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The death of a loved one can trigger a range of emotional, behavioral, motivational and cognitive reactions
collectively labeled as “grief.” There has been a recent resurgence of empirical interest in grief reactions, and
there is now a general consensus that 7%-10% of bereaved individuals experience intense and chronic
reactions termed Prolonged Grief (PG). However, there is ongoing debate about how best to conceptualize the
construct. Recent studies have advanced this debate by applying a network, or causal systems approach.
Whereas traditional views of psychopathology posit symptoms of disorders reflect the independent actions of
latent entities, the network approach argues that the symptoms themselves interact to give rise to the disorder.
A network conceptualization offers novel approaches to studying the mechanisms that contribute to PG. To
date, however, research has focused only on spousal loss and only used a single archival data set. Therefore,
in this paper we apply network analysis to examine relationships among PG symptoms in samples of
individuals bereaved by loss of a spouse (Study 1, N ⫽ 193) and a parent (Study 2, N ⫽ 180). Participants
completed the PG-13 and a measure of depression. A comparison test suggested the networks produced from
each sample were not reliably different. The strongest link in both networks was between yearning and
emotional pain. Meaninglessness was relatively central, whereas avoidance was peripheral in both networks.
Findings are discussed with reference to theoretical models and the potential benefits a network approach may
hold for understanding relationships between symptoms of PG.

General Scientific Summary
Prolonged grief is a potential chronic and debilitating consequence of bereavement. This study
applies a novel approach that maps the syndrome as a network of direct relationships between
symptoms. Findings indicate that symptoms such as yearning, emotional pain, and meaningless may
be more central to the network than others and highlights similarities between the networks produced
following loss of a spouse and parent.
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The death of a love one typically leads to a range of behavioral reactions, disturbing thoughts, and painful emotions that
together constitute the experience of grief. Grief reactions may

