
Psychological Medicine

cambridge.org/psm

Original Article

Cite this article: Curtiss JE, Mischoulon D,
Fisher LB, Cusin C, Fedor S, Picard RW, Pedrelli
P (2023). Rising early warning signals in affect
associated with future changes in depression:
a dynamical systems approach. Psychological
Medicine 53, 3124–3132. https://doi.org/
10.1017/S0033291721005183

Received: 31 May 2021
Revised: 21 November 2021
Accepted: 29 November 2021
First published online: 23 December 2021

Key words:
Depression; time series; early warning signals;
dynamics

Author for correspondence:
Joshua E. Curtiss,
E-mail: jcurtiss@mgh.harvard.edu

© The Author(s), 2021. Published by
Cambridge University Press

Rising early warning signals in affect associated
with future changes in depression: a dynamical
systems approach

Joshua E. Curtiss1,2, David Mischoulon1,2, Lauren B. Fisher1,2, Cristina Cusin1,2,

Szymon Fedor3, Rosalind W. Picard3 and Paola Pedrelli1,2

1Depression Clinical and Research Program at Massachusetts General Hospital, Boston, MA, USA; 2Harvard Medical
School, Boston, MA, USA and 3The Media Lab, Massachusetts Institute of Technology, Cambridge, MA, USA

Abstract

Background. Predicting future states of psychopathology such as depressive episodes has been
a hallmark initiative in mental health research. Dynamical systems theory has proposed that
rises in certain ‘early warning signals’ (EWSs) in time-series data (e.g. auto-correlation, temporal
variance, network connectivity) may precede impending changes in disorder severity. The cur-
rent study investigates whether rises in these EWSs over time are associated with future changes
in disorder severity among a group of patients with major depressive disorder (MDD).
Methods. Thirty-one patients with MDD completed the study, which consisted of daily
smartphone-delivered surveys over 8 weeks. Daily positive and negative affect were collected
for the time-series analyses. A rolling window approach was used to determine whether rises
in auto-correlation of total affect, temporal standard deviation of total affect, and overall net-
work connectivity in individual affect items were predictive of increases in depression
symptoms.
Results. Results suggested that rises in auto-correlation were significantly associated with wor-
sening in depression symptoms (r = 0.41, p = 0.02). Results indicated that neither rises in tem-
poral standard deviation (r =−0.23, p = 0.23) nor in network connectivity (r =−0.12, p = 0.59)
were associated with changes in depression symptoms.
Conclusions. This study more rigorously examines whether rises in EWSs were associated
with future depression symptoms in a larger group of patients with MDD. Results indicated
that rises in auto-correlation were the only EWS that was associated with worsening future
changes in depression.

Introduction

Major depressive disorder (MDD) has a 16% lifetime prevalence rate and poses a substantial soci-
etal health burden as one of the leading causes of worldwide disability (Kessler et al., 2009).
Moreover, depressive episodes have a high risk of recurrence, often eventuating in chronic suffer-
ing (Kendler, Thornton, &Gardner, 2000). Prediction of future states of psychopathology such as
depressive episodes has been a hallmark initiative in mental health research (Bernardini et al.,
2017). Although several decades of research have been devoted to elucidating risk factors for
the onset of MDD, results have been limited to the identification of generic clinical and demo-
graphic predictors. Several methodological objections have been levied against the utility of
such nomothetic risk factors in predicting future states of psychopathology. The generalizability
of nomothetic research findings to any given individual is questionable (Fisher & Boswell, 2016),
and static predictors fail to capture their highly dynamic and changeable nature of psychopath-
ology over time (Nelson, McGorry, Wichers, Wigman, & Hartmann, 2017).

One potential reason for limited progress with predicting future depression may be our
understanding of the disorder. Traditional conceptualizations postulate that a latent disease
mechanism underlies the constellation of symptoms commonly associated with depression
(e.g. low mood, anhedonia, sleep disturbances, etc.). However, recent perspectives on psycho-
pathology acknowledge that mental disorders are complex networks of features that dynamic-
ally unfold and evolve over time (Hofmann, Curtiss, & McNally, 2016; Nelson et al., 2017;
Scheffer et al., 2009, 2012; van de Leemput et al., 2014; Wichers et al., 2016). Prior researchers
have posited that such a dynamical systems framework of mental disorders can facilitate pre-
cision medicine objectives of predicting disorder onset and identifying individually tailored
treatments (Hayes et al., 2019; Hofmann, Curtiss, & Hayes, 2020). The dense time-series
data necessitated by dynamical systems research afford more idiographic insights into predic-
tion at the individual level.

