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treatment targets for eating disorder treatment:
a proof-of-concept study and initial data
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Abstract

Background: Eating disorders (EDs) are severe mental illnesses, with high morbidity, mortality, and societal burden.
EDs are extremely heterogenous, and only 50% of patients currently respond to first-line treatments. Personalized and
effective treatments for EDs are drastically needed.

Methods: The current study (N =34 participants with an ED diagnosis collected throughout the United States)
aimed to investigate best methods informing how to select personalized treatment targets utilizing idiographic net-
work analysis, which could then be used for evidence based personalized treatment development. We present initial
data collected via experience sampling (i.e., ecological momentary assessment) over the course of 15 days, 5 times a
day (75 total measurement points) that were used to select treatment targets for a personalized treatment for EDs.

Results: Overall, we found that treatment targets were highly variable, with less than 50% of individuals endors-

ing central symptoms related to weight and shape, consistent with current treatment response rates for treatments
designed to target those symptoms. We also found that different aspects of selection methods (e.g., number of items,
type of centrality measure) impacted treatment target selection.

Conclusions: We discuss implications of these data, how to use idiographic network analysis to personalize treat-
ment, and identify areas that need future research.

Trial registration: Clinicaltrials.gov, NCT04183894. Registered 3 December 2019—Retrospectively registered, https:.//
clinicaltrials.gov/ct2/show/NCT04183894. NCT04183894 (ClinicalTrials.gov identifier).

Plain English Summary

Eating disorders are severe psychiatric illnesses that carry high mortality, morbidity, and societal and personal burden.
Treatments for eating disorders only work in 50% of patients, signifying a great need to improve treatments. One
reason that treatments may not work, is because eating disorders vary substantially from one individual to the next,
which existing treatments do not fully consider. The current study (N = 34 participants with an eating disorder diag-
nosis) uses a new modeling technique to identify which symptoms should be targeted in treatment in a personalized
manner. As expected, we found that, using this modeling technique, symptoms that should be targeted in treatment
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vary considerably. We discuss how to use this modeling technique to identify individual treatment targets and ways in
which the field can use this strategy to improve existing and create new treatments.

Keywords: Eating disorders, Network analysis, Personalized treatment, Idiographic modeling, Precision treatment

Background

Eating disorders (EDs) are extremely debilitating and
carry high impairment and societal costs [3, 10]. In 2018-
2019 alone, the United States spent over $64.7 billion on
EDs, and 10,000 individuals died prematurely because of
an ED [10]. Despite the high cost, mortality, and preva-
lence associated with EDs, treatments are suboptimal
[50]. Response rates for gold standard treatments, such
as Enhanced Cognitive Behavioral Therapy (CBT-E; [15],
only yield 50% response rates and up to 35% of those who
remit will eventually relapse [7, 31, 32, 48]. New treat-
ments, especially personalized treatments, are urgently
needed.

EDs are highly heterogenous, both in terms of symptom
presentation and treatment response [30, 36]. Almost
half of individuals with an ED diagnosis meet criteria for
other specified feeding and eating disorder (OSFED, any
clinical ED that does not specifically meet criteria for ED
diagnostic categories of anorexia nervosa (AN), bulimia
nervosa (BN), or binge eating disorder (BED; [21]. Addi-
tionally, even within a similar AN diagnosis, symptom
presentation is drastically different [36]. For example, one
individual with AN may restrict, be afraid of high calorie
foods, and meet criteria for an anxiety disorder, whereas
another individual may purge, be fearful of interoceptive
sensations, and meet criteria for depression. Practically,
this heterogeneity means treatments developed based
‘on average symptom presentation’ will fail to effectively
treat symptoms for a large majority of individuals. Recent
research supports this idea, showing that while about half
of individuals with EDs demonstrate symptoms related
to overvaluation of weight and shape as most important
symptoms for maintenance of psychopathology, about
half endorse other non-weight and shape symptoms as
most important (Levinson et al,, 2021). Accordingly, it is
unsurprising that at least 50% of patients do not respond
to standard treatments, such as CBT-E, designed to tar-
get reduction of ED behaviors and overvaluation of
weight and shape applied in a similar order and manner
for each patient. In response to this high heterogene-
ity, clinicians generally adapt evidence-based treatments
based on clinical judgment, despite the fact that clinician
judgment is flawed [22]. This means there are two bar-
riers to delivering effective ED care, high heterogeneity
and the reliance on clinician-judgment. Ideally, clinicians
would have a data-driven method to support treatment
target selection and guide treatment planning, such that

reliance on clinician or treatment team-judgment could
be minimized and based on data. Unfortunately, no such
method to guide clinicians on treatment selection cur-
rently exists.

To address the problematic treatment response rates
both for EDs and other psychiatric illnesses, research-
ers and granting institutions (e.g., National Institutes of
Health) have launched the precision medicine initiative
[28], which calls for the development and implementa-
tion of precision-based treatments that use data to guide
treatment development and planning on the individual
level [51]. One area that has been proposed as a method
to develop personalized treatments is idiographic net-
work analysis (NA; [42, 43]. Idiographic NA utilizes
intensive longitudinal data, generally collected via eco-
logical momentary assessment (EMA: a type of intensive
assessment methodology, generally delivered to a phone
or tablet, where a participant answers questions several
times per day for an extended period of days), to model
how dynamic systems of symptoms interrelate with each
other to maintain pathology, within one person. To date,
there has been very little investigation of this method
applied to treatment. The existing research finds that
both patients and therapists are willing to use such indi-
vidual models, though it was preferred by patients over
therapists [20]. This research also found wide variation
in idiographic models for individuals with anxiety and
mood disorders similar to what has been found in the ED
field [33—36],Levinson et al., 2021), again pinpointing the
high heterogeneity present in EDs and related psychiatric
illnesses, and the need for personalized treatments that
address this heterogeneity.

