s ARCHIVIO ISTITUZIONALE
ONIVERSITA DI BOLOGNA DELLA RICERCA

Alma Mater Studiorum Universita di Bologna
Archivio istituzionale della ricerca

Network analysis studies in patients with eating disorders: A systematic review and methodological quality
assessment

This is the final peer-reviewed author’s accepted manuscript (postprint) of the following publication:

Published Version:

Tomei, G., Pieroni, M.F., Tomba, E. (2022). Network analysis studies in patients with eating disorders: A

systematic review and methodological quality assessment. INTERNATIONAL JOURNAL OF EATING
DISORDERS, 55(12), 1641-1669 [10.1002/eat.23828].

Availability:
This version is available at: https://hdl.handle.net/11585/899712 since: 2023-02-23
Published:

DOI: http://doi.org/10.1002/eat.23828

Terms of use:

Some rights reserved. The terms and conditions for the reuse of this version of the manuscript are
specified in the publishing policy. For all terms of use and more information see the publisher's website

This item was downloaded from IRIS Universita di Bologna (https://cris.unibo.it/).
When citing, please refer to the published version.

(Article begins on next page)
19 February 2025



http://doi.org/10.1002/eat.23828
https://hdl.handle.net/11585/899712

~N O ok W

10
11
12

13

14

15

16

17

18

19
20
21
22
23

24

25
26
27
28
29
30

Network analysis studies in patients with eating disorders: a systematic
review and methodological quality assessment

Giuliano Tomei', Maria Francesca Pieroni?, Elena Tomba!

! Department of Psychology, University of Bologna, Bologna, Italy

Authors contribution: All three authors equally contributed to the conceptualization
and to define the methodology of the work. G.T. and M.F.P. curated the writing of
the original draft, while E.T. curated the supervision, revising and editing of the
original and revised version of the document.

Conflict of interest: No author has any conflict of interest to declare.
Funding: None
Data availability statement: Data sharing is not applicable to this article as no new

data were created or analyzed in this study.

Corresponding Author:
Elena Tomba, Ph.D.

Department of Psychology, University of Bologna, Bologna, Italy
Viale Berti Pichat 5, Bologna, 40122

E-mail: elena.tomba@unibo.it

Keywords: systematic review, network analysis, network models, eating disorders, study quality
assessment, anorexia nervosa, bulimia nervosa, binge eating disorder, otherwise specified feeding
and eating disorder



31

32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52

53
54
55
56
57
58
59
60
61
62
63
64
65

ABSTRACT

Introduction: Network psychometrics has been enthusiastically embraced by researchers studying
eating disorders (ED), but a rigorous evaluation of the methodological quality of works is still
missing. This systematic review aims to assess the methodological quality of cross-sectional network
analysis (NA) studies conducted on ED clinical populations. Methods: PRISMA and PICOS criteria
were used to retrieve NA studies on ED. Methodological quality was evaluated based on 5 criteria:
variable-selection procedure, network estimation method, stability checks, topological overlap
checks, handling of missing data. Results: 33 cross-sectional NA studies were included. Most studies
focused on populations that were female, white and, with an anorexia nervosa (AN) diagnosis.
Depending on how many criteria were satisfied, 27.3% of studies (n=9) were strictly adherent, 30.3%
(n=10) moderately adherent, 33.3% (n=11) sufficiently adherent, 9.1% (n=3) poorly adherent.
Missing topological overlap checks and not reporting missing data represented most unreported
criteria, lacking respectively in 63,6% and 48.5% of studies. Conclusions: Almost all reviewed cross-
sectional NA studies on ED report those methodological procedures (variable-selection procedure,
network estimation method, stability checks) necessary for a network study to provide reliable results.
Nonetheless these minimum reporting data require further improvement. Moreover, elements closely
related to the validity of an NA study (controls for topological overlap and management of missing
data) are lacking in most studies. Recommendations to overcome such methodological weaknesses
in future NA studies on ED are discussed together with the need to conduct NA studies with
longitudinal design, to address diversity issues in study samples and heterogeneity of assessment
tools.

(250/250 words)
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INTRODUCTION

Eating disorders (ED) represent a complex category of psychiatric conditions, characterized
by heterogeneous presentations (Smith et al., 2018; Wildes et al., 2011), diagnostic migration and
comorbidity (Castellini et al., 2011), and high rates of residual diagnoses and symptoms (Tomba et
al., 2019). Additionally, there is scarce knowledge of prognostic indicators and predictors of clinical
outcomes (Linardon et al., 2017). Recently a large number of studies turned to network analysis (NA)
to explore EDs at symptom level, in an attempt to tackle their intricacies (Levinson et al., 2018; Smith
etal., 2018).

The conceptual basis of NA, that is the representation of psychiatric conditions as a
constellation of interacting symptoms (Borsboom 2017), seems particularly relevant to study EDs,
allowing researchers to model eating disorders as they present in everyday clinical practice (Treasure
et al., 2020). In general, NA is an ensemble of statistical tools which can be applied in a variety of
disciplines (Barabasi, 2011; Newman et al., 2010; Zweig, 2016) and studies dynamic interactions
between phenomena through modelling of networks. These networks are composed of units called
nodes, representing a variable of choice, which are connected by edges (or links), representing the
pairwise interactions between the nodes. In psychopathology, NA has been proposed as a framework
to conceptualize psychological constructs: personality, intelligence, and mental disorders are framed
as complex systems of interacting variables (Costantini et al., 2015; Schmittmann et al., 2013).
Through its granular level analysis, NA allows to differentiate symptoms in terms of clinical
relevance, rather than considering them equivalent indicators of an underlying disorder, and also
allows to describe how they influence and reinforce each other (as postulated by many
psychopathological theories of specific disorders) beyond diagnostic categories (i.e., to explain

psychiatric comorbidities).

Since its development in the second decade of the 2000’s, NA in psychopathology has been rapidly
evolving to overcome its limitations, assuage doubts about the methodology (McNally, 2021) and
answer the specific needs of clinical research (i.e. studying treatment effects), as well as to integrate
latent variable models (Blanken et al., 2019; Haslbeck, Borshoom, & Waldorp 2019; van Bork et al.,
2021; van Borkulo et al., 2017; Waldorp & Marsman 2020). The sudden burst in popularity of NA in
psychopathology resulted in a high number of studies published in a relatively short amount of time
developing different models of networks (i.e. cross-sectional and temporal networks) from different
kinds of data and methodological approaches.

Within this context groups of NA experts were encouraged to publish a list of reporting guidelines

and standards for studies using cross-sectional (Burger et al., 2022) and temporal (Blanchard et al.,
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2022) networks, to reduce inhomogeneity and clarify which study procedures and results should be
reported when adopting the psychological network approach.

These guidelines mainly cover technical issues and list study elements which are pivotal in
critically reviewing a network study from a methodological perspective. Due to the technical nature
of these guidelines, though, some of the proposed aspects might not be of immediate relevance for
clinicians, or might not be readily accessible to an untrained audience. On the other hand, Burger and
colleagues (2022) rightly highlight how the identification of objective reporting standards for network
analysis studies represents a fundamental contribute towards improving the quality of empirical
network studies. Study quality itself may maximize the validity of study findings and it can be defined
as the degree to which researchers conducting a study have taken all appropriate steps (Khan et al.,
2011). The validity of a study in turn is closely related to the generalizability of its results: the
precision with which a study identifies a psychological construct is linked to its applicability on the
broader population sharing those specific psychological characteristics (Yarkoni, 2021). Therefore,
making these shared reporting standards explicit and accessible as much as possible should facilitate
the quality assessment of network studies, with a positive effect on translatability and reproducibility

of their results.