Indeed, other research has leveraged longitudinal or idiographic time-series data in com-
bination with various analytic methods such as growth curve modeling using multilevel
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modes (Wakefield, Delgadillo, Kellett, White, & Hepple, 2021),
growth mixture modeling (Davies et al., 2020; Gueorguieva,
Chekroud, & Krystal, 2017), machine learning modeling using
generative embedding (Frässle et al., 2020), and best-fitting
defined (linear, log-linear, 1-step) trajectories modeled for each
patient to identify sudden gains (Helmich et al., 2020). One
important limitation of prior research examining trajectories of
depression over time is that such analytic approaches fail to cap-
ture the dynamic nature of depression using intensive time-series
data. The aforementioned dynamical systems approach may offer
a more theoretically and statistically innovative modeling frame-
work that exploits dynamic time-series properties to predict
depression outcomes (Hofmann et al., 2016; Nelson et al., 2017;
Scheffer et al., 2012).

A dynamical systems approach to depression represents men-
tal health as a complex system that occupies different attractor
states of equilibrium (e.g. pathology or psychological health).
When an attractor state exhibits stability, it tends to occupy a
given state (e.g. psychological health) and be resilient to external
influences that attempt to push it out of its state. However, when
an attractor state lacks such stability, a small disturbance to the
system (e.g. a life stressor) will more likely initiate a sudden
shift in the system, causing it to occupy a new state of equilibrium
(e.g. depression) (Cramer et al., 2016; Scheffer et al., 2009, 2012).

Rather than being gradual and linear, such transitions are often
characterized by sudden changes and increased variability in system
behavior, which is also known as critical fluctuations (Hayes,
Laurenceau, Feldman, Strauss, & Cardaciotto, 2007). Evidence
has supported the notion that improvement in response to psycho-
therapyoccurs as discontinuous changes, the occurrence ofwhich is
preceded by critical instabilities such as critical fluctuations and
other dynamic time-series indices (Schiepek, Tominschek, &
Heinzel, 2014). Furthermore, recent emphasis has been placed on
the identification of control parameters that cause changes between
phases (Olthof, Hasselman, Oude Maatman, Bosman, &
Lichtwarck-Aschoff, 2021). That is, what embedding and embodied
constraints influence the system? For instance, Olthof et al. (2021)
have proposed that idiographic processes that alter stress levels and
stress vulnerability may be a candidate control parameter that dic-
tates transitions into psychopathology.

According to dynamical systems theory, critical transitions
from one state to another might be preceded by critical slowing
down, which refers to an increasingly slow return to equilibrium
after the system is impacted by small perturbations (Cramer et al.,
2016; Hofmann et al., 2016; Scheffer et al., 2009, 2012). If the phe-
nomenon were to be translated to mental health, then perhaps a
person who is at risk for imminently developing depression may
take longer and longer to return to a state of mental health after
experiencing a small perturbation (e.g. life stressor). This slowness
to recover may increase the likelihood that any given stressor will
disturb the system enough to reach a tipping point, thereby pre-
cipitating a depressive episode.

Dynamical systems theory has proposed that certain ‘early
warning signals’ (EWSs) are indicative of critical slowing down
and impending shifts between states (Wichers et al., 2016).
Specifically, such EWSs include time-series indices such as
increasing temporal auto-correlation (i.e. the correlation between
a variable at t and itself at t–1), increasing temporal variance, and
increasing network connectivity (i.e. how strongly variables in a
time-series are associated) (Liu, Chen, Aihara, & Chen, 2015).

Although critical slowing down and dynamical systems theory
has been applied to more mature fields such as ecology and

climate change (Scheffer et al., 2009), only recently have the con-
cepts been articulated in mental health research, and there have
been difficulties in identifying reliable clinical value in dynamical
systems theory. For instance, Dablander, Pichler, Cika, and
Bacilieri (2020) discuss how the ability of critical slowing down
to predict depression transitions can be complicated by issues
such as the fact that EWSs are sensitive to noise, critical slowing
down can precede smooth transitions between stable states, and
not all variables in a system will unanimously express critical
slowing down prior to a sudden change.