While idiographic models have not been readily used
for treatment as of yet, there is a burgeoning literature
implementing this modeling technique to better concep-
tualize and understand how psychiatric illness maintains
itself in a wide range of disorders, including EDs, anxi-
ety, depression, and post-traumatic stress disorder [5,
8, 18, 20, 27, 29, 33-35, 41, 44]. Overall, these studies
used idiographic NA to identify heterogenous individual
symptom profiles, which highlights the importance of
using individual networks to detect individual symptom
dynamics and identify targets for precision intervention
planning [5, 18, 20, 27, 41, 44]. Such a precision treat-
ment would have high clinical utility, as a large body of
research shows that clinician judgment is often biased
[1, 9, 22], and in one small study idiographic data-driven



Levinson et al. J Eat Disord (2021) 9:147

treatments outperform even a team-based approach to
clinical decision making [16]. In other words, a personal-
ized treatment approach based on idiographic data could
alleviate clinician pressure to have to ‘guess’ which symp-
tom to target, instead providing a data-driven method to
guide treatment planning [42].

The next step in this research is to understand how to
best use idiographic NA to guide the selection of treat-
ment targets for the development of personalized treat-
ments. As such, the current study (N=34 participants
with an ED diagnosis) began to investigate how to select
personalized treatment targets utilizing idiographic NA.
We present data on several potential targets identified
from temporal and contemporaneous networks. We use
initial data collected via EMA over the course of two
weeks, five times a day (75 total measurement points)
that were used to select treatment targets for a personal-
ized treatment of ED. We use this data to (a) identify a
range of targets for personalized ED treatment, (b) dis-
cuss target selection issues, (c) provide guidance on how
to use idiographic NA to inform treatment, including
providing examples from these data on how treatment
targets could inform personalized treatment, and (d)
raise issues in the field that need additional research. We
hypothesized that our networks would be highly heter-
ogenous, consistent with prior ED research [33-36], and
that we would identify a wide range of potential targets.
We also hypothesized that target selection methods (e.g..,
centrality statistic used: see definitions in methods;
number of symptoms in model) would influence which
symptoms were selected for treatment. Our ultimate goal
is to provide a proof-of-concept study that can be used
as a starting point to guide the field on how to develop
standardized recommendations for treatment target
selection for precision treatments.

Methods

Participants

Participants were 34 individuals with a diagnosis of an
ED. The majority of participants were female (n=31;
91.2%) and White (n=28; 82.4%). Other ethnicities were
Hispanic (n=1; 2.9%), Black (n=1; 2.9%), and multi-
racial (n=1; 2.9%) and three not reported. Age ranged
from 20-57 (M=34.52, SD=11.11). Participant diag-
noses (determined via structured clinical interview: see
below) were AN-restricting (n=>5; 14.7%), AN-binge-
purge (n=2; 5.9%), BN-purging (n=4; 11.8%), BN-
non-purge (n=3; 8.8%), BED (n=9; 26.5%), atypical
AN-restricting (n=4; 11.7%), atypical AN-binge-purge
(n=2; 5.9%), atypical BN (n=1; 2.9%), atypical BN-non-
purging (n=3; 8.8%), and atypical BED (n=1; 2.9%).
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Average duration of illness for those who reported was
12.33 (SD=6.65).

Procedure

This study was advertised across the United States as a
study for personalized treatment of an ED. Participants
completed semi-structured interviews to determine
inclusion/exclusion status. Inclusion criteria consisted of
a current diagnosis of ED. Exclusion criteria were active
suicidal intent, mania, or psychosis. All diagnoses were
double-checked by the PI (CAL). There was diagnostic
agreement on 98% of cases, 2% of cases were re-reviewed
and discussed with four raters to reach consensus.

Diagnostic measures

Structured Clinical Interview for DSM-5 Eating Dis-
order Module ( SCID-5-RV -; [17] is a semi-structured
clinical interview for making standardized DSM-5 diag-
noses. This study used the ED modules to determine ED
diagnosis.

Mini-International Neuropsychiatric Interview 5.0
(MINI 5.0; [47] is a semi-structured interview to assess
for DSM-5 diagnoses, with excellent inter-rater and test—
retest reliability, and good convergent validity [46]. We
used the suicidality, mania/hypomania, and psychosis
modules, which were exclusion criteria.

Ecological momentary assessment (EMA)

Participants completed assessments five times a day
for 15 days (75 time points total) through EMA before
beginning personalized treatment (not reported on here).
Surveys lasted approximately three minutes each and
participants had one hour to respond. There were 55
selected symptoms of EDs, as well as co-occurring symp-
toms (anxiety, depression, worry) assessed at each time
point. Please see Additional file 1: Table S1, which lists
all symptoms assessed via EMA. All symptoms were
assessed on a 0 to 100 scale, which has been recom-
mended for idiographic NA to improve variability and
network estimation [43].