be characterized by yearning for the deceased and/or distress at
the lost relationship, difficulty accepting the death, a sense of
shock, avoidance of reminders, a sense that life lacks meaning
without the deceased, self-identity confusion, emotional numbness, bitterness, loss of trust, and a difficulty reengaging with
life. There is variation in the frequency, duration, and intensity
with which individuals experience grief reactions. Approximately 7–10% of individuals will experience an extreme and
prolonged reaction, termed Prolonged Grief (PG; or complicated grief or Persistent Complex Bereavement Disorder;
American Psychiatric Association, 2013; Maciejewski, Maercker, Boelen, & Prigerson, 2016; Nielsen et al., 2017; Prigerson
et al., 2009; Shear et al., 2011). PG has received increased
attention in recent years as it is linked with a range of negative
health outcomes independent of bereavement-related depression or anxiety (Bonanno et al., 2007; Maciejewski et al., 2016;
Prigerson et al., 2009; Shear et al., 2011) and shows better
outcomes in response to grief-targeted treatments (Bryant et al.,
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2014; Shear, Frank, Houck, & Reynolds, 2005; Shear et al.,
2016).
Despite the weight of evidence regarding the harms associated
with PG, there has been significant debate about the construct (see
Bryant, 2014 for discussion). In part this stems from the traditional
view of psychopathology, which assumes that symptoms of a
disorder co-occur as a result of the expression of an unobserved
disease process or latent entity. This view typically postulates that
mental health disorders represent different categories of functioning from healthy functioning. More recently, Borsboom and colleagues (e.g., Borsboom & Cramer, 2013; Boschloo et al., 2015;
Fried et al., 2017; Hofmann, Curtiss, & McNally, 2016; McNally
et al., 2015) have offered a fundamentally different approach to
understanding psychopathology based on complex network relationships or causal systems. A network consists of two components: nodes that represent the individual items included in the
analysis, and edges that represent the relationships between the
nodes. In contrast to the “latent entity” model of psychopathology,
the network approach proposes that symptoms comprising mental
health disorders arise and cluster together as a result of direct
causal relationships among the symptoms themselves (Borsboom
& Cramer, 2013). That is, “depression” is not an entity that causes
insomnia, fatigue and concentration problems. Rather, these symptoms give rise to and subsequently interact to reinforce each other:
Insomnia causes fatigue, fatigue causes concentration problems,
concentration problems trigger worry and rumination, worry and
rumination fuel insomnia, and so forth. From this perspective,
disorders develop when such functionally interrelated symptoms
settle into a pathological equilibrium and become mutually reinforcing, not because of the action of any latent entity (Borsboom
& Cramer, 2013; McNally, 2015, 2016).
The network approach to modeling psychopathology has several
potential advantages for understanding grief-related syndromes. A
particular advantage lies in its ability to map the clear causal
relationships observed between symptoms in many mental health
disorders (Hofmann et al., 2016; McNally, 2016). For example,
Fried et al. (2015) compared the ability of a network approach and
a traditional latent modeling approach to explain the pattern of
depressive symptoms among spousally bereaved and nonbereaved
older adults. Compared to the nonbereaved group, bereaved individuals scored significantly higher on items assessing loneliness,
sadness, depressed mood, and appetite loss, and significantly lower
on items assessing happiness and enjoyment of life. Importantly,
Fried et al. (2015) found that modeling the direct relationships
between spousal loss and symptoms using network analysis provided a better fit of the data than modeling indirect effects or
depression as a latent diagnostic entity. Network modeling also
showed that bereavement primarily impacted the symptom of
loneliness, which in turn activated the other depressive symptoms.
A key implication of network modeling is that by identifying the
most influential symptoms, or nodes, within the network it should be
possible to target these nodes, disrupt the equilibrium, and so reduce
(or increase) overall levels of psychopathology. In this way, the
network approach is highly compatible with cognitive-behavioral
models of psychopathology and treatment which seek to target the key
mechanism thought to underlie symptom maintenance (e.g., Hawton,
Salkovskis, Kirk, & Clark, 1989; Hofmann, Asmundson, & Beck,
2013; Hofmann et al., 2016; Leahy, 2006; Mennin, Ellard, Fresco, &
Gross, 2013). Robinaugh, LeBlanc, Vuletich, and McNally (2014)
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also used network modeling to investigate bereavement-related psychopathology. Rather than depression, they examined a set of griefspecific items selected to match symptoms included in the DSM–5
Persistent Complex Bereavement Disorder (American Psychiatric Association, 2013). Robinaugh et al.’s (2014) analysis provided additional support for the integrity PG, finding that the symptoms of PG
clustered separately from symptoms of depression. Also, consistent
with Fried et al. (2015); Robinaugh et al. (2014) identified loneliness
as a potentially important bridge symptom between PG and depression within this sample. Further, the analysis shed light on the possible
differential importance of individual PG symptoms: in this analysis
emotional pain emerged as the most central (or connected) node
within the network, whereas avoidance was found to be relatively
peripheral. This suggests that when emotional pain was present many
other nodes within the network were also activated, however, when
avoidance was present other nodes may or may not have been activated to any great extent.
Although the findings from Fried et al. (2015) and Robinaugh et al.
(2014) highlight the potential insights that may be gained from applying the network approach to understanding bereavement-related
psychopathology, both these analyses were based on data from the
Changing Lives of Older Couples (CLOC) study. This study was
conducted in Michigan during the 1990s and comprised men aged 65
or over and women whose husbands were 65 years or older. The
extent to which these findings are generalizable to other bereaved
populations has yet to be explored. It is possible that the networks
derived from this data reflect loss-type or age specific relationships;
for example, loneliness may be more prominent among older adults
who lose a spouse. Also, the CLOC study was conducted before
systematic study was undertaken to identify key grief-specific symptoms predictive of poor outcomes, and so analyses did not include all
symptoms proposed for inclusion in a PG diagnosis. Given the relative novelty of the network approach, there is an imperative to explore
the extent to which conclusions drawn from these initial analyses,
conducted using the same data set, may extend to other samples of
bereaved individuals. Accordingly, in the current investigation we
applied the network approach to analyze data from two different
samples of bereaved individuals. Our first aim was to explore the
extent to which patterns observed in Robinaugh et al. (2014) and Fried
et al. (2015) generalized to other bereaved samples. We were also
interested in examining the extent to which any conclusions drawn
from the produced networks represented reliable associations. To this
ends we applied recently developed methods of exploring network
stability and reliability (Epskamp, Borsboom, & Fried, 2016). Data
were taken from two ongoing bereavement-related projects being
conducted at the Loss Trauma and Emotion Lab, Teachers College,
Columbia University. In the first study, we examined networks of PG
and depression in a sample of spousally bereaved individuals who
were all under 65 years of age. In the second study we examined the
same networks in a sample of younger individuals who had experienced the death of a parent.

Study 1: Loss of a Spouse
Method and Participants
We analyzed data from 193 individuals (66.5% female, 33.5%
male) from the New York metropolitan area who had lost a spouse.
The mean age of participants was 57.04 (SD ⫽ 6.58). The majority
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of the sample identified as Caucasian (92%; African American
4.8%; Asian 1.6%; Other 1.6%), and had a college degree or above
(High School only 9.4%; Some College 23.8%; bachelor’s degree
35.4%; Graduate degree or above 31.4%). Most individuals were
working full time (61%; Part-Time 12%; Unemployed or Retired
27%), with an expected median yearly family income of USD
$90=000 (IQR: 51=500 –150=000). Participants had volunteered to
participate in a study investigating bereavement outcomes. Mean
time since death was 14.00 months (SD ⫽ 0.88). The study was
approved by Teachers College Institutional Review Board (14 –
146: Project to Understand Reactions to Loss).