In their recent systematic review on NA studies on ED populations, Monteleone and Cascino
(2021) reported the most important symptoms, the nodes connecting groups of symptoms, and the
prognostic value of network nodes. However, the authors did not include a methodological quality
assessment of the works selected. Because of missing evaluation of study quality, it is difficult to
assess the reliability of the NA study results on ED considered in their review limiting the possibility
of confidently translating NA studies results into clinical practice.

Thus, the aim of the following systematic review is to evaluate the quality of NA studies on
clinical populations with ED. This will be accomplished using a selection of the recently published
best practices for reporting standards of cross-sectional NA studies by Burger et al. (2022). The
rationale guiding the selection process was to identify and extrapolate in a structured way those
aspects of NA methodological procedures which may represent the optimal balance between clinical
relevance, methodological rigor and accessibility by non-experts. Through this work we aim to further
support the appropriate interpretation of this novel approach in ED research as well as promote its
potential, in addition to promoting NA results among clincians and researchers who might not have

technical knowledge of NA methodology.
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METHODS

Information sources and searches

The following review has been developed in accordance with the Preferred Reporting Items
for Systematic Reviews and Meta-analysis guidelines (Moher et al., 2009). A publication date limit
was set between March 2020 and July 2022; Medline and EBSCO PsycINFO databases were searched
for published peer-reviewed scientific works, using the following combination of keywords and
Boolean operators: “network analysis” AND (“eating disorders” OR “disordered eating” OR
“feeding disorder” OR “anorexia nervosa” OR “bulimia nervosa” OR “binge-eating disorder” OR
“binge eating”). Titles and abstracts were screened by two authors independently (M.F.P. and G.T.).
Articles that appeared potentially relevant were retrieved and reviewed by M.F.P., and G.T. who
independently assessed each of the full reports, arriving at a consensus regarding eligibility. When
disagreements between the two authors arose, multiple rounds of full-text revision and discussions
were done until consensus was reached, with the involvement of the third author (E.T.) when needed.

Eligibility criteria and data extraction

Eligibility criteria and data extraction were based on ED clinical population and study
methods (i.e. application of psychological cross-sectional NA) (Centre for Reviews and
Dissemination 2006). Studies presenting NA of ED symptoms and symptoms from comorbid
disorders in ED clinical populations were deemed eligible. For a more detailed breakdown of
Population, Intervention, Comparison and Outcomes (PICOS) (Centre for Reviews and
Dissemination, 2006) criteria see Table 1. Eligible works were redacted in English and were selected
for inclusion if the sample was composed of eating disorder patients evaluated with DSM IV-TR or
DSM 5 (APA, 2000, 2013) in any study design and setting where NA was applied to estimate cross-
sectional network models. During the electronic search, studies were excluded for the following
reasons: the ED diagnosis was established uniquely through self-report instruments, participants
received a diagnosis of clinically relevant obesity only, the sample was composed of medically ill
patients with pathologies not related to ED, the study sample was composed of mixed clinical and
non-clinical populations, Bayesian, temporal or non-psychometric network analysis was applied (i.e.
social network analysis, neural networks, gene networks), the source was a review, opinion statement,
meta-analysis, book, case study or progress report. Remaining studies received full-text review to
determine the final selection. Data extraction was performed independently by two of the authors
(G.T. and M.F.P). The authors followed the PICOS pre-set extraction criteria, see Table 1.
Disagreements on inclusion were solved as in eligibility assessment. Data extracted regarding general

studies’ characteristics included: demographics (age, gender distribution, race, socioeconomic
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status), sample size, diagnostic distribution of the samples, study design, ED clinical features included
in the network and measurements. The studies included in the final selection were then grouped and

discussed based on the outcome of the quality assessment.

Table 1. PICOS criteria.

Quality assessment

To assess the methodological quality of the studies included, the reporting guidelines and standards
for cross-sectional psychological NA studies proposed by Burger and colleagues (2022) were
considered. In their paper, Burger and colleagues (2022) organize the reporting guidelines and
standards in two main categories: one pertaining the methodology and the other the results section of
NA studies. Each section is further divided in three sub-sections covering: 1) General Analysis
Routine reporting standards shared across all applications of cross-sectional NA models, regardless
of the research question or study design; 2) Analysis-specific routine reporting standards pertaining
to specific research questions and methods; 3) What to watch out for general considerations which
Burger and colleagues (2022) include in multiple parts of their work. Such considerations are
important when reporting network studies on psychological data and are more closely related to

interpretation and validity of NA studies.

Among these reporting standards, five were selected to assess the methodological quality of
the studies included in this review. Specifically, three were selected from the General Analysis section
(both from Methods and Results subsections): (a) Variable selection procedure, (b) Network
estimation method, (c) Results of accuracy and stability checks. The remaining fourth and fifth
reporting standards were taken from the “What to watch out for” box A and box B respectively and
include: (d) the need to control for topological overlap of variables included in the analyses, (€)
presence and handling of missing data.

The rational that guided this selection was to include those NA reporting standards common to all
studies adopting the network approach and which represent the optimal balance between
methodological rigor, clinical relevance and accessibility to non-experts. Moreover, additional
criteria other than the five above were excluded because they evaluate aspects of study design or NA
methodology which are not necessarily shared across all NA studies. Therefore, they are more
focused on the quality assessment of the nature of the NA research question rather than on NA study

methodological robustness. More specifically, the reporting standards (a), (b), and (c) were selected
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because of their importance in any NA study, irrespectively of the design or research question. Those
three criteria represent the basic foundation of applying network psychometrics and are the key
information around which the most prominent NA tutorial papers revolve (Epskamp et al., 2018a;
Hevey et al., 2018), as well as being present in recent guidelines on other network methodologies
(Blanchard et al., 2022). These three elements have to be provided for a network study to be
interpretable and methodologically acceptable. In particular:

a) Variable selection procedure informs on what the theoretical background is and the construct being
analyzed, as validity of network studies depends on the theoretical assumptions guiding the selection
of variables from which the network will be built;

b) Network estimation method indicates what the methodology (the estimation function) used to

recover the network structure was;

¢) Results of accuracy and stability checks inform whether the results (in particular in term of value
of the network stability coefficient) can be generalized, as interpretability and generalizability of a

network is dependent upon its stability.

The reporting standards (d) and (e) were selected among the general considerations that
Burger and colleagues (2022) indicated more as interpretation guidelines than methodological
reporting standards. Similarly, to criteria (a), (b) and (c), these two aspects were selected because of
their relevance no matter the research question or the network analysis methodology applied, and by
virtue of the considerable influence they exert on the quality and validity of the results (Borsboom et
al., 2021). Failing to report criteria (d) and (e) may indeed potentially become a source of
misinterpretation of the obtained network structures and impact their clinical relevance of the results.
In particular, (d) topological overlap is the presence of overlapping variables, which measures at least
partially the same construct within a single network. Topological overlap constitutes an important
risk of bias in network studies, as it alters the network structure independently from the real data
observed. Information on whether steps were taken to remove or minimize the impact of topological
overlap, or if present to what extent it influences the network structure should be immediately
accessible to the reader. The declaration of (e) presence and handling of missing data is also important
because the presence and trends (i.e random vs. systematic) of missing data is a critical piece of
information, as systematic missingness can hint at study design issues and determine problematic

inferences with significant impact on the conclusions drawn from the NA study results.
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For each of the 5 reporting standards specific criteria were extracted. For details see Table 2.
Depending on how many of the 5 reporting standards were included in each study, an overall quality
methodology score was assigned. Specifically, each study was defined as either strictly adherent
(satisfying 5 out 5 criteria), moderately adherent (satisfying 4 out 5 criteria), sufficiently adherent
(satisfying 3 out of 5 criteria) or poorly adherent (satisfying 2 or less out of the 5 criteria). Data on
methodological quality extraction was performed independently by two of the authors (G.T. and
M.F.P.). When disagreements between the two authors occurred, multiple rounds of full-text revision
and discussions would be done until consensus was reached, with the involvement of the third author
(E.T.) if necessary. During the actual process of assigning methodological quality scores, no
disagreement arose between the authors (G.T., M.F.P., E.T.), as each criterion was selected
considering whether its presence can be objectively verified. The presence of each of the five criteria
in a scientific work can be easily assessed by reading the work itself, leaving little to no room for
ambiguity: either a procedure is reported, thus meeting the quality criteria, or it is not. Data on
methodological quality extraction and total score assigned to individual studies are also reported in
full in Table 3.

