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Anorexia nervosa (AN) is a serious mental disorder 
characterized by restricted food intake, an intense fear 
of weight gain, and high levels of discomfort with one’s 
own body. Rates of psychological comorbidity (e.g., 
depression and anxiety) are high and mortality rates 
from suicide or physical complications are the highest 
among psychiatric disorders (Zipfel, Giel, Bulik, Hay, 
& Schmidt, 2015). The past few years have seen a dra-
matic acceleration in the generation of new treatment 
evidence in AN (Brockmeyer, Friederich, & Schmidt, 
2018; National Institute for Health and Care Excellence, 
2017). Despite this, in adults with AN, treatment out-
comes with the best available psychological therapies 
remain poor; remission/recovery rates ranged from 13% 
to 42% at 12- to 24-month postrandomization follow-
ups in recent trials (Brockmeyer et al., 2018). One key 

area for future research highlighted by National Insti-
tute for Health and Care Excellence (2017) is the impact 
of comorbidities on treatment outcomes in AN and 
other eating disorders and what approaches are effec-
tive in managing these comorbidities.

Comorbidity in AN

In general, higher levels of comorbidity are associated 
with higher overall eating disorder (ED) psychopathol-
ogy, longer duration of illness, and more severe ED 
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Abstract
Network analysis can be used to identify central symptoms of eating disorders such as anorexia nervosa (AN), but 
the validity of this approach has been questioned. Using network analysis, in the present study we identify central 
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central symptoms at baseline are important predictors of treatment outcomes. We conducted network analyses for AN 
and comorbid depression and anxiety using longitudinal data (N = 142) with measurements at baseline, and at 6-month, 
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the highest bridge centrality connecting depression to AN. Symptom centrality at baseline was strongly related to 
prognostic utility (r2 = .52, .55). The finding that symptom centrality was strongly related to prognostic utility supports 
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symptoms across different ED diagnoses (McDermott, 
Forbes, Harris, McCormack, & Gibbon, 2006; Spindler 
& Milos, 2007). Depression and anxiety are the most 
common psychiatric comorbidities in AN, affecting 
more than 50% of patients (Spindler & Milos, 2007). 
Symptoms of depression and anxiety at the start of 
treatment for AN have been found to predict treatment 
outcomes at the end of treatment and follow-up (Fewell, 
Levinson, & Stark, 2017; Wild et al., 2016). In one study, 
a comorbid diagnosis of major depression (MD) at the 
start strongly predicted outcome 22 years later, suggest-
ing that comorbidity with depression is particularly 
pernicious in AN (Franko et al., 2018). Patients with AN 
and comorbid depression often report higher scores on 
Eating Disorder Inventory items (Garner, 1991), includ-
ing body image dissatisfaction, desire for thinness, buli-
mia, perfectionism, and fear of maturity (Bizuel, Brun, 
& Rigaud, 2003). Whereas short-term weight restoration 
in AN seems to go along with improvements in depres-
sion, some symptoms, such as anhedonia (i.e., the 
inability to experience pleasure), persist and are thought 
to be a trait characteristic of AN (Boehm et al., 2018). 
In addition, comorbid depression and anxiety disorders 
in AN have been associated with more hospitalizations 
and suicide attempts (Brand-Gothelf, Leor, Apter, & 
Fennig, 2014).

Although extant research elucidates the problematic 
nature of comorbidity within AN, the mechanisms of 
comorbidity are poorly understood. One possibility is 
that specific symptoms of AN, such as poor self-image 
or anhedonia, play a role in connecting AN to symp-
toms of depression, anxiety, and other psychological 
disorders. Identifying such symptoms could provide 
more effective targets for treatment of AN, especially 
in the context of reducing comorbidity, and might thus 
improve longer-term outcomes.

Prognostic Variables in AN

Although comorbidity with anxiety and depression has 
been associated with a more severe course of illness in 
patients with AN, substantial evidence for other prog-
nostic variables for treatment outcomes is lacking. Prog-
nostic variables are indicators collected before treatment 
that are predictive of treatment outcomes. In some 
cases, prognostic variables can be used to determine 
which type of treatment is optimal (e.g., DeRubeis et al., 
2014; Lorenzo-Luaces, DeRubeis, van Straten, & Tiemens, 
2017). Proposed prognostic indices for AN include dura-
tion of illness,1 self-esteem, global assessment-of-
functioning scores, presence of a comorbid mood or 
personality disorder, severity of ED symptoms, social 
problems, anemia, and body mass index (BMI) as pre-
dictors of treatment outcome, treatment utilization, and 

illness severity in patients with AN (Halmi et al., 2005; 
Löwe et al., 2001; Zipfel, Löwe, Reas, Deter, & Herzog, 
2000). Although the number of studies examining out-
patient treatments for AN has increased over the past 
30 years, meta-analyses have proven inconclusive 
(Watson & Bulik, 2013). Identification of prognostic vari-
ables could improve prediction of which methods of 
treatment will be most effective for improving AN treat-
ment outcomes in adults.

The Network Approach to 
Psychopathology

Network analysis offers an alternative perspective to 
visualize psychiatric disorders. The traditional medical 
model conceptualizes symptoms as consequences of 
an underlying disease entity. For example, the medical 
model suggests that insomnia and anhedonia co-occur 
because of a single latent factor (MD). Symptoms are 
scored together and used as passive indicators to mea-
sure that latent factor (Borsboom & Cramer, 2013). In 
contrast, the network approach posits that symptoms 
constitute self-sustaining feedback loops that, when 
activated, result in an episode of the disorder. Drawing 
back to the example of MD, sleep loss may trigger 
fatigue, which in turn leads to a loss of concentration 
and subsequent irritability. Psychiatric disorders, there-
fore, emerge from the complex, causal interactions of 
symptoms or other related variables (Borsboom, 2017; 
Jones, Heeren, & McNally, 2017).

