with bipolar disorder who experienced transitions 

between depressed and manic episodes (chapter 9). This study examined EWS on a different 

timescale (five assessments per day, as opposed to one assessment per day), in different 

variables (mental states reflecting symptoms of bipolar disorder, such as “feeling agitated” 

and “having racing thoughts”, as opposed to more generic mental states), for different 

types of transitions (shifts between depressed and manic episodes as opposed to drops in 
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mental health), using a different statistical approach (moving window analyses, as opposed 

to generalized additive models). Despite these methodological differences, the results of the 

study were largely in line with what we reported in the previous chapter: EWS were present, 

but were not exclusive to individuals with transitions and differed substantially between 

individuals. To enable a direct comparison between the findings from chapters 8 and 9, I 

calculated overall sensitivity and specificity for chapter 9 (similar to chapter 8, but different 

from the average values that are reported in chapter 9n; supplementary Table S11.1). 

Compared to chapter 8, the overall likelihood of detecting EWS was six times larger (28.1% 

vs. 4.5%o) whereas the percentage of EWS that occurred in individuals who experienced a 

transition relative to the total number of EWS that were detected was similar (54.6-56.6% vs. 

55.6%). As a result, we found a higher sensitivity but a lower specificity of EWS in chapter 9 

(overall sensitivity for transitions towards depression and mania: 26.5% and 32.8%, overall 

specificity: 74.8%) compared to chapter 8 (sensitivity: 5.0%, specificity: 96.0%). This means 

that transitions in bipolar disorders were easier to detect, but also more likely to yield a 

false positive, compared to the drops in mental health experienced by at-risk youth. What 

is preferable in the trade-off between sensitivity and specificity depends on the costs of 

missing a transition. These costs may be higher in patients with a bipolar disorder, for whom 

transitions were defined based on their clinical significance, compared to at-risk youth, for 

whom transitions were defined based on change point analyses and likely less impairing. 

Thus, the results from chapters 8 and 9 are in line with what would be preferred from a 

clinical point of view: at-risk youth rarely receive a false alarm (at the cost of the sensitivity of 

EWS), whereas bipolar patients more often receive a false alarm (in the interest of a higher 

sensitivity of EWS). That said, the sensitivity and specificity of EWS are nowhere near what 

is recommended in the literature – namely, around 80%55,56  - and therefore, far from clinical 

usefulness.

 The limited clinical utility of EWS is further emphasized by their poor predictive 

n Average sensitivity, specificity, and predictive values reflect the mean values across mental states. 
These values are generally higher than the overall values because they are more sensitive to high 
outliers (e.g., predictive values of 100%, which happen when EWS in a mental state never reflect a false 
positive/negative). 
o Note that chapter 9 describes both the autocorrelation and the standard deviation as EWS. To facilitate 
the comparison with findings from chapter 8, which solely examined autocorrelations, my focus here 
is on the results we obtained with autocorrelations as EWS. The overall inferences, however, also apply 
to the standard deviation.
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values. These predictive values may be particularly interesting from an applied perspective: 

if EWS are detected, what is the probability of an ensuing transition towards reduced mental 

health? I compared these predictive values to the probability of a transition if we had not 

monitored EWS (i.e., the prevalence of transitions). Both for at-risk youth and for patients 

with bipolar disorder, the presence of EWS only marginally increased the probability of a 

transition (in at-risk youth: from 16.4% to 19.7%, in bipolar patients with a transition towards 

depression: from 36.0% to 37.1%, in bipolar patients with a transition towards mania: from 

32.0% to 38.0%). Together with the low sensitivity of EWS, this suggests the clinical utility of 

EWS is questionable. 

The limited clinical utility of EWS in at-risk youth and bipolar patients becomes 

even more apparent when compared to alternative approaches to identifying individuals 

at increased risk for mental health problems. For instance, in adolescent inpatients, suicidal 

crises could be predicted two weeks in advance with good accuracy based on daily diary data 

that spanned a period of two weeks (sensitivity: 80%, specificity: 96%)57. An eight-week diary 

study in individuals diagnosed with bipolar disorders reported similar findings, showing that 

suicidal ideation can be predicted one week in advance (sensitivity: 88%, specificity: 95%)58. 

Future risk for other psychiatric problems, including depression, psychosis, and substance 

use, has also been identified with reasonable accuracy20,59–62. It should be noted, however, 

that the design and inferences from the latter studies differ from those in the present thesis, 

and therefore, we cannot directly compare sensitivity and specificity across studies. For 

instance, most earlier studies employed machine learning techniques and included baseline 

psychopathology as a predictor, which puts them at an advantage when compared to EWS, 

which do not incorporate baseline psychopathology. Further, most earlier studies aimed to 

distinguish between individuals with versus without the outcome of interest (e.g., future 

suicidal ideation), thereby operating at the between-individual level. In contrast, EWS could 

theoretically monitor risk within individuals, which may yield insight in the proximity of 

sudden increases in mental health problems for specific individuals. However, findings from 

chapters 8 and 9 do not support this promise of EWS. In conclusion, the question whether 

someone is at risk for mental health problems may at present be more resolvable through 

the risk calculators that have been developed by between-individual studies than through 

EWS61,63,64.

So far, I have only discussed the overall predictive accuracy of EWS across all 

individuals with a transition in mental health relative to those without. However, it might well 
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be that the utility of EWS is specific to certain individuals, for whom the sensitivity, specificity, 

and predictive value of EWS might be more favorable. Such individuals could, for instance, be 

characterized by a particular diagnosis or data with a specific type (e.g., emotions, thoughts, 

or physical experiences), length, or resolution (e.g., many assessments per day for several 

consecutive months49). Whether such characteristics play a role in the detection of EWS 

could not be investigated in the studies described in chapters 8 and 9, and hence remains 

a highly important topic for further research. In conclusion, based on current findings, it is 

likely that if EWS have clinical utility, this would be limited to specific individuals. Thus, if EWS 

would ever find their way into clinical practice, this would first require a clear delineation of 

the type of individuals who may benefit from monitoring EWS.

A final part the hypotheses laid down in chapter 4 concerned the anticipation of 

specific symptom clusters (e.g., depression vs. mania). Specifically, we hypothesized that the 

mental states wherein EWS manifest would foretell the direction of symptom transitions. 

This hypothesis was based on the notion that critical slowing down – the phenomenon that 

underlies EWS – has a certain direction. In chapter 9, we found partial support for the idea 

that EWS may foretell which symptom cluster will arise. Specifically, we found that transitions 

towards a manic episode experienced by patients with bipolar disorder were most often 

preceded by EWS in mental states conceptually related to mania (i.e., having racing thoughts, 

feeling agitated, and feeling full of energy). Transitions towards depression, conversely, were 

most often preceded by EWS in feeling tired. Again, findings were not conclusive, primarily 

because EWS in mental states indicative of depression were not exclusive to transitions 

towards depression, nor were mental states indicative of mania exclusive to transitions 

towards mania. In chapter 10, we adopted a different approach to monitoring the direction 

of critical slowing down. Instead of inspecting the dynamics of individual mental states 

(i.e., within-individual changes in the variance and autocorrelation), as we did in chapter 

9, we examined changes in the within-individual covariance structure of multiple mental 

states. Specifically, we computed the proportion of variance explained by the first principal 

component and the skewness of the scores projected on this component. Together, 

these parameters reflect the direction of critical slowing down, which in turn informs the 

direction of impending transitions65. In a dataset where critical slowing down was already 

established49,66, we confirmed the hypothesis that the direction of critical slowing down 

matches the direction of a future transition (in this case, towards a relapse in depression). 

Next, we examined whether this finding generalizes to more subtle symptom changes 
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occurring over the course of six months. These symptom changes were studied using the 

TRAILS TRANS-ID data – which were also used in chapters 5-8. We found marginal support 

for a link between the direction of critical slowing down and the progression of symptoms. 

Specifically, the indicated direction matched the actual direction of symptom changes only 

in 20-25% of the individuals, and this performance only exceeded chance levels in sensitivity 

analyses. Like in chapters 8 and 9, it follows that critical slowing down (and its derivatives, 

i.e., EWS) does not anticipate every shift in psychopathological symptoms.

Although our approach in chapter 10 was developed in an entirely different system 

– namely, an ecosystem consisting of plants and pollinators65 – its underpinnings are not new 

to research in psychiatry. For instance, the amount of variance explained by the first principal 

component has also been considered indicative of the unidimensionality of a measure67. Such 

unidimensionality can mean that different mental states are experienced as a single, unified 

construct. In other words, high unidimensionality may signal that distinct emotions (e.g., 

feeling down, irritated, or disappointed) all lie on the same continuum (e.g., feeling bad). 

This may sound familiar. Indeed, we investigated a similar phenomenon in chapter 2 (there 

labeled emotional complexity). We have thus come full circle: we started out with exploring 

whether between-individual differences in the diversity of emotions predict prognosis in 

terms of mental health, and ended with examining whether rising unidimensionality (or 

declining diversity)3,5 within persons predicts symptom improvement or worsening over the 

course of six months. This is not to say we are back at the start, but rather, that seemingly 

different concepts such as emotional complexity and the direction of critical slowing down 

sometimes have a similar operationalization. Likewise, a single operationalization can be 

understood from different perspectives. This may provide a new angle for understanding a 

well-known concept, which could be considered the core of this thesis: like studies on the 

directionality of critical slowing down may inform studies on emotion dynamics (and vice 

versa), complex dynamic systems theory may inform psychiatry.

Wrapping-up
This thesis explored a complex dynamic systems approach to psychopathology, described 

the data that are required to test the hypotheses that follow from this approach, and finally 

also examined several of these hypotheses. The first two empirical chapters, which both 

described between-individual studies, strongly link with studies into emotion dynamics. 

Through the lens of complex dynamic systems, these chapters indirectly addressed 
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whether diversity of the system indeed protects against sudden shifts in psychopathology 

(chapter 2) and whether critical slowing down may precede such shifts (chapter 3). Both 

studies were on a between-individual level, and therefore, they could only indirectly test 

complex dynamic systems principles. Chapters 4-6 described that studying within-individual 

processes requires intensive longitudinal designs, and further showed that such designs 

are feasible, yield potentially meaningful data, and are not subject to selection bias. Finally, 

chapters 7-10 provided an illustration of the type of inferences that can be drawn from 

intensive longitudinal data. Specifically, in chapter 7 we reported that stable symptom states 

might manifest not just as mental health or a mental disorder, but also as subthreshold 

psychopathology. Chapters 8 and 9 showed that sudden shifts between stable symptom 

states are sometimes preceded by EWS, but sensitivity, specificity, and predictive values of 

these EWS are currently too low to support their widespread clinical implementation. In 

chapter 10, we showed that critical slowing down might be informative for the direction 

of future symptom shifts, but this only held for a subset of individuals (namely, those with 

larger absolute shifts) and clinical utility therefore remains speculative. Taken together, this 

thesis aimed to understand the progression of psychopathology from a complex dynamic 

perspective. This endeavor brought to light several lessons as well as follow-up questions 

that will help moving our field forward, which I will address below. 

