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Abstract

Background. Network analysis is a promising approach for elucidating the dynamics of the
transition from psychopathology to well-being. Recently, symptom connectivity strength has
been proposed as a measure of plasticity — the capacity to change disease severity. Yet, empirical
findings remain inconsistent. We propose that this inconsistency can be resolved by recognizing
that the interpretation of connectivity strength varies along the recovery process from depres-
sion, whether at baseline or during clinical change.

Methods. We analyzed 2,710 depressed patients from the STAR*D dataset, grouped by the
magnitude of change in depressive score. Symptom network connectivity was estimated from
QIDS-C items at three time points: (i) baseline, (ii) change — defined as when clinical change in
depression score occurs, (iii) post-change - corresponding to when the maximum clinical change
is achieved.

Results. At baseline, connectivity strength predicts the maximum clinical change, inversely
correlating with its magnitude (p = —0.95, p = 0.001). At the change time point, connectivity
strength parallels clinical change (p = 0.92, p = 0.002). A direct and significant association between
connectivity strength and depression severity emerges only at the change (p = 0.98, p =0.0003) and
post-change (p = 0.95, p = 0.001) time points.

Conclusions. The interpretation of connectivity strength for predicting depression trajectories
varies by timepoint: at baseline, it measures plasticity — the capacity for change — whereas during
clinical change, it indicates the magnitude of change in symptom severity. This framework
supports the reliability of this prognostic marker for designing personalized therapeutic inter-
ventions in psychiatry.

Introduction

Plasticity is defined as the capacity for change, and thus the potential to modify brain functioning
and mental states [1]. It is increasingly recognized as a critical factor in determining recovery
trajectories in mental illness as it underlies the reorganization of neural and mental processes
during the transition from psychopathology to well-being [2, 3]. It is noteworthy that the
definition of plasticity implies that it is neither inherently beneficial nor detrimental, as it affects
the likelihood of a transition without setting its direction. The direction is set by contextual
factors, such as living conditions or the subjective appraisal of the quality of life [3, 4]. Indeed, a
growing body of evidence increasingly shows that treatments that enhance plasticity produce
context-dependent effects, amplifying the influence of contextual factors in shaping mental
health and recovery trajectories [5-11]. Consequently, the outcome of different levels of plasticity
has to be interpreted in the light of context [1, 12].

Recently, within the network theory of mental health — which conceptualizes psychiatric
disorders as complex, dynamic systems of interconnected psychological features (e.g., symptoms)
[13—15] — a novel network-based approach to measuring plasticity has been proposed [2, 16] and
subsequently validated [8, 17, 18]. Plasticity has been operationalized as the inverse of symptom
connectivity strength — defined as the degree to which psychological features co-occur and,
therefore, are connected to each other [16]. Consequently, stronger connectivity indicates lower
plasticity and vice versa. Clinical studies showed that weaker network connectivity strength at
baseline is associated with faster recovery from major depressive disorder and positive treatment
response [8, 17, 19-22]. However, these findings have not been consistently replicated, as other
studies reported no association [20, 23-25], thereby casting doubts on the potential clinical
applicability of the network-based approach to mental disorders.

To account for these discrepancies, we propose that connectivity strength should be differ-
ently interpreted depending on the specific time point at which it is measured along the transition
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to recovery, whether at baseline or during the period of clinical
change in depression severity. Specifically, we hypothesized that, at
baseline — when no consistent change in depression score is occur-
ring as no therapeutic intervention has yet been implemented —
connectivity strength predicts plasticity and, therefore, an individ-
ual’s capacity for future modifications in disease severity [2]. In
contrast, once the change in depressive score is underway, con-
nectivity strength is directly associated with — and therefore meas-
ures — the magnitude of the ongoing change. Such an association is
expected because coordination among the elements of any system is
required for a coherent system shift from one state to another [26].

