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Abstract

Eating disorders are severe mental illnesses with the second highest mortality rate of all 

psychiatric illnesses. Eating disorders are exceedingly deadly because of their complexity. 

Specifically, eating disorders are highly comorbid with other psychiatric illnesses (up to 95% 

of individuals with an eating disorder have at least one additional psychiatric illness), have 

extremely heterogeneous presentations, and individuals often migrate from one specific eating 

disorder diagnosis to another. In this Perspective, we propose that understanding eating disorder 

comorbidity and heterogeneity via a network theory approach offers substantial benefits for both 

conceptualization and treatment. Such a conceptualization, strongly based on theory, can identify 

specific pathways that maintain psychiatric comorbidity, how diagnoses vary across individuals, 

and how specific symptoms and comorbidities maintain illness for one individual, thereby paving 

the way for personalized treatment.

ToC Blurb

Eating disorders are especially deadly because of high psychiatric comorbidity, heterogeneity 

within and between diagnoses, and diagnostic migration. In this Perspective, Levinson et al. 

propose that a network theory approach to eating disorders addresses this complexity, with 

substantial benefits for conceptualization and treatment.

Introduction

Eating disorders consist of several diagnoses. These diagnoses include anorexia nervosa 

(failure to maintain a healthy weight accompanied by significant fears of weight gain), 

bulimia nervosa (extreme overeating followed by compensatory behaviors to avoid weight-

gain), binge-eating disorder (frequently consuming large amounts of food in one sitting 

with a concurrent sense of loss of control), and other specified feeding and eating 

disorder (OSFED; any other eating disorder that does not fall neatly into one of the other 
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three categories). Regardless of diagnosis, all eating disorders involve an over-focus on 

weight and shape and corresponding eating disorder behaviors (for example, binge eating, 

restriction, and purging). Individuals with anorexia nervosa have a 5–7% standardized 

mortality rate, individuals with bulimia nervosa have a 2% morality rate, and individuals 

with binge-eating disorder have a 1.77–2.9% mortality rate1–4.

In addition to high mortality rates, individuals with eating disorders experience poor life 

outcomes which influence their physical and psychological wellbeing. These poor life 

outcomes include cognitive impairments (such as executive functioning deficits)5, emotional 

impairments (such as disinhibited emotional responses)6, difficulties making decisions7, 

interference with interpersonal relationships (such as social withdrawal)8, low quality of 

life9, and increased risk of suicidality10. Eating disorders also have one of the highest rates 

of medical complications compared to other psychiatric illnesses. Medical complications 

of eating disorders include hair loss11, dental enamel erosion12, osteoporosis13, low blood 

pressure14, bradycardia (slow heart rate, < 60 beats/minute)15, tachycardia (fast heart rate, 

>100 beats/minute)16, gastrointestinal bleeding17, growth impediments18, and cardiac arrest. 

Many of these complications persist even after eating disorder symptoms improve, such as 

increased risk for cardiovascular disease19, infertility20, and gastrointestinal issues21.

The psychological and physical effects of eating disorders are profound, yet treatment-

seeking rates are low. Lifetime treatment-seeking estimates for individuals with anorexia 

nervosa, bulimia nervosa, and binge-eating disorder range from 34.5%−63.5%22. Even when 

treatment is sought, the efficacy of evidence-based treatments for eating disorders (for 

example, cognitive-behavioral therapy; CBT) is low (~50%)23 and relapse rates are high 

(~35–50%)24. The costs of eating disorders extend beyond the physical and psychological 

effects on individuals; eating disorders are a costly burden to the health system. In 2018–

2019 alone, the total economic cost of eating disorders in the US was 64.7 billion dollars25.

The severity and complexity of eating disorders is further impacted by high rates of 

psychiatric comorbidity, high levels of heterogeneity both within and between diagnoses, 

and the likelihood of diagnostic migration (crossing from one eating disorder diagnosis 

to another) during the course of illness. These factors influence the severity of eating 

disorders because comorbid symptomatology might reinforce and strengthen eating 

disorder symptoms. For example, compulsive checking behaviors (a symptom of obsessive-

compulsive disorder) could lead to increased body checking (the habit of seeking 

information about body weight, shape, size, or appearance through behaviors such as 

pinching the stomach or continually looking in the mirror), which might perpetuate 

overvaluation of shape. Furthermore, both heterogeneity and diagnostic migration within 

and between diagnoses can impact treatment efficacy (for example, most treatments only 

focus on the eating disorder, rather than comorbid illness symptoms), which can lead 

to prolonged illness and difficulty in treatment (patients might not respond to standard 

treatments that do not address the comorbidities).

In this Perspective, we describe the impact of eating disorder comorbidity and heterogeneity, 

and consider the importance of theory building for conceptualizations of comorbidity26. 

Next, we discuss how applying network theory and analysis at both group and idiographic 
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levels can enhance understanding of eating disorder comorbidity, and lead to personalized 

treatments. Although we use eating disorders as the psychiatric illness of example, a 

network perspective to psychiatric comorbidity and heterogeneity can be expanded across 

all forms of psychopathology to improve understanding of how psychiatric illnesses develop 

and persist.

