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FEEDBACK LOOPS IN SYMPTOM NETWORKS

Abstract

Feedback loops are central to the dynamics of mental disorder symptoms, serving as mechanisms
that sustain and amplify symptoms over time. Despite their importance, the influence of feedback
loop structures on symptom progression and persistence remains underexplored. Here, we
introduce a general simulation-based framework for analyzing feedback-loop architecture in
dynamical symptom networks and demonstrate it using a 9-node depression symptom network
based on the PHQ-9. This study bridges this gap by analyzing a family of simulation models of
symptom dynamics describing 98,304 directed networks compatible with empirically observed
correlation symptom networks and their feedback loops. Systematic simulations of diverse
network configurations revealed that while increasing the number of feedback loops elevates
symptom levels, this effect plateaus due to the diminishing impact of overlapping loops.
Additionally, networks with evenly distributed connectivity sustain higher symptom levels,
necessitating the disruption of multiple feedback loops sinmiultaneously to weaken the network’s
cohesive structure and reduce symptom persistence. Empirical alignment using real-world
clinical data supports these findings, demonstrating that frequently observed edges in network
structures align with simulated configurations that drive high symptom levels. These results
demonstrate that symptom severity and persistence are determined not merely by the presence of
feedback loops but by their specific connections. These findings motivate intervention strategies
that prioritize disrupting influential feedback structures and key connections rather than broadly
reducing connectivity. By integrating computational modeling and empirical analysis, this study
advances our understanding of symptom persistence and offers insights for designing targeted
interventions to mitigate symptom severity and relapse risk.

Keywords: Feedback loops, dynamical system, computational model, symptom network,

mental health



FEEDBACK LOOPS IN SYMPTOM NETWORKS

The Role of Feedback Loops in Dynamical Symptom Networks

The network approach to understanding mental disorders has introduced a new way of
thinking about the dynamics of symptoms. Instead of viewing symptoms in isolation, this
approach considers them to be part of a connected system where each symptom can influence
others [1]. This perspective has spurred extensive research into the structure and function of these
networks, emphasizing how interactions between symptoms could contribute to the persistence
and severity of mental health conditions [2-7]. A prominent theme within this literature is the
role of feedback loops — cyclic relationships where symptoms reinforce each other. Such loops
are thought to make disorders difficult to treat by sustaining and amplifying activation over time
[8—11]. For instance, in depression, symptoms like sleep problems and sadness are often thought
to reinforce each other — sleep issues can lead to feeling down, which in turn results in sleepless
nights filled with worrying thoughts — creating a feedback loop that makes recovery more
challenging [12].

Although the importance of cyclic dynamics is widely acknowledged, most accounts
remain qualitative about what loop structuies actually do [9, 13]. In depression, reinforcing
(“vicious cycle”) mechanisnis are frequently discussed [8—11], yet direct empirical identification
of specific symptom-level directed feedback cycles remains challenging in practice and is
therefore less developed than theoretical and hypothesis-driven accounts.

Prior work has emphasized their theoretical impact—e.g., persistence via hysteresis
[14]—but offers limited guidance on which loop configurations matter most, or how their
arrangement shapes trajectories [8, 9, 13]. Recent advances on the resilience side of the literature
help at the macro level: Lunansky et al. [15] formalize a complex-systems framework in which
symptom networks fall within a "resilience quadrant” (healthy—dysfunctional; stable—unstable)
based on simulated responses to perturbations. What remains unclear, and is the focus here, is the
micro-architecture of feedback: how the number of loops, their overlap, and the distribution of
connectivity across nodes jointly govern persistence and severity.

Our contribution is to move beyond the general claim that “feedback loops matter” by
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systematically testing which feedback-loop architectures matter and how they shape post-shock
trajectories. Specifically, we examine (1) how many reinforcing cycles exist, (i1) how much they
overlap by sharing nodes, and (iii) how evenly connectivity is distributed across symptoms. This
loop-architecture perspective complements classical network summaries (e.g., density or
centrality) by characterizing how reinforcing pathways are arranged and interdependent, not

merely how connected the network is.

We present a general framework applicable to symptom networks across
psychopathology; we demonstrate and evaluate it using a single worked example: a
nine-symptom depression network based on the PHQ-9 (Figure 1). We adopt an empirically
informed reference network introduced in prior work [16—19] and use it as a starting point for
systematically exploring directed configurations and feedback structures; methodological details
on how the reference network was specified and parameterized are provided in the Methods. The
simulation results reported below refer to directed configurations of this PHQ-9 network, but the

results hold also for different networks; we used the PHQ-9 network as a generic example.

Using the depressive-symptom dynamics model of Park, Waldorp, and Vasconcelos [16],
we systematically vary network structure while holding other elements constant. Starting from an
empirically informed, correlation-based undirected symptom skeleton [16], we enumerate all
feasible directed orientations (including cycles) consistent with that scaffold, treating the resulting
ensemble as candidate causal graphs grounded in observed associations—an approach aligned
with using statistical networks as structural scaffolds for simulation-based causal exploration [20,
21]. We further extend this analysis to other network topologies that do not derive from the data
to show the robustness and generality of our results. For each orientation, we simulate trajectories
following a transient perturbation and summarize post-shock symptom levels at multiple time
points, relating persistence to three topological features: the number of feedback loops, the degree
of loop overlap (shared nodes among loops), and weighted degree variability across nodes (07;),
indexing how evenly connectivity is distributed. We include o, because networks with similar

loop structure can nonetheless differ in whether influence is broadly distributed or concentrated in
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Figure 1

Reference network skeleton of depressive symptoms with one dyadic feedback loop and its
weighted adjacency matrix A. Self-loops a;; (diagonal elements of A) are omitted in the network
visualization for readability; they are implemented as within-symptom self-effects in the dynamics
but are not counted as feedback loops in our loop-architecture analyses.



FEEDBACK LOOPS IN SYMPTOM NETWORKS

a few symptoms. To identify concrete targets, we contrast node- and edge-level loop participation
between networks that sustain high versus low symptom levels. We then assess external
consistency by estimating directed networks from an independent clinical time-series dataset
using PCMCI+ (PC Momentary Conditional Independence), a causal discovery method for
time-series data [22-24], and by comparing their most frequent edges with those characterizing
high-symptom simulations. We discuss how these simulation-derived patterns align with
real-world observations and what they could imply for targeting symptom dynamics. Motivated
by evidence that some individuals remain in prolonged high-symptom states [25, 26], we show (i)
when adding loops increases persistence and when effects saturate, (i1) how overlap and
connectivity balance modulate these effects, and (iii) which edges/loops are consistently

associated with sustained high symptoms.

Results

We examine symptom persistence as a function of the abundance and organization of
feedback loops, namely loop count, loop overlap, and connectivity balance, and relate them to
post-shock symptom levels. We then analyze loop micro-architecture at the node and edge levels
to identify structural motifs associated with high symptom prevalence. These motifs are
interpreted as simulation-derived, hypothesis-generating patterns (formalizing "vicious cycle"
intuitions), rather than as direct empirical confirmation of symptom-level causal cycles. Finally,
we assess external consistency by comparing simulation-derived motifs to directed edges

estimated from patient time-series networks using PCMCI+ (see Section Methods for details).

Overall Network Structure Analysis

Figure 2 illustrates the relationship between the number of feedback loops in networks
and their corresponding aggregated symptom levels. The x-axis groups networks by the number
of feedback loops, while the y-axis shows the aggregated symptom levels, averaged across 50
iterations. Each color represents a specific time point — ¢ = 400 (teal), = 800 (yellow),

t = 1200 (red), t = 1600 (green), and r = 2000 (purple) — with boxplots displaying the
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distribution of the symptom levels at each time point. Here, simulation time point ¢ is an abstract
model time index and is not calibrated to a specific real-world unit. We interpret the reported time
points in a relative sense as early/intermediate/late post-shock time windows for comparing

persistence across network configurations.