To validate our hypothesis, we conducted a secondary analysis of
the Sequenced Treatment Alternatives to Relieve Depression
(STAR*D) dataset. From the original trial sample [27], we selected
2,710 patients with depression who met the inclusion criteria.
Depression scores were analyzed at baseline and at weeks 4, 6,
9, and 12 over a 12-week period of Level 1 of the clinical trial to
identify the interval during which each patient exhibited the max-
imum clinical change. Symptom network connectivity, assessed
using the Quick Inventory of Depressive Symptomatology (QIDS)-
C items, was estimated at three time points: (i) at baseline, corres-
ponding to enrollment; (ii) at the change time point, that is the period
of clinical change in depression score, which marks a phase of
ongoing transformation potentially leading to recovery; and (iii) at
the post-change time point, which coincides with the attainment of
the maximum clinical change in depression score. We expected that,
at baseline, connectivity strength predicts the magnitude of clinical
change achieved over the course of the trial, in line with the view that
lower baseline connectivity anticipates a higher potential for modi-
fication and vice versa. By contrast, once the change in depression
severity is underway, we expected connectivity strength to directly
correlate with the extent of that change, thereby serving as an
indicator of its magnitude.

Methods
Overall design

The research presented here complies with all relevant ethical
regulations. We conducted a secondary analysis on the dataset of
the STAR*D study (ClinicalTrials.gov Identifier: NCT00021528).
The original study was approved and monitored by the institutional
review boards at each of the 14 participating institutions, a national
coordinating center, a data coordinating center, and the data safety
and monitoring board at the National Mental Health Institute,
National Institutes of Health, USA. All participants involved in
the original study provided written informed consent at the begin-
ning of the study.

Participants

The STAR*D is a randomized clinical trial of outpatients with major
depressive disorder designed to prospectively evaluate the effective-
ness of pharmacological and psychotherapeutic treatment as
described in previous studies [28]. Briefly, the STAR*D enrolled a
total of 4,040 outpatients (18-75 years old) with nonpsychotic
depression (17-item Hamilton Depression Rating Scale score > 14).
Only data concerning Level 1 of the clinical trial were considered in
the present analysis. Patients were excluded if they (i) were pregnant
or breastfeeding; (ii) had a primary diagnosis of bipolar, psychotic,
obsessive-compulsive, or eating disorders; (iii) had general medical
conditions contraindicating the use of protocol medications; (iv) had
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substance dependence; or (v) had a clear history of nonresponse or
intolerance. The STAR*D protocol involved clinical visits at 4, 6,
9, and 12 weeks.

Depressive symptoms

Depressive symptoms were collected using the clinic version of the
QIDS-C, consisting of 16 clinician-rated items measuring the nine
criterion symptom domains that define Major Depressive Disorder
according to the Diagnostic and Statistical Manual of Mental
Disorders, 4th Edition, Text Revision. The scores for three domains
—sleep, appetite/weight, and restlessness/agitation — are based upon
the maximum score of two or more questions. The remaining
domains are each assessed using a single item. As a result, the
original 16 items are consolidated into 9 symptom domains. All
nine domains are scored from 0 (ie., no problem) to 3 points
(i.e., severe problem). The overall total score is calculated by sum-
ming the scores of all domains, and it ranges from 0 (ie., not
depressed) to 27 (i.e., most depressed).

Context

The Quality-of-Life Enjoyment and Satisfaction Questionnaire-
short form (Q-LES-Q-SF) was employed to evaluate the context
at baseline. The Q-LES-Q-SF is a self-reported questionnaire, with
16 items, derived from the general activities scale of the original
93-item form. The questionnaire is adopted in clinical practice to
measure the degree of enjoyment and satisfaction experienced by
patients in various areas of their daily life (e.g., family, work, and
daily activities). Each item is scored on a scale from 1 (ie., very
poor) to 5 points (i.e., very good). Two of the 16 items refer to
general aspects of life and are not included in the calculation of the
overall total score, which thus ranges from 14 (i.e., very poor) to
70 (ie., very good). Based on the median, we identify patients
experiencing a poor context (Q-LES-Q-SF score < 45) and those
experiencing a good context (Q-LES-Q-SF score > 45).

