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Abstract

Objective To explore mental health associations during eating disorder (ED) treatment. Based on the dual-continua
model of mental health, general and ED-specific psychopathology, as well as emotional, psychological, and social well-
being were considered as mental health domains.

Method Network analyses with panel data were applied to explore within- (temporal and contemporaneous networks) and
between-person effects in a sample of 1250 female ED patients during 12 months of outpatient treatment. The associations
between the domains and their centrality were examined. Autoregressive and cross-lagged effects were also estimated.
Results ED psychopathology was the most central domain in the temporal network. ED psychopathology changes
predicted further ED psychopathology changes and small changes in the other domains. Weak bi-directional associations
were found between changes in the well-being domains and general psychopathology. In contrast to the temporal
network, ED psychopathology was the least central and psychological well-being the most central domain in the
contemporaneous and between-subjects networks. This suggests a central role of psychological well-being for
experiencing mental health within time points.

Conclusions ED psychopathology may change relatively independent from other mental health domains. Well-being
domains may be considered as more stable aspects of mental health.

Keywords: network psychometrics; well-being; psychopathology; eating disorders; recovery

Clinical or methodological significance of this article: Panel data network analyses may provide additional knowledge
about how mental health changes during treatment. We found that eating disorder psychopathology may change relatively
independently from other mental health domains (temporal effects), while psychological well-being may be considered a
more stable and influential domain for experiencing mental health within time points (contemporaneous effects). In line
with current evidence, our findings corroborate that a strong focus on ED symptom change should be considered a primary
aim of treatment. In addition, an important secondary aim of treatment could be to focus on promoting mental well-being.

Eating disorders (EDs), such as anorexia nervosa (Galmiche et al., 2019). EDs lead to impaired
(AN), bulimia nervosa (BN), and binge eating dis- quality of life and an increased risk for somatic com-
order (BED), are psychiatric disorders with a lifetime plications and mortality (van Hoeken & Hoek,
prevalence of over 8% for women and 2% for men 2020). Also, psychiatric co-morbidity rates of over
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70% are reported in ED patients (Keski-Rahkonen &
Mustelin, 2016). The specific symptoms of an ED
are dependent on the type and concern disordered
behaviours, such as restricting or bingeing, compen-
satory behaviours such as self-induced vomiting, and
cognitive and emotional disturbances around eating,
weight and body shape (American Psychiatric
Association, 2013). ED treatments show modest
effects in terms of how many patients achieve remis-
sion on core symptoms (Grenon et al., 2019; van
Hoeken & Hoek, 2020).

A better understanding of how symptoms interact
and change over time may give direction on how to
improve treatments. One innovative scientific
approach to explore symptom associations and
change is the application of psychometric network
theory. Psychometric network theory suggests that
psychopathological symptoms become self-sustain-
ing in psychiatric disorders by actively maintaining
and reinforcing each other (Borsboom, 2017).
These self-sustaining patterns lead to a network of
symptoms becoming stuck in a “disorder state”
(Borsboom, 2017). Knowledge of how symptoms
maintain or reinforce each other during treatment
may be crucial for understanding which symptoms
to address (Jordan et al., 2020).

A psychometric network gives a visual overview of
how symptoms (described as nodes in a network) are
associated with each other (described as edge-
weights) (Epskamp et al., 2014). Also, the centrality
of the nodes can be measured in terms of how well
connected a node is to other nodes (Bringmann
et al., 2019). Centrality implicates the influence of
a node in a network compared to the other nodes
(Epskamp et al., 2014). There is a rapidly growing
body of psychometric network studies in ED
patients, leading to a better understanding of how
symptoms are related to each other. These studies
have either focused on the associations among ED
symptoms (within and across ED types), or on a
combination of ED symptoms and co-morbidity,
such as trauma, social anxiety or general psycho-
pathology (i.e. general distress, anxiety and mood
symptoms). Overall, similar central ED symptoms
were found across studies, such as shape and
weight over-evaluation (Elliott et al., 2020; Levinson
et al., 2017). Also, influential co-morbid symptoms
across studies were found in ED patients, such as
feeling overwhelmed, nervousness, concentration
difficulties, low self-esteem (Smith et al., 2019),
depression, anxiety, interpersonal sensitivity and
ineffectiveness (Monteleone et al., 2019).

Networks were estimated recently in ED patients
with a focus on mental health (de Vos et al., 2021).
These networks were based on a general framework
for mental health consisting of psychopathology

(i.e. ED specific and general psychopathology) and
domains of mental well-being (de Vos et al., 2021).
The World Health Organization (WHO) explains
mental health not merely as the absence of psycho-
pathology but also as the presence of mental well-
being (Promoting Mental Health. Concepts, Emerging
Evidence, Practice, 2004). This has been operationa-
lized as the dual-continua model of mental health
(Keyes, 2005). A substantial body of research shows
that psychopathology and well-being are not two
extreme ends of a single continuum but distinct yet
related continua, suggesting that both should be
addressed in a mental health framework (Bohlmeijer
& Westerhof, 2020). The importance of a broader
focus on mental health in treatment is growingly
recognized (Bohlmeijer & Westerhof, 2020). Mental
well-being can be defined in several ways but is
often explained in three domains: emotional, psycho-
logical, and social (Keyes, 2005). Former research on
the mental health network in ED patients showed that
psychological well-being was the most central domain,
and ED psychopathology was only weakly related to
well-being (de Vos et al., 2021). Also, a more detailed
network on a symptom level was estimated, consisting
of psychopathology (6 ED specific and 16 general
symptoms) and 14 well-being symptoms. Feeling
depressed, feeling worthless in life, purpose in life,
and self-acceptance were the most influential nodes
in the symptom network (de Vos et al., 2021).