Treatment target selection methods

Our first step was to reduce the number of symptoms to
include in our idiographic models, as it is infeasible to
include all symptoms assessed (i.e., 55) because of limited
power. We decided a priori to select 15 items with the
highest individual means out of all items because this was
a large enough number to ensure we had a comprehen-
sive model but not too large to impact estimation proce-
dures. We also later considered selecting items with the
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highest variance and will discuss this decision-making
process more in the discussion. Recent work, after our
a-priori decision to include 15-items suggests that for
temporal networks, even with a large amount of data, it is
necessary to include very few items for optimal network
estimation [40]. Therefore, in addition to running mod-
els with 15 items, we decided to run models with eight
items to test if this improved estimation and changed tar-
get selection. How to select which symptoms to include
in each individual model is of huge importance and cur-
rently no guidelines exist on how to best reduce symp-
tom sets. As such, we will discuss this issue more in the
discussion, as well as suggest guidance on what research
is needed on this topic to inform clinical target selection.
Descriptive statistics were computed after EMA comple-
tion before running networks.

Imputation
Please see details in supplement on imputation. Most
models were run using all available data and without
imputation.

Idiographic model estimation (N=1)

For each individual, we estimated contemporaneous
and temporal networks for both a 15-symptom and
eight-symptom networks using graphical VAR package
in R [12]. For additional details on each of these types of
networks please see [36] and Epskamp et al. (2017). We
estimated both temporal (a directed network displaying
symptoms predicting each other across 15 days, while
controlling for all other symptoms in the model at the
prior measurement) and contemporaneous networks (an
undirected network showing how symptoms relate to
each other in the same window of measurement, control-
ling for prior temporal relationships) for each individual.
Strength centrality was calculated for contemporaneous
networks, and InStrength and OutStrength centralities
were calculated for directed networks using the cen-
tralityPlot and centralityTable functions in qgraph [13].
We then present the top two central symptoms for each
statistic (OutStrength, InStrength, strength) as possible
treatment targets, as each of these centrality indices iden-
tifies symptoms with different theoretical importance.
For example, strength centrality (i.e., the sum of all the
weights of all paths) provides a measurement of which
symptoms are most interconnected to other symptoms
within seconds, and thus have greatest potential to spread
symptom activation through the network as compared to
more peripheral symptoms (see “centrality hypothesis”;
[45]. OutStrength (i.e., the sum of all of the weights of
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all outgoing paths) identifies the symptoms exerting the
most influence on other symptoms, thus providing a
treatment target that can have the most potential of hav-
ing downstream effects on other symptoms if intervened
upon, and may be thought of as the most logical theoreti-
cal based treatment target. Similiarly, InStrength (i.e., the
sum of all of the weights of all incoming paths) provides a
measurement of which symptoms are receiving the most
input from other symptoms in the network. In-strength
may not be a logical treatment target given that it repre-
sents the symptom that is impacted by most other symp-
toms, however; we still present data on in-strength given
there is no official guidance on which centrality index
should be used.

All methods, including how to label symptoms, select
symptoms, and run an idiographic network, as well as
code, are included in the Additional file 1. We aimed to
create a user-friendly guide that can be modified for use
in future research.

Example participants

We randomly chose two participants to use as clinical
examples of how selection of treatment targets could
guide clinical practice. One is included in the main text
and one in the Additional file 1.

Results

15-symptom network

Contemporaneous networks. In the contemporaneous
networks (Table 1), we identified 21 different most cen-
tral targets and 19 different second most central targets
out of 55 total symptoms. There was extremely wide vari-
ability in targets, with no one target identified as most
central for most participants. The most frequently iden-
tified targets were body dissatisfaction (seven partici-
pants), drive for thinness (seven participants), and shame
(five participants).

Temporal Networks. In temporal networks (Table 2)
using the OutStrength statistic, we identified 17 different
most central targets and 15 different second most cen-
tral targets. There was wide variability in targets, though
body dissatisfaction was most frequent, which was cen-
tral for six participants. Using InStrength, we identified
14 different most central symptoms and 13 s most central
symptoms. Fear of weight gain (five participants), anxi-
ety about hunger (four participants), and overvaluation
of weight and shape (four participants) were the most
commonly identified symptoms via InStrength. Fourteen
participants had no central symptoms in their temporal
network, due to unidentification of autoregressive vec-
tors from one time point to the next, meaning we needed
more data and/or less items.
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Table 1 Frequency of symptoms with highest and second-
highest strength centrality in contemporaneous individual
networks in 15-item network

Item Highest strength Second-highest Total
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Top central symptoms by total percentage are bolded. See Additional

file 1:Table S1 for symptom descriptions. Bodydiss = body dissatisfaction;
drivethin =drive for thinness; fearlosgcntrol =fear of losing control;
feelineffectve =feeling ineffective; saa=social appearance anxiety;
avoidemo =avoiding emotions; eatrules = eating rules; excexercse = excessive
exercise; fowg = fear of weight gain; gad = generalized anxiety disorder;
physsenseat = physical sensations of eating; selfcrit =self-criticism;

binge = binge eating; bodycheck =body checking; cogrestraint = cognitive
restraint; diffeatpublic = difficulty eating in public; diffrelax = difficulty
relaxing; eatanx = eating anxiety; fearattn =fear of attracting

attention; fearmstkes = fear of making mistakes; highstndrds = high
standards; overvalwtshape = overvaluation of weight and shape;
overwhelmemo = overwhelming emotions; ptsd = post-traumatic stress
disorder.
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Eight-symptom network

Contemporaneous networks

In the contemporaneous networks (Table 3), we identi-
fied 22 different most central targets and 19 different
second most central targets. There was extremely wide
variability in targets, with no one target identified as
most central for most participants. The most frequently
identified targets were body dissatisfaction (seven partic-
ipants), drive for thinness (seven participants), and fear
of weight gain (five participants).

