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ARTICLE INFO ABSTRACT

Key words: Background: Network analysis has been used to elucidate the relationships among depressive symptoms, but this
Stroke approach has not been typically used in persons with stroke.

Depression

Emotion Method: Using a sample of 835 persons with stroke from Stroke Recovery in Underserved Populations 2005-2006

dataset, this study used network analysis to (1) examine changes in relationships between depressive symptoms
over time, and (2) test whether baseline network characteristics were prognostic for depression persistence.
Network analysis was performed on depressive symptoms collected at discharge from inpatient rehabilitation
and at 3-months and 12-months post-discharge.

Network-analysis

Results: The depressive symptom network at discharge was less connected than at both post-discharge follow-ups.
Trouble focusing and feeling good as others were the most predictable symptoms at post-discharge, even though
they were less connected to other depressive symptoms. Among participants with elevated baseline depression
severity, those whose depression persisted 12 months later had more strongly connected networks at discharge
than those who recovered 12 months later.

Limitations: This study was unable to determine the directionality of edges. The depression scale was administered
differently across time points.

Conclusion: These results suggest that baseline network connectivity can predict the course of post-stroke de-
pression, similar to non-stroke populations. More broadly, the study highlights the importance of examining
relationships between individual depressive symptoms rather than only sum-scores.

1. Introduction

Over 80 million people living globally have had a stroke, with 13.7
million new strokes each year (Feigin et al., 2017; Gorelick, 2019). Post-
stroke depression (PSD) impacts roughly one-third of stroke survivors.
In a meta-analysis of 61 studies with 25,488 persons with stroke, the
pooled frequency of PSD was 31% but decreased to 25% one- to five-
years post-stroke (Hackett and Pickles, 2014). Studies have also found
the incidence of subthreshold depression to range from 20% to 60%
(Ashaie et al., 2019; Saxena et al., 2008) in persons with stroke. PSD neg-
atively impacts motor and cognitive functioning, social relationships,
and rehabilitation outcomes (Robinson and Jorge, 2016; Towfighi et al.,
2017) and increases the risk of mortality (House et al., 2001) and stroke
recurrence (Sibolt et al., 2013).

The severity of PSD has typically been measured by summing symp-
tom scores on various scales such as the Center for Epidemiological Stud-
ies Depression Scale (CESD) and the Hamilton Depression Rating Scale
(Hamilton, 1960; Radloff, 1977). It is possible that individuals may have
similar sum scores on depression scales but have a different constella-
tion of qualitatively different symptoms. Relatedly, summing symptom
scores assumes that symptoms are interchangeable, but, for example,
sleep disturbance is unlikely to be interchangeable with lack of motiva-
tion (Fried and Nesse, 2014; Funkhouser et al., 2020). One way to bet-
ter characterize depression is to adopt a symptom network framework
to analyze specific symptoms and the relationships among these symp-
toms rather than summing the number of symptoms (Borsboom, 2017).
In this framework, symptoms are viewed as components of a complex
network and the relationship among these components is nonlinear and
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dynamic, representing a diverse pattern of interactions (Borsboom and
Cramer, 2013).

A network approach to understanding depression allows for inves-
tigation of putative causal pathways among different symptoms and
how these symptoms may reinforce each other and possibly form feed-
back loops (e.g., insomnia — fatigue— not feeling good — insomnia)
(McNally et al., 2015). In this approach, some symptoms may play a
more central role than other symptoms (McNally et al., 2015). This is
especially relevant in persons with stroke, where the presence of under-
lying cognitive and motor impairments may increase some depressive
symptoms and make them more central and connected to other depres-
sive symptoms. Therefore, identifying a symptom network for depres-
sion can lead to interventions that target specific symptoms, which may
then impact other symptoms connected to them. For example, if a per-
son with stroke has high levels of fatigue, an intervention focused on
fatigue may then alleviate symptoms connected to fatigue (e.g., restless
sleep). In sum, a symptom network approach can provide a better un-
derstanding of the phenotypic structure of depression in persons with
stroke and offer insight into designing specific treatments that target
individual depressive symptoms and, more generally, aid in identifying
personalized medicine approaches.