RESULTS

Selection of articles and study characteristics
The search yielded 107 records after removal of duplicates. The abstract screening led to the

exclusion of 39 articles. The full text of the remaining 65 articles and 3 dissertations were assessed,
leading to the exclusion of an additional 35 articles. The remaining 33 articles were thus included in
the review (Brown et al., 2020; Calugi et al., 2020, 2021, 2022; Cascino et al., 2019; Chen et al.,
2022; de Vos et al., 2021; DuBois et al., 2017; Elliott et al., 2020; Forrest et al., 2018, 2019;
Goldschmidt et al., 2018; Hagan et al., 2021; Hilbert et al., 2020; Kerr-Gaffney et al 2020; Levinson
etal., 2017; Mares et al., 2022; Meier et al., 2020; Monteleone et al., 2019, 2020, 2021, 2022; Olatunji
et al., 2018; Ralph-Nearman et al., 2021; Schlegl et al., 2021; Smith et al., 2019; Smith et al., 2020;
Solmi et al., 2018, 2019; Vanzhula et al., 2019; Vervaet et al., 2021; Wang et al., 2019; Wong et al.,
2021). See figure 1 for the flowchart of the selection process, including reasons for exclusion at each

step.

Figure 1. Selection of studies: PRISMA flowchart.
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Socio-demographic information

Twenty-one (63.7%) studies included a mixed age sample (12-67 years). Seven (21.2%)
studies examined exclusively adults and four (12.1%) studies examined exclusively
children/adolescents. One (3.0%) study did not specify age range of the sample (Chen et al., 2022),
thus it is not possible to isolate specific age groups (children, adolescents, adults) involved in the
study. For more details, see Table 3.

No study explicitly reported considering differences between sex assigned at birth and gender.
The majority of studies (n=19; 57.6%) did not use any specific terminology hinting at whether sex or
gender was considered, whereas 4 (12.1%) studies used the term “sex” and 10 (30.3%) used the term
“gender”. Regarding the range of options available to respondents for gender/sexual identity, only 3
studies (Hagan et al., 2021; Meier et al., 2020; Wong et al., 2021) reported including a nonbinary
option. Nine (27.3%) provided only two options, “female” and “male”, while in 18 studies (54.5%)
the range of alternatives provided was not presented, as “female” was an inclusion criterion for the
study or only the percentage of female participants was reported. The remaining 3 studies did not
include information regarding sex/gender. The majority of studies (N=22; 66.7%) reported including
mixed samples, with a high majority of females (67% - 97.8%), while six (18.2%) studies included
female participants only. Five (15.1%) studies did not report the male:female ratio of participants.

For details and references, please see Table 3 and Table 4.

Fourteen (42.4%) of the 33 studies included reported race composition of the study sample,
all examining predominantly white/Caucasian individuals (range: 69.4% - 96%). The remaining 19
(57.6%) studies did not include information on race composition of their study sample. More details

on race reporting are available in Table 3 and Table 4.

The socio-economic status of participants was reported by 11 studies (33.3%). The most
frequent indicator used was educational level, in terms of degree obtained (3%) or years of education
(7%), followed by employment status, reported by one study (3%). Of the eleven studies reporting
socio-economic status, three (9%) included both educational level and employment status. For details,
see Table 4.

Sample size
Ten (30.3%) of the studies included a sample of more than 600 participants. Twelve (36.4%)

studies included between 200 and 600 participants, while eleven studies (33.3%) built networks from

less than 200 participants. For details and references, please see Table 3.
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Diagnostic distribution of the samples
The selected studies have been divided by diagnostic group from which networks were built.

Studies building different networks for different diagnostic categories are thus reported multiple
times, depending on how many diagnosis-specific networks were included in the article. Eighteen
(54.5%) of the 33 studies included built networks from participants with AN. Eight studies (24.2%)
built networks from participants with BN. Five studies (16.1%) built networks from participants with
BED. Two studies conducted networks from participants with Other Specified Feeding or Eating-
Disorder (OSFED). Two (6.4%) studies ran networks from a mixed population with AN or BN.
Finally, fourteen studies (42.4%) built networks from a mixed eating disorder clinical population

sample, from here referred as transdiagnostic sample (TD). See Table 3 for details.

Study design
Among the 33 reviewed studies, six studies (18.2%) modelled cross-sectional networks from

data obtained at different time points (i.e. pre- and post- treatment) and compared them, therefore
adopting a longitudinal study design (Brown et al., 2020; Calugi et al., 2022; Elliott et al., 2020;
Mares et al., 2022; Monteleone et al., 2022; Smith et al., 2019). The remaining 27 studies (81.8%)
applied a cross-sectional study design (Calugi et al., 2020, 2021; Cascino et al., 2019; Chen et al.,
2022; de Vos et al., 2021; DuBois et al., 2017; Forrest, et al., 2018, 2019; Goldschmidt et al., 2018;
Hagan et al., 2021; Hilbert et al., 2020; Kerr-Gaffney et al., 2020; Levinson et al., 2017; Meier et al.,
2020; Monteleone et al., 2019, 2020, 2021, Olatunji et al., 2018; Ralph-Nearman, et al., 2021; Schlegl|
et al., 2021; Smith et al., 2020; Solmi et al., 2018, 2019; Vanzhula et al., 2019; Vervaet et al., 2021;
Wang et al., 2019; Wong et al., 2021). Twenty-five studies (75.7%) used network analysis as the
primary data analysis procedure, involved treatment seeking patients and were uncontrolled (Brown
et al., 2020; Calugi et al., 2020, 2021, 2022; Cascino et al., 2019; Chen et al., 2022; de Vos et al.,
2021; DuBois et al., 2017; Forrest et al., 2018, 2019; Goldschmidt et al., 2018; Kerr-Gaffney et al.,
2020; Mares et al., 2022; Meier et al., 2020; Monteleone et al., 2019; Monteleone et al., 2020, 2021,
Olatunji et al., 2018; Schlegl et al., 2021; Solmi et al., 2018, 2019; Vanzhula et al., 2019; Vervaet et
al., 2021; Wang et al., 2019; Wong et al., 2021). Results from the remaining eight (24.3%) of the 33
studies included in this review are based on secondary analyses of data (Elliott et al., 2020; Hagan et
al., 2021; Hilbert et al., 2020; Levinson et al., 2017; Monteleone et al., 2022; Ralph-Nearman et al.,
2021; Smith et al., 2019; Smith et al., 2020). For further details about the design of the studies,
including the instruments used and whether network nodes were obtained by psychometric
questionnaire subscales scores or single items, please see Table 3.
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Assessment of methodological quality

Methodological quality total score

Nine studies (27.3%) were found to strictly adhere to all 5 criteria, 9 studies (27.3%) were moderately
adherent (satisfying 4 out 5 of the criteria), 12 studies (36.3%) were sufficiently adherent (satisfying
3 out of the 5 criteria), and 3 studies (9.1%) poorly adherent (satisfying 2 out of the 5 criteria). See
Table 3 for references.