Psychometric network theory suggests that changes
in influential symptoms may lead to more substantial
changes in overall mental health than changes in per-
ipheral nodes (Borsboom, 2017). The rationale is,
therefore, that the most central nodes should be of
primary importance in treatment. There is, however,
discussion about the actual practical implications of
centrality in networks (Bringmann et al., 2019).
Network studies in EDs primarily used cross-sectional
study designs depicting average associations across
patients at one time-point. Cross-sectional studies
do not allow to test for changes and symptom-to-
symptom effects over time. In other words, a
network estimated on a cross-sectional dataset may
provide information about how symptoms are
related overall in a group or on a population level.
However, they do not depict associations over time
within patients. Therefore, based on current studies,
it cannot be concluded which symptoms maintain or
influence other symptoms over time. Interpreting
average associations on a population level as within-
subjects processes may lead to wrong conclusions
(Hamaker, 2012).

Clinicians are in general interested in how changes
occur in their patients (within-subjects effects)
instead of general effects across patient groups
(between-subject effects). Clinicians may wonder



which symptoms to address during treatment to
achieve recovery in their patients effectively or
which psychopathological or well-being symptoms
should be treated first or simultaneously. For
instance, is it more efficient to promote self-accep-
tance or purpose in life first before patients can
change their ED behaviours or vice versa, or is this
individually different? These questions are highly rel-
evant in ED patients because disparate evidence-
based treatments give similar results in terms of effec-
tiveness (Grenon et al., 2019), while they have very
different theoretical assumptions about what leads
to change. It is largely unclear how symptoms are
related and change over time in patients from a psy-
chometric network perspective.

Appropriate statistical methods to estimate net-
works and network dynamics over time have only
become available recently (Epskamp, 2020).
Epskamp introduced a novel framework to examine
psychometric network effects over time with panel
and time-series data (Epskamp, 2020). In the
panel-data model, average within-subjects effects
and between-subjects effects (relationships between
stable means) are estimated in separate networks.
This allows to explore how, on average, symptoms
interact with or maintain other symptoms over time
within ED patients and separately explore average
associations between symptoms on a sample level.

In sum, ED treatments show modest effectiveness,
and understanding symptom associations over time
in patients may provide relevant clues to improve
treatments. Change should be considered within a
broad mental health framework, depicting both psy-
chopathological symptoms and mental well-being.
Novel network analysis has recently become available
to explore mental health networks over time, but no
studies have been published to date in ED patients
using panel data. This study aimed to explore
mental health networks over time during outpatient
treatment in a large and representative sample of
patients with EDs. We used an explorative, data-
driven approach with novel network methodology
(Epskamp, 2020) to estimate average within- and
between-person symptom associations over time.

Methods
Research Design and Procedure

A panel data design with multiple measurements was
used. Data was collected at xxxx, a specialized ED
treatment centre with locations across the Netherlands
(xxxx). The measurements are based on routine
outcome monitoring (ROM) data, collected every
three months during a year of ED outpatient treat-
ment. A total of five time points were used, including
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a baseline measure at the start of treatment. ROM
data consists of self-report questionnaires that patients
repeatedly fill in to monitor treatment progress. Clini-
cians discuss the results in a multidisciplinary team
consisting of a psychiatrist, clinical psychologist,
family therapist and dietician, and separately with the
patient. The questionnaires were sent automatically
and digitally via Questmanager, a software programme
for patient-reported outcomes. Patients were given
two weeks to fill in the questionnaires by default.
However, this could be extended for another two
weeks if necessary. This observational study did not
lead to any extra workload for patients. Patients were
informed about the aims of the study and signed an
informed consent stating that they could withdraw
their approval to include their data for research pur-
poses. The study was approved by the Psychology
Ethics Committee of the University of Twente.

Patients followed outpatient treatment with ses-
sions once or twice a week with a psychologist. The
treatment centre used no pre-set length of treatment,
and the majority of patients were in treatment for
longer than a year. The procedure to terminate a
treatment involved a session with the multidisciplin-
ary team, and a separate conversation with the
patient, to discuss whether the treatment goals were
met and whether it would have added value to con-
tinue treatment. Also, patients could end treatment
for a variety of reasons. The following methods
were used in treatment; insight oriented therapy,
cognitive behavioural therapy, emotion-regulation
and food/weight management. Primary therapists
were licensed practitioners/psychologists who were
recovered themselves from an ED and trained to
use their experiential knowledge in treatment.

Participants

Participants were patients diagnosed with an ED by a
psychiatrist in collaboration with a clinician and die-
tician at intake. The inclusion criteria were (1) a
minimum age of 17 (criterion to apply for treatment),
(2) a primary ED diagnosis, (3) being able to under-
stand and fill in the questionnaires, (4) consent to
participate in the research. Patients did not enter
treatment if they met one or more of the following
conditions during intake: severe and active auto-
mutilation, active psychosis, active suicidal ideation,
or acute somatic complications. In total, 1426
patients entered outpatient treatment between
March 2015 and January 2020 and followed at
least the first six months of treatment. Fifty-five
patients did not give consent, 39 patients had filled
in no (n=2), or only one measurement (n=37).
Because only 33 patients were men, they were
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Table 1. Characteristics of patients

BN
M (SD)
27.7 (1.9)
23.6 (4.6)
n (%)

BED
M (SD)
32.1 (11.4)
36.2 (9.3)
n (%)

OSFED
M (SD)
28.3 (9.4)
24.4 (7.6)
n (%)