Measures
Prolonged Grief-13 (PG-13; Prigerson et al., 2009). The
PG-13 is a self-report measure that indexes symptoms of PG. The
measure assesses for yearning, emotional distress at the lost relationship, difficulty accepting the death, shock, avoidance of reminders, numbness, bitterness, difficulty engaging in life, identity
disturbance, and a sense of meaninglessness on 5-point scales (not
at all—several times a day/overwhelmingly, respectively) and for
the presence of functional impairment (yes/no). Scores on the
PG-13 are predictive of greater impairment and poorer quality of
life 12–24 months postbereavement (Maciejewski et al., 2016;
Prigerson et al., 2009). The functional impairment item is not a
discrete symptom; instead, it indexes the combined impact of all
other items on functioning. For this reason, we did not include this
as an item in the network. Cronbach’s alpha for the scale in this
sample was ␣ ⫽ .92. The inclusion/exclusion of functional impairment did not change scale reliability.
Center for Epidemiologic Studies-Depression Scale (CES-D;
Radloff, 1977). Depressive symptoms were measured using
9-item version of the self-report CES-D (Kohout, Berkman, Evans,
& Cornoni-Huntley, 1993). Items are scored on a 3-point scale.
Two items were excluded as they indexed interpersonal problems
rather than core symptoms of depression (see also Robinaugh et
al., 2014). Cronbach’s alpha for the 7 and 9 item scale in this
sample was ␣ ⫽ .85 and ␣ ⫽ .82, respectively.

Statistical Approach
A series of networks of regularized partial correlation coefficients were computed using the glasso procedure from the R
package qgraph (Epskamp, Cramer, Waldorp, Schmittmann, &
Borsboom, 2012; Epskamp & Fried, 2016; R Core Team, 2016). In
a regularized partial correlation network each edge represents the
partial correlation between nodes after controlling for all other
variables in the dataset. In addition, the procedure uses a LASSO
correction to shrink very small connections to be exactly zero,
producing a more parsimonious network (Epskamp & Fried,
2016). This approach avoids spurious connections between nodes
based on indirect relationships with a third node (Epskamp &
Fried, 2016; Friedman, Hastie, & Tibshirani, 2008). When the
partial correlation is zero, no edge is drawn between the nodes,
indicating that the two variables are independent of one another
after controlling for relationships between other variables in the
network.
Measures of node centrality. To assess the importance of
each node within the network, we calculated three indices of node

centrality: Strength, closeness and betweenness. Strength equals
the sum of the weights of the edges attached to that node. Closeness is the inverse of the sum of the distances of the node from all
other nodes in the network. A closeness-central node is one that is
likely to be quickly affected by changes in other nodes directly or
indirectly. Betweenness is defined as the number of times in which
a given node lies on the shortest path between two other nodes.
Network stability. The extent to which estimated network
structures are susceptible to variations in sampling error and estimation methods has yet to be established. As an exploratory
measure of the stability of the network produced in this analysis
we used the R package bootnet (Epskamp et al., 2016). This
program uses bootstrapping procedures to compute 95% confidence intervals around each edge of the network and estimates of
node centrality stability. To quantify node centrality stability,
bootnet calculates a correlational estimate, the centrality stability
coefficient (conditional stimulus [CS]-coefficient). The CScoefficient represents the proportion of participants that can be
dropped from the analysis while maintaining a very large correlation with the original centrality indices. The bootnet program also
provides significance tests for differences in edge strength and
differences in strength centrality.
Comorbidity and node communities. To explore the relationship between symptoms of PG and depression we repeated
lasso regularized partial correlation network estimation including
PG and depressive symptoms (18 nodes in total). We examined the
community structure of these networks using the spin glass algorithm (Reichardt & Bornholdt, 2006) with ␥ ⫽ 1, start temperature ⫽ 1, stop temperature ⫽ .01, cooling factor ⫽ .99, spins ⫽
19). The analysis was conducted with the R package igraph (Csardi
& Nepusz, 2006).

Results
Mean scores for each of the items on the PG-13 are presented in
Table 1. Almost all participants in this sample reported some
degree of yearning for the deceased (98%) and emotional pain at
the lost relationship (95%) in the last month. The least frequently
endorsed items were difficulties with trust (30%) and avoidance of
reminders (40%). The mean number of items endorsed as being
experienced at least once in the past month (or slightly) was 6.74
(SD ⫽ 3.02), the modal number was 9. The mean sum score on this
Table 1
Mean Scores for Prolonged Grief—13 Items (Study 1: Loss of
Spouse, Study 2: Loss of a Parent)
PG Item

Spousal Loss Mean
(SD)

Parental Loss Mean
(SD)

Yearning
Emotional Pain
Avoidance
Shocked and stunned
Role confusion
Difficulty accepting loss
Difficulty trusting
Bitterness and anger
Difficulty re-engaging
Numbness
Sense of meaninglessness

3.62 (1.11)
3.04 (3.62)
1.67 (1.01)
2.10 (1.18)
2.21 (1.29)
2.17 (1.18)
1.53 (.94)
2.06 (1.10)
2.02 (1.13)
2.04 (1.16)
1.99 (1.21)

