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Abstract

Randomized, placebo-controlled trials for binge eating disorder (BED) have re-
vealed highly variable, and often marked, rates of short-term placebo response.
Several quantitative based analyses in patients with BED have inconsistently
demonstrated which patient factors attribute to an increase in placebo response.
The objective of this study is to utilize machine learning (ML) algorithms to iden-
tify moderators of placebo response in patients with BED. Data were pooled from
12 randomized placebo-controlled trials evaluating different treatment options
for BED. The final dataset consisted of 189 adults receiving placebo with complete
information of baseline variables. Placebo responders were defined as patients
experiencing >75% reduction in binge eating frequency (BEF) at study end point.
Nine patient prerandomization variables were included as predictors. Patients
were divided into training and testing subsets according to an 75%:25% distri-
bution while preserving the proportion of placebo responders. All analysis was
performed in the software Pumas 2.0. Gaussian Naive Bayes algorithm showed
the best cross-validation accuracy (~64%) and was chosen as the final algorithm.
Shapley analysis suggested that patients with low baseline BEF and anxiety status
were strong moderators of placebo response. Upon applying the final algorithm
on the test dataset, the resulting sensitivity was 88% and prediction accuracy was
72%. This is the first application of ML to identify moderators of placebo response
in BED. The results of this analysis confirm previous findings of lesser baseline
disease severity and adds that patients with no anxiety are more susceptible to
placebo response.
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Study Highlights

WHAT IS THE CURRENT KNOWLEDGE ON THE TOPIC?

Randomized, placebo-controlled binge eating disorder (BED) trials have revealed
highly variable, and often marked, rates of placebo response. Approximately 50%
of all investigator-led trials previously demonstrated a lack of separation between
active treatment and placebo.

WHAT QUESTION DID THIS STUDY ADDRESS?

This study provides a machine learning-based approach to enrich future BED tri-
als by identifying potential moderators of placebo response.

WHAT DOES THIS STUDY ADD TO OUR KNOWLEDGE?

By leveraging data from twelve BED investigator-led randomized clinical trials,
this study identified that patients with less disease severity and patients who do
not exhibit symptoms of general anxiety disorder are more susceptible to placebo
response.

HOW MIGHT THIS CHANGE CLINICAL PHARMACOLOGY OR
TRANSLATIONAL SCIENCE?

A machine learning approach using pooled data from similar clinical trials can

INTRODUCTION

In 2013, the Diagnostic and Statistical Manual of Mental
Disorders officially recognized binge eating disorder (BED)
as a distinct eating disorder that is defined by recurrent
episodes of eating an unusually large amount of food over
a discrete period of time in the absence of compensatory
behaviors. The global pooled lifetime prevalence of BED
is ~0.9%." Although previous research indicates several
sociodemographic risk factors, ~75% of patients with BED
also have a comorbid psychiatric condition."* Given the
disparities in healthcare accessibility, psychotherapy, the
cornerstone treatment option, has been significantly un-
derutilized. Currently, lisdexamfetamine is the only drug
the US Food and Drug Administration (FDA) approved
for the treatment for moderate to severe BED. Because not
all patients receiving treatment will experience sympto-
matic improvement, there is a need to evaluate the safety
and efficacy of promising pharmacotherapeutic options in
randomized clinical trials.?

A significant proportion of the trials for BED demon-
strate a lack of separation between active treatment and
placebo. Approximately 50% of all investigator-led trials
were therefore determined to be negative.4 Randomized,
placebo-controlled BED trials have revealed highly vari-
able, and often marked, rates of placebo response.*
Depending on the primary end point, placebo response is
defined as a clinically significant reduction in binge eat-
ing symptomology in patients that receive placebo. Carter
et al. identified a mean placebo response rate (proportion
of patients with a >50%-75% reduction in binge eating
frequency) of 33% based on a literature review of random-
ized placebo controlled trials.® The placebo response rate

provide recommendations for increasing probability of trial success in BED.

in BED is also within the reported range (25%-50%) for
mood disorders.””