Outcomes

As a primary outcome, we calculated the differences between the
QIDS-C scores at each clinical visit (from weeks 4—12) and the
QIDS-C at baseline (i.e., QIDS[week0] — QIDS[week i], where i
corresponds to each clinical visit week). Among these five values,
we identified the maximum one in terms of absolute value
(i.e., AQIDS), representing the maximum clinical change in depres-
sive symptoms achieved by each participant over the course of
12 weeks, either improvement or worsening. We defined the time
point immediately preceding the one at which the maximum
clinical change is attained as the change phase, and the time point
coinciding with the attainment of the maximum clinical change in
depression score as the post-change phase. For example, if a subject
achieves the maximum clinical change at week 6, the change phase
would correspond to week 4, and the post-change phase to week
6 (Supplementary Table 1). We split the population into eight
groups, each representing a range of two units in AQIDS
(Table 1). Due to the limited number of patients with AQIDS >16
(n = 185), we combined these participants with those who had
AQIDS equal to 16 (n = 86) into a single group. Within each group,
we calculated the average AQIDS (i.e., mean of maximum clinical
change) as the primary outcome. As a secondary outcome, we
assessed the change in QIDS-C from baseline to the last week of
the level 1 (i.e., QIDS[week0] — QIDS[week12]).
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Table 1. Group characteristics

Maximum clinical Sample Connectivity AQIDS

change (AQIDS) size strength (baseline) (mean + SD)
[0-3] 322 3.52 2.14 £ 0.88
[4-5] 276 3.40 4.51 + 0.50
[6-T7] 380 2.99 6.56 £ 0.50
[8-9] 398 2.96 8.52 £ 0.50
[10-11] 462 2.63 10.50 * 0.50
[12-13] 329 2.72 12.53 £ 0.50
[14-15] 273 2.18 14.46 + 0.50
[16-24] 271 2.38 17.65 £ 1.72

Abbreviations: QIDS, Quick Inventory of Depressive Symptomatology; SD, standard deviation.

Finally, to focus on a more clinically relevant outcome, we
calculated both symptom improvement (i.e.,QIDS[week0]—
QIDS[week i] > 0, where i corresponds to each clinical visit week)
and clinical response (i.e., a 50% reduction in symptoms relative to
baseline). Specifically, we replicated the main analysis (see
section below), including only subjects whose maximum change
reflected an improvement in symptoms. Additionally, we com-
pared subjects who consistently achieved a clinical response at
any of the available weeks to those who did not.

Statistical analysis

All statistical analyses were performed in R version 4.2.3. From the
original sample size enrolled in the STAR*D, we have included 2,710
patients with available information (Supplementary Figure 1).

Difference in sample characteristics

To assess the difference in age and depression severity at baseline, a
one-way analysis of variance (ANOVA) was applied using the aov
function. Post-hoc comparisons were performed using the
TukeyHSD function. For repeated measurements, post-hoc pair-
wise comparisons were conducted using two-tailed paired t-tests
with Bonferroni correction for multiple comparisons, via the pair-
wise.t.test function.

Network analysis

Networks were estimated using the estimateNetwork function in
the bootnet R package. Symptom networks consist of nodes
(i.e., nine depressive symptoms domains derived from QIDS-C)
and edges. Following standard methodology in the psychometric
literature [29], we estimated the network using a Gaussian Graph-
ical Model (GGM), in which edges represent conditional pairwise
associations between symptoms, controlling for all other symptoms
in the network. Due to the ordinal nature of the symptoms —
measured on a Likert scale — the partial correlation matrix was
estimated using Spearman’s rank correlation. Global network con-
nectivity strength, defined as the sum of the absolute weights of all
edges, was calculated for each network. For the eight groups
described in the Outcome section, we estimated the networks at
the following time points: baseline, change, and post-change. All
networks were estimated cross-sectionally, as longitudinal data
were not available. To ensure robustness, we repeated the analysis
employing the Least Absolute Shrinkage and Selection Operator