Networks of psychiatric disorders can be modeled 
as dynamic systems of nodes and edges, where nodes 
represent symptoms and edges represent the associa-
tions among them (Borsboom & Cramer, 2013). Edge 
thickness indicates the strength of correlation between 
two nodes. Nodes with high centrality represent symp-
toms that are highly connected to other symptoms. The 
activation of highly central nodes is thus associated with 
the activation of other nodes in the network (Borsboom 
& Cramer, 2013). Central symptoms are not necessarily 
equivalent to “hallmark” symptoms of a given disorder. 
For example, Fried, Epskamp, Nesse, Tuerlinckx, and 
Borsboom (2016) found that symptoms constituting the 
criteria for major depressive disorder (MDD; e.g., 
energy loss, loss of interest, and appetite change) in 
the fifth edition of the Diagnostic and Statistical Man-
ual of Mental Disorders (DSM–5; American Psychiatric 
Association, 2013) were not more central to the MDD 
network than non-DSM criteria (e.g., palpitations, trem-
ors, and panic). It has been suggested that central 
nodes may therefore generate useful hypotheses about 
potential clinical targets (McNally, 2016).

Bridge symptoms are symptoms that connect one 
psychiatric disorder to another and may be important 
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in treatments intended to reduce or prevent comorbid 
problems (Cramer, Waldorp, van der Maas, & Borsboom, 
2010; Jones, Ma, & McNally, 2017). For example, loss 
of interest, loss of pleasure, and suicidal ideation have 
been identified as potential bridge symptoms that con-
nect social-anxiety-disorder networks to depression 
networks in patients with both disorders (Heeren, 
Jones, & McNally, 2018). Tailoring treatment to target 
bridge symptoms may disconnect the network of one 
psychiatric disorder from another, thereby improving 
treatment outcomes in patients with comorbid disor-
ders. The network approach has also shown some evi-
dence of potential prognostic utility in MDD (van 
Borkulo et al., 2015; Bos et al., 2017; Wichers & Groot, 
2016), and bipolar disorder (Koenders, de Kleijn, Giltay, 
Elzinga, & Spinhoven, 2016).

The Current Study

The purpose of the current study was to use network 
analysis in the context of a randomized controlled trial 
(RCT) to (a) determine the central symptoms of AN at 
baseline, discharge (6 months), and at 12- and 24-month 
postrandomization follow-ups); (b) identify key bridge 
symptoms among AN, depression, and anxiety; and (c) 
ascertain which AN symptoms are associated with post-
treatment outcomes. We hypothesized that central 
symptoms might have greater prognostic value in pre-
dicting posttreatment outcomes relative to symptoms 
that were less central in the network. If the network 
theory of mental disorders is correct (that is, if symp-
toms influence each other causally), we would expect, 
in most cases, high individual scores on central symp-
toms to robustly predict a poor prognosis and scores 
on less-central symptoms to be only weakly related to 
prognosis.

The eating-disorders clinical-research community has 
recently seen a rise in research using network analysis. 
Most studies have examined samples of individuals with 
transdiagnostic eating disorders and propose overvalu-
ation of weight and shape, body dissatisfaction, cogni-
tive restraint, and dietary restraint as central symptoms 
of a transdiagnostic ED network (Dubois, Rodgers, 
Franko, Eddy, & Thomas, 2017; Goldschmidt et  al., 
2018). A few researchers have also examined disorder-
specific network analyses. Dubois et  al. (2017) esti-
mated separate networks for individuals with AN-related 
disorders, bulimia nervosa (BN), and binge eating dis-
order, although these disorder-specific analyses were 
conducted with relatively small sample sizes for network 
analysis (Ns = 73, 52, and 31, respectively; see Epskamp, 
Borsboom, & Fried, 2018). Levinson et al. (2017) exam-
ined symptom networks in individuals with BN, also 
examining BN comorbidity with depression and anxiety 

from a network perspective. In terms of comorbidity, 
Levinson et  al. (2017) identified physical symptoms 
(e.g., dizziness) and lack of interest in sex as potential 
bridge symptoms between BN and anxiety or depres-
sion networks.

Only a few studies to date have examined a network 
of AN with sufficient sample size (Forrest, Jones, Ortiz, 
& Smith, 2018; Olatunji, Levinson, & Calebs, 2018). 
Forrest et al. (2018) examined AN and BN separately 
with large sample sizes (Ns = 604 and 447) and gener-
ated a third combined ED network. Results from this 
study replicate and lend further support to earlier anal-
yses of ED networks, suggesting that shape overvalu-
ation, restraint, and fearing weight gain are central to 
transdiagnostic ED networks. More specifically, Forrest 
and colleagues (2018) found that desiring weight loss, 
shape overvaluation, and fearing weight gain were cen-
tral symptoms in the AN network. More recent work by 
Olatunji et al. (2018) examined combined ED networks, 
including 2,080 individuals diagnosed with AN, at 
admission and discharge from inpatient treatment, in 
groups of people who were underweight at the begin-
ning of treatment and people who were not. Ineffective-
ness (i.e., feelings of inadequacy and worthlessness) and 
interoceptive awareness (i.e., recognition and identifica-
tion of appetite and emotional cues) were central to the 
ED network across the board, and ineffectiveness pre-
dicted BMI and symptoms of depression at discharge.