Several studies have already examined depression from a
dynamical systems perspective, accumulating tentative evidence
that EWSs such as temporal auto-correlation tend to be higher
among individuals who experience future increases in depression
(Curtiss, Fulford, Hofmann, & Gershon, 2019; van de Leemput
et al., 2014). Although the evidence from these studies is consist-
ent with general tenets of dynamical systems theory, certain
aspects have yet to be rigorously validated. Specifically, prior stud-
ies have only demonstrated that auto-correlation in certain vari-
ables is associated with depression changes when computing
auto-correlation across all time-points in the entire time-series
dataset. Dynamic systems theory more specifically postulates that
rises in EWSs across time and within a specific individual provide
evidence of critical slowing down (Hofmann et al., 2016; Scheffer
et al., 2009). Methodologically, this would require a rolling window
approach to time-series data analyses, whereby EWSmetrics would
be calculated within a single person sequentially several times over a
given time window size (e.g. for a window size of 10, a time-series
metric would be calculated from t1 to t10, t2 to t11, t3 to t12, etc.,
until the end of the time-series data). By adopting this approach,
more direct evidence can be obtained to determine whether rises
in EWSs can predict future changes in depression.

Wichers, Smit, and Snippe (2020) employed this rolling window
approach in a single subject, substantiating that certain EWSs (i.e.
auto-correlation and network connectivity) significantly increased
over time before the patient experienced an abrupt exacerbation in
depression symptoms. Other studies have suggested that rising
increases in EWSs precede meaningful change in psychological
treatments, such as increasing entropy values in child-therapist
communication patterns preceding symptom reduction in anxiety
(Lichtwarck-Aschoff, Hasselman, Cox, Pepler, & Granic, 2012),
critical fluctuations (higher dynamic complexity) preceding
symptom reduction in obsessive-compulsive disorder (Schiepek
et al., 2014), increasing critical fluctuations (higher dynamic com-
plexity) in psychotherapeutic processes predicting sudden gains
and losses in psychotherapy for depressed patients (Olthof et al.,
2020b), and increasing dynamic complexity and destabilization in
therapy process variables preceding better treatment outcomes in
depressed patients (Olthof et al., 2020a).

In the current study, a rolling window approach to examining
EWSs will be pursued in a sample of patients with MDD. It may
be that rises in certain EWSs are more associated with symptom
change than others, suggesting predictive specificity. The current
study extends previous research by providing a more robust exam-
ination of whether rising EWSs are related to future depression
states. Although Wichers et al. (2020) found that all three EWS
metrics were increasing before the onset of a depressive episode
in a single patient, these metrics may not be predictive in general
beyond that individual patient. In line with prominent models of
emotional psychopathology positing dysregulation of negative
affect and deficits in positive affect as core mechanisms under-
lying disorders such as depression (Hofmann, Sawyer, Fang, &
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Asnaani, 2012), affect was the primary time-series variable used
given its theoretical relevance. Thus, the primary objective of
the current study is to determine which rising EWSs (i.e. temporal
auto-correlation, temporal variance, or network connectivity) in
time-series affect data are most reliably related to future exacerba-
tions in symptoms in a larger sample of patients with MDD.

Methods

Participants and procedure

In the current study, 41 participants [74% female, mean age was
33.7 (S.D. = 14)] with MDD were initially enrolled, and 31 com-
pleted the study. Thus, all analyses are conducted on this final
set of completers. Participants identified as the following:
White = 22 (71%), Hispanic/Latino = 4 (23%), Asian = 5 (16%),
Haitian/Black/African-American = 4 (12%), American Indian/
Alaskan = 1 (3%), mixed-race = 2 (6%), and other = 1 (3%).

The study consisted of six in-person visits, daily smartphone-
delivered surveys, and passive assessment over 8 weeks. At the
first visit, we obtained informed consent and conducted the
clinician-rated screening assessment to ascertain diagnoses and
depression symptom severity. At the second visit (i.e. baseline
visit), participants were assisted in downloading the monitoring
app onto their smartphones, equipping them with wristband sen-
sors, and administering clinical assessments. Clinical assessments
were administered at the remaining four visits, which occurred
once every 2 weeks over 8 weeks.