Lessons learned

Lessons learned from within-individual research
This thesis started off with a description of between-individual studies, followed by studies 

that highlighted the potential of within-individual designs. The final chapters illustrated 

the results and inferences that within-individual designs may yield. An often-proposed 

advantage of these designs is that they can accommodate the person-specific nature of 

psychopathology68–70. This is because within-individual designs compare individuals to 

themselves rather than to others, thus allowing each individual to have a unique expression 

of psychopathological symptoms68. In support of this personalized approach, Wright and 

Woods71 wrote: “There may well be as many manifestations of psychopathology as there are 

persons to experience them”. Evidently, there exists a tension between this person-specific 

nature of psychopathology on the one hand, and our wish to establish generic principles 

that may explain the development of symptoms on the other hand. The latter wish led me to 
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summarize over one million observations into a two-by-two table (chapter 8). Based on this 

table, I concluded that the complex dynamic systems principles we investigated do not hold 

for everybody – if they hold at all. This might mean that we should abandon the quest for 

generic, one-size-fits-all complex dynamic systems principles in the context of psychiatry and 

instead allow for more personalization. I see two ways of doing so. First, we could investigate 

whether complex dynamic systems principles hold for a specific subset of individuals, for 

instance defined by their demographic or clinical characteristics (e.g., having a history of 

mental disorder) or by their data characteristics (e.g., reporting daily mental states with 

sufficient autocorrelation)72,73. Second, we could incorporate the person-specific nature 

of psychopathology into our designs and analyses. This could mean, for instance, allowing 

individuals to monitor mental states that matter to them (as opposed to the mental states 

that we as researchers think that matter) or investigating the dynamics of mental states at 

a timescale tailored to the individual. Such adaptations may challenge drawing inferences 

that apply to more than one individual, and therefore may primarily serve settings that favor 

person-specificity above generalizability (e.g., clinical settings).  

Lessons learned from EWS in other fields
The majority of earlier studies evaluated EWS based on their performance in a single system 

(e.g., a single ecosystem, a financial market, or the climate). In contrast, we studied 40 

different “systems” (individuals) in chapter 8 (20 with and 20 without a transition in mental 

health) and 20 different systems in chapter 9. The scope of our studies thus went well beyond 

what is typical in the literature. A notable exception is a study by Burthe and colleagues74, 

who studied 126 different ecosystems. In each system, the authors identified transitions 

(i.e., turning points in the abundance of species) and EWS (i.e., rising autocorrelations and 

variances). They found that EWS had a relatively low sensitivity (autocorrelation: 23.8%, 

variance: 20.0%, supplementary Table S11.1). Of note is that EWS more often reflected a false 

positive (i.e., EWS in absence of a transition) than a false negative (i.e., no EWS in presence 

of a transition). This is different from our findings in chapters 8 and 9, which showed that 

false positives are less common than false negatives. To illustrate, the probability of a true 

positive in our data (autocorrelation: 55%, variance: 37%) was much higher compared to 

the probability of true positives in ecosystems (autocorrelation: 21%, variance: 15%)74. 

Hence, a first lesson that can be drawn from EWS in ecology – where they have a relatively 

long history75 – is that EWS are not perfectly predictive74,76. The tendency to evaluate single 
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systems may have obscured this imperfection: if EWS precede the single transition that is 

evaluated, they may appear to be flawless.

Based on the limited sensitivity of EWS and the considerable frequency of false 

positives, Burthe and colleagues74 concluded that “using variance and autocorrelation as 

early warnings may be wishful thinking”. However, they also acknowledged that the type 

of transitions that were evaluated may not have matched the requirements for detecting 

EWS. This stresses a second lesson that we can draw from other fields: the definition and 

operationalization of transitions play a key role in the investigation of EWS. If the transition 

is ill-defined, the sensitivity of EWS will be underestimated. Why are well-defined transitions 

so important for evaluating EWS? In short: because critical slowing down (the foundation 

of EWS) is restricted to transitions that have certain mathematical properties. Specifically, 

critical slowing down only happens when gradient systems undergo so-called zero-eigenvalue 

bifurcations. It is beyond the scope of this thesis to elaborate on the technical aspects of 

these bifurcations, but it is worth noting that they can involve not only the “classical” critical 

transition (i.e., fold or saddle node bifurcations) but also more gradual changes in systems 

(e.g., Hopf bifurcations, transcritical bifurcations)53,54,77. At the same time, abrupt transitions in 

systems are not necessarily classical critical transitions, but can also follow from, for instance, 

large external shocks54. It follows that the empirical investigation of critical slowing down 

prior to sudden transitions is far from straightforward: not all sudden transitions fulfill the 

mathematical requirements for detecting critical slowing down, and simultaneously, some 

gradual transitions do fulfill those requirements (see Fig. 11.1 for a schematic illustration)53,78. 

This may contribute to both false positives (i.e., detecting EWS in absence of a transition) as 

well as false negatives (i.e., not detecting EWS in presence of a transition). Perhaps some of 

our findings in chapters 8 and 9 can be explained by this, as we found that EWS did not occur 

for every transition (false negatives), and also occurred in individuals who did not experience 

a symptom transition (false positives). 
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Fig. 11.1. Schematic illustration of when EWS are (not) to be expected. This illustration was inspired by 
a figure from Boettiger et al.53 and conveys that (i) not every sudden transition is preceded by EWS and 
(ii) some gradual transitions are preceded by EWS. Both situations are often ignored.

Despite the crucial role of transitions in the theory on EWS, most empirical studies did not 

formally define transitions. Rather, it seems that any large change in a system has been 

considered as a potential critical transition that might be anticipated by EWS79. This is 

problematic because it misleads the evaluation of EWS. That is, judging EWS by their ability 

to foresee events they are not (theoretically) expected to foresee is much like judging fish 

by their ability to climb trees. To arrive at a reliable conclusion about the utility of EWS, we 

should therefore aim to better characterize the transitions that systems exhibit. I see two 

approaches to achieving this. First, we could attempt to evaluate whether our time series 

are sufficiently similar to simulated time series that contain a classical critical transition (i.e., 

a zero-eigenvalue bifurcation)80. This could be achieved, for instance, using deep learning 

algorithms81. Second, we could check whether our time series show so-called hallmarks of 

non-linearity, namely alternative stable states and hysteresis79,82. Such hallmarks considerably 

increase the likelihood that EWS anticipate transitions in the time series79. The idea of 

alternative stable states implies bistability83: individuals can reside one stable state or the 

other, but not in the region in between (Fig. 11.2). Since systems cannot occupy the instable 

region in between two stable states, shifts between stable states may occur in a stepwise 

version (e.g., sudden onset, progression, or relapse of symptoms)p. Hence, bistability is a 

prerequisite for critical transitions. Hysteresis is strongly linked to the concept of alternative 

stable states82, and refers to the phenomenon that a system’s response to an environmental 

driver depends on its current state79. For instance, in the context of psychiatry, this could 

p Note that this assumes a fast-responding system and a relatively slow driver93.
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mean that the effect of chronic stress (a hypothetical environmental driver) on an individual’s 

mood depends on the individual’s current state (e.g., mental health vs. mental disorder). It 

is noteworthy that chronic stress (e.g., poverty or a somatic disease) differs from the stress 

evoked by daily events that cause temporary dips or uplifts in mood (i.e., perturbations). 

Whereas chronic stress may affect the overall stability of a system’s state (e.g., mental 

health), day-to-day events cause fluctuations around this state (e.g., feeling happy or sad, 

depending on what just happened). As noted previously, these fluctuations may linger as the 

system’s state loses stability. For instance, if chronic stress accumulates (e.g., from one to five 

imaginary units), the healthy state may become increasingly unstable, and the effect of daily 

events on an individual’s mood may prolong. At the individual’s tipping point, the healthy 

state becomes so unstable that only a minor perturbation can evoke a transition towards 

a disordered state. Hysteresis refers to the phenomenon that this transition can only be 

reverted if the environmental driver is reduced beyond the level at which the system reached 

its previous tipping point4. This means that chronic stress levels should be reduced beyond 

five (e.g., to three) in order to facilitate a transition back to mental health (Fig. 11.2). In other 

words, across a certain range of chronic stress, the system can be in either one state (e.g., 

mental health) or the other (e.g., mental disorder). Hence, the relation between the system’s 

state and the driver is nonlinear. 

 There are several approaches for assessing whether alternative stable states 

and hysteresis are indeed present. For instance, the existence of alternative stable states 

implies that mental states should be distributed around two modes (i.e., bimodality)6. 

Such bimodality can be inferred from a histogram of the observations or from comparing 

the fit of models that assume one versus two states5. For instance, based on longitudinal 

assessments of depressive symptoms, Hosenfeld and colleagues5 found that the majority 

(66%) of individuals diagnosed with depression showed bimodal distributions in their 

symptom ratings. Hysteresis can be examined by checking whether the relation between a 

hypothetical driver (e.g., chronic stress) and outcome (e.g., severity of psychopathological 

symptoms) is better captured by a regression model with or without an interaction term6,79. 

There are more refined methods for checking hysteresis, but these are also data demanding 

(e.g., require long time series with numerous shifts between stable states)82. In any case, 

it should be noted that the outlined methods for inspecting alternative stable states and 

hysteresis are at best indirect indications for the presence of a fold bifurcation6. This means 

that it is not possible to guarantee the presence of a classical critical transition. Nevertheless, 
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indirectly inspecting these hallmarks of non-linearity may still be better (more informative) 

than not inspecting this at all.

Fig. 11.2. Alternative stable states and hysteresis in the context of psychiatry. If transitions in mental 
health indeed resemble the critical transitions observed in other complex dynamic systems, they may 
occur as follows: a gradual change in a driver (e.g., chronic stress) causes an individual (purple dot) 
to reach their tipping point (red dot). The dotted purple line illustrates uplifts and dips in mood (i.e., 
fluctuations around the individual’s stable state). Despite these perturbations away from the stable 
state, the stable state is eventually restored. Close to the tipping point, only a small perturbation (short 
grey arrows) is needed to “push” the individual beyond the tipping point (i.e., right from or above the 
red dot). This triggers a transition towards the alternate stable state. The black dotted line reflects an 
instable region, meaning that the individual cannot remain in a state in between mental health and 
mental disorder. For a certain range of chronic stress levels, the system can reside either in the healthy 
or the disordered state. This reflects hysteresis: in order to reverse a transition, the environmental 
driver should be lowered beyond the level at which the other tipping point is reached. Note that the 
labels in this illustration are arbitrary: alternative drivers could be conceived, and the stable states 
could also reflect, for instance, mental health and subthreshold psychopathology. 