A network approach to analyzing depressive symptoms may also pro-
vide prognostic indicators for persistent depression (Funkhouser et al.,
2020). Indeed, van Borkulo et al. (2015) compared the network struc-
tures of 515 neurologically healthy individuals with depression that
later either remitted or persisted, and found that the baseline network
connectivity (i.e., the sum of associations between different symptoms)
was higher in those with persistent depression, a finding that has been
replicated (McElroy et al., 2019; Schweren et al., 2018). Importantly,
it is unclear whether the association between network connectivity and
course of depression generalizes to PSD.

This study employed network analysis of depressive symptoms based
on secondary analysis of CESD from the Stroke Recovery in Under-
served Populations (SRUP) 2005-2006 study to understand the inter-
play among depressive symptoms over time in persons with stroke. Aim
1 first examined cross-sectional depressive symptom networks in per-
sons with stroke at discharge from inpatient rehabilitation facilities and
3-months and 12-months post-discharge. In a subsample of participants
who had elevated depressive symptoms at discharge, aim 2 then com-
pared the baseline network structures of those who (a) remitted at the
12-month discharge to (b) those whose depressive symptoms persisted.
To our knowledge, this is the first instance of network analysis being
employed to understand depression symptomology as well as the prog-
nostic viability of network connectivity in predicting the course of de-
pression symptoms in persons with stroke.

2. Method
2.1. Participants

Participants were from the SRUP 2005-2006, an observational
follow-up study of persons who had a stroke and received inpatient med-
ical rehabilitation services during 2005-2006 (Ostir et al., 2008, 2016).
Eleven inpatient medical rehabilitation facilities from diverse regions
of the United States participated in the study: specifically, California,
Florida, Iowa, Illinois, Kentucky, New Jersey, New York (2), Texas (2),
and Washington DC. All participants provided informed consent prior
to participation. To mitigate the loss of data and maximize power, indi-
viduals who had missing symptom scores at any of the three time points
were excluded from analysis, resulting in 835 participants in the present
study. Depressive symptom data from three time-points were used: dis-
charge from inpatient medical rehabilitation services, 3-months post-
discharge, and 12-months post-discharge. Age, sex, years of education,
stroke diagnosis, stroke type, length of stay at the hospital, number of
comorbidities (e.g., diabetes), number of stroke symptoms (e.g., speech
difficulties, hemiplegia), and the total Functional Independence Mea-
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sure [FIM; (Keith, 1987)] were also extracted from the dataset and used
to characterize the sample. FIM measures the level of disability of a per-
son with stroke, with higher scores indicating higher level of functioning
(Keith, 1987).

2.2. Depression measure

Depressive symptoms in the SRUP study were assessed using the
CESD, a 20-item self-report scale assessing depressive symptoms over
the preceding week. A meta-analysis of various depression instruments
in 2907 patients with stroke found CESD to be an optimal depression
screening instrument (Meader et al., 2014). CESD has also been rou-
tinely used in network analyses of depressive symptoms in non-stroke
populations (e.g., Robinaugh et al., 2014; Santos et al., 2018). CESD
items are scored from O (rarely or none of the time) to 3 (most or al-
most all the time), with positive items reverse scored. A sum score > 9
on the 20-item CESD was used to indicate the presence of depression
for aim 2 (Moon et al., 2017). Individuals with subthreshold depres-
sion were included in aim 2 as previous research has highlighted the
clinical importance of subthreshold depression (Lewinsohn et al., 2004;
Shankman et al., 2009).

There is considerable variability in network analysis literature about
how to determine whether items measure the same construct (i.e.,
if correlations between items are due to items measuring the same
construct or not) (Fried and Cramer, 2017). Therefore, based on
Burger et al. (2020) recommendation, items were combined if they
showed correlations > 0.50 and if the items were deemed to measure
the same construct. In this study, CESD items “I couldn’t shake off the
blues,” “I felt depressed,” and “I felt sad” were correlated > 0.50 and had
conceptual overlap. Therefore, they were combined into a single item:
depressed. Additionally, CESD items “I felt hopeful about the future,” “I felt
happy,” and “I enjoyed life” were also correlated > 0.50 and had concep-
tual overlap. Therefore, they were combined into a single item: happy.
Thus, the present network analysis was done on 16 CESD items. Tables I
to VI in the supplementary materials contain a list of the 16 CESD items
and item statistics for all the analyses done in this study.