The plot reveals a general upward trend: as the number of feedback loops increases, the
average aggregated symptom level tends to rise across all time points. However, this increasing
trend begins to plateau when the number of loops exceeds 10 and reaches saturation beyond 17
loops, suggesting that additional feedback loops have minimal impact on further increasing
symptom levels. Despite the overall upward trend, there is considerable variability in aggregated
symptom levels within each network group with the same number of loops, as shown by the long
and heavy tails of the boxplot. Although many networks with a high numiber of feedback loops
tend to have elevated symptom levels, as indicated by the high median, some still exhibit very low
levels, and vice versa (i.e., networks with fewer loops gencrally have lower symptom levels,
although some of them show high levels). This broad variability is also evident in the far-right
marginal distribution, which shows a relatively uniform spread with a slight peak at the lower end,

resulting from the prevalence of networks with few or no loops.

The color-coded bars represent symptom levels at different time points, allowing us to
track symptom progression over time. One thing that stands out is the presence of a hysteresis
phenomenon, where the system does not readily return to a healthy state even after the stressor is
removed [9]. This persistence can be attributed to the reinforcing nature of feedback loops, which
sustain symptom activation. As the number of feedback loops increases, symptoms become more
interconnected, leading to prolonged activation and slower recovery [14]. Symptom levels
consistently peak at ¢ = 400, shortly after the shock, and gradually decline thereafter. Figure 2
suggests that the primary difference is a systematic upward shift in post-shock symptom levels:
networks with more feedback loops show higher aggregated symptom levels at each sampled
post-shock time point. In other words, the distributions remain elevated both shortly after the

shock and at later time points when compared at the same ¢, indicating more persistent symptom
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activation. These findings suggest that networks with more feedback loops are more resistant to
recovery, maintaining higher symptom levels over a prolonged period. This highlights the role of

feedback structures in prolonging symptom activation and influencing recovery trajectories.
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Figure 2

Distribution of average aggregated sympiom levels throughout the simulations across different
numbers of feedback loops within each unique network. A shock is introduced between t = 50 and
t = 350. Symptom levels are recorded at five time points: t = 400 (teal), t = 800 (yellow),

t = 1200 (red), t = 1600 (green), and t = 2000 (purple). The top panel illustrates the marginal
distribution of the number of feedback loops, highlighting that networks with more than 10 loops
are relatively rare. The right side of the plot shows the marginal distribution of the average
aggregated symptom level, which ranges from approximately 0 (all symptoms deactivated) to 9
(all symptoms fully activated). The distribution peaks at low symptom levels because networks
with few feedback loops are far more common. The average aggregated symptom level are
calculated over 50 iterations.

Because networks with the same number of feedback loops can differ markedly in whether
connectivity is broadly distributed or concentrated, we next examine weighted degree variability
(0r) as a complementary descriptor of network-wide connectivity balance. Figure 3 illustrates
the relationship between average aggregated symptom levels and weighted degree variability

(00r) between networks at ¢ = 1200, stratified by feedback-loop count; patterns were similar at
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the other post-shock time points. The color gradient represents the level of overlap between
feedback loops, with blue indicating low overlap and red indicating high overlap; overlap is low
when loops are largely disjoint and increases as more loops share the same set of nodes. The lines
in each subplot are fitted locally using the loess smoother to summarize the scatterplot patterns
[27]. One key observation is the noticeable shift to the left in the distribution of o, as the number
of feedback loops increases from 1 to 20+. This suggests that networks with more feedback loops
tend to have lower weighted degree variability. This pattern occurs because, in networks with
many feedback loops, most nodes are involved in these loops, resulting in more evenly distributed
connectivity. In contrast, networks with fewer feedback loops might have connections

concentrated around a few nodes, leading to greater variability in connectivity.

In networks with fewer feedback loops (1 to 6 loops), symptom levels exhibit greater
dispersion and variability, with no distinct pattern emerging. However, networks with 7 or more
feedback loops reveal a distinct negative relationship between o, and average aggregated
symptom levels: As o, increases, the average symptom level decreases. More evenly distributed
connectivity allows activation to spread more easily throughout the network, maintaining higher
aggregated symptom levels. In contrast, when connectivity is concentrated around a few nodes,

activation spreads less eftectively, resulting in lower symptom levels.

The color gradient further reveals that the feedback loop overlap level increases gradually
as it radiates outward from the upper left corner of the plots towards the lower right. Networks
with low overlap levels cluster in the upper left of most subplots, where higher symptom levels
are observed. In contrast, networks with higher overlap levels dominate the lower right corner,
generally showing lower symptom levels. This pattern suggests that extensive overlap among
feedback loops tends to be associated with lower overall symptom levels. This finding is
consistent with the saturation effect seen in Figure 2, where symptom levels plateau as the number
of feedback loops increases. As the number of loops grows and they are more likely to overlap,
they operate more cohesively as a single unit, contributing less to symptom levels compared to

networks with distinct, non-overlapping feedback loops.
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Figure 3

Average aggregated symptom levels across weighted degree variability (o,) in networks,
categorized by the number of feedback loops. The color represents the level of overlap between
feedback loops, with blue indicating low overlap and red indicating high overlap. As the number
of feedback loops increases, o, generally decreases, shown by the data points shifting leftward
as feedback loop counts increases. Networks with fewer feedback loops (e.g., 1 to 4 feedback
loops) exhibit a more random spread with no distinct pattern. However, in networks with more
than 5 loops, a clear trend emerges: higher o, is associated with lower average aggregated
symptom levels. Additionally, as the feedback loop overlap level increases, symptom levels tend to
decrease. Low-overlap points are generally located in the upper left corner, with overlap levels
increasing as they radiate outward.
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Figure 4 summarizes the findings from Figures 2 and 3. A regression plane is fitted using
the loess function with a neighborhood span of 0.75 [28]. To reduce visual clutter, only 5% of the
data points (slightly more than 4,500 networks) are shown. In Figure 4 (a), we observe an upward
trend in symptom levels as the number of feedback loops increases. The figure also shows that
when the number of loops is low, the weighted degree variability (o,,) shows no distinct pattern.
However, as the number of loops increases, a clear negative trend emerges: lower o, is
associated with higher average symptom levels. Figure 4 (b) emphasizes this negative interaction:
the average level of symptoms increases with increasing number of feedback loops and
decreasing o,,. In general, these results highlight that the interaction between the number of
feedback loops and o, significantly impacts symptom levels, providing a comprehensive view of

how these topological features relate to symptom dynamics.

@) (b)

Figure 4

3D surface plots illustrating the interaction effects between the number of feedback loops and
weighted degree variability (o,,) on the average aggregated symptom level. In view (a), we
observe that when the number of feedback loops is high, a decrease in o, leads to a higher
average symptom level. However, as the number of feedback loops decreases, the effect of o,
becomes less significant. View (b) shows this relationship more clearly, where networks with a
high number of feedback loops and low o, correspond to higher average symptom levels.
Furthermore, we observe a scarcity of networks with both a high o, and a large number of
feedback loops, resulting in a flat horizontal pattern on the right side of plot (b).
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To verify that these patterns do not depend on a particular scaffold, we repeated the full
pipeline on randomly generated skeletons matched on size and density but with different
connectivity arrangements (Appendix D). The same qualitative results emerged—Iloop-driven
increases with saturation under high overlap, and stronger persistence with more evenly
distributed connectivity—indicating that the effects reflect general properties of cyclic

organization rather than idiosyncrasies of a single network.

Feedback Loop Structure Analysis

We now take a closer look at the feedback loop structure at both the node and edge levels
to identify patterns that strongly influence symptom dynamics. This analysis aims to pinpoint
central nodes and edges that play a key role in feedback loop dynaiiiics within the symptom
network. To do this, we select 1,000 synthetic network configurations with the highest and lowest
average aggregated symptom levels at various time points (we use four time points — ¢t = 800,
1200, 1600, and 2000 — excluding ¢ = 400 as it occurs too soon after the shock). We then
examine the feedback loop structure in both network groups, focusing on the roles of individual

nodes and edges.