In the 9 studies which were moderately adherent, the main unsatisfied criteria were not reporting for
topological overlap control procedures (N=7; 21.2%), and not mentioning presence or exclusion from
analyses of missing data (N=2; 6.1%). In those 12 studies found to satisfy the sufficient
methodological quality criteria (score: 3/5), in all but one case the studies did not report presence and
handling of missing data, and controlling for topological overlap. In only one case, a score of
sufficient methodological quality was assigned on the basis of missing specific CS value and not
evaluating topological overlap using standardized methods.

The three studies (9.1%) considered poorly adherent reported information on variable-selection
procedure and a general evaluation of the stability, but either did not mention the exact CS values or

did not include the specific network estimation method used. See Table 3 for references.

(a) Variable selection procedure

All 33 articles included in this work provided an explanation based on data from scientific
literature or theoretical models in support for the rationale guiding selection of the nodes included in
the networks prior to performing data analysis.

(b) Network estimation function

Thirty-one out of 33 (94%) studies reported applying network estimation functions which
included glasso regularization (Friedman et al., 2008). Of these, 15 studies (45.4%) manually tuned
the regularization/penalty applied to correlations (A value) (Elliott et al., 2020; Forrest et al., 2018,
2019; Hagan et al., 2021; Hilbert et al., 2020; Kerr-Gaffney et al., 2020; Levinson et al., 2017,
Olatunji et al., 2018; Ralph-Nearman et al., 2021; Schlegl et al., 2021; Smith et al., 2019, 2020;
Vanzhulaetal., 2019; Vervaet et al., 2021; Wang et al., 2019; Wong et al., 2021), while the remaining
16 (48.5%) derived the A value using the Extended Bayesian Information Criterion glasso
(EBICglasso; Chen & Chen 2005) (Brown et al., 2020; Calugi et al., 2020, 2021, 2022; Chen et al.,
2022; de Vos et al., 2021; DuBois et al., 2017; Cascino et al., 2019; Goldschmidt et al., 2018, Meier

11
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et al., 2020; Monteleone et al., 2019, 2020, 2021; Solmi et al., 2018, 2019). None of the studies
included provided the rationale for deciding whether to apply glasso or EBICglasso or why it was
considered necessary to apply a regularization technique. One (3%) article (Mares et al., 2022)
derived the network structure from the data without regularization, by estimating a set of regularized
networks and subsequently fitting un-regularized networks for each of these models, and finally
performing a model selection procedure. Finally, one article (3%) did not report the specific network

estimation function applied to retrieve the network model (Monteleone et al., 2022).

(c) Network stability coefficient (CS)

In this section we considered the individual CS of networks built for each ED clinical
population in each study. As such, a study may appear multiple times if they developed multiple
networks within the same study (i.e. baseline and one or more follow-ups, or groups comparison). To
avoid confusion, please note that the following percentages of studies are referred to their respective
diagnostic categories (AN, BN, BED, OSFED, TD). Concerning CS, we used as reference values
those proposed by Epskamp and colleagues (2018) (acceptable CS > .25; good CS >.5; excellent CS
>.7).

In the AN networks included (N= 23), all the networks considered the stability coefficient following
the guidelines proposed by Epskamp and colleagues (2018), however one (Goldschmidt et al., 2018)
did not provide the specific value of the CS. Nine networks (39.1%) showed excellent CS coefficient
(>0.7; range: 0.7 - 0.81), nine networks (39.1 %) showed good CS coefficients (> 0.5; range: 0.52 —
0.67), and four networks (17.4%) showed acceptable CS coefficient values (>0.25; range: 0.28 —
0.44). In one study (4.4%), authors reported excellent CS coefficient but did not include the specific
values.

Concerning CS of the eight BN networks considered, only one study (12.5%) reported a CS
coefficient value reaching the excellence (> 0.7), threshold 0.81). Three studies (37.5%) reported
good CS coefficient (> 0.5; range = 0.59 — 0.67), two studies (25.0%) reported adequate (> 0.25)
stability coefficient values (0.28; 0.29). Two studies (25.0%) did report good CS coefficient values
but did not include the specific values.

Concerning CS of 6 BED networks considered, two studies (33.3%) reported excellent (> 0.7) CS
values (range: 0.74-0.75). Three networks (50.0%) showed good (> 0.5; range: 0.59- 0.67) CS
coefficient values. One network (16.7%) showed acceptable CS coefficient (0.28).

Concerning CS of OSFED networks, one study (50%) reported good stability (CS=.52), while another
study (50%) did not present the specific CS coefficient of the network, though it is reported by the
authors as good.
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Concerning CS of the 15 TD networks considered, six studies (40%) reported excellent (> 0.7) CS
coefficient values (range: 0.75 — 0.75), five studies (33.4%) reported good (> 0.5) CS coefficient
values (range: 0.52 — 0.67) and two (13.3%) reported acceptable (> 0.25) CS coefficient value (0.43-
0.44). The two remaining studies (14.3%) did not report specific CS values. Individual CS coefficient

for each study is available in Table 3.

(d) Topological overlap

Of the 33 studies included in this work, 12 (36.4%) explicitly mentioned checking for
potential topological overlap of nodes and addressing it prior to modelling the network. The
remaining 21 studies (63.6%) out the 33 included did not report checking for potential topological
overlap of nodes or addressing it prior to modelling the network. For references, please see Table 3.
Among the 12 studies which conducted checks for topological overlap, eleven (91.7%) did so using
the goldbricker algorithm. The remaining study (8.3%) (Goldschmidt et al., 2018) did not explicitly
mention applying the goldbricker algorithm, but did report collapsing items assessing importance of

weight and importance of shape in individual nodes.

(e) Missing data management

Among the 33 reviewed articles, 17 (51.5%) reported missing data. Fifteen of these (88.2%)
also discussed how missing data was managed (imputation or exclusion) (Brown et al., 2020; Calugi
et al., 2020; Elliott et al., 2020; Forrest et al., 2018, 2019; Hagan et al., 2021; Hilbert et al., 2020;
Meier et al., 2020; Schlegl et al., 2021; Ralph-Nearman et al., 2021; Smith et al., 2020; Smith et al.,
2019; Vanzhula et al., 2019; Vervaet et al., 2021; Wong et al., 2021). The remaining 16 articles
(48.5%) did not mention either presence nor absence of missing data in their studies. See Table 3.