Temporal networks

In temporal networks (Table 4) using the OutStrength
statistic we identified 14 different most central targets
and 16 different second most central targets. Again, there
was wide variability in targets, though body dissatisfac-
tion and drive for thinness were most frequent, each as
most central for four participants. Using InStrength we
identified 19 different most central targets and 15 s most
central targets. Body dissatisfaction (six participants),
fear of weight gain (five participants), and drive for thin-
ness (four participants) were the most commonly iden-
tified targets via in-strength. Ten participants had no
central symptoms in their temporal network.

Networks
Please see Fig. 1/S1 for networks of example participants.
Please see Fig. 2 for all other participant networks.

Example participants

We use two example participants, randomly selected,
from the eight-symptom networks to illustrate how
intervention might occur based on the selected targets
and relations shown in the network. These examples are
meant to illustrate how clinicians could use the temporal
and contemporaneous centrality statistics to guide which
treatment modules they apply to patients and how these
treatments would significantly vary from treatment as
usual. Participant 7 is described here, and Participant 30
can be found in the Additional file 1.

Participant 7

Temporal Targets. The two strongest temporal out-
strength symptoms are drive for thinness and feel-
ing ineffective; the two strongest temporal in-strength
symptoms are shame and overvaluation of weight and
shape. Based on the out-strength and in-strength symp-
toms, a clinician would focus on intervening primar-
ily on the two symptoms identified via out-strength,
as they are theorized to be key in the maintenance of
other symptoms by providing the most input to other
symptoms out of all other symptoms in the model. For
drive for thinness and feeling ineffective, treatment
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Table 2 Frequency of symptoms with the highest and second-highest centrality in temporal individual networks in 15-symptom

network
Item Highest out- Second-highest out- Highest in-strength Second-highest Total
strength strength in-strength
Frequency (%)

bodydiss 4(11.8) 2(5.9) 3(838) 0(0) 9 (6.6)
fowg 1(2.9) 1(2.9) 3(8.8) 2(59) 7(5.1)
hungeranx 19 1(2.9) 2(5.9) 2 (5.9) 6 (4.4)
overvalwtshape 0(0) 2 (5.9) 1(2.9) 3(8.8) 6 (4.4)
diffrelax 1(29) 1(29) 1(29) 1(29) 4(29)
allornothing 129 1(2.9) 1(2.9) 0(0) 3(2.2)
drivethin 1(2.9) 0(0) 1(2.9) 1(2.9) 3(2.2)
eatrules 0(0) 0(0) 2(5.9) 129 3(2.2)
highstndrds 1(29) 1(2.9) 0(0) 1(2.9) 3(2.2)
skipmeal 0(0) 2(59) 1(29) 0(0) 322
worry 0(0) 1(2.9) 0(0) 2(5.9) 3(22)
diffeatpublic 0(0) 0(0) 0(0) 2(59) 2(15)
fearlosgcntrol 12.9) 0(0) 1(2.9) 0(0) 2(1.5)
feelineffectve 129 0(0) 1(2.9) 0(0) 2(1.5)
gad 0(0) 2(5.9) 0(0) 0(0) 2(15)
repthghtfood 129 1(2.9) 0(0) 0(0) 2(1.5)
selfcrit 0(0) 1(29) 1(29) 0(0) 2(15)
shame 1(29) 1(29) 0(0) 0(0) 2(1.5)
adhd 1(2.9) 0(0) 0(0) 0(0) 1(0.7)
compuls 0(0) 0(0) 0(0) 129 1(0.7)
depression 0(0) 1(2.9) 0(0) 0(0) 1(0.7)
excexercse 0(0) 0(0) 0(0) 1.9 1(0.7)
fearatten 0(0) 0(0) 0(0) 19 1(0.7)
fearmstkes 0(0) 0(0) 0(0) 129 1(0.7)
fearreject 1(2.9) 0(0) 0(0) 0(0) 1(0.7)
foodavoid 1(29) 0(0) 0(0) 0(0) 1(0.7)
impulse 1(9) 0(0) 0(0) 0(0) 1(0.7)
iuc 1(29) 0(0) 0(0) 0(0) 1(0.7)
mealrum 0(0) 1(2.9) 0(0) 0(0) 1(0.7)
postevprocess 19 0(0) 0(0) 0(0) 1(0.7)
ruminate 0(0) 0(0) 1(2.9) 0(0) 1(0.7)
sleepdiff 0(0) 0(0) 1.9 0(0) 1(0.7)
NA 14 (41.2) 15 (44.1) 14 (41.2) 15 (44.1) 58 (42.6)
Total 34(100) 34(100) 34(100) 34 (100) 136 (100)

NA =no central symptom identified. Top central symptoms by total percentage are bolded. See Additional file 1: Table S1 for symptom descriptions.
Bodydiss =body dissatisfaction; fowg = fear of weight gain; hungeranx = hunger anxiety; overvalwtshape = overvaluation weight and shape; diffrelax = difficulty
relaxing; allornothing = all-or-nothing perfectionism; drivethin = drive for thinness; eatrules = eating rules; highstndrds = high standards; skipmeal = skipping

meals; diffeatpublic =difficulty eating in public; fearlosgcntrol =

fear of losing control; feelineffectve =feeling ineffective; gad = generalized anxiety disorder;

repthghtfood = repetitive thoughts about food; selfcrit = self-criticism; adhd = attention deficit/hyperactivity disorder; compuls = compulsions; excexercse = excessive
exercise; fearatten =fear attracting attention; fearmstkes =fear of making mistakes; fearreject =fear of rejection; food avoid =food avoidance; impulse =impulsivity;
iuc=intolerance of uncertainty; mealrum =meal rumination; postevprocess = post-event processing; ruminate = rumination; sleepdiff = sleep difficulties