Figure 5 shows the frequency of the nodes involved in the feedback loops for the two
network groups, with red representing high symptom level networks and green representing low
symptom level networks. The x-axis lists all nine nodes, while the y-axis shows their frequency.
Since networks with high symptom levels generally have more feedback loops, we use the
proportion of frequency to facilitate easier comparison with networks that have low symptom
levels. The points represent the average frequency proportion across different time points, with
error bars indicating one standard deviation. Interestingly, the figure reveals minimal differences
between the high and low symptom level networks. In both groups, the symptoms sad, ene, and
glt are the most frequently involved in feedback loops, with nodes ene, glt, and con slightly more
frequently engaged in the low symptom level networks, while slp and sui are more involved in the

high symptom level networks. This similarity suggests that identifying the central nodes involved
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in feedback loops alone does not distinguish between high and low symptom level networks.
Instead, other factors, such as the specific edges connecting the nodes and the directionality of

those edges, may provide more meaningful insights.
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Figure 5§

Frequency proportion of nodes involved in feedback loops in the top 1000 high symptom level
networks (red) and bottom 1000 low symptom level networks (green). Points represent the
average frequency proportion across differernt time points, with error bars showing one standard
deviation. Overall, the patterns are similar, with the same nodes (e.g., sad, ene, glt) being most
frequent in both groups.

Figure 6 shows the proportion of edge frequencies involved in feedback loops for the two
network groups, with red representing high symptom level networks and green representing low
symptom level networks. The x-axis lists the 32 distinct edges that are present across all network
configurations, while the y-axis shows their frequency proportion. The points indicate the mean
proportion for each edge across different time points, while the error bars depict one standard
deviation. Edges are ordered according to their frequency in the high symptom level networks.
The top 13 edges in terms of frequency in this network are highlighted with larger, solid points.
For comparison, the top 13 most frequent edges in the low symptom level networks are also
marked with larger solid points. The choice of the top 13 edges is informed by the distribution of
edge frequencies, which display an inflection point resembling the elbow method heuristic

commonly used to identify significant thresholds [29].
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One key observation is that the variability (standard deviation) in edge frequencies is
broader in low symptom level networks compared to high symptom level networks, indicating
more diverse edge involvement in feedback loops within the low symptom group. Conversely, in
high symptom level networks, edge frequencies are more consistent across different time points,
resulting in smaller standard deviations. This suggests that specific edges consistently play a
prominent role in the high symptom group. Certain edges, such as glt — sad, sad — glt, slp —
sad, con — ene, and ene — sad, are frequently involved in loops in both network groups.
However, other highly frequent edges (represented by solid points), are unique to each group,

highlighting distinct interaction patterns between the high and low symptom level networks.

The lower line plot highlights the differences in edge frequency proportions between the
high and low symptom level networks. The values represent the proportion in high symptom level
networks minus the proportion in low symptom level networks: thus, positive values indicate
edges more common in high symptom networks, while negative values indicate higher
frequencies in low symptom networks. Note that the y-axis is inverted. Edges with descriptively
greater frequency in one group — where the standard deviations do not overlap — are marked
with asterisks (k). In total, 10 edges are more frequent in high symptom level networks, while 6
are more frequent in low symptom level networks. These contrasts are descriptive summaries
rather than results of formal statistical testing. This finding suggests that certain feedback loops
and connections are associated with sustained symptom levels, potentially highlighting the
structural requirements for severe symptoms to manifest. The bar plot in the top right corner
shows the average proportion of the sad 2 glt feedback loop in each network group, which we

will explore further in the next section with network visualizations of these frequent edges.

Figure 7 provides a visual representation of the 13 edges most frequently involved in
feedback loops for both the high and low symptom level networks. Panels (a) and (b) display
these frequent edges for each network group, respectively. Solid lines indicate the most
commonly observed edges within each group, while dashed lines highlight edges with

descriptively higher frequency in one group compared to the other—corresponding to those
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Figure 6

Proportion of edge frequency involved in feedback loops in the top 1000 high-symptom-level
networks (red) and bottom 1000 low-symptom-level networks (green). Each point represents the
average proportion of occurrences for a specific edge across all time points, with error bars
indicating one standard deviation. Edges are ordered by their frequency in high-symptom-level
networks. Larger solid dots highlight the 13 most frequently observed edges in each group. The
differences between the two groups (high — low symptom networks) are visualized in the bottom
plot with a gray dashed line. Positive values indicate edges more frequently observed in
high-symptom networks, while negative values reflect edges more commonly present in
low-symptom networks. Note that the y-axis is inverted. Asterisks indicate edges with
descriptively higher frequency in one group, based on non-overlapping standard deviations. The
bar plot in the top right corner displays the average proportion of the sad 2 glt feedback loop in
each network group across all time points, with error bars representing one standard deviation.
This loop appears more frequently in the high-symptom networks (mean = 0.53, SD = 0.04) than
in the low-symptom networks (mean = 0.15, SD = 0.01).
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marked with asterisks in Figure 6, based on non-overlapping standard deviations. In the high
symptom level network (Panel a), frequent edges are dispersed throughout the network. The
network reveals several prominent feedback loops, including a large loop that encompasses nearly
all nodes, sad — anh — ene — slp — app — glt — sui — sad, as well as smaller loops such as
sad — glt — sui — sad and sad — anh — ene — sad. In contrast, the low symptom level
network (Panel b) shows more localized structure, with frequent edges mainly concentrated
around four central nodes: sad, ene, glt, and con. Peripheral nodes such as slp, anh, and mot are
less involved in feedback loops, indicating more constrained cyclic dynamics. The largest
feedback loop in this network involves five nodes: sad — sui — glt — con — ene — sad, with
other loops being smaller and more centered around these core nodes. This aligns with the
observations from Figure 5, where these nodes are more frequently invoived in feedback loops in
the low symptom level networks. When examining the edges that appear with notably higher
frequency (indicated by dashed lines), it becomes clear that these edges are more prevalent in
high symptom level networks and tend to span a broader range of nodes. In contrast, fewer such
edges are observed in low symptom level networks, suggesting less structural regularity in the

feedback loops associated with lower symptom dynamics.

Note that the bidirectional edges observed in Panel (b) do not necessarily represent true
feedback loops. Instead, these edges in the low symptom level network indicate that both
directions of the connection are often involved in feedback loops, but not as part of a direct loop
structure. For instance, the edges between sad and glt in the low symptom level network suggest
that each direction (sad — glt and glt — sad) frequently participates in cycles, though not
necessarily together as a distinct dyadic loop (sad 2 glt). To clarify this, we analyzed the
presence of the actual sad 2 glt feedback loop in both network groups. As shown in the top right
corner of Figure 6, this specific loop appears in over 50% of cases in the high symptom level
networks, but only about 15% in the low symptom level networks; error bars denote one standard
deviation. Although both edges—sad — glt and glt — sad—are commonly involved in feedback

loops across network types, the full bidirectional loop is markedly more prevalent in high
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symptom networks. This pattern suggests that the sad 2 glt dyad may play a particularly
prominent role in sustaining elevated symptom levels, potentially functioning as a core regulatory

mechanism in depressive dynamics.

A potential concern is that these differences are merely due to variations in the number of
feedback loops, with high symptom level networks having more diverse loops, and thus more
varied structures, than low symptom level networks. Although this is generally true, as Figure 2
shows, symptom levels can vary widely even within networks that have the same number of
feedback loops. For example, Panels (c) and (d) each depict example networks with 15 feedback
loops but differing symptom levels. In the high symptom level network, shown in Panel (c), the
feedback loop structure closely mirrors that of the frequent edges in Panel (a), featuring a large,
prominent loop along with several smaller ones. Conversely, the low symptom level network,
shown in Panel (d), presents multiple smaller, less interconnected loops, reinforcing the idea that
certain network structures, beyond just the quantity of feedback loops, could play a critical role in
determining symptom severity. While Panels (c) and (d) serve as illustrative examples, they
represent a broader pattern observed across the 1,000 networks analyzed, ensuring the findings

are not an artifact of selective samplhing.