For study inclusion, participants were required to be diagnosed
with current MDD (per the DSM-IV; APA, 2000) and have a
Hamilton Depression Rating Scale (HDRS-28; Hamilton, 1960)
score >18. Exclusionary criteria included substance use disorder
within the past 3 months, psychosis, mania, and acute suicide
risk. Full study details about participants and procedures have
been described elsewhere (Pedrelli et al., 2020).

Measures

Positive and Negative Affect Schedule (PANAS)
The PANAS is a 20-item instrument that assesses positive and nega-
tive affect (Watson,Clark,&Tellegen, 1988).Thismeasurewas admi-
nistered daily via patients’ smartphones during the entire 8-week
period. Both the total affect score (i.e. the sum score of all the affect
variables) and individual affect items were used for the data analyses.
This approach is consistentwithWichers, Groot, Psychosystems, and
Group (2016), which used a total affect score for temporal auto-
correlation and variance and individual items for networks.

Specifically, the networks were calculated using a 10-item sub-
set of the PANAS with non-redundant items that measure well-
characterized domains of positive and negative affect
(Thompson, 2007). Of the 10 items, five indicate positive affect
(i.e. ‘active’, ‘alert’, ‘inspired’, ‘determined’, and ‘attentive’), and
five measure negative affect (i.e. ‘ashamed’, ‘upset’, ‘hostile’, ‘ner-
vous’, and ‘afraid’). Prior research has demonstrated that these
items evidenced good reliability and validity (Thompson, 2007).

Quick Inventory of Depression Symptomatology-Self Report
(QIDS-SR)
The QIDS-SR is a 16-item self-report instrument that assesses
overall depression severity, and higher scores indicate worse
depressive symptoms (Rush et al., 2003). In the current study,
the dependent variable was change in depressive symptoms over

the course of the study expressed by the QIDS-SR change score
(i.e. final endpoint QIDS-SR–baseline QIDS-SR). Thus, positive
scores indicate worsening of depression symptoms across time,
whereas negative scores indicate improvement in depression.

Clinical Global Impression Scale Improvement (CGI-I)
The CGI-I scale measures symptom improvement on a 1 (very
much improved) to 7 (very much worse) scale (Guy, 1976). A
score of 4 indicates no clinically meaningful improvement. For
the context of the current study, the CGI-I was converted to a
multi-categorical variable such that scores of 6 and above indi-
cated clinically meaningful worsening of symptoms, scores
between 3 and 5 indicated no substantial change, and scores of
2 and below indicated clinically meaningful improvement.

Statistical analyses

Prior to conducting any time-series analyses, each individual’s
time-series data were detrended using differencing, which com-
putes differences between consecutive scores. This transformation
procedure mitigates the influence of mean trends, an assumption
underlying subsequent analyses (Dakos et al., 2012). Trends in
absolute mean levels of affect may influence the window-based
estimates of auto-correlation, standard deviation, and network
connectivity. Detrending has been undertaken in other early
warning studies for similar purposes (Wichers et al., 2020).

For the current study, the overarching approach to the time-
series analyses consisted of an overlapping rolling window
approach. That is, each EWS metric was computed for each per-
son’s time-series data in a smaller and fixed subset of time-points
(i.e. a window), and they were recalculated for each sequential
window until the last time-point was reached (e.g. for a window
size of 18, a time-series metric would be calculated from t1 to
t18, t2 to t19, t3 to t20, etc., until the end of the time-series data).
Specifically, a window size of 18 time-points (i.e. 18 days) was
selected to optimize the balance between having an adequate
number of rolling window samples and time-points within each
window, which were overlapping by 17 days. Given the number
of complete time-points of data for each participant, which ran-
ged from 19 days to full available data across the assessment per-
iod, window sizes of 15–25 days were tested to determine which
window size would result in optimizing the number of partici-
pants who have a large enough number of rolling windows sam-
ples to be used for subsequent correlation analyses (i.e. have 5 or
more rolling window samples). Window sizes of 15–18 days
resulted in the exclusion of one participant due to an insufficient
number of rolling window samples (i.e. <5). Window sizes larger
than 18 days resulted in the loss of more participants. Thus, a
final window size of 18 days was used because it was the largest
window size associated with minimal loss of participants.