Mixed results across studies make it difficult to un-
derstand whether BED is a chronic disease, a disease
that waxes and wanes, or a disease that entirely remits
in patients. In a natural progression study conducted by
Fairburn et al., patients with BED that were not receiving
treatment were followed for 5years and evaluated for BED
symptomology.'® Only 24% of patients with BED were still
diagnosed after 15 months of study follow-up and 9% after
60months of study follow-up. However, it is important to
note that the patients with BED enrolled were younger on
average compared to the average age of patients enrolled
in investigator-led and randomized clinical trials. Jacobs-
Pilipski et al. further analyzed a randomized, placebo
controlled, placebo run-in trial that evaluated the effect
of sibutramine on BED.” During the baseline placebo
run-in period, 33% of patients (147/451) were categorized
as placebo responders (>75% reduction in binge frequency
from baseline). A higher proportion of placebo respond-
ers had reported less emphasis on shape and weight upon
self-evaluation and domain-specific quality of life during
the baseline period. At follow-up, patients attributed their
placebo response to increased awareness of their eating,
increased accountability, self-monitoring, motivation to
change, social support, and positive expectations regard-
ing placebo. However, most placebo responders reported
experiencing binge eating symptoms at some point during
the follow-up period. In contrast, a study conducted by
Crow et al. identified that 93% of patients still reported
BED symptomology after a 1-year follow-up.

Machine learning (ML) is an area of artificial intelli-
gence that involves the construction and study of systems
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that can learn from data."* The ultimate goal is to solve a
given problem by applying knowledge acquired from an
automatic learning process using past experiences and
data. The use of ML approaches has recently been wide-
spread in the field of neuropsychiatry for illnesses, such as
depression, Alzheimer's disease, and schizophrenia.lz’14
ML has been applied to the detection and diagnosis of
conditions, prediction of long-term prognosis, timing
and selection of treatment, impact assessment on public
health, and mental health resource allocation.'*” Data
from neuroimaging studies, electronic health records,
healthcare insurance claims, social media, and traditional
clinical trials have been commonly used to develop algo-
rithms. Applications of ML could expedite the path to per-
sonalized medicine due to the growing interest to identify
potential objective biomarkers, biological mechanisms,
and genetic predictors.

Several methods have been explored to identify placebo
responders a priori to limit the magnitude of placebo re-
sponse and increase the probability of clinical trial success.
Traditionally, placebo run-in periods have been used to
identify placebo responders for exclusion before trial ran-
domization. This can lead to longer overall trial durations
and need for larger sample sizes.'’?° ML algorithms can
be used to systematically identify placebo responders for
trial exclusion during the screening period. This trial en-
richment method could therefore increase the efficiency
of future clinical trials. The use of ML in BED is relatively
unexplored. Given that many studies have demonstrated
negative outcomes, different advanced quantitative meth-
ods could be utilized to improve the treatment effect in
BED clinical trials. The objective of this study was to
apply supervised ML algorithms to identify moderators of
placebo response in patients with BED.

METHODS
Data

Subject-level, longitudinal normalized binge eating fre-
quency (BEF) and binge day frequency (BDF) from adult
patients receiving placebo in 12 investigator led trials
conducted by McElroy et al. were collected to develop
the main dataset (N = 288). Clinical trial procedures are
also previously described by McElroy et al.**~** All stud-
ies were approved by the Institutional Review Board and
patients were appropriately consented at the time of en-
rollment. Predictors of interest included demographics
and comorbid characteristics. However, due to differ-
ences in data collection methods across clinical studies,
a reduced dataset was created to ensure no missing pre-
dictors (N = 189). Predictors in the final reduced dataset

included: age, gender, clinical global impression of sever-
ity at baseline, weekly BEFat baseline, lifetime diagnosis
of major depressive disorder, current diagnosis of major
depressive disorder, history of alcohol abuse, history of
substance abuse, and diagnosis of general anxiety disor-
der. Placebo responders were identified as patients experi-
encing >75% reduction in BED at study end point. Studies
were truncated to 6 weeks in length (length of the shortest
BED clinical trial incorporated into the dataset) in order
to avoid confounding responder status due to trial length.
Patients were randomly divided into training and testing
subsets according to a 75%:25% distribution while preserv-
ing the proportion of placebo responders.

Machine learning analysis
Model building

Various supervised ML algorithms were utilized to predict
placebo response status. Supervised learning algorithms
are based on developing a function that maps predictors
to an outcome based on a labeled learning dataset. For
the purpose of this study, random forest, support vector
machines, decision tree, logistic regression, k-nearest
neighbors (KNNs), Gaussian naive Bayes (GNB), Bayesian
quadratic discriminant analysis, and AdaBoost and
XGBoost algorithms were applied to the final reduced
dataset using the MLJ package in Pumas 2.0 (www.pumas.
ai).**** A 10-fold cross validation with grid search was re-
peated five times to quantify the average accuracy of the
final model.** As the analysis dataset was reasonably bal-
anced among the target classes (60% nonresponders and
40% responders), accuracy was chosen as the performance
metric for the choice of the best model during training of
each algorithm. Furthermore, the distribution of accuracy
and Cohen's kappa per fold were graphed to discriminate
across algorithms.