could utilize specific modules from CBT-E focused on
drive for thinness and feeling ineffective before com-
pleting other CBT-E modules. Specifically, a clinician
could identify thinking errors, automatic thoughts,
and core beliefs; challenge automatic thoughts; and use
behavioral experiments to challenge the individuals’

core beliefs [14]. If the clinician wanted to focus on in-
strength symptoms, for shame, a clinician could use
emotion regulation from dialectical behavior therapy
(DBT; [39] and focus on exploring feelings of shame,
how to check the facts, and engaging in opposite
action. Finally, for overvaluation of weight and shape,
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Table 3 Frequency of Symptoms with Highest and Second-
Highest Centrality in Contemporaneous Individual Networks in
8-Symptom Network

Item Highest strength Second-highest Total

strength
Frequency (%)
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*For three participants, the highest and second-highest strength had the
same value, so both symptoms were listed under the highest strength. For
two of these participants, the symptoms with the same value were skipmeal
and cogrestraint. For one of these participants, the symptoms with the same
value were iuc and selfcrit. **For one participant, the second-highest and
third-highest strength had the same value, so both symptoms (feelineffectve
and shame) were listed under second-highest strength. Top central symptoms
by total percentage are bolded. See Additional file 1: Table S1 for symptom
descriptions. Body diss = body dissatisfaction; drivethin =drive for thinness;
fowg = fear of weight gain; saa = social appearance anxiety; selfcrit=self-
criticism, cogrestraint = cognitive restraint; gad = generalized anxiety disorder;
bodycheck =body checking; eatrules = eating rules; fearmstkes = fear of
making mistakes; feelineffectve =feeling ineffective; impulse =impulsivity;
overvalwtshape = overvaluation of weight and shape; skipmeal = skipping
meals; adhd = attention-deficit/hyperactivity disorder; compuls =compulsions;
diffeatpublic =difficulty eating in public; diffrelax = difficulty relaxing;
excexercse = excessive exercise; fearlosgcntrol =fear of losing

control; fearreject =fear of rejection; highstndrds = high standards;
interoaware = interoceptive awareness; iuc = intolerance of uncertainty;
mealrum = meal rumination; repthghtfood = repetitive thoughts about food.
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treatment again could use modules from CBT-E and
would focus on identifying thinking errors and auto-
matic thoughts, challenging automatic thoughts, values
assessment and exploration, and goal setting. Based on
the partial directed correlations network for this indi-
vidual, there are several relationships these interven-
tions should disrupt. First, drive for thinness leads to
increased overvaluation of weight and shape, feeling
ineffective, and shame at the next time point. Further,
there is a relationship between drive for thinness and
impulsivity, such that each lead to an increase in the
other at the next time point. Feeling ineffective leads
to increased overvaluation of shape and weight and
guilt at the next time point and there is a relationship
between feeling ineffective and shame, such that each
lead to an increase in the other at the next time point.

Contemporaneous Targets. Alternately, for this individ-
ual the two strongest contemporaneous symptom targets
are shame and guilt, therefore, if this statistic was used
treatment would be very different. Although shame was
captured as one of the strongest in-strength temporal
targets, guilt is a new intervention target for this indi-
vidual based on the contemporaneous symptom rela-
tionships. For both shame and guilt, a clinician could use
emotion regulation from DBT as described in the Tempo-
ral Targets section above for this individual. Of course, all
of these suggestions for treatments are suggestions only
and clinicians could use their own expertise and training
to decide which treatments to apply to these targets once
identified.

Discussion

The current research is a proof-of-concept study illus-
trating how idiographic NA can be used to select treat-
ment targets for personalized treatment. We used data
from 34 participants with an ED to show how symptom
assessment, symptom selection, model type and statistic
can influence which targets are selected. We provided
clinical examples of how individual treatment targets
could influence treatment planning and ordering of inter-
ventions even if drawn from the same treatment. Over-
all, we found that, as hypothesized, ED symptom profiles
were highly heterogeneous. No one target was identified
as most important, rather there was a wide range of tar-
gets selected, highlighting why a personalized treatment
method is needed. Such a method could help overcome
barriers to delivering evidence-based effective ED care by
addressing both high heterogeneity and reduced reliance
on clinician-judgment alone.

Eating disorder personalized treatment targets
We found a wide variety of potential ED treatment tar-
gets. Out of the 55 symptoms assessed, depending on the
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Table 4 Frequency of symptoms with the highest and second-highest centrality in temporal individual networks in 8-symptom

network
Item Highest out- Second-highest out- Highest in-strength Second-Highest Total

