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Abstract
Depression represents a pressing public health concern in modern society, and
prevention constitutes one of the most effective approaches to addressing this
issue. The key to effective prevention lies in accurately identifying individuals
at risk for depression, capturing early warning signals of changes in depressive
states, and implementing timely preventive interventions. Depression is a net-
work system formed by the interaction of multiple symptoms, whose structural
and dynamic characteristics can provide novel theoretical perspectives and mea-
surable indicators for predicting the onset and evolution of depression. Focus-
ing on the key question of how to predict the onset and evolution of depression,
this paper discusses the relationship between symptom networks and depression
from a theoretical perspective, and further examines the predictive performance
of topological features of depressive symptom networks and indicators related
to critical phenomena in forecasting depressive episodes and abrupt transitions.
To enhance the accuracy of early warning signals in predicting depressive states,
future research should construct more systematic and comprehensive networks,
and optimize methods for determining depressive states by employing integrated
or machine learning-based early warning indicators.
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Abstract: Depression is a public health problem that urgently needs to be
addressed in modern society, and prevention is one of the most effective ways to
deal with this problem. The key to successful prevention lies in accurately iden-
tifying potential depression patients, capturing warning signals that indicate
state transitions, and taking timely preventive actions. Depression is a net-
work system composed of multiple interacting symptoms. The structural and
dynamic features of this network can provide new theoretical perspectives and
measurable indicators for predicting the occurrence and evolution of depression.
Starting from the key issue of how to predict depression onset and changes,
this paper discusses the relationship between symptom networks and depres-
sion from a theoretical perspective, and further examines the performance of
topological structure features and critical phenomenon-related indicators of de-
pression symptom networks in predicting depression onset and abrupt changes.
To increase the accuracy of early warning signals in predicting depression states,
future studies should construct more systematic and comprehensive networks,
optimize depression state determination methods by using composite or machine
learning-based warning indicators.

Keywords: network analysis, depression symptom evolution, prediction, criti-
cal phenomenon, early warning signals

2. Network Structure and Depression Onset
2.1 Theoretical Explanation of Network Structure and Depression
Onset

Early research on depression, influenced by reductionist thinking, inherited
the understanding of physiological diseases and tended to search for as precise
pathogenic factors as possible, assuming that multiple factors affecting depres-
sion were independent of each other (Borsboom, 2008; Fried & Nesse, 2015).
Similar to how chromosome 21 abnormality is the cause of various symptoms
in Down syndrome patients, depression was considered a latent common cause
of numerous symptom manifestations (such as low mood, insomnia, lack of en-
ergy, etc.)—this is the traditional common cause model (Hofmann et al., 2016).
However, unlike physiological diseases, researchers have not found clear factors
that produce depression, and there is no evidence that any factor is both suf-
ficient and necessary for depression onset. As evidence emerged showing that
depression symptoms are non-independent and non-interchangeable, the limita-
tions of traditional research methods gradually became apparent (Fried & Nesse,
2015). Consequently, researchers proposed focusing on the interactions among
depression symptoms rather than biological causes of depression, and in 2008
first suggested understanding depression from a network perspective (Borsboom,
2008).

From a network perspective, depression is a complex system formed by the
interaction of many symptoms. Depression symptoms are not independent of
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each other; one symptom can trigger the emergence of another—for example,
low mood may cause appetite loss. Symptoms are not passive manifestations
of an underlying disease but play an active role, and their interactions lead to
depression onset (Borsboom, 2008; Cramer et al., 2016). Complex networks
provide a novel approach to explaining psychopathology (Cramer et al., 2016;
Hofmann et al., 2016) and have gained increasing recognition among researchers
(Bringmann et al., 2013; De Beurs et al., 2021; Fried et al., 2017; Hayes &
Andrews, 2020; McLaughlin et al., 2020; Robinaugh et al., 2020; Wittenborn et
al., 2016).