Besides alternative stable states and hysteresis, there are several other assumptions that 

should be met in order to apply complex dynamic system principles such as EWS. First, the 

system under consideration should show signs of feedback mechanisms72,84. This means that 

there should be autocorrelation: the system’s current condition should be dependent on its 

previous condition. This in turn implies that the system behaves non-randomly, which can be 

checked using Bartels rank test. As an example, Olthof and colleagues85 showed that most 

mental states in the dataset that we also analyzed in chapter 10 fluctuate non-randomly, 

suggesting that the assumption of feedback mechanisms was met. Second, EWS are only 

detectable if they are measured in the right variables28,29,86. Whether a variable is “right” 

depends on the system under consideration, and more specifically on (i) the direction of 

perturbations and (ii) the direction of critical slowing down28,29. For instance, EWS in “feeling 
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anxious” will only appear if (i) the events that an individual experiences cause fluctuations in 

feeling anxious and (ii) critical slowing down manifests in feeling anxious, meaning that feeling 

anxious should be one of the variables that show an increasingly slow return to equilibrium 

as the tipping point approaches. Further, EWS may be particularly pronounced in variables 

that are directly (and not indirectly) affected by an environmental driver87. Speculatively, 

this could mean that EWS in a mental state that precipitates anxiety (e.g., worrying) might 

be stronger and earlier than EWS in feeling anxious. It follows that selecting the variables 

in which EWS should be monitored requires a solid understanding of the system, e.g., 

with respect to the processes that take place as a system approaches its tipping point. A 

final requirement for detecting EWS pertains to the length and resolution of time series 

data53,88,89. Recommendations regarding the amount of data that is required for detecting 

EWS substantially vary across studies and simulation settings: the sensitivity of EWS in time 

series of 100 observations may range anywhere between 50%90 and 90%91. In practice, EWS 

have been applied in time series of 40 observations89, but also in much longer time series 

(e.g., 2,600-27,000 observations89,92). Hence, although the length and resolution of time 

series matter91, it is difficult to establish an optimal number and frequency of observations for 

detecting EWS. Again, what is optimal may depend on the system under consideration: the 

extinction of coral reef may take several decades to unfold and therefore requires long-term 

time series, whereas transitions in small lakes may take place over several months and can be 

examined in shorter, fine-grained data93. This illustrates that knowing the timescale at which 

processes take place is crucial for determining the optimal length and resolution of data (this 

topic is further discussed in section Timescales). In conclusion, a final lesson that can be 

drawn from other fields is that the detectability of EWS depends on the methodological and 

analytical choices that are made – namely, the type of variables that are monitored as well as 

the frequency and duration of monitoring. These choices should be informed by the system’s 

characteristics, but also by what is practically feasible. Importantly, tailoring methodological 

choices to the system may be easier when a single system is studied (e.g., an ecosystem) 

compared to when multiple systems are studied (e.g., in the context of mental health, where 

each individual represents a unique system). A universal optimal methodological approach 

to detecting EWS in the context of mental health thus seems unlikely. Even a less generic 

approach is challenging, since the knowledge that could guide methodological choices is still 

largely lacking. Hence, we are only in the beginning of exploring complex dynamic systems 

principles, and the modest results reported in this thesis should not be considered definite.  
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The overall picture that emerges from ecological studies into EWS is that applying 

complex dynamic systems principles in real-world systems (such as mental health) requires 

detailed insight in the dynamic properties of the system. This includes, for instance, insight 

in the type of transitions that take place, the timescale at which such transitions unfold, and 

the variables that may show EWS. The necessity of such a priori understanding is somewhat 

ironic, given that EWS have frequently been put forward as tools that allow for anticipating 

system behavior despite limited knowledge of the system (e.g., in terms of underlying 

mechanisms)6. This is also what seemed attractive in the context of psychopathology: EWS 

would enable us to anticipate symptom progression without necessitating detailed insight into 

the mechanisms that underlie mental ill-health (e.g., genes, neurophysiological processes, 

social and psychological characteristics, etc.)94. Yet, a deeper look into the requirements for 

detecting critical slowing down shows that EWS are not agnostic. That is, their successful 

application requires insight in the dynamics of a system. Perhaps this is why simulation 

studies77,90,95 – where the mathematical properties of systems are known in advance – are 

usually more successful in detecting EWS compared to empirical studies74,76,79,92.

Lessons learned from EWS in psychiatry 
The initial promise of a complex dynamic systems approach to mental health was to 

anticipate symptom transitions within individuals, in real-time. I will reflect on this promise 

from clinical, practical, ethical, and theoretical viewpoints. The first three viewpoints consider 

the scenario that EWS would indeed accurately anticipate transitions in mental health – 

which is not supported by present findings. Hence, my thinking in what follows is based 

on the assumption that, in time, we will be able to fulfill the promise of a complex dynamic 

systems approach to mental health. The theoretical perspective zooms in on the discrepancy 

between the inferences we would like to draw and the inferences that we are currently able 

to draw from EWS. Further, it highlights the gap between the assumptions related to EWS 

and our current understanding of psychopathology. This gap should be addressed by future 

research in order to definitively reject (or accept) the hypothesis that complex dynamic 

systems principles may translate to psychopathology.

Clinical viewpoint: early intervention

The idea that transitions in mental health may be anticipated by EWS means that if an 

individual would repeatedly monitor their mental states (e.g., every evening), they (or their 
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clinician) would be able to infer their vulnerability for a sudden change in their mental 

health. This has clear clinical utility: if mental health problems could be recognized before 

they arise or worsen, we could try to avert them. For instance, early interventions may 

promote social support, psycho-education, and vocational functioning, thereby fostering 

resilience and preventing worsening of symptoms96. An illustrative example of such early 

intervention efforts concerns headspace97, which was developed in Australia and recently 

emerged in the Netherlands, where it is named @ease98. Headspace provides a soft entry 

to mental health care through “one-stop shop” locations where youth receive help from 

both clinical and non-clinical personnel97. Such a service may be particularly useful for 

individuals whose complaints are not (yet) severely impairing. For 60% of youth, engaging 

in headspace significantly improves psychological distress and/or psychosocial functioning99. 

Given that individuals attend headspace for highly varying reasons and number of sessions, 

this improvement rate can be considered a good outcome99. In more controlled settings 

such as randomized controlled trials, early interventions have also proven effective. For 

instance, meta-analyses of randomized controlled trials showed that early interventions 

reduce the subsequent incidence of mental disorders over one year by 19% (depression100), 

54% (psychosis101), and 43% (anxiety disorders102). Early interventions are most profitable 

for youth, in whom psychiatric problems often emerge for the first time103. We therefore 

investigated adolescents around 18 years old (chapters 2 and 3) and young adults between 

21 and 24 years old (chapters 5-8, 9-10). If future research succeeds to anticipate changes 

in their mental health with sufficient sensitivity and specificity, we could potentially bend 

the outcome of the downward spiral that marks the progression of mental health problems.

 

Practical viewpoint: collecting the data

From a practical point of view, studying complex dynamic systems principles is demanding: 

it requires high-resolution, long-term time series of mental states to measure the dynamics, 

such as EWS. Such data are easily simulated72, but much harder to collect. Although this thesis 

showed that individuals are willing to keep diaries of their mental states for prolonged periods 

of time, it should be noted that acquiring these data requires a considerable investment of 

time and money on the part of participants and researchers. A practical work-around might 

be to rely on passively collected data, for instance by monitoring social interactions, physical 

activity, or smartphone data104. As an example, a meta-analysis reported weak support for 

a relation between passively monitored social interactions (inferred from the duration and 
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frequency of phone calls) and symptoms of depression, but stronger support for the relation 

between time spent at home (inferred from GPS tracking) and depression105. These passively 

collected data have the additional benefit that they are perhaps more “objective” (i.e., less 

prone to measurement error) compared to self-reported data. Still, passively collected 

data have their own particular challenges. For instance, the use of physiological data for 

monitoring critical slowing down would force us to rethink the system we are evaluating. At 

present, I conceptualized this system as a network of interacting mental states (e.g., I felt 

down, I worried, I used (soft)drugs). This fits well with how psychopathology is defined in 

diagnostic manuals, namely, as an enduring and impairing pattern of emotions, cognitions, 

and behaviours. Passively monitored data, such as phone usage, thus have a more indirect 

relation to psychopathology compared to assessments of mental states. In conclusion, 

although passively collected data have some practical advantages over self-report data and 

may be promising for the purpose of prediction (e.g., using machine learning), their suitability 

for monitoring EWS and understanding mental health remains to be confirmed. 

 An alternative solution to the data demands imposed by a complex dynamic systems 

approach is to further improve our current assessments of mental states. It has been noted, 

for instance, that momentary assessments (e.g., “how do you feel right now?”) may be more 

suitable for detecting sudden transitions compared to retrospective assessments (e.g., “how 

did you feel during the past day?”)90. Second, the context in which certain mental states 

occur should be taken into account9. This might also yield more insight in the perturbations 

that individuals are exposed to. Finally, we could consider further personalizing our designs. 

This would, for instance, mean that a certain construct (e.g., anxiety) is measured with 

different items for different individuals. Such personalization might limit the generalizability 

or widespread application of intensive longitudinal designs, but this is likely compensated for 

by the reduced measurement error in the data. In conclusion, there is room for improvement 

in the intensive longitudinal assessment of mental states. Although the present thesis 

yielded modest findings with regard to the predictive utility of warning signals in intensive 

longitudinal data, it is also among the first works to show that collecting such data (in an 

at-risk population) is possible. The empirical work in this thesis therefore awaits follow-up 

research that may further improve the quality of mental state assessments.

Ethical viewpoint: knowledge is power versus ignorance is bliss

The reasoning throughout this thesis has been that attempting to anticipate impending 
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psychopathology is worthwhile. However, it can be questioned whether it is ethical to let 

individuals know that they are likely to experience mental health problems in the near future. 

And if so, how will individuals react to such knowledge? Individuals may try to avert the 

prognosis that they were given, for instance by seeking social support or engaging in pleasant 

activities. Alternatively, individuals could also submit to their prognosis, fueled by a sense of 

inevitability. This could turn the prognosis into a self-fulfilling prophecy. As an illustration, it 

has been shown that individuals who have been falsely informed that they are genetically 

predisposed to develop depression retrospectively report more severe depressive symptoms 

and have less faith in their ability to cope with stress compared to individuals who did not 

receive such information106,107. Knowledge about the risk for mental disorders may also 

negatively impact how individuals are treated by others. For instance, parents of children 

who were declared at increased risk for metabolic disorders report higher levels of stress 

and anxiety compared to parents of children who screened negative108. A similar reaction 

may hold in the context of mental disorders. Despite these concerns, both the general 

population and at-risk populations have a positive attitude towards knowing their risk for 

psychopathology in advance109,110. Whether they have something to gain from this knowledge 

depends on the circumstances. If psycho-education (e.g., an explanation of what it means 

to be at increased risk), preventive interventions or early treatments are both available 

and effective, being warned for potential onset or worsening of mental health problems in 

advance may be beneficial106,107,109. Otherwise, knowing one’s risk for psychopathology may 

do more harm than good.

