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Previousliterature has suggested a significant association between loneliness
and depression. Importantly, research has shown that rumination can

modulate the loneliness-depression relationship. However, most studies

only treated loneliness, rumination or depression as unitary constructs.
Considering the heterogeneity of the three concepts, we examined the
relationship between specific loneliness, ruminationitems and depressive
symptoms using the network analysis approach. In alarge community
adultsample (N=900), we constructed the loneliness-depression and
loneliness-rumination-depression network using a cross-sectional design.
The results suggested that loneliness has no robust association with depressive
symptoms. Instead, a connection between a specific ruminative thought
(‘think about how alone you are’) and a specific loneliness item (‘how often
doyoufeel alone’) is essential in maintaining the loneliness-rumination-
depression network (partial r= 0.307). Our findings indicate that ruminating
onthefeeling of loneliness is the key underlying factor modulating the
loneliness—depression relationship. Interventions for depression should focus
onameliorating ruminative thoughts, especially on loneliness feelings.

Depressionis one of the most common mental health problems, affect-
ingaround 280 million of the population around the world'. During the
COVID-19 pandemic in particular there has been a surge in the rate of
depressive disorder, with an increase of over 25% within just the first
year of the pandemic?.

Loneliness has beenidentified as a critical risk factor for depres-
sion throughout the previous literature. Loneliness refers to a dis-
tressing state due to the unmet interpersonal needs stemming from
adiscrepancy betweenone’s desired social connection and the actual
social connection that one receives’. A close relationship between
loneliness and depressive symptoms has been consistently supported

in both theoretical works (for example, the ‘evolutionary theory of
loneliness’ by Cacioppo and Cacioppo®) and multiple empirical stud-
ies, such as those reported in refs. 5,6. The Diagnostic and Statistical
Manual of Mental Disorders fifth edition (DSM V) diagnostic criteria
evaluate depression as the presence of five or more symptoms over
two weeks for amajor depressive episode. Anhedonia or a depressed
mood must be among these symptoms, with others including changes
in appetite, sleep disturbances, psychomotor issues, concentration
difficulties, fatigue, feelings of worthlessness and suicidal thoughts.
Given the widely reported high co-occurrence of loneliness and
depression, it is of great importance and urgency to understand the
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underlying mechanism behind the relationship between loneliness
and depression.

One possible way to explain the link between loneliness and
depression is by exploring the role of rumination. Rumination is
defined as a set of repetitive, intrusive and uncontrollable focuses
on one’s negative thoughts and feelings’. Rumination has multiple
closely related psychological processes, such as worry, negative mind
wandering, self-focus thoughts and so on. The definitions and clear
cutoffs between these processes remain unclear in the current litera-
ture. However, the common feature shared by these processes is the
prolonged and recurrent thinking process post certain stressors, the
so-called perseverative cognition. The perseverative cognition hypoth-
esis serves as an important theoretical model elucidating the crucial
mediation role of rumination on the pathway between stressors (that
is, loneliness) and mental disorders (that is, depression).

Perseverative cognition hypothesis

One important theoretical model, proposed by Brosschot and col-
leagues®, is the ‘perseverative cognition hypothesis’. In their theory,
they state that perseverative cognition can serve as a mediator of
the psychopathological pathways through which stressors (both
physical and psychosocial stressors) impact health. More specifi-
cally, in combination with the theory of Tallis and Eysenck’, worry
and rumination, inresponse to stressors, can disrupt ongoing stress-
orsand trigger the need to look for coping strategies, thus eliciting
acute stress responses. However, under chronic stress, perseverative
cognition can prolong stressor and stress responses, which continu-
ously activate and maintain the unresolved threatening situations.
Furthermore, perseverative cognition overly prepares an organism
for action, keeping the individual in a hypervigilant state in prepa-
ration for potential threats, even without the actual existence of a
stressor. The prolonged state of action readiness and vigilant state
have long-term impacts on health through excessive activation of
the cardiovascular system, immune functioning, the hypothalamic-
pituitary-adrenal axis and other core life-supporting physiological
systems'’. The chronic pathogenic state can eventually develop into
future organic diseases®.

According to their theory, Brosschot and colleagues® hypoth-
esized thatastressor would not have adirectimpactonhealthif there
was no perseverative cognition about the stressor that maintained the
mental representation of it and prolonged the physiological activa-
tion. They thus state that perseverative cognition plays a critical part
in mediating the way in which chronic stress becomes detrimental to
our physical and mental health. In line with perseverative cognition
theory, we canspeculate that loneliness, as aspecific stressor, can exert
itsimpact by contributing to the development of depressionindirectly
through the prolonged cognitive representation of the loneliness feel-
ings elicited by rumination.

Empirical evidence

Some studies have advocated that rumination and depression are
highly associated with each other"?, and the relationship between
rumination and loneliness has also been repeatedly supported across
studies”". Furthermore, an increasing number of recent studies have
proposed the potential transdiagnostic role of rumination in the
loneliness—-depression relationship. For example, researchers have
demonstrated that loneliness is associated with depressive symp-
toms through the mediating effects of rumination™ ¢, However, other
studies have found a moderating effect of rumination for specific
types of loneliness (for example, parent-related loneliness), where
individuals with ahigher lonelinessin terms of their relationships with
parents, together with a higher level of rumination, are more vulner-
able to depression development®. Altogether, previous studies have
postulated that rumination can be critical in explaining the effects of
loneliness on depression.