Eating disorder complexity

The complexity of eating disorders is evidenced by the high rates of comorbidity, 

heterogeneity, and fluidity of diagnoses. Eating disorders are highly comorbid with 

other psychiatric illnesses; indeed, up to 95% of individuals with an eating disorder 

have at least one additional psychiatric illness27. Across eating disorder diagnoses, 

comorbid psychiatric diagnoses include anxiety disorders28–30, obsessive-compulsive 

disorder31, body dysmorphic disorder32, post-traumatic stress disorder (PTSD)33, depressive 

disorders (major depressive disorder and dysthymia)27,34, bipolar disorder27,35,36, attention-

deficit/hyperactivity disorder37,38, substance use disorders27,39, and borderline personality 

disorder40,41 (Table 1).

There is conflicting evidence about whether a psychiatric diagnosis increases the risk 

of developing an eating disorder or vice versa, or whether eating disorders and other 

psychiatric illness develop simultaneously42. There is likely a combination of these illness 

pathways. For example, if an individual has social anxiety disorder, their increased 

sensitivity to social rejection might lead them to criticize their own body harshly. This harsh 

criticism could lead to restricting food to maintain a body shape they believe is socially 

desirable. Thus, anxiety disorders might lead to eating disorders. By contrast, an individual 

with an eating disorder who has disturbances in body image might worry about what to 

wear when they leave their house to minimize judgment from others. This worry over what 

to wear could lead the individual to fear social situations where they perceive there will 

be people judging their body and other social aspects, such as how they behave in social 

situations. Thus, an eating disorder could lead to an anxiety disorder. Finally, if an individual 

has heightened intolerance to uncertainty, they might fear social situations where they do not 

know who will be present and be afraid to try new food for fear of how their body will react. 

Thus, underlying vulnerabilities might lead to both eating disorders and anxiety disorders.

Most evidence-based treatments for eating disorders specifically aim to address eating 

disorder psychopathology43,44. However, because eating disorders have high rates of 

comorbidity with other psychiatric diagnoses, treatments that can simultaneously address 

eating disorders and comorbid psychopathology are urgently needed. Only treating eating 

disorders leaves patients with unremitted comorbid psychopathology which increases risk 

for relapse, and makes eating disorder treatments less effective because they do not 

address the complex interrelationships among eating disorders symptoms and co-occurring 

conditions45.

Symptom presentation is also highly heterogeneous within46–48 and between49,50 eating 

disorder diagnoses. This heterogeneity is perhaps most clearly evidenced by the fact 

that OSFED is the most prevalent eating disorder diagnosis51 (and yet is less studied 
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than anorexia nervosa, bulimia nervosa, and binge-eating disorder). OSFED includes 

combinations of eating disorder symptoms that do not fall under a diagnosis of anorexia 

nervosa, bulimia nervosa, or binge-eating disorder52,53. Notably, there are no significant 

differences in impairment or risk factors between anorexia nervosa, bulimia nervosa, 

binge-eating disorder, and OSFED49 (with the caveat that there are some neurobiological 

differences54,55), suggesting there might not be clinically meaningful difference between 

diagnostic categories. Thus, a symptom-level approach to eating disorder presentation and 

diagnosis could be more appropriate than semi-arbitrary categories. This between-diagnosis 

heterogeneity is important because it makes accurate diagnosis and—therefore treatment

—difficult. For example, a person with an eating disorder’s illness could be maintained 

by symptoms such as shame, rather than traditional eating disorder symptoms (such as 

overvaluation of weight). However, this type of non-traditional symptom would not be 

addressed in treatment leaving treatment ineffective at targeting the most important aspects 

of their eating disorder.

Furthermore, symptom heterogeneity is high even within individuals with the same 

diagnosis56,57. For example, an individual with anorexia nervosa might fear weight gain 

and engage in food restriction to lose or maintain weight, whereas another individual with 

anorexia nervosa might fear judgment of their body and therefore engage in compulsive 

exercise. This symptom heterogeneity might explain why standardized treatments with a 

‘one size fits all’ approach do not work for treating many eating disorders58 and the low 

recovery rates even after receipt of evidence-based treatment59–61. As mentioned above, 

the high heterogeneity means that most standard treatments are not tailored to specific 

symptoms that are problematic on an individual-level. Thus, a treatment approach that 

considers each individuals’ complex symptom presentation might be needed to address 

person-specific symptoms.

The propensity for diagnostic migration further complicates high heterogeneity within 

eating disorders. Diagnostic migration (also known as diagnostic crossover) occurs when 

eating disorder symptoms transition within eating disorder subtypes (for example, from 

anorexia nervosa-restriction to anorexia nervosa-binge purge62) or between eating disorder 

diagnoses63 (for example, from anorexia nervosa to bulimia nervosa62,64,65, bulimia nervosa 

to anorexia nervosa64,65, bulimia nervosa to binge-eating disorder1,2, or binge-eating 

disorder to bulimia nervosa64,66). The trajectory of diagnostic migration is not uniform; 

some literature suggests that migration is most likely to occur in the first five years 

of illness65, while other evidence suggests that migration happens during relapse (that 

is, an individual can develop a different diagnosis during relapse)64. There are many 

predictors of diagnostic migration including the presence of comorbid diagnoses (such 

as depression, anxiety, or panic disorder)64,67, substance abuse64,67, early age of disorder 

onset64, and parental characteristics (for example, perceived parental criticism and low levels 

of perceived parental empathy)65,68. Diagnostic migration can also occur multiple times over 

the course of an eating disorder (for example, an individual with anorexia nervosa could 

develop bulimia nervosa and later OSFED, or relapse to anorexia nervosa)64.