2.94 (1.21)
2.54 (1.21)
1.72 (1.08)
1.80 (1.08)
2.08 (1.25)
2.24 (1.22)
1.81 (1.16)
2.06 (1.10)
2.02 (1.22)
2.08 (1.21)
1.91 (1.16)
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measure, an indication of network activation, was 24.44 (SD ⫽
9.11). Forty-nine (24%) participants scored in a range suggestive
of possible diagnosis of PG (Prigerson et al., 2009).
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Relationship Among PG Symptoms
The regularized partial correlation network is presented in Figure 1a. The strength, closeness, and betweenness indices of centrality are presented in Figure 2a. The four items showing the
highest centrality were Yearning, Emotional Numbness, Meaninglessness and Difficulty Accepting the Loss. As can also be seen in
Figures 1a and 2a, Avoidance appeared relatively unconnected to
the rest of the network; the strongest connections involving Avoidance were between Avoidance and Role Confusion and Avoidance
and Difficulty Accepting the Loss.
Network stability. The full results from the network stability
analysis are presented in the supplementary material (Figure S1-4).
Significance tests of edge differences indicated that the two thickest edges (between Yearning and Emotional Pain and between
Meaninglessness and Role Confusion) were significantly stronger
than most other edges in the network; many of the remaining edges
were shown not to be reliably different from one another (see
Figure S2). This suggests caution should be taken in drawing
conclusions about the differential strength of relationships for all
but the strongest edges. Consistent with previous findings, strength
centrality was shown to be the most robust index of centrality.
Significance test for differences in node strength centrality indicated that Yearning, Numbness and Meaninglessness were significantly stronger than Avoidance, but did not reveal reliable differences between the strength of other nodes. The CS-coefficients for
Strength, Closeness, and Betweenness were 0.33, 0.18 and 0.07,
respectively.
Comorbidity. The LASSO association network including
items assessing PG and depression is presented in Figure 3a. The
spin glass algorithm detected five communities of nodes in this
network. No community contained a combination of grief and
depression items. In other words, grief and depression symptoms
formed distinct network structures. One community comprised
Yearning, Emotional Pain and Shock/Stunned, a second contained
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Role Confusion, Difficulties Re-Engaging with Life, Numbness
and Meaninglessness, the third cluster contained Avoidance, Difficulty Accepting the Loss, Bitterness and Trust Difficulties. A
fourth community contained Sadness, Loneliness and Sleeping
Difficulties, and the final community comprised the remainder of
the depression symptoms, Appetite Changes, Depression, Effort,
and Difficulties “Getting-Going.” Bootstrapped confidence intervals were calculated for this larger network and are presented in
the supplementary material (S5).

Discussion
This study examined relationships between individual symptoms of PG and depression in a sample of spousally bereaved
individuals using a network analysis framework. Supporting the
construct of PG, we found that the nodes comprising PG clustered
separately from those comprising depression (see also Robinaugh
et al., 2014). Yearning, Emotional Numbness, Meaninglessness
and Difficulties Accepting the Loss appeared to be the most central
nodes within the PG network. Avoidance showed the lowest centrality across the three indices of network centrality. The CS
coefficients indicated that differences in centrality on the betweenness and closeness indices fell below the .25 guideline proposed by
Epskamp et al. (2016) for interpretability. By the same guidelines,
the CS-coefficient for strength centrality was more trustworthy
(Epskamp et al., 2016). This is consistent with studies showing that
node strength is the most stable measure of centrality (Epskamp et
al., 2016). Accordingly, we focus our discussion of centrality on
those findings related to strength.
In contrast to the findings of Robinaugh et al.’s (2014), Emotional Pain did not show dominant centrality in the network. Only
Yearning, Emotional Numbness, and Meaninglessness were found
to have significantly greater strength than the lowest node, Avoidance; Emotional Pain was, however, strongly linked with Yearning. The edges between Yearning and Emotional Pain, and between Meaninglessness and Role Confusion were significantly
stronger than most other edges in the network. The networks in this
study were based on regularized partial correlations constructed
using a LASSO penalty, a recent analytic development likely to

.

Figure 1. Regularized partial correlation networks of prolonged grief—13 items. (A) loss of spouse; (B) loss
of parent. See the online article for the color version of this figure.
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Figure 2.

Network centrality indices for (A) loss of spouse and (B) loss of parent.

result in a network with fewer and less spurious connections
(Costantini et al., 2015; Epskamp & Fried, 2016). When we reran
the analysis using the partial-correlations procedure used in
Robinaugh et al. (2014), the centrality of Emotion Pain increased somewhat, but remained less than that of Numbness and
Meaninglessness. In terms of the relationships between nodes
representing PG and depression, Sadness appeared as the strongest “gateway” or linking node. Yearning and Meaninglessness
were the grief items most strongly connected to Sadness. Interestingly, in this analysis Loneliness clustered with the depression nodes and did not act as a clear link between PG and
depression. However, there was a strong edge from Loneliness
to Sadness.
Both previous studies that have applied network analysis to
bereavement related symptomatology (Fried et al., 2015; Robinaugh et al., 2014) have used data from the CLOC study, a large
population survey of older adults conducted in the 1990s. Empirical understanding of the phenomenology of grief reactions has
increased significantly since this time and not all phenomena