Multidimensionality issues

However, most of the studies only conceptualized the three concepts
at an aggregate level. For example, studies usually operationalize
depression as a single disorder using the sum of scores from a self-
report questionnaire. However, the manifestation of depression is
known to be heterogeneous, with varied symptom combinations
across individuals. Park and colleagues" identified a total of 119 dis-
tinct depression patterns stemming from diverse depressive symptom
combinations. Furthermore, the complexity of depression treatment
was underscored by the work of Park and Kim'®, who identified 227
unique symptom combinations meeting DSM V diagnostic criteria.
Studies have also suggested that different depressive symptoms are
related to different cognitive risk factors, indicating that each specific
depressive symptom can carry different characteristics®?°. Moreover,
the contemporary psychopathological network paradigm proposes a
causal system among symptoms causing each other to form a mental
disorder®. Treating depression as a single disorder may ignore the
potential causal relationships among depressive symptoms. As such,
we propose to reconceptualize depression more at a symptom level,
considering the unique contents carried by each depressive symptom
and the causal relationships among them.

Similarly, studies have highlighted the multidimensionality of
rumination. A recent study by Bernstein and colleagues? systemati-
cally explored the network structure of rumination. In the rumination
network, they found that different items, even within the same sub-
scales, interconnected differently with other items within or outside
the subscales. Treating rumination as a unitary construct may mislead
people that all the items within a scale or subscale are measuring the
same things. However, only afew recent studies have begun to examine
the effects of specific ruminative thoughts®. The existence of diverse
potential subpatterns within each scale underscores the limitation of
relying solely on the broader term, or these subfactors to capture the
entirety of these complex constructs.

Researchers have also tried to consider the multifaced nature of
loneliness. For example, studies have categorized loneliness into differ-
ent facets, suchas emotional versus social loneliness (two basic types
of loneliness?), existential loneliness® or three-faceted constructs
(intimate versus relational versus collective loneliness®). Although
researchers have not yet reached agreement as to the structure of
loneliness, this suggests aneed to treat loneliness as amultifaceted con-
struct. However, studies that included loneliness using more specific
itemsarescarce”. The UCLA Loneliness Scale is one of the most widely
used scales to measure loneliness. Previous factor analyses have shown
that the scale can be factorized into three constructs of loneliness:
intimate loneliness, relational loneliness and collective loneliness™.
The absence of consensus on the precise factor structure of the UCLA
Loneliness Scaleindicates potential underlying subpatterns within the
construct. We thus suggest treating the UCLA Loneliness Scale more
atanitem level to takeinto account the different loneliness constructs
measured through the scale.

Admittedly, using total scores to describe the relationships
between loneliness, rumination and depression can give us a general
idea of their relationships. To better understand the complex psy-
chological relationships in more detail, we should also look into the
interconnections among variables at an item level. However, to the
best of the our knowledge, no study has yet examined the relationship
betweenindividual items of loneliness and rumination and depressive
symptoms all at once.

Considering the above literature review, the present study will
take afirst step to examine the relationship between specific loneli-
ness items, rumination items and individual depressive symptoms
using anetwork analysis approachinacross-sectional study. Previous
studies have suggested that thereis alarge gender difference in the
prevalence of depression®. Studies have also shown mixed effects
of gender differences in loneliness (for example ref. 29). According
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to the previous literature, gender can be an important factor in
influencing the behavior of the network structure (for example, the
network may be more connected for women than for men). There-
fore, a network comparison between women and men subsamples
was conducted following the general network analysis. The aims of
the present study are twofold. First, we aim to establish the relation-
ship between loneliness, rumination and depression using their total
scores to confirm the mediation effects of rumination, in line with
previous research. Second, to achieve amore in-depth understand-
ing of the relationship, we will construct anetwork of loneliness and
depressive symptoms and a network of loneliness, rumination and
depressive symptoms using more specific items. We hypothesize
that rumination mediates the relationship between loneliness and
depression, with a higher level of loneliness predicting more rumi-
nation, which will, in turn, predict a higher severity of depression.
We also hypothesize that in the network analysis, specific loneliness
items, ruminationitems and depressive symptoms will be positively
related to each other.

Results

Sample characteristics

Two participants below the Montreal Cognitive Assessment (MoCA)
cutoffscore of 22 were excluded. Two participants were also excluded
from the analyses due to voluntary withdrawal from the study oralarge
amount of missing data on the variables of interest. A final sample
of 900 adults (68.3% women, M,,. = 26.25 years, s.d.,,. = 13.35) were
includedinthe analyses. Complete descriptive statistics are presented
inTablel.

Mediation model

Spearman’s correlations suggest that loneliness, rumination and
depression are significantly positively correlated with each other
(Supplementary Table 1). Spearman’s correlations were examined
between loneliness and rumination (p = 0.68, P <2 x 107%), loneliness
and depression (p = 0.19, P< 2 x107'%) and rumination and depression
(p=0.17,P<2x107%).

Mediation analysis (Fig. 1) was performed to examine the role
of rumination in the loneliness-depression relationship. The total
effect of loneliness on depression was significant (bootstrapped total
effect =0.193,95% confidenceinterval (CI) [0.169, 0.220]). Loneliness
was significantly associated with rumination, and a higher level of
loneliness statistically predicted more ruminative thoughts (p = 0.680,
95% CI[0.614, 0.744]). Rumination was significantly associated with
depression, with more ruminative thoughts statistically predicting
more depression (p = 0.120, 95% C1[0.092, 0.148]). The direct effects
of loneliness on depression were significant (bootstrapped direct
effect = 0.112, 95% CI[0.083, 0.141]) The indirect effects of loneliness
on depression through rumination were significant (bootstrapped
indirect effect = 0.081, 95% CI1[0.061, 0.104]). Therefore, rumination
mediated the loneliness-depression relationship.