Diagnostic migration in eating disorders is common: an estimated ~50% of individuals 

transition within or between eating disorders over time64,69,70. There is also evidence for 
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diagnostic progression, or transitioning from subthreshold to threshold diagnoses66. This 

high level of diagnostic migration causes problems for research because it is difficult to 

make broad inferences about a group of individuals with a specific eating disorder without 

contextualizing if they have had prior eating disorder diagnoses. High rates of diagnostic 

migration also influence treatment efficacy and a therapist’s ability to target the correct 

symptoms in treatment. For example, if an individual is being treated for anorexia nervosa 

and then develops bulimia nervosa, the treatment would need to shift to focus on the new 

behaviors and cognitions that developed. Alternatively, this migration might reflect that 

common core symptoms (for example, social fears) were never addressed.

In sum, eating disorders are characterized by high comorbidity, heterogeneity, and diagnostic 

migration within and between eating disorder diagnoses. These features suggest that a 

symptom level approach, which focuses on variations in levels of symptomatology, might 

be more appropriate for conceptualizing and treating eating disorders than categorical 

diagnoses.

Network theory and eating disorders

The structure of the Diagnostic and Statistical Manual Version 571 (DSM-5) is based on 

a medical model of disease, which groups symptoms into clusters of categories that are 

used to diagnose mental disorders. Eating disorders were initially conceptualized in this 

framework, leading to distinct diagnoses (anorexia nervosa, bulimia nervosa, binge-eating 

disorder, and OSFED). The latent variable model mirrors disease models in medicine, 

and conceptualizes mental disorders as latent variables giving rise to symptoms72. For 

example, according to a latent variable model, bulimia nervosa is an underlying syndrome 

that causes observable symptoms characterizing the syndrome, overvaluation of weight 

and shape, binge eating, and compensatory behaviors73 (Figure 1A). Associations among 

observable symptoms are attributed to shared variance of the latent construct. For example, 

overvaluation of weight and shape, binge eating, and compensatory behaviors might relate to 

each other because they stem from the same common cause of bulimia nervosa (Figure 1A).

However, this traditional framework does not adequately reflect the complexity of symptom 

relations within one disorder, or co-occurring mental disorders. First, it is unlikely that a 

single latent construct causes all symptoms. That is, it is unlikely that an eating disorder 

per se is the cause of all eating disorder symptoms. Instead, symptoms of eating disorders 

dynamically impact other symptoms (see74 for a discussion). Second, it is not possible to 

view symptoms independent of their cause72 For example, in a latent variable framework 

a clinician would have no guidance on which specific symptoms are causally relevant for 

treatment, and instead would be given blanket guidance to target an ‘eating disorder’. Third, 

symptoms of co-occurring disorders are unlikely to exist because of covariation in latent 

constructs72. For example, if a clinician was working from a latent variable framework they 

would focus on an overall ‘eating disorder’ rather than symptoms such as ‘fear of weight 

gain’. Clinical reality more closely mirrors focusing on symptoms such as fear of weight 

gain, rather than broad diagnoses.
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By contrast, network theory conceptualizes mental disorders as complex systems in which 

symptom dynamics constitute a mental disorder73,74. In other words, instead of a latent 

entity causing symptoms, network theory proposes that symptoms interact to form causal, 

sustaining relationships72,75. For example, overvaluation of weight and shape, binge eating, 

and compensatory behaviors are related because symptoms influence other symptoms. That 

is, the overvaluation of weight and shape leads to restricting food intake, which leads 

to binge eating, which leads to compensatory behaviors, thereby producing the symptom 

cluster that comprises bulimia nervosa (Figure 1B). Network analysis is the analytic 

extension of network theory that uses advanced quantitative methods to test network theory 

with data72,76. See Box 1 for an overview of network analysis components. Throughout the 

manuscript we refer to aspects of theory when emphasizing the theoretical framework and 

network analysis when discussing the corresponding statistical techniques.

Network and latent variable models have been contrasted at length within the psychological 

literature (see 26,77–80). The distinction between network and latent variable models is 

ultimately conceptual, and reflects how the presence of symptoms characterizing mental 

disorders are explained73. One could conceptualize psychopathology as an unobservable 

underlying cause giving rise to symptoms (latent variable model) or as symptoms forming 

predictable, causal relations that are maintained over time (network model). However, 

network and latent variable theory are not necessarily mutually exclusive; rather, the 

two frameworks differ in focus. A latent variable approach focuses on static entities, or 

syndromes. A network approach focuses on symptom interactions. Although the distinction 

between network and latent variable models is theoretical, there are clinical implications. 

Latent variable models are statistical models that are often misinterpreted as theoretical 

models (which might not explain psychological phenomena26). Thus, directly identifying 

treatment targets (symptoms) via network models might be more useful to clinical practice 

than focusing on an underlying entity, which might be difficult to explicitly target with 

treatments72,74,75,81,82.

Comorbidity, heterogeneity, and diagnostic migration in eating disorders have been 

conceptualized primarily through a latent variable approach83. In the following sections, 

we suggest that network theory can better address comorbidity and diagnostic migration 

because it ‘zooms in’ on specific symptom relations to identify dynamical symptom change 

and how some symptoms might lead to additional symptoms of the same or different 

disorders. This type of conceptualization can better address the high levels of heterogeneity 

seen in the eating disorders.

Comorbidity and diagnostic migration through a network lens

Comorbid mental disorders are associated with several adverse outcomes, including 

poorer prognosis84, greater impairment85, and a greater likelihood of suicide86 relative 

to one mental disorder diagnosis. Given the high comorbidity among mental disorders87, 

modeling how symptoms characterizing one mental disorder relate to another might 

inform clinical decisions aimed at treating symptom dynamics that reinforce comorbidities. 