2.3. Data analysis

Analyses for aim 1 (i.e., network comparisons across the three time
points) included all participants in the present sample (N = 835). Anal-
yses for aim 2 included the 397 patients who met the CESD cut-off
of 9 for depression symptoms at discharge from inpatient rehabilita-
tion. These patients were further split into two groups based on patients
whose depression symptoms persisted (perMDD; N = 203) or remitted
at 12-months post discharge (remMDD; N = 194). This facilitated the
comparison of baseline networks of persistent and remitted depression
symptoms for aim 2.

2.3.1. Network estimation

In network models, nodes represent specific symptoms and edges
represent the link between nodes (i.e., symptoms). These network mod-
els are based on partial correlations between nodes while controlling for
all other nodes in the network. The graphical lasso (GLASSO) method
with the extended Bayesian information criterion (EBIC) was used to
generate regularized Gaussian graphical models (GGMs) (Chen and
Chen, 2008; Friedman et al., 2008). The GLASSO algorithm reduces
the likelihood of false positives and results in sparser network struc-
tures by shrinking edges that are likely to be spurious to exactly zero.
The networks were visualized using the Fruchterman-Reingold algo-
rithm, in which strongly connected nodes are closer to each other and
nodes with the most connections are at the center of the network.
Thicker edges in figures represent stronger association between symp-
toms, with blue edges indicating positive associations and red edges in-
dicating negative associations. A detailed tutorial on network analysis is
available by Epskamp et al. (2018). Networks were based on Spearman
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correlations and estimated and visualized using the R packages qgraph
(Epskamp et al., 2012) and bootnet (Epskamp and Fried, 2015).

2.3.2. Node centrality

Centrality analysis was also performed to investigate the impor-
tance of each depressive symptom in the networks. Expected influence,
strength, betweenness, and closeness centrality indices were calculated.
Expected influence centrality is the sum of all edges connected to a node.
Strength centrality is the sum of all absolute values of edges connected to
a node. Betweenness centrality is the number of times a node lies on the
shortest path between two other nodes, and closeness centrality refers
to the inverse sum of the lengths of the shortest paths from a node to all
other nodes. Betweenness and closeness have demonstrated poor relia-
bility in psychopathology network studies (Epskamp and Fried, 2015),
and recent research (De Haan et al., 2020; Robinaugh et al., 2016)
has suggested that expected influence may be more reliable and inter-
pretable than strength because it considers both positive and negative
edges. Therefore, expected influence centrality is reported in the main
analysis and the other centrality measures are reported in the supple-
mentary materials.

In addition to computing centrality, each symptom’s predictability
was estimated. Predictability is an absolute measure of interconnected-
ness of a node indicating the variance of each node that is explained
by surrounding nodes. Furthermore, if it is assumed that all undirected
edges are directed towards a given node, then predictability can suggest
how much that node is impacted by surrounding nodes (Haslbeck and
Waldorp, 2018). A value of 0% suggests that a node is not predictable
by surrounding nodes, while a value of 100% suggests that a node is
fully predictable by its surrounding nodes. Predictability is visualized
as a ring-shaped pie chart around a node and was estimated with the R
package mgm (van Borkulo et al., 2017).

2.3.3. Network stability and accuracy

A case-dropping subset bootstrapping approach was used to deter-
mine how many cases can be dropped before the network results be-
come unstable. This method calculates a correlational stability (CS) co-
efficient, which ranges from 0 to 1. A CS-coefficient above 0.25 implies
the network is moderately stable but it is preferable if the CS-coefficient
is above 0.50 (Epskamp et al., 2018). CS-coefficients for all four central-
ity measures (i.e., expected influence, strength, closeness, and between-
ness) were calculated. We also calculated 95% confidence intervals (CIs)
around the edge weights using non-parametric bootstrapping to assess
edge weight accuracy. Narrower Cls represent more accurate estimation
of edges while larger Cls represent less accurate estimation of edges. Sig-
nificant differences between edge weights and expected influence cen-
trality measures were also tested. Network stability and accuracy were
estimated using R package bootnet (Epskamp and Fried, 2015).

