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Abstract

If psychopathology behaves like a complex dynamic system, sudden onset or worsening of symptoms may be
preceded by early-warning signals (EWSs). EWSs could thus reflect personalized warning signals for impending
psychopathology. We empirically investigated this hypothesis in at-risk youths (N = 122, mean age = 23.6 £ 0.7 years,
57% males) from the clinical cohort of Tracking Adolescents’ Individual Lives Survey (TRAILS-CC), who provided daily
emotion assessments for 6 months. We analyzed whether EWSs (rising autocorrelations and standard deviations in
emotions) preceded transitions toward psychopathology. Across indicators and a range of analytical options, EWSs
had low sensitivity (M = 26%, SD = 11%) and moderate specificity (M = 75%, SD = 14%). Thus, in the present sample,
the proposed generic nature and clinical utility of EWSs could not be substantiated. Given this finding, we call for a
more nuanced view on the application of complex-dynamic-systems principles to psychopathology and lay out key

questions to be addressed in the future.
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Mental health varies over time: Periods without symp-
toms of psychopathology may be followed by periods
with symptoms and vice versa (Hofmann & Curtiss,
2018). 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 trigger (Hayes et al.,
2007). This challenges timely 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 pro-
gressing symptoms. According to this perspective, men-
tal 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
(see Fig. S1 in the Supplemental Material available

online). This means that stressful situations (perturba-
tions) trigger only brief negative emotions! or symptoms
of psychopathology. As the instability of mental-health
states accumulates, the system’s resilience to perturba-
tions declines (a phenomenon referred to as “critical
slowing down”; Scheffer, 2009; Scholz et al., 1987). This
means that the negative emotions evoked by perturba-
tions increasingly linger over time. Eventually, the sys-
tem may reach its tipping point: Negative emotions no
longer recede, and a transition toward mental ill health
takes place. The critical aspect is that at this point, even
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small, seemingly innocent perturbations could trigger a
transition—and therefore, it may be experienced as sud-
den and unpredictable. Yet in a wide range of complex
systems, such transitions can be anticipated by monitor-
ing the gradual rise of instability in the system (Cramer
et al., 2016; Jeronimus, 2019; Olthof et al., 2020; Wichers
et al., 2019).

The stability of complex systems can be inferred from
certain dynamics in time-series data. Specifically, rising
instability coincides with rising autocorrelations, vari-
ances, and cross-correlations (Scheffer et al., 2009). These
measures are collectively referred to as early-warning sig-
nals (EWSs) and have been shown to anticipate a variety
of transitions, including sudden crashes of financial mar-
kets (Wen et al., 2018), shifts between sleep stages (de
Mooij et al., 2020), epileptic seizures (Maturana et al.,
2020), the extinction of species (Clements & Ozgul, 2016),
the outbreak of a global pandemic (Kaur et al., 2020), and
climate changes (Dakos et al., 2008). If psychopathology
behaves similarly to these other complex systems, transi-
tions between mental-health states could be anticipated
by increasing lingering of emotions (autocorrelation) and
rising amplitudes or frequencies of fluctuations (variation)
and increasingly strong cross-correlations in emotions.
This means that EWSs could have the potential to pro-
spectively indicate individuals’ risk for the onset or wors-
ening of psychopathology.

The suggestion that EWSs may be informative of
psychopathology fits well with the finding that indi-
viduals who report higher symptom severity also tend
to experience higher autocorrelations (Houben et al.,
2015; Koval et al., 2012; McGorry et al., 2018; van de
Leemput et al., 2014), variances (Houben et al., 2015;
Sperry et al., 2020), and cross-correlations in negative
emotions (Houben et al., 2015; Nelson et al., 2018). 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 assess-
ments of emotions and assessments of symptom sever-
ity; characteristics of sample and design; Brose et al.,
2015; Curtiss et al., 2019; Kuppens et al., 2012; Sperry
et al., 2020). Note that the aforementioned studies all
investigated between-persons processes (i.e., Do indi-
viduals with relatively large symptom transitions also
report relatively high levels of EWSs?). Complex-
systems principles, in contrast, concern within-persons
processes (i.e., Are symptom transitions preceded by
rising EWSs in individuals?). To date, the only confirma-
tion of the latter question came from two case studies
(Wichers et al., 2016, 2020) and one larger study (V=
31; Curtiss et al., 2019), all involving individuals diag-
nosed with depression. Thus, although earlier studies
were mostly in line with what would be expected
according to complex-systems principles, extensive

empirical support for EWSs as personalized risk mark-
ers for future transitions in psychopathology (beyond
depression) is still lacking.

To evaluate complex-systems principles in psycho-
pathology at a within-persons level, mental health
should be monitored in real time, as it unfolds in indi-
viduals. This is practically challenging because it requires
individuals to register their emotions frequently (e.g.,
daily) during a period in which transitions in mental
health are likely to occur (Wichers et al., 2016, 2020).
The two previous case studies met this requirement and
found that EWSs—indexed by autocorrelations, vari-
ances, and cross-correlations in negative emotions—
preceded a relapse in depression (Wichers et al., 2010,
2020). These initial findings call for a more systematic
investigation into the sensitivity and specificity of
EWSs—which will ultimately help to determine the util-
ity of EWSs to clinical practice. In the current study, we
therefore investigated whether EWSs anticipate transi-
tions in mental health in a large sample of young adults
at increased risk for cross-diagnostic psychopathology.
In line with previous studies (Wichers et al., 2016, 2020),
we focused on rising autocorrelations and standard
deviations as EWSs. Our first aim was to establish the
sensitivity and specificity of EWSs. Using daily diary data
covering a 6-month period from 122 individuals, we
investigated how often transitions in mental health were
preceded by EWSs in positive and negative emotions
(sensitivity). We also analyzed how often EWSs 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 detec-
tion of EWSs (predictive values?). Given that the detec-
tion of EWSs requires many methodological decisions,
for instance pertaining to the type of emotions that are
monitored and the type of analyses conducted, our third
aim was to compare different methods for detecting
EWSs. This third aim was not included in our preregis-
tered analyses (see https://www.osf.io/fumrx) but fits
well with the exploratory nature of this study and the
current status of the field. By providing a comprehensive
description of the sensitivity, specificity, and predictive
values of EWSs in different methodological settings, we
hope to provide a clearer picture of if and when EWSs
may have clinical utility.