Lastly, we analyzed the frequency of each unique feedback loop in both network groups,
treating loops as equivalent if they involved the same set of nodes, regardless of traversal order.
The results, detailed in Appendix B, showed that the most frequently occurring loops largely
overlap with the edges identified in Figure 7, reinforcing the consistency of these structural
patterns. Broadly, this comparison suggests a structural distinction between the two network
groups: high symptom level networks tend to exhibit more extensive and distributed feedback
structures, while low symptom level networks are characterized by more localized and narrowly
concentrated loops. This pattern may indicate that larger-scale, overlapping feedback
configurations are more closely associated with elevated symptom levels, in contrast to the more

limited feedback dynamics observed in networks with lower symptom severity.

To evaluate whether our findings depend on the specific empirical adjacency matrix, we
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(a) Frequent edges in high symptom level (b) Frequent edges in low symptom level
networks networks

()

(c) An example network with 15 feedback loops (d) An example network with 15 feedback loops
resulting in high symptom level resulting in low symptom level

Figure 7

Visualization of the most frequent edges involved in feedback loops and example networks
illustrating differences in loop structure between high and low symptom level networks. (a) High
symptom level networks: Solid lines indicate the 13 edges most frequently involved in feedback
loops, while dashed lines mark edges that appear more frequently in high symptom networks
relative to low symptom networks. These networks feature dispersed edges forming both large
interconnected loops and smaller localized loops. (b) Low symptom level networks: Solid lines
represent the 13 most frequent edges. Here, dashed lines highlight edges more common in low
than in high networks. These networks feature edges that are more localized, concentrated
around core nodes (sad, ene, glt, con), with peripheral nodes (anh, mot) less involved. (c)
Example network (15 loops, high symptom level): This network features a large interconnected
feedback loop involving nearly all nodes, alongside multiple smaller loops, consistent with the
patterns observed in high symptom level networks. (d) Example network (15 loops, low symptom
level): Despite having the same number of loops, this network displays less interconnectivity, with
feedback loops concentrated among fewer nodes—illustrating a structural profile associated with
lower symptom levels.
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conducted a complementary set of simulations on randomly generated network skeletons with the
same size and density but different edge arrangements and weights (Appendix D). These
replications reproduced the key patterns observed in the main analysis: symptom levels increased
with the number of feedback loops but plateaued as overlap grew, and networks with more evenly
distributed connectivity sustained higher symptom persistence. This demonstrates that the effects
of cyclic structure and connectivity balance are not artifacts of a single reference network, but

generalize across diverse global connectivity patterns.

Empirical Result

To assess external consistency, we estimated patient-specific directed symptom networks
from an independent clinical time series using PCMCI+ and compaied their edge motifs with
those from the simulations (see Methods for data and analysis details). For each patient, we
obtained a directed graph; collapsing lag order, we computed cross-patient frequencies for each
directed edge and contrasted the most recurrent motifs with simulation-derived patterns.

Figure 8 presents the 10 most frequent edges across all patients, visualized as a network,
considering only directed edges in the analysis. Time lags are not differentiated, meaning edges
suchas A,_; — B,and A, , — B, are treated as equivalent. Interestingly, these edges largely align
with those observed in the high symptom level network from our simulation, as illustrated in
Figure 7. Five of the top 10 edges align with those identified in the high symptom level networks
from the simulations. However, two edges (con — slp and app — con) are absent from both high
and low symptom level networks, as they are not part of the original reference network structure
used in the simulations. Additionally, two edges (anh — sad and con — mot) are uncommon in
either simulated network type, while one edge (ene — app) is characteristic of low symptom level
networks.

Despite these differences, the frequent edges in the empirically derived network show
considerable alignment with the patterns observed in high symptom level networks from the

simulations. Particularly, the dyadic loop between sad 2 glt, a defining feature of high symptom



FEEDBACK LOOPS IN SYMPTOM NETWORKS

level networks, also appears prominently in the empirical networks. While the proportion of
frequent edges remains low (around 5%), this is consistent with the simulated networks, where
edge frequency is similarly around 5%. For more discussion on why this proportion is low yet
meaningful, see Appendix C. Overall, these findings indicate external consistency between the
simulation-derived patterns and the network features estimated from individual patient time
series. This empirical alignment suggests that the simulation results capture structural properties
that also arise in real-world symptom dynamics, supporting the use of simulation-derived

ensembles as a tool for generating and prioritizing hypotheses about symptom-network behavior.

Discussion

In this paper, we explored the role of feedback loops in the dynamics of symptoms within
mental disorder networks, focusing on how the number and structure of these loops impact the
severity and persistence of symptoms. By examining the topological features of symptom
networks, our study offers critical insights into how the structure of the network influences overall
symptom levels and helps explain sustained high depression states.

Our findings revealed a clear relationship between the number of feedback loops in a
network and the aggregated level of symptoms. Consistent with previous studies [9, 14], networks
with a greater number of feedback loops exhibited and maintained higher symptom levels over
time. This suggests that feedback loops act as reinforcing mechanisms, amplifying symptom
activation. However, this relationship plateaued as the number of loops exceeded approximately
ten, indicating a saturation effect. This effect may result from increased overlap among loops,
which reduces the distinct contribution of each additional loop to the network’s overall
reinforcement capacity. As shown in Figure 3, highly overlapping loops become increasingly
interdependent, weakening the influence of any individual loop. Clinically, this may explain why
mental disorders often persist despite attempts to reduce symptom intensity. A few loop
disruptions may not suffice; rather, interventions must break enough key cycles to prevent

symptom reactivation. This perspective aligns with clinical observations of depression’s chronic
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Using the PCMCI+ algorithm, we estimate a causal graph for each of the 254 patients. The top
panel displays example network graphs for individual patients. From these graphs, we identify all
unique edges and calculate their frequencies. In computing edge frequencies, we do not
differentiate between time lags, meaning edges such as A,y — B, and A,_, — B, are treated as
equivalent. The bar plot on the left illustrates the top 10 most frequent edges across all patient
graphs, while the network visualization on the right represents these edges. Interestingly, 5 of
these top 10 edges (i.e., ene — sad, glt — sad, sad — anh, sad — glt, ene — slp) align with the
frequent edges observed in high symptom level networks, as shown in Figure 7. Especially, the
dyadic loop between sad 2 glt stands out, which is a key feature of high symptom level networks.
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nature and its frequent relapse, especially among individuals with more severe or

treatment-resistant forms [30-32].

Further insights were obtained by analyzing the weighted degree variability (o7,,) within
these networks. Networks with lower o7,,, indicating more evenly distributed connectivity, tend to
enable more uniform symptom activation across the network, sustaining higher overall symptom
levels. In contrast, networks with higher o, exhibit more uneven connectivity, where certain
nodes may dominate network dynamics. Among networks with the same number of feedback
loops, the observed negative relationship between o, and symptom levels suggests that a more
evenly distributed connectivity makes the network more robust in maintaining high symptom
levels. Conversely, networks with greater variability in connectivity are more vulnerable to
disruptions at specific nodes, indicating that targeted interventions at these key nodes could
significantly reduce symptom levels. While, in this paper, we worked under a philosophy of
shared causal pathways across individuals, these may, in fact, differ. In such a case, our finding
underscores the importance of comprehensive interventions in networks with evenly distributed
connectivity. In such systems, it may be necessary to target multiple feedback loops and nodes
simultaneously to disrupt the network’s cohesive structure and reduce high symptom levels.
Effective strategies could involve disrupting network cohesion or altering the balance of

connectivity to destabilize the network and reduce the persistence of symptoms.