The latent variable model attributes comorbid symptom relations to the covariance in 

latent syndromes74,83. This understanding of comorbidity has been examined through 
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psychometric methodology consistent with factor analysis26. For example, for an individual 

who presents with anorexia nervosa and social anxiety disorder, one would assume that this 

comorbidity exists because the latent entities anorexia nervosa and social anxiety disorder 

have bidirectional associations.

By contrast, a network approach understands comorbid mental disorders by bridge 

symptoms, or elements that are not exclusive to one disorder. Instead, bridge symptoms are 

mechanisms that sustain direct, causal relations between diagnostic clusters (for example, 

lack of appetite might bridge between eating disorders and depression symptoms)83. 

Bridge symptoms are often quantified by bridge strength. In contrast to strength centrality 

(symptoms that are considered core or ‘trigger’ symptoms for all other symptoms in 

the network), bridge strength only accounts for node connections in different diagnostic 

clusters88. Therapeutic intervention aimed at bridge symptoms is theorized to disrupt 

symptom pathways between disorders83,88 and has the potential to sever feedback loops 

that reinforce psychopathology.

Network theory delineates how symptoms of one disorder interact and maintain themselves. 

Importantly, network theory also delineates how symptoms of multiple disorders interact83, 

which is advantageous because most mental disorders do not occur in isolation89–91. 

For example, eating disorders are highly comorbid with anxiety disorders92,93. Many 

models have been proposed to understand this overlap. For example, models of shared 

etiology suggest that underlying latent variables (such as cognitive avoidance) are shared 

between anxiety and eating disorders92; models of shared vulnerabilities suggest that social 

appearance anxiety is a shared vulnerability between anxiety and eating disorders94; and 

models of shared cognitive vulnerabilities suggest that cognitive-affective factors such as 

intolerance of uncertainty underlie generalized anxiety disorder and eating disorders95. 

However, these models are based on latent variable theory, which does not allow for specific 

tests of how one illness progresses to the other via symptoms as mechanisms.

By contrast, network theory suggests that comorbidity across multiple illnesses is 

maintained and spread through specific symptom relationships72,74, and network analysis 

offers a way to quantify these relationships. For example, from a network theory perspective 

one could hypothesize that cognitions focused on body shape disturbance (observable 

symptom characteristic of anorexia nervosa) might lead to fear of judgment (observable 

symptom characteristic of social anxiety disorder), which then leads to behavioral restriction 

and avoiding situations in which one might be scrutinized. From this perspective, it is easy 

to imagine how symptoms of one illness could spread to another (see ref74 for additional 

examples).

Research has begun to examine how symptoms of comorbid internalizing and externalizing 

disorders relate to eating disorder symptoms. There have been investigations of the 

relationships between symptoms of eating disorders and post-traumatic stress disorder96, 

social anxiety disorder97, obsessive-compulsive disorder98,99, trait anxiety100,101, worry102, 

depression101,103, and alcohol use symptoms104. This research can pinpoint specific bridge 

symptoms (or illness pathways according to network theory) that are theorized to spread 

from one cluster of symptoms to another. Pinpointing these symptoms has high clinical 
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utility as they can be conceptualized as potential treatment targets that can disrupt the spread 

of one illness to another.

For example, difficulty eating and drinking in public were identified as bridge symptoms 

between social anxiety disorder and eating disorder symptoms (see Figure 2)97. Thus, 

according to network theory interventions that address difficulty eating and drinking in 

public (such as exposure therapy105) should weaken symptom relations among social 

anxiety disorder and eating disorders. In other words, intervention upon eating and drinking 

in public should be the ‘best bet’ treatment target to maximally disrupt both social anxiety 

and eating disorder symptoms. This type of treatment avenue that targets shared symptoms 

is exciting, given that traditionally therapists would need to target one illness at a time. By 

contrast, intervention on shared symptom targets should treat both disorders simultaneously, 

which could lead to more effective treatment, lower rates of relapse, and less time in 

treatment. However, no work to date has conclusively shown that intervention on central 

or bridge symptoms will be more effective than intervention on non-central symptoms. It 

might be necessary to work on more proximal symptoms either first or in addition to central 

symptoms.

Similarly, network theory mitigates issues related to diagnostic migration. Instead of 

understanding eating disorders as diagnostic categories where an individual may or may 

not meet criteria for a specific disorder, conceptualizing illness at the level of symptoms (or 

mechanisms) allows for a more precise understanding of how symptoms within and across 

eating disorder categories change or stay stable. For example, relying on latent variable 

theory a clinician might notice that a patient who previously had a diagnosis of anorexia 

nervosa (symptoms of restriction, fear of weight gain, and low weight) now has a diagnosis 

of bulimia nervosa (restriction, fear of weight gain, binge eating, and purging). By contrast, 

network theory and analysis capture how symptoms of restriction and fear of weight gain 

might lead directly to binge eating and purging and how these dynamics might change 

over time. Instead of clinicians deciding if they should treat anorexia nervosa or bulimia 

nervosa, there can be explicit guidance on which symptoms, regardless of diagnosis, should 

be targeted in treatment.

Heterogeneity in idiographic networks

Perhaps the most exciting application of network theory is the extension of network 

analysis from cross-sectional to idiographic networks. Heterogeneity in eating disorders is 

high46,56,106. Even within similar diagnoses, symptom profiles are drastically different57,107. 