Theoretical viewpoint: expectation versus reality

Our hopeful expectation was that EWS would enable a real-time prediction of whether and 

when individuals will experience a transition towards a particular cluster of psychopathological 

symptoms. Over the past years, however, I learned that the inferences we can draw from 

EWS are more modest. First, it has been shown that EWS cannot inform on the exact 

timing of transitions in mental health54,77. Such transitions happen at a tipping point, which 

reflects a situation where the instability of the system’s current state (e.g., mental health) 

has accumulated to such an extent that a transition towards an alternate state (e.g., mental 

disorder) becomes inevitable6. Importantly, however, complex dynamic systems never 

reach their tipping point. Rather, transitions occur already before the tipping point, due 

to a stochastic (unpredictable) environmental perturbation54. In case the system’s current 
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state is relatively stable, a large perturbation is needed to provoke a transition. Conversely, 

if the system is highly unstable, a small perturbation can cause the system to pass its tipping 

point. In the context of mental health, for instance, a minor event can cause an already 

vulnerable individual to experience a transition towards psychopathology. Given the role of 

these environmental perturbations in eliciting transitions, the predictive capacity of EWS is 

inherently limited. That is, EWS may monitor vulnerability, but cannot tell when the system is 

pushed towards an alternate state. This means that we may theoretically be able to infer that 

a transition towards increased mental health problems is increasingly likely, but we cannot 

predict when it will occur. This limitation is not specific to EWS in the context of mental 

health, but rather, applies to the broader field of complex dynamic systems. The extent to 

which it limits the theoretical usefulness of EWS is, however, debatable: if systems are only 

mildly perturbed – meaning that the daily events that people experience do not affect their 

mood too much – systems may come close to their tipping point, and we may theoretically 

be able to predict transitions with sufficient accuracy. Whether this holds in the context of 

mental health is still unsure, as we know little about (the impact of) the daily events that 

people experience. Unfortunately, monitoring these daily events is not straightforward. As an 

illustration, the study we conducted (TRAILS TRANS-ID, described in chapter 5) allowed for 

monitoring daily events by means of taking notes, but we noticed that participants differed 

in their tendency to use this option (some never took any notes, others provided detailed 

reports of what happened today). Hence, verifying the role of perturbations in transitions in 

mental health is important but complicated, and requires further research. 

 A second concern that I became more aware of during the past years is that EWS 

do not have reference values, meaning that it is impossible to interpret their absolute 

value111. Hence, there are no absolute thresholds or cut-offs for EWS. EWS are therefore 

only informative in a relative sense – for instance, as indictors of increasing vulnerability (i.e., 

declining resilience). In acknowledgement of this, EWS have been relabeled as “resilience 

indicators”54,112–114. This term may better capture the capacity of EWS, because it stresses 

that EWS merely indicate that present resilience is lower than previous resilience. In 

acknowledgement of the limited predictive capacity of EWS, the literature on EWS describes 

these signals as anticipatory instead of predictive90: EWS may precede transitions, but are not 

suited for predicting if and when these transitions will occur111. Again, this limitation is not 

specific to our studies, but applies to all studies into EWS. Also, the lack of reference values 

can be overcome. For instance, it has been suggested that an increased autocorrelation of 
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two standard deviations (relative to the autocorrelation during a normative, stable situation) 

can be considered meaningful or significant (e.g., stable period: autocorrelation of 0.3±0.2, 

instable period: autocorrelation of 0.6±0.2)115. This introduces new challenges, such as the 

delineation of a stable period, but also illustrates that – with further empirical research – it 

might be possible to derive reference values (and decision thresholds) for EWS. 

  A third important element of the promise of a complex dynamic systems approach 

is the notion of symptom transitions. Such transitions can involve a sudden increase or 

decrease in the severity of psychopathological symptoms. From repeated assessments of 

symptom severity, we know that these transitions indeed happen48,49,116–119. However, as 

already explained in section Lessons learned from EWS in other fields, it is unknown whether 

these transitions indeed resemble the type of transitions that are preceded by critical slowing 

down, and by analogy, EWS. In other words, in most empirical settings, it is unclear whether 

EWS should be expected at all79. As already touched upon, this complicates rejecting the 

hypothesis that EWS precede transitions: the absence of EWS can also be attributed to 

ill-defined transitions. It is important to add that the transitions that would theoretically 

be optimal for detecting EWS – namely, transitions that occur through a fold bifurcation 

(section  Lessons learned from EWS in other fields) – are not necessarily clinically meaningful. 

This is because a fold bifurcation is defined by mathematics, whereas clinically meaningful 

transitions can be defined as significant deviations from a norm. This norm can be derived 

from comparisons between the general population and populations who meet diagnostic 

criteria, or from the individual’s past. Although transitions that occur through fold bifurcations 

and clinically meaningful transitions may overlap, they do not do so by definition. Thus, it is 

difficult to derive an optimal definition of transitions in mental health: clinically meaningful 

transitions are not necessarily preceded by critical slowing down (and, by analogy, EWS), 

whereas theoretically meaningful transitions that are by definition preceded by critical slowing 

down may not capture all important symptom changes (and therefore lack clinical utility).  In 

the end, how to define transitions depends on one’s inferential goals. From a theoretical 

perspective, for instance, transitions should be defined by their statistical properties (e.g., by 

the type of bifurcation that is involved), the reasoning being that definitive conclusions about 

the utility EWS can only be drawn if certain assumptions pertaining to critical slowing down 

are met. A more pragmatic, clinical perspective, in contrast, would favor transitions with a 

clear clinical meaning, the reasoning being that EWS will only be useful if they anticipate 

clinically significant outcomes. This is also the perspective I took in this thesis: chapter 8 
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concerns sudden drops in mental health (i.e., sudden decreases in day-to-day mental health 

relative to individuals’ average), chapter 9 considers changes in symptoms exceeding clinical 

cut-offs, and chapter 10 involves changes in symptom severity over the course of six months 

of varying magnitude. I could not verify whether (or to what extent) this definition violated 

the assumptions of critical slowing down, and hence, future work is needed to determine 

whether and where fold bifurcations and clinically meaningful transitions intersect.

A fourth and final part of the promise that EWS convey concerns the anticipation 

of transitions in real-time. With this, I mean that we should theoretically be able to infer 

critical slowing down without already knowing the future. In practice, however, EWS are 

often investigated in historical data, where the future is known. The studies described in 

this thesis are no different in this regard. We first detected transitions (chapters 8 and 

9) – which allowed us to know the future – and subsequently examined whether EWS 

preceded those transitions. This approach matches the vast majority of empirical studies 

into EWS, and provides an idea of the probability of EWS given that there is a transition (i.e., 

P(EWS|transition), or the sensitivity). From an applied perspective, however, it is perhaps 

more interesting to know the probability of a transition, given that we observe EWS (i.e., 

P(transition|EWS), or the positive predictive value). This probability can only be inferred if 

we inspect EWS in absence of transitions. For instance, we could treat every point in a time 

series as a potential transition-point, and subsequently inspect whether EWS precede this 

point. For the TRAILS TRANS-ID data, this would entail making ±184 predictions per person 

(one for every time point), instead of just one prediction. Such an approach would likely 

yield numerous false positives, but also provides a more accurate representation of what we 

would face if we truly examined EWS in real-time. Unfortunately, empirical studies on EWS 

that investigated systems without transitions are scarce (but see Burthe et al.74). This led 

others to warn for the “the prosecutor’s fallacy”120 and the “conjunction fallacy”121, which 

both describe that exclusively focusing on systems with transitions may lead to confusing 

the sensitivity of EWS with their predictive value. This confusion may have contributed to an 

overly optimistic idea of what EWS have to offer52,120: if transitions are always preceded by 

EWS, it can be erroneously reasoned that EWS always reflect a true positive. Chapters 8 and 

9 addressed the existing gap in the literature by also examining EWS in individuals without 

transitions. However, we decided to inspect their EWS only for a single non-transition time 

point. This created a fair comparison to those individuals with a transition (for whom we also 

inspected EWS prior to a single time point), but also limited the number of chance findings. 



571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder
Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022 PDF page: 321PDF page: 321PDF page: 321PDF page: 321

General summary and discussion

321

11

Hence, strictly speaking, we may have underestimated the frequency of false positives. 

Nevertheless, the approach we took reflects a first step in the right direction, namely 

away from only confirming that EWS happen prior to transitions and towards investigating 

whether EWS are indeed specific to transitions. A next step could be to investigate EWS in 

real-time (i.e., by updating the prediction upon each new observation), which would be a 

more rigorous test of the idea that EWS may reveal what we do not know yet. 

It can be concluded that if EWS are informative of future transitions in mental 

health at all, they do not predict in real-time, but rather anticipate in hindsight. This is not a 

limitation of EWS per se, but applies to all current efforts to predict mental health: it seems 

that life can only be understood backwards, but must be lived forwards (a famous quote from 

Kierkegaard, later linked to prediction in mental health research by Nelson and Hartman)122. 

At present, therefore, our expectations of EWS do not match reality. This partly has to do 

with limitations inherent to EWS, namely that a precise indication of the timing of transitions 

is impossible. Other concerns have more to do with how EWS have been studied so far and 

can be overcome with further research: EWS do not yet have reference values, it is unclear 

whether transitions in mental health should be expected to follow from critical slowing down, 

and the predictive value of EWS is still ambiguous (let alone their capacity to predict in real-

time). One may wonder whether we should (or could) have been aware of these limitations 

in advance. In an ideal world, yes. In reality, however, it takes time (in my experience, several 

years) and (unexpected) results in order to fully understand how things work. Therefore, I 

consider the lessons laid out above a result of the empirical work in this thesis, rather than 

knowledge that should have been present beforehand.

Prospects of a complex dynamic systems approach to 
psychopathology

The above paragraphs may have given a pessimistic impression of the utility of EWS in the 

context of mental health. Yet, I agree with Scheffer113, who noted that “the glass is not half 

empty, but rather half full, with many unexplored possibilities of filling it further” (p.162). 

Below, I will discuss several of those possibilities. A first important goal for future research 

is to improve our understanding of mental health as a system. Of what elements does this 

system consist and does it indeed check the many boxes of complexity (i.e., alternative 

stable states, sudden transitions, hysteresis, the presence of feedback loops; see also section 
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Lessons learned from EWS in other fields)72,85,123,124? An important related issue concerns the 

determination of the timescale at which processes evolve. This topic resurfaced in most 

chapters, and therefore deserves some elaboration (section Timescales). Provided that we 

can successfully characterize mental health as complex dynamic system, we could look further 

into EWS (section Alternative EWS). A final goal for future research is to look beyond EWS, 

and investigate stable states in mental (ill-)health (section Stable states in mental health). 

Timescales
Complex dynamic systems invariably concern interactions between elements that change 

over time (e.g., interactions between species, cells, or mental states). Hence, to measure 

complex dynamic systems, it is essential to define the timescale at which processes take 

place. By analogy, measuring EWS requires a priori insight in the timescale that is relevant 

for determining a variable’s return to equilibrium (i.e., a stable state). Especially the 

autocorrelation, which was central to chapters 3 and 7-9, crucially depends on the time-

interval between assessments50. As an illustration, your mood now will likely be correlated 

to your mood in five minutes, but less so to your mood a week from now. This implies that 

analyzing autocorrelations in data with differing temporal resolutions should yield different 

findings. In practice, however, autocorrelations were found to have similar associations 

with symptoms of depression whether based on second-to-second assessments125, minute-

to-minute assessments126, hourly assessments (i.e., ten assessments per day)23, or daily 

assessments (i.e., one assessment per day)127. Although all of these studies interpreted 

autocorrelation in the same way – namely, as reflecting emotional inertia – it is likely that 

the carry-over of emotions from second-to-second has a different meaning compared to the 

carry-over over the course of days. However, theories on emotion that explicitly mention the 

timescale at which certain dynamics take place are presently absent, and hence, it remains 

unknown what timescale best captures the phenomenon of interest. To further complicate 

the matter, it might well be that such timescales differ between different mental states. For 

instance, Verduyn128 reported that sadness persists much longer than shame, fear, or disgust. 