Network robustness checks

Therobustness check contains two components that support the cred-
ibility of the constructed networks. For network accuracy and stability,
the non-parametric bootstrap procedure for the edge weights of both
networks (Supplementary Fig. 1a,c) has a narrow 95% ClI, indicating
excellentaccuracy. Case-dropping subset bootstrapping on the edge
and centrality indices of both networks (Supplementary Fig. 2) suggests
excellent stability for the edge weights and node expected influence
(EI) over other centrality indices. As such, the present study reports the
node Elfor node centrality. The stability of the edge weights and node
Elof theloneliness—depression network was excellent (both witha cor-
relationstability (CS) coefficient of 0.75). The stability of the loneliness-
rumination-depression network is excellent (CS-coefficient = 0.75)
for node El and good (CS-coefficient = 0.672) for edge weights. The

Table 1| Descriptive statistics

Variable N (%) or mean (s.d.)
Age (years) 26.25 (13.35)
Gender

Men 285 (31.67%)

Women 615 (68.33%)
Ethnicity

Chinese 829 (92.11%)

Asian (except Chinese) 35

African 12

Other 24

Education level

College and above 766 (85.11%)

Associate college/degree 40
High school 67
Middle school 19
Elementary school or below 8

Marital status

Married 97
Cohabited 1

Separated 2

Divorced 10

Widowed 8

Unmarried and not cohabited 772 (85.78%)
UCLALS (total) 41.35 (10.65)
RRS (total) 45.48 (12.94)
PHQ-9 (total) 477 (4.20)

UCLALS, UCLA Loneliness Scale; RRS, Ruminative Responses Scale; PHQ-9, nine-item Patient
Health Questionnaire.

bootstrapped difference test of the edge weights of the two networks
suggests that most of the edges are significantly different from each
other (Supplementary Fig. 3a,c).

The case-dropping bootstrap results of bridge centrality indices
(bridge Eland bridge strength) are shownin Fig. 2b,d. The bridge cen-
trality of the loneliness—-depression network is not stable (CS-coeffi-
cient of bridge strength = 0.128; CS-coefficient of bridge El = 0.128).
The loneliness-rumination-depression network has stable bridge
El (CS-coefficient = 0.594) but unstable bridge strength (CS-coeffi-
cient =0.206). The bridge El of both networks indicates better network
accuracy, with anarrower 95% Cl after the non-parametric bootstrap,
compared to bridge strength (Fig. 2a,c). Accordingly, the present study
reportsbridge El as the indicator of bridge centrality. Supplementary
Fig.1b,d presents the non-parametric bootstrap results of the bridge
strength of the two networks.

In terms of the network comparison test on the two subsamples
randomly split from the original dataset, neither the network invari-
ance test (M (maximum statistic) = 0.322, P=0.0500) nor the global
strength invariance test (S (distance) = 0.381, P=0.707) suggests any
substantially significant differences between the two network struc-
tures. Visual examination also supports asimilar structure for the two
networks (Supplementary Fig.4a,b). For the networks of both subsam-
ples, the most influential bridge symptoms are L4 (‘how often do you
feelalone’) and R1 (‘think about how alone you feel’, partial r = 0.253 and
0.378, respectively, for the two subsamples), bridging the loneliness
and rumination communities (Supplementary Fig. 4c,d). The network
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Loneliness }’ ‘I Depression

Fig.1|Mediation model between loneliness, rumination and depression as
unitary constructs. Loneliness is the independent variable, rumination the
mediating variable and depression the dependent variable. Total effects (c) and
direct effects (¢’) are alsoillustrated in the model.

c=0.19
c'=0M

structure and central bridge symptoms found in the two subsamples
support the reliability and credibility of the network structure and
bridge symptoms found in the original dataset and described in the
following sections.

Bridge and node centrality

Figure 3 presents the network structures of the loneliness-depression
andloneliness-rumination-depression networks. The bridge symptom
with the highest bridge Elin the loneliness-depression network is D7
(‘trouble concentrating on things’). The symptom of loneliness that
D7 most strongly connected with is L11 (‘how often do you feel left
out’, partial r = 0.094). However, the bridge centrality of the loneli-
ness—-depression network should be interpreted with caution, as the
case-dropping bootstrap procedure indicated poor stability of the
bridge centrality indices. In the loneliness-rumination-depression
network, the bridge symptoms with the highest bridge El, significantly
different from other bridge symptoms, are L4 (‘how often do you feel
alone’) and R1 (‘think about how alone you feel’). L4 is most strongly
connected to R1 (partial r= 0.307). Similarly, R1is most strongly con-
nectedto L4 (partial r= 0.307). Supplementary Tables 2 and 3 present
the edge weight matrices of the two networks. lllustrations of the full
bridge El plot andits bootstrapped difference test results are provided
inFig. 4b,d and Supplementary Fig. 5.

Figure 4a,c and Supplementary Fig. 3b,dillustrate the node El plot
and the bootstrap difference test results of the two networks. The cen-
tral nodes with significantly higher node El over the other nodesinthe
loneliness-depression network are L14 (‘how often do you feelisolated
fromothers’) and D2 (‘feeling down, depressed or hopelessness’). The
nodes with significantly higher Elinthe loneliness-rumination-depres-
sion network are R6 (‘think about how passive and unmotivated you
feel’), L4, L14 and R11 (‘go away by yourself”) and R17 (‘think about how
sadyou feel’).