ED AN
M (SD) M (SD)
Age Years 27.3 (9.1) 25.1 (8.5)
BMI (kg/m?) 22.5 (7.6) 16.7 (1.7)
n (%) n (%)
Educational level Secondary 597 (49.0%) 215 (55.6%)
Higher 612 (50.2%) 165 (42.6%)
Living situation Single 380 (31.4%) 89 (23.1%)
Co-morbidity Mood 377 (30.2%) 124 (31.4%)
Anxiety 307 (24.6%) 124 (31.5%)
PD 141 (11.3%) 55 (13.9%)
Other* 200 (16.0%) 67 (17.0%)

117 (43.5%)
151 (56.1%)
108 (40.8%)
83 (30.5%)
55 (20.2%)
30 (11.0%)
45 (16.5%)

39 (43.3%)
51 (56.7%)
27 (30.0%)
30 (31.9%)
10 (10.6%)
6 (6.4%)
12 (12.8%)

226 (47.8%)
245 (51.8%)
156 (31.9%)
140 (28.6%)
118 (24.2%)

50 (10.2%)

76 (15.5%)

Note: percentages are based on the number of available measures for each indicator. *Other psychiatric disorders included trauma and
stress-related disorders, neurobiological (developmental) disorders, substance abuse disorders, dissociative disorders, and behavioural

disorders

excluded, leading to 1250 included patients. Three
hundred and ninety-five patients were diagnosed
with AN (31.6%), 272 with BN (21.8%), 94 with
BED (7.5%) and 489 with other specified feeding
and eating disorders (OSFED, 39.1%). Patients’
characteristics for the complete sample and each
ED type can be found in Table 1.

Instruments and Node Selection

The following questionnaires were administered to
the patients: the Eating Disorder Examination Ques-
tionnaire (EDE-Q) (Fairburn & Beglin, 1994), the
Mental Health Continuum Short Form (MHC-SF)
(Lamers et al., 2011) and the Outcome Questionnaire
(0Q-45) (Jong et al., 2008). The EDE-Q measures
ED pathology (EDP) with 22 attitudinal items
divided over four subscales, eating concern (EAT),
restraint (RES), shape concern (SHA) and weight
concern (WEI) and a global scale. The frequency of
symptoms was measured over the past 28 days with
two 7-point Likert scale ranges from 0 (not 1 day) to
6 (every day), and from O (not at all) to 6 (extremely).
Lower scores are indicative of lower EDP. The EDE-
Q is an excellent indicator for measuring the severity
of EDP (Aardoom et al., 2012).

The MHC-SF measures overall mental well-being
and three subdomains, emotional (EWB), psycho-
logical (PWB) and social well-being (SWB), with 14
items (Keyes, 2002; Lamers et al., 2011). The pres-
ence of well-being was measured over the past
month with a 6-point Likert scale ranging from 0
(never) to 5 (always). Higher scores are indicative of
higher well-being. The Dutch MHC-SF has demon-
strated good construct validity (LLamers et al., 2011).

The OQ-45 measures symptomatic distress (SD),
social role, and interpersonal functioning. The SD
scale was used for this study to measure general

psychopathology (GPP) (Warmerdam et al., 2017).
The frequency of symptoms was measured over the
past week with a 5-point Likert scale, ranging from
0 (never) to 4 (always). Based on earlier work on
mental health network analysis in ED patients (de
Vos et al.,, 2021) and the assumptions of the dual
continua model (Keyes, 2005), the domains of
well-being (EWB, PWB and SWB) and psycho-
pathology (EDP, GPP) were considered as nodes in
the overall mental health network. For the measure-
ment of GPP, a modified 16-item scale of the OQ-45
SD scale was used according to the earlier network
study (de Vos et al., 2021). Items unrelated to GPP
(physical complaints) or which showed a substantial
topological overlap with well-being were excluded
from the modified scale. We were primarily inter-
ested in measuring psychopathology and wanted to
prevent potentially inflated correlations in the
network because of topological overlap (de Vos
et al., 2021). An example item of a physical com-
plaint is: “I have sore muscles”. An example of topo-
logical overlap between items of the SD scale and the
MHC-SF is: “I am satisfied with my life” versus;
“How often did you feel satisfied with life”. All
excluded items can be found in the study of de Vos
et al. (2021). The internal consistency of the scales
on each time-point can be found in Table 2.

Missing Data Strategy

Missing values in longitudinal studies may be inter-
mittent missing data or dropouts during treatment
(Yang & Shoptaw, 2005). Intermittent missing data
can be considered as occasionally missed data
points, for instance, a patient who missed a measure-
ment because he or she was on vacation. Dropouts
are missing data of patients who stopped treatment
due to whatever reason, which is especially relevant
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Table 2. Scales, abbreviations and internal consistency at each time-point.

Domain/scale Abbreviation T1 T2 T3 T4 T5
o o o o o
Emotional well-being EWB .85 .85 .88 .89 .89
Psychological well-being PWB .83 .85 .87 .88 .88
Social well-being SWB .73 .75 .78 .79 .81
General psychopathology GPP .88 .90 91 .92 .92
Eating disorder psychopathology EDP 91 .92 .94 .95 .95
Eating concern EAT .56 .65 .66 71 .70
Restraint RES .79 .80 .81 .82 .82
Shape concern SHA .86 .88 .90 91 .92
Weight concern WEI .75 .78 .81 .82 .83

Note: T1 = the measurement at the start of treatment, and T2 — T5 are recurring measurements every three months.