Practically, this means that when a patient presents for treatment, a categorical diagnosis 

does little to provide the clinician with guidance on what to target in treatment. Instead, 

clinicians are left to use their judgment to personalize treatment and/or modify existing 

evidence-based treatments to fit their specific patient, despite data showing that clinician 

judgment is biased (that is, clinicians do not select the best treatment targets and generally 

use similar treatments regardless of patient presentation or needs)108–110. An idiographic 

(within-one person) approach to conceptualizing and treating patients has the potential 

to overcome these barriers, promote understanding of heterogeneity and treat symptoms 

relevant for the individual111.
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Idiographic networks estimate symptom dynamics within a unit of time (contemporaneous 

networks; symptom relations not attributed to temporal effects) and across time (temporal 

networks; symptom relations predicted from one time point to another; see Figure 1C) by 

applying vector autoregressive models to individual time-series data112,113. In other words, 

idiographic networks move from a static point in time (as in cross-sectional networks) and 

from a group-based or average level to an individual level. Strength centrality is used to 

measure central symptoms within contemporaneous networks, and out-strength (the degree a 

symptom predicts other symptoms) and in-strength (the degree a symptom is influenced by 

other nodes) measure central symptoms in temporal networks114,115.

For example, Figure 1c depicts a conceptual model of temporal associations among 

symptoms that might present in bulimia nervosa. Although conclusions cannot be made 

based on visual inspection alone, it appears that guilt might have the highest in-strength 

because it has the most edges pointing toward it. Binge eating and purging might have 

the highest out-strength because the most edges extend outward from these nodes. These 

relations may indicate that binge eating and purging are exerting the most influence on 

other symptoms, whereas the feeling of guilt might be the most sensitive to eating disorder 

behaviors. This interpretation differs from the model displayed in Figure 1b primarily 

because the edges are directed, possibly indicating causal relations among nodes. Thus, 

Figure 1c shows how symptoms might relate to each other across time, in contrast to Figure 

1b which shows the general strength of symptom relations agnostic to temporality.

Multilevel vector autoregressive models combine idiographic and nomothetic approaches by 

estimating within person networks and a group network, where node connections represent 

the standard deviation of individual effects116. Stronger connections between nodes 

indicate increased person-specific variability relative to the group (average) network116. 

This type of shift is important because it means that clinical researchers can build 

person-specific treatments instead of relying on data based on group averages. Idiographic 

networks are especially promising for addressing diagnostic heterogeneity with personalized 

medicine, such that therapeutic interventions could be tailored to an individual’s symptom 

dynamics81,82,113. For example, we can identify if fear of weight gain predicts increased 

engagement in purging for a patient with an eating disorder presentation that includes 

purging, whereas we can identify if social fears predicts restriction for this type of eating 

disorder presentation.

Idiographic network analyses turn one individual’s data into its own dataset (rather than 

combining multiple individuals’ data into one dataset) by drawing on intensive longitudinal 

data collection methods (ecological momentary assessment or multiple assessments usually 

within one day for several weeks)113,115,117,118. Thus, idiographic network analysis can 

identify symptoms that maintain the illness within one person which might be causal 

factors for developing or worsening additional symptoms. Idiographic network analysis can 

also identify co-occurring symptoms (for example, anxiety and depression) and underlying 

mechanisms or core beliefs (for example, fear of losing control or fear of weight gain) 

both within seconds (contemporaneous models) and over time (temporal models). Both of 

these models are important because we can identify how cognitions, behavior, affect, and 

co-occurring conditions occur across seconds (contemporaneous) and longer time periods, 
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such as hours (temporal). Heterogeneous behaviors operate on different time scales119,120 

and therefore the ability to model multiple time scales is needed.

Idiographic networks can address problems caused by the high comorbidity between eating 

disorders and other types of psychopathology and diagnostic migration. Instead of focusing 

on one categorical disorder or the other (for example, should a clinician target social anxiety 

disorder or an eating disorder first?), eating disorder psychopathology is translated to the 

symptom level, where categories are no longer needed. This use is similar to that of bridge 

symptoms in cross-sectional networks, except that it can be applied on the individual-level 

to make inferences about individuals, rather than groups. Idiographic networks can include 

any symptoms of relevance (selected by the researcher, clinician, and/or patient; see ref121 

for a discussion of how to combine clinician and patient report into networks) and identify 

precisely which symptoms should be targeted, regardless of whether the symptom falls into 

a specific category of illness. This type of thinking is not new for clinicians. However, it is a 

huge shift for clinical researchers who generally develop treatments based on group averages 

and insurance companies who traditionally rely on diagnostic categories to determine if a 

patient should receive coverage.

Implications for clinical practice

Next, we discuss direct clinical implications stemming from the use of network theory 

for eating disorders, and how network theory ‘fits’ with current evidence-based practices. 

Although we focus on CBT and its extensions, we think that network theory can also be 

extended to many other symptom-based treatments, such as interpersonal treatments and the 

Unified Protocol.