Method

Procedure

Data were retrieved from the TRacking Adolescents’
Individual Lives Survey (TRAILS) Transitions in Depres-
sion® (TRANS-ID) study, which was described in detail
elsewhere (Schreuder et al., 2020). Briefly, the study
included 134 participants from the clinical cohort of
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TRAILS (Huisman et al., 2008). TRAILS is an ongoing,
prospective cohort study with biennial or triennial
assessments investigating the development of mental
health from preadolescence into adulthood. Participants
enrolled in the clinical cohort of TRAILS (TRAILS CC)
were referred to a child psychiatric outpatient clinic in
the northern Netherlands any time before the age of
11. Because of this history, they are considered at
increased risk for psychopathology across the diagnos-
tic spectrum.

TRAILS TRANS-ID 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 par-
ticipate in TRAILS TRANS-ID. At the time of enrollment
in TRAILS TRANS-ID, participants were approximately
23 years old. TRAILS TRANS-ID included a 6-month
daily diary study and aimed to investigate the day-to-
day fluctuations in emotions 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 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 question-
naire (diary) every evening for a period of 6 months.
Participants received these questionnaires through a link
sent in a text message to their mobile phones. Question-
naires 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 ranging from
0 (not at all) to 100 (very much). Each questionnaire
consisted of 58 items, of which 17 assessed positive
emotions (e.g., happy, relaxed, at ease with others), 35
assessed negative emotions (e.g., stressed, tired, irri-
tated), and six concerned event appraisal and drug and
alcohol consumption (not included in the present
study). Although we consider most of these daily assess-
ments reflective of subthreshold symptoms of psycho-
pathology, we refer to these daily assessments as
“positive and negative emotions” in the interest of read-
ability. A more elaborate description of the diary study
and a list of all assessed items were reported elsewhere
(Schreuder et al., 2020).

Diagnostic interview

Immediately before and after the diary study, the short
version of the Schedules for Clinical Assessment in Neu-
ropsychiatry (mini-SCAN) was administered (Nienhuis

et al., 2010). The mini-SCAN is a semistructured diag-
nostic interview that assesses whether individuals meet
the criteria for a psychiatric disorder according to the
fifth edition of the Diagnostic and Statistical Manual
of Mental Disorders (i.e., mood, anxiety, psychotic, sub-
stance use, and attention-deficit/hyperactivity disorder
[ADHD]; American Psychiatric Association, 2013). Fur-
thermore, the mini-SCAN includes a screener for autism
spectrum disorder. The mini-SCAN was complemented
by the aggressive behavior subscale of the Adult Self
Report (ASR; Achenbach, 1997), which covers opposi-
tional or antisocial behavior. Both mini-SCAN and the
ASR subscale were orally administered by trained inter-
viewers (M. J. Schreuder, R. N. Groen, and a research
assistant supervised by M. J. Schreuder and R. N.
Groen).

Social functioning

In addition to the diagnostic interview, we assessed
social functioning using the Groningen Social Behav-
iour Questionnaire (in Dutch: Groningse Vragenlijst
Sociaal Gedrag [GVSG]; de Jong & van der Lubbe,
2001). The GVSG assesses functioning on nine different
domains: parents, partner, younger children, older chil-
dren, friends, education, occupation, household, and
leisure time. In each domain, five questions are rated
on a 4-point Likert scale ranging from never to always.
Functioning in each of these domains was assessed only
if the domain was applicable to the participant (e.g.,
in case of education, only if the participant was enrolled
in education). The domain older children, which
reflected participants’ relationship with their children
older than 15, was not applicable to any participant
and is therefore not described further. On the basis of
cutoff scores (de Jong & van der Lubbe, 2001), we
categorized scores as reflecting severe impairments,
mild impairments, or no impairments in functioning.

Analyses

Analyses consisted of the following steps, which are
each described in detail below. First, we defined time
series of each individual’s mental health and ill health
on the basis of a combination of time series of several
positive and negative emotions, respectively. Second,
we identified whether and at what moment in time
individuals experienced a transition toward psychopa-
thology in these composite time series (see Transitions
Toward Psychopathology section). Finally, for each
individual and each of the 17 positive and 35 negative
emotions separately, we estimated time-varying trends
in the autoregressive coefficient (AR) and the standard
deviation (see EWSs section). Significant rises in the AR
or the standard deviation occurring within 1 or 2 weeks
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before a transition in mental health were considered to
reflect an EWS. The sensitivity, specificity, and predic-
tive values of EWSs were evaluated by examining the
relative prevalence of EWSs (a) in individuals who
experienced a transition toward psychopathology (sen-
sitivity; positive predictive value) and (b) in individuals
who did not experience such a transition (specificity;
negative predictive value). All analyses were conducted
in R (Version 4.0.2; R Core Team, 2020).

Transitions toward psychopatbhology. For each indi-
vidual, we determined whether they experienced a tran-
sition toward psychopathology. Such transitions were
defined as either a sudden drop in mental health and/or a
sudden increase in mental ill health. Both mental health
and mental ill health were considered latent constructs.
Specifically, we defined mental health as the mean score
of four items that reflected positive emotions (i.e., “I felt
good,” “I felt happy,” “I could enjoy things,” and “My day
was worth living”). These items were selected because
they showed the highest loadings in a single-factor model
of all 17 positive emotions in a subset of 10 randomly
selected individuals (for additional details, see Section 2 in
the Supplemental Material available online). Following a
similar reasoning, we defined mental ill health as the mean
score of the four items that showed the highest loadings in
a single-factor model of all 35 negative emotions (i.e., “I
felt down,” “I felt stressed,” “I was easily upset,” “I felt rest-
less”; see Section 2 in the Supplemental Material). Thus,
we retrieved time series of mental health and ill health for
each individual. In both time series, we looked for sudden
transitions using change-point analyses.