2.3.4. Structural similarity between networks

The permutation-based NetworkComparisonTest (NCT) package
(van Borkulo et al. 2017) in R was used to investigate network dif-
ferences in persons with stroke (a) at discharge vs. 3-months post-
discharge; discharge vs. 12-months post-discharge; 3-months post-
discharge vs. 12-months post-discharge (aim 1), and (b) between per-
MDD vs. remMDD patients at discharge (aim 2). The NCT compares two
networks at a time on the following three measures: (a) network con-
nectivity, (b) network structure (i.e., matrices of edge weights), and (c)
individual edge weights. All networks were compared using 1000 ran-
dom permutations. The similarities of the networks’ structures were also
investigated by correlating the adjacency matrices of different networks
and correlating the expected influence centrality measures of different
networks (Santos et al., 2018). A correlation close to 1 would indicate
that networks are highly similar, while a correlation of 0 would indicate
that the networks are dissimilar.
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Table 1
Participant characteristics at admission.

N (%) or mean (SD) N =835
Age 68.20 (12.94)
Education 12.43 (2.78)
Female 435 (52.10)
Race
White 635 (76.05)
Black 145 (17.37)
Hispanic 39 (4.67)
Other 16 (1.92)
Number of comorbidities 2.78 (1.27)
Number of symptoms 1.38 (1.04)

Length of stay in the hospital
Stroke Diagnosis

20.19 (10.97)

Hemorrhagic stroke 135 (16.17)
Ischemic stroke 620 (74.25)
Other stroke (transient, ill-defined, late effects) 51 (6.11)
Other circulatory disease 4 (0.48)
Other medical condition 25 (2.99)
Stroke type

Left-body stroke 334 (40.00)
Right-body stroke 335 (40.12)
Bilateral stroke 34 (4.07)
No paresis stroke 81 (9.70)
Other stroke 51 (6.11)

Center for Epidemiological Studies Depression
Discharge
At 3-months post-discharge
At 12-months post-discharge
Functional Independence Measure
At Admission
At Discharge
At 3-months post-discharge**
At 12-months post-discharge**

11.30 (10.90)
10.73 (9.49)
9.59 (8.87)

57.19 (19.06)
84.10 (22.07)
106.10 (20.23)
107.13 (20.89)

* Data from 834 participants.
** Data from 832 participants.
** Data from 831 participants.

3. Results
3.1. Sample characteristics

The average age of the 835 participants in the dataset was 68.2 years
with 52% of participants being female. The majority (74.25%) of the
participants were diagnosed as having an ischemic stroke. Participants
had an average count of 2.78 comorbidities and 1.38 stroke symptoms.
Participants’ average length of stay at the rehabilitation facility was
20.19 (SD = 10.97) days. The average FIM score at discharge was 84.10
(SD = 22.07), which was significantly less than the scores at 3-months
post-discharge (M = 106.10, SD = 20.23) and 12-months post-discharge
(M =107.13, SD = 20.89) [F(1.61, 1331.46) = 1085.80, p < 0.0001].
Post-hoc comparison showed that the FIM scores were not significantly
different between the two post-discharge periods. There was no differ-
ence in FIM scores at discharge between the perMDD and the remMDD
groups examined in analysis 2 (mean = 79.64 vs. 81.93). Table 1 sum-
marizes the participant characteristics.