In other words, making the window size much larger resulted
in having a smaller number of windows, which in turn would
have undermined our ability to detect associations between each
metric and the time index for each window (e.g. first window
has time index of one, second window has time index of two,
etc.). A much smaller window size would have reduced our
power to estimate the EWS metrics.

Influenced by the work of Wichers et al. (2016), three standard
metrics of critical slowing down were computed by examining
EWSs: temporal auto-correlation, variability, and internode net-
work connectivity. Temporal auto-correlation of the total
PANAS score was computed using the acf function in R with a
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lag of 1 (i.e. within each time window the total PANAS at time t
was correlated with itself at t–1). Variability was calculated using
the standard deviation of the total PANAS score time-series within
each window. Finally, network connectivity was estimated by way
of vector auto-regression (VAR) analyses of each of the 10 non-
redundant PANAS items. Specifically, overall connectivity was cal-
culated by taking the absolute sum of all the β coefficients of the
VAR analyses for each person. VAR analyses were conducted
using the VAR function of the vars package in R (Pfaff, 2008).

Two approaches were used to determine whether statistically
significant changes in EWS metrics occurring over time were
associated with symptom outcomes. First, to assess whether
changes over time in EWSs was associated with categorical dis-
order changes in general, χ2 tests were used to assess the relation-
ship between categorical symptoms outcomes as measured by the
CGI-I (i.e. improvement, worsening, and no meaningful change)
and whether or not there was a significant correlation between the
EWS metric and time index (i.e. significant v. non-significant).

Second, to probe the exact nature of change, a more dimen-
sional approach was adopted using changes in the QIDS-SR
measure. Correlations between EWS metrics and their rolling
window time index (i.e. the first window has a time index of 1,
the second window has an index of 2, etc.) were conducted for
each individual to evaluate whether such metrics significantly
increase over each time window. Specifically, Kendall’s τ param-
eter was estimated given that it specifically models rank ordering.
Subsequently, participants’ individual Kendall τ correlations
between the EWSs and time indices were associated with changes
in depression between follow-up and baseline, which would test
whether individuals with rising EWSs are more likely to have
future changes in depression severity. As a check to ensure
depression measures were not better predicted by trivial features
of the time-series affect data, the correlations between non-
trended means of the affect data and time index were used to pre-
dict depression changes. The α was set to 0.05. Furthermore, for
each EWS, we examined the number of participants whose
metrics increased (i.e. significant and positive correlation between
EWS metrics and their rolling window time index), decreased (i.e.
significant and negative correlation between EWS metrics and
their rolling window time index), and did not change over time
(i.e. no significant correlation between EWS metrics and their
rolling window time index).

For all analyses, all available time-series data were used, and
incomplete time-points were removed. Available PANAS data
ranged from some participants having all available data across
the full 8-week time period to one participant having only 19
days of data. As indicated in the Results section, we excluded par-
ticipants without sufficient time-points for an 18-day window size
used for the rolling window analyses. Specifically, there were a
number of participants who had three or fewer windows and
were thus excluded. All analyses were conducted in R.

Results

Temporal auto-correlation

After applying the rolling window procedure to determine indi-
vidual auto-correlations of total affect for each window within
each individual, one participant’s data were not usable due to
not having enough time windows (i.e. only one time window).
Of the 30 remaining participants, nine exhibited rising auto-
correlations over time, seven had decreasing auto-correlations,

and 14 had auto-correlations that did not significantly change
over time. From the categorical perspective, symptom change cat-
egory as measured by the CGI-I was not associated with statistically
significant changes in auto-correlation over time (χ2 = 7.47, df = 2,
p = 0.03). To probe the exact nature of this relationship, changes in
QIDS-SR were associated with the correlations between auto-
correlation and rolling time index. Overall, rises in temporal auto-
correlation were significantly associated with worsening in depres-
sion symptoms (r = 0.41, p = 0.02) (Fig. 1). That is, participants
who experienced rising auto-correlations over time in the total
PANAS score were significantly more likely to experience deterior-
ation of depression symptoms measured by the QIDS-SR.