Directed acyclicgraph

Figure 5 presents directed acyclic graphs for the loneliness-depres-
sion and loneliness-rumination-depression networks. In the loneli-
ness-depression graph, nodes of loneliness and depression are only
connected to the nodes within their own communities, without any
interconnection between the two communities. In the loneliness—
rumination-depression graph, nodes fromloneliness generally point
to rumination nodes, which point to the depression community.
Paths can be found linking the loneliness, depression and rumina-
tion communities through important bridge symptoms identifiedin
the previous section. For example, R1 pointsto L4, which then points
to D2. Other paths suggest a link between loneliness and depressive
symptoms through rumination. For example, L7 (‘no longer closer to
others’) and L12 (‘relationships with others are meaningless’) point to
R19 (‘not feel up to doing anything’), which points directly to R4 (‘hard
to concentrate’) or indirectly through R18 (‘think about shortcom-
ings’), R16 (‘think “Why can’t handle things better”’) and R14 (‘not able
to concentrate’) to R4. R4, in the end, points to D7 and other specific
depressive symptoms.

Subsample network comparisons
To examine the effects that gender may have on a network, we con-
structed aloneliness-rumination-depression network for subsamples
of women (N = 615) and men (N = 285), asillustrated in Supplementary
Fig. 6. In particular, the women’s network has good edge stability (CS-
coefficient = 0.595) and excellent node El stability (node El = 0.75), but
unstable bridge EI (bridge EI CS-coefficient = 0.439; Supplementary
Figs.7 and 9). In comparison, the men’s network shows poor stability
ineither edge or bridge centrality indices (CS-coefficient edge = 0.361,
bridge EI CS-coefficient = 0.126), but good stability in its node EI (CS-
coefficient = 0.516; Supplementary Figs. 8and 9). Supplementary Fig.10
shows the full node centrality and bridge El plots of both networks.
The network comparison test (NCT) with Holm-Bonferroni cor-
rection did not find significant differences in the network structure
(network invariance test: M= 0.294, P= 0.257) or overall symptom
connectivity (global strength invariance test: S =1.571, P= 0.146).

Discussion

Going beyond traditional conceptualization and methodology, the
presentstudy utilizes network analysis to understand the relationship
between specific loneliness items, rumination items and individual
depressive symptoms. Specifically, we found no robust direct con-
nection between individual loneliness items and depressive symp-
toms. Instead, ruminating on loneliness feelings was found to play an
importantrole in mediating the loneliness-depression relationship.

Our two major hypotheses were satisfied by the study. First, in
the mediation model, rumination indeed mediated the relationship
between loneliness and depression. Our second hypothesis was also
satisfied. Intheloneliness-depression network, the present study did
not reveal stable bridge symptoms due to the poor reliability of the
bridge centrality indices. The instability of the loneliness-depression
only network means that the two constructs are not the whole picture.
Note that a high correlation between loneliness and depression does
not equate to a causal relationship that loneliness will always trigger
depression or vice versa. Therefore, in the present study, the loneli-
ness—-depression network indicated that the activation of the loneliness
community alone is not stably associated with the manifestation of
specific depressive symptoms. It explains, in real practice, why some
individuals with a high level of loneliness may not necessarily connect
to depressive symptoms.

Inthe loneliness-rumination-depression network, we found two
influential bridge symptoms: L4 (‘frequently feeling alone’ thereafter)
and R1(‘ruminating onloneliness’ thereafter).In particular, frequently
feeling alone’ most strongly connects to other communities through
the bridge symptom ‘ruminating on loneliness’. Similarly, ‘ruminating
onloneliness’ also has the strongest connection to ‘frequently feeling
alone’. The strong connection between the two nodes makes it the most
influential pair of connections essential to the loneliness-rumina-
tion-depression network. In other words, frequently feeling loneliness
and subsequently ruminating on the feeling of loneliness together can
activate and sustain the close relationship between loneliness, rumina-
tion and depressive symptoms.

Our findings can be explained by previous theoretical works. In
line with the Perseverative Cognition Hypothesis®, the stressor (here,
loneliness) leads to health damage (that is, depressive symptoms)
through the effect of rumination. In our study, the maladaptive way
of coping with the stressor—in this case, ruminating on the loneliness
feelings—can be the reason why loneliness can result in the develop-
ment of further depressive symptoms. Especially during the pandemic,
duetothe Chinese government’s compulsory implementation of social
distancing policies, people had less chance to gather with their socially
significant others and form or maintain their social bonds in person.
Social activities are especially important for younger adults (the pri-
mary participants of the present study), who require a larger amount
of social connection with their friends and colleagues compared to
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Fig.2|Accuracy and stability of bridge centrality indices using anon-
parametric and case-dropping bootstrap approach. The non-parametric
bootstrap method estimates the accuracy of the bridge El. Red dots represent
eachnode’s corresponding bridge El, from the highest to the lowest. Gray
shading represents the 95% Cl for the bridge EI. A narrower gray shadow

means better accuracy for the bridge EI. The case-dropping bootstrap method
increasingly dropped cases from the original sample and compared the centrality
indicesin the new versus the original dataset. The x axis indicates the proportion
ofthe dataset that can be dropped. The y axis represents the correlation between
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the original bridge centrality indices and those after the cases were dropped
witha 95% probability. The shades represent the 95% ClI for the bridge centrality
indices. a, Accuracy of the bridge El of the loneliness-depression network. b,
Stability of bridge centrality indices: bridge strength and bridge El (one-step)
oftheloneliness-depression network. ¢, Accuracy of the bridge El (one-step) of
the loneliness-rumination-depression network. d, Stability of bridge centrality
indices: bridge strength and bridge El (one-step) of the loneliness-rumination-
depression network.

other age groups. With the decrease in social activities, mismatches
between the actual and desired social connectionsresulted inan eleva-
tion of loneliness levels among young adults. In response to chronic
interpersonal stress, people started to ruminate the loneliness feelings
repeatedly, maintaining the stressful responsesin the long term. Fur-
thermore, social distancing policies hindered lonely individuals from
reconnecting with others and removing themselves fromafixationon

loneliness, further exacerbating the negative impacts of rumination
onmental health. This prolonged ruminationin response to loneliness
can, inturn, elicit sustained physiological responses to chronic stress,
which eventually leads to negative impacts on health, such as develop-
ing depressive symptoms™.