strength strength In-Strength

Frequency (%)
bodydiss 4(11.8) 0(0) 3(88) 3(8.38) 10(74)
drivethin 3(8.8) 1(2.9) 1(29) 3(8.8) 8(5.9)
fowg 0(0) 1(29) 4(11.8) 1(29) 6 (4.4)
overvalwtshape 2 (5.9) 0(0) 1(2.9) 2 (5.9) 5(3.7)
cogrestraint 2(5.9) 1(29) 1(29) 0(0) 4(29)
eatrules 0(0) 2(5.9) 1(29) 1(29) 4(29)
foodavoid 1(2.9) 2(5.9) 1(2.9) 0(0) 4(2.9)
selfcrit 2(5.9) 1(29) 1(29) 0(0) 4(2.9)
feelineffectve 0(0) 2(5.9) 129 0(0) 3(2.2)
hungeranx 1(29) 0(0) 1(29) 1(29) 3(22)
binge 0(0) 1(2.9) 1(29) 0(0) 2(1.5)
bodycheck 1(29) 1(29) 0(0) 0(0) 2(1.5)
diffeatpublic 1(29) 1(29) 0(0) 0(0) 2(1.5)
diffrelax 1(2.9) 0(0) 0(0) 1(2.9) 2(1.5)
fearlosgcntrol 0(0) 1(2.9) 0(0) 1(2.9) 2(1.5)
highstndrds 0(0) 0(0) 1(2.9) 1(2.9) 2(1.5)
impulse 1(29) 0(0) 1(29) 0(0) 2(1.5)
saa 0(0) 2(5.9) 0(0) 0(0) 2(15)
shame 0(0) 1(2.9) 1(2.9) 0(0) 2(1.5)
skipmeal 2(5.9) 0(0) 0(0) 0(0) 2(1.5)
sleepdiff 0(0) 1(2.9) 0(0) 1(2.9) 2(1.5)
socialintanx 2(5.9) 0(0) 0(0) 0(0) 2(1.5)
worry 0(0) 0(0) 1(2.9) 1(29) 2(1.5)
adhd 0(0) 0(0) 1(2.9) 0(0) 1(0.7)
avoidemo 0(0) 0(0) 1(29) 0(0) 1(0.7)
eatanx 0(0) 0(0) 0(0) 1(2.9) 1(0.7)
excexercse 0(0) 0(0) 129 0(0) 1(0.7)
fearmstkes 0(0) 0(0) 1(2.9) 0(0) 1(0.7)
fearreject 0(0) 0(0) 0(0) 1(2.9) 1(0.7)
gad 0(0) 1(29) 0(0) 0(0) 1(0.7)
guilt 1(2.9) 0(0) 0(0) 0(0) 1(0.7)
mealrum 0(0) 1(29) 0(0) 0(0) 1(0.7)
physsenseat 0(0) 0(0) 0(0) 129 1(0.7)
ruminate 0(0) 0(0) 0(0) 1(2.9) 1(0.7)
NA 10 (29.4) 14 (41.2) 10 (29.4) 14 (41.2) 48 (35.3)
Total 34 (100) 34 (100) 34 (100) 34 (100) 136 (100)

NA =no central symptoms identified. Top central symptoms by total percentage are bolded. See Additional file 1: Table S1 for symptom descriptions.

Bodydiss = bodydissatisfaction; drivethin =drive for thinness; fowg = fear of weight gain; overvalwtshape = overvaluation weight of shape; cogrestraint = cognitive
restraint; eatrules = eating rules; foodavoid = food avoidance; selfcrit = self-criticism; feelineffectve = feeling ineffective; hungeranx =hunger anxiety; binge =binge
eating; bodycheck =body checking; diffeatpublic = difficulty eating in public; diffrelax = difficulty relaxing; fearlosgcntrol =fear of losing control; highstndrds = high
standards; impulse =impulsivity; saa = social appearance anxiety; skipmeal = skipping meals; sleediff =sleep difficulties; socialintanx = social interaction anxiety;
adhd =attention deficit/hyperactivity disorder; avoidemo = avoiding emotions; eatanx = eating anxiety; excexercse = excessive exercise; fearmstkes = fear of
making mistakes; fearreject =fear of rejection; gad = generalized anxiety disorder; mealrum = meal rumination; physsenseat = physical sensations of eating;
ruminate = rumination

model and statistic, we found between 13-22 different differences by diagnosis, which has also been found prior
treatment targets. No single target was overwhelmingly  [33-36] meaning that regardless of diagnosis there is
found to be most important. There were not discernible  high heterogeneity. The most frequently occurring most
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Partial Contemporaneous Correlations

bodydiss

file 1: Table S1 for full items associated with each node abbreviation

Fig. 1. 15-item (top) and 8-item (bottom) contemporaneous (left) and temporal (right) individual networks for example participant. See Additional

Partial Directed Correlations

bodydiss

Partial Directed Correlations

central symptoms (i.e. targets) were body dissatisfac-
tion, drive for thinness, and fear of weight gain, regard-
less of model type or statistic. This finding is consistent
with growing literature showing that overvaluation of
weight and shape, fear of weight gain, and related con-
structs are most central ‘on average’ for individuals with
EDs [11, 19, 33-35, 37, 49]. However, we want to empha-
size that the combination of weight and shape related
constructs (drive for thinness, body dissatisfaction, fear
of weight gain) were central in less than half of partici-
pants. Many other participants had most central targets
such as shame, feeling ineffective, fearing losing control,
and anxiety. This finding is similar to treatment response
rates of around 50% [30]. In just under 50% of individ-
uals, overvaluation of weight and shape was central,
which is the main target mechanism of treatments such
as CBT-E (in addition to a reduction in ED behaviors:
[15]. It may be possible these similar rates are coinciden-
tal- though future research is needed to test if person-
alization for those without a central shape and weight
concern improves treatment. For individuals who have a
target not related to overvaluation of weight and shape, it
makes theoretical sense why such a treatment may not be

as effective, as additional, yet important targets may be
left untreated (or never targeted) until later in treatment
reducing the efficacy of treatment. For these individu-
als, it seems likely that addressing their specific central
symptoms either as primary treatment targets or ear-
lier in treatment could lead to more effective or shorter
treatment. This hypothesis remains yet to be tested with
empirical data.