Most practicing clinicians are familiar with cognitive behavior theory and the model 

extending from this theory122. Cognitive behavior theory forms the basis for CBT, and 

third wave therapies such as dialectical behavior therapy (DBT)123 and acceptance and 

commitment therapy (ACT)124. In the cognitive behavior model, a reinforcing cycle of 

behaviors, affect, cognitions, and physiology drives pathology125,126. Each of these model 

components are reinforced and maintained by core beliefs126. For example, in the case of 

an eating disorder the cognition ‘I am fat’ might cause the behavior ‘restriction’, which then 

leads to the emotion ‘anxiety,’ which changes physiology (for example, increased gastric 

sensations), ultimately feeding back into the perception of being fat. Importantly, all of these 

behaviors, cognitions, affect, and physiology are theorized to stem from core beliefs (deeply 

rooted schemas one holds about themselves, others, and the world126,127). According to 

cognitive-behavioral theory, modification of cognitions and behaviors is possible128,129. For 

example, it is possible to change behaviors and cognitions to disrupt the reinforcing cycle. 

Crucially, it is theorized that intervention on core beliefs, which is the ultimate target of 

treatment, should disrupt the entire negative reinforcement cycle more than intervention on 

more proximal symptoms (such as automatic thoughts or cognitions, and behaviors)126,127.

The basic tenets of the cognitive behavior model map onto network theory. Network theory 

also hypothesizes that pathology symptoms (cognitions, behavior, affect, and physiology) 

dynamically interact with each other to strengthen and ultimately maintain pathology72. 
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However, the terminology differs (Figure 3). For example, in network theory a symptom 

is a node, whereas in cognitive behavior theory a symptom is categorized as a cognition, 

behavior, emotion, or physiological symptom. In network theory pathways among symptoms 

are partial correlation values, which are represented by double arrows in a cognitive 

behavior theory model. Importantly, in network theory central symptoms are hypothesized 

to maintain all other symptoms73,83,130. Practically, this means that identifying central 

symptoms, and intervention on such symptoms, should maximize the impact of the 

intervention on all other symptoms because it directly causes the rest of the symptoms 

in the network. This definition is entirely consistent with core beliefs (which correspond 

to central symptoms) in cognitive behavior theory126,127. By extension, network theory 

can also be used to evaluate how symptoms interact as conceptualized through the lens of 

other treatment approaches, such as DBT and ACT. Thus, networks theory allows empirical 

evaluation of case conceptualizations derived from CBT, DBT, or ACT modalities.

Finally, one of the most difficult parts of a clinician’s job is deciding on their own (in 

private practice) or as part of an interdisciplinary treatment team (generally used in more 

intensive outpatient, inpatient and residential eating disorder treatments 131,132) which 

eating disorder symptoms should be addressed, and when (for example, after how many 

sessions) to make adjustments to maximize and hasten change for a patient. Research 

on this issue shows that clinicians generally believe they have above average clinical 

skills133. However, when clinical decision-making via a team-based strategy involving 

expert clinicians is compared to data-driven approaches, data-driven approaches outperform 

clinician judgment134. These data are reinforced by a large literature showing that clinician 

judgment is flawed108,135,136 and research showing that an artificial intelligence approach 

to matching therapists to patients outperforms selection via a team of clinicians with 

substantial clinical expertise137,138. Together, this research suggests that a clinician-guidance 

system that uses idiographic data to bolster decision making on what symptoms to target and 

when could significantly improve clinical practice and outcomes.

A clinician-guidance system along these lines is clearly needed for eating disorders. Only 

50% of patients respond to evidence based treatments23,139, there are no evidence-based 

treatments for adult anorexia nervosa139–141, and up to 60% of patients relapse after 

treatment24. Moreover, most eating disorders are treated through team-based eating disorder 

specialty care (a team generally compromising therapist, dietitian, physician, and prescriber 

who meet to decide on treatment goals and interventions)131 Instead of spending treatment 

team time deciding what to target, this could be decided using idiographic models, which 

would free-up significant clinician time. Thus, using idiographic network analysis as an 

algorithm to guide such decision-making has the potential to make a large impact on 

treatment effectiveness and efficiency by matching symptom targets to evidence-based 

treatments. Instead of relying on guess-work, clinicians would have a data-driven way to 

decide what to target in treatment.

For example, instead of using the CBT model to guide which symptoms should be targeted, 

idiographic network analysis can quantify symptom connections using data collected at the 

beginning of treatment to show how symptoms relate to each other. Then, treatment targets 

can be selected based on centrality indices that show how targeting particular symptoms 
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will impact the entire symptom cycle. These targets can then be matched to personalized 

evidence-based interventions.

Figure 4a shows network data from two patients with a diagnosis of bulimia nervosa. 

The first participant’s network identified shame and sadness as the most central symptoms 

(Figure 4b). Therefore, corresponding interventions of DBT-justified vs unjustified shame 

(identifying if shame is rationale or irrational) and behavioral activation (engaging in 

pleasurable daily activities) were delivered. The second participant had drastically different 

central symptoms: hunger anxiety and self-criticism (Figure 4b). As such, mindful eating 

(purposefully attending to the food one is eating) and self-compassion (approaching oneself 

in a non-judgmental and kind manner) interventions were delivered. Thus, the selection of 

treatment modules varies considerably depending on symptom presentation. By contrast, 

a CBT model would treat these patients in a standardized manner, starting with teaching 

regular eating, then moving to challenging thoughts; this would not address the most crucial 

aspects of the individuals’ disorder.