Inference and evaluation

After the best model for every algorithm was selected,
contribution of the predictors on the response was quan-
tified using Shapley values—a model agnostic method
to assess predictor contribution for a given subject/in-
stance.® Briefly, Shapley value is a marginal contribution
(analogous to marginal log-odds) of every covariate on the
prediction of the target class, where a high Shapley value
implies a higher chance of placebo response. The variable
with the highest mean absolute Shapley value across all
training instances was considered as the most important
variable for the purpose of prediction. Sensitivity analysis
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was also conducted to evaluate the impact of defining
responder status using BDF and reducing the percent
threshold for defining placebo responder status on feature
selection. Percent reduction of 50% and 60% were used to
redefine placebo response status. Finally, the algorithms
were further evaluated on the test dataset based on sen-
sitivity, specificity, and accuracy. Sensitivity (also called
true-positive rate) is the probability that the algorithm will
predict a responder among those who are responders and
specificity (also called true-negative rate) is the probabil-
ity that the algorithm will predict a nonresponder among
those who are nonresponders. Because the goal for trial
enrichment is to limit the number of placebo responders
from being randomized, sensitivity was chosen as the met-
ric of interest to evaluate performance of the final model.
The consequence of low sensitivity (large false-negative
rates) implies a higher chance of trial failure due to a
greater number of placebo responders being randomized.
On the other hand, the consequence of low specificity
(large false-positive rates) is a longer trial enrollment pe-
riod due to of the exclusion of potential nonresponders.

RESULTS
Descriptive summary
Table 1 provides a summary of demographic and clinical

features in patients receiving placebo across 12 investigator-
led BED clinical trials. Most patients were women with an

ASCPT

average weekly normalized BEF and BDF of 4.7 and 4.0,
respectively. The average percentage change from base-
line in BEF was ~56%, indicating a large placebo response.
Placebo response rate was ~40%, 52%, and 61% when pla-
cebo response was defined as a 75%, 60%, and 50% reduc-
tion in BEF from baseline, respectively. Approximately
30% of patients experienced cessation of binges at the end
of 6weeks. Figure S1 provides a scatterplot matrix of con-
tinuous variables and Figure S2 provides a bar graph for
categorical variables. Average baseline BED severity (BDF
and BEF at baseline) was lower in placebo responders ver-
sus placebo nonresponders (BEF: 3.90 vs. 5.14, BDF: 3.51
vs. 4.26). Furthermore, the proportion of placebo respond-
ers was higher than nonresponders in patients diagnosed
with general anxiety disorder (86% vs. 14%).

Machine learning analysis

A comparison of accuracy and Cohen's kappa of all super-
vised ML algorithms is provided in Figure 1. Model accu-
racy on the validation dataset was observed to be similar
across all ML algorithms. The median accuracy ranged
from 54% to 64%. The kappa statistic varied across all al-
gorithms with the median kappa statistic ranging between
—0.03 and 0.31. This suggests that the model performance
in predicting placebo response was slight to fair in terms
of strength of agreement. Numerically, model perfor-
mance was the highest with GNB algorithm and lowest
with KNN.

TABLE 1 Demographic and clinical characteristics of patients with BED receiving placebo

Patients with BED (INV = 189)

Characteristic N %
Female 161 86
Major depressive disorder - lifetime 82 43
Major depressive disorder — current 44 23
Alcohol abuse - current 13 7
Substance abuse - current 6 3
Anxiety — current 28 15
Placebo responders 75 40
Mean SD
Age, years 40.5 10.9
Binge eating frequency at baseline, per week 4.65 2.44
Binge day frequency at baseline, per week 3.97 1.35
Average percent change from baseline in weekly binge eating frequency —56.6% 47%
Median Range
Clinical global impression severity at baseline 5 3-6

Abbreviation: BED, binge eating disorder.
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FIGURE 1 Evaluation of model performance during training and validation. Each boxplot is generated based on the distribution of