Delving deeper, our local analysis revealed that it is not merely the presence of feedback
loops that matters, but their specific structure. Interestingly, the participation of individual nodes
in feedback loops did not differ substantially between high- and low-symptom-level networks.
Rather, differences in symptom severity appeared to stem from the specific edges involved and
how they were arranged within loop structures. High-symptom-level networks were characterized
by more widespread and extended feedback configurations, forming larger and more
interconnected sets of loops. In contrast, low-symptom-level networks displayed more localized
feedback, often concentrated around a few central nodes with limited reach. These findings

highlight a broader conceptual point. While much prior network research has emphasized
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identifying "central" nodes as intervention targets, recent critiques have raised serious concerns
about the stability and interpretability of centrality measures in psychometric networks [33-35].
Our results align with these critiques: node involvement alone did not meaningfully distinguish
network behavior across symptom levels. Instead, the dynamics were shaped by how edges
formed and interacted within feedback loops. This suggests that effective interventions may be
better guided by targeting key structural configurations—particularly those involving critical

loops—rather than relying on centrality metrics.

The implications of these results are necessarily indirect, but they can still inform clinical
mechanistic reasoning about symptom persistence. In particular, our loop-architecture perspective
clarifies three conceptually distinct levels at which change might be pursued: (i) individual
symptoms (node-level targets), (ii) specific symptom-to-symptom relations (edge-level targets),
and (iii) broader reinforcing configurations in which multiple relations jointly sustain one another
(feedback-structure targets). Even when these levels are not directly translatable into concrete
intervention protocols, it helps clarify why reducing a single symptom may not shift the system if
the underlying reinforcing structure remains intact, and why two patients with similar symptom
severity could differ in persistence depending on whether reinforcement is localized to a small

motif versus distributed across overlapping loops.

One particularly illustrative case is the dyadic sad 2 glt loop, which consistently emerged
as a central feature of high-symptom-level networks. This loop reflects a clinically plausible
dynamic: sadness often heightens vulnerability to guilt, particularly through self-blame and
rumination [36], while guilt, in turn, can intensify sadness—creating a mutually reinforcing
emotional cycle [37, 38]. Although this specific loop has not been extensively modeled in
empirical network studies, a growing body of evidence supports its psychological and neural
relevance. For instance, Zahn et al. [39] found that self-blaming emotions like guilt are strongly
associated with depression and frequently persist even after other symptoms subside.
Neuroimaging studies further show that individuals with current or remitted depression exhibit

sustained activation in brain regions implicated in both guilt and sadness during guilt-related
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processing [40, 41]. These findings suggest that guilt and sadness share overlapping
cognitive-affective pathways and may co-activate persistently in depressive states. While not
always framed explicitly as feedback loops, such dyadic symptom pairings likely function as
tightly coupled mechanisms that reinforce one another over time. The prominence of the
sad—guilt loop in our simulation results is therefore consistent with both theoretical models and
empirical patterns, pointing to its potential role as a core driver of symptom persistence in severe

depression.

Our empirical analysis supports these findings. Directed networks derived from patient
data closely resembled the high-symptom-level networks observed in simulations. Among the 10
most frequently occurring edges in the empirical networks, half corresponded to those observed
in high-symptom-level networks. Additionally, dyadic loops such as sad 2 glt again appear
prominently in the empirical data. This correspondence is particularly striking given the
independent sources of the empirical and simulated data. These results suggest that specific
structural patterns underpin symptom dynaniics, with severe symptoms in real-world contexts
likely driven by dyadic loops and wide-spreading, interconnected feedback structures. Together,
our findings suggest that effective interventions should not merely aim to reduce overall
connectivity, but should prioritize disrupting key feedback loops and high-impact connections.
Targeting these structural features could destabilize the network and reduce the persistence of
symptoms. Although our primary simulations held the empirical adjacency matrix constant to
isolate the role of directional structure, Appendix D demonstrates that the same phenomena
emerge in randomly generated networks with varied global connectivity patterns. This robustness
analysis indicates that feedback-loop architecture and connectivity balance exert systematic

effects on symptom persistence, above and beyond global connectivity strength.

While our study provides valuable insights into how feedback loop structures shape
symptom dynamics, several limitations warrant discussion. First, the reference network used in
our simulations, although grounded in empirical data [16], remains a stylized abstraction. It does

not fully capture the complexity and heterogeneity of real-world symptom interactions in mental
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disorders. In addition, because the reference matrix contains only positive weights, the present
simulations focus on reinforcing interactions; extending the framework to signed (mixed
positive/negative) edges that incorporate inhibitory interactions is an important direction for
future work. A particularly important limitation is the underrepresentation of multiple dyadic
feedback loops, which emerged as critical structures in both our simulations and empirical
analysis. Given their apparent role in sustaining symptom severity, future work should investigate

their prevalence and functional impact across more diverse and complex network configurations.

Another key limitation lies in the empirical dataset. Due to administrative and
data-sharing restrictions, we were unable to access the original continuous or ordinal symptom
ratings and were limited to using dichotomized symptom data. This reduction in measurement
granularity inherently limits analytical sensitivity, as binary encoding discards meaningful
gradations in symptom severity. As a result, subtle but clinically reievant dynamics in symptom
progression may have been obscured. The temporal structure of the dataset also posed constraints.
Each patient’s time series included, on average, only 26 observations, with relatively long
intervals between measurement points [42]. This limited temporal resolution likely hindered the
detection of short-term symptom transitions and contributed to the sparsity and instability of the
estimated networks. Furthermore, the data were drawn from a structured psychotherapy trial,
which may not reflect the symptom dynamics of broader, untreated, or community-based

populations—thus limiting the generalizability of our findings.

Beyond data constraints, the causal discovery method employed—PCMCI+—relies on
strong assumptions, including causal sufficiency and faithfulness. These assumptions are often
difficult to meet in psychological data, where latent confounders, measurement error, and
complex feedback dynamics are common. As a result, we interpret the estimated empirical
networks as exploratory and hypothesis-generating, serving as a complement to our simulation

findings rather than as definitive or confirmatory evidence.

Finally, we clarify that our simulations are not based on a single assumed causal network.

Rather, we used a correlation-based network—drawn from empirical data—as a scaffold for
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generating a family of directed networks. While correlation does not imply causation, prior work
suggests that empirical symptom correlations often reflect latent or underlying causal processes

[20, 21]. Accordingly, we varied edge directions across all feasible configurations consistent with
this skeleton to systematically explore how feedback loop structure relates to symptom dynamics.
Our findings were robust across this entire ensemble of networks, underscoring that the observed

effects are not an artifact of any specific causal assumption.

Looking ahead, several methodological improvements could substantially strengthen
future research. One important direction involves refining the reference network structure to
better capture a broader and more realistic range of symptom interaction patterns—particularly
the role of dyadic feedback loops, which were underrepresented in our current model. Enhancing
structural realism in the network would improve both the interpietability and the clinical
relevance of simulated dynamics. Improving the quality of empirical data is also critical.
Incorporating richer, high-frequency temporal data would allow for more precise estimation of
edge directionality by revealing fine-grained sequences of symptom activation. In the present
study, our time-series data were limited to an average of only 26 observations per patient, with
relatively long intervals between measurements [42]. This limited temporal resolution likely
obscured fast-evolving dynamics. More granular data would support the application of temporal
modeling frameworks—such as (multilevel) vector autoregressive (VAR) models—enabling more
accurate detection of symptom transitions and providing a stronger empirical foundation for
network-based inferences [20]. In parallel, advances in causal discovery methods offer additional
opportunities. Traditional statistical network approaches often fall short in establishing causal
directionality [43], and many existing methods are limited to acyclic structures [44]. Applying
algorithms like PCMCI [22] to higher-resolution time-series data may yield more reliable
estimates of both lagged and contemporaneous feedback mechanisms. Furthermore, recent
techniques capable of inferring causal directions from cross-sectional data—such as cyclic causal
discovery (CCD), fast causal inference (FCI), and cyclic causal inference (CCI)—present

promising alternatives in settings where longitudinal data are unavailable or difficult to collect
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[45-48]. Incorporating these data and methodological advances could substantially improve the
realism and robustness of both reference networks and simulation models. Ultimately, this would
deepen our understanding of the dynamic architecture of mental disorders and support the

development of more targeted and effective intervention strategies.