In the present study we sought to extend existing 
literature on the maintenance and treatment of AN in 
several important ways. First, prior studies involving 
ED networks with sufficiently large samples used cross-
sectional data, limiting conclusions about causal rela-
tions among symptoms. The longitudinal design of the 
present study, which included repeated assessments of 
patient symptoms at baseline, 6 months (discharge), 
and 12 and 24 months after randomization, allowed for 
more direct conclusions about temporality and drew us 
closer to causal conclusions (Schmidt et al., 2015, 2016). 
Second, the RCT from which the data used in the cur-
rent study were drawn specifically included a broad set 
of inclusion criteria to provide a more heterogeneous 
sample representing a wide range of AN symptom sever-
ity. By using a sample with a wider range of AN symp-
tom severity, we sought to explore whether networks 
identified in previous studies would emerge in a more 
heterogeneous sample. Finally, the present work pro-
vides more robust evidence for specific bridge symp-
toms that connect the AN network to the anxiety/stress 
and depression network by using comorbidity networks, 
which may provide guidance for developing more effec-
tive, targeted treatments for adult AN.

In addition to extending existing literature on the 
maintenance and treatment of adult AN, we sought to 
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explore the validity of central symptoms identified by 
network analysis as predictors of treatment outcome. 
Examining the validity of central symptoms for predict-
ing treatment outcomes is particularly important given 
that many network-analysis studies thus far have used 
cross-sectional data and posit that targeting central 
symptoms identified in networks derived from these 
data may improve treatment outcomes. If central symp-
toms are involved in the maintenance of disorders and 
viable targets for treatment, it seems intuitive that high 
severity scores on central symptoms at baseline would 
predict poorer treatment outcomes more than high 
scores on noncentral symptoms. The concept of inter-
preting centrality in the context of treatment, however, 
is a contentious one in the field of psychopathology, 
with mixed results concerning the causal relationship 
between central symptoms identified from cross-
sectional data and treatments outcomes, and has yet to 
be tested in the ED literature (Rodebaugh et al., 2018).

Method

Procedure

Data were drawn from the Maudsley Outpatient Study 
of Treatments for Anorexia Nervosa and Related Condi-
tions (MOSAIC). The MOSAIC study compared patient 
outcomes from the Maudsley Model of Anorexia Ner-
vosa Treatment for Adults (MANTRA), a novel, targeted 
psychological therapy for adults with AN and outcomes 
from Specialist Supportive Clinician Management 
(SSCM), a comparison treatment designed specifically 
for clinical trials that emphasizes resumption of normal 
eating and weight gain (Schmidt et  al., 2015). We 
selected this data set for several reasons. First, the 
MOSAIC study is one of the largest RCTs of first-line 
outpatient treatments for patients with AN worldwide. 
Second, treatment completion and acceptability rates 
were high; 75% of patients treated with MANTRA and 
59% of patients treated with SSCM completed treatment. 
Third, primary and secondary outcomes were measured 
at baseline, 6 months, and 12 and 24 months after ran-
domization. Fourth, patients with AN in both conditions 
showed significant improvement in both primary and 
secondary outcomes, though outcomes were not sig-
nificantly different between the two treatments. Finally, 
the longitudinal design of this study drew us closer to 
causal conclusions than previous network analyses of 
ED networks.

Participants

One hundred forty-two patients were included in pri-
mary outcome analysis (139 female, 3 male). Inclusion 
criteria were being between 18 and 60 years old, having 
a BMI of 18.5 kg/m2 or below, and a having DSM–IV 

(American Psychiatric Association, 2000) diagnosis of 
anorexia nervosa or eating disorder not otherwise spec-
ified (EDNOS). The definition of EDNOS used was 
based on work by Thomas, Vartanian, and Brownell 
(2009) and includes patients who meet all criteria for 
AN except the weight criterion or the amenorrhea cri-
terion, patients without a fat phobia, and patients with 
partial AN (i.e., having features of AN but missing two 
or more of the four diagnostic criteria), with a BMI 
cutoff of 18.5 kg/m2. These inclusion criteria ensured 
that a wide variation in AN severity was represented in 
the sample. Missing symptom data were handled with 
imputation via the mice package (Version 2.30; van 
Buuren & Groothuis-Oudshoorn, 2011) for the R soft-
ware environment (Version 3.5.1; R Core Team, 2018).

Measures

All measurements were collected at baseline (pretreat-
ment), 6 months (that is, approximately when weekly 
treatment sessions ended), 12 months, and 24 months 
following enrollment into the study. Posttreatment out-
come measures used in analyses refer to outcomes at 
6 months unless otherwise noted.

ED psychopathology. ED psychopathology was assessed 
using the Eating Disorders Examination (EDE) Interview 
(Fairburn, Cooper, & O’Connor, 2008). The EDE is a widely 
supported measure that generates a global score based on 
dietary restraint, eating concern, weight concern, and 
shape concern (Schmidt et al., 2013).

Depression and anxiety. Symptoms of depression and 
anxiety were assessed using the Depression, Anxiety and 
Stress Scale–21 (DASS-21; Lovibond & Lovibond, 1995), a 
21-item self-report measure that assesses mood state over 
the past 7 days using a 4-point Likert-type scale. Items 
include statements such as “I found it hard to wind down,” 
“I tend to over-react to situations,” and “I felt that life was 
meaningless.”