We also want to emphasize that while overvaluation of
weight and shape related symptoms were central in just
under half of the identified targets, there were several
different aspects of overvaluation that were endorsed.
Specifically, we found participants had individual targets
focused on body dissatisfaction, drive for thinness, fear
or weight gain, and overvaluation of weight and shape:
each of which are different constructs/symptoms [4, 38].
The implication of this finding is that even when target-
ing overvaluation of weight and shape, the treatment may
need to be tailored to focus on different aspects of weight
and shape concerns in different individuals. For example,
the treatment of fear of weight gain, via imaginal expo-
sure, may be warranted for some individuals, whereas
cognitive restructuring or acceptance-based treatments
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may be warranted for symptoms such as body dissatis-
faction and drive for thinness [2, 24, 33-35]. Currently,
treatments such as imaginal exposure for fear of weight
gain, are not included in CBT-E.

Treatment target selection issues

There are several issues that we encountered that are
worth mentioning. We hope that researchers will
reflect on these issues, as well as how to use them to
create standard guidance on how to select treatment
targets using idiographic modeling. In this discussion,
we have attempted to pinpoint areas that are in need
of future research. Ultimately, our goal is to showcase
these issues so that they can be used as a starting point
to guide the field on how to develop standardized rec-
ommendations for treatment target selection for preci-
sion treatments. We also want to emphasize that while
we do not yet have all the answers for how to best per-
sonalize treatment, this dilemma does not reflect an
opinion that personalized treatment via NA cannot be
effective; rather our goal is to understand how to make
it most effective.

Assessment

First, which symptoms should be included in assessment?
We sought to assess as many symptoms as feasible via
EMA to ensure that we had a comprehensive picture of
ED symptoms and co-occurring conditions. This research
can be used as a starting point, such that symptoms we
found to be central in any individual should conclusively
be included in future assessment. However, it is entirely
possible there are symptoms that we did not assess that
are important mechanisms/intervention targets for EDs.
There is also the issue of topological overlap. For exam-
ple, the distinction between shape and weight concerns.
The field as a whole could benefit from a comprehen-
sive collection of possible ED symptoms to include in
momentary assessment used for personalized treatment.
Further, there are several possible methods that could
improve assessment. Given that it is not feasible to collect
all possible symptoms, nor to model all symptoms, an idi-
ographic assessment approach may be needed. For exam-
ple, participants might answer all symptom questions at
the beginning of the assessment period and then if there
are symptoms that are not endorsed, these symptoms
would no longer be assessed [23]. Additionally, there is
currently work that is integrating clinician and patient
report with data [6] to develop network models for idi-
ographic target selection. It seems plausible to us that
clinicians and/or patients themselves may have impor-
tant insight into which symptoms should be assessed
and included in a comprehensive patient-clinician-data
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model. Further, there are no standardized recommenda-
tions for how many assessment points are needed, with
the primary recommendation to collect as much data as
is feasible. Last, psychoeducation to participants on the
importance of utilizing the entire scale range is impor-
tant, as well as education on what the rating anchors
mean, to ensure that participants answer accurately and
do not select, for example, all 100s, which then limits var-
iance and impacts model estimation.

Item inclusion

Once symptoms have been assessed, there are logis-
tical problems of selecting which items to include in
the model. As with any model, there must be a balance
between comprehensiveness and parsimony. Recent
work suggests that for temporal networks, even with a
large amount of data, it is necessary to include very few
items for optimal network estimation [40]. However, the
inability to include a large number of symptoms limits
the comprehensiveness of our models and increases the
likelihood we will miss important symptoms. In our data,
we showed models that included 15 symptoms and eight
symptoms. While we were able to identify more tem-
poral targets for more people in the eight-item models,
there was still a large proportion that did not have cen-
tral symptoms in the temporal models, possibly because
of limits of the analytic technique and the need for more
data. Thus, the number of symptoms in the model bal-
anced with the amount of data available is clearly an
important consideration.

Relatedly, the decision of what number of symptoms
to include a-priori is of utmost significance. In our data
we used the symptoms with the top eight or 15 high-
est means across 15 days (75 data points). However, it
has also been suggested that using the symptoms with
the highest variance might also be a way to select symp-
toms (personal communication, S. Epskamp, 2020). The
highest means versus most variant symptoms will have
different implications for the model and both intensity
and variation in symptoms has been shown to influence
pathology [25, 26]. Research is needed to test which of
these item selection methods is most clinically relevant.
First, does intervention on mean vs. variant selected
symptoms produce better treatment outcomes? Second,
do one of these specific target selection methods iden-
tify targets that better predict clinical outcomes? Or is
there another method to select symptoms that could out-
perform both of these strategies? It may be that a com-
bination of highest mean and variant symptoms may
ultimately be the best solution. Clearly, much future
research is needed.
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Type of centrality statistic. We presented three differ-
ent types of centrality statistics from two idiographic
models: temporal (out and in-strength) and contempo-
raneous strength centrality. While there was some con-
vergence across statistic type in the central symptom
selected, there was also variation, as would be expected
from models based on different theoretical assumptions.
While temporal out-strength (the amount of output a
symptom gives to all other symptoms in the model) may
seem to be the logical candidate for ideal target, these are
also the models that need the most data. Relatedly, based
on theory, in-strength is the least likely centrality statistic
that should be used to select treatment targets because
these are symptoms that are receiving rather than giving
input [45]. It also seems plausible to us that contempo-
raneous central symptoms could be treatment targets,
given that how symptoms operate in the span of seconds
may also be important for the maintenance of pathology.
No research exists comparing selected targets from each
of these different types of models as predictors of clini-
cal outcomes or treatment response. In the current study
(see Example participants), we illustrate how treatment
would proceed based on treatment targets from each of
these different models/statistics. For example, if there are
different targets identified via out-strength (temporal) vs
strength (contemporaneous), the types of treatments that
correspond to these symptoms would be different and
encompass an entirely dissimilar treatment plan. Future
research is needed to compare treatments selected via
different centrality metrics. Finally, we did not include
other centrality indices, such as controllability and
expected influence, which should also be considered
as potential statistics that could be translated to treat-
ment targets, especially given negative edges in networks
(Henry, Robinaugh, & Fried, 2020).