Feedback loops have long been recognized as an important aspect in the study of mental
health, but their specific roles and impacts, particularly in relation to structural differences, have
remained somewhat unclear. This study underscores the importance of feedback loop architecture
in sustaining and intensifying symptom levels within mental disorder networks. By identifying
particular configurations—especially those involving dyadic and highly interconnected
loops—that are associated with persistent symptoms, we provide a foundation for designing more
targeted and structurally informed interventions. Disrupting a single feedback loop may already
be challenging; addressing systems characterized by multiple, overlapping loops requires a
broader and more strategic approach. We hope this work encourages further research into
pinpointing the most influential feedback structures, with the goal of informing clinical strategies
that disrupt maladaptive symptom dynamics. Such efforts could pave the way for more effective

and enduring interventions in the treatment of mental health conditions.

Methods

To explore the impact of feedback loops on symptom persistence, we selected a realistic
network structure derived from empirical data [16]. Constructed by aggregating sub-population
partial correlation networks, this symptom network skeleton captures core interdependencies
between symptoms, providing a concrete foundation for our analysis. While the overall structure
of depressive symptom networks is robust—consistently observed across empirical studies—the
causal direction of symptom interactions remains largely unknown [49-51]. In Park, Waldorp,
and Vasconcelos [16], directionality was inferred based on literature and theoretical assumptions.
To systematically address this uncertainty, we generate all possible directed

configurations—referred to as synthetic networks—by flipping the direction of every edge. This
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approach allows us to examine how different feedback loop structures shape symptom dynamics

while accounting for all potential directional arrangements.

We then examined the topological features of these synthetic networks to understand how
feedback dynamics evolve across various network configurations. We hypothesize that the
structure and number of feedback loops — whether it involves a single cycle, multiple loops, or
how much overlap exists between them — casually influence symptom progression. A core
concept in cyclic structure is that of a "cyclegroup" [52], a minimal set of cycles that captures all
possible transitive closures of intersecting cycles. This means that cycles in a directed cyclic
graph can overlap or interconnect in complex ways, which ultimately influences the system’s
overall dynamics. Spirtes [52] emphasizes that understanding these cycles and their interactions is
crucial for analyzing feedback systems. Different cycle configurations, including their overlaps,

may substantially affect how the system behaves.

When applying these insights to mental healih networks, feedback loops — such as those
between symptoms like sadness and sleep disturbances in depression — give rise to different
cycle structures, some of which overlap. Understanding whether a network contains isolated
cycles or overlapping ones, as well as the nature of these cycles — whether they involve many or
few nodes, or are larger or smaller in scope — is crucial. Overlapping cycles, in particular, may
result in more persistent symptoms, and the structure of these loops could significantly influence
the course of recovery or the persistence of the disorder. By examining all possible network
configurations within a robust network skeleton, we aim to investigate how feedback loops’
impact varies depending on their structural characteristics — including the number of loops, the
extent of overlap, and the balance of connectivity across nodes. This approach emphasizes the
complexity of cycle structures within feedback loops, offering a more nuanced understanding of
how symptom networks evolve and persist over time. This section (i) introduces the SDE-based
symptom-dynamics model, (ii) describes how we generate an ensemble of directed network
configurations from the empirical skeleton, and (ii1) details our procedures for detecting feedback

loops and computing topological metrics (loop count, overlap, connectivity balance, and
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node/edge participation). We then provide the empirical dataset specifications and the PCMCI+
causal discovery protocol used to estimate patient-specific directed networks for assessing

external consistency with the simulation results.

Reference Network and Symptom Dynamics Model

Figure 1 illustrates the reference network structure used in this study. Originally
developed from empirical evidence presented in Park, Waldorp, and Vasconcelos [16]. It consists
of nine symptom nodes, aligned with the PHQ-9 questionnaire convention [53], and includes 17
edges. A dyadic feedback loop between two nodes (sad & guilt), highlighted in orange, is
retained from the original network. While we use its skeleton (undirected version), this
bi-directional connection — linking the two most central, high-degree nodes — is preserved to
explore the impact of feedback involving only two symptomis. In the figure, the color saturation
and edge width represent the relative weights of the connections, as detailed in the weighted
adjacency matrix A.

This study builds on the symptom dynamics model for depressive symptoms introduced in
Park, Waldorp, and Vasconceios [16]. The model employs stochastic differential equations
(SDEs) to formalize interactions between symptoms within a continuous-time dynamical
framework. It can reproduce key phenomena such as bistability and hysteresis [9, 14, 25, 54, 55],
making it a useful platform for investigating how feedback structures influence symptom
progression and persistence.

This study builds on the symptom dynamics model for depressive symptoms introduced in
Park, Waldorp, and Vasconcelos [16]. The model employs stochastic differential equations
(SDEs) to formalize the interactions between symptoms, making it one of the few computational
models that can effectively model the complex dynamics of mental disorders within a continuous
framework. It incorporates key phenomena such as bistability and hysteresis [9, 14, 25, 54, 55],
providing a robust platform for investigating how feedback loops influence symptom progression

and persistence over time. The system of SDEs governing symptom interactions is shown in
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Equation 1:

9
dS,'ZSi(l—S,‘) ﬁi+aiiSi+ZajiSj(l+6iSz'2) dt+0’idWi,i=1,2,...,9. (1)
j=1
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Equation 1 models the rate of change of each symptom, S; (i = 1,...,9), as dS;/dt. This change
is driven by two components: the symptom’s intrinsic dynamics, represented by S;(1 — S;), and
interactions with connected symptoms, captured within the equation’s large brackets. The term
Si(1 — §;) also constrains symptom levels to a range between 0 (inactive) and 1 (active),
consistent with bounded scales used in empirical symptom measurement [56, 57]. The
interactions with connected symptoms are influenced by three key parameters. First, §5; regulates a
symptom’s sensitivity to external triggers, with lower values reducing its likelihood of activation.
Second, @, the elements of the weight matrix A, include o;, representing a self-reinforcing loop
for symptom §;, and «;, capturing the influence of symptom S ; on §;. Third, 6; introduces
nonlinear amplification, where the influence of connected symptoms increases as S; becomes
more active. The stochastic term o; dW; represents independent additive noise for each symptom,
where W; is a standard Wiener process. In discrete time, this means that at each time step we add
a Gaussian perturbation with mean 0 and variance dt, scaled by the symptom-specific noise
amplitude o;. Formally, the Wiener increment satisfies AW;(¢) ~ N(0, dr); equivalently,

AWi(1) = V/dt &(1) with &(r) " N(0,1). Thus, the stochastic increment in the Euler-Maruyama
update is implemented as Ao W;(f) = o; v/dt &;(t). For a comprehensive description of the model

and its stochastic formulation, see Park, Waldorp, and Vasconcelos [16].

Numerical implementation and boundary handling. We simulate Eq. 1 using an
Euler—-Maruyama discretization with time step dr (dt = 0.1; see Table 1). Let f;(S(z)) denote the

drift term in Equation 1. At each step,

Si(t+dt) = Si(t) + f£i(S(0)) dt + oV dt (1), 2)
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where &;(1) N (0, 1) are independent across symptoms and time steps. Because stochastic
increments can temporarily move S; outside the admissible interval [0, 1], we enforce bounded
symptom levels via reflection at the boundaries (no-flux conditions): values above 1 or below 0
are folded back into [0, 1] (e.g., 1.3 — 0.7, —0.2 — 0.2), consistent with the reflected diffusion
formulation described in Park, Waldorp, and Vasconcelos [16] (see Appendix on reflective

boundaries; see also [58, 59]).