Change-point analyses iteratively fit left- and right-
sided Gaussian Kernel linear regressions (bandwidth 15
observations) for each mental-health estimate in the
time series for each individual separately (Muller, 1992).
In other words, we estimated mental health at each time
point on the basis of (a) all weighted previous observa-
tions* and (b) all weighted subsequent observations.
The difference between the estimates based on previous
observations and the estimates based on subsequent
observations at a specific point in time is expected to
increase if a sudden transition happened at that time
point. This procedure was repeated for bootstrapped
data. If the findings from empirical data were substan-
tially different from the findings from bootstrapped data
(oo = .01), the time point with the largest discrepancy
was considered a change point or transition point (for
a detailed description and illustration, see Smit (2022)
and Section 3 in the Supplemental Material). To deter-
mine the magnitude of transitions, we computed Cohen’s
d using the formula below (Cohen, 1988; Cumming,
2012). Here, the size of transition ¢ of individual 7 (d, )
is computed by dividing the difference between indi-
vidual /s mean mental (ilD) health before the transition

”» o«

(m;) and after the transition (m,,) by the pooled stan-
dard deviation. The latter can be derived from individual
I’s standard deviation in mental (ill) health before (c;)
and after the transition (G,,):

d = m;, — m,

N \/05(0-121 + 0122) .

EWSs. EWSs were operationalized as rising trends in
the AR and standard deviation of emotions. For each
individual and each emotion, we estimated (a) rises in
the AR through generalized additive models (ARG y;
Bringmann et al., 2017), (b) rises in the AR through
moving-window analyses (AR, ; Dakos et al., 2012), and
(o) rises in the standard deviation through moving-
window analyses (SD,,y; Dakos et al., 2012). For each of
these approaches, which are described in detail below,
we varied several settings to evaluate the impact of meth-
odological choices on the detection of EWSs. An over-
view of these variations is provided in Table 1.

Generalized additive models. Generalized additive
models can be used to predict an emotion at time ¢ by (a)
an intercept and (b) the emotion at  — 1 while allowing
for gradual changes in both parameters (cf. a time-varying
autoregressive model; Bringmann et al., 2017; Hastie &
Tibshirani, 1986; Simpson, 2018; Wood, 2017). These
gradual changes in parameters are estimated using non-
parametric smooth functions based on thin-plate regres-
sion splines. Smoothness is determined by (a) the number
of regression splines, which was set to 10 (Bringmann
etal., 2017), and (b) a penalization parameter, which was
selected by generalized cross-validation. Sudden transi-
tions can be modeled by adding a dummy predictor that
encodes the timing of the transition. Generalized additive
models assume that the predefined maximum number
of regression splines is sufficient to capture the dynam-
ics of the time series. We checked this assumption using
the effective degrees of freedom and their associated p
values. Furthermore, generalized additive models assume
that residuals are mutually independent and normally
distributed with constant variance. This was examined
using residuals diagnostics plots (Wood, 2017).

It is not yet possible to model rising variances using
generalized additive models, and therefore, we could
inspect only trends in the autoregressive coefficient
(AR, - To estimate whether trends in the autoregres-
sive coefficient were significantly increasing or decreas-
ing, 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 Simpson (2018). Trends in the autoregres-
sive coefficient were considered significant if the con-
fidence interval around the first derivative did not
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Table 1. Overview of Settings for Each Method

ARgan Description

ARy and SDy Description

Conservativeness of EWSs:
liberal vs. conservative

Rising trends in the
AR Were estimated
using 90% or 95%
confidence intervals.
Rising trends in the
AR reflected an
EWS if they occurred
within 1 or 2 weeks
before the transition.

Proximity of EWSs: 1 vs.
2 weeks

Windows contained
2, 3, or 4 weeks of
observations.

Windows: 2 vs. 3 vs. 4
weeks

Duration of EWSs: 2 vs.
3 weeks

Rising trends in the ARy
and SD,, before the
transition covered
2 or 3 weeks of
observations.

Note: AR,y = autoregressive coefficient: generalized additive models; AR, = autoregressive coefficient: moving-window
analyses; SD,; = standard deviation: moving-window analyses; ESW = early-warning signal.

include zero. If the rising trend occurred within 1 or 2
weeks before the transition, we considered this trend
to reflect a warning signal. A similar approach was
adopted elsewhere (Burthe et al., 2016; Sommer et al.,
2017). In total, we estimated four types of generalized
additive models in which we varied (a) the conserva-
tiveness of the EWS detection (liberal vs. conservative)
and (b) the proximity of EWSs (1 vs. 2 weeks; Table 1).
The conservativeness of the EWS detection is given by
the confidence interval around the first derivative of
the smooth function describing the trend in the autore-
gressive coefficient. Specifically, for liberal estimations,
we computed 90% confidence intervals around the first
derivative. If these confidence intervals did not include
zero and the first derivative had a positive sign, we
concluded that the autoregressive coefficient showed
a rising trend. For conservative estimations, we used a
confidence interval of 95% around the first derivative.
Because this interval is wider, the probability that it
does not include zero (and hence, the probability of
detecting a rising autoregressive coefficient) is smaller.
The second setting we varied concerns the proximity
of EWSs. Again, this affects the likelihood that EWSs
are detected: Because we allow more time between
rising trends in the autoregressive coefficient and the
transition, we will more often (falsely) detect EWSs. In
sum, different settings of the generalized additive model
will yield a different trade-off between the sensitivity
and the specificity of EWSs for detecting transitions
toward psychopathology.

Moving-window analyses. In moving-window analy-
ses, EWSs are computed within segments (or window)
of the time series. These windows slide through the time
series by one time step. For instance, the autoregressive
coefficient can be computed on the first 2 weeks of obser-
vations (XX, and subsequently on X,-X5, X;-X,
and so on. This yields novel time series that depict how
parameters computed within the windows, such as the
autoregressive coefficient, evolve over time. Within each

window, we computed the autoregressive coefficient
on the basis of a first-order autoregressive model using
detrended data (i.e., AR,y and the standard deviation
(i.e., SDyy). Subsequently, we determined whether there
was a rising trend in the autoregressive coefficient and
the standard deviation based on Kendall’s t. To evalu-
ate the impact of methodological decisions on the detec-
tion of EWSs, we varied (a) the size of windows (14 vs.
21 vs. 28 observations) and (b) the number of estimates
used to compute Kendall’s t (14 vs. 21 estimates). The
size of windows—reflected by the number of observa-
tions within each window—determines the smoothness
of trends in EWSs. Small windows may yield erratic pat-
terns, whereas larger windows result in smoother trends.
Window sizes further affect whether EWSs can be esti-
mated at all: For small window sizes, missing observa-
tions within windows may make it impossible to estimate
an autoregressive model. For larger window sizes, it may
be impossible to fit sufficient windows before the transi-
tion for detecting a rising trend in EWSs. Hence, window
sizes likely have an impact on the sensitivity and speci-
ficity of EWSs. The other setting we varied concerns the
number of estimates used for determining rising patterns
in the autoregressive coefficient and standard deviation.
This introduces a trade-off between the proximity of
EWSs—which is higher when a smaller amount of esti-
mates is used—and the reliability of the trend—which
is higher when more estimates are used. With three dif-
ferent window sizes and two different settings for com-
puting Kendall’s T, we estimated six different types of
moving-window analyses (Table 1).