subsequently identified as predictive of poor bereavement outcomes are included in the CLOC dataset (e.g., difficulties trusting
others since the loss). Further, the DSM–5 criteria for PCBD on
which Robinaugh et al. (2014) was based combines items that are
separated on the PG-13 (Shock/Stunned and Emotional Numbness), and includes items not assessed by the PG-13 (Preoccupation, Regret). Recent findings suggest that differences between PG
and PCBD are largely semantic in terms of predictive validity
(Maciejewski et al., 2016), however, it is yet to be established the
extent to which inclusion or exclusion of items within a network
may change the nature of the other observed relationships. In this
study, Difficulties with Trust showed moderate strength compared
with other nodes. Perhaps not surprisingly, Difficulties with
Trust’s strongest relationship was with Bitterness. Interestingly,
however the two nodes Numbness and Shock/Stunned were connected, but evidenced different relationships with other nodes,
raising the possibility that they may function differently within the
network. Numbness also appeared to have greater strength centrality than Shock/Stunned.
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Figure 3. Regularized partial correlation networks of prolonged grief—13 items and depression. (A) loss of
spouse; (B) loss of parent. See the online article for the color version of this figure.

In summary, while this analysis showed several similarities with
previous network analyses of bereavement symptomatology, there
were also several differences. Before drawing further conclusions,
however, we sought to explore the consistency of these observed
relationships by repeating our analysis in a sample of individuals
who had experienced the death of a parent.

Study 2: Loss of a Parent
Method and Participants
This sample comprised 180 participants who completed the
PG-13 online while participating in a study on decision making.
Participants were recruited via Mechanical Turk using procedures
outlined in (Maccallum & Bonanno, 2016).1 Eighteen hundred
individuals first participated in a “Life Events Survey” in which
they were asked to indicate whether they had experienced a number of positive and negative life events. Individuals who indicated
they had experienced the death of a loved on within the last 1–3
years were then recontacted and invited to participate in an additional Decision Making Study. Each survey included questions to
check for attention and consistency of responding (see Goodman,
Cryder, & Cheema, 2013; Paolacci, Chandler, & Ipeirotis, 2010).
For the purposes of this analysis, we selected data from individuals
who had experienced the loss of a parent only. The mean age of
participants was 42.35 (SD ⫽ 10.94, range 25– 65). Forty-five
percent were female. Fifty percent had a college degree or above
(High school 12%, Some college 32%, College degree 39%, graduate degree or above 17%). Eighty-six percent identified as Caucasian, 8% as African American, 5% as Asian, and 1% as Hispanic. The average time since loss was 24 months [SD ⫽ .08;
range 12–36 months]. The study was approved by Teachers College Institutional Review Board (15–260: Decision Making and
Life Events).

samples using the Network Comparison Test (NCT) implemented
in the R package Network Comparison Test (van Borkulo et al.,
2015; van Borkulo, 2016). The NCT tests for a difference in the
overall network connectivity (or global strength) by calculating the
difference in the weighted sum of the absolute connections for
repeated samples of randomly regrouped individuals. For this
analysis the sampling procedure was repeated 1,000 times and
gamma was set to 0. This process results in a distribution of
network differences under the null hypothesis (that both groups are
equal), which can be used to test the significance of observed
differences between the two groups. The observed difference is
considered significant at the threshold of .05 (see van Borkulo et
al., 2015). Extensions of the package test for network structure
invariance and sample differences in individual edge strength
using the same procedure (van Borkulo, 2016). We also examined
the similarity of the network edge weights using Spearman Brown
correlations.

Results
Mean scores for each of the items on the PG-13 are presented in
Table 1. Cronbach’s alpha for the scale in this sample was ␣ ⫽ .92.
Again, the inclusion/exclusion of functional impairment did not
change scale reliability. The most frequently endorsed items at any
level were Yearning (88%) and Emotional Pain at the lost relationship (80%). The least frequently endorsed were Avoidance
(38%), Difficulties with Trust (41%) and Difficulties Re-Engaging
with Life (41%). The mean number of items endorsed at least once
in the past month (or slightly) was 5.66, the modal number was 10.
The mean sum score (network activation) was 22.09 (SD ⫽ 9.59).
Forty-eight (25%) participants scored in a range suggestive of
possible diagnosis of PG (Prigerson et al., 2009).

Relationship Among Symptoms

Procedure

The LASSO regularized partial correlation network for parent
loss is presented in Figure 1b. The strength, closeness and be-

The measures and statistical procedures were identical to those
used in Analysis 1 with the following addition: We compared the
network connectivity between the spousal loss and parental loss