This challenges study designs or statistical models that generalize to more than a single 

mental state. I see two solutions to deal with the timescale issue. 

First, we could use continuous-time models to identify how parameters such as 

autocorrelations vary across time129. This would allow for analyzing how autocorrelations – or 

other dynamics, such as cross-lagged correlations – vary across different time intervals and 
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across mental states. By definition, autocorrelations exponentially decline: they peak at the 

smallest possible time interval and then decay130 (supplementary Fig. S11.3). The speed of 

this decay may vary between mental states, and may reveal how quickly a departure from the 

mean – for instance, feeling more anxious than usual – dies out. Cross-lagged correlations, 

in contrast, peak at the interval at which the effect of one mental state (e.g., feeling tired) 

on the other (e.g., feeling irritated) is highest. This peak might reflect the most informative 

time interval, and can be inferred algebraically using a continuous-time framework130,131. 

Continuous-time models are often presented as an alternative to discrete-time models, 

which have been used throughout this thesis. The latter implicitly assume that processes only 

occur at fixed moments in time (e.g., receiving a salary every month). This also means that 

dynamics (e.g., autocorrelations) are considered only at a single time interval, and hence, are 

either present or absent. Continuous-time models, in contrast, assume that processes vary 

continuously over time (e.g., most psychological processes, including emotions). This means 

that dynamics are considered to vary across time, which is in line with what would be expected 

from complex dynamic systems. Importantly, however, these models need some variability in 

terms of the intervals between assessments in order to yield reliable estimates. Continuous-

time models are therefore less suitable to the TRAILS TRANS-ID data, which were collected 

with fixed 24-hour intervals. Additionally, continuous-time models may deal less well with 

unexpected, large deviations (e.g., a sudden, brief increase in negative mental states, for 

instance due to a major life event)132. A final challenge related to these models is that they 

are more complex compared to their discrete-time counterparts. Nevertheless, continuous-

time models are gradually finding their way into research on emotion dynamics133–136. To my 

knowledge, however, continuous-time models have not yet been used to infer the optimal 

time interval at which mental states affect each other (cross-correlation) or themselves 

(autocorrelation; apart from illustrative examples)131.

A second solution to the timescale issue could be to shift our focus away from metrics 

like autocorrelations and towards metrics that are less sensitive to the temporal resolution of 

data (e.g., means and variances)8,91. This suits the recent call for more parsimonious metrics 

in between-individual studies on emotion dynamics7. Briefly, it was reported that between-

individual differences in symptoms of depression7, borderline personality disorder7, well-

being7, and personality9, are better explained by the mean and variance of emotions than by 

more complex measures such as autocorrelations. However, this does not necessarily imply 

that the mean and variance also outperform rising autocorrelations in terms of predictive 

capacity within individuals. Based on simulation studies, for instance, rising autocorrelations 
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have been considered a more robust EWS compared to rising variances91. Empirical studies 

confirmed this: the probability of true positive EWS is higher for the autocorrelation (21%) 

compared to the variance (15%)74. We found a similar pattern of results in chapter 9 

(probability of true positive EWS for the autocorrelation: 55%, variance: 37%). Further, we 

found that rising variances have a lower overall specificity (69%) for detecting transitions in 

bipolar disorder compared to rising autocorrelations (75%) (chapter 9, supplement of this 

chapter). Another reason to be hesitant about rising variances as an EWS is that the amplitude 

of daily dips or uplifts in mood strongly depend on the events that people experience (e.g., a 

birthday party). Complex dynamic systems theory assumes that such events – or perturbations 

– are stochastic. Although this assumption may hold, for example, for ecosystems that are 

randomly perturbed by rain, it may not hold in the context of mental health. People are not 

exposed to random events only, but rather, can exert some control over what happens to 

them (e.g., when deciding whether or not to join the party). A likely consequence is that the 

variance of mental states changes in ways that would not be expected from complex dynamic 

systems theory. For instance, as an individual becomes more vulnerable for depression, they 

may withdraw from events. This would lead to a declining trend in the variance of their 

mental states, whereas critical slowing down predicts an opposite pattern. Autocorrelations 

are less sensitive to trends in perturbations, and therefore, more likely to still show a rising 

trend91. Hence, rising variances as an EWS have their own particular limitations, and are 

therefore unlikely to be a flawless solution to the limitations imposed by the autocorrelation. 

Whether a rising mean reflects a viable alternative to the autocorrelation remains an open 

question. Typically, means are not considered as warning signals for upcoming transitions 

in the context of complex dynamic systems. This is because, theoretically, means are 

not expected to change prior to critical transitions137. This is the very reason why critical 

transitions attracted so much attention in the recent decades: they cannot be foreseen by 

obvious warning signs, such as rising means, but rather follow from an instability that has 

accumulated ‘under the surface’138. From a clinical point of view, however, it seems likely 

that at least for some individuals, the onset or worsening of psychopathology is anticipated 

by a rising trend in, for instance, feeling down, anxious, or irritated. In support of this idea, 

Smit et al.139 showed that rises in feeling restless may predict a relapse in depression two 

months in advance. Similarly, rising trends in negative mental states precede suicidal crises 

in patients with bipolar disorder58. Hence, from a clinical perspective, further investigating 

how individuals’ average mental states change prior to transitions in mental health might be 

worthwhile. 
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Alternative EWS
Provided that we can obtain a solid understanding of mental health as a system, and that this 

system indeed features the (mathematical) properties of complex dynamic systems, further 

investigation of EWS is reasonable. Particularly, it would be interesting to explore alternative 

(and hopefully, more sensitive) metrics of critical slowing down. A first step in this direction 

could be to consider multivariate EWS. In contrast to the EWS described in chapters 8 and 

9, which were based on individual negative mental states (e.g., feeling down), multivariate 

EWS could comprise multiple mental states (e.g., feeling down, irritated, and anxious). 

Such a multivariate signal is likely more reliable than univariate signals, which are based 

on assessments of single mental states with limited reliability7,86,90. Examples of multivariate 

EWS include the maximum value of the covariance matrix140, the autocorrelation of the 

first principal component scores141, and the eigenvalue of the covariance matrix (i.e., the 

amount of variance explained by the first principal component, used in chapter 10)141,142. The 

accuracy of such multivariate signals depends on the properties of the system – e.g., the type 

of noise it is exposed to72 – and therefore, exploring alternative metrics is only warranted 

once we have a better understanding of the system we are dealing with. Also, multivariate 

EWS do not overcome the limitations inherent to EWS – namely, being unable to predict 

the precise timing of transitions and being solely interpretable in a relative sense (section 

Lessons learned from EWS in psychiatry, Theoretical viewpoint). Investigating alternative EWS 

therefore only has clinical utility if these inherent limitations are overcome.

Stable states in mental health
Although this discussion has so far mostly focused on EWS, the potential merits of a 

complex dynamic systems approach to understanding psychopathology reach beyond 

EWS. Specifically, it is interesting to further look into the idea that mental health manifests 

in distinct stable states (attractors). Such stable states are typically labelled mental health 

and mental disorder, but could also represent subthreshold symptoms of psychopathology 

(chapter 7). So far, I have only considered the scenario that both stable states reflect fixed-

point attractors (i.e., equilibria to which the individual returns again and again, for instance a 

stable state of depression or a state of well-being). However, this idea likely (over)simplifies 

the manifestation of psychopathology in several respects. First, it is possible that some 

stable states are better described as limit cycles as opposed to fixed-point attractors. Limit 

cycles reflect an attractor that consists of a cyclic pattern (e.g., predator-prey dynamics)6. 



571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder571089-L-bw-Schreuder
Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022Processed on: 13-1-2022 PDF page: 326PDF page: 326PDF page: 326PDF page: 326

Chapter 11

326

For instance, bipolar disorder (particularly, the rapid cycling subtype that we investigated 

in chapter 9) might be represented as a limit cycle attractor, where manic and depressive 

symptoms alternate, rather than two different fixed-point attractors representing manic and 

depressive episodes. This would mean that the switches between manic and depressive 

episodes do not reflect critical transitions between attractors, but rather, are the attractor. 

Other disorders that might show cyclic patterns may be those that are triggered by specific 

environmental stimuli (e.g., specific phobias, post-traumatic stress disorder). If these 

disorders are indeed better described as limit cycles than as fixed-point attractors, this means 

that EWS would be expected prior to the onset of the cyclic pattern (e.g., depression, mania, 

depression, etc.) rather than prior to the onset of one part of this pattern (e.g., depression).

A second refinement to the idea of alternative stable states is that some states 

in mental health may reflect long transients instead of stable, fixed-point attractors. Long 

transients reflect states that are close to an unstable state and seem stable, which is why 

they have been termed quasi-stable states6,143. Long transients differ from fixed-point 

attractors in that they constitute an intermediate state rather than a stable long-term state. 

As an example, an ultra-high risk state for psychosis could be considered a long transient: 

individuals may be at ultra-high risk for multiple years before they eventually transition to 

psychosis144. Unlike the stable states I considered so far, long transients can give rise to a 

sudden transition in absence of any environmental change145. The distinction between fixed-

point attractors and long transients is interesting because it has implications for how the 

state could be modified6,143,145. Altering a fixed-point attractor requires that it is destabilized, 

which should facilitate a transition towards an alternate (more adaptive) state. In the context 

of psychiatry, this may involve breaking the patterns that maintain a maladaptive attractor 

(e.g., through reappraisal and improving emotion regulation strategies) and strengthening a 

more adaptive attractor (e.g., through behavioral activation)47. Altering a long transient, in 

contrast, can be attained by rapidly intervening on the driver93. In practice, this could mean 

removing a stressful environment. This, in turn, may avert a transition towards a lasting, 

unfavorable state93. 

Despite the fact that long transients may precipitate an unfavorable and potentially 

persisting state, long transients have long been considered innocent and uninteresting93. 

This perhaps parallels how subthreshold psychopathology has sometimes been viewed, 

namely, as trivial in light of the impairments associated with severe psychopathology146. 

However, whether or not subthreshold psychopathology may reflect a long transient remains 
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speculative until some adjacent questions are answered. For instance, if subthreshold 

psychopathology resembles a long transient, there should be another, more stable state that 

develops over a longer timescale. Further, long transients may be particularly likely in slowly 

responding systems – which implies that they could be specific to certain psychopathological 

domains or individuals93. Both of these open questions bring back an issue described earlier, 

namely that we know little about the timescale at which dynamics related to mental health 

take place (section  Timescales). Therefore, the possibility that there are long transients in 

the context of psychopathology can only be investigated once we have better understanding 

of the timescale at which mental (ill-)health develops.