Sensitivity, specificity, and predictive values of EWSs.
First, we determined the sensitivity of EWSs to detect
transitions toward psychopathology by dividing the num-
ber of true positives (i.e., how many transitions were
preceded by EWSs across individuals) by the total num-
ber of transitions for which EWSs could be computed
across individuals. A sensitivity of 1, or 100%, indicates
that a particular emotion always shows EWSs before a
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transition, whereas a sensitivity of 0 would mean that
EWSs in a particular emotion never signal an upcoming
transition. Given that we were primarily interested in
anticipating worsening mental health, we inspected EWSs
only before transitions toward psychopathology, which
we defined as a sudden drop in mental health or a sud-
den increase in mental ill health. However, we also
reported findings for transitions toward well-being (i.e.,
drops in mental ill health and/or increases in mental
health) in Section 7 in the Supplemental Material to
inform the interested reader and to rule out the possibil-
ity that our findings would be due to a selective focus on
transitions toward psychopathology, as opposed to tran-
sitions toward well-being.

Second, we addressed the specificity of EWSs by
evaluating EWSs in individuals without any transition
in mental health. For these individuals, 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 EWSs, the specificity of
EWSs would be low. To provide a complete overview
of sensitivity and specificity, we computed metrics both
(a) for each emotion separately and (b) across emo-
tions. The former reflects the probability of an EWS in
a particular emotion given that there was a transition
(sensitivity) or the probability of no EWS in a particular
emotion given that there was no transition (specificity).
The latter was defined as the probability of an EWS in
any emotion given that there was a transition (sensitiv-
ity) or the probability of no EWS given that there was
no transition (specificity). In either case, sensitivity and
specificity were computed across individuals—and
hence, reflect between-persons estimates.

Finally, we computed the predictive values of EWSs,
which indicate the probability of a transition given that
EWSs are detected (positive predictive value) and the
probability that no transition will occur given that EWSs
are not detected (negative predictive value). Predictive
values take into account the overall probability of tran-
sitions (i.e., the proportion of people that experienced
a transition). Together, sensitivity, specificity, and pre-
dictive values may inform the utility of EWSs for clinical
practice. Formulas for computing sensitivity, specificity,
and predictive values and a more detailed explanation
of these measures are provided in Section 4 in the
Supplemental Material.

Results

Participant characteristics

Of the 134 individuals who enrolled in TRAILS TRANS-
ID, 122 (91.0%) completed the diary study. They

completed on average 88.45% of diary assessments
(SD =9.87%), which is comparable with the compliance
in less-intensive studies (Vachon et al., 2019; Table 2).
All participants were of Dutch ethnicity, and most were
enrolled in education (N = 72) and/or had a job (V=
65). Participants’ socioeconomic status, as assessed at
enrollment in TRAILS-CC, matched the socioeconomic
status of the general population in the Netherlands.
Before the diary period (i.e., at baseline), 37 (30.33%)
individuals met the criteria for at least one psychiatric
disorder. After the diary period, 34 (27.87%) met diag-
nostic 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 = 25 at baseline and N = 23
after the diary period), anxiety disorders (Ns = 20 and
11), and ADHD (Vs = 7 and 8) were most common.
Approximately half of the participants (N = 62 at base-
line 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 occupa-
tion (e.g., not performing well at work), and problems
in engaging with friends (at baseline) or with a roman-
tic partner (after the diary period; Table 2).

Transitions in mental bealth

Change-point analyses indicated that 51 individuals
(41.80%) experienced a transition in mental (ilD) health.
Of these individuals, 24 (47.06%; 19.67% of the full
sample) showed a transition toward psychopathology—
indexed either by a drop in mental health (N = 13), an
increase in mental ill health (N = 9), or a combination
of both (V= 2). Given that two individuals experienced
both a drop in mental health and an increase in mental
ill health, there were 26 transitions toward psychopa-
thology. For detailed information regarding the type of
transitions that we found, see Table S3 in the Supple-
mental Material. On average, transitions happened half-
way through the diary period (M = 100.23 days, SD =
45.91; range = 38-159). Transitions varied in magnitude,
with a mean effect size of 0.65 (SD = 0.47; range =
0.004-1.61).

Individuals who experienced a transition toward psy-
chopathology did not differ from the full sample in
terms of sex, y*(1) = 0.55, p = .46; age, 1(144) = 1.23,
p = .22; or the number of completed diary ratings,
1(144) = 1.55, p = .12. Furthermore, the within-persons
mean and variability of the diary ratings did not differ
between individuals with a transition toward psycho-
pathology and the full sample; positive emotions: M:
1(144) = 0.10, p = .92; SD: 1(144) = 0.95, p = .34; negative
emotions: M: 1(144) = 0.03, p = .97, SD: 1(144) = 0.28,
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Table 2. Sample Characteristics

Full sample

Subsample with a transition
toward psychopathology

N 122 24

Demographics Sex (7 males) 69 (57%) 11 (46%)
Age in years 23.64 (+0.67) 23.46 (+0.74)

Socioeconomic status High 25 (20%) 4 (17%)
Middle 66 (54%) 13 (54%)
Low 31 (25%) 7 (29%)
Financial difficulties 29 (25%) 7 (29%)

Diary assessments Completed (%) 88.45 (£9.87) 84.91 (£12.09)
Positive emotions (M) 55.48 (£13.10) 55.76 (x9.51)
Positive emotions (SD) 9.39 (£3.35) 10.12 (£3.99)
Negative emotions (M) 16.85 (10.26) 16.78 (£10.64)
Negative emotions (SD) 5.94 (£2.95) 5.74 (3.75)