Standard deviation

Likewise, 30 participants had sufficient data to extract individual
standard deviation values using a rolling window approach (i.e.
the same participant as mentioned above was excluded for having
only one time window). Eight participants exhibited rising stand-
ard deviations over time, 14 exhibited decreasing standard devia-
tions over time, and eight had standard deviations that did not
significantly change over time. From the categorical perspective,
symptom change category as measured by the CGI-I was not
associated with statistically significant changes in standard devi-
ation over time (χ2 = 0.56, df = 2, p = 0.75). To probe the exact
nature of this relationship, changes in QIDS-SR were associated
with the correlations between standard deviation and rolling
time index. Temporal standard deviation of total affect was not
significantly associated with worsening in depression symptoms
using the QIDS-SR (r =−0.23, p = 0.23) (Fig. 2).

Network connectivity

After applying the rolling window procedure to calculate individ-
ual VAR networks containing the 10 non-redundant individual
PANAS items, 10 participants’ data were not usable due to insuf-
ficient time windows to calculate correlations over time (i.e. they
had three or fewer time windows). Of the 21 remaining partici-
pants, three exhibited rising network connectivity over time,
three exhibited decreasing network connectivity over time, and
15 had connectivity that did not significantly change over time.
From the categorical perspective, symptom change category as
measured by the CGI-I was not associated with statistically signifi-
cant changes in network connectivity over time (χ2 = 2.36, df = 2,
p = 0.31). From the dimensional perspective, changes in QIDS-SR
were associated with the correlations between network connectiv-
ity and rolling time index. Temporal rises in network connectivity
were not associated with changes in depression symptoms using
the QIDS-SR (r =−0.12, p = 0.59) (Fig. 3).

Overall, across all three time-series metrics of interest (i.e.
auto-correlation, standard deviation, and network connectivity),
there were only three patients who experienced the same direction
of change over time. Specifically, two patients experienced a
decrease in all three metrics over time, whereas one patient
experienced an increase in all three metrics over time.

Mean

The rolling window procedure to non-detrended data to calculate
affect means for each window. From the categorical perspective,
symptom change category as measured by the CGI-I was not
associated with statistically significant changes in mean over
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time (χ2 = 0.53, df = 2, p = 0.77). Moreover, changes in the mean
of total affect over time were not significantly associated with wor-
sening in depression symptoms using the QIDS-SR (r = −0.28,
p = 0.14).

Discussion

In recent years, there has been a burgeoning interest in under-
standing depression from a dynamical systems perspective
(Hayes et al., 2007; Hofmann et al., 2016; Schiepek et al., 2014;
Wichers et al., 2016). Promising prior research has leveraged
EWSs in symptom and affect time-series data to predict future
depression severity (Curtiss et al., 2019; van de Leemput et al.,
2014; Wichers et al., 2016). However, the current study more
rigorously examined whether rises in EWSs over time were asso-
ciated with future depression symptoms in a larger group of
patients with MDD. Identifying more robust EWSs as predictors
of depression outcome can better facilitate precision medicine
approaches to depression. Results indicated that rises in temporal
auto-correlation of overall affect over time are associated with
worsening future changes in depression. Yet, neither rises in vari-
ance nor rises in network connectivity of overall affect over time
predicted changes in depression. Of course, null results do not

demonstrate that variance and network connectivity are unrelated
to changes in depression; instead, there may not have been suffi-
cient data to establish the presence of a relationship.

The findings on rising auto-correlation accord with prior lit-
erature and provide novel insight into potential dynamic time-
series mechanisms underlying changes in depression. In prior
studies that have examined dynamic properties across an entire
time-series dataset, temporal auto-correlation was the most prom-
inent EWS metric associated with future changes in depression
(e.g. Curtiss et al., 2019; van de Leemput et al., 2014; Wichers
et al., 2016). Moreover, in the only studies examining rising
EWSs, rises in temporal auto-correlation preceded exacerbations
in depression for a single patient (Wichers et al., 2016; Wichers
et al., 2020). Thus, results of the current study appear to corrob-
orate the potential utility of auto-correlation as an important
EWS metric. That notwithstanding, there are several other early
earning signal metrics than the ones considered in the current
study that would benefit from additional examination (e.g.
dynamic complexity; Olthof et al., 2020b). A precision medicine
approach to predicting worsening depression may be bolstered
by examining rising auto-correlation as a relevant EWS of wor-
sening depression. A corollary of our results is that improvements
in depression are preceded by decreasing auto-correlation over