A third consideration related to the idea of stable states in mental health is that 

reducing mental health to just two states may not do justice to the variety of symptom 

expressions that exist (e.g., internalizing symptoms, such as depression and anxiety, versus 

externalizing symptoms, such as behavioral problems and substance use). This led us to 

propose a three-dimensional stability landscape in chapter 4. However, before attempting to 

model this complex, three-dimensional system, we should first improve our understanding 

of bistability in the context of psychopathology. For instance, it would be interesting to 

know when and/or for whom the idea of bistability holds. It could be that under some 

circumstances, systems are bistable (and hence, vulnerable for sudden transitions), whereas 

other circumstances give rise to more continuous shifts between alternate states. This 

suggestion is in line with the observation that psychopathological symptoms shift suddenly 

for some individuals, and gradually for others36. It also matches our finding that although 

almost all at-risk young adults studied in chapters 5-8 and 10 reported a change in their 

symptom severity from baseline to post, sudden drops in their daily reports of mental health 

were rare (prevalence 16.4%, chapter 8). Cusp models allow for addressing differences in 

individuals’ susceptibility to sudden transitions (Fig. 11.3). Specifically, cusp models suggest 

that the degree to which a system is likely to show gradual versus more sudden transition is 

dependent on a third variable. A compelling candidate variable could be the connectivity of 

the overall network of mental states, as it has been proposed that more densely connected 

networks are more likely to undergo critical transitions compared to networks with weaker 

connectivity4. Cusp models have already been applied in other areas of psychology. For 

instance, according to the catastrophe theory of attitudes, transitions in individuals’ attitudes 

(e.g., from being pro towards against Zwarte Piet) happen gradually in case involvement is 

low, but resemble critical transitions at high levels of involvement147,148. Whether a similar 
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principle holds in the context of psychopathology – meaning that the suddenness of 

transitions would depend on the connectivity of the network – awaits empirical investigation. 
 

 

 

 

 

 

 

Fig. 11.3. Illustration of the cusp model to illustrate that bistability in mental health may depend on a 
third variable (e.g., connectivity). It can be seen that the system’s response to increasing stress depends 
on the connectivity of the system: when connectivity is low, the response is gradual, whereas high 
levels of connectivity facilitate a sudden transition.

Concluding remarks
It should be emphasized, once more, that both the exploration of alternative EWS (e.g., 

multivariate EWS) and the further investigation of alternative states in mental health 

(e.g., through cusp models) are only warranted once we have a better understanding of 

the system we are dealing with. Without such understanding, we will be unable to infer 

whether the absence of EWS (or other complex dynamic systems properties) are due to 

violated assumptions (i.e., a true negative) or insufficient data quality or quantity (i.e., a false 

negative, supplementary Fig. S11.2). Therefore, the priority of future research in this field 

should be to characterize the system of mental health in terms of its complex features (e.g., 

bimodality, hysteresis) and its dynamics (i.e., timescales of interest)72,85,123,124. This quest can 

be approached from many different angles. For instance, advanced statistics may allow for 

determining system behavior through continuous-time modeling50,131, formal modeling80, 

or by explicitly testing for complex features5,6,79,85. Such tests have already been applied in 

ecological and climate systems, and may accurately identify those systems that are likely to 

exhibit EWS79. Further, clinical insight is required to determine the types of elements (e.g., 

types of mental states) of which a system of mental health consists. This insight might be 

attained through a collaboration between scientists, clinicians, and patients. Finally, we 
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should pay attention to the psychometric and practical matters that come with measuring 

mental health as a complex dynamic system. For instance, we might increase the reliability 

of our measurements by further personalizing our designs or by replacing individual mental 

states with a smaller set of homogeneous constructs (e.g., derived by principal component 

analyses)149. 

If we fail to characterize the system of mental health, EWS might await the same 

fate as catastrophe theory, which flourished in the 1970s and attempted to characterize 

and predict sudden shifts in various systems using the same mathematical underpinnings 

as EWS147,150. Catastrophe theory was quickly embraced as a tool that could yield “profound 

insight into the universe”151 and has been applied to all sorts of sudden shifts in biology, 

physics, social systems, health, and financial systems147. However, as most of the resulting 

theoretical models appeared to ignore fundamental (mathematical) assumptions underlying 

catastrophe theory, they were quickly disregarded as “rubbish”151,152. These strong critiques 

were later nuanced, with the reconciling notion that we should not throw out the baby 

with the bathwater153. The lesson that can be drawn is that we should be reluctant in 

applying “generic” principles – including EWS, or more generally, catastrophe theory – to 

real-world systems in which the assumptions that underlie the generic principles are not 

fully understood. An improved understanding of what we study and appreciation of the 

assumptions that come with taking a complex dynamic systems perspective will hopefully 

prevent history from repeating itself. 

With this thesis, I hope to have contributed some insights in how complex dynamic 

systems translate to psychopathology. Many parts of this translation are still unresolved, and 

require future research. I believe that this research is worth conducting, not only because 

of the potential clinical merits of complex dynamic systems principles, but also because of 

their theoretical merits. That is, considering mental health as a complex dynamic system may 

lead us to re-think established concepts and generate hypotheses about what triggers and 

sustains psychopathology. This thesis is therefore not the endpoint, but rather, the beginning 

of a scientific journey.
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Fig. S11.1. Schematic illustration of Simpson’s paradox26, adapted from Hamaker154. The large black circle 
reflects a potential group-level association between emotion differentiation and psychopathology: 
between-individual differences in emotion differentiation do not relate to between-individual 
differences in psychopathology. The colored circles reflect potential within-individual associations, each 
color representing a different individual. It can be seen that, as an individual’s emotion differentiation 
declines, their level of psychopathology may increase. Any combination of between- and within-
individual relations is possible; this figure serves only to illustrate why between-individual associations 
need not generalize to the individual level. 

EWS present EWS absent
Transition present True positive False negative
Transition absent False positive/false alarm True negative

Fig. S11.2. Schematic illustration of true and false positives and negatives in the context of EWS. 
Transition here refers to a transition in mental health (either a drop in mental health, as reported in 
chapter 8, or a shift between manic and depressed episodes, as reported in chapter 9). Ideally, true 
positives/negatives should be frequent, whereas false positives/negatives should be seldom. 
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Table S11.1. Overview of the sensitivity and specificity of EWS across studies
Data EWS: autocorrelation EWS: standard deviation

Present Absent Present Absent
Chapter 8 – at-risk youth

Transition 35 665 - -
No transition 28 672 - -
Sens./spec. 5.0% 96.0% - -
PPV/NPV 19.7% 83.8% - -

Chapter 9 – bipolar patients
Transition towards depression 36 100 22 114
Transition towards mania 39 80 47 72
No transition 30 89 37 82
Sens./spec. depression 26.5% 74.8% 16.2% 68.9%
Sens./spec. mania 32.8% 74.8% 39.5% 68.9%
PPV/NPV depression 37.1% 64.4% 22.6% 59.4%
PPV/NPV mania 38.0% 70.3% 37.0% 70.5%

Ecosystems (Burthe et al.74)
Transition 19 61 16 64
No transition 72 - 90 -
Sens./spec. 23.8% - 20.0% -

Note. Sens. and spec. refer to the sensitivity (P(EWS|transition)) and specificity (P(no EWS|no 
transition)) of EWS; PPV and NPV refer to the positive predictive value (P(transition|EWS)) and 
negative predictive value (P(no transition|no EWS)). For readability, I did not denote the probability 
of true positive EWS (i.e., true positives/total no. of positives). In chapter 8, we did not investigate 
the standard deviation as an EWS. The data pertaining to ecosystems serve to illustrate how our 
findings compare to those obtained in other systems. The data concerning EWS in ecosystems have 
been reported by Burthe and colleagues74. As the authors did not report true negatives, I could not 
calculate the specificity, PPV, and NPV of EWS for these systems.
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Fig. S11.3. Autocorrelations and cross-lagged correlations may vary across time intervals. 
Autocorrelations reflect the carry-over effects of mental state 1 and 2 at different time intervals. The 
cross-lagged correlation reflects the extent to which mental state 1 affects mental state 2 at later point 
in time. The studies in this thesis inspected dynamics at a fixed interval (i.e., 24 hours in chapters 
7 and 8-10, 3 hours in chapter 9), which potentially limits the effects we could detect: how much 
autocorrelation 1 and 2, for instance, differ, may be influenced by the time interval. 
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Achtergrond
Veel mensen krijgen ooit in hun leven te maken met een psychische stoornis, zoals depressie, 

verslaving, of ADHD1. Voor 75% van hen begint die stoornis in de adolescentie en vroege 

volwassenheid2. De mentale gezondheid van jongvolwassenen is dus kwetsbaar. Het is 

echter onmogelijk om op individueel niveau te voorspellen of en wanneer die kwetsbaarheid 

toeneemt. Dat maakt het lastig om op het juiste moment in te grijpen, en zo het beloop en 

de gevolgen van psychische problemen gunstig te beïnvloeden.

 Hoe kunnen we er op tijd achter komen of en wanneer een specifiek persoon 

psychische klachten zal ontwikkelen? Dit proefschrift onderzoekt deze vraag door te kijken 

naar wat we kunnen leren van de kwetsbaarheid en weerbaarheid van andere systemen, 

zoals ecosystemen, samenlevingen, en het klimaat. Zulke systemen worden “complexe 

dynamische systemen” genoemd: ze bestaan uit veel verschillende elementen die door 

interacties een evenwicht creëren3. Een interessante eigenschap van dit soort systemen 

is dat ze plotselinge transities (i.e., plotse veranderingen) kunnen vertonen4. Het systeem 

verandert dan van het ene evenwicht (bijv. een tropisch klimaat) naar het andere evenwicht 

(bijv. een ijstijd)4,5. Dit soort transities komen als een donderslag bij heldere hemel: ze kunnen 

veroorzaakt worden door schijnbaar kleine, onschuldige gebeurtenissen, maar hebben grote, 

soms onomkeerbare, gevolgen. Dit heeft veel onderzoekers gemotiveerd om te zoeken naar 

manieren om kritische transities van tevoren te zien aankomen4,6–8. Als dat zou kunnen, 

wordt het wellicht mogelijk om transities met nadelige gevolgen, zoals het uitsterven van 

soorten, het uitbreken van oorlogen, of plotse klimaatveranderingen, te voorkomen. Een 

doorbraak op dit gebied is het inzicht dat kritische transities vooraf worden gegaan door een 

toenemende kwetsbaarheid binnen het systeem9–11. Dit wordt kritische vertraging genoemd: 

naarmate de kwetsbaarheid van het systeem toeneemt, herstelt het steeds trager van 

verstoringen11. Het systeem heeft dan steeds meer moeite om het evenwicht te herstellen. 

Op een gegeven moment is de kwetsbaarheid zo hoog dat zelfs een kleine verstoring een 

transitie naar een ander evenwicht kan veroorzaken. Welk ander evenwicht er ontstaat hangt 

af van de richting van kritische vertraging, ofwel de “zwakke plek” van het systeem12,13.  