Compared with traditional perspectives, the complex network explanation for
depression onset is more comprehensive and flexible. Depression causation
is extremely complex, involving physiological, psychological, and social levels
(McLaughlin et al., 2020), making it difficult to deeply understand depression for-
mation from a single angle, whereas networks can encompass numerous factors.
Clinically, depression onset often involves multiple symptoms (such as sleep dis-
orders, obesity, and poor concentration) interacting to form complex feedback
loops (Hofmann et al., 2016). For example, long-term insomnia → fatigue → de-
creased attention may further trigger more symptom associations, such as long-
term insomnia → fatigue → decreased attention → low mood → deep self-blame.
The co-occurrence of many symptoms means depression onset. To clearly dis-
play the interaction relationships among depression symptoms, we visualized
a depression symptom network using partial data from a publicly available de-
pression scale database (CLHLS, http://chads.nsd.pku.edu.cn/sjzx/index.htm),
shown in Figure 1 [Figure 1: see original paper]. The figure shows that multiple
depression symptoms have certain relationships, such as loneliness → inability
to continue living → tension and fear. Since Figure 1 is an undirected network
built from cross-sectional data, the relationships between nodes have no direc-
tionality and cannot support causal inferences. If built from longitudinal data as
a temporal network, it could further indicate the causal direction of symptom
relationships, where lines connecting nodes would have arrows showing direc-
tionality, as detailed in Figure 2 of Aalbers et al. (2019) [Figure 2: see original
paper].

The depression network perspective has received extensive support, with ample
evidence showing that depression formation involves multiple symptom interac-
tions. First, researchers have found significant relationships among mood, stress,
and behavioral states in both temporal (Wichers, 2014) and cross-sectional data
(Monk et al., 2022). Second, compared with normal populations, depression pa-
tients have greater symptom network connection density (Cramer et al., 2016).
Compared with individuals whose depression has remitted, those with persistent
depression show stronger connections between nodes in their symptom networks
(van Borkulo et al., 2015). Moreover, symptom severity is significantly related to
node connections (Heeren & McNally, 2018; van Rooijen et al., 2018). Finally,
consulting clinical experts reveals close causal relationships among multiple de-
pression symptoms (Kim & Ahn, 2002). In successful psychiatric treatment,
connections in symptom networks significantly decrease after treatment (Mad-
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hoo & Levine, 2016).

2.2 Predicting Depression Onset Based on Network Structural Fea-
tures

Since depression originates from interactions among symptoms, analyzing de-
pression symptom network characteristics provides a pathway for predicting
depression onset. From a graph theory perspective, depression network struc-
tural features mainly manifest as topological properties, such as connectivity and
node centrality. The main indicators of network connectivity are global strength
(the sum of absolute values of all edge weights in the network) and network den-
sity (the proportion of estimated edges relative to all possible edges among
nodes) (Chen et al., 2020). Unlike social or logistics networks where greater
connectivity or density means stronger information transmission and interac-
tion capability, in symptom networks, when connections between symptoms are
weak, certain symptoms will not be activated by others, and the network overall
has greater resilience, which is often characteristic of healthy networks. There-
fore, lower network density or connectivity predicts lower depression symptom
severity (Borsboom, 2017). Regarding network density, patients with major
depression show greater connection density than normal populations (Pe et al.,
2015).

The predictive power of overall connectivity has not received sufficient empir-
ical support. On one hand, prospective studies show that baseline depression
network connectivity can predict depression status two years later, with tighter
network connections corresponding to worse individual states (van Borkulo et
al., 2015). On the other hand, in adolescent depression interventions, although
the intervention-nonresponsive group showed higher overall symptom network
strength than the responsive group, the difference was not significant (Schweren
et al., 2018). Additionally, one study found that after eight weeks of sertraline
antidepressant treatment, symptom network connectivity did not decrease but
instead increased as depression symptoms alleviated (Bos et al., 2018).