in observational data in outpatient treatment. See
Figure 1 for an overview of the missing data at each
time-point and the patients that went out of treat-
ment (cumulative). Intermittent missing data was
relatively stable across the time-points (T'1=9.1%,
T2=10.7%, T3=14%, T4=13.9% and T5=
15.5%). The effects of dropouts are present at T4
and T5, with respectively 3.6% and 7.6%. Note
that patients who stopped treatment around a time
point may still have filled in the questionnaires.
While intermittent missing data may be considered
as missing (completely) at random (MCAR/MAR),
this may not be the case for dropout data. For non-
simulated longitudinal data, it is difficult or even
impossible to discern if data are missing at random
or not missing at random (NMAR) (Coertjens et al.,
2017). Even if the MCAR assumption is met, it is
suggested to test the stability of the models’ results
under different subsamples, assuming MCAR,
MAR and NMAR (Coertjens et al., 2017). Isvoranu
and Epskamp (2021) suggest to apply data-driven
bootstrap methods to check the stability of the
results by taking multiple subsamples of the data. In
this study, the full information maximum likelihood

40,0%
30,0%
20,0%
9.1% 10,7%
10,0%
/o . 0,0%
0,0%

T1 T2

B Missing at time-point

14,0%

11,1%
0,0%
T3 T4

(FIML) estimator (Cham et al., 2017) was used to
address missing data, assuming M(C)AR (Jordan
et al., 2020). A simulation study showed that FIML
performed well on several stability benchmarks (i.e.
specificity, sensitivity and precision) when estimating
psychometric networks (Isvoranu & Epskamp, 2021).
In addition, 1000 bootstraps of 75% randomly
selected subsamples of the final models were run to
test the stability. The bootstrap results were compared
with the estimated models to check the stability of the
included edge-weights.

Analysis

Change scores Average scores of the mental health
domains were calculated. Further, the reliable
change index (RCI) was measured as the score at
twelve months minus the start of treatment divided
by the standard error of measurement, calculated
with the internal consistency (see Table 2, T1 and
T5 for the values of each scale) and SD. The pro-
portion of patients with normal health status (i.e.,
scoring within one SD of the community norms on
the domains) was additionally calculated. To

30,0%
25,0%

T5

17,0%

B out of treatment (cumulative)

Figure 1. Percentages of patients who missed a measure or went out of treatment. Note: Percentages of missing data at a time-point are based
on the number of patients in treatment at each time-point (T), while the cumulative out of treatment patients were based on the number of
patients included in the study. T'1 = the measurement at the start of treatment, and T2 — T'5 are recurring measurements every three months.
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measure the average change over time, linear growth
curve models were applied to estimate the average
slope (rate of change) using the r package Lavaan,
version 0.6-7 (Rosseel, 2021). Missing data were
addressed with FIML estimator, and linear model
fit was checked with the root mean square error of
approximation (RMSEA) and the incremental fit
statistics comparative fit index (CFI), and Tucker-
Lewis index (TLI) (Shi & Lee, 2019).

Background on network analysis. Mental
health domains were represented as nodes in the psy-
chometric networks and the (partial) correlations
between nodes as edge weights (Epskamp et al.,
2014). A network can be either undirected when
the edge-weights are represented without a direction
or causal relationships between nodes, or directed
when the edge-weights are directional, assuming
causal associations (i.e. nodes predicting other
nodes) (Fried et al.,, 2017). Undirected networks
can be estimated in a group of people in cross-sec-
tional data, while directed networks require longi-
tudinal data (Epskamp, 2020). Undirected
networks provide information about the structure of
psychopathology and which nodes are considered
influential (centrality) in the network. The relative
influence of the nodes (domains) in the networks
can be examined with strength centrality (S), which
is a measure of a node’s overall involvement in the
network, calculated as the sum of all absolute con-
nections to other nodes (McNally, 2016). For
directed networks, the in-strength and out-strength
were calculated. The out-strength is a measure of
how strongly a node influences other nodes, and
the in-strength is a measure of how strongly a node
is influenced by other nodes.

Model estimation: panel-gvar. Panel-gvar
models were fitted using version 0.9 of the Psychone-
trics package (Epskamp, 2021). The panel-gvar is a
graphical vector auto-regression model (GVAR)
(Epskamp, 2020). The (lag-1) GVAR model is a gen-
eralization of the Gaussian graphical model (GMM)
for time series (single subject design) or panel data
(multiple subjects) (Epskamp, 2020). The panel-
gvar is a multi-level model (measurement occasions
nested within individuals) with random effects on
the mean structure. The panel-gvar models three
separate networks depicting temporal and contem-
poraneous within-person effects, and between-
person effects.

Temporal network. Within-person dependen-
cies are modelled via regression on the previous
measurement in the GVAR, which can be used to

estimate a directed (temporal) network because it
encodes predictive effects over time (Epskamp,
2020). In a temporal network, autoregressive effects
(changes in a variable are predicted by the same vari-
able) and cross-lagged effects (changes in a variable
are predicted by another variable) are estimated.

Contemporaneous network. In addition, the
covariance structure can be modelled as a GGM after
controlling for the previous measurement occasion,
depicting within-person (contemporaneous) network
estimates within time points (Epskamp, 2020). Con-
temporaneous networks show within-person associ-
ations between nodes in the same measurement
window that cannot be explained by temporal effects
(Epskamp et al., 2018). These relationships between
nodes, in our case mental health domains, plausibly
unfold faster than over a three months time-frame of
measurement, such as moment to moment
associations.