1
Of the 180 participants included in the current study, 80 participated in
Maccallum and Bonanno (2016).
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tweenness indices of centrality are presented in Figure 2b. No
single node appeared to have unique centrality. The two strongest
nodes on all three measures of centrality were Emotional Pain and
Shock. Difficulties with Trust was similarly high on strength and
closeness, but low on betweenness. Again, the weakest node in the
network was Avoidance. The second weakest appeared to be Role
Confusion, then Yearning.
Stability. The full results of the stability analysis are presented in the supplementary material (Figure S6-9). As in Study 1,
the strongest edge, between Yearning and Emotion Pain was
significantly stronger than most other edges in the network. The
edges between Emotional Pain and Shock, and Meaninglessness
and Difficulty Reengaging were also stronger than about half of
the remaining edges. Many of the remaining edges were not
reliably different from one another. As with Study 1, this suggests
caution should be taken in drawing conclusions about the differential strength of many relationships within the network. Consistent with previous findings, strength centrality was shown to be the
most robust index of centrality. Significance tests for differences in
node strength centrality indicated that Emotional Pain was significantly more central than Yearning, Avoidance, and Role Confusion. Role Confusion was also significantly less central than
Shock/Stunned and Difficulties with Trust. No other reliable differences between strength centrality were identified. The CScoefficients for Strength, Closeness and Betweenness were 0.34,
0.17, and 0.10, respectively.
Comorbidity. The LASSO regularized partial correlation network including the 11 PG-13 and seven depression symptoms is
presented in Figure 3b (Cronbach’s alpha for the 7 and 9 item
version of the CES-D in this sample was ␣ ⫽ .86 and ␣ ⫽ .88,
respectively). The spin glass algorithm detected 3 communities of
nodes in this network. Again, no community of nodes in this
sample of parentally bereaved individuals contained a combination
of grief and depression symptoms. One community comprised
Yearning, Emotional Pain and Shock/Stunned, another contained
the remainder of the PG-13 symptoms. A third community contained all depression items. Bootstrapped confidence intervals for
this larger network are presented in Figure S10.
Network comparison. The NCT did not reveal any significant differences between the produced networks in terms overall
global strength (M ⫽ .43, p ⬍ .19) or network structure (M ⫽ .24
p ⬍ .42). Spearman Brown correlations indicated a high degree of
similarity in edge weights across networks (r ⫽ .75). Overall, this
analysis suggests that although there were some differences in
node strength and in the relationships between nodes across spousal and parental loss, the networks from the two studies were
generally similar.

Discussion
In this analysis we examined network relationships between
symptoms of PG and depression in a sample of parentally bereaved
individuals. Again, we observed a strong relationship between
Yearning and Emotional Pain, and moderate relationships between
Meaninglessness and Difficulties Re-Engaging, Emotional Pain
and Stunned/Shock. Across centrality indices, Emotional Pain and
Shock/Stunned were the most central nodes. As with Study 1,
strength centrality was the most stable centrality index and again
indicated that strength findings were interpretable with some care.

The CS-coefficients for betweenness and closeness again fell below the suggested guidelines for interpretation (Epskamp et al.,
2016). Also consistent with Study 1, Avoidance appeared as the
weakest node in the network (lowest strength centrality), and
nodes representing PG and depression clustered separately. There
were no strong links between the symptom groups, and there
appeared to be fewer nonzero edges between the groups than in the
Spousal Loss sample.
Study 1 and Study 2 participants differed both in terms of the
type of lost relationship, and the sample selection method. Nonetheless, the resulting networks showed many similarities: Yearning, Emotional Pain and Shock/Stunned clustered together and
Avoidance was relatively peripheral in both networks. The strongest edge in both networks was between Yearning and Emotional
Pain. Meaninglessness also had edges that were significantly stronger in both networks. In Study 1, Meaninglessness formed a cluster
with Role Confusion, Emotional Numbness and Difficulties ReEngaging with Life. In Study 2, these links were also evident, if
not as strong.
There were, however, some differences between the networks:
In contrast to Study 1, in Study 2, Yearning and Role Confusion
showed somewhat lower strength centrality. Together with Avoidance, our test of significance found that these nodes showed
significantly less strength centrality than Emotional Pain. Difficulties with Trust also showed somewhat higher strength centrality in
Study 2 than in Study 1 (see supplementary material). This later
finding may reflect differences in recruitment methods, and we
discuss this more in the general discussion. Overall, however the
produced networks were shown to be largely similar.