One possible reason for these conflicting results lies in experimental design. Van
Borkulo et al. (2015) used a between-subjects design comparing baseline differ-
ences between normal and persistently depressed groups, while Bos et al. (2018)
used a within-subjects design involving multiple symptom assessments. Re-
peated measurements can introduce response bias (Fried et al., 2016), and since
Bos et al. (2018) lacked a control group, they could not determine whether sig-
nificant differences resulted from intervention or repeated measurement. If not
due to intervention, the so-called opposite results would not exist. This specu-
lation is plausible: in a study examining depression intervention effectiveness,
although the imipramine (an antidepressant) group and placebo group showed
significant differences in depression symptom network connectivity, this differ-
ence was not drug-induced because the medication group’s network did not
change significantly over time (Snippe et al., 2017).
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Another possible reason relates to whether there was intervention (i.e., external
perturbation or disturbance to the system). Some studies predicted depression
onset under no-intervention conditions (van Borkulo et al., 2015), while others
focused on symptom presentations at different stages after treatment interven-
tion (Bos et al., 2018; Schweren et al., 2018). Critical indicator changes at
different prediction time points have essential differences. Specifically, with-
out intervention, greater system fluctuation means state deterioration. After
treatment intervention, system turmoil may appear as state deterioration, but
fluctuations during this unstable period are actually beneficial because they in-
dicate the possibility of depression system reconfiguration (Hayes et al., 2015;
Olthof, Hasselman, Strunk, van Rooij et al., 2020). According to Hayes et al.’s
(2015) theoretical explanation, if the data span used for prediction happens to be
in the system reconstruction phase—where the system is undergoing destabiliza-
tion and re-stabilization—overall network connectivity may temporarily increase.
Since it is impossible to determine which stage the final measurement represents,
this explanation requires further verification.

These conflicting results also suggest that overall connectivity or network den-
sity may not be the only indicators in depression prediction based on network
features. One study comparing depression and non-depression groups found no
between-group differences in connectivity but identified differences in commu-
nity structure, with depression patients showing simpler community structures
(Hakulinen et al., 2020). Other research found that symptoms with stronger
centrality in baseline depression symptom networks more powerfully predicted
depression onset than weaker symptoms (Boschloo et al., 2016). These results in-
dicate that community structure, node centrality, and other yet-to-be-developed
symptom network structural features are potential indicators for predicting de-
pression onset.

3. Network Dynamics and Depression Evolution
3.1 Critical Phenomena and Theoretical Explanation of Depression
State Transitions

Real-world networks are dynamic, and multiple factors interacting can change
network resilience and drive overall system development. When network de-
velopment exceeds a tipping point, the system suddenly shifts from one state
to another—this is a phase transition (a qualitative change from one state to
another, such as water turning to ice, or normal to depressed state transition)
(Scheffer et al., 2009). Similar to this characteristic of network development,
clinical symptom presentations in depression development are also nonlinear.
Most depression patients show either low or high symptom distributions, and
patients themselves can perceive state mutations (Helmich et al., 2020; Hosen-
feld et al., 2015). Even without obvious external causes, symptom experiences
can show sudden, discontinuous changes (Hayes et al., 2007). Traditional meth-
ods struggle to explain these abrupt changes, but network evolution can. When
a network evolves near a critical point, even small perturbations may induce
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qualitative system changes (Boeing, 2016). Researchers have used dynamical
systems theory causal loop diagrams to generate conceptual models of depres-
sion as a dynamical system (Wittenborn et al., 2016), further supporting the
view that depression is a dynamical system.

Based on the similarity between depression state change characteristics and
network evolution patterns, researchers have applied concepts from dynamical
systems to depression symptom evolution. Depression is viewed as a system
composed of alternative stable states, with health and depression representing
two different states. The probability of transitioning from one state (also called
an attractor) to another depends on the attractor’s strength, perturbation type,
parameters controlling system organization, and the strength of alternative fac-
tors (Hayes & Andrews, 2020). In some cases, state transitions bring catas-
trophic consequences, which is particularly evident in mental disorders because
returning to the original healthy state from illness is difficult. Once depression
forms, it is largely irreversible. Simulation studies prove that after a system
phase transition occurs, removing the disturbance does not always return the
system to its original state (Cramer et al., 2016). Fortunately, system phase
transitions are often accompanied by early warning signals. If these signals
can be sensitively captured, intervention strategies can be initiated to protect
system network resilience, stop losses in time, and reduce depression incidence
—this has important clinical value. To this end, researchers have summarized
some generic early warning signs that consistently appear before many system
transitions.