Number of treatment targets. Last, in the current
study we selected the top two central symptoms as our
potential treatment targets. Guidance on how many
central symptoms should be selected for intervention
does not exist. It is possible that intervention on one
symptom could produce clinically significant change.
However, it is also entirely possible that the number
of central symptoms could vary based on illness and
person. For example, some patients may need to have
treatment focused on several targets, whereas oth-
ers may only need one treatment target. For example,
it is possible that if fear of weight gain is the identified
treatment target, participants would only need treat-
ment (imaginal exposure) on that target. Whereas for
an individual who has central symptoms of binge eat-
ing and purging, they may need intervention on both of
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those symptoms. Future research is needed to explore
this issue and develop guidance on how many symp-
toms should be selected as targets.

Clinical implications

Despite the plethora of unanswered questions regarding
idiographic modeling methodologies for the develop-
ment of personalized treatments, we think this research
holds great promise for clinical practice. We believe that
the combination of idiographic methodologies with user-
friendly software can make this type of approach highly
feasible in clinical settings, pending future research
on dissemination and implementation. More research
is needed on how to use idiographic modeling in a for-
mat that is acceptable for clinicians, to help bridge the
research-practice gap.

From the current study, our results show that less than
half of individuals with an ED, regardless of model or
statistic, endorse overvaluation of weight and shape or
related symptoms as most central and that there were
several aspects of overvaluation of weight and shape that
were central for different individuals. This finding is con-
sistent with response rates for CBT-E and encourages
us that we are on the right track toward development of
treatments that will be inclusive for all symptom presen-
tations. While this data does not yet make clear exactly
how to best personalize treatment, it does show clearly
why treatments developed based on averages do not work
for a substantial percentage of patients and highlights
the dire need for personalized treatments based in data.
If a treatment is designed to address a symptom that is
not important for maintaining pathology, it follows that
the treatment would not work and must be modified
to address the symptom of importance, and will likely
improve the speed and efficiency of treatment response.
It is possible that these types of methods might be used
with all patients to personalize treatment or that non-
responders to typical evidence-based treatments might
particularly benefit.

Future research

In addition to the practical issues raised above, there are
two main areas in need of future research and several
additional future research directions. First, these models
are data, time, and analytic intensive and must be made
translatable to clinicians without those areas of expertise.
If a disseminated personalized treatment for ED (and
other psychiatric illnesses) is the goal, idiographic scien-
tists must work with clinicians, computer programmers,
and engineers to develop a user-friendly system that can
interpret idiographic models and is easy for clinicians to
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use and integrate into treatment and takes into account
clinician input. Second, most of our treatments to date
are designed based on categorical disorders. For example,
there are treatments for EDs, generalized anxiety disor-
der, unipolar depression, etc. NA inherently uses a dif-
ferent approach, in which symptoms take the forefront,
instead of categories. Unfortunately, this means that
most problematic symptoms (e.g., emotional avoidance,
hunger anxiety) do not have a specific intervention that
is evidence-based. Researchers have been able to work
around this issue by using evidence-based protocols such
as the Unified Protocol [16]. However, specifically for the
EDs, there is very little research on treatment modules
that can be matched to specific target symptoms. This
type of treatment development work is necessary if a net-
work-informed personalized treatment target selection
approach proves effective. In addition, future research
should consider testing how idiographic networks change
pre to post treatment, if they are impacted by duration/
stage of illness, both of which may help inform how
symptoms operate as mechanisms during treatment,
as well as inform dynamic, just-in-time-interventions.
Future research should continue to establish the best
ways in which to select measurement via EMA and strive
for a standardized set of measures both within the ED
field and across all areas of psychiatric research. It would
also be interested to test non-linear dynamic relation-
ships. Finally, future research should continue to consider
theory in the expansion of network models (see Fried,
2020 for a discussion), given the natural overlap between
network theory and theoretical orientations such as CBT
and DBT.

Conclusions

We presented initial data from a proof-of-concept
study with 34 participants with an ED enrolled in a
personalized treatment trial. We found that there was
a wide variety in central symptoms that could be used
as treatment targets. Just under half of our participants
endorsed weight and shape related symptoms, whereas
the large majority had a wide range of central symptoms
including cognitions, behaviors, affect, and co-occur-
ring disorders. These rates are consistent with response
rates for evidence-based treatments for EDs, which
show about 50% of patients respond and suggests that
personalized treatments that target individual main-
tenance factors are needed. There are many remaining
issues that idiographic scientists need to understand to
create evidence-based personalized treatments and this
proof-of-concept study highlights areas in need of more
research, as well as suggests a need for standardized
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recommendations across the idiographic network field.
Crucially, the establishment of evidence-based person-
alized treatments for EDs, as well as for a wide range of
related psychiatric illnesses, holds great promise for the
improvement of response rates and reduction of suffer-
ing that accompanies this deadly disorder.
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