Discussions

The aim of the present systematic review was to assess, for the first time, the methodological
quality of existing literature on NA studies in clinical populations with ED. To achieve this goal, we
proposed a customized quality assessment checklist based on the best practices for reporting standards
in cross-sectional NA studies developed by Burger and colleagues (2022). In a relatively novel and
emerging field such as NA, clinical professionals outside academia might not be familiar with the
methods and interpretation of psychopathological networks. It is therefore important to provide an
accessible yet relevant framework with which an untrained audience (clinicians and researchers alike)
might interpret the data on psychological network studies in ED, and evaluate their methodological

quality and potential validity for their clinical and research practice.
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Considering the five selected methodological quality criteria, more than half of the studies included
were strictly or moderately adherent to them while the remaining studies were found to report them
sufficiently or, in a minor part, poorly. Therefore, in the wake of the rapid multiplication of studies
applying NA, it is encouraging that almost all of the studies using NA in ED and reviewed here
reported those basic criteria which are considered the minimum amount of data that must necessarily
be provided for a network study to be both interpretable and be able to obtain reliable results. The
minimum data include: reporting the theoretical rationale that guided the nodes selection, the network
estimation method used and consider the magnitude of network stability coefficients. Nonetheless,
when looking in more detail at how these criteria were reported, there are some aspects of
implementation that require further consideration. Moreover, an even greater careful examination
should be conducted of the other selected aspects of methodological quality (control for topological
overlap and handling for missing data) that were found to not be considered by as much as half of the
included NA studies on ED, at the detriment of interpretability and clinical applicability of their
results. This represents a significant obstacle that must be overcome to translate NA studies on ED in
meaningful data for clinical practice as other authors previously reported in NA studies in general
(McNally, 2021).

Starting with the criterion of (a) variable selection procedure, all studies reported the rationale
for selecting which variables to include in the network and provided a theoretical background of
reference to interpret the results. However, the wide breadth of psychometric instruments applied in
the NA studies reviewed makes it difficult to pool and interpret their results and gather uniform
evidence to inform clinical practice. Specifically, eight different tools were employed across 33
studies to assess ED symptomatology alone. Moreover, 10 studies assessed depressive
symptomatology using five different instruments, and five studies assessed anxiety using five
different instruments. As discussed by Newson and colleagues (2020), heterogeneity of assessment
tools significantly and negatively affects the translatability of study results to clinical practice, as the
observed results may be affected by bias implicit in the assessment tool of choice. Additionally,
roughly half of the studies included selected single instrument scale items as a variable of choice,
while the other half opted for instrument sub-scale scores. Unless supported by robust theoretical and
methodological choices, the use of single items as nodes might not be optimal when considering that
instrument sub-scales and scales are usually controlled for their discriminant and construct validity,
while individual items not always undergo this kind of examination. Ultimately, the choice of single
items rather than sub-scales represents a further source of risk to the validity and generalizability of
NA studies considered. Therefore, future NA studies in the field should provide clear methodological

statements able to offer an explanation of their choice of single items or of sub-scales use as nodes.
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Looking at (b) the reporting of network estimation methods (or functions), all but one study
reported the applied specific network estimation function. Most studies, reported employing
regularized network estimation functions by adopting glasso applications to stabilize the networks.
Regularization or thresholding techniques such as glasso are used to improve network stability in
specific situations, such as when the sample size is too small for the number of nodes included
(Epskamp et al., 2018a). In the studies included in this review, however, the application of
regularization functions (i.e.glasso) to retrieve the network model appeared independent of the sample
size, and was applied even when the study samples might have allowed to not use it. It is important
to note that the indiscriminate use of regularization techniques even when unnecessary may be
problematic for a number of reasons (Williams et al.,2019; Wysocki & Rhemtulla, 2021). Among
these, the glasso regularization techniques employ a regularizing penalty by which only a relatively
small number of strong edges are included in the network, with effects in terms of high sensitivity
but lower specificity (Burger et al., 2022). This means that the weaker edges included in the estimated
network may be more prone to be false positives (i.e., Type I errors). Consequently, regularization
techniques might remove weaker but true positive edges from the network model with a potential loss
of information regarding the network structure. A careful interpretation of the remaining edges and
the study results in general is therefore necessary.

As discussed above, the decision to employ a specific network estimation function is closely
related to the topic of the sample size. However, no specific reporting standards regarding sample
size were included in the present quality assessment because there are no definitive guidelines in the
first place on how to estimate the appropriate number of participants to return a stable network in
relation to the variables included (Epskamp et al., 2018b; Blanken et al., 2022). A potential optimal
solution as observed by Epskamp and colleagues (2018) and Blanken and colleagues (2022), is
increasing sample size to improve stability of a given network to a point where regularization
techniques might not be necessary. Preferably, nodes should be limited to a maximum of 30, while
sample size should be as large as possible (Blanken et al., 2022). Otherwise, another more technical
potential solution is to estimate the stability of a network at different sample sizes prior to data
collection by conducting pre-hoc simulations (Epskamp et al., 2018a). However, no study reviewed
here reported simulating their data for measuring the stability before starting data collection or data
analysis. Considering the scope and limitations of regularization techniques (Williams et al.,2019;
Wysocki & Rhemtulla, 2021), it would be advisable that future network studies discuss the rationale

supporting the selection of specific network estimation methods. This is especially relevant in light
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of the widespread application of regularized network estimation methods even when the ratio between
network nodes and study participants would allow the application of non-regularized methods.

Looking at (c) the stability of the networks considered in this work, most NA networks of ED
clinical populations reported good to excellent network stability, while a few reached acceptable
stability only. Nonetheless, this high rate of stable networks observed among the studies reviewed
might be influenced by the almost ubiquitous application of regularization techniques as discussed
above. Additionally, it is also likely that publication bias effect is present in NA studies on ED, as
well as the tendency to only publish empirical studies that reject the null hypothesis (Ferguson &
Heene, 2012).

The methodological points that however emerged as the most neglected in this review on NA
studies on ED are pertaining the (d) lack of control of topological overlap and (e) handling of missing
data. Topological overlap was the most overlooked criterion, at the expense of study quality and
validity. Only 36.4% of the studies included reported checking for topological overlap and using the
goldbricker algorithm, currently considered the recommended procedure to test it (Monteleone and
Cascino, 2021). Not accounting for topological overlap may limit generalizability of the results,
particularly in relation to the data collection instrument used and the node selection criteria applied
(Christensen et al., 2020).  This issue is further compounded by the wide range of assessment
instruments applied, already discussed above, which pose a challenge when one tries to compare
results across studies investigating the same construct utilizing different questionnaires.

The goldbricker algorithm is certainly not the only way to check for topological overlap. As
alternatives, the identification of one or more overlapping items or sub-scales can be informed by the
psychometric properties of the scale (i.e. whether multiple items or scales deliberately measure the
same phenomenon) or by the decision process conducted by experienced clinicians or researchers.
While the former of these two alternative methods is somewhat more reliable, there is still a margin
of error with both approaches. Therefore, we considered the application of goldbricker algorithm as
the only reliable procedure to check for topological overlap, as it represents a standardized and
consistent method. While it might be argued that goldbricker algorithm was introduced only in 2017
(Jones, 2017) and might have not been immediately known to the scientific community, 91% of the
NA studies on ED here reviewed that did not applied goldbricker were published when the R function
and its package (Jones, 2017) were already freely available online. Thus, it would be advisable that
all future NA studies on ED apply goldbricker algorithm as a way to assess for topological overlap,

and that readers consider whether it is present when interpreting NA study results.
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The other critical issue in many of the reviewed NA studies on samples of patients with ED
is the absence of missing data reporting. Reporting missing data management in network studies is
extremely important. As explained by Burger and colleagues (2022), accurate inferences are
dependent upon a thorough understanding of the dataset composition and causes of missingness;
missingness mechanisms need to be elucidated to draw appropriate conclusions from the results. For
example, some data might be systematically missing because of specific characteristics of the
assessment instrument (i.e. skip question structure of an instrument, such as SCID-5). Therefore, as
specific information might be included for some participants but missing for others (i.e. skip question
not relevant for a specific case), cases might be erroneously classified as missing. As such,
information might not be included in the network structure or would be erroneously classified. This
consideration makes reporting missing data a key piece of information not only in network studies,
but in psychology research in general. On other hand, to the best of our knowledge there are no
specific indications on how much missing data should be considered unacceptable in network studies
and, moreover, network estimation function methodology automatically produces a network despite
the presence of even large portions of missing data (Burger et al., 2022). This determines a grey area
for missingness handling in network models, leaving researchers with a number of options and no
gold-standard of how to proceed. Considering the lack of general consensus on how to handle missing
data in NA studies, it is even more important to report as much information as possible about missing

data to allow correct interpretation of the results.