BMI and recovery status. BMI is a weight-to-height 
ratio commonly used as an indicator of healthy weight. 
BMI was assessed both at baseline and at posttreatment 
follow-ups. BMI was combined with ED psychopathol-
ogy to determine recovery status at follow-ups. Specifi-
cally, recovery status was defined as follows: recovered = 
BMI > 18.5 kg/m2 and EDE global score < 2.77; partially 
recovered = BMI ≤ 17.5 kg/m2 and EDE ≤ 2.77, BMI 
between > 17.5 kg/m2 and ≤ 18.5 kg/m2, or BMI > 18.5 
kg/m2 and EDE > 2.77; not recovered = BMI ≤ 17.5 kg/m2 
and EDE > 2.77 (Schmidt et al., 2016).

Clinical impairment. Clinical impairment was assessed 
using the Clinical Impairment Assessment (CIA; Bohn & 
Fairburn, 2008), a self-report measure of impairment 
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resulting from the individual’s ED. This is a 16-item ques-
tionnaire that generates a single global score to signify 
level of impairment. The CIA has shown high internal 
consistency, test-retest reliability, and construct validity in 
transdiagnostic treatment trials (Bohn et al., 2008).

Analyses

Network generation & stability. Network models were 
estimated using the qgraph package (Version 1.4.4; 
Epskamp, Cramer, Waldorp, Schmittmann, & Borsboom, 
2012) for the R software environment. Networks were 
generated using the graphical least absolute shrinkage and 
selection operator (LASSO) method, which estimates regu-
larized partial correlations between nodes. The graphical 
LASSO shrinks small partial correlations to 0 to reduce 
false-positive errors. The degree of shrinkage can be 
altered by using a hyperparameter; in this case, we chose 
a low hyperparameter ((γ = 0.0) to maximize the stability 
of the network and balance sensitivity and specificity 
(Epskamp & Fried, 2018).

To measure the centrality of nodes in the network, 
we used expected influence (Robinaugh, Millner, & 
McNally, 2016). Expected influence is defined as the 
sum of all edges that extend from a given node, 
accounting for both positive and negative values. 
Expected influence shows performance superior to 
other types of centrality when networks include both 
positive and negative edges (Robinaugh et  al., 2016; 
McNally, 2016). As many of our networks included both 
positive and negative edges, we opted to use expected 
influence for all of our analyses. Expected-influence 
values were calculated with the networktools package 
(Version 1.1.0; Jones, 2018) for the R software environ-
ment. Centrality estimations can occasionally be affected 
by problems with restricted ranges of variance. To test 
for this problem, we tested the correlation between 
expected influence values and node variances.

The stability of each network we generated was 
assessed using a modified version of the bootnet pack-
age (Version 1.0.2; Epskamp et  al., 2012) for the R 
software environment, which allowed us to assess the 
stability of expected influence and bridge expected 
influence (the code is available in the Supplemental 
Material available online). For each network, a 
correlation-stability (CS) coefficient is computed to 
assess stability. This coefficient indicates the maximum 
proportion of the original sample that can be dropped 
while confidently retaining centralities that correlate 
highly (r > .7) with the original sample. It is suggested 
that a CS coefficient of .25 or above indicates adequate 
stability and a coefficient of .5 or above indicates good 
stability (Epskamp et al., 2018). In addition, we used 
nonparametric bootstrapped difference tests for all 
measures of centrality.

AN networks. Nodes in the AN network were drawn 
from the EDE. Consistent with past network analyses of 
eating disorders (e.g., Dubois et al., 2017; Levinson et al., 
2017, 2018; Olatunji et al., 2018), we selected items that 
are hypothesized to play a role in the etiology and/or 
maintenance of eating disorders (see Jones, Heeren, 
et  al., 2017). Because our sample size was small (N = 
142), we were underpowered for a statistical analysis of 
node topological overlap. Thus, we relied on previous 
node selection in the literature (Levinson et  al., 2017). 
The results of an exploratory test of the goldbricker func-
tion for statistically detecting topological overlap in our 
data are included in the Supplemental Material. We gen-
erated network models of ED symptoms for each time 
point in the study.

AN comorbidity networks. We also generated a net-
work model of comorbid ED symptoms with depression 
and anxiety at baseline using items from the DASS in 
addition to the chosen EDE measures. To determine the 
community structure of the combined EDE/DASS net-
work, we used a spinglass detection algorithm (Reichardt 
& Bornholdt, 2006), setting the maximum number of 
detectable communities to four (i.e., AN, depression, 
anxiety, and stress; four spins). The algorithm detected 
that items separated into three communities, aggregating 
stress items with anxiety items into a single community. 
Thus, in the comorbidity network, we used a three-
community structure (AN, depression, and anxiety/stress) 
to calculate bridge-centrality statistics.

In the comorbidity networks, we aimed to identify 
bridge symptoms between ED and comorbid depression 
and anxiety symptoms. Bridge symptoms are those that 
play a primary role in connecting two or more psychi-
atric disorders (Cramer et al., 2010). Bridge symptoms 
can be assessed using bridge-centrality statistics (Heeren 
et al., 2018; Jones, Ma, et al., 2017); specifically, we used 
bridge expected influence. Bridge expected influence 
is defined as the sum of all edges that connect a given 
node to all nodes in a community outside its own. For 
example, the bridge expected influence of the node 
avoideat in the AN network with depression would be 
measured by taking the sum of all edges that connect 
avoideat to nodes in the depression community.