(LASSO) algorithm, which forces the small partial correlation
coefficients to zero and produces a sparse network structure [30,
31]. To address potential bias in the analysis, which may arise from
the outcome and network estimation relying on the same scale
(i.e, QIDS-C), we replicated the analysis using the self-reported
version of the QIDS (QIDS-SR16). Because connectivity strength
was computed across multiple time points (baseline, change, and
post-change), we were constrained to using QIDS-C/SR16, as the
17-item Hamilton Depression Rating Scale was only administered
at baseline. Finally, since depressive symptoms are measured on an
ordinal scale and, thus, are neither continuous nor normally dis-
tributed, we conducted a sensitivity analysis by estimating a full
correlation matrix using a nonparametric approach that, unlike
GGM models, does not assume multivariate normality.

Network comparison test (NTC)

Networks were compared based on global network connectivity
strength — defined as the sum of the magnitude of the weighted
connections — using the NTC function in the Network Comparison
Test (Version: 2.2.2) R package. NTC is a permutation-based test
that randomly regroups participants from the network repeatedly
[30]. The resulting distribution under the null hypothesis
(i.e., assuming both groups are equal) was used to test the observed
difference between the networks (i.e., whether the observed statis-
tics fall within the 95th percentile for a significance level of 0.05).
We compared baseline global network connectivity strength
between responders and nonresponders.

Spearman’s rank correlation

The Spearman’s rank correlation coefficient rho (p) and its relative
p-values were computed using the cor and cor.test functions from
the stats R package.

Results
Sample characteristics

A total of 2,710 subjects — corresponding to 67% of the original
sample included in the STAR*D — were included in the analysis due
to the availability of QIDS-C data at the change time point, which
were necessary to estimate AQIDS (Supplementary Figure 1). A
total of 2,572 subjects included in our analysis showed overall
positive AQIDS values, reflecting an improvement over the weeks.
The remaining 138 subjects (4%) showed a negative AQIDS reflect-
ing a worsening in depression severity. Among them, data on
depressive symptoms are available only for 60 subjects (44%). Of
these, after the worsening phase, 13 persist in their condition,
showing no change in depressive symptoms, 20 showed a modest
improvement of 1-2 points, 25 showed a moderate improvement of
3-7 points, one subject improved by 10 points, and another one by
15 points. The included 2,710 subjects were divided into eight
groups based on AQIDS (Table 1), as described in the Methods
section. These groups differed significantly in baseline QIDS-C
scores (F[7,2702] = 78.21, p < 0.001; Supplementary Figure 2).
Specifically, post-hoc comparisons revealed that groups with higher
AQIDS (i.e., [12-13], [14-15], and [16-24]) exhibited significantly
higher baseline QIDS-C scores compared to the other groups
(Tukey’s post-hoc: p < 0.01). Interestingly, the group with
the higher QIDS-C score (indicating greater symptom severity)
displays lower baseline connectivity strength compared to the
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Figure 1. Connectivity strength is inversely correlated to (A) maximum clinical change achieved across the weeks and (B) change achieved by week 12. Spearman’s rank correlation
between connectivity strength estimated at baseline using the QIDS-C and the AQIDS (averaged within each group), calculated at (A) the week of maximum change and (B) week 12.
A two-sided Spearman rank correlation test was used to estimate the correlation. p, Spearman coefficient, ***p = 0.001. Sample sizes are described in Table 1. Insets on the right
show correlations between change achieved at week 12 and connectivity strength at baseline for two representative subgroups: green dots indicate individuals in a good context,
while blue dots represent those in a poor context. Black dot line: 95% confidence bands of the best-fit line.

other groups. Additionally, the groups differed in terms of age
(F[7,2701] = 4.35, p < 0.0001; Supplementary Figure 2), with the
group showing the highest AQIDS (i.e., [16—24]) being significantly
older than the other groups (Tukey’s post-hoc: p < 0.01). Finally,
the female-to-male ratio shows a similar distribution in all groups,
with a consistently higher percentage of female participants in each

group.