Our results are also consistent with previous empirical studies.
A previous network analysis of rumination using the Ruminative
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O UCLALS
O PHQ
O Bridge

Fig.3|Estimated network structures. a,b, Network structures of loneliness and
depressive symptoms (a) and loneliness, rumination and depressive symptoms
(b) in 900 adults. Each community is colored to represent the variables of
interest in this study (namely, loneliness, rumination and depression). The
nodes belonging to the same community are assigned the same colors. Blue
nodes represent individual items from the UCLA Loneliness Scale version 3.
Green nodes represent individual items from the Ruminative Responses Scale
(RRS). Purple nodes represent specific depressive symptoms from the Patient

O UCLALS
O RRS

© PHQ

O Bridge

Health Questionnaire (PHQ). The thickness and length of the edges represent the
strength of the partial correlation between the two nodes, with thicker or shorter
edges representing alarger partial correlation between nodes. The colors of

the edges represent the directionality of the partial correlation between nodes,
where blue indicates a positive partial correlation and red a negative partial
correlation. Bridge symptoms are highlighted in yellow, keeping the nodes above
the 80% percentile of the bridge El by convention®.

Responses Scale (RRS) showed that thinking about how lonely one
feelsis among the most central nodes with the highest bridge Elin the
rumination network?®?. Our study goes beyond previous works and
elucidates how ruminating on loneliness contributes to explaining the
association between loneliness and depressive symptoms. A recent
study by Everaert and colleagues® revealed that ruminating on feel-
ings of loneliness repeatedly and stably emerged as one of the best
predictors of the central symptoms of depression. In line with these
previous studies, we demonstrated that ruminating on loneliness is
central in contributing to the loneliness-depression relationship.
People may question whether our results are due to original overlaps
between the content of the three questionnaires. In response to this,
we confirm that our chosen questionnaires possess excellent face
validity to assess the three constructs in the present study. Specifi-
cally, the UCLA Loneliness Scale focuses on subjective perceptions
of social interactions, whereas RRS centers on the repetitive contem-
plation of past events. The UCLA Loneliness Scale and RRS distinctly
measure separate constructs, with the former assessing subjective
evaluations of interpersonal relationships and the latter addressing
intrusive cognitive patterns concerning past feelings and events. In
comparison, PHQ-9 targets depression, emphasizing maladaptive
emotional and somatic states. The UCLA Loneliness Scale and PHQ-9
evaluate disparate aspects, with the former concentrating on subjec-
tive feelings specifically regarding interpersonal relationships and
the latter scrutinizing individuals’ historical and current mood states
and somatic discomfort. Furthermore, the distinctions between RRS
and PHQ-9 are evident, as RRS examines amaladaptive cognitive loop
entailing repetitive recollections of past events, and PHQ-9 directly
delineates abnormal mood states through various mood-related issues,
cognitive challenges and somatic symptoms. These distinctions indi-
cate that each questionnaire uniquely measures separate constructs.
Therefore, the observed connections between items from the loneli-
ness and rumination clustersin our results probably reflect meaningful

associations bridging across distinct constructs rather thanindicating
content overlap among the scales.

Our findings also have some inconsistencies with the previous
literature. For example, we did not find any depressive symptoms as
influential bridge symptoms. This could be due to the characteristics
of the current dataset, with most of the participants having minimal
or lack of a clinical diagnosis of depressive disorders. It is possible
that community participants were still at the early stage where rumi-
nation started to exacerbate the negative effects of loneliness on
depressive symptoms, but they had not yet reached the full develop-
ment of depression. As such, the connection between loneliness and
ruminationis more adeterminantin the network at the current stage.
This interpretation implies that focusing on reducing the ruminative
thoughts onlonelinessis essentialinbreaking the loneliness-depres-
sionassociation, especially for the community populationatanearlier
development stage of depression. Moreover, Everaert and colleagues®
also worked on exploring the rumination-depression relationship at
the item level and found that both thinking ‘Why can’t1 get going’ and
rumination on loneliness feelings are among the cardinal items to
predict future depressive symptoms. In our study, however, we only
confirmed theimportantrole of ruminating on loneliness. This could
be due tomethodology differences. For example, the unique contents
covered by different questionnaires used in different studies may
influence results.

The present study has multiple clinical implications. Research-
ers have suggested that deactivating bridge symptoms is the more
effective way to deactivate the whole network compared to using
symptoms based on other centrality indices®. As such, by removing
or disrupting the connection between ‘frequently feeling alone’ and
‘ruminating on loneliness’, we may begin to deactivate the network of
loneliness, rumination and depression and alleviate the adverse effects
of loneliness on depression. Therefore, we suggest that ruminative
thoughts on loneliness feelings can be a critical target for effective
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El(d) of each node, from the highest to the lowest, of the loneliness-rumination-
depression network.

intervention preceding the full clinical development of depression
for people with high loneliness. For example, psychotherapy such as
cognitive behavioral therapy (CBT) could intentionally add cognitive
training content targeting specific people with high loneliness to
reappraise the negative feelings of rumination rather than ruminat-
ing on them. In addition, studies have found that rumination is a vital
factorin explaining treatment resistance in depressive disorders™. As
such, focusing on ruminative thoughts canalsoimprove the treatment
effectsand decrease the treatment resistance of depressive disorders.
However, identifying and targeting one specific kind of ruminative

thought alone can be difficult in practice. Therefore, future studies
should also consider how to specifically deactivate certain ruminative
content for better practice.