Two common warning signals are critical fluctuation and critical slowing down.
Critical fluctuation refers to the irregular and large-amplitude fluctuations ex-
hibited by systems near critical points (Schiepek & Strunk, 2010), often accom-
panied by greater variability or complexity in the system. Systems in fluctuation
periods are unstable and therefore more capable of absorbing new information,
potentially making the system more adaptive. The Network Destabilization
and Transition model (NDT) based on critical fluctuations can well explain
the change process of depression systems after treatment intervention, provid-
ing theoretical support for understanding how depression intervention effects
emerge and determining intervention-sensitive periods. First, in the initial or
baseline stage, compared with normal populations, depressed groups show more
symptoms and stronger interactions among them. Visualized networks show
depression networks with many nodes and strong connections, while positive
networks have fewer nodes and weaker connections (Figure 2A). Second, in
the change stage after intervention (such as physical exercise, antidepressant
medication, or psychotherapy), reduced 固化 factors allow new information to
enter. Input of information inconsistent with old experiences makes the symp-
tom network unstable, and the depression network system enters a fluctuation
state. Figure 2B shows that depression symptoms temporarily increase during
this stage, which is the critical period for treatment effectiveness. Finally, after
intervention, depression network node associations significantly decrease, and
positive networks are activated—changes in this stage can predict post-treatment
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outcomes (Figure 2C). Intervention is a process of disrupting old patterns and
developing new, more adaptive patterns (Hayes et al., 2015). In Figures 2A and
2C, shaded shapes represent nodes that inhibit change; these relatively stable
nodes indicate a stable system. In Figure 2B, node stability is broken, with un-
shaded shapes representing nodes where change begins, indicating the system
is in a fluctuation state.

Critical slowing down refers to the phenomenon of system development slowing
down near critical points. Figure 3 [Figure 3: see original paper] illustrates
the evolution of depression state from the perspective of critical slowing down,
where the ball represents an individual’s state at a specific time. The shape
of the attractor basin (the depression area shown in Figures 3A and 3B), espe-
cially its depth, reveals an individual’s response to external perturbations. In
Figure 3(A), the system is relatively stable with a deep attractor basin, indi-
cating strong psychological resilience in individuals in this state. Although the
ball changes with external perturbations, unless the perturbation is particularly
large (such as the death of a loved one), the ball will not roll from the left at-
tractor basin to the right one. In Figure 3(B), system resilience is lower than
in (A), the attractor basin becomes shallower, and the system in this state is
more prone to “mutation”—suddenly shifting to another stable state on the
right. Even small perturbations, such as workplace conflicts, can cause individ-
uals to transition from normal to depressed states. The evolution from State
A (depressed state) to State B (normal state) is often accompanied by critical
slowing down phenomena. During this process, as attractor strength weakens
and the basin becomes shallower, the ball rolls farther when pushed away from
equilibrium and returns to stable state more slowly. Common indicators accom-
panying critical slowing down include recovery time (time for system recovery),
autocorrelation (correlation between time points t and t-1), and variance (stan-
dard deviation of differences between time points t and t-1). When critical
phenomena occur, system recovery time from perturbations increases (C→E),
variance increases (D→F), and autocorrelation increases (G→H), providing a
foundation for early warning signals of depression.

3.2 Predicting Depression Changes Based on Critical Phenomena

Critical slowing down and critical fluctuations are typical dynamic features
of systems and early warning signals before complex system phase transitions.
Since critical phenomena are calculable with relatively mature quantitative in-
dicators, they show potential in mental illness prediction. Numerous empirical
studies have attempted to establish relationships between critical phenomena
and depression onset or changes. Unlike calculations of network structural fea-
tures, critical phenomenon calculations are based on temporal signals of de-
pression symptoms rather than cross-sectional data, which involves collection
of time-series data. The commonly used method is the experience sampling
method (ESM) (Bastiaansen et al., 2020). ESM collects dynamic data from
people’s daily life contexts with diverse content, such as multi-item mood rat-
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ings, heart rate, physical activity, and blood pressure (Gijzel et al., 2020). Com-
pared with traditional data collection methods, ESM can reduce recall bias and
improve ecological validity in depression research.