The maximum clinical change achieved is proportional to the
connectivity at baseline

Baseline connectivity strength significantly correlates with the
maximum clinical change achieved across the week (Spearman’s
rank correlation rho (p) = —0.95, p = 0.001; Figure 1A and
Supplementary Figures 4A and 5). When considering only symp-
tom improvement (i.e., including only subjects whose maximum
change reflected improvement), we found similar results
(p = —0.95, p = 0.001; Supplementary Figure 2A). Furthermore,
when analyzing clinical response, we observed that patients who
consistently responded across the weeks exhibited lower baseline
connectivity compared to those who did not respond (NTC test p <
0.05). This finding suggests that baseline network connectivity
predicts the maximum extent of potential clinical change, with
lower connectivity associated with a higher potential for change.
As expected, we found that network connectivity strength was
positively correlated with QIDS-C items variance (p = 0.78,
p = 0.02; data not shown), indicating that lower variance across
items was linked to lower connectivity.

The clinical outcome achieved at the end of the trial is defined by
plasticity through context interplay

Although not statistically significant, baseline connectivity strength
shows a moderate correlation with the symptom changes observed
by week 12 (p = —0.61, p = 0.11; Figure 1B) and the improvement
(p = —0.66, p = 0.08; Supplementary Figure 2B). The predictive
value of connectivity strength for week 12 outcomes (i.e., clinical
outcome) became more evident when patients were stratified by
perceived context, distinguishing between those who reported a
poor versus a good context. Specifically, network connectivity
strongly correlates with symptom change at week 12 only in
patients who perceived the context as good (p = —0.90, p = 0.08),
but not in those who perceived it as poor (p = —0.30, p = 0.68).

Given the limited sample size, we interpret the correlation coeffi-
cients primarily as indicators of effect size, rather than focusing
solely on statistical significance. Additionally, we compared the
slopes of the correlations between baseline connectivity strength
and both the largest clinical change in depression score achieved at
any point during the clinical trial (Figure 1A) and clinical outcome
(Figure 1B) reveals the former to be stronger and significantly
different from the latter (Fisher-Z = —2.7, p = 0.02).

The connectivity strength parallels the clinical change

To assess whether connectivity strength differed across time points,
a repeated-measures ANOVA was performed, revealing a signifi-
cant main effect of time (F[2, 14] = 17.29, p < 0.05, Figure 2A).
Bonferroni-corrected pairwise comparisons revealed significant
differences in connectivity between the following timepoint base-
line versus change (p = 0.03) and baseline versus post-change
(p = 0.003), but not between change and post-change (p = 0.07).
When considering only clinical improvement, we observed similar
results (Supplementary Figure 2C). These results suggest that con-
nectivity increases in parallel with ongoing changes in depressive
symptoms. Additionally, the difference in network connectivity
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Figure 2. Change in connectivity strength predicts the maximum clinical change
achieved across the weeks. (A) Connectivity strength increases from baseline during
the change phase. Two-tailed paired t-tests with Bonferroni correction: *p = 0.03,
**p =0.003. (B) Correlation between the change in connectivity strength from baseline
to change phase and the maximum clinical change (i.e., AQIDS averaged within each
group). A two-sided Spearman rank correlation test was used to estimate the correl-
ation. p, Spearman coefficient, **p = 0.002.
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Figure 3. Connectivity strength and depression severity across the different time-
points: baseline, change, and post-change. Correlation between connectivity strength
at baseline and depression severity measured with QIDS-C (A) at baseline, (B) at change
phase, and (C) post-change. A two-sided Spearman rank correlation test was used to
estimate the correlation. p, Spearman coefficient, **p = 0.007.

strength measured at baseline and at the change phase correlates
with maximum change (p = 0.92, p = 0.002; Figure 2B and
Supplementary Figure 4B) and improvement (p = 0.92, p = 0.002;
Supplementary Figure 2D), indicating that greater changes in con-
nectivity were associated with greater symptom improvement.
When estimating the networks using a nonparametric approach,
we obtained overlapping results (see Supplementary Figure 6).