3.2. (Aim 1) depressive symptom networks at the three time points

3.2.3. Network structure

Three networks were constructed based on the 16 CESD symptom
measures at discharge, 3-months post-discharge, and 12-months post-
discharge (Fig. 1). At the time of discharge from inpatient rehabilita-
tion, 82 out of 120 possible edges had a nonzero edge weight, with a
mean weight of 0.054. All edges were positive (highlighted in blue). At
3-months post-discharge, 84 out of 120 possible edges had a nonzero
edge weight, with a mean weight of 0.039. Most edges were positive (n
=72, 86%, highlighted in blue); few edges were negative (n = 12, 14%,
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A. Depression Sx at discharge

®
®

C. Depression Sx at 12 months post-discharge
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Depression Sx at 3 months post-discharge

®

Bot: Bothered

App: Appetite changes
Dep: Depressed

Goo: Feeling good
Foc: Trouble focusing
Eff: Effort

Hap: Happy

Fal: Failure

Fea: Fearful

Sle: Restless sleep

Tal: Talking less

Lon: Lonely

Unf: People unfriendly
Cry: Crying

Dis: People dislike me

Goi: Get going

Fig. 1. Depressive symptom networks of participants at three different time points. A) Depressive symptoms at discharge, B) at the 3-months post-discharge, C) at
the 12-months post-discharge. Blue lines indicate positive relationships among the symptoms while red lines indicate negative relationships. Pie shaped ring chart
around nodes (circles) indicate predictability of each node. (For interpretation of the references to color in this figure legend, the reader is referred to the web version

of this article.)

highlighted in red). At 12-months post-discharge, 95 out of 120 possible
edges had a nonzero edge weight, with a mean weight of 0.040. Many
edges were still positive (n = 81, 85%, highlighted in blue); few edges
were negative (n = 14, 15%, highlighted in red). Figures I-III in the sup-
plementary materials show bootstrapped 95% confidence intervals (CIs)
around the edge weights.

3.2.4. Node centrality and predictability

The CS coefficient for expected influence was 0.75 for all three time
points, suggesting that expected influence was consistently a stable cen-
trality measure. Depressed had the highest expected influence in all three
networks, suggesting it was the most central symptom and more con-
nected to other items in each network (Fig. 2). Depressed had moderate
connection with Crying (0.31) and Bothered (0.22) at discharge, mod-
erate connection with Bothered (0.30) at 3-months post-discharge, and
moderate connection with Crying (0.22) at 12-months post-discharge.
Feeling good had the lowest expected influence at discharge while Trou-
ble Focusing had the lowest expected influence in both post-discharge
networks, suggesting fewer connections to other depressive symptoms
(Fig. 2). The other three centrality measures of strength, closeness, and
betweenness are presented in Figure IV in the supplementary materials.
Figures V-VII in the supplementary materials show edge weight differ-
ence tests and Figures VIII-X show centrality difference tests for expected
influence.

The mean node predictability was 37% at discharge, 51% at 3-
months post-discharge, and 49% at 12-months post-discharge. Using the
network at discharge as an example, this means that on average, 37% of
the variance of each node across the data sets was explained by its neigh-
bors. Across the three time points, Appetite Changes was consistently the
least predictable node, sharing on average only 19% of its variance with
surrounding nodes. With the discharge network being the only excep-
tion, Trouble Focusing and Feeling Good were the most predictable nodes
post-discharge, sharing on average 96% and 96% of their variance with
surrounding nodes, respectively. It is possible that high predictability
values for the two nodes for the two post-discharge networks is due to
the presence of a strong negative edge between them. Depressed was con-
sistently highly predictable across networks, sharing on average 70% of
its variance with surrounding nodes.

3.2.5. Structural similarity of networks

As discussed above, the NCT package only allows a comparison
of two networks at a time. Therefore, we compared the networks at
(a) discharge vs. 3-months post-discharge, (b) discharge vs.12-months
post-discharge, and (c) 3-months post-discharge vs. 12-months post-
discharge. The network connectivity differed significantly between the
network at discharge and the two post-discharge networks (discharge:
6.58 vs. 3-months post-discharge: 7.17, p = 0=.012, discharge: 6.58 vs.
12-months post-discharge: 7.13, p = 0.018), such that the 3-and 12-
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Expectedinfluence

type
1Y DiC
- IMD/C

—*- Discharge

b 3

Fig. 2. Expected Influence Centrality at Discharge and 3- and 12-months post-discharge. Depressed mood had the highest expected influence at all three time points.