3.2.1 Critical Slowing Down and Prediction of Depression State
Changes Van de Leemput et al. were the first to explicitly propose critical
slowing down as an early warning signal for depression state changes. They
required diagnosed depression patients and healthy participants to complete
mood rating tasks (including happiness, satisfaction, sadness, and anxiety)
10 times daily for 5-6 days, with each participant ultimately providing 50-60
time-series mood ratings. Based on these time-series data, they calculated au-
tocorrelation and variance for each mood as independent variables. Depression
status in treated populations and normal populations was defined using the
Hamilton Depression Rating Scale and SCL-90 respectively as dependent vari-
ables. Results showed that among normal participants, those who transitioned
from normal to depressed states had significantly higher autocorrelation and
variance across all moods than those who did not transition. In the depression
group, decreases in all mood autocorrelations and reductions in variance
significantly predicted depression state recovery (van de Leemput et al., 2014).
The emergence of critical slowing down not only means the system slows down
before reaching the critical point but also means the system recovers more
slowly after perturbation near the critical point. A prospective study found
that compared with adolescents without changes, those whose mental disorders
worsened after one year already showed phenomena requiring more time to
eliminate the impact of adverse events on mood at baseline (Kuranova et al.,
2020), indicating that critical slowing down phenomena shown in coping with
adverse events at baseline could predict mental disorder severity one year later.
This study used emotional recovery speed to more directly prove that critical
slowing down predicts depression changes.

The first individual-level study monitored a patient with a history of major de-
pression whose antidepressant medication was being gradually reduced, as this
increases depression relapse risk and may produce a state transition from nor-
mal to depression onset. Analysis of EMS-collected emotion self-rating question-
naires and weekly depression status ratings found critical slowing down phenom-
ena one month before symptom transition, manifested as significant increases in
autocorrelation and variance of summed detrended scores for five emotion items
(Wichers et al., 2016). Subsequently, the team validated this result with a new
dataset, collecting emotion self-rating data three times daily for 3-6 months
from six depression patients with reduced antidepressant medication. Based on
weekly SCL-90 tests and change-point detection to determine whether states had
changed, results showed that only one participant experienced state transition,
which was also accompanied by critical slowing down phenomena manifested as
increased autocorrelation of low mood self-rating scores, enhanced variance, and
increased cross-correlation—trends completely consistent with previous results
(Wichers et al., 2020). However, this study did not report whether similar early

chinarxiv.org/items/chinaxiv-202310.00237 Machine Translation

https://chinarxiv.org/items/chinaxiv-202310.00237


warning signals appeared in the other five participants without symptom mu-
tations, making it impossible to infer whether critical slowing down emergence
has a stable relationship with individual depression state transitions.

In a larger sample study, researchers reported data more comprehensively.
Forty-one depression patients about to receive treatment completed emotion
self-rating tasks five times daily for four months, plus weekly depression
status assessments. During the entire treatment process, nine participants
experienced state transitions, with complex relationships to critical slowing
down phenomena. Among those with state transitions, eight showed increased
autocorrelation in at least one emotion, and four showed increased variance in
at least one emotion. However, among the 32 participants without symptom
transitions, 20 also showed enhanced autocorrelation in at least one emotion,
and eight showed increased variance in at least one emotion (Helmich et al.,
2022). This study demonstrates that not all warning signals are effective
for everyone—some warning signals are effective for only some individuals—
a finding further supported by other researchers (Bos et al., 2022). Among
11 patients with symptom transitions, the emergence of early warning signals
increased the probability of transitions from normal to depressed and manic
states. That is, the absence of early warning signals does not mean transitions
will not occur in the near future (Bos et al., 2022). In addition to predicting
the arrival of critical points, critical slowing down phenomena can also predict
whether post-critical-point transitions will be toward depression deterioration
or alleviation, with a prediction accuracy of 52.31% (Schreuder et al., 2022).