The current study is not without limitations. First, the study
recruited froma community population, with most participants being
women. However, we have conducted network comparison tests to com-
pare gender-stratified subsamples. The results suggest no significant
difference between the two networks observed. This could be due tothe
characteristics of our dataset being mostly composed of women or due
to the fact that our results were less likely driven by gender. In spite of
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Fig. 5| Completed partially directed acyclic graphs. a, Directed acyclic graph of the loneliness-depression network. b, Directed acyclic graph of the loneliness-
rumination-depression network. This approach draws the possible directional links between individual items in the network by considering their conditional

independence relationships.

this, future studies should try to use a more balanced sample to avoid
thebias of theresults and also try using clinical samples to see whether
ourresults canbe generalized to clinical settings as well. Second, this is
across-sectional study that can only suggest correlations but not causa-
tions. However, we utilized the directed acyclic graph to infer putative
causallinks. The directional links drawn from loneliness to depression
through rumination imply that loneliness can trigger specific rumi-
native thoughts, which eventually lead to more specific depressive
symptoms. The findings formimportant firstevidence of correlational
relationships, and future studies are encouraged to validate our findings
using alongitudinal design. Third, the scales we used to operationalize
loneliness or rumination may not exhaustively capture the contents of
the concept. For example, Maes and colleagues® reviewed the current
conceptualization and measurements of loneliness, and suggested that
most of the scales captured social and emotional loneliness but not
other types (for example, existential or collective loneliness), which
usually receive less attention. Interms of rumination, researchers have
also discussed including the motivational, behavioral and metacogni-
tive contents of rumination in addition to the cognitive construct®.
Admittedly, the conceptualization and operationalization of the three
constructs are not comprehensive enough. We are just tapping part
of the construct based on widely accepted definitions and measure-
ments we chose to use. By no means are we referring to our findings as
thorough enough to explain every aspect of rumination, loneliness or
depression. We acknowledge the inherent limitations of our study in
fully capturing the complexity of rumination, loneliness and depres-
sion, and we understand that modifications to definitions or measures
could impact our specific findings. Some may argue for a replication
study. However, we may encounter practical challenges that neces-
sitate our reliance on the UCLA Loneliness Scale and RRS in particu-
lar. Introducing lesser-known measures could hinder interpretability
and comparability. Our study’s specific definitions align with ongoing
debates in the literature about loneliness, rumination and depression
definitions. Although this may limit generalizability, we highlight the
need for future research to refine construct definitions and develop
comprehensive measurement tools. Despite these limitations, the
chosen questionnaires demonstrate sufficient face validity and prior

validity, supporting their use in our study and suggesting potential for
further refinement in future studies. Fourth, the network structures
and results should be interpreted or generalized with caution, as we
only utilized one commonly used scale for each of the three conceptsin
acommunity population from China. Nevertheless, we haveincluded a
robustness check with anexamination of network accuracy and stability
and a split-halves network comparison test to increase the credibility
of our results. Future studies are encouraged to replicate the current
findings using other loneliness, rumination or depressionscales or using
different populations from different cultural backgrounds toincrease
the generalizability of the current findings.

Altogether, ruminating on the feeling of loneliness is the most
influential factor that contributes to modulating the loneliness—
depression relationship. This finding emphasizes the importance of
considering the heterogeneity of depression and the multidimension-
ality of loneliness and rumination. Future studies are recommended
to furtherreplicate the current study and target resolving ruminative
thoughtsto alleviate the effects of loneliness on depressive symptoms.

Methods

Participants

Asample of 904 adult participants were recruited from the community
population residing in Hong Kong, Guangzhou and Fuzhou, China,
between2021and 2023 during the outbreak of the COVID-19 pandemic.
A Montreal Cognitive Assessment (MoCA) was conducted during the
screening. Any participants who scored below 22, a cutoff score vali-
dated in Chinese older populations®*, was regarded as having cognitive
impairments and excluded from the final analysis.

Ethical approval of the project was obtained from the Human
Research Ethics Committee of the affiliated institute of the firstauthor
and the last corresponding author (Human Research Ethics Commit-
tee ref. no. EA200161). All participants provided informed consent at
the beginning of the study. They were notified of the potential harms
and benefits of the study and their right to exit the study at any time.
Participants who voluntarily gave their consent completed a series
of questionnaires. Participants received no more than HK$80 for
compensation.
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Questionnaires

The questionnaires included measures of loneliness, rumination,
depression, demographic characteristics and a variety of other indi-
vidual features as part of alarger project.