From this systematic review one can observe how the methodological quality of NA studies
on ED patients tended to improve over time, with more recent studies usually meeting more of the
criteria considered here compared to early NA studies. This is likely due to the novelty of this
approach, the rapid methodological advancements and the dissemination of guidelines and primers
(Epskamp et al., 2018; Hevey, 2018); older works, which represent roughly one fifth (21.2%) of the
articles included in this review, might not have had some of the tools or guidelines available to report
information we now consider pivotal in evaluating a network study. However, there is still a number
of studies which have been published as recently as 2022 that do not show the same degree of
adherence to our selection of best practices of reporting data in NA studies on ED when compared
with contemporaneous publications on the topic. All of the 24 studies (72.7%%) that received a
methodological quality score of 4 or lower either failed to include controls for topological overlap or
did not report missing data, or both. Of these, only the works of Levinson and colleagues (2017) and

DuBois and colleagues (2017) were published before guidelines and tutorials on these two aspects
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became available in the literature. The remaining 22 studies (66.6%) did not include either discussion
regarding missing data and/or performed checks for topological overlap of variables despite
documentation about both topics being available in the literature (Fried & Cramer, 2017; Jones,
2017). This would seem to suggest that lack of availability of materials and guidelines might not
entirely explain some critical aspects of the studies’ methodology, considering the most commonly
neglected aspects were already being discussed, and solutions were being proposed (Epskamp et al.,
2018; Fried & Cramer, 2017; Jones et al., 2018)

Further and conclusive comments are related to the general characteristics of the NA studies
considered. Study populations were composed mostly, when not exclusively, of females, either adults
or adolescents or both. ED have been historically perceived as “female” disorders, and the majority
of research on ED diagnosis and treatment has relied predominantly on female samples (Murray et
al., 2016). Therefore, it is possible that male-specific ED manifestations might have been overlooked,
not recognized (Murray et al., 2017) and not included in NA networks yet. Additionally, more than
half the studies did not report information regarding differences between sex assigned at birth and
gender. Lack of this differentiation further compounds issues regarding identification of ED in
individuals who identify with minoritized groups and limits the applicability of studies’ results, as
gender minorities present with unique clinical profiles and concerns (Nagata et al., 2020). Less than
half the studies included data regarding years of education, a strong indicator of income and wealth
(Psacharopoulos & Patrinos, 2018), family income or employment status. Lack of data on these
characteristics is a missed chance to further understand how ED might present differently in different
socioeconomic groups. Issues regarding diversity are also present in terms of racial diversity. Less
than half of the NA studies reviewed here reported the actual racial/ethnic composition of the study
sample, and even when present, all studies recruited at least 60% of white/Caucasian participants.
Recognition of ED in different socioeconomic and racial/ethnic composition populations is a key
aspect to improve treatment of these disorders, given the disparities in ED treatment caused by
stereotypes surrounding the typical ED patient — skinny, white, affluent girls (Sonneville & Lipson,
2018; Franko et al., 2007).

In terms of diagnoses, AN emerged as the most studied ED diagnostic group, immediately
followed by the broader TD population. Studies in BN, BED and OSFED patients were less frequently
investigated. This is similar to what was observed by Monteleone & Cascino in their recent review
(2021), where they report most studies including a TD sample, with AN being the second most studied

clinical population. The disparity in the number of studies investigating the various ED diagnostic
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groups does not seem justified by epidemiological data, which indicate BED and OSFED as the most
common ED conditions (Santomauro et al., 2021).

In terms of study design, among the utilized network estimation functions to build cross-
sectional networks, a minority of the studies (18.2%) proceeded to model multiple cross-sectional
networks from different data collection time points, thus adopting cross-sectional networks within a
longitudinal study design. However, this is different from building longitudinal networks using
specific estimation methods such as the multilevel vector autoregression (mIVVAR), with which cross-
sectional networks share only some characteristics (Blanchard et al., 2022). Cross-sectional networks
are by default undirected, meaning they can show the relations between two variables, but not the
direction of that relation (which variable activates or causes the other). As such, limited inferences
can be drawn from cross-sectional networks. Even considering these limitations, it is still advisable
that future studies choosing to employ cross-sectional networks try to implement them within a
longitudinal study design. As also discussed by Monteleone and Cascino (2021), studies adopting a
longitudinal design are needed to improve identification of clinically similar subgroups and study
changes in response to treatment to advance our understanding and our ability to treat ED.

Some important limitations concerning the methodology applied for this review however
might affect the results of this work. The selection process adopted for the quality assessment criteria
constitutes a major limit to the present work. Despite being based on the most cited and adopted NA
tutorials (Epskamp et al., 2018; Hevey et al., 2018), the process of selecting the criteria has been
conducted internally by a group of researchers, clinical psychologists and psychotherapists involved
in this work and thus may be biased. However, the inclusion of only five among the various criteria
proposed by Burger and colleagues (2022) reflects a deliberate decision to include criteria evaluating
those specific NA methodological aspects shared by all network studies. The inclusion of additional
criteria would have probably created different scores assigned to specific studies by virtue of different
research questions rather than methodological robustness. Therefore, examining any of the remaining
criteria would not have unduly influenced the conclusions of our assessment on methodological
quality. An example is the inclusion of predictability of a node as a criterion of methodological quality
assessment: NA studies might miss data on predictability because that is not part of their research
goals, rather than it being due to poor methodological adherence. In this scenario, the inclusion of a
predictability report would have contributed to the assignment of a score pertaining to aspects that
are not strictly related to methodology quality as much as research interests.

Furthermore, the search of the present review was limited to networks built using cross-

sectional modelling functions, and in clinical populations with an established diagnosis of ED only.
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As a result, other relevant studies investigating ED symptomatology in non-clinical populations
and/or using other network modelling techniques have been certainly left out, which represents an
obvious loss of important information. However, restricting the focus of this work to a specific NA
methodology and clinical population provided a coherent framework for comparison of

methodological quality and considerations regarding validity and replicability across studies.

Conclusions

This systematic review on the methodological quality of NA cross-sectional studies in ED
confirms that the literature on this topic advanced considerably in a relatively short amount of time
with most studies reporting methodological procedures necessary for a network study to provide valid
and reliable results. Still, some critical issues in methodological quality emerged which support some
recommendations for future NA studies on ED. This is especially relevant considering that the present
work already applied a restricted and more accessible version of the checklist of best guidelines for
reporting data in NA studies proposed by Burger and colleagues (2022).

First of all, it would be advisable that future studies carry out simulations before sample recruitment
to estimate accurately the adequate sample size in relation to the number of variables selected, so that
ideally one might avoid the use of regularization techniques and thus reduce potential false negative
results. Moreover, it is important to minimize the heterogeneity of assessment scales to improve
translatability of study results into clinical practice.

More importantly, procedures closely related to study validity such as controls for topological
overlap and management of missing data, that still were absent in the majority of studies reviewed,
need to be included systematically in future NA studies on ED. The exclusion of such information
limits the generalizability and validity of the current available results, or needs to be accounted for in
their data interpretation to be really accessible for clinicians that must inform their practice with ED

patients.