Baseline connectivity strength and depression severity

When examining the relationship between baseline connectivity
strength and depression severity, we found that the association
varied depending on the time point at which severity was assessed.
Specifically, at baseline, the correlation between connectivity
strength and disease severity measured at the same time point is
not significant (p = —0.66, p = 0.08; Figure 3A). By contrast, it
emerges at the change time point (p = 0.98, p = 0.0004; Figure 3B)
and at the post-change time point (p = 0.95, p = 0.001, Figure 3C).

Discussions

The present results indicate that the interpretation of connectivity
strength among symptoms for predicting depression trajectories
varies along the recovery process. At baseline, connectivity is a
measure of plasticity and, thus, predicts the magnitude of future
clinical change in depression score a patient will achieve over time,
with weaker connectivity associated with larger change and vice
versa. Conversely, once the clinical change is underway, connect-
ivity strength corresponds to the magnitude of the ongoing change.
A direct and significant correlation between baseline connectivity
strength and disease severity is not present at baseline but emerges
only at the change and post-change time points.

The inverse correlations between baseline connectivity strength
and both the largest change in depression score achieved at any
point during the clinical trial (Figure 1A) and final clinical outcome
at week 12 (Figure 1B) align with previous studies reporting densely
connected symptom networks to be associated with poorer pros-
pects for transitioning from psychopathology to mental well-being
[8, 17, 19-22]. In addition, the comparison between these two
correlations reveals the former to be stronger and significantly
different from the latter. This difference further supports the
interpretation of connectivity strength assessed at baseline as a
measure of capacity for change and, thus, of plasticity [2, 16]. The
weaker correlation between baseline connectivity strength and
clinical outcome emerges because recovery depends not only on
plasticity but also on its interplay with context, as plasticity
promotes improvement only when paired with favorable context-
ual conditions [3, 8]. Accordingly, the correlation between base-
line connectivity strength and clinical outcome was found to be
strong in a good but nearly absent in a poor quality of context
(Figure 1B inset).

Upon entering the change phase — marked by consistent
depressive score change either toward improvement or worsening
— connectivity strength increases compared to baseline
(Figure 2A). This increase is strongly correlated with the magni-
tude of clinical change, further highlighting the association
between these two processes (Figure 2B). This result aligns with
previous findings reporting stronger connectivity within the
symptom network in patients experiencing a reduction in depres-
sive symptoms following either antidepressant treatment [20, 32—
34] or psychotherapy [22, 35, 36], compared to those showing a
persistent symptomatology. Other studies that investigated con-
nectivity strength at the individual level within the network of
affect states also confirmed that stronger connectivity during the
change phase is associated with larger shifts in depression severity
[37, 38].

The increase in connectivity strength observed during the
change time point has been attributed to several factors, including
greater variability in symptoms [38, 39] and the concurrent modi-
fications of multiple symptoms contributing to the overall improve-
ment of the symptomatology [35]. We propose that such an
increase in connectivity may also reflect the growing coordination
occurring among the elements of any system to achieve transitions
across states, with the degree of their coordination directly related
to the extent of transition [26]. This view is in line with previous
findings showing that the probability of, and the temporal prox-
imity to, an upcoming shift between a depressed and healthy state is
associated with an increase in correlation among emotions or affect
states [37, 40—43]. Notably, this increase concerns not only auto-
correlations but also correlations among distinct variables within
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the same system [44—46]. This phenomenon has been shown across
disciplines, from physics to finance [47].