Fig. 1. Rising auto-correlation predicting depression changes. Note: Rising AC = Kendall’s τ correlation between auto-correlation in each time window and the time
window index. Rising temporal auto-correlation over time was associated with depression worsening, suggesting rising temporal auto-correlation predicts exacer-
bations in depression. Depression worsening is the difference between the baseline and post-assessment QIDS-SR score such that positive scores indicate depres-
sion deterioration and negative scores indicate improvement.
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time, suggesting that both rises and decreases in auto-correlation
have utility as signals of different depression outcomes. This might
suggest that temporal auto-correlation is not serving as an EWS of
critical slowing down in the traditional sense. If critical slowing
down were occurring as specified according to the strict tenets of
dynamical systems theory, then rising auto-correlations would likely
precede both deterioration and improvement. In ecology, for
instance, decreases in auto-correlation and skewness of water quality
datapreceded sudden transitions tounhealthy lake conditions,which
is more related to the phenomenon of flickering rather than critical
slowing down (Wang et al., 2012). Related to the current study, per-
haps the decreasing auto-correlation preceding improvements in
depression may bear a stronger resemblance to flickering, which
compels a system to alternate back and forth between different states
in response to relatively large impacts (Wang et al., 2012).

We did not replicate the finding that rises in variance of total
affect and network connectivity predict changes in depression
(Wichers et al., 2016, 2020). A primary difference between the cur-
rent study and the two prior studies that examined the same rising
EWSs is that the latter examined thesemetrics only in single patients.
The current study used a full sample of depressed patients to deter-
mine how robust and consistent all three EWS metrics were in pre-
dicting future changes in depression. Indeed, for some patients in
the current study, support was found for rises in standard deviation

(n = 8) and network connectivity (n = 3), yet this pattern was not
robust enoughacross the population for thesemetrics tobemore gen-
eral predictors of changes in depression symptoms. Although there
was specificity in which rising EWSs more reliably predict changes
in depression in the current study, this does not necessarily indicate
that there is always specificity in which time-series dynamics predict
depression changes. For instance, it could be the case that the current
study was underpowered to detect the other EWSs, or that critical
slowing down, as evidenced by rises in all three metrics, does not
hold for depression in the robust way dictated by dynamical systems
theory.

Collectively, findings from this study and prior research motiv-
ate a more nuanced framework for understanding the role of
EWSs in predicting depression outcomes. A common conclusion
is that the predictive utility of rising EWSs is supported, which is
an important finding bearing on the theoretical tenets of dynam-
ical systems theory (Hofmann et al., 2016; Scheffer et al., 2009).
Moreover, when EWSs are studied beyond a single subject, rising
temporal auto-correlation appears to be the most reliable metric
significantly emerging in multiple people. Thus, auto-correlation
may be a more generic and robust EWS. However, it is important
to note that idiographic research supports the predictive utility of
other rising EWSs for individual patients. It may be the case that
time-series metrics that are predictive for one patient may not

Fig. 2. Rising standard deviation predicting depression changes. Note: Rising standard deviation = Kendall’s τ correlation between standard deviation in each time
window and the time window index. Depression worsening is the difference between the baseline and post-assessment QIDS-SR score such that positive scores
indicate depression deterioration and negative scores indicate improvement.
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necessarily bear similar utility for another patient. Although
examining the predictive utility of every single time-series metric
for each patient is neither feasible nor appropriate, consideration
of individual differences in theory-driven dynamic metrics to a
certain extent could still be useful.

This study corroborates rising auto-correlation as a potential
pathway forward in augmenting our ability to predict meaningful
outcomes relevant to depression. In precision medicine, it is import-
ant to identify which featuresmore reliably predict clinical outcomes
across groups of people andwhich features are idiographically useful,
arising in one patient but not another. For time-series data to better
inform precision medicine approaches to depression, more research
is required tobetter understandunderwhat circumstances are certain
time-series metrics predictive of depression change. If time-series
analysis procedures can be developed to identify which unique
dynamicmetrics aremost predictive of depressionoutcomes for indi-
vidual patients, then thismay be to bolster precisionmedicine science
for depression.