All the above studies used active data collection methods, which require high
participant cooperation, as finding many patients willing to complete question-
naires multiple times daily over long periods during depression is challenging,
and obtaining high-quality data requires substantial time and resource invest-
ment. Therefore, some researchers have used wearable devices (actigraphy) for
active data collection, which can gather more data points but cannot directly
measure participants’emotions. Analysis of 180 days of physical activity data
found that early warning signals have selective performance. Specifically, among
eight participants with state transitions, seven showed early warning signals four
weeks before symptom transitions. For generic early warning signals (including
variance and slope), early warning signal directions were always consistent with
symptom transition directions. However, context-driven early warning signals
(autocorrelation) always pointed opposite to symptom transition directions four
weeks later (Kunkels et al., 2021). This indicates that specific indicator selec-
tion leads to completely different prediction results. Similarly, other researchers
found that only some critical slowing down quantitative indicators could pre-
dict depression symptom changes—increases in positive and negative emotion au-
tocorrelation were significantly positively correlated with depression symptom
deterioration, but variance and cross-correlation were unrelated to depression
symptom changes (Curtiss et al., 2021).
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3.2.2 Critical Fluctuations and Prediction of Depression State
Changes Although critical slowing down and critical fluctuations share some
quantitative indicators, such as variance, they differ in specific indicators.
Autocorrelation is a specific indicator of critical slowing down, while complexity
and entropy are specific indicators of critical fluctuations. Essentially, critical
slowing down emphasizes that system development speed slows down near crit-
ical points, while critical fluctuations emphasize transitions between unstable
and stable states. Therefore, predictions based on critical slowing down are
mostly prospective studies (Bos et al., 2022; Helmich et al., 2022; Schreuder et
al., 2022; Wichers et al., 2016; Wichers et al., 2020), with prediction objects
being depression state development. Predictions based on critical fluctuations
are mostly intervention studies (de Felice et al., 2022; Olthof, Hasselman,
Strunk, Aas et al., 2020; Olthof, Hasselman, Strunk, van Rooij et al., 2020),
with prediction objects being post-intervention outcomes.

According to the NDT model, depression patients’states can be considered
“stuck”in depression, requiring perturbation to destabilize the original attractor,
allowing the system to fluctuate among possible states until a stable state forms
(Hayes et al., 2015). Signals accompanying this fluctuation process are dynamic
complexity, entropy, and increased variance, which have received empirical sup-
port. A cognitive behavioral therapy intervention study for treatment-resistant
depression found that regardless of baseline symptoms, greater fluctuations in
mood and behavioral function before state mutation could predict better de-
pression treatment outcomes after 12 months (Yasinski et al., 2020). Compared
with groups showing poor post-psychotherapy outcomes, groups with better
outcomes showed greater variability and flexibility during treatment (de Felice
et al., 2022). This demonstrates that enhanced critical fluctuations can indeed
predict depression intervention outcomes. Increased dynamic complexity shown
by mood disorder patients during treatment is also associated with more pos-
itive treatment outcomes (Olthof, Hasselman, Strunk, Aas et al., 2020), and
the emergence of critical fluctuations can predict increased probability of tran-
sitions within the next four days (Olthof, Hasselman, Strunk, van Rooij et al.,
2020). However, the above studies on critical fluctuations are limited to group
levels; whether critical fluctuations can predict depression patient outcomes at
the individual level awaits further research.

There are many specific quantitative indicators for critical slowing down and
critical fluctuations. Currently, no definitive conclusion indicates which indica-
tor is superior to others, as performance is heavily influenced by scenario type
(Weinans et al., 2021). Specific indicator selection can reference the following
conclusions from simulation studies: (1) Check the autocorrelation of included
variables. If autocorrelation does not significantly differ from zero, it indicates
data resolution is too low, and variance-based indicators should be used; (2)
Conduct multiple measurements simultaneously to determine data accuracy. If
there are low-accuracy data (high noise), use dimensionality reduction tech-
niques or average autocorrelation or variance; (3) In real systems, noise is likely
a combination of observational/measurement noise and system noise. If sys-
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tem noise changes over time, autocorrelation-based indicators should be used
(Weinans et al., 2021).