The correlations between connectivity strength at baseline and
the severity of depressive symptomatology at the three transition
time points — baseline, change, and post-change — are consistent
with the view of baseline connectivity strength as a measure of
plasticity and not of depression severity. Indeed, baseline connect-
ivity strength inversely correlates with depression severity at base-
line (Figure 3A). In addition, as individuals with weaker
connectivity at baseline show greater change in depression severity
across the time points, a strong and direct correlation between
baseline connectivity strength and disease severity emerges only
at the change and post-change time points (Figure 3B,C). This is
because, while the change phase is underway, individuals with high
plasticity are capable of achieving greater symptom amelioration,
whereas those with low plasticity, due to their limited capacity for
change, persist in pathological conditions. This results in a gradient
where more plastic individuals exhibit less severe symptomatology.
Importantly, these findings reconcile our interpretation of baseline
connectivity strength as a measure of plasticity with alternative
interpretations that consider it as a potential index of depression
severity [48, 49].

Previous studies have yielded inconsistent findings regarding
the hypothesis that connectivity among symptoms can serve as a
predictive marker of transition in mental health. Some studies
linked weak connectivity to an increased likelihood of transition
[17,19, 21, 22], while others reported no significant association [20,
23-25]. Our findings — demonstrating that the interpretation of
connectivity strength and, consequently, its predictive value varies
across the transition process — may reconcile these inconsistencies.
Therefore, data used to predict mental health trajectories must be
collected at clearly identified timepoints — either at baseline, before
the initiation of the therapeutic intervention, or while the clinical
change is underway. Otherwise, the lack of information regarding
whether patients involved were in the baseline or had already
entered the change phase at the time of assessment may lead to
inconclusive results.

The present findings hold the potential to significantly inform
the development of strategies aimed at predicting individual disease
trajectories. The ability to measure either the capacity for change or
the magnitude of change — based on analyses of symptom networks
at different time points during therapeutic intervention — could
significantly improve the identification of such trajectories in
depression, a key challenge that currently limits the timely delivery
of personalized interventions. This approach may help overcome
the limited reliability of currently available markers [50, 51] and the
reliance on a “trial and error” strategy for evaluating treatment
efficacy, a practice that not only delays the establishment of thera-
peutic benefit but also increases the risk of adverse side effects and
suicide [50, 52].

Our study has limitations that should be acknowledged. First,
network analyses were conducted at the group level because
multiple symptom assessments for each patient were not available
in STAR*D. Therefore, further investigation is warranted to
explore the association between connectivity strength and clinical
change at the individual level based on longitudinal data. Never-
theless, existing studies that explored network connectivity at the
individual level [37, 38, 41, 43] have reported findings that are
consistent with the framework proposed here. In addition, the role
of the treatment regimen was not considered in the analysis
because the limited sample size precluded a statistical investiga-
tion of its relationship with connectivity strength. Nevertheless,
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this limitation does not imply that the treatment regimen is
unimportant [53].

In conclusion, there is an urgent need to identify effective
markers that can optimize personalized treatments [54], ultim-
ately leading to a reduction of the burden of depression and
mental illness not only at clinical but also at societal and economic
levels [55, 56]. Without accurate prediction of disease trajectories,
therapeutic strategies might be prematurely discontinued or
altered while they remain clinically beneficial, potentially result-
ing in loss of patient compliance or dropout. The assessment of
connectivity strength within the symptom network at different
time points along the transition process yields clinically mean-
ingful predictive insights regarding the likelihood, magnitude, and
timing of recovery. Such interpretation holds a significant prom-
ise for improving the reliability and prognostic utility of connect-
ivity strength, potentially empowering clinicians to design more
targeted and effective interventions in line with the goals of
precision psychiatry. Finally, because connectivity strength per-
tains to basic properties of complex systems, its phase-dependent
predictive value is likely generalizable across multiple levels of
analysis and disciplines, including psychology, neuroscience, and
social sciences.
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