Prognostic value of central symptoms. To test whether 
central symptoms had greater prognostic value in predict-
ing treatment outcomes relative to less-central symptoms, 
we first computed zero-order correlations between each 
symptom at baseline with three outcome measures: treat-
ment recovery status (recovered, partially recovered, 
nonrecovered), clinical impairment, and posttreatment 
BMI. We used zero-order correlations because we were 
interested in the robustness of each symptom as an inde-
pendent predictor (rather than as a marginal predictor 
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above other symptoms, which would have biased prog-
nostic value toward especially unique symptoms, not 
necessarily symptoms that were strong predictors in gen-
eral). These correlations were interpreted as the prognos-
tic value of symptoms. For example, if there were a 
strong correlation between feeling fat at baseline and 
clinical impairment posttreatment, feeling fat would be 
interpreted as having a high prognostic value.

Subsequently, we used linear regression to determine 
whether symptoms with higher expected influence also 
had greater prognostic value. We regressed expected 
influence centrality at baseline onto each type of prog-
nostic value in separate univariate regressions. Each 
regression included exactly one independent variable 
(standardized expected influence at baseline) and 
exactly one dependent variable (prognostic value based 
on recovery status at 6 months, clinical impairment at 
6 months, and BMI at 6 months; see Table 1). The 
strength of these regressions indicates to what extent 
centrality at baseline (expected influence) is related to 

the prognostic utility of each symptom (as determined 
post hoc, after treatment is concluded). If centrality at 
baseline is related to prognostic value, this is consistent 
with what we would expect if anorexia nervosa symp-
toms were generated from a network model.

Results

Network generation & stability

The expected influence centrality in the AN networks 
had high stability at all time points (CS = 0.75, 0.71, 
0.64, 0.64). Expected influence values were not signifi-
cantly related to node variances at any time point (p = 
.96, .69, .21, .58). Stability of bridge-centrality metrics 
was adequate in the baseline network (CS = 0.27) and 
ranged from inadequate to adequate in the follow-up 
networks (CS = 0.19, 0.23, 0.30). Accordingly, we pres-
ent and interpret centrality values from the AN network 
at all time points but present and interpret bridge 

Table 1. Prognostic Value of Anorexia Symptoms

Symptom
Non-

recovery
Clinical 

impairment
BMI (reverse-

scored)

Avoidance of eating 0.23 0.28 0.09
Bingeing 0.13 0.04 –0.08
Discomfort seeing one’s own body 0.19 0.27 –0.09
Dieting rules 0.19 0.07 0.16
Desire for an empty stomach 0.34 0.40 0.00
Excessive exercise 0.07 0.06 –0.01
Discomfort with exposure 0.05 0.21 –0.13
Fear of weight gain 0.27 0.34 –0.16
Feeling fat 0.34 0.40 –0.07
Desire for flat stomach 0.36 0.42 –0.03
Food avoidance 0.36 0.37 0.03
Guilt over eating 0.28 0.39 –0.02
Strong desire to lose weight 0.35 0.34 –0.02
Loss of control over eating 0.11 0.27 –0.15
Overeating 0.04 0.05 0.02
Preoccupation with weight/shape 0.29 0.38 –0.05
Restriction 0.29 0.32 0.00
Eating in secret 0.01 0.01 0.01
Overevaluation of shape 0.20 0.29 –0.04
Shape importance 0.15 0.22 –0.01
Avoiding eating in social settings 0.19 0.23 0.08
Vomiting 0.15 0.21 0.01
Reaction to prescribed weighing 0.10 0.32 –0.16
Dissatisfaction with weight 0.24 0.19 –0.01
Weight importance 0.17 0.22 0.01
Preoccupation with food 0.24 0.33 –0.03

Note: Prognostic value was determined by computing Spearman correlations between 
symptom severity at baseline with posttreatment outcomes. Outcomes are coded such that 
higher values indicate poorer outcome. BMI = body mass index.
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centrality values only from the comorbidity network at 
baseline, where stability was adequate and sample size 
was at its highest. We limit interpretations of central 
nodes to those that diverged from other nodes in the 
bootstrapped difference tests, which are available in 
the Supplemental Material.

AN networks

Figure 1 depicts the expected influence of nodes at all 
time points (left) and the graphical LASSO network  
(γ = 0.0) of the baseline AN network (right). Expected 
influence values were consistent at all four time points, 
showing high correlations across all possible combina-
tions of networks (r > .75). Feeling fat (feelfat), fear of 
weight gain (fearwtgain), discomfort seeing one’s own 
body (bodydisc), dissatisfaction with weight (wtdis), 
and a strong desire to lose weight (losewt) had the 
highest expected influence (EI). Overeating (overeat), 
eating in secret (secreteat), and excessive exercise 
(excesexer) had consistently low EI values.

Data from all participants (N = 142) were included 
at baseline. Participants completed measures at 6-month, 
12-month, and 24-month postrandomization follow-ups. 
Some participants dropped out over the course of treat-
ment, resulting in smaller sample sizes over time (n = 
142, 119, 113, 105 for each time point, respectively). 
Figures depicting follow-up network structures can be 
found in the Supplemental Material.