month post-discharge networks were more strongly connected than the
network at discharge. Network connectivity was not significantly dif-
ferent between the 3-month post-discharge and the 12-month post-
discharge networks. The network structure was also significantly differ-
ent between the network at discharge and the 3-month post-discharge
network (maximum difference in edge weight = 0.956, p < 0.0001).
Post-hoc tests revealed that 12 edges (10%) had significantly different
weights in the two networks. Furthermore, structure also differed be-
tween the discharge and 12-month post-discharge networks (maximum
difference in edge weight = 0.953, p < 0.0001). Post-hoc tests revealed
7 edges (6%) had significantly different weights in the network. Lastly,
the 3-month post-discharge and 12-month post-discharge networks
also differed structurally (maximum difference in edge weight = 0.59,
p < 0.0001). Post-hoc tests revealed 2 edges (1.5%) had significantly
different weights across the networks. The edge changes were mainly
related to the node, Trouble Focusing. Compared to the network at time
of discharge, both post-discharge networks featured a strong negative
edge between Feeling Good and Trouble Focusing and a few small edges
either not connected to or negatively connected to Trouble Focusing.
The adjacency matrices also revealed considerable differences (Spear-
man’s rho = 0.312 for discharge vs. 3-months post-discharge; Spear-
man’s rho = 0.49 for discharge vs. 3-months post-discharge; Spearman’s
rho = 0.53 for 3-months post-discharge vs. 12-months post-discharge).
However, expected influence centrality revealed considerable similarity
across the three networks (Spearman’s rho = 0.72-0.89).

3.3. (Aim 2) network characteristics associated with persistent versus
remitted depression

In comparing the network models for the perMDD (n = 203) and
remMDD (n = 194) groups at discharge, the two groups had 72 and 36

nonzero edges, respectively, the majority of which were positive (92%
and 88%, respectively) (also see Fig. 3). Figures XI and XII in the supple-
mentary materials show bootstrapped 95% Cls around the edge weights.

3.3.1. Node centrality and predictability

The CS coefficients for expected influence in the perMDD and rem-
MDD networks were 0.44 and 0.36, respectively, suggesting moderate
stability within the two groups. Depressed had the highest expected in-
fluence in both networks (Fig. 4), suggesting it was the most central
and connected node. Unfriendly people and Loneliness had the second
and third highest expected influence in the perMDD network, while
Failure and Get Going had the highest expected influence in the rem-
MDD network. Depressed had moderate connection with Crying (0.19) in
the remMDD network. Feeling Good had the lowest expected influence
across both networks (see Fig. 4). The other three centrality measures of
strength, closeness, and betweenness are presented in Figure XIII in the
supplementary materials. Figures XIV-XV show edge weight difference
tests and Figures XVI-XVII show centrality difference test for expected
influence in the supplementary materials.

Mean node predictability was 27% for perMDD and 18% for rem-
MDD. Appetite Changes was the least predictable node in both networks,
sharing on average only 14% of its variance with surrounding nodes.
Depressed was the most predictable node across networks, sharing on
average 47% of variance with surrounding nodes.

3.3.2. Structural similarity of networks

Network comparison test showed that the perMDD network was sig-
nificantly more connected than the remMDD network (6.38 vs. 3.74,
p = 0.031), meaning that symptoms were more strongly interconnected
in individuals whose depression persisted 12 months later compared to
those whose depression remitted 12 months later. There was no signifi-
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remMDD

)

)

Bot: Bothered Foc: Trouble focusing Fea: Fearful Unf: People unfriendly
App: Appetite changes Eff: Effort Sle: Restless sleep Cry: Crying

Dep: Depressed Hap: Happy Tal: Talking less Dis: People dislike me
Goo: Feeling good Fal: Failure Lon: Lonely Goi: Get going

Fig. 3. Depression networks at discharge of persons who show persistent or remitted depression at 12 months. Baseline (i.e., discharge) networks of those with
A) persistent depression symptoms (perMDD) at 12-months post-discharge, and B) remitted depression symptoms (remMDD) at 12-months post-discharge. Blue
lines indicate positive relationships between the symptoms while red line indicate negative relationships. Pie shaped ring chart around nodes (circles) indicate
predictability of each node. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Expectedinfluence

Trouble focusing 1 p =
Talking les=s
Restless sleap
People unfriandty

People dislike me

Lonahy
Happy
Get going ] type
~*= PerMDD
Feeling good ~*- RemMDD

Crying 1

Bothered

Appetite changes

-1 ] 1 2

Fig. 4. Expected Influence Centrality of those with remitted or persistent depression. Depressed mood had the highest expected influence in both networks.