Generating Synthetic Network Configurations

Given the reference network shown in Figure 1, we explore all possible network
configurations by systematically altering the direction of the edges. The total number of possible
synthetic network configurations is 2", where n is the number of independent edges—by
independent, we mean that changing the direction of one edge does not affect the ability to change
the direction of another, allowing for the creation of unique configurations. In our reference
network, there are 17 edges in total, but two of these — forming a feedback loop between sad and
guilt — are dependent, meaning the loop remains unchanged if both edges are flipped
simultaneously. This reduces the number of independent edges to 15. The feedback loop itself
can have 3 distinct configurations: (1) both edges in their original direction, maintaining the loop,
(2) one edge flipped while the other remains unchanged, causing both edges to point in the same
direction, or (3) the other edge flipped, reversing the direction. Instead of the 4 possible
combinations (22), this loop yields only 3 unique configurations. The remaining 15 independent
edges can produce 2'° possible configurations. Combining these with the 3 unique configurations
of the feedback loop, the total number of unique network configurations derivable from our
reference network is 2!° x 3 = 98,304. When generating directed configurations, we preserve the
corresponding weight magnitudes from the reference matrix and only change edge direction;
consequently, all nonzero weights remain positive, and no rescaling or normalization is applied
after orientation. Once all synthetic network configurations are generated, the algorithm identifies

feedback loops within each network using a depth-first search (DFS) algorithm [60]. This
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algorithm systematically traverses the graph, detecting feedback loops by checking if a node is
revisited within the same path, which indicates the presence of a loop. The process continues
recursively, exploring all possible paths within the network.

Figure 9 demonstrates the algorithm in action, using the network shown in Figure 9(a) as
an example. The algorithm begins by generating all possible network configurations. In this case,
there are two independent edges and two dependent edges involved in a feedback loop between
nodes A and B. By altering the direction of each edge, the algorithm produces 2> x 3 = 12
synthetic network configurations. Figures 9(b), (c), and (d) illustrate three examples of these
configurations. Once the synthetic network configurations are generated, the algorithm converts
the matrix representation of each graph into an adjacency list, which contains the connections of
each node to the other nodes in the network. The DFS algorithm then uses this adjacency list to
explore the graph. Starting from each node, the algorithm follows the list to explore all possible
paths. If a node is revisited along the same path, it indicates the presence of a feedback loop.
These loops, along with their specific paths, are then recorded, as shown in Figure 9. For a
detailed description of the algorithm used to generate all feasible synthetic network configurations

and detect feedback loops, please refer to Appendix A.

Topological Features

In this section, we examine several key topological features to understand how the
structure of feedback loops impacts symptom persistence. These features include the total number
of feedback loops, the degree of overlap between these loops, the variability in weighted degrees,
and frequency of nodes and edges involved in feedback loops. Throughout, “feedback loops”
refer to directed cycles involving > 2 distinct symptoms. Diagonal self-effects (a;;) are treated as
intrinsic symptom persistence in the underlying dynamics and are excluded from loop counts and
other measures.

We hypothesize that the number of feedback loops will be positively correlated with

symptom persistence, meaning the more cycles there are, the longer the symptoms are likely to
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Figure 9
Example networks illustrating the steps of the algorithm for generating all feasible synthetic
network configurations and detecting feedback loops in each network.

persist. Feedback loops represent cycles of symptoms reinforcing each other, and the more cycles
present, the stronger and more sustained this reinforcement can be, leading to prolonged
symptoms. However, this relationship is not straightforward. It is important to nuance this
hypothesis by considering that some loops may overlap. For a given number of cycles, overlap
between them may reduce their collective impact. When feedback loops overlap, their influence
on the network becomes less distinct because shared nodes and edges create interdependencies,
causing these loops to function more like a single cycle rather than separate, independent ones.
This interconnection suggests that while the number of cycles increases, the actual impact of each

cycle may be diluted.

To better understand how these loops interact, we measure the degree of overlap between
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them. Greater overlap indicates that the loops are increasingly dependent on shared nodes and
edges. As the degree of overlap increases, these feedback loops begin to operate as a single, more
unified loop, reducing their individual impact. Therefore, analyzing the overlap allows us to
distinguish between independent and interdependent feedback loops, providing a more nuanced

understanding of the network’s dynamics and its effect on symptom progression.

In addition to the number of cycles and their overlap, we also examine the variability in
weighted degrees across the network. This measure helps us understand how the connectivity is
distributed among the symptom nodes. A network with low variability indicates that activation is
evenly spread across symptoms, allowing for a more balanced influence between them. In
contrast, a network with high variability suggests that some symptoms have greater influence over
others, possibly leading to more localized activations. By examining connectivity variability, we
can understand how the influence of specific symptoms propagates through the network. This
measure complements our analysis of feedback loop structures by providing a broader perspective

on the overall configuration of the network and the centrality of particular symptoms.

Lastly, we examine node- and edge-level participation in feedback loops to identify
structural patterns that significantly influence symptom dynamics. By measuring how frequently
each node and edge appears in these loops, we can assess their relative influence on symptom
persistence. Nodes and edges with higher recurrence are likely to play a more central role in
driving symptom dynamics. Identifying these critical components helps us better understand the

structural elements of feedback loops that contribute to symptom reinforcement within the system.

Feedback Loop and Overlap Level

We assess the total number of feedback loops by counting the unique loops detected by

the algorithm described above. To evaluate the amount of overlap among these loops, we analyze
node frequencies within the feedback loops. Let C; = {cii), cgi), e c,(f)} denote the set of all

feedback loops in network i (of the 98,304 networks), where c,(f) represents the k-th loop in

network i and n; = |C;| is the total number of loops of network i. For each node v; € V;, where
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Vi = {v1,Vv2,...,vo} represents the set of 9 nodes in network i, the frequency Jv;i of node v,

appearing in any feedback loop is defined as:

Joyi = ]; Lo
where lvjeck is an indicator function that equals 1 if node v; is part of loop ¢, and 0 otherwise.
When assessing the degree of overlap among feedback loops, we square the frequencies f,; to
emphasize the influence of nodes that participate in multiple loops. These nodes have a
disproportionately stronger effect on the network dynamics due to the interdependencies of
overlapping loops. The overlap level is then calculated by normalizing the squared frequencies by
the square of the total number of loops:

9 2
0, Zj:lfv,-,i

n2

ci
Intuitively, O; is low when loops are largely disjoint (few shared nodes) and increases as more
loops share the same nodes, indicating that feedback becomes concentrated on a subset of
symptoms. This nonlinear scaling highlights the stronger influence of nodes involved in
overlapping loops, as their impact on the network dynamics tends to compound. Treating loop
participation linearly would underestimate the significance of such interdependent connections,
potentially obscuring critical patterns in feedback interactions. The overlap level is set to O when

the number of feedback loops is fewer than 2 (n.; < 2), avoiding undefined or insignificant values.

Weighted Degree Variability

Finally, we calculate the weighted degree variability of each network to understand the
distribution of connectivity. We define the weighted degree variability for network i as the sum of

the standard deviations for the incoming and outgoing weighted degrees:

weighted degree variability (07y;) = Tini + Touris
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where 0;,; = sd ({di:l.,i}v_/evi) and 0, = sd ({d;’j“i v_,eV,-) . Here, {di';,i}vjevf and {dﬁj”i o
represent the sets of incoming and outgoing weighted degrees for nodes v; in network i,
respectively. This measure provides insight into the distribution of connectivity across the
network. Lower variability indicates a more uniform activation of symptoms across the network,
whereas higher variability suggests that certain symptoms dominate the network’s dynamics,

leading to more localized patterns of activation.

Node and Edge Frequencies in Feedback Loops

To quantify the frequency of nodes and edges involved in feedback loops, we determine
their frequency by counting their occurrences across the feedback loops in the network. For each

node v; € V; in network i, the frequency f,,; of node v; appearing in any teedback loop is:

n;
ﬁ)j’i = Z lv,‘\fc’gi)’
k=1

Similarly, the edge frequency f,; for an edge ¢ in network i is determined by the number of times

this edge appears in any feedback loop across the n; loops:

nj
Jei =D 1,0
k=1

For both node and edge frequencies, we normalize them by dividing by the total frequency across

all nodes or edges in the network:

Josi foi
norm J> norm el
= ———— and =

v Z}/:l foi i T —ZeeEi I
where the sums are taken over all nodes v; € V; and all edges e € E; in network 1.

