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Abstract

Purpose Up to 44% of individuals with bulimia nervosa (BN) experience worsening of symptoms after cognitive behavior
therapy (CBT). Identifying risk for post-treatment worsening of symptoms using latent trajectories of change in eating dis-
order (ED) symptoms during treatment could allow for personalization of treatment to improve long-term outcomes
Methods Participants (N=56) with BN-spectrum EDs received 16 sessions of CBT and completed digital self-monitoring of
eating episodes and ED behaviors. The Eating Disorder Examination was used to measured ED symptoms at post-treatment
and 3-month follow-up. Latent growth mixture modeling of digital self-monitoring data identified latent growth classes.
Kruskal-Wallis H tests examined effect of trajectory of change in ED symptoms on post-treatment to follow-up symptom
change.

Results Multi-class models of change in binge eating, compensatory behaviors, and regular eating improved fit over one-
class models. Individuals with high frequency-rapid response in binge eating (H(1)=10.68, p=0.001, n>=0.24) had greater
recurrence of compensatory behaviors compared to individuals with low frequency-static response. Individuals with static
change in regular eating exhibited greater recurrence of binge eating than individuals with moderate response (H(1)=8.99,
p=0.003, >=0.20).

Conclusion Trajectories of change in ED symptoms predict post-treatment worsening of symptoms. Personalized treatment
approaches should be evaluated among individuals at risk of poor long-term outcomes.

Level of evidence IV, evidence obtained from multiple time series.

Trial registration ClinicalTrials.gov registration number NCT03673540, registration date: September 17, 2018.

Keywords Bulimia nervosa - Binge eating - Compensatory behaviors - Cognitive-behavior therapy - Treatment outcome

Introduction and aims

Although cognitive-behavior therapy (CBT), the most evi-
dence-based treatment for bulimia nervosa (BN), is mod-
erately effective in achieving symptom reduction at post-
treatment, 28-44% of individuals experience post-treatment
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recurrence of symptoms [1, 2]. Detecting risk for post-treat-
ment worsening of symptoms (i.e., an increase in frequency
of binge eating or compensatory behaviors and/or reduction
in regular eating following treatment completion) early in
treatment could inform clinical decision-making and person-
alized treatment approaches to improve long-term outcomes
(e.g., introduction of supplemental treatment components,
increased treatment duration or frequency).

There is relatively limited previous research on predic-
tors of symptom change following treatment in BN. Recent
literature has identified that high baseline symptom severity,
low motivation for change, and high post-treatment preoc-
cupation with eating predict post-treatment relapse [1, 2].
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These identified predictors of poor post-treatment progno-
sis are difficult or impossible to intervene on (e.g., base-
line symptom severity) or rely on post-treatment metrics (at
which point it is too late to adjust the treatment approach).

Post-treatment outcomes may be more effectively pre-
dicted during treatment by examining trajectories of symp-
tom change [3]. Rapid treatment response, typically defined
as a reduction of > 65% in binge eating and/or compensa-
tory behaviors by week four of treatment, has been robustly
linked to end-of-treatment remission among individuals with
eating disorders [EDs; 4], but the association with longer-
term outcomes has been mixed [5]. Further, research on
early response has typically considered early response to
be present or absent, thus examining only two trajectories
of treatment response. There may be more than two distinct
change trajectories and examining trajectories of change in
behavioral ED symptoms individually may identify more
complex patterns of treatment response (e.g., individuals
may have rapid decline in binge eating but slower decline
in compensatory behaviors). Although rapid response may
be most strongly associated with post-treatment remission,
slower but sustained trajectories of symptom change may
also be associated with acquisition of treatment skills and
positive long-term outcomes, whereas static change in symp-
toms may be indicative of poor skill acquisition and long-
term outcomes. Examination of latent trajectories of change
may provide more information about long-term prognosis
than rapid response status alone.

Only one previous study has examined trajectories of
change predicting outcome at follow-up in binge-spectrum
EDs [6]. This study identified a three-class model of early
change in binge eating among individuals with binge eat-
ing disorder (BED). The model included a “low level binge
eating stable” class, a “low level binge eating decreasing
class”, and a “medium level binge eating decreasing” class,
characterized by an average of 2.66, 2.05, and 6.15 binge
eating episodes per week at pre-treatment, respectively. The
model was associated with remission at 6-month follow-up,
with significantly lower remission rates in the “medium level
binge eating decreasing” class compared to the other classes.
The study also found that latent class analysis was superior
to traditionally defined rapid response for predicting remis-
sion rates. Findings from this study in BED substantiate that
trajectories of change in binge eating can predict post-treat-
ment outcomes, suggesting that latent trajectories of change
should be further examined in other ED populations.