 De aanwezigheid van kritische vertraging betekent dat de transities die kunnen 

voorkomen in complexe dynamische systemen beter voorspelbaar zijn dan ze in eerste 

instantie lijken: de donderslag vindt vaak plaats in een hemel die geleidelijk aan steeds 
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donkerder (kwetsbaarder) werd. Als we die toenemende kwetsbaarheid kunnen 

meten, kunnen we de transitie dus voorzien. Een uitdaging daarbij is dat het meten van 

kwetsbaarheid langdurige en frequente metingen (tijdsseries data) vereist. Op basis van dit 

soort data kunnen tekenen van kritische vertraging, ofwel vroege waarschuwingssignalen, 

worden gevonden14. Een belangrijk kenmerk van die signalen is dat ze in theorie voorafgaan 

aan alle kritische transities – ongeacht het systeem waarin die transities plaatsvinden4. Het 

is bijvoorbeeld al bekend dat vroege waarschuwingssignalen voorafgaan aan transities in 

ecosystemen15–17, maar ook aan epileptische aanvallen18, het instorten van samenlevingen19, 

en de uitbraak van epidemieën20,21. De cruciale vraag voor de psychiatrie is of vroege 

waarschuwingssignalen ook voorspellend zijn voor transities in mentale gezondheid. Dit soort 

transities kunnen bijvoorbeeld een plotse toename in psychische klachten betreffen: het 

systeem verandert dan van een gezonde staat, gekenmerkt door weinig psychische klachten, 

naar een ongezonde staat, die gekenmerkt wordt door meer psychische klachten. Als vroege 

waarschuwingssignalen inderdaad voorafgaan aan transities in mentale gezondheid, zou het 

mogelijk zijn om kwetsbaarheid voor toekomstige klachten binnen personen te monitoren. 

Vroege waarschuwingssignalen in de psychiatrie: de belofte en de uitdaging
Als we in staat zouden zijn om met vroege waarschuwingssignalen kwetsbaarheid voor 

toekomstige psychische klachten te monitoren heeft dat veelbelovende implicaties: we 

zouden weten wie er wanneer kwetsbaar is voor psychische stoornissen, zodat we die 

stoornissen mogelijk kunnen voorkomen. Wellicht is het ook mogelijk om met vroege 

waarschuwingssignalen te voorspellen voor welke toekomstige klachten mensen het 

meest kwetsbaar zijn. Dit is met name relevant voor jongvolwassenen, bij wie het risico op 

psychische klachten vaak nog “pluripotent” is22,23. Dat wil zeggen dat de kwetsbaarheid kan 

leiden tot een breed scala aan problemen, variërend van stemmings- en angstklachten tot 

psychoses en gedragsproblemen. Om te onderzoeken of vroege waarschuwingssignalen 

inderdaad nuttig zijn voor het vroegtijdig detecteren van kwetsbaarheid voor een specifiek 

type klachten is het nodig dat jongvolwassenen langdurig hun stemming bijhouden, in een 

periode waarin een transitie in mentale gezondheid waarschijnlijk is. Bij aanvang van mijn 

promotieonderzoek was nog onduidelijk of het verzamelen van dit soort data haalbaar was. 

Het zou bijvoorbeeld kunnen dat langdurige dagelijkse metingen simpelweg te belastend 

zijn. Daarnaast is het mogelijk dat alleen relatief gezonde, of juist relatief getroebleerde, 

jongvolwassenen bereid zijn om langdurig hun stemming bij te houden. Een deel van dit 
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proefschrift is daarom gewijd aan de vraag of en voor wie we mentale gezondheid op deze 

manier kunnen onderzoeken. 

Overzicht van dit proefschrift
In dit proefschrift is onderzocht in hoeverre principes die gelden in complexe dynamische 

systemen de ontwikkeling van psychopathologie kunnen voorspellen en verklaren. In de 

hoofdstukken 2 en 3 hebben we gekeken naar verschillen tussen personen in het beloop van 

klachten. Kunnen we voorspellen wie er later psychische klachten ontwikkelt, en wie niet? 

Vervolgens wordt in hoofdstuk 4 beschreven hoe de ontwikkeling van psychopathologie 

binnen personen onderzocht zou kunnen worden, en waarom dat interessant en nuttig is. In dit 

hoofdstuk worden verschillende hypotheses beschreven die volgen uit het idee dat mentale 

gezondheid beschouwd kan worden als complex dynamisch systeem. In hoofdstukken 5 en 6 

wordt de studie beschreven die we hebben uitgevoerd om deze hypotheses te toetsen. In deze 

studie hebben 134 jongvolwassenen met een verhoogd risico voor psychische problemen 

gedurende zes maanden dagelijks hun stemming bijgehouden. Op basis van de resulterende 

data hebben we onderzocht (i) hoe stabiele evenwichten in mentale gezondheid eruitzien 

(hoofdstuk 7), (ii) of vroege waarschuwingssignalen transities in mentale gezondheid kunnen 

voorspellen (hoofdstuk 8) en (iii) of vroege waarschuwingssignalen kunnen voorspellen 

in welke richting symptomen van psychopathologie zich zullen ontwikkelen (hoofdstuk 

10). Daarnaast hebben we vroege waarschuwingssignalen ook in een andere populatie 

onderzocht, namelijk mensen met een bipolaire stoornis die transities tussen een manische 

en depressieve toestand rapporteerden (hoofdstuk 9). De belangrijkste bevindingen van het 

proefschrift zijn hieronder samengevat. 

Individuele verschillen in kwetsbaarheid
In hoofdstukken 2 en 3 hebben we onderzocht of we op basis van herhaalde metingen van 

stemming toekomstige mentale problemen kunnen voorspellen. Beide hoofdstukken maken 

gebruik van een studie waarin jongeren (N=401, ±18 jaar oud) uit de algemene populatie tien 

keer per dag, zes dagen achter elkaar, vragen over hun stemmingen hebben beantwoord (bijv. 

“Hoe somber voel je je nu, op een schaal van 1 tot 7?”). Een jaar later zijn symptomen van 

psychopathologie gemeten. In hoofdstuk 2 vonden we dat jongeren met een genuanceerde 

beleving van emoties (bijv. “Ik voel me teleurgesteld”, “Ik voel me geïrriteerd”, “Ik voel me 

beschaamd”, enz.) een gunstiger beloop van symptomen hadden vergeleken met jongeren die 
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emoties minder goed leken te onderscheiden (bijv. “Ik voel me slecht”). Vanuit psychologisch 

perspectief kan dit verklaard worden doordat vage emoties lastig te reguleren zijn: als je 

niet precies weet hoe je je voelt, is het lastiger om adequaat op je emoties te reageren24. 

Vanuit het perspectief van complexe dynamische systemen kan onze bevinding verklaard 

worden op basis van het gegeven dat systemen met een hoge diversiteit beter beschermd 

zijn tegen instorten4. Een belangrijke kanttekening bij onze bevinding is dat toekomstige 

mentale problemen ook voorspeld konden worden met een relatief simpele maat, namelijk 

de gemiddelde mate waarin jongeren überhaupt negatieve emoties rapporteerden. Anders 

gezegd: voor het voorspellen van toekomstige mentale problemen volstaat de gemiddelde 

hoeveelheid negatieve emoties, en is het dus niet nodig om de complexiteit van emoties 

te berekenen. Dit sluit aan bij eerder onderzoek25. Samenvattend kan gesteld worden 

dat emotionele complexiteit wellicht inzicht geeft in wat mensen kwetsbaar maakt voor 

psychische klachten, maar niet noodzakelijk is voor het voorspellen van die klachten. 

 In hoofdstuk 3 hebben we op een andere manier gekeken naar de samenhang 

tussen emoties en toekomstige psychische klachten. Specifiek hebben we onderzocht 

of emotionele inertie de toename in psychische klachten voorspelt. Emotionele inertie 

beschrijft de instandhouding van emoties, ofwel de mate waarin het ervaren van een emotie 

nu voorspellend is voor het ervaren van diezelfde emotie op een later moment26,27. Lage 

emotionele inertie suggereert dat emoties snel verdwijnen. Het mentale evenwicht herstelt 

zich dan snel, wat betekent dat het systeem stabiel is en dus niet kwetsbaar voor een plotse 

transitie. Hoge emotionele inertie wijst er juist op dat emoties lang blijven hangen, wat duidt 

op een instabiel systeem dat kwetsbaar is voor een plotse transitie. In hoofdstuk 3 hebben 

we onderzocht of jongeren met een hogere inertie ook een grotere toename in psychische 

klachten rapporteerden, waarmee we tevens een belangrijk onderzoek naar complexe 

dynamische systeem-principes in de psychiatrie hebben gerepliceerd28. We vonden geen 

verband tussen inertie en de toekomstige toename in klachten. Wél vonden we dat inertie 

gerelateerd is aan huidige psychische klachten: hoe meer emoties blijven hangen, des te 

meer mentale problemen iemand rapporteert. Deze bevindingen deden we ook toen we de 

data uit het eerdere onderzoek opnieuw analyseerden met de methode die we gebruikten in 

ons eigen onderzoek28. 

Samengenomen laten hoofdstuk 2 en 3 zien dat psychopathologie samengaat met 

minder complexe emoties – in die zin dat verschillende negatieve emoties beleefd worden 

als slechts één dimensie (bijv. “helemaal niet slecht” – “heel slecht”) – en met meer rigide 
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emoties – in die zin dat negatieve emoties relatief lang blijven hangen. Deze karakteristieken 

zijn echter niet noodzakelijk (emotionele complexiteit) of bruikbaar (emotionele inertie) voor 

het voorspellen van het beloop van psychische klachten over de periode van een jaar. Het nut 

van emotionele complexiteit en emotionele inertie voor het begrijpen van psychopathologie 

ligt dus niet zozeer in hun voorspellende waarde, maar meer in hun bijdrage aan ons inzicht 

in emotionele processen die samengaan met psychische klachten. 

Mentale gezondheid als complex dynamisch systeem: waarom en hoe
Hoofdstuk 4 beschrijft dat mentale gezondheid beschouwd kan worden als een complex 

dynamisch systeem. Dit perspectief op mentale gezondheid zou betekenen dat (i) mentale 

gezondheid gekenmerkt wordt door alternatieve evenwichten (bijv. “gezond” en “ziek”), 

(ii) plotse overgangen tussen deze evenwichten voorafgegaan worden door vroege 

waarschuwingssignalen en (iii) het type psychische klachten waarvoor iemand kwetsbaar is 

afgeleid kan worden uit vroege waarschuwingssignalen. Om deze hypotheses te onderzoeken 

is het nodig dat mensen langdurig hun stemming bijhouden in een periode waarin ze 

kwetsbaar zijn voor een plotse transitie in hun mentale gezondheid. Wij hebben daarom 

de TRAILS TRANS-ID studie opgezet, die beschreven wordt in hoofdstuk 5. Voor deze studie 

hebben we 134 jongvolwassenen (±23 jaar oud) gevraagd om gedurende zes maanden 

dagelijks een vragenlijst over hun stemming in te vullen via hun smartphone (dit wordt ook 

wel een dagboekstudie genoemd). De deelnemers maakten deel uit van het klinische cohort 

van een lopende cohortstudie (TRAILS29). Ze waren in hun jeugd in aanraking gekomen 

met de geestelijke gezondheidszorg, en daarom gemiddeld kwetsbaarder voor psychische 

problemen dan leeftijdsgenoten uit de algemene bevolking. Direct voor, na, en een jaar na 

de dagboekstudie hebben we middels een semi-gestandaardiseerd interview gecheckt of de 

deelnemers voldeden aan de diagnostische criteria voor een psychische stoornis. Daaruit 

bleek dat, bij ieder interview, ongeveer 30% van onze deelnemers klinische problemen 

ervoer. Stemmingsstoornissen waren daarbij het meest voorkomend (19-28%), gevolgd door 

angststoornissen (10-18%) en ADHD (3-7%). 