Between-subjects network. A GMM network
can also be formed on the between-subjects effects
level (relationships between stable means) when
using panel data. This network explains how variables
are related on average across the time points (station-
ary means) (Epskamp, 2020). Between-subject net-
works are similar to psychometric networks
predominantly used in cross-sectional studies,
except that the between-subjects network depicts
how the variables are related on average across the
time points instead of within a single measurement.
Networks were estimated in three steps based on the
example study of Epskamp (2020). First, an unrest-
rained model was estimated without any penalties
for edge-weight inclusion using the FIML estimator.
Model fit was checked with the chi-square goodness
of fit test, RMSEA and CFI, the Akaike information
criterion (AIC), and the Bayesian information cri-
terion (BIC). However, a good model fit was expected
because of the data-driven exploratory approach, in
contrast to testing a more confirmatory model.
Next, a pruned model was estimated in which edges
that were not significant at o =0.01 were fixed to
zero. Third, using a stepwise search approach, a
model with an optimal BIC value was fitted. The
overall fit was then inspected for all three models.
The model with the lowest BIC and adequate
overall fit (i.e. CFI>0.95, RMSEA <0.06) was
chosen as the final model. Partial correlations of the
contemporaneous and between-subject networks, as
well as autoregressive temporal effects were con-
sidered weak when .10, moderate when .30 or
strong when .50 to interpret the edge-weights
(Cohen, 1988). The recommendations of Orth et al.



Table 3. Summary statistics of the mental health domains.
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Statistics
T1 T2 T3 T4 T5
M (SD) M (SD) M (SD) M (SD) M (SD) RCI Health status Slope
EWB 2.50 (1.08) 2.57 (1.08) 2.73 (1.09) 2.78 (1.10) 2.92 (1.07) 4.8% 59.8% 0.11**
PWB 2.44 (1.01) 2.53 (1.03) 2.69 (1.04) 2.85 (1.07) 2.91 (1.05) 3.9% 73.3% 0.14**
SWB 2.18 (0.99) 2.23 (1.02) 2.37 (1.05) 2.48 (1.06) 2.55 (1.08) 0.4% 87.6% 0.11**
GPP 2.11 (0.59) 2.04 (.63) 1.94 (.65) 1.85 (.69) 1.78 (.69) 36.1%* 27.7%* —0.09**
EDP 3.90 (1.16) 3.62 (1.24) 3.29 (1.33) 3.04 (1.41) 2.88 (1.41) 54.5% 24.9% —0.28**

Note: T1 = the measurement at the start of treatment and T2 — T'5 are recurring measurements every three months. The health status cut-off

scores were < 1.79 for EDP, > 2.78 for EWB, > 2.24 for PWB, > 1.29 for SWB, < 1.33 for GPP. ** =

<0.001. RCI = reliable change index.

(2022) were followed for the cross-lagged correlations
in the temporal networks. Edge-weight correlations
were considered weak when .03, medium when .07
and strong when .12.

Results
Change Scores

Table 3 shows the mean scores at each time-point,
the proportion of patients achieving reliable change,
scoring within community norms (normal health
status) at 12 months of treatment, and the average
change (slope) for the health domains. Good model
fit for a linear growth curve was found for EWB
(RMSEA =0.053, CFI=0.99, TLI=0.99), PWB
(RMSEA =0.050, CFI=0.99, TLI=0.99), SWB
(RMSEA =0.048, CFI=0.99, TLI=0.99), and
adequate model fit for GPP (RMSEA =0.066, CFI
=0.99, TLI=0.99), and EDP (RMSEA =0.090,
CFI=0.98, TLI=0.98). Statistically significant
slopes were found for all mental health domains
(see Table 3), indicating that patients’ mental
health improved across the domains during treat-
ment. EDP was the mental health domain in which
most patients showed a reliable improvement
(54.5%) and SWB the domain with the fewest
patients improving (0.4%). The majority of the

Table 4. Model fit indices of the mental health models.

statistically significant at the p-value of

patients were labelled with a normal health status
on the well-being domains at twelve months of treat-
ment, while this was only the case for 24.9% of the
patients on the EDP domain.

Estimating Psychometric Networks and
Bootstrap Results

Mental health network. We estimated a series of
networks to exploratively examine mental health
associations over time. Networks were estimated
with the overall mental health domains. Table 4
shows the model fit indices. All three models
showed significant deviation between model-
implied and observed data according to the %2 tests
(see Table 4). However, a good overall fit was
found for all models (RMSEA=0.036, CFI=
0.98). The unrestrained model showed the lowest
AIC value (47849.60), while the pruned step-up
model showed the lowest BIC value (48089.81).
Therefore, the most parsimonious model (the
pruned step-up model) was selected as the final
model.

Networks and node centrality. The estimated
mental health domains networks can be found in
Figure 2, and Table 5 shows the edge-weights and
centrality of the nodes for each network.

Model 12 df CFI RMSEA AIC BIC
Unrestrained 753.01* 290 0.98 0.036 47849.60 48157.86
Pruned 809.70* 307 0.98 0.036 47872.28 48092.91
Pruned step-up 792.34* 305 0.98 0.036 47858.92 48089.81
Extended model

Unrestrained 1465.94* 716 0.98 0.029 73765.26 74504.11
Pruned 1752.37* 786 0.98 0.031 73911.69 74291.37
Pruned step-up 1563.78* 775 0.98 0.029 73745.10 74181.22

Note: * = p-value < 0.01, df = degrees of freedom, CFI = comparative fit index, RMSEA = root mean square error of approximation, AIC =

Akaike information criterion, BIC = Bayesian information criterion.
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Figure 2. Mental health networks. Note: The node descriptions can be found in Table 2.

The temporal network shows several pathways
(directed partial correlations) with medium effect
sizes between the domains. EDP shows only out-
going pathways, with a positive medium partial cor-
relation to GPP (r=.11, p<.01) and negative
medium partial correlations to all well-being
(emotional, r=-.08, p <.01; psychological/social, r
=-.09, p<.01) domains over time. This results in
the highest out-strength (§=1.33) and lowest in-
strength (§=-1.71) A strong autoregressive corre-
lation was found for EDP (r=.46, p <.01). These
results indicate that changes EDP lead to further
changes in EDP, and relatively small improvements
in the overall mental health network. Bi-directional
associations were found in other domains, but
changes in these domains did not lead to improve-
ments in EDP over time. GPP shows the second-
highest out-strength with medium strength pathways
to well-being (emotional, r=-.11, p<.01; psycho-
logical, r=-.10, p<.01; social, r=-.08, p<.01).
No pathways between EWB and PWB were found.