The limited research examining trajectories of change in
ED symptoms during treatment may be partially due to lack
of access to the necessary data. The extant research examin-
ing trajectories of symptom change during CBT has exclu-
sively utilized periodic self- or therapist-reported data [e.g.,
6]. The use of electronic self-monitoring records allows
for daily collection of symptom information throughout
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treatment, which is likely more accurate and comprehensive
than weekly self- or therapist-reported data.

This preliminary study aimed to (1) identify latent trajec-
tories of change in binge eating, compensatory behaviors,
and regular eating during 16 weeks of CBT in individuals
with BN-spectrum EDs using digital self-monitoring data
and (2) examine the association between trajectories of
change in ED symptoms during treatment and early change
in binge eating, compensatory behaviors, or cognitive ED
pathology from post-treatment to 3-month follow-up.

Methods
Participants

Participants (N=156) were adults participating in a treatment
study for BN-spectrum disorders. Eligibility criteria were:
18-70 years old, BMI> 17.5 kg/m?, > 12 objectively or sub-
jectively large binge eating episodes, and > 12 compensatory
behaviors in the past 3 months. Exclusion criteria were: cur-
rent or planned pregnancy, previous trial of CBT for BN,
unstable psychiatric medication, concurrent ED treatment,
previous bariatric surgery, and severe comorbid psychopa-
thology (e.g., psychotic disorder).

The sample was 83.6% female and 65.4% White, 9.1%
Black, 7.3% Asian and 18.1% multiracial or other. Aver-
age age was 38.5 years old (SD=13.8). Average BMI was
29.5 kg/m2 (SD=6.8). Although the inclusion criteria for
BMI were > 17.5 kg/m?, all participants had BMI > 18.5.
Most of the sample (92.9%) met DSM-5 behavioral criteria
for BN and 7.1% met criteria for another BN-spectrum ED
(e.g., BN with subjectively large binge episodes).

Procedures

The present study is a secondary data analysis of a trial
examining the efficacy of a smartphone application as
an adjunct to CBT for BN-spectrum EDs (see [7] for a
description of the treatment and smartphone application).
Participants were recruited from the Philadelphia area
(pre-COVID-19 pandemic; n=51) and nationally (during
COVID-19 pandemic; n=35). National recruitment began
during COVID-19 to facilitate recruitment of the full sam-
ple within the funding period, as all study procedures were
remote. Participants provided informed consent and com-
pleted a baseline assessment to confirm eligibility. Assess-
ment procedures, conducted at baseline, mid-treatment,
post-treatment, and 3-month follow-up, included an ED
diagnostic interview (i.e., the Eating Disorder Examination
[EDE; 8]), self-report measures, and behavioral tasks. Par-
ticipants received 16 sessions of outpatient CBT (n=613
sessions in-person; n =227 sessions over Zoom) based on
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the focused version of CBT-E [9] while completing digi-
tal self-monitoring records to track eating episodes and ED
behaviors (see [7]). Participants in the experimental con-
dition (n=29) received just-in-time adaptive interventions
reminding them to practice therapeutic skills (see [7]), while
participants in the control condition (n=26) did not receive
just-in-time adaptive interventions. One participant received
some, but not all relevant just-in-time adaptive interventions,
and therefore was excluded from analyses. Treatment out-
comes (binge episodes, compensatory behaviors, and EDE
global scores) did not differ by treatment delivery modal-
ity (baseline to post-treatment mixed factorial ANOVA
ps=0.18-0.76, npzs =0.002-0.04). Trajectory of change
membership proportions did not significantly differ by treat-
ment delivery modality (Fisher’s exact test ps =0.38—1.00).