Loneliness was measured through one of the most widely used
scales, the UCLA Loneliness Scale version 3 (UCLA-3 Loneliness Scale™).
The UCLA-3 Loneliness Scale includes 20 items with 11 positively
worded items (for example, ‘How often do you feel left out’) and nine
negatively worded items (for example, ‘How often do you feel close
to people’). Participants were instructed to indicate the frequency of
their feelings of loneliness onafour-point Likert scale from1(never) to
4 (often). A higher scorein positively worded items represents a higher
level of loneliness. For negatively worded items, we reversely coded
the items so that a higher score represented a higher level of loneli-
ness. The UCLA Loneliness Scale has wide applicability. For instance,
recent reviews on loneliness included studies that exclusively use the
UCLA Loneliness Scale, suggesting the wide usage of the measure of
loneliness®. Studies among parents of children with autism spectrum
disorder (ASD), college students and older adultsin China have repeat-
edly utilized the UCLA Loneliness Scale’*. We adopted a validated
Chinese versionthat has high internal consistency (Cronbach’sa = 0.85;
ref.40). Theinternal consistency of the items of the scale in the present
sampleisexcellent (MacDonald’s w = 0.91). Our factor analyses reveal
strong internal validity of the UCLA Loneliness Scale, with high item
loadings (above 0.5) across mostitems. Previous research consistently
supportsits external validity and reliability across various populations
and settings (for example refs. 35,41). A recent review*’ confirmed the
scale’s good content validity and reliability, with widespread applica-
tionindiverse contexts such as patients with diabetes* and COVID-19*.

Rumination was evaluated using the 22-item RRS*, derived from
the Response Styles Theory of Nolen-Hoeksema’. The scale was scored
onafour-pointLikert scale from1(almost never) to4 (almost always).
The questionnaire asked participants how frequently they generally
do or think as the statements in the questionnaire. An example of a
questionnaire itemis ‘Think about how passive and unmotivated you
feel’. A higher score indicates a higher level of ruminative response
style. Recent reviews have utilized RRS as a measure of rumination,
suggestingits wide usage (29 out of 58 studiesin the review of Nagy and
colleagues*®; Stade and Ruscio”’; exclusively for RRS, Stelmach-Lask
and colleagues*®). The RRS has also been extensively used in studies
involving Chinese adolescents, individuals with mood disorders, and
college students (for example, refs. 49,50). We adopted the Chinese ver-
sionwithgood internal consistency reliabilities (Cronbach’s a = 0.90;
ref. 51). The scale has excellent internal consistency for the present
sample (MacDonald’s w = 0.95). Our factor analysis for the RRS indi-
cates strong internal validity, with most items showing high loadings
onasingle factor. Past research, including studies by Treynor and col-
leagues® and Liang and Lee*’, has demonstrated the good test-retest
correlations and reliability of the RRS, particularly in Chinese samples
across genders and in adolescents.

Depression was assessed by the PHQ-9°% The nine items from
the PHQ-9 were designed based on the DSM-IV diagnostic criteria for
depressive disorder®. Participants were asked about the frequency of
suffering from depressive symptomsin the past two weeks. Examples
of depressive symptoms are ‘Feeling down, depressed or hopeless’
and ‘Feeling tired or having little energy’. The questionnaire utilized
afour-point Likert scale, ranging from O (not at all) to 3 (nearly every
day). A higher score for an item represents a higher severity of the
specific depressive symptom. The PHQ-9 is a commonly utilized tool
for measuring and tracking depression in large-scale samples given
the short length of the questionnaire. Studies have systematically
reviewed the wide use and good sensitivity and specificity of PHQ-9
in primary-care settings®*. PHQ-9 has also been widely adopted in
measuring depression among Chinese populations, as evidenced
by its inclusion in various studies among Chinese college students™®.

The Chinese version adapted by Yu and colleagues® also suggests
excellent internal consistency (Cronbach’s a = 0.82), comparable to
the Englishversionina primary-care study (Cronbach’sa = 0.89).The
internal consistency of the questionnairein the present sampleis good
(MacDonald’s w = 0.87). Our factor analysis suggests good factor load-
ings of allitems on one factor. Research indicates strong reliability and
test-retest correlations of the PHQ-9 with other depression scales and
professional mental health diagnoses®>***’. Recent reviews, such as by
Levis and colleagues®, underscore PHQ-9’s exceptional sensitivity in
screening major depression, surpassing semistructured diagnostic
interviews, and highlighting its reliability in clinical contexts.

Data analysis

We first conducted Spearman correlations among loneliness, rumina-
tion and depression using their total scores to confirm the correlations
between them as unitary constructs. We specifically chose to use the
Spearman’s correlation test because it is a non-parametric test that
does not require the satisfaction of normality assumption, which is
more suitable for the present dataset.

A mediation model was then drawn between loneliness, rumina-
tionand depression. The model defined loneliness as theindependent
variable, rumination as the mediating variable, and depression as the
dependent variable. All paths, total effect, direct effect and indirect
effect, were evaluated using bootstrapped 95% Cls with 5,000 boot-
strap samples. The mediation effect of rumination was regarded as
significantif the 95% Cls did not include zero.

The data were then analyzed using a network analysis approach
following a cross-sectional design. Network analysis is an advanced
statistical analytic strategy. Network analysis focuses on how indi-
vidual items connect within and across the larger variables®® and how
these connections influence the behavior of the network to explain
the larger phenomena®. Network analysis can help address the het-
erogeneity of larger concepts and thus contribute to better capturing
how individual items play roles within and outside their own concept
clusters. Specifically, the bridge symptomsin anetwork can be essen-
tialinlinking the clusters of symptoms between different disorders or
conditions and thus transferring the activation from one disorder or
conditionto another. Therefore, interventions or treatments targeting
the mostinfluential bridge symptoms in a network can be effective in
ameliorating the co-occurrence of multiple maladaptive conditions.
The whole analysis was performed in R version 4.1.3°° using the psych
version 2.3.3°, lavaan version 0.6.15%, bootnet version 1.5%, qgraph
version 1.9.3%*, networktools version 1.5.0%, pcalg version 2.7.8°° and
NetworkComparisonTest version 2.2.1°” packages.