Finally, our results support and complement the conclusions of previous work from Monteleone and
Cascino (2021) who suggest the need to increase the number of longitudinal studies to capture the
dynamics of ED symptomatology. Future studies should ideally adopt a longitudinal design more
frequently, either confronting multiple cross-sectional networks from different time points or building
temporal networks depending on their specific research question (Borsboom et al., 2021; Blanchard
et al., 2022). Network psychometrics hold remarkable potential in studying the dynamics that
underpin clinical manifestations, comorbidities and diagnostic migrations in ED, and we look forward

to more studies designed to adopt such an approach on longitudinal data on ED. Additionally, future
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NA studies should be more focused on BED and OSFED populations as well as include more racially,
ethnically, socioeconomically diverse participants with particular attention to gender-balanced study

samples and representation of sexual minorities.

It should be noted that our attempt to provide a selection of accessible and clinically-relevant criteria
to evaluate NA ED studies is not exhaustive nor definitive, and represents but a step of an ongoing
process to increase popularity and accessibility of methodology of NA studies on ED. We strongly
advocate in favour of future studies reviewing and amending the criteria we proposed, to expand or
restrict the range of criteria considered depending on the specific type of study and research
methodology, to include other network modelling techniques and test their applicability on ED

clinical and non-clinical populations.
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Public Significance statement

The present work aims to evaluate the quality of ED NA studies to support applications of this
approach in ED research. Results show that most studies adopted basic procedures to produce reliable
results; however, other important procedures linked to NA study validity were mostly neglected.
Network methodology in ED is extremely promising, but future studies should consistently include

topological overlap control procedures and provide information on missing data.
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710 Table 1. PICOS criteria.

711
712
PICOS Inclusion criteria Exclusion criteria Data extracted
Patient -individuals with ED diagnosis - absence of ED diagnosis - age range, average age and
according to DSM-IV-TR or according to DSM-IV-TR  standard deviation
| DSM 5 or DSM 5 or mixed - female %
-adults, adolescents, children or  clinical/non-clinical - race
mixed samples - sample size
-male, female or mixed - ED diagnosis based on - ED diagnosis and comorbidity
self-report tools
- obesity diagnosis
- sample composed of
medically ill patients with
pathologies not related to
EDs
alielaVEatile)gl| - studies with or without
therapeutic intervention
Comparison |5 studies with or without control
aroup groups
Outcome - network analysis of specific -Association networks, - centrality indices
| ED symptoms (with or without ~ Bayesian networks, - network stability assessment
other DSM symptoms and idiographic networks, - bridge symptoms
clinical variables related to temporal networks - network connectivity
EDs) - social network analysis - prognostic value of network
- neural networks indices
- gene networks
- studies on blogs/forum
Study - Prospective or Retrospective - Reviews - study design
design cohort, cross-sectional, case— - Case studies -nodes selection criteria
control, or RCT - Opinion statements -type of network estimation
| - Any length of follow-up -Book -missing data management
- cross-sectional network - Meta-analysis -topological overlap management
estimation method - Progress report
- English language
713
714
715
716
717
718
719
720
721
722
723
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APPENDIX

Table 2: Quality assessment criteria and evaluation tool

For each of the 5 selected reporting standards, check whether the following data were extracted from
each study included in this review. Sum the number of YES boxes ticked to obtain the total score,

then confront against the quality score interpretation guideline

(a) Was the theoretical background used as rationale for node selection process was provided?

Yes No

(b) Did the authors report the network estimation function was applied (i.e. Graphical least absolute
shrinkage and selection operator [graphical lasso, or glasso] or Exteneded Bayesian Information

Criteria glasso [EBICglasso] or mixed graphical models [mgm] or Isingfit)?

Yes No

(c) Was stability coefficient (CS) and its magnitude reported? (Acceptable CS >0.25; good CS > 0.5;
excellent CS > 0.7);

Yes No

(d) Was risk of topological overlap assessed through the application of the goldbricker algorithm?

Yes No

(e) Was presence and handling of missing data discussed (i.e. whether missing data was present, in

which percentage, were missing data imputed and how)

Yes No

Total criteria satisfied /5

Score interpretation guidelines
5/5: strictly adherent; 4/5: moderately adherent;3/5: minimally adherent; 2/5: weakly adherent
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Table 3: Description of included studies

Authors

Sample numerosity and
characteristics (% females;
mean age * sd; race)

Diagnosis

Scales

Outcome
S

Findings

Quality assessment
criteria satisfied

Studies meeting

5/5 criteria (strictly adherent)

1. Brown et al.

2020

428 adults and adolescents
(94.8%; 21.7 £ 8.8;
white/Caucasian: 74.5%)

Transdiagnosti

C

EDE-Q,
MAIA
(items)

Centrality

Having a strong desire to lose
weight, feeling guilty, and
listening for

information from the body
about emotional state as
most central nodes

Outcome
centrality

Greater desire

to lose weight predicted
lower likelihood of remission
at treatment discharge

Bridge
symptom
s

(Not) feeling that one’s body
is a safe place, (mis)trust in
body sensations and ignoring
physical tension/discomfort
until it becomes severe
highest bridge expected
influence

All criteria met.

2. Calugi et al.
2020

522 adolescents (96.3%; 16.3
+1.9; N.R)

724 adults (95.9%; 29.7 +8.9;
N.R)

AN

EDE-Q
(subscales)

Centrality

Shape overvaluation

and desiring weight loss as
the most central nodes in
both samples

All criteria met.

3. Elliot et al.
2020

142 adults (97.8%; N.R;;
N.R)

AN

EDE, DASS-
21
(items)

Centrality

Feeling fat, fear of

weight gain, strong desire to
lose weight, discomfort
seeing one's own body,
dissatisfaction with

weight as most central nodes

All criteria met.
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Table 4. Information on the demographic diversity of samples reported in the

studies
ARTICLE SEX vs GENDER SES RACE AND OTHER
TERMINOLOGY EDUCATION ECONOMIC ETHNICITY
AND OPTIONS | | pygy, PARAMETERS
CONSIDERED
1. Brown et Sex N.R. N.R. Race
al.,, 2020 Options: Caucasian 74,5%
unclear; only % of ASifm 6,1% )
female respondents African American
reported. 0’4%
Native
Hawaiian/Pacific
Islander 0,2%
American
Indian/Alaska Native
0,7%
Other 17,8%
Ethnicity
Hispanic 16,8%
Non-Hispanic 83,1%"
Reported also for
adult and adolescent
subgroups
2. Calugi et Gender N.R. N.R. N/R
al,, 2020 Options:
unclear; only % of
female respondents
reported.
3. Calugi et Gender N.R. N.R. N.R.
al,, 2021 Options:
unclear; only % of
female respondents
reported.
4. Calugi et Gender N.R. N.R. N.R.
al,, 2022 Options:
unclear; only % of
female respondents
reported.
5.Cascinoet | Gender N.R. N.R. N.R.
al,, 2019 Options:
Unspecified; female
gender is an
inclusion criterion
6.Chenetal, | NR. Years of education N.R. N.R.
2022 (patients group:
20.8+2.7; control
group: 20.9£2.6)
7.de Vos et N.R. N.R. N.R. N.R.
al, 2021
8. DuBois et Sex High school graduate | N.R. Race Sexual
al,, 2017 Options: (or less) 24,7% White 89,4% orientation
Male College student Asian 5,6% Heterosexual
female (currently) 24,7% 82,5%
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College graduate
50,6%