General Discussion
Although the past decade has witnessed a surge of interest in
PG, gaps in our understanding remain, and the best methods of
conceptualizing the construct have been hotly debated (Bryant,
2014; Maciejewski et al., 2016; Maercker et al., 2013; Prigerson et
al., 2009; Shear et al., 2011). Recent studies have attempted to
advance our understanding of bereavement using a novel network
analysis approach to understanding psychopathology (Fried et al.,
2015; Robinaugh et al., 2014). The network approach argues that
rather than reflecting the action of a latent disease or entity,
“symptoms” cluster together and become a “disorder” as a result of
direct causal relationships between each other (Borsboom & Cramer, 2013; McNally, 2016; McNally et al., 2015). A key implication of this approach is that by identifying and modifying the most
influential nodes within the network it should be possible to
change the functioning of the network, and so reduce (or increase)
activation of other nodes. This approach to understanding psychopathology is consistent with the clear causal relationships observed
across many mental health conditions (Hofmann et al., 2016;
McNally, 2016). To date, studies applying network approaches to
bereavement have shown some promise, in terms of exploring how
symptoms may be connected to each other (Fried et al., 2015) and
identifying the most influential nodes (Robinaugh et al., 2014).
They have, however, been limited in their reliance on a single,
archival data set and analysis of only one type of bereavement,
spousal bereavement. In the current investigation, we addressed
these limitations by applying network analyses to newly collected
data sets that examined samples that had experienced different
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kinds of bereavements. We also applied newly developed techniques to assess the stability of the estimated networks. In doing
so, we observed a number of similarities and several differences
with previous analyses. Emotional Pain, the node with highest
centrality in Robinaugh et al. (2014) had high strength centrality in
our parental loss sample (Study 2), where it was found to have
significantly greater strength than several other nodes within the
network. In contrast, Emotional Pain evidenced less strength centrality in our analysis of spousal loss (Study 1). Nonetheless, the
edge between Emotional Pain and Yearning was the strongest edge
in both studies, being significantly stronger than nearly every other
edge in either network. Questions have been raised about the
extent to which node centrality, of itself, provides clarification
about network influence and specific activation pathways. In these
analyses, as with a previous network stability analyses (e.g., Epskamp et al., 2016) the stability of the closeness and betweenness
indexes was low. Theoretically, closeness and betweenness are
interesting network properties; however, ongoing research will be
needed to determine extent to which these indices represent reliable and interpretable measures. Moreover, a node may be central
to a network because it is activated by many other nodes, rather
than being a cause of activation. Indeed, “emotional pain,” or
distress, is likely to be a core consequence of many psychological
conditions. The cross-sectional nature of these analyses means that
we cannot determine the direction of the relationship between
these, or other nodes in the networks. Stronger conclusions about
causal relationships among nodes will need to await future studies
involving longitudinal assessment of symptoms (e.g., Bringmann,
Lemmens, Huibers, Borsboom, & Tuerlinckx, 2015) or experimental manipulations. However, the pattern of findings observed
in this study suggests further investigation is warranted as to the
extent to which Yearning and Emotional Pain represent separate or
overlapping symptoms.
Consistent with Robinaugh et al. (2014), Avoidance was the
least connected node within the network, evidencing significantly
lower strength than the strongest nodes in both networks. The role
of avoidance in PG is of interest, both in terms of theoretical
models of PG and treatment approaches (Boelen, de Keijser, van
den Hout, & van den Bout, 2007; Bryant et al., 2014; Maccallum
& Bryant, 2013; Shear et al., 2007; Stroebe, Schut, & Boerner,
2010). The relationship between avoidance behaviors and PG has
been the focus of a number of investigations using both self-report
and experimental paradigms (Baker et al., 2016; Boelen, van den
Bout, & van den Hout, 2010; Boelen & van den Hout, 2008;
Maccallum, Sawday, Rinck, & Bryant, 2015; Schnider, Elhai, &
Gray, 2007). Results have been mixed; some of these studies have
found a relationship between avoidance and PG and others have
not. Our findings suggest that avoidance, as indexed in these
studies, had little consistent relationship with activation in the rest
of the network. This does not rule out the possibility that avoidance
assessed at different time scales, via other methods (e.g., experimental paradigms), or in a different sample (e.g., treatment vs.
nontreatment seeking individuals) may impact network activation
to a greater degree. Indeed, there is increasing recognition that
avoidance per se is neither adaptive nor maladaptive; rather, it’s
relationship with outcomes is dependent on individual difference
factors and the context is which it is used (Bonanno, Papa, Lalande, Westphal, & Coifman, 2004). For some individuals, avoidance may be associated with lower activation of other items in the
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network, for others it may be associated with increased activation.
Together, these findings suggest the need to adopt a more nuanced
approach to understanding avoidance in PG.
The development of new sources of meaning and life goals is
thought to be a key task in successful adaption to loss, and is a
focus of effective treatments for PG (Bryant et al., 2014; Maccallum & Bryant, 2013; Neimeyer, 2016; Shear et al., 2016). Consistent with this view, experiencing a sense of meaninglessness
emerged as a key node in both the spousal and parental loss
networks. Meaninglessness showed relationships with Role Confusion, Numbness and Difficulties reengaging with life. Again, the
application of longitudinal network modeling approaches may
offer a novel method of examining temporal changes in these
relationships to ascertain the most effective pathways for reducing
meaninglessness. Although these connections appeared somewhat
stronger in the spousal loss sample than the parental loss sample,
the network comparison test suggested these were not reliably
significant differences. Network analysis is primarily concerned
with the relationships between nodes rather than absolute severity.
We note however, that the two samples did not differ significantly
in terms of mean severity on these four nodes. The spousal loss
group did endorse significantly greater yearning, emotional pain
and loneliness than the parental loss group (p ⬍ .001).
Overwhelmingly, investigations of bereavement outcomes have