50 (5 repeats x 10 folds) cross validation performance metrics for each algorithm—accuracy or kappa. Dotted horizontal lines in each plot

represent performance of a dummy classifier that would predict all subjects to be placebo nonresponders.
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FIGURE 2 (a)Feature importance based on Gaussian Naive Bayes Algorithm. ALC, alcohol abuse; ANX, diagnosis of generalized
anxiety disorder; BSL_CGIS, baseline clinical global impression of severity; BSL_BEF, baseline normalized weekly binge eating frequency;
MDC, current diagnosis of major depressive disorder; MDL, lifetime diagnosis of major depressive disorder; SUB, substance abuse. Points

represents the Shapley value of the respective feature on the y-axis for every subject in the training dataset. Points are colored by normalized

feature value. (b) Shapley dependence plot between baseline normalized weekly binge eating frequency by anxiety. Points represent the

Shapley value of baseline normalized weekly binge eating frequency versus the value of the predictor for every subject in the training

dataset. Points are colored by a yes/no flag for the diagnosis of anxiety.

Using the GNB algorithm, Shapley values were calcu-
lated for every feature for all training instances. A large
and positive Shapley value means that odds are in favor
of predicting a placebo responder. Anxiety and baseline

BED severity were the strongest predictors of placebo
response (Figure 2a). In general, patients without anxi-
ety had a higher likelihood of being a placebo responder
as compared with patients with anxiety. Upon further
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exploration with respect to the predictor interaction,
when baseline BEF was <5.5, patients with anxiety had a
lower likelihood of being a placebo responder (Figure 2b).
Additionally, the correlation between anxiety and BEF
was explored to test if anxiety was a potential confounder.
The comparisons resulted in an insignificant p value at
a significance level of 0.05 implying that anxiety is not
correlated with BEF in the dataset. To test the robustness
of the study results, the analysis was repeated using re-
defined placebo response criteria of at least 50% and 60%
change from baseline in BEF and changing the primary
outcome measure to BDF. The findings were similar to
those reported with the predefined clinically significant
placebo response criteria of 75% change from baseline in
BEF, with anxiety and baseline BED severity identified as
the strongest predictors.

A flow chart was created to summarize the incidence
of placebo responders and nonresponders using the nu-
meric cutoff for BEF baseline values obtained using
(Figures 2b and 3). For patients with a BEF 5.5, the proba-
bility of experiencing a significant placebo response in the
dataset is <14%. However, for a patient with a BEF <5.5
and no comorbid diagnosis of general anxiety disorder,
the probability of experiencing a clinically significant pla-
cebo response is approximately 53%. On the other hand,
an anxious patient with a BEF <5.5 is expected to have
a probability of 17% in favor of experiencing a clinically
significant placebo response.

The final models of all algorithms were applied to the
testing dataset (25% of the final reduced dataset) and the
sensitivity and specificity were calculated using the ob-
tained confusion matrix (Table 2). GNB algorithm and
Bayesian quadratic discriminant analysis showed >80%

FIGURE 3
of placebo responders and non-

Flow chart of distribution

No

responders in the dataset based on binge
eating frequency. Baseline BEF is the
baseline normalized weekly binge eating
frequency. Text in bottom boxes shows
majority class, percentage of patients in
the majority class (number of subjects
belonging to the majority class) and total
number of subjects in that bucket.

Responder

0.53 (65)
N =123
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sensitivity, however, the accuracy and specificity of the
GNB algorithm were higher. Based on the GNB algorithm,
12% (sensitivity = 88%) of the test subjects who were re-
sponders were predicted to be placebo nonresponders
(true-positive rates = 15, true-negative rates = 19, false-
positive rates = 11, false-negative ratess = 2, and posi-
tive = placebo responder).

DISCUSSION

Given the continued high incidence of placebo response
exhibited in randomized clinical trials, there have been rel-
atively few successful BED drug development programs.
Identification of predictors for placebo response can guide
the selection of an intended population of interest and in-
form study design. ML approaches utilized in this study
expand upon previous quantitative research in BED and
considers interactions between predictors to better the un-
derstand the complexity of placebo response. This present
study evaluated nine different ML algorithms to predict
placebo response in patients with BED enrolled in small
investigator-led trials. The overall placebo response rate
observed across 12 studies was similar to other psychiat-
ric conditions (i.e., major depressive disorder, generalized
anxiety disorder, and schizophrenia).**® Although the
sample size of the final reduced dataset was relatively low
and only a limited number of predictors were available for
analysis, the GNB algorithm exhibited reasonable accu-
racy and demonstrated that baseline BED severity and co-
morbid anxiety are strong predictors for placebo response.
Generally, patients that had a lower baseline severity were
more likely to experience a clinically significant placebo