AN comorbidity network

Figure 2 depicts bridge centralities between the AN 
symptom network and depression or anxiety/stress 
(left) and the comorbidity network among AN, depres-
sion, and anxiety and stress at baseline (right). Several 
symptoms that bridge AN with depression or anxiety 
were identified. The bridge centrality of ED symptoms 
is defined here as the bridge EI of ED symptoms on 
both depression and anxiety. The bridge centrality of 
anxiety or depression symptoms is defined as their 
bridge EI on ED symptoms.

Feelings of worthlessness had the highest bridge cen-
trality connecting depression and eating disorders. Hav-
ing a negative reaction to wanting to weigh oneself 
weekly and not wanting to eat in social situations were 
strongly associated with anxiety and depression. Many 
of the central AN symptoms (e.g., fearwtgain and feel-
fat) were not highly associated with anxiety/stress or 
depression. Bridge centralities between each comorbid 
group separately (e.g., bridges between AN and depres-
sion only, bridges between AN and anxiety only) can 
be found in the Supplemental Material.

Prognostic value of central symptoms

We first computed zero-order correlations between 
each symptom at baseline and three outcome measures: 
treatment recovery status (recovered, partially recov-
ered, nonrecovered), clinical impairment, and posttreat-
ment BMI. Outcome measures were coded such that 
higher scores indicate poorer prognosis (e.g., greater 
impairment). A high correlation therefore indicates that 
the severity of the symptom at baseline was associated 
with a poor prognosis. The results of this analysis are 
presented in Table 1. Unsurprisingly, all symptoms posi-
tively correlated with failure to recover and with clinical 
impairment, indicating that individuals with more 
severe symptom levels were less likely to recover and 
were more likely to suffer from clinical impairment after 
treatment. The same was not the case for posttreatment 
BMI; many symptom severities at baseline were actually 
associated with higher posttreatment BMI. We refer to 
the values in Table 1 as prognostic values: Higher values 
indicate that the symptom is a robust predictor of 
prognosis.

We then tested whether the centrality of symptoms 
at baseline was associated with prognostic values. Cen-
trality of symptoms at baseline was significantly associ-
ated with prognostic values for recovery status (β = 
0.72, p < .001) and clinical impairment (β = 0.74, p < 
.001) but not for reverse-scored posttreatment BMI  
(β = –0.34, p = .09). The significant results of this analy-
sis are presented in Figure 3. To properly understand 
this figure, it is important to recognize that each point 
represents a symptom (i.e., node) in the network. A 
point that is toward the right on the x-axis represents 
a symptom that was highly central. A point that is high 
on the y-axis represents a symptom that was highly 
prognostic of recovery failure or clinical impairment. 
The relationship thus represents an association between 
a symptom’s centrality (as determined at baseline) and 
the prognostic value of that symptom (as determined 
after treatment).

Discussion

Using network analysis, we sought to provide empirical 
evidence for the central symptoms of adult AN, identify 
key bridge symptoms that link adult AN to anxiety/
stress and depression, and to demonstrate that central 
symptoms of AN at baseline are uniquely important 
prognostic indicators for recovery and clinical impair-
ment at follow-up. Taken together, these results offer 
guidance for developing more targeted psychological 
treatments that may improve positive outcomes for 
patients with adult AN. In addition, the present study 
improved on several methodological issues of previous 
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network analyses of patients with AN by examining 
longitudinal data from patients with a wide range of 
symptom severity.

Central symptoms of AN

Feeling fat, a strong desire to lose weight, discomfort 
seeing one’s own body, and a fear of weight gain were 
central to the AN psychopathology network. These 

symptoms had the highest EI in the network, which 
suggests that they had strong positive connections to 
other nodes in the network. These results are consistent 
with current diagnostic criteria for AN, which include 
an intense fear of weight gain and strong feelings of 
discomfort with one’s body weight and shape (Ameri-
can Psychiatric Association, 2013).

These results also share some overlap with network 
analyses reported previously concerning primarily 
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Fig. 2. (continued on next page)
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adult samples. Various studies of transdiagnostic sam-
ples have emphasized the central role of overvaluation 
of weight and shape (Dubois et al., 2017; Forrest et al., 
2018; Levinson et  al., 2017) or dissatisfaction with 
shape and weight (Goldschmidt et  al., 2018) in ED 
more broadly. Studies have also indicated a central role 
of fear of weight gain (Forrest et al., 2018; Goldschmidt 

et al., 2018; Levinson et al., 2017) and desire to lose 
weight (Forrest et  al., 2018; Levinson et  al., 2017). 
Using data from the EDE-Q and a large sample size, 
Forrest et  al. (2018) noted that fear of weight gain, 
desiring weight loss, restraint, shape and weight preoc-
cupation, and shape overvaluation were central to the 
AN network.