Statistical analysis

Latent growth mixture modeling (LGMM) was conducted
on self-monitoring data to examine unobserved trajecto-
ries of change in binge eating, compensatory behaviors,
and episodes of > five waking hours without eating during
treatment using the ‘hlme’ function in the ‘lemm’ package
in R [10]. Binge eating, compensatory behaviors, and epi-
sodes of five or more hours without eating across treatment
were not normally distributed. Therefore, before conducting
LGMM these variables were normalized using the ‘lemm’
package (see [11] and [12] for more detail). Baseline age,
body mass index, and treatment condition were included as
fixed effects in the generated growth mixture models One- to
four-class mixed effects growth models were fitted. LGMM
was conducted with random intercepts and random slopes
to maximize model fit. Initial start values were based on the
one-class model and each model was estimated 100 times.
Fixed and random intercepts and linear and quadratic effects
of time on ED symptoms were estimated for all models.
Best-fit models were selected by minimizing the Bayesian
information criterion (BIC) and the Akaike information
criterion (AIC; [13]); when the BIC and AIC disagreed,
minimizing BIC was prioritized [14]. Class membership
was assigned using posterior probabilities and entropy was
examined as a marker of class separation. Given variability
in inter-session period length, the number of reported ED
symptoms in a given inter-session period was divided by
total days in the inter-session period and multiplied by seven
to estimate the number of ED symptoms in a standardized
week. Latent trajectories were not fitted for two participants
due to missing digital self-monitoring data after period 1.
Latent classes were labeled in terms of baseline frequency
(number of behaviors reported during the first week) and rate
of treatment response. Baseline frequency thresholds were
based on the DSM-5 severity criteria for BN as follows:
low frequency <4 episodes/week, moderate frequency 4—7

episodes/week, high frequency 8—13 episodes/week, extreme
frequency > 13 episodes/week. Rate of responses were con-
sidered static if the linear time coefficient was < 0.2, mod-
erate if the linear time coefficient was > 0.2 but < 0.4, and
rapid if the linear time coefficient was > 0.4. These thresh-
olds were chosen as they correspond to reductions of three
behaviors per week (static response), six behaviors per week
(moderate response), and > six behaviors per week (rapid
response) by end of treatment, which corresponds to the
difference between moderate and low severity (three behav-
iors) and between severe and moderate BN (six behaviors),
respectively.

Change scores from post-treatment to follow-up were
computed from EDE data for past-month binge eating fre-
quency, compensatory behavior frequency, and EDE global
scores. Kruskal-Wallis H tests examined the effect of growth
class on change in ED symptoms from post-treatment to
follow-up given non-normality of change scores. Power
analyses conducted utilizing the ‘MultNonParam’ pack-
age and ‘kweffectsize’ function in R with alpha=0.05 and
power =0.80 indicate that the study was powered to detect
differences of large effect size for trajectories of change in
binge eating, small for trajectories in compensatory behav-
iors, and medium effect size for trajectories in regular eating.
p values <0.05 were considered statistically significant.

Results

LGMM indicated that a two-class model of change in
binge eating, a two-class model of change in compensa-
tory behaviors, and a two-class model of change in reg-
ular eating best fit the data (see Table 1 and Fig. 1). All
best-fit models demonstrated adequate class separation
(entropy >0.70) and average posterior probability (mean
posterior probability >0.80). The binge eating classes
(Class 1: low frequency-static response, Class 2: high
frequency-rapid response) differed in both baseline fre-
quency (MBinge Class 1 = 2. 15’ MBinge Class 2= 763) and rate
of decrease in binge eating over time, with Class 2 dem-
onstrating much greater decrease than Class 1. The com-
pensatory behaviors classes (Class 1: low frequency-static
response, Class 2: high frequency-rapid response) differed
on baseline frequency (MCOmpensatory Behavior Class 1 — 1'01;
MCompensatory Behavior Class 2 = 754) and rate of change dur-
ing treatment. The regular eating classes (Class 1: regular
eating-static response, Class 2: irregular eating-moderate
response) differed on frequency of > five waking hours
without eating at baseline (Mgegylar Eating Class 1= 1-33;
Mpyegutar Eating Class 2= 9-57) and change in regular eating over
time. Table 1 depicts LGMM fit statistics, model estimates,
treatment outcomes, and associations between BN symptom
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Table 1 Best-fit models of change in binge eating, compensatory behaviors, and episodes of 5+ hours without eating and their associations with

relapse

Fit indices and growth model parameter estimates for best-fit models of change

Binge eating epis

odes

Number of Number of Max. log- BIC SABIC AIC Entropy Class member- Mean posterior % posterior
classes parameters likelihood ship Propor- probability probabil-
tions % (N) ity >0.80
2 21 - 1132.07 2347.52 2281.56 2306.15 0.72 1:54.7% (29) 1:0.87 1:0.76
2:45.3% (24) 2:0.98 2:0.96
Fixed effects: class membership model Fixed effects: longitudinal model
Intercept Intercept Linear time Quadratic time
Est. (SE), p Est. (SE), p Est. (SE), p Est. (SE), p
Class 1: low —0.05 (0.34), .88 1.22 (0.36), <.001 *** —0.18 (0.07), .01* 0.01 (0.00), .10
frequency-