Een belangrijke bevinding uit hoofdstuk 5 is dat de data die verzameld zijn in de 

TRAILS TRANS-ID studie voldoen aan een aantal voorwaarden die essentieel zijn voor analyse 

van de data. Het bleek bijvoorbeeld dat de dagelijkse metingen een consistente betekenis 

hadden over de tijd, wat betekent dat het mogelijk is om patronen binnen personen te 

onderzoeken. Daarnaast bleek dat een intensieve dataverzameling zoals de onze – waarbij 
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elke deelnemer 183 vragenlijsten invult – haalbaar is. Dat volgde onder andere uit het feit dat 

de deelnemers gemiddeld 89% van de vragenlijsten invulden. Dat betekent niet noodzakelijk 

dat een dergelijke dataverzameling geschikt is voor elke populatie. Het is bijvoorbeeld 

mogelijk dat de deelnemers van TRAILS TRANS-ID bijzonder gemotiveerd waren om mee te 

doen aan onderzoek. Misschien waren onze deelnemers relatief gezond ten opzichte van 

de populatie die we onderzochten, of juist relatief ongezond. Meestal kunnen dat soort 

mogelijkheden niet onderzocht worden omdat er geen gegevens zijn van de mensen die 

niet meedoen aan onderzoek. Omdat onze deelnemers binnen een bestaande cohortstudie 

waren geworven konden wij echter wél onderzoeken of onze deelnemers representatief 

waren voor de bredere populatie (i.e., kwetsbare jongvolwassenen). In hoofdstuk 6 hebben 

we daarom gekeken of onze deelnemers verschilden van (i) jongvolwassenen uit het klinische 

cohort van TRAILS die zich niet hadden aangemeld voor onze studie en (ii) jongvolwassenen 

uit het algemene populatie cohort van TRAILS. We vonden nauwelijks verschillen tussen onze 

deelnemers en de mensen die niet hadden meegedaan, wat betekent dat onze intensieve 

dataverzameling niet voorbehouden was aan de “(un)happy few”. Daarnaast vonden we dat 

onze deelnemers in bijna alle opzichten verschilden van de algemene populatie: ze hadden 

meer psychologische, lichamelijke, economische, en sociale problemen. Onze deelnemers 

waren dus duidelijk kwetsbaar, maar dat belette hen niet om succesvol deel te nemen aan 

een intensieve, langdurige studie.

Stabiliteit en instabiliteit van mentale gezondheid binnen individuen
Met de data van de TRAILS TRANS-ID studie konden we enkele hypothesen onderzoeken 

die volgen uit het idee dat mentale gezondheid zich zou kunnen gedragen als een complex 

dynamisch systeem. Allereerst hebben we gekeken naar alternatieve evenwichten (stabiele 

staten) in mentale gezondheid. Meestal wordt er uitgegaan van twee verschillende 

evenwichten, namelijk “gezond” en “ziek”. Daarmee wordt geïmpliceerd dat de toestand 

daartussenin – waarin mensen wel problemen ervaren, maar van onvoldoende ernst of 

duur voor een klinische diagnose – tijdelijk en instabiel is. In hoofdstuk 7 vonden we dat die 

implicatie niet klopt: de stabiliteit van psychische klachten hangt niet samen met de ernst van 

die klachten. Dat betekent dat de tussenfase net zo (in)stabiel is als de extremen (“gezond” 

en “ziek”). Mensen kunnen dus – ongewenst – blijven hangen in een evenwicht waarin ze 

milde psychische klachten ervaren. 

 De ontwikkeling (of remissie) van psychopathologie kan gezien worden als een 
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transitie van het ene evenwicht (bijv. “gezond”) naar het andere evenwicht (bijv. “ziek”). 

In hoofdstuk 8 hebben we onderzocht of zo’n transitie vooraf wordt gegaan door vroege 

waarschuwingssignalen. In de 20 mensen die een plotselinge dip in hun mentale gezondheid 

hadden, vonden we slechts sporadisch waarschuwingssignalen. De sensitiviteit van vroege 

waarschuwingssignalen was dus laag: slechts 5% van de mogelijke signalen voorspelde de 

dip in mentale gezondheid. Bovendien vonden we ook “valse alarmen” bij mensen zonder 

dip in hun mentale gezondheid (specificiteit: 96%). Het is mogelijk dat onze bevindingen het 

gevolg zijn van de groep mensen die we hebben onderzocht (kwetsbare jongvolwassenen), 

de tijdsschaal van onze metingen (dagelijkse metingen gedurende zes maanden), of 

de statistische methode die we hebben gebruikt. Daarom hebben we in hoofdstuk 9 

een vergelijkbare studie gedaan, maar dan in 20 mensen met een bipolaire stoornis die 

transities tussen een bipolaire en manische toestand rapporteerden. Deze mensen hadden 

gedurende vier maanden lang vijf keer per dag hun stemming bijgehouden (±491 metingen 

per persoon). Ondanks het verschil in de doelgroep, tijdsschaal, en statische methode die 

we in deze studie hanteerden, waren de resultaten in grote lijnen vergelijkbaar met onze 

bevindingen in hoofdstuk 8. We vonden iets vaker waarschuwingssignalen in mensen met 

een transitie (sensitiviteit: 27% en 33% voor transities richting depressie en manie), maar 

ook iets vaker fout positieve waarschuwingssignalen (specificiteit: 75%). Bipolaire transities 

waren dus iets makkelijker te herkennen door vroege waarschuwingssignalen, maar leverden 

ook vaker een vals alarm. Samengenomen tonen hoofdstukken 8 en 9 aan dat het klinisch 

nut van vroege waarschuwingssignalen op dit moment nog onbewezen is. Dat kan betekenen 

dat vroege waarschuwingssignalen voor transities in mentale gezondheid simpelweg niet 

bestaan – wat impliceert dat de signalen die wij vonden toevalsbevindingen waren. Een 

andere mogelijkheid is dat vroege waarschuwingssignalen alleen van toepassing zijn voor 

een specifieke doelgroep, die bijvoorbeeld gekenmerkt wordt door specifieke (transities in) 

psychische klachten of door bepaalde kenmerken in de data die het makkelijker maken om 

waarschuwingssignalen te detecteren. Er is vervolgonderzoek nodig om dat soort vragen te 

kunnen beantwoorden.

 In hoofdstuk 10 hebben we tot slot onderzocht of kritische vertraging – het proces 

dat ten grondslag ligt aan vroege waarschuwingssignalen – het beloop van psychische 

klachten voorspelt. Op basis van studies in ecosystemen verwachtten we dat we de richting 

van kritische vertraging zouden kunnen afleiden, ofwel de zwakke plek van een systeem12,13. 

We hebben dit idee eerst onderzocht in een studie waarin kritische vertraging reeds was 
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aangetoond30,31. Dit betrof een casus studie van een man die bijna acht maanden lang tien 

keer per dag zijn stemming bijhield, en in die periode een terugval in depressie meemaakte. 

We vonden dat de richting van kritische vertraging – namelijk, een voorspelde toename van 

negatieve emoties en een afname van positieve emoties – overeenkwam met de richting van 

de transitie in zijn mentale gezondheid. Vervolgens hebben we hetzelfde principe onderzocht 

in de TRAILS TRANS-ID studie. We vonden dat de richting van kritische vertraging voor 20-

25% van de mensen overeenkwam met de richting waarin hun klachten zich ontwikkelden. 

In combinatie met de eerste studie wijst dat erop dat kritische vertraging niet voor iedere 

verandering in mentale gezondheid van toepassing is. De uitdaging voor vervolgonderzoek 

is het beschrijven en herkennen van die transities waarvoor kritische vertraging – en andere 

principes uit complexe dynamische systemen – wél nuttig zijn. 

  

Conclusies en vervolgonderzoek
De emoties van jongeren verschillen in complexiteit en inertie, en dat soort verschillen 

hangen samen met hun psychische klachten. Met herhaalde, dagelijkse vragenlijsten kan 

onderzocht worden hoe emoties binnen personen veranderen. Zulk onderzoek is relatief 

intensief, maar kan desondanks succesvol worden uitgevoerd bij jongvolwassenen met een 

verhoogd risico op psychische klachten. De resulterende data kunnen mogelijk gebruikt 

worden om op individueel niveau te voorspellen of en wanneer iemand toenemende 

psychische problemen zal ervaren. Het idee dat mentale gezondheid zich gedraagt als een 

complex dynamisch systeem biedt daarvoor een theoretisch kader. Volgens dit idee worden 

plotse veranderingen in mentale gezondheid voorafgegaan door kritische vertraging – en 

dus door vroege waarschuwingssignalen. In dit proefschrift is onderzocht in hoeverre vroege 

waarschuwingssignalen nuttig zijn voor het voorzien van toekomstige veranderingen in 

mentale gezondheid. Het bleek dat kritische vertraging en daaruit voortvloeiende vroege 

waarschuwingssignalen minder generiek zijn dan vaak wordt gedacht. In tegenstelling: 

kritische vertraging komt alléén voor in systemen die een specifieke soort verandering tussen 

twee stabiele staten doormaken en die tevens op de juiste manier worden gemeten (i.e., 

met de juiste frequentie en in de juiste variabelen)32,33. Om een definitief oordeel te kunnen 

vellen over het nut van vroege waarschuwingssignalen in de psychiatrie, is het dus van 

belang om te weten in hoeverre mentale gezondheid voldoet aan de aannamen die aan dat 

soort signalen ten grondslag liggen. Een eerste concrete stap in die richting zou kunnen zijn 

om de tijdsschaal waarop psychische processen plaatsvinden te onderzoeken. Daarnaast is 
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het belangrijk om stabiele staten en transities daartussen beter te begrijpen. Als we mentale 

gezondheid beter kunnen beschrijven als een systeem, zal het ook mogelijk worden om 

beter in te schatten in hoeverre principes uit andere systemen te vertalen zijn naar mentale 

gezondheid. Uiteindelijk zou dat kunnen bijdragen aan ons vermogen om psychopathologie 

op een gepersonaliseerde manier te onderzoeken en te behandelen.
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Christa, Karin, Lisanne, Imke, Stephanie, en Mara, wat is het waardevol om 

vriendinnen te hebben die ik al zo lang ken. Jullie gezelschap voelt ontzettend vertrouwd, 
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worden. Dank voor zoveel steun en wijze raad: jullie zijn fantastisch. Tot slot, lieve Bart, in 
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je nuchtere woorden, je optimisme op momenten dat ik het kan gebruiken, je idealisme, en 
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