The contemporaneous network shows average
within-person effects within time-points, or on a

time span briefer than a three month interval, while
controlling for temporal effects. Moderate partial
correlations were found for the following edge-
weights PWB by SWB (r=.38, p<.01), GPP by
EDP (r=.31, p<.01) and GPP by EWB (r=.30, p
<.01). PWB (§=1.26) and GPP (5=0.67)
showed the strongest strength centrality. Interest-
ingly, EDP had the lowest strength centrality (S =
—1.21) in the contemporaneous network.

The between-subjects network shows the average
relationships between stable means. Strong partial
correlations were found for the following edge-
weights PWB by EWB (r=.67, p<.01), PWB by
SWB (r=.50, p<.01), and GPP by EPD (r=.47,
p<.01). PWB had the highest strength centrality
(§=1.55) and EDP (§=-0.92) the lowest.

Bootstraps results. Overall, the bootstraps con-
sistently included the edge-weights of the final
model, especially for the contemporaneous model.
Although there were some edge-weights with lower
inclusion rates (around 500) for EDP to EWB (n=

Table 5. Estimated partial correlations and centrality results of the final mental health networks.

EWB PWB SWB GPP EPD Centrality
Estimated directed partial correlations (temporal) Out-S In-S
EWB .10 - - - - -0.98 0.36
PWB - .10 .05 -.05 - —-0.38 0.76
SWB - .04 12 - - -0.72 0.61
GPP -.11 —-.10 —-.08 .23 - 0.75 -0.03
EPD —.08 -0.9 -.09 11 .46 1.33 -1.71
Estimated partial correlations (contemp, lower triangle; Between, upper-triangle) Contemp-S Between-S
EWB .67 - -.22 - —-0.02 0.09
PWB .24 .50 -.21 - 1.26 1.55
SWB 17 .38 - .08 -0.71 -0.85
GPP -.30 -.27 - 47 0.67 0.13
EPD —-.05 -.10 —-.08 31 -1.21 -0.92

Note: S = standardized strength centrality, Contemp = contemporaneous, Between = Between-subjects. The meaning of the mental health

abbreviations can be found in table 1.
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Table 6. Estimated partial correlations and centrality results of the final mental health networks.

EWB PWB SWB GPP EAT WEI SHA RES Centrality
Estimated directed partial correlations (temporal) Out-S In-S
EWB .09 - - - - - - - -1.20 -0.31
PWB .05 .12 .08 -.07 - - -.02 - 0.26 0.11
SWB - .05 12 - - - - - -0.92 —-0.04
GPP -.12 —-.09 -.09 22 .04 - - - 0.99 -0.25
EAT - -.05 - .05 .23 .08 .09 .09 1.13 0.08
WEI - - - - - .13 .05 - -0.86 0.86
SHA - - - - - .07 .15 - -0.56 1.50
RES - - - .05 .14 .08 .09 .30 1.16 -1.96
Estimated partial correlations (contemp, lower triangle; Between, upper-triangle) Contemp-S Between-S
EWB .67 - -.19 - - —-.06 - -0.43 0.12
PWB .25 .49 -.23 - .03 - - 0.81 1.69
SWB .18 .39 - - - - .07 -1.01 -1.05
GPP -.31 -.26 .19 - .08 .12 0.45 -0.54
EAT - —.06 - .14 .20 .16 .20 —-0.31 -0.62
WEI - -.04 - .05 17 .79 - 0.84 0.19
SHA - - —-.05 .07 .18 .66 .18 1.25 1.18
RES - - - .09 .21 .09 11 —1.60 -0.96

Note: S = standardized strength centrality, Contemp = contemporaneous, Between = Between-subjects. The meaning of the mental health

abbreviations can be found in table 1.

517) in the temporal network and EDP by WB (n =
504) in the between-subjects network. Of note is the
edge-weight EDP by EWB in the contemporaneous
network, which was included in only 289 of the
1000 bootstraps. All bootstrap results can be found
in the supplements.

Extended mental health network. Given the
relatively stable bootstrap results of the final mental
health model and the solid out-strength centrality of
EDP in the temporal network, we were interested in
how the underlying EDP domains were more specifi-
cally interrelated and related to the other domains.
Therefore, an extended model was estimated, repla-
cing EDP with the subscales of the EDE-Q (EAT,
SHA, WEI and RES) to examine the relationships
between well-being, GPP and EDP in more depth.
See table 2 for an overview of the abbreviations of
the domains. The extended mental health models
also showed significant deviation between model-
implied and observed data according to the y2 tests
(see Table 4). The pruned step-up solution was con-
sidered as the final model, with a good fit (RMSEA =
0.029, CFI1=0.98) with the lowest AIC (73745.10)
and BIC (74181.22) value.

Networks and node centrality. The extended
network shows which EDP nodes are connected
with other nodes (i.e. GPP and well-being) and
how they are interconnected. Overall, the networks
show two separate clusters, a well-being cluster
including PWB and an EDP cluster.

The temporal network shows overall weakly con-
nected nodes. RES and EAT influence the other
EDP nodes (WEI and SHA) and GPP and PWB
over time. Hence, they have the highest out-strength
(RES, S=1.16; EAT, S=1.13) combined with a low
in-strength centrality for RES (§=-1.96). The
highest in-strength was found for SHA (S=1.50).
See Table 6 for the estimated partial correlations
and centrality measures and Figure 3 for the
networks.