Baseline Post Baseline Post

Psychopathology Mood disorder 25 23 2 6
Anxiety disorder 20 11 2 2
Psychotic disorder 2 5 1 2
Substance use disorder 3 4 1 1
ADHD 7 8 1 2

Social functioning Parents 5 (4.13%) 12 (9.84%) 2 (8.33%) 2 (8.33%)
Partner 6 (8.57%) 13 (19.40%) 2 (11.76%) 2 (12.50%)
Children 0 (0%) 1 (10.00%) 0 (0%) 1 (33.33%)
Friends 14 (11.67%) 10 (8.47%) 1 (4.35%) 1 (4.35%)
Education 4 (7.84%) 4 (7.41%) 2 (18.18%) 0 (0%)
Occupation 13 (14.94%) 23 (22.55%) 2 (10.53%) 5 (23.81%)
Household 12 (10.26%) 18 (15.00%) 3 (13.64%) 3 (13.64%)

Leisure time

36 (29.51%)

36 (29.51%) 7 (29.17%) 7 (29.17%)

Note: The full sample includes all individuals who completed the diary study; the subsample of individuals with a transition toward
psychopathology concerns the focus of the present article, 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, M refers to the average within-persons mean in negative and positive emotions during the diary period. SD refers to the
average within-persons standard deviation in negative and positive emotions. 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 = fifth edition of the Diagnostic and Statistical Manual
of Mental Disorders (American Psychiatric Association, 2013); GVSG = Groningse Vragenlijst Sociaal Gedrag (Groningen Social

Behaviour Questionnaire).

p =.78. Of those individuals who experienced a transi-
tion toward psychopathology, six met diagnostic criteria
at baseline and eight individuals at post. The likelihood
to meet diagnostic criteria at baseline or post did not
differ between individuals who experienced a transition
toward psychopathology and the full sample: at base-
line, 25.00% vs. 30.33%, y*(1) = 0.21, p = .65; at post,
33.33% vs. 27.87%, x*(1) = 0.09, p = .77. Finally, par-
ticipants who experienced a transition toward psycho-
pathology did not differ from the full sample in their
likelihood to experience severe problems in function-
ing in at least one domain at baseline (45.83% vs.
50.82%), x*(1) = 0.05, p = .82, or post (50.00% vs.

55.74%), y*(1) = 0.09, p = .77; or in the number of
domains wherein they experienced problems at base-
line (Ms = 0.79 vs. 0.74), 1(144) = 0.27, p = .49, or post
(Ms = 0.88 vs. 0.96), 1(144) = 0.36, p = .72.

Overall sensitivity, specificity,
and predictive values of EWSs

Depending on the method that was used to derive
EWSs, most to all of the 26 transitions toward psycho-
pathology were preceded by EWSs in at least one out
of 52 emotions (AR, range = 85%—-92%, AR,y = 100%,
SDyw = 100%). An example of these EWSs is illustrated



Schreuder et al.

Observed Ratings

100] - . . L
..'C_. 75 o* 2 -"' ..:.o °° ‘-.' .' ..- o, o
= : . . ': See oo, D -, ¥
= 50 . . %o 00 -:- ':. Te %8 oo °®
= ‘ . * o * L
[«5) .
= 2 : )
. . >, -
0
0 50 100 150
Day

Standard Deviation - | Could Enjoy Things

30
S
B 20 tau = 0.67
3 - P<.001
a
2
S 10
S
n

0

0 50 100 150

Day

Autoregressive Coefficient (moving windows) -

| Could Enjoy Things
|5
2 05
g
8 0.0 . tau=0.10
2 P<.001
[72]
S -0.5
g
<10
<t
0 50 100 150
Day

Autoregressive Coefficient (gam) - | Felt Appreciated

€

K

o 05 '
=

3

[d5)

2 00

wn

]

2

§70.5

=

=

0 50 100 150
Day

Fig. 1. Empirical example of early warning signals (EWSs) in a single participant who experienced a transition toward psychopathology—
indicated by a sudden drop in mental health represented by the orange vertical line—at day 130. (a) Observed scores of mental health (gray
dots) and the mean mental-health score (horizontal black line) before and after the transition. (b) Changes in the autoregressive coefficient
(AR of “I could enjoy things” detected by moving-window analyses (window size and proximity of EWSs set to 3 weeks). The AR, showed
a rise before the transition (t = .10, p < .001). Gray bands depict 95% confidence intervals. (¢) Changes in the standard deviation (SD,,) of
“I could enjoy things” detected by moving-window analyses (window size and proximity of EWSs set to 3 weeks). The SD,,, showed a rise
before the transition (t = .67, p < .001). (d) Changes in the autoregressive coefficient (AR,,) of “I felt appreciated” detected by generalized
additive models (conservative estimation, proximity of EWSs set to 2 weeks). The black dots denote the estimates that were significantly ris-
ing before the transition. Gray bands depict 95% confidence intervals (plot B) or credible intervals (plot D).

in Figure 1. Across emotions and individuals, the sen-
sitivity of EWSs derived through generalized additive
models (ARg,, range = 6%-10%) was considerably
lower than the sensitivity of EWSs derived through
moving-window analyses (AR, range = 24%-30%,
SD,y range = 30%—38%; Table 3). In terms of specificity,
however, generalized additive models outperformed
moving-window analyses (ARg,, range = 95%-98%,
AR,y range = 70%-70%, SDy range = 60%-67%). A
similar pattern of results held for transitions toward
well-being (see Section 7 in the Supplemental Material).
The different detection rates of generalized additive
models and moving-window analyses are further illus-
trated by differences in the average number of EWSs

found in individuals. Specifically, generalized additive
models detected around 4.72 EWSs on average per
person depending on the settings used before transi-
tions toward psychopathology (range = 1-18; Table 3).
Moving-window analyses, in contrast, detected approxi-
mately 3 times as many EWSs in the autoregressive
coefficient (£14.49, range = 4-29) and 4 times as many
EWSs in the standard deviation (£18.11, range = 3-41,
depending on the model settings) before transitions
toward psychopathology.