African
American/Black 4,6%
Native
Hawaiian/Pacific
Islander 0,5%
American
Indian/Alaska Native
0%

Homosexual
8,8%
Bisexual
5,6%

Other 3,1%

9. Elliot et al.,
2020

Gender *Years of N.R. In the limitation *In
Options education section, it's relationshi
Female 15,8+2,3 acknowledged that p
Male (data available for the majority of the 35,2%
125/142 sample is composed (data
participants) by participants who | gygilable for
are White, but no 138/142
data are provided. participants)
* Information not reported in the article; the authors refer to the study by Schmidt et al., (2015) for the

original data

10. Forrest et | Unspecified AN N.R. Race/ethnicity AN
al,, 2018 Options: High school graduate European American
Unspecified; “girls” | orless 36,5% 86,6%
and “women” are Technical training African American
inclusion criteria 1,0% 0,7%
Some college or Asian/Pacific Islander
Associate’s degree 2,6%
35,1% Hispanic 3,8%
Bachelor’s degree Native American 0,2%
16,4% Multiracial 2,5%
Graduate school Other 1,7%
10,8%
Race/ethnicity BN
BN European American
High school graduate 78,4%
orless 27,7% African American
Technical training 2,7%
1,5% Asian/Pacific Islander
Some college or 2,3%
Associate’s degree Hispanic 6,3%
41,7% Native American 0,6%
Bachelor’s degree Multiracial 4%
19,9% Other 2,9%"
Graduate school
8,8%
11. Forrestet | Gender N.R. N.R. Race
al,, 2019 Options: Caucasian 74,7%
Bo_y/man Asian 5,7%
Girl/woman Black 2%
Native
Hawaiian/Pacific
Islander 0,3%
American
Indian/Alaska Native
0,3%
Other 16,6%
Ethnicity
Hispanic 19,9%
Non-Hispanic 76%”
12. Unspecified N.R. N.R. Race
Goldschmidt | Options: White 88,1%
etal, 2018 | Unspecified; Black 6,8%

Asian 2,7%
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only % of female

American

respondents Indian/Alaskan Native
reported. 0,8%
Mixed race/other
1,6%”
13. Hagan et | Child sex N.R. Family income: Child race Intact
al, 2021 Options: <US $50000: 12% Caucasian 69,4% family
Female US $ 50000-80000: African Yes 60,6%
Male 11,2% American/Black 0,7% | No18,1%
other US $81000-100000: | Asian 12,5% Missing data
13,9% American 21,3%
US $101000-150000: | Indian/Alaska Native
19,6% 0,2%
> US $150000: Native
41,1% Hawaiian/Pacific
Islander 4,6%
Multi-racial 7,6%
Child ethnicity
Hispanic/Latinx
12,0%
Non-Hispanic/non-
Latinx 69,4%"
14. Hilbert et | *Unspecified *Years of *Employed N.R. *Married
al,, 2020 Options: education > 12 Self-help group: Self-help
Female Self-help group: 53% | 68,7% group: 36,1%
Male CBT group: 50% CBT group: 76,7% CBT group:
51,2%
*Information not reported in the article; the authors refer to the study by de Zwaan et al,, (2017) for the
original data
15. Kerr- Unspecified Years of N.R. N.R.
Gaffney etal.,, | Options: education
2020 Unspecified, 16,33+2,89
only % of female (range 10-27)
respondents
reported.
16. Levinson | Unspecified N.R. N.R. Ancestries
etal, 2017 Options: European 84,2%
Unspecified, African American
only % of female 5,6%
respondents Asian 2,6%
reported. Native
Hawaiian/Pacific
Islander 0,5%
Other 5,1%”"
17. Mares et | Gender N.R. N.R. N.R.
al,, 2022 Options:
unclear; only % of
female respondents
reported.
18. Meier et Unspecified College degree N.R. “Caucasian (95%)”
al, 2020 Options: 68% Other races not
Women 84,82 Other titles not reported
Men 14,85 reported
Nonbinary 0,33
19. Unspecified N.R. N.R. N.R. Family
Monteleone, Options: type
etal,, 2019 Female (united,
Male separated,
single
parent)
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20. Unspecified Years of Months N.R.
Monteleone | Options: education unemployed
etal, 2020 Unspecified; AN-R 16,0542,89 AN-R 5,85+22,34

“Women” is an AN-P 16,06+2,53 AN-P 9,06+29,21

inclusion criterion BN 15,56+3,38 BN 6,56+13,66
21. Unspecified N.R. N.R. “Italian
Monteleone, | Options: population”
etal, 2021 Female

Male
22. Gender Years of Employment N.R.
Monteleone Options: education status
etal, 2022 unclear; only % of | Patients: 11.7+1.9 Employed (full

female respondents | Carers: 15.443.6 time/part time)

reported.

Patients: 8%

Carers: 69%
Unemployed/retired/
sick leave/student
Patients: 91%

Carers: 21%
Other/missing
Patients: 0.7%
Carers: 9%

23. Olatunji Unspecified N.R. N.R. Ethnic breakdown
etal, 2018 Options: Caucasian 93,6%
Unspecified, Mixed/Unknown 2,7%
“female” is an Hispanic 2,1%
inclusion criterion Asian 0,9%
African American
0,7%
Native American
0,2%”
24. Ralph- Sex N.R. N.R. Race/ethnicity
Nearman et Options: White 86.5%
al. 2021 Male Hispanic 4.1%
v Female Asian 1.2%
Black 0.7%
Multi-racial 2.2%
Not reported 5.2%
25.Schlegl et | Unspecified N.R. N.R. N.R.
al, 2021 Options:
Unspecified;
“female” is an
inclusion criterion
26.Smith et | Unspecified N.R. N.R. “Caucasian (96%)”
al,, 2019 Options: Other races not
Unspecified, reported
only % of female p
respondents
reported.
27.Smith et Gender N.R. N.R. Race/ethnicity
al,, 2020 Options: (ED group)
Male White 90,7%
Female Asian/Pacific Islander

1,7%

Black 1,26%

Native
American/Alaskan
Native 0,8%
Hispanic 0,8%
Other 0,8%

Non reported 0,4%”
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765
766
767
768
769
770
771
772
773

Data reported also for
the two comparison
groups.

28. Solmi et Unspecified N.R. N.R. N.R.
al,, 2018 Options:
Unspecified,
only % of female
respondents
reported.
29. Solmi et N.R. Years of N.R. N/R
al,, 2019 education
AN-B-P
13,04+2,90
AN-R12,73+3,12
30. Vanzhula | Unspecified N.R. N.R. Ethnicity
etal, 2019 Options: European American
Unspecified, 93,7%
only % of female African American
respondents 0,6%
reported. Hispanic 1,9%
Asian 0,6%
Multiracial 1,9%
31.Vervaet et | Unspecified N.R. N.R. N/R
al,, 2021 Options:
Female
male
32.Wang et Unspecified N.R. N.R. Race
al,, 2019 Options: White 73,8%”
Unspecified, Other races not
only % of female reported
respondents
reported.
33.Wong et Gender N.R. N.R. Ethnicity/ race
al,, 2021 Options: European American
Male 75.1%
Female Hispanic 4.8%
Other Black 1.3%

Chinese or Chinese
American 0.9%
Indian or Indian-
American 0.4%
Japanese or Japanese
American 0.4%
Other Asian origin
0.4%

Multiracial or biracial
2.2%

Unlisted 0.9%

Did not report 13.5%

N.R.: not reported
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