Estimation of network structure. The graphical least absolute shrink-
ageandselection operator (LASSO) algorithm and the extended Bayes-
ianinformation criterion (EBIC) were used to obtain the optimal partial
correlation network structure using the bootnet package®. Spearman
partial correlation was used as recommended and widely accepted
across the literature®®. The network was visualized with each item of
the questionnaire depicted as a node and the line that interconnects
between two nodes as an edge.

Network centrality indices. The centrality indices of the weighted net-
works were calculated and visualized using the CentralityPlot function
from the qgraph package®*. Traditional centrality indices, including
strength, closeness, and betweenness, have all been used commonlyin
previousstudies. However, recent research has pointed out the unreli-
ability of using closeness and betweenness in assessing the centrality
role of nodes®. In addition, studies argue that strength cannot accu-
rately capture the centrality of nodes when one node hasboth negative
and positive edges®. On the other hand, the one-step El is defined as
the sum of all the edges extending from the node, considering both
negative and positive ones. Therefore, following the suggestions of
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Robinaugh and colleagues™, we focused on reporting the El (one-step)
as the indicator of centrality in the present analyses. For the sake of
completeness, we also report other centrality indices (for example,
strength, closeness and betweenness) in Supplementary Fig. 11.

Network robustness checks. The robustness checks contain two
components. The first includes the estimation of network stability
and accuracy. The second includes a network comparison test on two
subsamples from the original larger sample randomly splitinto halves
to examine thereplicability of the loneliness-rumination-depression
network structure.

Network stability and accuracy were evaluated by two boot-
strap approaches using the bootnet package®. The non-parametric
bootstrap procedure with 1,000 permutations was used to assess
the accuracy of the edge weights by generating a 95% Cl through
random sampling of the original dataset. A narrower Cl suggests
good network accuracy. A case-dropping bootstrap method with
1,000 permutations was used to capture the stability of the cen-
trality indices and edges. The CS-coefficient was obtained from
the bootstrapping, and indicates the maximum proportion of the
dataset that can be dropped while maintaining the correlation
between the original centrality indices or edges and those after
case-dropping above at least 0.7 (by default) with 95% probability. By
convention, a CS-coefficient above 0.7 indicates excellent stability.
A CS-coefficient above 0.5 but below 0.7 represents good stability.
A CS-coefficient below 0.5 indicates poor stability®. The results
from the case-dropping bootstrap test can also be used to support
our selection of central indices in the present analyses (details
are presented in the Results). Bootstrapped difference tests were
performed at the end to evaluate the significance of the centrality
indices of one node or edge compared to the others™.

A network comparison test was carried out on the two randomly
split halves from the original dataset using the ‘NetworkCompari-
sonTest’ package®. The original dataset was randomly split into two
datasets with 450 participants in each subsample. The network com-
parisontest was performed on the loneliness-rumination-depression
networks of the two subsamples using 1,000 iterations with two major
tests: (1) network invariance test to examine whether any edgesin the
two networks are different and (2) global strength invariance test to
examine any differences in the overall edge connectivity. Finally, the
two subsample networks were compared for the parameters that are
meaningful for the current studies (for example, the most influential
bridge symptoms, the bridge connections between communities,
andsoon).

Bridge symptoms. To illustrate the nodes that play essential roles
in bridging between clusters of items belonging to the same larger
variable, or communities, we used the bridge function from the net-
worktools package® to evaluate the bridge symptoms in the network.
Similarly, we selected to report the bridge El (one-step) for the central-
ity of the bridge symptoms’®. One-step bridge El is the sum of edge
weights extending from one node to all nodes in other communities.
Supplementary Fig. 12 presents other bridge indices (for example,
bridge strength). Studies have suggested that activation of the nodes
with the highest bridge El are the most influential in activating other
communities®. Non-parametric and case-dropping bootstrap proce-
dureswere also performed to evaluate the stability and accuracy of the
bridge centrality indices.

Complete partially directed acyclic graph. To explore the poten-
tial directional influence between individual items in the network, a
directedacyclicgraphapproachwasapplied to the estimated network
using the‘pcalg’ package®®. A directed acyclic graphis atype of Bayesian
network that draws the possible directional links between individual
items in the network by considering their conditional independence

relationships™. Such directed acyclic graphs can help reveal the most
possible causal processes in cross-sectional observational datasets.
The function of causal inference allows for identifying the potential risk
factors or optimizing intervention targets preceding certain adverse
processes’.

Network comparison by gender. Finally, tounderstand whether the
networks are different for women versus men, we also examined the
potential gender differences in loneliness-rumination-depression
networks by doing anetwork comparison test using the NetworkCom-
parisonTest package®. We performed difference tests between the
networks of subsamples (women versus men) using 1,000 iterations.
Two general hypothesis tests were conducted for the two networks:
(1) anetwork invariance test, whose null hypothesis states that all
corresponding pairs of edges in two networks are the same, and (2)
a global strength invariance test, which examines the overall edge
connectivity in a network. Differences in each individual edge and
centrality indices between the two subsamples’ networks were also
evaluated. Holm-Bonferroni correction was adopted to adjust the
Pvalue of the result for multiple comparisons.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this Article.

Data availability

The minimum anonymized data that support the findings of this study
areavailable uponreasonablerequest fromthe corresponding authors.
The participants did not consent to the sharing of the raw data to the
public. Source data are provided with this paper.

Code availability

No custom code was used in this study.
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