static response
Class 2: high

frequency-

rapid response

Not estimated, reference class

3.20 (0.99), .001**

—0.64 (0.14), <.001***

0.02 (0.01), <.001%%**

Treatment outcome Class 1 base- Class 2 base- Class 1 post- Class 2 post- Class 1 Class 2 F(p), ;7’,2
variable line mean line mean treatment mean  treatment mean  follow-up follow-up
(SD) (SD) (SD) (SD) mean (SD) mean (SD)
Past month binge 16.0 (10.20) 38.10(29.60) 4.44 (9.29) 4.38 (8.60) 4.83 (8.48) 7.17 (13.20) 11.41 (<.001%%**),
episodes 0.22
Past month 27.70 (19.80)  37.5(30.80) 9.04 (16.10) 2.81 (10.40) 7.75(17.85)  11.30(21.20) 7.03 (.004*%*), 0.15
compensatory
behaviors
EDE global score 2.97 (0.74) 3.71(1.07) 1.71(1.13) 1.66 (1.23) 1.61 (1.20) 142 (1.21)  6.86 (.005%*), 0.15
Compensatory behavior episodes
Number of Number of Max. log- BIC SABIC AIC Entropy Class member- Mean posterior % posterior
classes parameters likelihood ship propor- probability probabil-
tions % (N) ity >0.80
2 21 - 1110.07 2303.52 2236,56 2262.15 0.86 1:67.9% (36) 1:0.97 1:0.97
2:32.1% (17) 2:0.97 2:0.94

Fixed effects: class membership model

Fixed effects: longitudinal model

Intercept Intercept Linear time Quadratic time
Est. (SE), p Est. (SE), p Est. (SE), p Est. (SE), p
Class 1: low 0.71 (0.32), .02°* — 1.35(0.32), <.001%** — 0.14 (0.04), .002** 0.01 (0.00), .02*
frequency-
static
response
Class 2: high Not estimated, reference class 3.47 (1.14), .002** —0.90 (0.19), <.001 **=* 0.04 (0.01), <.001***
frequency-
rapid
response
Treatment outcome Class 1 Class 2 Class 1 post- Class 2 post- Class 1 Class 2 F(p), npz
variable baseline mean baseline mean treatment mean treatment mean follow-up follow-up
(SD) (SD) (SD) (SD) mean (SD) mean (SD)
Past month binge 19.20 (15.90) 40.50 (30.90) 2.68 (5.48) 8.64 (13.50) 3.86 (8.08) 10.23 (14.44) 5.94 (.01%), 0.13
episodes
Past month 21.20 (12.60) 55.30 (30.80) 2.97 (7.36) 14.40 (22.00) 3.83(7.92) 21.46 (29.65)  9.77 (<.001%#*%),
compensatory 0.20
behaviors
EDE global score 3.22(0.83) 3.48(1.23) 1.51(0.98) 2.13 (1.47) 1.41 (1.08) 1.79 (142)  1.57(.22),0.04
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Table 1 (continued)

Episodes of 5+ hours without eating

Number of Number of Max. log- BIC SABIC AIC Entropy Class member- Mean posterior % posterior prob-
classes parameters likelihood ship propor- probability ability > 0.80
tions % (N)
2 21 —1142.98 2369.33 2303.37 2327.95 0.87 1:58.5% (31) 1:0.95 1:0.94
2:41.5% (22) 2:0.99 2:1.00