The contemporaneous network further shows
somewhat stronger partial correlations within time-
points. A strong correlation was found for WEI by
SHA (r=.66, p<.01) and a moderate correlation
for PWB by SWB (r=.39,p<.01). SHA was the
most central node (S =1.25), followed by WEI (§
=.84) and PWB (S=0.81).

The between-subjects network shows a similar
pattern across patients compared to the basic
mental health network, depicting that the EDP
nodes (RES, EAT, and SHA) are primarily con-
nected to GPP and not to the well-being nodes.
PWB is the most central (§=1.69), followed by
SHA (§=1.18).

Bootstrap results. The bootstrap results of the
extended mental health network indicated a bit less
stability compared to the basic mental health net-
works. Several edge-weights were included less than
500 times in the bootstraps, such as GPP to EAT
(n=357), PWB to EWB (n=376), SHA to PWB
(n=440) in the temporal network, and EWB by
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Figure 3. Extended mental health networks. Note: The node descriptions can be found in Table 2.

SHA (n=211), PWB by WEI (z=384), WEI by
GPP (n=458) in the contemporaneous, and GPP
by RES (z=478) in the between-subjects network.
However, the final model did not seem to miss
highly relevant edge-weights. Only GPP by SHA
was selected relatively frequently in the bootstraps
(n=520) while not included in the final model of
the between-subjects network. Overall, this network
needs to be interpreted more cautiously.

Discussion

We used a novel network analysis approach with
panel data to model mental health interactions
during ED outpatient treatment. A model was first
examined with the following main domains of
mental health in a network; eating disorder psycho-
pathology (EDP), general psychopathology (GPP),
emotional (EWB), psychological (PWB) and social
well-being (SWB). Then, a more detailed model
was explored in a second step, including the follow-
ing subdomains of EDDP; eating concern (EAT),
dietary restraint (RES), shape concern (SHA) and
weight concern (WEI). For both models, average
within-person (temporal and contemporaneous)
and between-person effects were estimated. The
associations between, as well as the centrality of,
the domains, were assessed. Additionally, in the tem-
poral networks, autoregressive and cross-lagged pre-
dictive effects (i.e. the direction of the associations)
were examined.

Mental Health Networks

Average within-person effects on the temporal level
showed significant weak to medium predictive
effects between the mental health domains.
However, there may be individual differences in tem-
poral associations between the domains. Also, since

this is the first study to explore networks in panel
data, no comparisons can be made with other ED
studies. EDP was the most central domain in terms
of predictive effects towards other domains over
one year of treatment, followed by GPP. Improve-
ments in EDP (decreasing severity) led to minor
improvements in GPP and the well-being domains,
while there were no effects from the other domains
towards EDP. Weak to medium (bi-directional)
effects were found between the other domains. Con-
sidering the high out-strength and low in-strength for
EDP over a year of treatment, EDP changes appear
not to require changes in other mental health
domains during outpatient treatment first. More so,
improvements in EDP in the short term led to
further improvements in EDP in the longer term
(i.e. strong autoregressive effects). These autoregres-
sive effects were also present in the other domains but
to a lesser extent. The moderately strong autoregres-
sive effect of EDP corresponds with research indicat-
ing the importance of early symptom improvement in
treatment (Nazar et al., 2017).

PWB was the most influential domain in the con-
temporaneous and between-subjects networks, while
EDP had the lowest centrality of all domains in
these networks. The contemporaneous network
suggests that PWB plays a stable and essential role
in experiencing mental health within time points
after controlling for temporal effects. These see-
mingly contradictory results may be explained in
several ways. Reliable change in well-being was only
detected in a small group, and a substantial portion
of patients reported adequate well-being. When
there is no substantial average change, predictive
associations may not be detected over time. This
may have to do with the content of treatment,
which may have been primarily focused on changing
EDP. Another explanation could be that well-being
dimensions are more stable aspects of mental health
over time. In explaining concepts of positive mental



health, Marie Jahoda (1958) noted that mental well-
being should either be considered a relatively con-
stant and enduring function of personality or a
momentary function of personality and environment
(Jahoda, 1958). Well-being has been strongly linked
to personality trait facets in the general population
(Anglim et al., 2020) and recently in patients with
EDs (Vos, et al., 2021). In addition, a longitudinal
study examining interactions between personality
problems, GPP and EDP over a two-year follow-up
after ED inpatient treatment (Re et al., 2005) found
that personality changes were only detected at the
two-year time point and were not apparent in the
first follow-up year. It was also found that ED
symptom changes preceded personality changes.
When considering well-being as a more stable func-
tion of mental health, these results correspond well
with the findings of our study. However, it has been
found that mental well-being can be changed in clini-
cal samples with interventions (Chakhssi et al., 2018)
and investigating interventions in ED samples is war-
ranted. In addition, personality trait facets may help
in maintaining a stable mental well-being. Personality
presents in individuals as stable habitual patterns and
changes are often considered a complicated process,
although it can be changed with interventions, and
it does change across the lifespan (Anglim et al.,
2020). Our findings suggest that it is warranted to
promote well-being, particularly psychological well-
being in ED patients, to sustain overall mental health.