<=55 >5.5

Non-responder

0.86 (36)
N = 42

Yes

Non-responder
0.83 (20)
N =24
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TABLE 2 Model performance on test dataset for each final supervised algorithm
Machine learning algorithm Sensitivity Specificity Accuracy Kappa
Gaussian Naive Bayes 0.88 0.63 0.72 0.46
Bayesian QDA 0.82 0.50 0.62 0.28
AdaBoost 0.59 0.77 0.70 0.35
Logistic regression 0.53 0.73 0.66 0.26
Random forest 0.41 0.77 0.64 0.15
Decision tree 0.35 0.87 0.68 0.11
XGBoost 0.18 0.90 0.64 0.24
K-Nearest neighbors 0.12 0.87 0.60 —0.06
Support vector machine 0.00 1.00 0.64 0

response. Further, among the patients with low baseline
binge eating severity, anxious patients were less likely to
experience placebo response.

This finding is consistent with the results observed by
Blom et al. which analyzed 10 of the 12 investigator-led tri-
als utilized in this study.* Blom et al.* developed a mixed
logistic regression model that identified lower baseline
BEF and longer study participation were associated with
an increased likelihood of being categorized as a placebo
responder. Furthermore, the developed logistic regression
model with baseline BEF as the only predictor suggested
that a cutoff of 5.5 binge eating episodes per week provided
maximum sensitivity and specificity. This cutoff value was
similar to the decision criteria for the baseline BEF derived
using the GNB algorithm (Figure 2b). Approximately 14%
of patients with an observed baseline BEF of >5.5% and
48% of patients with an observed BEF <5.5 experienced a
clinically significant placebo response. However, it is im-
portant to note that a baseline of 5.5 binge episodes/week
represents the 78th percentile of the observed data. This
implies that approximately half of the patients enrolled in a
clinical trial will experience a significant placebo response.
It is also expected that patients with less severe eating pa-
thology have fewer binge eating episodes to resolve as com-
pared with patients with a higher baseline BED severity.

Additionally, the GNB algorithm based flow-chart
(Figure 3) suggests that the placebo response rate is 53%
for the best-case scenario (BEF<5.5 and no anxiety) The
predictor interaction plot (Figure 2b) also displayed a
concordant finding that the odds of predicting placebo
responders is ~1 (Shapley values near 0) when BEF<5.5.
Subsequently, it can be inferred that there was a stronger
signalin the data to identify placebo nonresponders as com-
pared with placebo responders. Therefore, future analysis
of placebo response in BED are recommended to include
a diverse set of patient-related and disease-related fea-
tures collected from various sources of data (e.g., patient-
reported outcomes, BED specific questionnaires, wearable
devices, neuroimaging, biomarkers, etc.) to adequately

characterize and enrich trial populations. Further, as the
sample size is relatively small, all trials might not be ade-
quately represented in the testing data. More specifically,
there were 17%-35% of subjects (N = 5-8) per trial in the
testing dataset that were filtered from 19 to 30 subjects per
trial in the full dataset. Therefore, a cross-trial validation
approach was tested to test for any potential bias in the
final model. Two randomly chosen trials were filtered
from the training data and were set aside to serve as test-
ing data. The GNB model was fitted on the training data
which contained 8 (out of 10) trials. The top three vari-
ables obtained using Shapley analysis (anxiety, BEF, and
baseline clinical global impression severity) remained the
same as in the original analysis (Figure S4). Likewise, the
relationship among baseline disease severity, anxiety, and
placebo response remained the same. Performance on the
testing dataset (2 out 10 trials) was as follows: 80% sensi-
tivity, 73% specificity, 75% accuracy, and Cohen's Kappa
of 0.48. As the performance of the final model by doing
cross-trial validation concurs with the original case of ran-
domly splitting subjects into training and testing sets, it
can be reasonably inferred that the results obtained from
our study might be applicable to future trials and the final
model is not biased due to low sample size.