Whereas the sensitivity and specificity of EWSs indi-
cate how often transitions are preceded by EWSs, pre-
dictive values indicate how often EWSs can be trusted.
For instance, positive predictive values indicate how
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Fig. 2. Predictive capacity of early warning signals (EWSs) across items and individuals for different methodological settings. (a) Sensitivity
and specificity of EWSs, which illustrate the probability that EWSs are (not) detected given that a transition toward psychopathology does
(not) unfold. (b) Positive predictive value (ppv) and negative predictive value (npv) of EWSs, which illustrate the probability that a transition
toward psychopathology will (not) follow given that EWSs are (not) detected.

often EWSs reflect a true (as opposed to a false) alarm
and varied between 43% and 49% (ARg,,), 22% and
30% (AR, and 23% and 25% (SD,,). Negative predic-
tive values indicate the probability that a transition will
not occur, given that EWSs are absent, and were com-
parable across indicators (ARg,y = 74%, ARy range =
74%-70%, SDy range = 72%-70%). In conclusion,
EWSs indexed by AR, very seldomly anticipated tran-
sitions toward psychopathology but did raise the prob-
ability of a transition from 29% to 34% (prevalence®) to
43% to 49% (positive predictive value). EWSs indexed
by ARy and SD,., in contrast, often occurred before
both transitions and nontransitions and therefore had
low predictive utility.

Impact of methodological decisions

As depicted in Figure 2 and Table 3, the average sen-
sitivity, specificity, and predictive values of EWSs var-
ied considerably across settings used for estimating
EWSs. Compared with a conservative estimation, a

liberal estimation of the AR, led to a slightly higher
sensitivity (9%—-10% vs. 6%—7%) at the cost of specific-
ity (95%-96% vs. 97%-98%). Differences in predictive
values across settings were small (positive predictive
values: 43%—-44% vs. 49%) or absent (negative predic-
tive values: 47% vs. 47%), and hence, the conservative
and liberal estimation provided largely similar results.
Varying the proximity of EWSs had little impact on the
predictive capacities of EWSs indexed by the AR,
Conceptually, however, smaller proximities can be con-
sidered favorable because they suggest more precise
warning signals (i.e., warning signals that are more
proximal to the outcome they are supposed to fore-
cast). In sum, whereas EWSs indexed by the ARg,,, had
limited predictive capacities in all settings, an estima-
tion with a proximity of 1 week worked best in the
current sample.

For the moving-window method, more proximal EWSs
had a lower sensitivity—but a higher specificity—
compared with more distant EWSs. To illustrate, setting
the duration of EWSs to 3 weeks instead of 2 weeks led
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to an average increase in sensitivity from 27% to 29%
(ARyy) and from 33% to 37% (SD,,) and similarly
affected the specificity of EWSs (AR, from 74% to 71%,
SD\y from 66% to 61%). Increasing the sizes of windows
affected the sensitivity and specificity of EWSs indexed
by the AR,y versus the SD,, in opposite ways. Specifi-
cally, the sensitivity and specificity of EWSs indexed by
the AR,y slightly decreased with larger window sizes
(sensitivity from 29% to 26%, specificity from 74% to
72%), whereas the sensitivity of EWSs indexed by the
SDy improved as windows increased (32% vs. 36%) and
had negligible impact on specificity (64% vs. 63%). For
both EWSs, however, the differences in sensitivity and
specificity across settings were generally small, and the
presence of EWSs barely increased the probability of a
future transition toward psychopathology. Having said
that, in the current sample, the optimal setting for EWSs
indexed by the AR, appeared to be a window size of
2 weeks and a duration of 3 weeks, whereas the optimal
setting for EWSs indicated by the SD,;y was a window
size of 3 weeks and a duration of 2 weeks.

Impact of items

Across individuals and settings, the valence of emotions
in which EWSs were (not) detected had little impact on
the predictive capacities of EWSs (Fig. 3; also see Table
S4 in the Supplemental Material). As an example, the
sensitivity of EWSs indexed by ARy, Was on average
9% for negative emotions and 8% for positive emotions
(average specificity: 96% vs. 97%; positive predictive
value: 33% vs. 34%; negative value: 84% vs. 84%). Simi-
lar negligible differences were found for EWSs indexed
by AR,y and SD,., (see Table S4 and Fig. S2 in the
Supplemental Material).

Agreement between EWSs

Across methodological settings, there were a total of
1,352 potential warning signals for transitions toward
psychopathology (i.e., 26 transitions x 52 emotions). In
only 44 (3%) of these occasions, ARg.y, ARy, and
SD,;w unanimously provided a warning signal (Fig. 4).
For 380 (28%) of the cases, there were two warning
signals, and in 604 (45%) of the cases, there was a single
warning signal. For transitions toward well-being, these
numbers were roughly similar (see Fig. S5 in the Sup-
plemental Material). In case no transition occurred,
EWSs indexed by the ARg,y, ARyy, and SD,, were
unanimously absent in 535 (14%) out of 3,692 cases
(i.e., 71 nontransitions x 52 emotions). For nearly all
other cases (85%), one or two types of EWSs were pres-
ent, and in 48 instances (1%), all three indicators falsely
provided a warning signal.

Discussion

EWSs—and complex-systems principles in general—
have been suggested to hold great promise for mental-
health research and clinical practice. In particular,
rising autocorrelations and standard deviations have
been introduced as potential personalized warning
signs that could enable foreseeing the sudden onset
of psychiatric disorders (Wichers et al., 2016, 2020).
This would mean that by monitoring and analyzing
individuals’ emotions, 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 EWSs—conceptualized as rising trends in the autore-
gressive coefficient and standard deviation of daily
assessed emotions—as predictors of transitions toward
psychopathology. Using daily diary data collected for
a period of 6 months in 122 at-risk young adults, we
identified 24 individuals who experienced transition
toward psychopathology. We investigated whether
these transitions were anticipated by EWSs in three
different indices (AR, ARy SDyw)> €ach in 52 emo-
tions, using various methodological settings, and found
that the predictive capacities of EWSs were rather lim-
ited. Generally, EWSs indexed by the ARg,,, were sel-
domly present but did occur more often in individuals
with versus without a transition toward psychopathol-
ogy. In contrast, EWSs found through moving-window
analyses (AR, and SD,) were often found but were
equally likely in individuals with versus without transi-
tions. Different methodological settings shifted the
trade-off between sensitivity and specificity, but none
of these alternative settings yielded findings that could
substantiate the clinical promise that EWSs were sug-
gested to entail. Thus, it seems that anticipating transi-
tions toward psychopathology in the current sample
through EWSs remains beyond reach.