S.A. Ashdaie, J. Hung, C.J. Funkhouser et al.

cant structural difference, meaning that no individual edges differed sig-
nificantly between the perMDD and remMDD networks. The adjacency
matrices also revealed considerable differences between the perMDD
and remMDD networks (Spearman’s rho = 0.38). However, expected
influence centrality of the perMDD network was similar to that of the
remMDD network (Spearman’s rho = 0.70).

4. Discussion

This is the first study that used network analysis to examine re-
lationships between individual depressive symptoms in persons with
stroke over time, providing important insights into the extent to which
findings from non-stroke populations generalize to persons with stroke.
Moreover, comparisons between networks estimated from data at dis-
charge from inpatient rehabilitation and at 3-month and 12-month post-
discharge follow-ups revealed how this network changed over time. Im-
portantly, we also investigated the prognostic utility of network anal-
ysis in predicting the course of depression by comparing the baseline
networks of those with perMDD versus remMDD.

4.1. Depressive symptom networks at the three time points

Depressed mood was the most central symptom across the three net-
works. This result is not surprising as the Diagnostic and Statistical Man-
ual of Mental Disorders (DSM-5) criteria places depressed mood or an-
hedonia as a required symptom for the diagnosis of MDD. It is also con-
sistent with symptom network studies of neurologically healthy indi-
viduals and those with cancer that also showed depressed mood to be
a highly important symptom (Boschloo et al., 2016; Fried et al., 2016;
Schellekens et al., 2019). Taken together, depressed mood may be the
most central symptom of MDD across both neurological healthy individ-
uals and those with stroke.

However, at the 3-month and 12-month post-discharge follow-ups,
Trouble Focusing and Feeling Good (as other people) became the most pre-
dictable nodes and were strongly negatively associated, even though
they had few connections to other symptoms. We hypothesize that as
persons with stroke realize they have difficulties with doing different
cognitive tasks, their self-worth diminishes. It is also possible that ex-
ternal factors such as depending on family members and caregivers may
further contribute to persons with stroke experiencing a decrease in their
self-value.

The depressive symptom network at discharge was also significantly
less connected than networks at both post-discharge follow-ups, sug-
gesting that depressive symptoms in persons with stroke became more
interconnected after discharge. It is possible that there are more cortical
(and varied) changes occurring at discharge due to spontaneous neuro-
plasticity (Cramer and Riley, 2008), which may change the way specific
symptoms are connected at discharge compared to the post-discharge
periods. Furthermore, while there was no difference in network connec-
tivity between the two post-discharge networks, there were differences
in the strength of specific edges. For example, the connection between
Failure and Happy was stronger at 3-months post-discharge compared to
12-months post-discharge. At 12-months post-stroke, individuals do not
associate their happiness with failure because they have learned cop-
ing strategies which have impacted how they view their life (Lo Buono
et al., 2017). However, further research needs to examine how factors
such as coping impact individual depressive symptoms.

4.2. Differences in baseline symptom networks between those who go on to
have persistent versus remitted depression

The present study highlights several significant important differ-
ences between the baseline network of those whose depression symp-
toms later remitted compared to the network of those whose depression
symptoms later persisted, highlighting the predictive power of symptom
network connectivity. While depressed mood was the most connected
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and predictable symptom in both the perMDD and remMDD network,
the importance of other symptoms differed across the networks. For ex-
ample, People were Unfriendly and Loneliness had higher expected influ-
ence in the perMDD network than the remMDD network, suggesting that
different symptoms may play a different role in PSD that persists versus
remits.