Fixed effects: class membership model Fixed effects: longitudinal model

Linear time
Est. (SE), p

Intercept
Est. (SE), p

Intercept
Est. (SE), p

Quadratic time
Est. (SE), p

Class 1: regular 0.23 (0.30), .46
eating-static

response

— 1.76 (0.30), <.001*** —0.13 (0.05), .01* 0.01 (0.00), .06

Class 2: irregular Not estimated, reference class

eating-moderate

1.34 (1.12), <.001*** —0.37 (0.17), .03* 0.01 (0.01), .29

response
Treatment outcome Class 1 base- Class 2 base- Class 1 post- Class 2 post- Class 1 Class 2 F(p), npz
variable line mean line mean treatment mean  treatment mean  follow-up follow-up
(SD) (SD) (SD) (SD) mean (SD) mean (SD)
Past month binge 23.80 (24.60) 29.10 (22.80) 5.14(9.33) 3.32(8.33) 9.16 (12.80) 0.94 (2.22) 1.40 (.25), 0.03
episodes
Past month compensa-  33.60 (29.60) 30.10 (19.10) 7.72 (13.60) 4.16 (15.00) 12.32(19.34) 4.82 (18.63)  0.37 (.62), 0.01
tory behaviors
EDE global score 3.21 (0.84) 344 (1.14) 1.83(1.11) 1.48 (1.24) 1.75(1.11)  1.20(1.27) 1.76 (.19), 0.04)
Associations between trajectories of change in eating disorder symptoms and relapse from post-treatment to 3-month follow-up
Post-treatment change variable Kruskal-Wallis H Test I
Binge eating trajectory
Binge eating H(1)=0.004, p=.95 0.00
Compensatory behaviors H(1)=10.68, p=.001** 0.24
EDE global score H(1)=1.34,p=.25 0.01
Compensatory behavior trajectory
Binge eating H(1)=2.53,p=.11 0.04
Compensatory behaviors H(1)=0.26, p=61 0.00
EDE global score H(1)=0.07, p=.79 0.00
Regular eating trajectory
Binge eating H(1)=8.99, p=.003** 0.20
Compensatory behaviors H(1)=0.55, p=.46 0.00
EDE global score H(1)=0.22, p=.64 0.00

BIC Bayesian information criterion, SABIC sample-size adjusted Bayesian information criterion, AIC Akaike information criterion, Est. esti-
mate, SE standard error, n2 eta squared, a measure of effect size for Kruskal-Wallis H Test (172>O.01 =small effect, 0.06 <n2<0.14=medium
effect, n>>0.14 =large effect)

*Designates significance at the p <0.05 level, **designates significance at the p <0.01 level, ***designates significance at the p <0.001 level

change trajectories and symptom change from post-treat-
ment to follow-up.

Trajectory of change in binge eating was significantly
associated with post-treatment worsening of compensatory
behaviors with large effect size (see Table 1). Individuals
with high frequency-rapid response in binge eating dem-
onstrated significantly larger post-treatment increases in
compensatory behaviors (M, =9.41, SD =17.20)

change change

than individuals with low frequency-static response in binge
eating (Mgpanee =— 1.00, SDpy4p0e = 10.50). Trajectory of
change in regular eating was significantly associated with
worsening of binge eating (see Table 1). The regular eat-
ing-static response class demonstrated significantly greater
post-treatment increase in binge eating (M y4nee =320,
SD hange = 14.70) than the irregular eating-moderate

response class (M papge == 1.71, SD 4n0e = 8.92). Worsening
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Trajectories of Change in Binge Episodes
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Note: Lines designate individual participants’ symptom trajectories. Individual participant data is color-coded by latent class membership.

Fig. 1 Latent trajectories of change in eating disorder symptoms across 16 sessions of CBT. Lines designate individual participants’ symptom
trajectories. Individual participant data are color-coded by latent class membership

of cognitive ED pathology (measured by EDE global score)
did not differ by behavioral trajectories of change.

Discussion

Outpatients with BN-spectrum EDs demonstrate heteroge-
neous trajectories of change in behavioral ED symptoms
during CBT and these change trajectories differentially
predict post-treatment change in binge eating and compen-
satory behaviors. Individuals with highly irregular eating
(i.e., > five waking hours without eating ~ five times/week) at
baseline and moderately rapid improvements in regular eat-
ing during treatment demonstrated much lower recurrence of
binge eating than individuals with regular eating at baseline
(i.e., > five waking hours without eating ~ one time/week)
and static change. Individuals with high baseline frequency
and rapid response in binge eating (i.e., ~ eight episodes of
binge eating/week) during CBT demonstrated larger post-
treatment increases in compensatory behaviors than indi-
viduals demonstrating low baseline frequency and static
response in binge eating. The impact of binge eating class
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on post-treatment symptom change is consistent with Hilbert
et al.’s [6] findings that higher baseline frequency of binge
eating was associated with poorer outcome at follow-up.
Results of this study indicate that while CBT for BN
can be very effective for individuals with highly irregular
eating at baseline, it may yield poorer long-term outcomes
for individuals not engaging in significant dietary restraint
between binge eating/compensatory behavior episodes. Indi-
viduals with low baseline levels of dietary restraint and static
response may primarily engage in binge eating in reaction
to internal or external cues, like negative affect or presence
of palatable foods. The relatively high recurrence in binge
eating among these individuals may indicate that CBT insuf-
ficiently targets these precursors to binge eating.
Analogously, although CBT may be effective in reduc-
ing compensatory behaviors during treatment for individuals
with high baseline frequency of binge eating, the high recur-
rence in compensatory behaviors noted for these individuals
suggests CBT may fail to adequately address key mainte-
nance factors for compensatory behaviors. Individuals in the
high frequency-rapid response trajectory of binge eating may
engage in compensatory behaviors for a number of reasons,
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including controlling shape or weight, for affect regula-
tion, to reduce intolerable interoceptive sensations, or as a
habitual reaction to binge eating episodes. These individu-
als may demonstrate good treatment response due to non-
specific treatment factors such as supportive accountability
to a therapist, but given that these factors do not persist after
treatment, they may experience recurrence of compensatory
behaviors when treatment ends. For instance, individuals
may be more motivated to tolerate feelings of fullness or
negative affect and avoid purging when their therapist will
monitor engagement in compensatory behaviors than when
they no longer experience supportive accountability.