Present findings contradict two earlier single-case
studies, which reported that EWSs anticipate relapses
in depression (Wichers et al., 2016, 2020). The discrep-
ancies between present and earlier findings might be
attributed to differences in the severity of psychopatho-
logical 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 (effect size =
2.51°). In contrast, the present study concerned sudden
drops in day-to-day mental health or increases in mental
ill health reported by individuals with a history of
mental-health problems before the age of 11 but who
did not necessarily have a recent clinical diagnosis
(mean effect size = 0.65). Hence, the presently studied
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Fig. 4. Agreement between early warning signals (EWSs) indexed by
the ARy, ARy, and SD,,y illustrated in an Euler diagram. Numbers
denote the number of instances (i.e., emotions across individuals) in
which the indicators anticipated a transition toward psychopathol-
ogy. A similar figure for transitions toward well-being is provided
in Figure S5 in the Supplemental Material available online. AR =
autoregressive coefficient; GAM = generalized additive models; MW =
moving-window analyses.

transitions were smaller than and qualitatively different
from the relapses experienced by individuals with a his-
tory of major depression. This is a critical point because
support for EWSs before 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 symp-
toms, for whom transitions in mental health were smaller
than those previously studied, may thus have lowered
our power to detect EWSs. Nonetheless, we believe that
going beyond the previously studied “systems” (i.e.,
individuals with relapse into depression) is not a limita-
tion but rather an essential merit of the current work. A
first reason is that EWSs have been proposed to be
generic and, hence, could be expected to occur regard-
less of the specific type of system under consideration.
It was thus well possible that the utility of EWSs would
extend beyond the specific systems previously studied.
This extension of EWSs was important to investigate
because clinical implementation of EWSs is warranted
only if the utility of these signals would hold on a larger
scale. A second reason is that from a clinical perspective,
the implementation of EWSs is particularly promising
in at-risk youths, who may have much to gain from early
detection of emerging or worsening psychopathology.
With this study, we have shown that this clinical imple-
mentation of EWSs is currently not supported: EWSs do
not reliably anticipate transitions toward psychopathol-
ogy in at-risk youths, and hence, EWSs are less generic
than often proposed.

Putting EWSs into perspective

Although research into EWSs as predictors for transi-
tions in mental health is still in its infancy, other fields
yielded valuable insight in EWSs 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 EWSs (Dakos et al., 2008; Drake &
Griffen, 2010; Veraart et al., 2012), other studies did not
support this (Diks et al., 2018; Gsell et al., 2016; Guttal
et al., 2016). This led to the conclusion that EWSs might
be less generic than initially proposed (Boerlijst et al.,
2013). Rather, the presence and detectability of EWSs
depend on numerous requirements. For instance, EWSs
are not expected when (a) instability accumulates too
quickly to be captured by EWSs, (b) the transition is
caused by a strong external trigger instead of gradually
accumulated instability in the system (Boettiger &
Hastings, 2012b; Dakos et al., 2015), (¢) the instability
of the system manifests in other variables than the
variables for which EWSs are examined (Boerlijst et al.,
2013), (d) the measurement frequency does not match
the timescale at which the dynamics of interest operate
(Haslbeck & Ryan, 2021; Wen et al., 2018), (e) the
alternative state following from the transition is only
temporary and does not fulfill the (mathematical)
requirements of an equilibrium (Boettiger et al., 2013;
Dakos et al., 2015), or (f) the system is exposed to
nonstochastic fluctuations (Dutta et al., 2018; Guttal
et al., 2016; Scheffer et al., 2012). All of these conditions
could play a role in the detection of EWSs before transi-
tions in mental health. These transitions are still poorly
understood, and therefore, the extent to which mental
health meets the aforementioned requirements remains
speculative. We discuss this in-depth below and refer
back to the aforementioned requirements. First, transi-
tions in mental health may follow from rapidly accu-
mulating vulnerability—which cannot be captured by
EWSs (Requirement a)—or from major external events
(e.g., traumatic events; Requirement b) rather than from
gradually accumulating instability. It is still unknown
what defines a gradual buildup of instability in psychia-
try: Whereas earlier studies assumed that such a buildup
occurs over several months (Wichers et al., 2016, 2020),
in the current study, we assumed a faster time frame
(i.e., 1-3 weeks), reasoning that the hypothesized clini-
cal implementation of EWSs would benefit from rela-
tively quick signals. Provided that there is a gradual
buildup of instability and that what gradual means in
this context is known, not all emotions might be equally
affected. That is, EWSs might manifest only in certain
emotions (Requirement ¢), and which emotions are most
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relevant may vary across individuals. In the present
study, we addressed this by examining EWSs in a broad
variety of emotions. Yet little is known about the vari-
ables wherein vulnerability to mental ill health actually
manifests, and it could therefore be that other types of
variables (e.g., physiological) are more suitable for
detecting EWSs. The detection of EWSs—particularly
those indexed by the autoregressive coefficient—
further depends on the frequency of assessments: If the
time interval between observations is too long, the cor-
relation between adjacent observations (autocorrela-
tion) is no longer informative of critical slowing down
(Requirement d). This might explain why the current
study—which adopted daily assessments and, hence,
assumed relatively slow dynamics—found fewer EWSs
compared with former case studies (Wichers et al.,
2016, 2020)—which adopted three to 10 assessments
per day, hence assuming faster dynamics. In line with
this reasoning, it has been suggested that momentary
assessments (e.g., How are you feeling right now?) are
more suitable for detecting EWSs compared with the
retrospective assessments used in the current study
(e.g., How did you feel during the past day?; Dablander
et al., 2020). At the same time, however, EWSs have
been found in daily measures (Curtiss et al., 2019).
Furthermore, studies that analyzed autocorrelations on
very different timescales, ranging from second-to-
second (Kuppens et al., 2012), minute-to-minute (Koval
etal., 2013), hourly (Koval et al., 2012), to daily intervals
(Brose et al., 2015), all yielded very similar conclusions.
Thus, assessment frequency indisputably affects auto-
correlation estimates, but its consequences for our
inferences and conclusions require further research.
Until the uncertainty concerning the optimal measure-
ment frequency for detecting critical slowing down is
solved, it might be best to focus on warning signals that
are less reliant on timescales (e.g., standard deviations)
and to keep in mind the eventual implementation of
EWSs in clinical practice. Regarding the latter, it may
be unfeasible to ask at-risk individuals to monitor their
emotions every hour for a considerable period of time
(e.g., 6 months). Hence, it is valuable to investigate
EWSs on a timescale that could eventually be used for
real-time monitoring—supporting the daily assessments
adopted in the present study. Two final prerequisites
for detecting EWSs relate to the states between which
transitions may occur. In some systems, these states
represent temporally stable equilibria with clear bound-
aries (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” stages
(McGorry et al., 2006). 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 e; Schreuder et al., 2021).
Even if mental (ill) health can be described as an equi-
librium, 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 f). 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 increas-
ingly avoid certain triggers. This complicates the detec-
tion of critical slowing down (and hence, EWSs): One
cannot assess slowed recovery from perturbations if
there are few(er) perturbations to recover from. In sum-
mary, little is known about the extent to which mental
health meets the requirements for anticipating sudden
transitions through EWSs. This knowledge gap is to be
addressed in the future.