These frequencies quantify the relative importance of each node and edge in the feedback
loop dynamics of the network. By analyzing these frequencies, we can identify which nodes and

edges are central to the feedback loop structure and their role in symptom dynamics.

Together, these topological features help us understand how symptom persistence unfolds
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in the network. By examining the number of feedback loops, their overlap, variability in
connectivity, and the role of individual nodes and edges, we can see how different structural
patterns influence symptom dynamics. In particular, identifying nodes and edges that appear more
frequently in feedback loops helps highlight which symptoms and connections may have a
stronger impact on persistence. Analyzing these features gives us a clearer picture of how

symptom interactions contribute to the maintenance of mental health conditions.

Simulation Setup

We simulate symptom dynamics over time using the previously described SDEs in Eq.1,
examining each synthetic network configuration to assess the impact of network structure —
particularly topological features associated with feedback loops — on the progression of
depression symptoms. Each simulation tracks the dynamics of nine symptoms over 2000 time
units (#). We introduce a transient external shock starting at t = 50 and lasting for 300 time units
(50 < t < 350), intended to represent an acute stressor (e.g., a major adverse life event). The

shock is implemented by temporarily increasing each symptom’s sensitivity parameter §; from its

original shock

baseline value 8 to a less negative value 8 (Table 1). Intuitively, 8; controls a symptom’s
baseline susceptibility to activation: in the baseline regime 5; < 0, and shifting ; closer to zero
reduces resistance to activation and biases the dynamics toward higher symptom levels. After the
shock window (¢ > 350), §; returns to its baseline value, and all other parameters (interaction
weights @, nonlinear amplification 4, and noise parameters) are held fixed throughout. For an
illustration of how changing S; shifts the system between dynamical regimes, see the bifurcation
diagram as a function of g; in Park, Waldorp, and Vasconcelos [16, Fig. 2].

Detailed parameter values are summarized in Table 1. These values ensure bistability for
each symptom in the original reference network [16]. In our analyses, this condition is not
enforced for every directed configuration, because we systematically vary edge directions to

explore a broad range of feedback-loop architectures.

Due to the stochastic nature of the SDE, each network configuration is simulated 50 times,
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yielding 4,915,200 simulations in total (50 x 98,304 configurations). For each run, we aggregate

symptom levels across all nine symptoms and record the aggregated level at five post-shock time

points: ¢t = 400, 800, 1200, 1600, and 2000.

Table 1

Overview of Parameter Values Used in the Simulation.

Parameter Description Values

a Elements of the weighted adjacency matrix A.  See matrix A.

ﬁmgmal Sensitivity levels of symptoms to external per- g™ — [-1.01, —0.52, —0.53, —1.01,
turbations during the normal period. —0.82, —0.52, —0.75, —1.10, —0.80].

ﬂm“k Sensitivity levels of symptoms to external per- ,B”‘”Ck = [-0.67, —0.34, —0.35, —0.67, —0.54,
turbations during the shock period. —0.34, —0.50, —0.74, —0.54].

So Initial values of symptom intensities. S, =001,Vi=1,---,9.

1) Boosting factor that amplifies the effects of ¢; =9, Vi=1,---,9.
other symptoms S ; on symptom S ;.

o Scaling factor controlling the strength of the o; =0.14, Vi=1,---,9.
stochastic term.

dt Time step for updating the symptom intensities.  dr = 0.1.

In this section, we perform an empirical analysis using time series data from clinical
patients to assess external consistency between the simulation-derived patterns and networks
estimated from patient data. To do this, we apply a causal discovery algorithm to estimate
directed causal networks from the clinical data. By analyzing the frequency of directed edges in
these networks, we compare the patterns observed in the individual patient data with those
derived from our simulations. This comparison helps us assess the ability and robustness of our
simulation models in capturing the dynamics of real-world symptom interactions. In the
following, we briefly introduce the dataset and the causal discovery algorithm used, and present

the results of this empirical analysis.

Empirical dataset and causal discovery

Data. We analyze data from a randomized clinical trial on chronic depression conducted
in eight clinical sites in Germany [24]. The trial included 254 patients who were randomly

assigned to receive 32 sessions of disorder-specific or nonspecific psychotherapy for 48 weeks.
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During each session, participants assessed their depressive symptoms, which included the nine
major symptoms of depressive disorder defined by the DSM-5, before and after the session [61].
Symptom scores were dichotomized as "0: symptom not present” and "1: symptom present" [42].
For our analysis, we utilize all the available pre-session data to capture symptom dynamics over

time.

Causal discovery. To analyze the time-series symptom data, we employ the PCMCI+
algorithm (PC Momentary Conditional Independence), a causal discovery method specifically
designed for time-series data [22]. PCMCI+ is capable of identifying both lagged (7 > 0) and
contemporaneous (7 = 0) causal relationships, disentangling temporal and simultaneous

influences.

Based on the foundations of the PC algorithm [62], the PCMCI+- algorithm relies on
several key assumptions that are central to most causal discovery methods. First, PCMCI+ relies
on the causal Markov assumption, which states that each variable is independent of its
non-descendants, given its parents in the causal graph. It also assumes the faithfulness
assumption, meaning that any conditional independence relations in the data are reflective of the
causal structure. These assumptions are fundamental for identifying valid causal links in the data.
Additionally, PCMCI+ assuines causal sufficiency, meaning that there are no hidden confounders
affecting the relationships between variables. Finally, when identifying time-lagged causal
relationships, PCMCI+ assumes that the causal links are stationary. This means that if a causal
relationship X;_, — X, holds at a given time ¢, then the same relationship X,,_, — X, holds at all
other time points ¢’ # t. Together, these assumptions allow PCMCI+ to effectively uncover both
contemporaneous and time-lagged causal relationships in time-series data while accounting for
potential confounding and spurious correlations. These assumptions, especially causal sufficiency
and faithfulness, may not be fully met in psychological data where unmeasured confounding and
overlapping causal processes are common. We therefore interpret the estimated causal graphs

cautiously and as preliminary.

The PCMCI+ algorithm operates in two distinct phases: the lagged skeleton phase, which
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identifies causal links over time lags (X, * — Xj.), and the contemporaneous skeleton phase,
which detects direct same-time causal relationships (X! — X;.) and refines these relationships to
account for confounding from shared lagged causes. The final causal graph distinguishes between
lagged causal links, which are represented as curved arrows, and contemporaneous causal links,
which are depicted as straight arrows. Because the contemporaneous phase relies on a PC-type
procedure, the contemporaneous structure is identifiable only up to a Markov equivalence
class—a set of graphs that encode the same conditional (in)dependencies (i.e., satisfy the same
d-separation relations) [63]. Accordingly, the contemporaneous component is represented as a
completed partially directed acyclic graph (CPDAG), where some adjacencies may remain
unoriented when multiple directions are compatible with the data; these are denoted by straight
lines with circle ends (XfHX;.). Following the PCMCI+ literature, the combined output is
sometimes referred to as a time-series CPDAG [22]. In this analysis, we set the maximum time
delay (7,,4,) to 3 and the significance level (apc) to 0.01, using the G-squared conditional
independence test to accommodate the binary nature of the dataset. For more details on the

PCMCI+ algorithm, we refer readers to [22].

Data and Code Availability

The code and data for this study are publicly available on GitHub at:
https://github.com/KyuriP/RoleFeedack. The core workflow for generating directed
configurations and quantifying feedback-loop architecture is also available as an accompanying R
package, causalnet (CRAN), which includes a vignette illustrating the main pipeline; a more
extensive tutorial paper is in preparation. Detailed instructions on how to reproduce the analyses
presented in this paper can be found in the repository. Data were analyzed using R version 4.4.1
[64] and Python version 3.12.2. All relevant packages and their dependencies are also listed in the
repository. Due to the computational demands of large-scale simulations, analyses were
conducted on the Snellius supercomputer (genoa partition, 192-core nodes). Please note that the

study’s design and analysis were not pre-registered.


https://github.com/KyuriP/RoleFeedack
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