These findings preliminarily suggest that identification
of an individual’s trajectory of change in ED symptoms
during CBT for BN may facilitate personalized interven-
tions to improve long-term outcomes. Clinicians should
be cautioned against assuming that rapid changes in ED
behaviors during treatment will necessarily yield long-
term improvements in symptoms for individuals with BN
undergoing CBT. Individuals may demonstrate rapid change
in ED symptoms during treatment for many reasons (e.g.,
elevated hope and motivation, supportive accountability).
Following treatment, these factors may subside, putting
the individual at risk for BN symptom recurrence. Clini-
cians should work with individuals exhibiting reductions
in binge eating and compensatory behaviors and individu-
als with static change in regular eating to collaboratively
determine factors that may put these individuals at risk for
post-treatment worsening of symptoms. For instance, even
if an individual has demonstrated a significant decrease in
binge eating and compensatory behaviors during treatment,
they may still have elevated shape or weight concerns, dif-
ficulty regulating affect, or intolerance of fullness and these
factors may need to be addressed more thoroughly to prevent
future recurrence of compensatory behaviors. Additional
psychological interventions that could address maintenance
factors for ED behaviors that are not a focus of CBT (e.g.,
exposure for intolerable interoceptive sensations, emotion
regulation strategies to replace the affect regulatory function
of ED behaviors, planning for ongoing supportive account-
ability after treatment) should be considered as augmenta-
tions. Further research should evaluate whether individuals
demonstrating high-risk trajectories of ED symptom change
have better long-term outcomes when receiving personalized
treatments that incorporate supplemental strategies.

Strengths and limits

This study was the first to examine latent trajectories of
change in binge eating, compensatory behaviors, and regu-
lar eating during CBT for BN. Strengths of the study were
the use of the EDE to measure ED symptoms and the use of

daily self-monitoring data to identify latent trajectories of
change, which promoted ecological validity and minimized
recall bias. Another strength of the study is the use of a data-
driven analytic approach to identify latent trajectories. The
study was limited by the small sample size, limiting power.
Although digital self-monitoring data are likely more accu-
rate than weekly self-report or therapist report, long-term
use of self-monitoring demonstrates some decline in compli-
ance. Finally, therapy was initially administered in-person
but later transitioned to Zoom during the COVID-19 pan-
demic, which may have impacted treatment response. This is
a particularly major limitation, given preliminary evidence
that CBT for BN may be less effective when delivered via
telehealth [15]. It is possible that individuals receiving tel-
ehealth therapy may have had poorer treatment response due
to factors such as inhibited therapeutic alliance or reduced
supportive accountability. Additionally, the onset of the
COVID-19 pandemic may have contributed to increased
symptoms during or following treatment for some individu-
als due to increased psychological stress and changes to food
environments.

This study preliminarily suggests that individuals with
BN-spectrum EDs demonstrate heterogeneous trajectories of
change in ED symptoms during treatment. These trajectories
differentially predict change in binge eating and compensa-
tory behaviors in the post-treatment period. Future research
should replicate these findings and examine whether person-
alized treatment approaches improve long-term outcomes.

What is already known on this subject?

Previous research suggests that individuals with eating dis-
orders exhibit heterogeneous trajectories of symptom change
during treatment. These trajectories may be associated with
post-treatment outcomes.

What this study adds?

The present study is the first to examine trajectories of
change in binge eating, compensatory behaviors, and regu-
lar eating during CBT for bulimia nervosa. These trajecto-
ries may differentially predict post-treatment worsening of
bulimia symptoms.
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