To implement such methods in ‘real life’ clinical practice, data can be collected via 

ecological momentary assessment through a smart phone application. Any questions deemed 

relevant by the clinician can be assessed (we use a standard set of questions in our 

research142). These data can then be run through a network algorithm that provides 

information on which central symptoms to target in treatment. Advanced technologies, such 

as mobile apps combined with software that can integrate advanced algorithms into user-

friendly formats, can transform network analyses into an easy to use system for clinicians 

that does not require any knowledge of network statistics. We envision (and are working 

on developing) a system that automatically collects data via a smart-phone application 

and outputs central symptoms and treatment recommendations. Outputted networks and 

central symptoms can be used with patients for case conceptualization and psychoeducation 

about their illness. Future research is needed on how to develop and effectively deliver 

such a system. Importantly, clinician input is needed to ensure that this system bridges the 

research-practice gap. For example, recent research found that clinicians were hesitant to 

apply a network model in clinical care81,143; therefore including clinician input is needed to 

increase uptake.

Conclusions

Eating disorders are highly comorbid with additional psychiatric disorders27, diagnostic 

migration is common, and there is high heterogeneity of symptom presentation. The field 

has been stymied by addressing these issues solely from a latent variable and categorical 

approach. Network theory provides a new theoretical conceptualization of each of these 

issues, and network analysis provides a corresponding analytic framework to address 

questions about comorbidity, migration, and heterogeneity from a symptom perspective. 

Understanding and treating eating disorders lag behind many other psychiatric illnesses. 

Thus, these are welcome and exciting approaches to help build better and more personalized 

treatments for those with eating disorders.
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The eating disorder field is not alone in its ability to benefit from network theory and 

analysis. Comorbidity is high across all psychiatric illnesses, patients change from one 

illness presentation to another, and heterogeneity of mental disorders is both a historic 

and present issue in psychopathology91. For instance, there are currently 636,120 ways 

an individual can meet the DSM-571 criteria for PTSD144, which means that any two 

individuals with PTSD will likely have different symptom dynamics. Many voices have 

echoed the limitations of a categorical approach to psychiatric illness56,145,146. Network 

theory and analysis offers an opportunity to turn toward a new way of thinking that 

coincides with cognitive behavior theory and is familiar to practicing clinicians. We hope 

that researchers and clinicians alike will embrace such a shift in thinking to improve mental 

health care for all.

Although we are enthusiastic about the promise of network analysis, most of the ideas 

presented here are tentative and need to be corroborated by future research. There is 

research showing how cross-sectional network analysis can be used to conceptualize eating 

disorders82 and comorbid disorders97,100 and how idiographic networks can be used to 

personalize treatment142. However, there has been no research testing if targeting bridge 

symptoms can disrupt the flow of symptoms from one illness to another, or testing which 

symptoms and/or relationships in a network model should be targeted to produce the most 

effective outcomes. For example, fears of social eating and drinking bridge between social 

anxiety and eating disorder symptoms97. The next step in this research is to test whether 

interventions that target fears of social eating have a stronger impact on overall eating 

disorder and social anxiety symptoms than interventions that target eating and social anxiety 

disorder symptoms more generally or one at a time (for example, first treating eating 

disorder symptoms and then treating social anxiety disorder symptoms). Similarly, we are 

unaware of any research using network analysis to understand diagnostic migrations for 

eating disorders, despite the strong rationale to do so.

Research using idiographic network analysis to personalize treatment is similarly in its 

infancy. We are only aware of one published study147 and one ongoing clinical trial 

from our team using these methods to personalize treatment. Many questions remain 

unanswered, such as how to best use idiographic methods to personalize treatment (for 

example, which type of centrality should be used or should centrality be used at all?), 

whether personalized treatments outperform standardized evidence based treatments such as 

CBT, and whether receiving personalized feedback on its own (regardless of intervention) 

outperforms treatment as usual. Future research should address these important questions 

within eating disorders and other areas of clinical psychology.

Finally, there are limitations to network analytic methods, many of which been described 

elsewhere119,148. Three caveats are especially relevant here. First, there has been a lot of 

discussion on the limits of network analysis because it is new (see ref120 for a review), but 

all statistical methodologies have inherent limitations. Having experienced the growth in the 

use of network analysis and the expansion of tools available to answer theoretical questions, 

we are excited by the prospect of what future methodological advances hold. Ideally those 

developing these methods will work closely with clinical researchers so that these methods 

are suited for and can be readily applied to important clinical questions.
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Second, many studies using network methods have been cross-sectional and so cannot 

provide insights on causality. Nevertheless, these ‘snapshots’ of time can provide important 

data on the structure of pathology stemming from a symptom-based approach, and can guide 

which symptoms are assessed in prospective and experimental research. For example, our 

first use of network theory and analysis showed that ‘fear of weight gain’ was a central 

symptom in a cross-sectional network149; those data have since sparked an important line of 

research showing that fear of weight gain can be targeted successfully in exposure treatment 

for eating disorders105.

Third, there is no evidence that centrality will translate to modifiable and important 

treatment targets, as suggested by network theory119,148,150. However, there is growing 

evidence that network-identified central symptoms predict eating disorder (and other 

psychiatric illness) outcomes151. It is notoriously difficult to predict eating disorder 

outcomes and the fact that network analysis can do so suggests that centrality has strong 

construct validity. Future experimental and treatment research that investigates the role of 

centrality is needed.

Ideally, knowledge gained from network models should be complemented by 

intervention, experimental, simulation, and causal relations approaches to derive the ideal 

treatment targets152–155. Additionally, other models, such as hierarchical taxonomy of 

psychopathology (HITOP)156, could be considered along with network theory. However, 

HITOP does not rely on a symptom-based approach, which separates network theory from 

many other existing dimensional theories and models. Most importantly, researchers must 

use a method that answers their theoretically-based questions, many of which are well suited 

to network analysis.
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Box 1:

Overview of Network Components

Network analysis refers to statistical methodologies designed to test network theory. 