Another important issueworthy of consideration is a better con-
ceptualization of phase changes in mental disorders. Dynamical
systems theory posits that EWSs should precede phase changes
(i.e. the qualitative transition from one state to another). In mental
health research, a phase transition would represent a qualitative
change between different attractor states of health or pathology.

Nonetheless, it is not necessarily clear which attractor state a system
will enter given the appearance of EWSs. Indeed prior studies have
found that EWSs are related to both improvement and deterioration
in depression (Olthof et al., 2020b; van de Leemput et al., 2014). In
the current study, there was some evidence that significantly chan-
ging auto-correlations over time were associated with clinically sig-
nificant categorical changes in symptoms. Moreover, it appeared
that rising levels of temporal auto-correlations over time preceded
deterioration in depression rather than improvement. This may
be the case because this study only involved assessment and did
not provide any sort of treatment. Future work into dynamical sys-
tem approaches tomental health disordersmight benefit frommore
explicit considerations of why certain transitions occur over others.

Relatedly it would be profitable for future dynamical systems
research in depression to examine what drivers are underlying
changes. For instance, Dablander et al. (2020) mention that in the
case of depression this would require assessing underlying variables
(e.g. stress) that may drive critical transitions in the symptom vari-
ables. There may be multiple drivers underlying transitions, and
identification of appropriate drivers requires an adequate theoretical
and conceptual foundation of the dynamic behavior of depression.
Furthermore, it is important to understand the nature of the relation-
ship between the driver variables and symptom variables. For
instance, EWSs preceding critical transitions assume a nonlinear

Fig. 3. Rising network connectivity predicting depression changes. Note: Rising network connectivity = Kendall’s τ correlation between network connectivity in each
time window and the time window index. Depression worsening is the difference between the baseline and post-assessment QIDS-SR score such that positive
scores indicate depression deterioration and negative scores indicate improvement.
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relationship (i.e. small changes in a driver ideally should be asso-
ciated with large changes in the state variable of interest, such as
depression severity) (Dablander et al., 2020). It is important that
future research acknowledge these issues in the context of mental
health disorders.

Our findings must be interpreted in light of certain limitations.
First, affect measurements were only assessed daily, in which one-
half of the questions were measured earlier in the day and the
other half later in the day. Thus, our methodology bears a stron-
ger resemblance to a daily diary study than a more intensive eco-
logical momentary assessment study, in which more rich
time-series data would be collected. Second, although the rolling
windows approach was an innovative methodology for the time-
series data analysis, the size of the moving window (i.e. 18 days)
was smaller than would be desired. Thiswindowsizewas selected to
optimize the balance between having adequate rolling window sam-
ples and time-points within each window. Although small window
sizes might be advantageous for just-in-time clinical interventions,
such awindow sizemight make it more difficult to detect meaningful
effects with the VAR analyses used to compute network connectivity.
Third, future studies would benefit frommeasuring disorder severity
more frequentlyand for greater periods of time to better detect exactly
when EWSs precede exacerbations and improvements in depression.
Longer term monitoring of changes in depression, including both
recovery and relapse, can facilitate our understanding of whether
the auto-correlation, variance, and network connectivity re-occur in
a person-dependent way over time. Fourth, the current study exam-
ined symptom changes and clinical change across the entirety of the
study. Thus, it remains difficult to determine whether changes in
the time-series metrics of affect specifically preceded a large change
in symptoms. The current study does not have sufficient measure-
ment occasions to rigorously examine whether EWSs are markedly
identifiable right before a sudden transition. Future research would
requiremore frequent assessment over longer periods of time to iden-
tify the extent towhichEWSs immediatelyprecede critical transitions.
These limitations notwithstanding, the current study provides further
evidence that rises in certain EWSs (i.e. temporal auto-correlation)
appear to be relatively reliable predictors of depression change across
a larger sample of depressed patients, affording insights into how
dynamical systems procedures can inform a precision medicine
framework for depression.
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