Given that the presented study results are validated
in future studies, the application of these findings can
be highly influential to inform the design of future
drug development programs. Investigators may con-
sider modifying the inclusion/exclusion criteria of their
population of interest to select patients with greater
baseline BED severity or patients with mild to moder-
ate baseline BED severity with comorbid anxiety. Study
protocols should include proper diagnostic tools and
clinical outcome measures to screen and prospectively
monitor symptoms of comorbid conditions. However,
enrolling patients with high baseline BED severity
could also be difficult from a recruitment perspective
and can lead to additional loss of trial efficiency due to
an increased risk for dropouts. In contrast, efficacy data
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obtained from only patients with low baseline BED se-
verity may not adequately translate to benefit in patients
with higher disease severity, a population with a crucial
need for treatment. Several theories aimed at explain-
ing the relationship between anxiety in BED suggest a
more transactional association. Individuals who suffer
with BED typically experience anxiety and distress after
an episode which often leads to further binge behaviors
as a coping mechanism.* Interestingly, treatments that
target both symptoms of anxiety and BED may exhibit
a higher degree of separation from placebo. Similar to
other quantitative analyses comparing BEF and BDF,
the proposed enrichment strategy can be applicable to
studies utilizing either end point.*

Several limitations should be acknowledged with
this study. Inclusion and exclusion criteria across stud-
ies were not identical and could have led to a different
subpopulation of patients with BED. Some studies only
evaluated patients with comorbid obesity, whereas oth-
ers enrolled patients with just BED. Study durations var-
ied among trials, ranging between 6 and 14 weeks. For
this analysis, trials were truncated to a common week
due to a plateauing effect observed after 6 weeks on the
average weekly normalized BEF versus time profile.
Previous analysis of placebo response for other condi-
tions suggest that trial length is also a strong modera-
tor for placebo response.***' It is unclear whether trial
length influences patient expectations prior to enroll-
ment. Furthermore, participation in longer term studies
could cause subsequent worsening of BED severity that
may not be captured from short-term studies. Patients
with high disease severity could experience a relapse
during the trial period and falsely be categorized as a
placebo nonresponder. Another limitation to this study
was that placebo responder status was determined by
the percent change from baseline in weekly normalized
BEF at each patient's last visit. Last observation carried
forward was assumed for patients that dropped out prior
to week 6. In this analysis, 51 out of 189 patients (27%)
did not complete at least 6 weeks of placebo therapy.
Previously reported dropout analyses of patients with
neuropsychiatric conditions suggest that patients with
high baseline disease severity and those with limited to
no change in disease symptomology were more likely to
drop out before study completion.**** However, other
factors could have also played a role in a patient's de-
cision to drop out that may also confound the results of
this analysis. In addition, all the investigator-trials in-
cluded in this analysis utilized a flexible dose titration
design. When comparing study designs that include an
equal number of treatment arms, flexible dose-design
studies have been shown to elicit a higher placebo re-
sponse as compared to fixed dose study designs.* It is
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possible that patients who are aware that their “placebo
dose” is titrated based on efficacy and safety targets may
have higher expectations that could result in a higher
placebo response.**™*® Finally, all investigator-led trials
leveraged in this analysis was conducted by one study
group. Although standard of care was not provided to
patients, it is unknown whether patients participated in
multiple trials or if the expertise of the research group
may have influenced placebo response. Analysis of two
additional large randomized, placebo controlled trials
evaluating the effectiveness of lisdexamfetamine in BED
demonstrated a lack of association between placebo re-
sponse and less severe BED symptomology at baseline.*’
Therefore, generalization of results to multicenter and
multiregional studies should be taken with caution.
Modern ML algorithms, such as the ones implemented
in our analysis, can be applied for discerning more pat-
terns that can accurately identify placebo responders.
Traditional statistical algorithms, such as logistic regres-
sion, are not tractable for data with multicollinearity,
high dimensional data, and assume a linear relationship
between the logarithm of odds and predictors. These lim-
itations can sometimes result in erroneous findings or
inadequate model performance. In our analysis, logistic
regression resulted in a 53% sensitivity, which is much
lower than the 88% observed using the GNB algorithm.
Given the flexibility to fit nonlinear functions, modern
ML methods are recommended for drawing inferences
on rich and complex data that are often collected in psy-
chiatric clinical trials. In conclusion, we recommend that
patients with baseline binge eating severity and anxiety
should be taken into consideration when designing fu-
ture BED trials. New data must be gathered from BED
trials to validate the results of this study and to identify
additional reasons for placebo response in BED.
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