avoideat
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b

Fig. 2. Bridge expected influence among the AN symptoms network and depression or anxiety/
stress (a) and the comorbidity network among AN, depression, and anxiety/stress at baseline 
(b). avoideat = avoidance of eating; binge = bingeing; bodydisc = discomfort seeing one’s own 
body; dietrule = dieting rules; emptystom = desire for an empty stomach; excesexer = exces-
sive exercise; expodisc = discomfort with exposure; fearwtgain = fear of weight gain; feelfat = 
feeling fat; flatstom = desire for flat stomach; foodavoid = food avoidance; guilt = guilt over 
eating; losewt = strong desire to lose weight; losscontrol = loss of control over eating; overeat = 
overeating; preoc = preoccupation with weight/shape; restrict = restriction; secreteat = eating in 
secret; shapedis = overevaluation of shape; shapeimport = shape importance; socialeat = avoid 
eating in social situations; vomit = vomiting; weigh = reaction to prescribed weighting; wtdis = 
dissatisfaction with weight; wtimport = weight importance; preoc_fd = preoccupation with food.
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Studies conducted over the past several years have 
corroborated the ability of network analysis to accu-
rately identify the central symptoms of psychological 
disorders (Bringmann et  al., 2013; Fisher, Reeves, 
Lawyer, Medaglia, & Rubel, 2017). Identification of 
these central symptoms may provide more effective 
clinical targets to improve posttreatment outcomes 
associated with a specific disorder. For instance, in a 
network analysis of rumination, Bernstein, Heeren, and 
McNally (2017) identified a positive feedback loop 
among perseveration, negative thinking, decreased 
working memory capacity, and less inhibitory control, 
where lower working memory capacity predicted 
higher levels of self-criticism (a key component in rumi-
nation). Tailoring treatment to target one or more of 
these central symptoms of rumination could deactivate 
the feedback loop, decreasing posttreatment outcomes 
of rumination across the board.

Likewise, the results of the present study may be 
applied to tailor existing clinical treatments for adult 
AN and improve posttreatment outcomes associated 
with AN. In particular, these results suggest that treat-
ments targeting more central symptoms, such as dis-
comfort seeing one’s own body, fear of weight gain, a 
strong desire to lose weight, and feeling fat, may be 

more effective in disrupting the AN symptom network 
than other current frontline treatments for adult AN 
(e.g., SSCM, MANTRA, and focal psychodynamic ther-
apy). Further longitudinal and experimental studies are 
necessary to more definitively determine the clinical 
utility of targeting central symptoms in treatment and 
the most effective therapeutic methods to target these 
central symptoms.

Comorbidity in AN

Feelings of worthlessness, not wanting to eat in social 
situations, and negative reaction to weighing oneself 
weekly were identified as central bridge symptoms 
among AN and anxiety/stress and depression symp-
toms. These results are consistent with initial research 
on the mechanisms of comorbidity in EDs more broadly. 
Olatunji and colleagues (2018) found that ineffective-
ness (i.e., feelings of worthlessness and inadequacy) 
was associated with symptoms of depression at dis-
charge in a transdiagnostic ED sample. In a comorbidity 
network analysis of two samples, one a clinical sample 
of individuals with an ED diagnosis (84.8% with a diag-
nosis of AN or atypical AN) and one a nonclinical 
sample of college students, Vanzhula, Calebs, Fewell, 
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and Levinson (2018) identified binge eating, irritability, 
shape and weight dissatisfaction, and concentration dif-
ficulties as potential pathways linking ED and posttrau-
matic stress disorder (PTSD) psychopathology. Work by 
Levinson et al. (2018) suggests that others watching you 
drink, eating in public, and others seeing you eat are 
potential bridge symptoms between social anxiety dis-
order and ED networks. The present findings add to the 
literature on the mechanisms of comorbidity in adult 
AN more specifically and highlight a few symptoms less 
central to the AN network that may also be important 
targets for improving posttreatment outcomes in patients 
with comorbid depression and anxiety/stress.

These results are particularly important given the 
high rates of comorbidity between AN and anxiety dis-
orders (53%) and affective disorders (51%; Spindler & 
Milos, 2007). Until recently, frontline treatments for 
adult AN often provided little to no guidance on how 
to deal with comorbidity, and clinician capacity was 
strained trying to learn how to effectively use and inte-
grate independent treatment protocols to treat AN 
patients with comorbid disorders (Shafran et al., 2009). 
A recent review by Thompson-Brenner and colleagues 
(2018), however, noted that application of the unified 
protocol, a transdiagnostic, modular treatment that tar-
gets emotion awareness and acceptance, to residential, 
day-hospital, and intensive outpatient programs for 
patients diagnosed with EDs has shown positive effects 
on patient outcomes. These findings are particularly 
relevant to the treatment of patients diagnosed with an 
ED and a comorbid disorder, given that many ED 
patients in residential programs also present severe 
symptoms of disorders such as PTSD, substance abuse 
disorder, and social phobia. Alternatively, highly tar-
geted brain-directed interventions such as noninvasive 
brain stimulation have shown promise in treatment of 
comorbidities, such as depression in AN, and can read-
ily be combined with psychotherapeutic approaches 
(Dalton et al., 2018).

The present analysis of critical associations between 
AN and anxiety/depression could help further inform 
a treatment protocol that can more effectively treat 
patients with adult AN and a comorbid disorder by 
targeting specific, clinically relevant symptom domains 
to increase long-term positive patient outcomes. Such 
targeted therapy has shown success in anxiety disor-
ders, attention-deficit/hyperactivity disorder, conduct-
related disorders, and mood disorders (Weisz et  al., 
2012), as well as social anxiety disorder, generalized 
anxiety disorder, and social phobia (Chiu et al., 2013), 
and holds promise for use in treatment of other psy-
chiatric disorders. More specifically, prior work on tar-
geted therapy in other areas of psychopathology used 
modular therapy, a flexible treatment plan that breaks 

down common therapeutic protocols into smaller mod-
ules of content that can be arranged and combined 
according to a patient’s needs and supports the efficacy 
of modular treatment protocols (Chiu et al., 2013; Weisz 
& Chorpita, 2012; Weisz et al., 2012). In the context of 
network analysis and ED treatment application, modu-
lar protocols would be easily adaptable to focus on 
central symptoms identified from individual-level 
networks.