4. Discussion and Outlook
This paper elaborates on the theoretical foundation of explaining depression on-
set and evolution from a network perspective and conducts empirical research
based on this foundation, providing quantitative methods for depression predic-
tion. Depression originates from interactions among multiple symptoms; when
feedback loops formed by these interactions are strong enough, depression is trig-
gered. Overall connectivity, network density, centrality, and community struc-
ture provide specific indicators for predicting depression onset. From an evolu-
tionary perspective, the nonlinear development of depression symptoms matches
the characteristics of network system phase transitions, with pre-transition criti-
cal phenomena providing quantitative methods for depression prediction. Struc-
tural and dynamic analyses of depression symptom networks provide quantifi-
able indicators for depression onset and changes, ensuring timeliness of clinical
depression intervention. However, current research in this field still has some
urgent problems to solve.

4.1 Construction of Depression Symptom Networks Needs Improve-
ment

Empirical studies predicting depression based on network analysis lack system-
atic and comprehensive approaches, manifested in the singular selection of net-
work node content. In critical phenomenon analyses, some researchers only
measure mood (van de Leemput et al., 2014) or use certain depression scale
items as nodes, while other studies also include sleep and physical activity (Bos
et al., 2022). Even when measuring mood, the items used differ—some studies
involve three dimensions of positive, negative, and anxious moods (Wichers et
al., 2016), while others cover four dimensions of valence and arousal (van de
Leemput et al., 2014). In fact, depression symptom presentations are quite
rich, involving emotional, cognitive, and behavioral aspects, making it difficult
to comprehensively characterize the system’s state using single symptom pre-
sentations, which leads to difficulties in predicting overall state changes using
single-item or single-dimension content (de Vries et al., 2019).

In network structure analyses, node content mostly consists of specific items
from commonly used scales, limited to psychological variables, while genetic
(Isvoranu et al., 2020) and physiological signals are neglected. Research shows
that compared with normal populations, depression patients have significantly
different brain structure and function, and based on these distinctive features
they can be distinguished from normal populations (Dai et al., 2022; Zhu et al.,
2022), indicating that certain unique neural signals can serve as physiological-
level manifestations of depression patients. Although depression brain network
research aims to identify the underlying neural basis of depression, while de-
pression symptom network research mainly reveals depression onset and devel-
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opment mechanisms at the symptom level, the two should not be separated.
We can incorporate neural activity signals into symptom networks in unique
ways, such as mediators or moderators of connections between nodes, to con-
struct massively multifactorial symptom networks. Based on more systematic
and comprehensive networks, we can elaborate in greater detail the mechanisms
of depression onset and development (Borsboom et al., 2019).

In network construction, the ideal situation would be to incorporate all fac-
tors at all system levels, which is clearly unrealistic. Currently, no research
clearly indicates what should be measured (Eisele et al., 2021). Researchers
suggest that node selection should include as many nodes as needed to model
expected phenomena while excluding nodes with high homogeneity (Bringmann
et al., 2022). Previous studies using multi-item mood ratings as nodes showed
excessive overlap between nodes, leading to insufficient predictive power for
mood dynamics (Dejonckheere et al., 2019). When node content is sufficiently
comprehensive and systematic, the constructed network will inevitably be high-
dimensional, which not only places demands on node data sampling frequency
but also challenges current analytical methods. To ensure balanced data struc-
ture, node measurement frequency should be as consistent as possible. If consis-
tency cannot be achieved, continuous-time models can be used (Bringmann et
al., 2022). Additionally, researchers have proposed reduction theory that maps
high-dimensional system dynamics onto low-dimensional system dynamics. This
model can not only accurately predict system responses to various perturbations
but also precisely locate the critical point where the system loses resilience (Gao
et al., 2016), providing an effective dimensionality reduction method for network
analysis. Future research should enrich node content as much as possible, com-
prehensively incorporating psychological, physiological, and neural signals, and
extract comprehensive signals from numerous nodes for calculation.