Although network analysis stems from network theory, the two should not be 

misconstrued as the same26. For instance, network theory posits that symptoms maintain 

causal interactions rather than symptoms stemming from a single latent construct74, 

whereas network analysis involves mathematical estimation of symptom interactions 

accounting for all other symptom interactions (for example, a Gaussian Graphical 

Model114). Within models formed through network analysis, symptoms are nodes 

(depicted by circles), and relations between symptoms are edges (depicted by lines 

connecting nodes). Most network analyses use cross-sectional data to estimate partial 

correlation networks accounting for all other symptom relations within the network126. 

Edges may be weighted, where thicker lines indicate more highly correlated nodes than 

nodes with thinner edges (which denote weaker correlations). Nodes with high edge 

weights are theorized to reflect self-sustaining relations among symptoms, agnostic of 

causality or directionality74,161.

Symptoms are quantified by centrality metrics. Potential treatment targets or symptoms 

that are more important relative to other symptoms in a network are identified by 

high centrality values72,116,162. Although there are several centrality metrics148, strength 

centrality (the sum of the absolute value of correlation coefficients between a node 

and all connected nodes) has the most support for use in cross-sectional networks120. 

Under the centrality hypothesis83, central symptoms activate other symptoms within the 

network. Thus, intervening upon central symptoms is theorized to disrupt the network’s 

structure (that is, reduce symptoms comprising the disorder)74,82,120,130. Research with 

prospective data has demonstrated that cross-sectional network analysis can provide 

insights on symptom dynamics163, symptom severity164, and prognosis. Further, central 

symptoms predict outcomes and are highly heritable162,165.

Finally, the term ‘symptom’ implies a latent variable, such that behaviors, cognitions, 

affect, and physiological arousal are indicative of (or a symptom of) an underlying 

disorder. To avoid this connotation of latent cause, scholars within the network literature 

often refer to behaviors, cognitions, affect, physiological arousal as ‘elements’74,130,166. 

Although ‘element’ may better reflect the network approach, we use ‘symptom’ to 

increase readability for a wide audience, who may not be as familiar with the language 

used within the network literature.
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Figure 1. Latent and network models of bulimia nervosa.
A) A conceptual figure of a latent variable model of bulimia nervosa. B) A conceptual figure 

of a network model of bulimia nervosa. C) A conceptual figure of an idiographic temporal 

network of bulimia nervosa. Blue edges denote positive relations, and red lines denote 

negative relations between symptoms. Nodes: overval wt/sh = overvaluation of weight 

and/or shape. restrict = restricting food intake. purge = purging. binge eat = binge eating. 

guilt = feeling guilty.
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Figure 2. A network of eating disorder and social anxiety disorder symptoms.
This network shows symptoms of eating disorder (20 symptoms) and social anxiety 

disorder (12 symptoms) based on data from clinical (n = 508) and non-clinical (n = 1707) 

individuals. Red lines indicate negative associations between symptoms; blue lines indicate 

positive associations between symptoms; thicker lines indicate stronger associations. 

Adapted from ref97 with permission, PUBLISHER
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Figure 3. Cognitive behavior and network models of eating disorders.
A) A conceptual model of an eating disorder using cognitive behavior theory. Eating 

disorder symptoms (cognitions, behaviors, emotions, and physiology) are represented in 

rectangles. B) A conceptual model of an eating disorder using network theory. Within a 

network model, symptoms are represented by nodes (circles). The directed lines connecting 

nodes represent partial correlations between nodes in the network model.
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Figure 4. Example idiographic networks of an eating disorder and comorbid symptoms.
a) Symptom networks for two white, female patients in their late 30s diagnosed with 

bulimia nervosa. b) Plots of symptom strength centrality. The two most central symptoms for 

each patient and the corresponding evidence-based treatment are shown in red and yellow. 

selfcritic = self-criticism; hungry anx = hunger anxiety; shame = feeling of shame; sad = 

feeling sadness; DBT = dialectical behavioural therapy.
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Table 1.

Eating Disorder Comorbidity

Comorbid disorder Anorexia nervosa Bulimia nervosa Binge-eating disorder Overall

% % % %

Anxiety disorders 33% – 72%28,157 41–75%28,157 65%27 --

Generalized anxiety disorder 24% – 31%28 10% – 55%28,158 12%27 --

Social anxiety disorder 16% – 88%159 17% – 68%159 32%27 --

Panic disorder 13% – 24%157 4% – 21%157,158 13%27 --

Agoraphobia 20% – 27%157 16% – 34%157,158 7%27 --

Obsessive-compulsive disorder 44%31 19%31 8%27 21% – 41%29,159

Post-traumatic stress disorder 12%27 45%27 26%27 4% – 62%27,96,159

Mood disorders 42%27 70%27 46%27 >50%*34

Major depressive disorder 39%27 50%27 32%27 --

Bipolar disorder 3%27,36 5% –18%27,36 9% – 13%27,36 14.3%36

Borderline personality disorder 0% – 29%*40,160 3% – 31 %*40,160 -- 14% – 53%*160

Attention-deficit hyperactivity disorder 16%27 35%27 20%27 21%38

Substance use disorders 27%27 37%27 23%27 25%39

Note: All rates are lifetime prevalence except for those with an *.

*
Point prevalence (prevalence measured at a specific point in time)
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