The finding that those with persistent depression symptoms had
greater baseline network connectivity than those with remitted depres-
sion extend the results of van Borkulo et al. (2015) from neurologi-
cally healthy individuals to those with stroke. Higher network connec-
tivity has been suggested to negatively reinforce other symptoms such
that impairment in one symptom leads to impairment in other symp-
toms (e.g., “negative spirals”; e.g., insomnia — fatigue — concentration
problems — psychomotor problems (Borsboom and Cramer, 2013)). As
van Borkulo et al. (2015) suggested, such findings could be understood
through the clinical staging model (McGorry et al., 2006) in which dis-
orders progress from subthreshold symptoms to full syndromal to per-
sistent major depressive disorder with increased network connectivity
aiding this progression. Although the overall network for perMDD had
greater connectivity than for remMDD, there was no difference in the
network structures (i.e., specific edges) between the two groups. This
suggests that the difference in network connectivity was not driven by
large differences in a few edges, but instead was likely due to many
edges being slightly and non-significantly stronger in the perMDD net-
work than in the remMDD network. Additionally, while the symptoms
with the largest difference in centrality between the perMDD and rem-
MDD networks were People were Unfriendly and Loneliness, van Borkulo
et al. (2015) reported that fatigue and guilt most strongly differenti-
ated persisters and remitters. Interpersonal sensitivity and loneliness
were not included in the symptom assessment used by van Borkulo
et al. (2015), however, making cross-study comparisons difficult.

4.3. Clinical and treatment implications

Network approaches suggest that by identifying and subsequently
intervening on key nodes or edges, it may be possible to modify the
whole network. Thus, targeting specific nodes or edges could result in
a healthier network. Our results suggest that network connectivity and
the relationship between symptoms change across time in persons with
stroke. Therefore, attention needs to be paid to when depressive symp-
tom networks are more connected so that intervening on one symp-
tom may most positively impact other symptoms. Our study also repli-
cated the prognostic viability of baseline network connectivity at dis-
charge in predicting depression persistence in persons with stroke 12-
months post-discharge. Focusing on patients at discharge allows for tar-
geted intervention of specific depression symptoms early in the stroke
rehabilitation process and therefore has greater clinical implications
(Paolucci et al., 2001). However, further work is needed to investigate
how baseline networks predict depression at different time points and
time intervals and whether this approach is valid at the individual level.

4.4. Strengths and limitations

Strengths of our study include a large sample of persons with stroke
at three different time points and establishing the accuracy and relia-
bility of the different networks. Our results also replicated many find-
ings from network studies of neurologically healthy individuals, with
depressed mood being the most central symptom and baseline net-
works with more connectivity predicting persistence of depression at
12-months post-discharge. Limitations include the study’s inability to
determine the directionality of edges and generalize findings to indi-
viduals, the assessment of nodes using individual items, and that the
CESD was administered differently across time points (e.g., in-person
interviews at baseline vs. phone interviews at follow-ups). As this study
used existing data sets, there is no information on clinical diagnosis of
depression using structured interviews and the frequency of deviations
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from standard CESD administration is unclear. Thus, future research in
persons with stroke would benefit from using interview assessments of
depression and stroke factors that are specifically geared towards net-
work analysis.

4.5. Conclusion

Depressed mood was the most central symptom across all the three
time points (i.e., discharge from inpatient rehabilitation, 3-, and 12-
months post-discharge). However, certain symptoms (e.g., trouble fo-
cusing) became more predictable at 3- and 12-months post-discharge.
Depressive symptom networks also differed in their connectivity and
structure at discharge and the two post-discharge periods. More broadly,
valuable information is lost when relying on total sum scores as they do
not provide a fine-grained picture of the differential importance of par-
ticular depressive symptoms and how associations between symptoms
change over time. Additionally, our study demonstrated that baseline
network connectivity predicted the course of depression, such that per-
sons with stroke whose depression symptoms persisted 12-months post-
discharge had greater network connectivity at discharge compared to
those whose depression symptoms remitted 12-months post-discharge.
Stronger associations between symptoms may be an important prognos-
tic indicator of depression persistence in persons with stroke.
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