4.2 Relationship Between Critical Phenomenon Warning Indicators
and Predicted States is Unclear

The biggest challenge in applying critical phenomena to depression is that the
emergence of related indicators is not synchronized with symptom changes.
That is, there is no clear mapping relationship between clinical presentations and
warning indicators. Theoretically, critical slowing down and critical fluctuation
indicators can effectively predict depression onset and changes, but empirical
studies show inconsistent relationships. On one hand, this instability relates to
how critical phenomena are quantified and measured. Critical phenomena are
complex; using only one indicator, such as autocorrelation, cross-correlation, or
variance, makes it difficult to accurately calculate early warning signals. Com-
mon critical indicators are easily affected by system noise (Boettner & Boers,
2022), and early warning signal performance is greatly influenced by noise (Dab-
lander et al., 2022), prompting researchers to develop new indicators. Studies
show that composite indicators including coefficient of variation, skewness, au-
tocorrelation, and spatial correlation are more effective than single indicators
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in detecting system critical transitions (Clements et al., 2019; Drake & Griffen,
2010). In addition to developing composite indicators based on existing ones,
machine learning also provides methods for precise prediction of system phase
transitions. A recent study using deep learning could identify critical points
with higher sensitivity without relying on system-specific prerequisites, reduc-
ing false positives in prediction (Bury et al., 2021), providing a new algorithm
for predicting depression state mutations.

On the other hand, the unstable relationship between warning indicators and
prediction objects may relate to how depression state changes are defined. De-
pression status is the dependent variable in prediction, directly affecting research
results. Currently, definitions of depression state transitions are mostly based
on changes in depression diagnostic scale scores, such as a 6-point change in
scale scores within one week (Bos et al., 2022; Kunkels et al., 2021), or us-
ing significance tests on obtained state time-series scores to determine whether
observed values from multiple assessments have changed significantly, such as
change-point detection (Wichers et al., 2020) and Duration-adjusted RCI meth-
ods that can capture symptom changes within non-fixed durations (Helmich et
al., 2022). Using this single data-driven method may cause depression state
changes to be missed or exaggerated (DeYoung & Krueger, 2018). Future re-
search should also incorporate clinical doctors’diagnoses as much as possible,
using qualitative methods such as interviews to find signs of depression state
transitions from participants’perspectives (Wichers et al., 2020). Combining
top-down and bottom-up approaches to collect evidence from multiple angles
can more accurately reveal participants’real states.

Finally, since system dynamics include self and interaction dynamics (Gao &
Yan, 2022), dynamic analysis can be considered built upon network structure
analysis. However, from current empirical research, predictions based on net-
work structure and predictions based on critical phenomena are artificially“sep-
arated,”with no studies analyzing system dynamics further based on network
structure analysis. Future research could first analyze symptom network topo-
logical properties to identify key nodes in the network, then conduct critical
phenomenon monitoring analysis based on time-series data from these nodes,
constructing depression prediction models from a more systematic perspective.

4.3 Clinical Translation Applications Need Development

Collecting individual depression symptom time-series data can build networks
at the individual level, conduct a series of network structure feature and dy-
namic analyses, and generate warning signals that can alert future depression
state development, assist clinical intervention personnel in determining sensitive
periods for intervention, enable timely implementation of relevant measures,
and promptly inform individuals about state development trends, enhancing
their self-awareness and self-management capabilities. Unfortunately, current
research mainly focuses on discussing the applicability of networks in the depres-
sion field and empirical testing, with no studies transmitting warning signals to
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doctors or participants in readable or visual forms, lacking relevant platforms
or applications. Building such platforms requires data-driven algorithms and
relatively precise timing selection to ensure timely and effective generation of
warning signals, and real-time warning signal machine learning algorithms have
already been implemented (Fisher et al., 2021). With the widespread use of
smartphones in psychiatry (Gillan & Rutledge, 2021), future research could
consider sending warning signals through smartphone apps or mini-programs,
similar to how ESM collects data.
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