One of the most compelling properties of EWSs is
that they may anticipate system behavior—such as sud-
den transitions—even though little is known about the
mechanisms that underlie system behavior (e.g., bio-
logical, social, psychological). This is highly attractive
in the context of mental health, in which changes in
individuals—such as the onset or progression of
symptoms—are still poorly understood from a mecha-
nistic point of view (e.g., in terms of the biological,
social, and psychological causes). Yet, although EWSs
do not necessitate such traditional mechanistic under-
standing, they do require an alternative level of under-
standing mental health. That is, from the list of
requirements outlined above, it follows that EWSs 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 EWSs unfold. This could ulti-
mately 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 or standard devia-
tions in emotions could be used as reliable, personal-
ized risk markers for impeding transitions toward
psychopathology. Yet it is too early to reject this idea,
and follow-up studies with different populations, types
of transitions, and warning signals (e.g., multivariate
warning signals; Scheffer et al., 2015) are needed. Mul-
tivariate extensions of EWSs could, for instance, indi-
cate the type of symptoms for which a specific individual
is most vulnerable (or least resilient; Boerlijst et al.,
2013; Weinans et al., 2019; Wichers et al., 2019). Such
insight might then inform preventive intervention
efforts. In sum, the hypotheses and clinical promises
that follow from a complex-systems approach to mental
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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, on average, 161 daily diary assessments in 122
at-risk young adults—offered the possibility to provide
one of the first large-scale intraindividual studies into
EWSs (i.e., rising autocorrelations and standard devia-
tions in daily assessed emotions) as predictors of transi-
tions toward psychopathology. By analyzing EWSs not
only in individuals with transitions in mental (ill) health
but also in individuals without such transitions, we
could examine both the sensitivity and specificity of
EWSs. The latter is seldomly reported in empirical lit-
erature yet is highly relevant from a clinical point of
view (for a more elaborate discussion on this topic, see
Boettiger & Hastings, 2012a).

An important consideration in evaluating the merits
and generalizability of the current research concerns
our operationalization of transitions in mental (ilD)
health. These transitions were smaller than previously
studied transitions toward psychopathology (Wichers
et al., 2016, 2020). This limitation touches on a broader
issue—that fairly little is known about the transitions
that individuals experienced (e.g., in terms of the clini-
cal meaning of these transitions, the driving causes of
transitions, the timescale at which they unfolded, their
supposed nonlinearity). Yet such characteristics are cru-
cial for the presence of EWSs (Boertlijst et al., 2013). 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 tra-
jectories occur in a stepwise fashion, as opposed to (log)
linearly (Helmich et al., 2020). In addition, further stud-
ies 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 EWSs (i.e.,
as timely warning signs) and examine whether EWSs
can inform on the type of symptoms for which individu-
als may be most vulnerable (Weinans et al., 2019).

Conclusion

In young adults at risk for psychopathology, rising auto-
correlations and standard deviations in daily assessed

emotions—which have been considered personalized
warning signs—hardly predict transitions toward psy-
chopathology. Unlike earlier studies, which tested EWSs
on group level (van de Leemput et al., 2014), this study
investigated EWSs within individuals. In contrast to two
case studies (Wichers et al., 2016, 2020) that reported
promising clinical utility of EWSs, we found little sup-
port for using EWSs to address clinical goals. This high-
lights 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). In conclu-
sion, EWSs do not provide a simple solution to predicting
who will experience a transition toward psychopathology
at what moment in time. Although complex systems offer
a novel perspective on vulnerability and resilience to
mental disorders, the usefulness of this perspective to
clinical practice still awaits empirical support.
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Notes

1. Throughout this article, “negative emotions” refers to (sub-
threshold) symptoms of psychopathology, such as feeling
down, anxious, or irritated. The term “mental-health states,” in
contrast, refers to the global equilibria between which sudden
transitions may occur (e.g., mental health vs. depression).

2. 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 EWSs.

3. Despite this acronym, the TRAILS TRANS-ID study included
individuals at increased risk for various forms of psychopathol-
ogy and, hence, is not limited to depression.

4. Note that “observation” refers to each individual’s mean score
on four items reflective of positive emotions (i.e., “I felt good,”
“I felt happy,” “I could enjoy things,” “My day was worth living”)
or negative emotions (i.e., “I felt down,” “I felt stressed,” “T was
easily upset,” “I felt restless”). Additional details can be found in
the Supplemental Material available online.

5. Note that prevalence is expressed as a range because,
depending on the method used, EWSs could not be calculated
for all transitions. Early transitions, for instance, could be antici-
pated only when window sizes were sufficiently small (e.g., 2
weeks) to fit at least 14 to 21 windows before the transition.
Hence, for smaller window sizes, a greater number of transi-
tions could theoretically be anticipated by EWSs compared with
for larger window sizes.

6. This effect size was calculated using the formula denoted in
the analyses section, using the data analyzed by Wichers et al.
(2016), which are publicly available (Kossakowski et al., 2017).
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