The high bridge centrality of feelings of worthlessness 
was particularly interesting and builds on earlier work 
by Olatunji et al. (2018). Worthlessness could provide 
a potential link between the negative self-referential 
cognitive distortions seen in AN and other symptoms 
of depression. Our network structure provided some 
support for this hypothesis: Feelings of worthlessness 
were strongly connected to the depression symptoms 
of meaninglessness and anhedonia and connected to 
several AN symptoms, including negative reaction to 
weighing oneself weekly. Note that negative self-beliefs 
(e.g., I am a failure) or negative self-schemata (e.g., 
sense of defectiveness, incompetence, failure) centering 
on the theme of worthlessness are common in AN and 
are thought to contribute to illness maintenance 
(Oldershaw, Lavender, Sallis, Stahl, & Schmidt, 2015).

Prognostic value of central symptoms

Network theory indicates that central symptoms may 
be strongly involved in the maintenance of disorders. 
It follows that high baseline severity scores on these 
central symptoms would therefore be associated with 
poor prognosis, whereas high baseline severity scores 
on noncentral symptoms would not be prognostically 
useful. We tested whether central symptoms would be 
prognostic indicators of treatment response in terms of 
recovery status and posttreatment clinical impairment. 
Centrality predicted prognostic value in terms of recov-
ery status and clinical impairment. In other words, all 
symptoms were associated with poor prognosis, but 
more central items were significantly more inhibitory 
to recovery. Although it may seem intuitive that symp-
tom severity affects treatment outcome, not all symp-
toms affect outcome equally. It has long been 
hypothesized that identification of highly central nodes 
can help tailor treatments to target the key symptoms 
of a disorder, thereby improving their effectiveness. The 
importance of central symptoms identified by network 
analysis as predictors of treatment outcome is a conten-
tious one in the field of psychopathology. Although 
some empirical data suggest that central symptoms are 
indeed more directly linked with changes in symptoms 
over time, researchers have noted several important 
limitations when it comes to interpreting centrality in 
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the context of treatment (Rodebaugh et al., 2018). Thus, 
the finding that the more central items in the AN net-
work were more associated with failure to recover in a 
longitudinal study is important for the network theory 
of mental disorders in general. It is particularly notable 
that centrality values predicted clinical impairment, 
which was an independent measure from the items 
included in the network. These results lend empirical 
support for the idea that network analysis on baseline 
data can identify specific symptoms that may have par-
ticularly strong influence on recovery status and clinical 
impairment.

It is important to note that these results demonstrate 
a connection between central symptoms and failure to 
recover at the group level. Further evidence is needed 
to determine whether personalized network profiles 
would correspond with prognostic indicators of recov-
ery at the individual level (Fisher et al., 2017). Research-
ers in the ED field could collect ecological momentary 
assessments of symptoms from patients before treat-
ment to develop and test such profiles.

Limitations

Although data were drawn from a large, multisite RCT, 
the sample size at baseline was still relatively small  
(N = 142). Stability analyses indicated high stability for 
centrality estimates at all time points and adequate 
stability for bridge-centrality estimates at baseline. 
Follow-up time points were subject to substantial attri-
tion (Ns = 119, 113 and 105), although centrality estimates 
remained stable and consistent despite dropouts (see 
Fig. 1). Bridge-centrality estimates at other time points 
are not presented because of stability concerns. In addi-
tion, 139 of 142 participants at baseline were female, 
making generalizations to nonfemale patients difficult. 
Further research should incorporate higher numbers of 
males and participants of non-White ethnicities to 
determine differences in AN presentation across gen-
ders and cultures. The individuals included in this study 
were also from a treatment-seeking population, which 
limits the generalizability of our results to nontreatment-
seeking or community samples of individuals with AN. 
Our inclusion criteria, however, ensured the representa-
tion of patients with variations in AN severity.

Network theory is particularly useful in identifying 
the most central symptoms of psychological disorders, 
but it has several limitations that future research should 
address. Such limitations include network generaliz-
ability and stability, proper node selection, and power 
analysis (Smith et al., 2018). In the future, researchers 
should also consider integrating several different mea-
sures of each symptom to avoid bias from single 

measures (McNally, 2016). In addition, there is currently 
no single consensus method to test the prognostic value 
of central symptoms. In contrast to previous work by 
Olatunji et al. (2018) and Rodebaugh et al. (2018), in 
the present study we used zero-order correlations to 
develop the index of “prognostic value” for each symp-
tom. We believe that the most straightforward way to 
test our hypothesis of whether centrality is related to 
prognostic value was to see whether centrality predicts 
prognostic value in a regression.

In sum, this study was one of the first to use network 
analysis to examine the central symptoms of AN using 
a longitudinal data set. In addition, the current study 
expands existing literature on comorbidity in EDs to 
AN specifically and begins to elucidate the symptom-
level mechanisms for comorbidity in AN. Our results 
also suggest predictive relationships between central 
AN symptoms and posttreatment outcomes and clinical 
impairment, which is particularly significant given that 
the use of central symptoms as predictors of treatment 
outcomes has previously been contentious in the field 
of psychopathology. Further experimental research is 
necessary to validate the clinical utility of these findings 
in developing more tailored interventions that target 
the central symptoms of AN to improve posttreatment 
outcomes.
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Note

1. In our sample, duration of illness predicted posttreatment 
clinical impairment (r = .23, p = .02) but not posttreatment 
recovery status (r = .13, p = .24).
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