focused on spousal loss. Although there is some evidence that
absolute rates of distress may not differ between loss types (Maccallum, Galatzer-Levy, & Bonanno, 2015), the extent to which
different loss types may be associated with different symptom
relationships has yet to be established. We were interested in
investigating networks associated with different loss types, as it is
possible that loss type may impact functioning in different ways.
For example, death of a spouse may have a greater impact on
social networks and social functioning, impacting yearning, loneliness, and reengagement more so than the death of a parent. The
current study provides some evidence that there are many similarities between the network relationships across loss types, as assessed via the PG-13. We have noted, however, some differences
between the results of the current study and that of Robinaugh et
al. (2014). Emotional Pain did not emerge as the central node in
our spousal loss sample. Further, loneliness did not appear to
function as a gateway node between PG and depression in either
network; although in our spousal loss sample it was strongly linked
with Sadness, which did connect to PG symptoms. However, there
are a number of factors that limit any direct comparisons that can
be made with previous studies, including the analytic and node
inclusion differences outlined previously. There were also sampling differences across the studies reported in this paper, and in
prior studies. Participants in Study 1 agreed to volunteer in a study
investigating grief responses, participants in Study 2 had volunteered to participate in research that was not grief focused,
whereas, participants in the CLOC study, examined in previous
papers, were initially enrolled in a population based survey. With
respect to the samples investigated in this paper, there are likely a
number of differences between participant groups that may impact
network relationships. For example, those who lost a spouse were
somewhat older (M ⫽ 57 years) than those who lost a parent (M ⫽
46 years). Although the current pattern of findings suggests there
may be some differences related to sample features, there are also
similarities across bereavement types. For these analyses, we took
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advantage of recently collected data sets, which limits to some
extent our ability to make direct comparisons. Future studies that
collect data specifically for the purpose network analyses could
explore these issues more thoroughly.
Until recently there has been no way of assessing the stability or
reliability of estimated networks (Costantini et al., 2015; Epskamp
et al., 2016). This software is now available (Epskamp et al., 2016)
and was used in the present study to analyze the stability of
networks produced in these analyses. Findings suggested many of
the apparent differences between moderate edges and nodes in
networks in both Studies 1 and 2 were not stable in response to
sampling variation (Epskamp et al., 2016). For this reason, we
have not interpreted differences between moderate edges. We were
also able to assess the stability of our centrality indices. Strength
centrality was the most stable index. Our findings indicate that one
third of participants could be dropped from Studies 1 and 2,
respectively, while maintaining 95% probability of a very large
correlation with the strength centrality of the original network.
Epskamp et al., (2016) presented findings from a simulation study
to assist interpretation of CS coefficients; based on their recommendations our strength centrality coefficients fell within the
range considered interpretable, although with some care (0.25 ⬍
CS coefficient ⬎0.5). This is perhaps consistent with our inclusion
of participants along the continuum of PG severity, and the finding
that many of the moderate edges in our networks were not reliably
different from one another. As noted by the developers, however,
these cut offs were somewhat arbitrary and do not represent
definitive guidelines (Epskamp et al., 2016). We present the networks, stability and comparison results in this paper, as at present
the field of network analysis is primarily data driven and exploratory (Epskamp et al., 2016). It is through the application of such
approaches to existing data sets that the field will develop and
generate norms.
Recent simulation studies now provide greater direction to researchers on issues of network estimation reliability and power
(Epskamp et al., 2016). These indicate that power is impacted both
by sample size and the number of nodes (and hence edges to be
estimated) included in the networks. These simulations place our
sample sizes toward the lower end of the acceptable power range.
Similarly, the network comparison test represents a new addition
to the field. Recommendations relating to power have yet to be
determined. van Borkulo, Boschloo, Kossakowski, Tio, Schoevers,
Borsboom, and Waldorp (2017) have explored data simulation to
examine the boundaries of power associated with changes in
sample size, network sparsity, and sample size differences. Their
simulations again suggest our sample size is toward the lower end
of the acceptable power range to detect a large difference between
networks. A consideration in our decision not to compare networks
containing both PG and depression was the reduction in power that
accompanies an increased number of nodes. Based on these evolving recommendations, future studies would benefit from larger
sample sizes to enhance the potential stability of estimated networks, and enable inclusion of additional items. For example,
consistent with Robinaugh et al. (2014) we excluded items on the
CES-D that did not closely resemble symptoms of Major Depression. However, it would be interesting in future investigations to
examine the extent to which changes in social functioning following a bereavement link to PG and depressive symptomatology.

We also note that the networks described in this investigation
were constructed based on self-report symptom measures focusing
on diagnostic criteria. The PG-13 is a self-report measure that has
demonstrated relationships with functional outcomes (Maciejewski et al., 2016; Prigerson et al., 2009). It will be interesting to
compare the extent to which the same relationships may be observed following clinical interview. Moreover, the PG-13 indexes
symptoms predictive of poor outcomes, and was not intended to
index causal mechanisms. While network modeling has focused
predominantly on the relationships between symptoms, it is its
potential to examine relationships between proposed mechanisms
of change that is its most tangible advance. Future longitudinal
studies that move beyond symptom measures and include theoretically relevant nodes within the network (e.g., intolerance of distress, attentional biases), will help to shed further light on the
nature of the relationships and core mechanisms involved in the
maintenance of PG.
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