Extended Mental Health Networks

The extended mental health networks depict how the
specific ED domains were related to other domains
and interrelated over time. Temporal pathways
from EDP to the well-being domains were weak
and primarily found for dietary restraint and eating
concern. Also, they both predicted changes in
shape and weight concern with medium to strong
effect sizes. The cognitive maintenance model on
which CBT-E is based provides hypotheses on the
likely mechanism of change (Fairburn et al., 2003).
A dysfunctional self-evaluative system is considered
the core psychopathology of EDs, where self-worth
is based on weight and shape concerns. Being
overly concerned with weight and shape is hypoth-
esized to maintain dietary restraint and eating
concern. This leads to distorted eating habits, such
as bingeing, compensatory behaviours or restricting,
which further leads to increased concerns about
weight and shape, resulting in a self-perpetuating
cycle (Fairburn et al., 2003). Our study suggests
that changes in dietary restraint and eating concerns
precede changes in shape and weight concern, which
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may be important to break through the self-perpetu-
ating cycle. Cross-sectional ED symptom network
studies have consistently reported shape and weight
concern, among other symptoms, as central nodes
(Elliott et al., 2020), corresponding with our contem-
poraneous and between-subjects network results.
This study adds that changes in these domains are
predicted by dietary restraint and eating concern
within patients. However, shape and weight
concern had higher strength centrality in the
extended contemporaneous and between-subjects
networks than PWB. The high correlations between
both primarily cause this.

The dual continua model proposes that psycho-
pathology and well-being are two distinct but
related aspects of mental health (Keyes, 2005). The
weak effects between EDP and well-being in the con-
temporaneous and between-subjects network corre-
spond with earlier work examining associations in a
cross-sectional network study (de Vos et al., 2021).
The networks in this study show two distinct clusters,
a cluster with well-being domains, including GPP
and a cluster with the EDP subdomains. This
suggests that GPP may be more strongly related to
well-being, while specific ED psychopathology
seems to form a distinct cluster, which appears to
change independently over time. In a study examin-
ing the dual-continua model, associations between
GPP and well-being were higher in clinical samples,
such as patients with depression, anxiety, and per-
sonality disorders, compared to the general popu-
lation (Franken et al., 2018). Considering the dual-
continua model for treatment, a primary focus on
EDP and separately on promoting well-being and
alleviating GPP seems to be warranted. Alternatively,
a sequential treatment approach may be investigated.
For instance, the effectiveness could be examined to
apply well-being-focused interventions after EDP
has improved or when patients do not improve on
symptoms during regular treatment. Treating EDP
before focusing on other mental health aspects or
underlying issues, such as personality functioning
has been substantiated before (Jansen, 2006). A
combined or sequential treatment is also in line
with a recent model for sustainable mental health
that postulates that mental illness and mental well-
being are equally vital outcomes of mental health
care (Bohlmeijer & Westerhof, 2020).

Strengths and Limitations

The strengths of this study were the large number of
patients consistently measured over a year of outpati-
ent treatment, the novel method of analysis providing
detailed insight about symptom-to-symptom
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associations over time and the relatively low systemic
dropout. There are, however, several limitations that
should be addressed. The EDE-Q measures how
many times patients experience specific ED cogni-
tions and behaviour in the last 28 days. On the
other hand, the MHC-SF measures how people feel
in general about certain statements in the last
month. These statements are arguably more abstract,
and the MHC-SF may therefore not be as responsive
to detect differences as the EDE-Q. Entering more
abstract and stable aspects of mental health together
with specific psychopathological symptoms in a
single network may have led to biases in measure-
ment and subsequently detecting (temporal) associ-
ations. We did not test for measurement error by
including a measurement model in the network ana-
lyses as suggested by Epskamp (2020). Also, the
assumptions underlying centrality indices in psycho-
metric networks are debated, and some authors con-
sider centrality unsuitable as a measure of node
importance (Bringmann et al., 2019). Therefore,
we have chosen to use the Strength centrality
measure, given that this measure is considered most
appropriate in psychological networks with both
positive and negative edges (i.e. edges between
well-being and psychological symptoms) compared
to betweenness and  closeness  centrality
(Bringmann et al., 2019). Although our fit indices
indicate that the assumption of stationarity is met,
we did find change over time and stationarity is unli-
kely to hold in practice according to Epskamp
(2020). There are urrently no clear guideliness for
how to proceed in panel data network analysis
when the assumption of stationarity is violated
(Epskamp, 2020).

It was unclear how treatment has influenced the
results and how domain interactions over time
would have presented with different treatments or
in a natural course. We consider symptom-to-
symptom effects as predictive effects over time, also
termed as Granger causality applied in time-series
(Epskamp et al., 2018). However, Granger causality
does not necessarily address true causality or a pre-
dictive effect in the meaning that a change in one
domain can be used as a proof of causation of
change in another domain. Although we assume
that a temporal link acts as a causal relationship,
this link may also have occurred for other reasons
(Epskamp et al., 2018). While we have identified
average temporal pathways between mental health
domains in ED patients, there may still be substantial
variability within patients. Studies examining mental
health associations with time series, such as experi-
ence sampling in individual patients, are suggested.
Also, we did not test for differences in mental

health associations between the specific ED types
because we had insufficient power.

Conclusion and Implications

Given the novel methodology and temporal associ-
ations with weak to medium effect sizes, we conclude
that EDP may change relatively independently from
other mental health domains (temporal effects).
PWB may be considered a stable and influential
domain for experiencing mental health within time
points (contemporaneous effects). These findings
may have implications for understanding change
during outpatient treatment. Considering the
primary focus of most clinicians on addressing ED
symptoms during treatment, these results indicate
that changes in EDP lead to further changes in
EDP and potential subsequent changes in well-
being and GPP. For stable mental health, focusing
on promoting mental well-being, specifically PWB
and alleviating GPP may also be warranted.

Treatments for promoting psychological well-
being have been developed (Bohlmeijer & Westerhof,
2020), but further evaluation of their impact on ED
patients is recommended. Research should also
focus on replicating these results and examine the
variability in (temporal) associations in individual
patients with time series.
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