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INTRODUCTION: Pharmacologic therapies for symptoms of gastroparesis (GP) have limited efficacy, and it is difficult to

predict which patients will respond. In this study, we implemented amachine learningmodel to predict

the response to prokinetics and/or neuromodulators in patients with GP-like symptoms.

METHODS: Subjects with suspected GP underwent simultaneous gastric emptying scintigraphy (GES) andwireless

motility capsule and were followed for 6 months. Subjects were included if they were started on

neuromodulators and/or prokinetics. Subjects were considered responders if their GP Cardinal

Symptom Index at 6 months decreased by ‡1 from baseline. A machine learning model was trained

using lasso regression, ridge regression, or random forest. Five-fold cross-validation was used to train

the models, and the area under the receiver operator characteristic curve (AUC-ROC) was calculated

using the test set.

RESULTS: Of the 150 patients enrolled, 123 patients received either a prokinetic and/or a neuromodulator. Of the

123, 45 were considered responders and 78 were nonresponders. A ridge regression model with the

variables, such as body mass index, infectious prodrome, delayed gastric emptying scintigraphy, no

diabetes, had the highest AUC-ROC of 0.72. The model performed well for subjects on prokinetics

without neuromodulators (AUC-ROC of 0.83) but poorly for those on neuromodulators without

prokinetics. A separate model with gastric emptying time, duodenal motility index, no diabetes, and

functional dyspepsia performed better (AUC-ROC of 0.75).

DISCUSSION: This machine learning model has an acceptable accuracy in predicting those who will respond to

neuromodulators and/or prokinetics. If validated, our model provides valuable data in predicting

treatment outcomes in patients with GP-like symptoms.
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INTRODUCTION
Gastroparesis (GP) is a chronic condition characterized by
delayed gastric emptying in the setting of symptoms, including

nausea, vomiting, bloating, fullness, early satiety, and abdominal
pain. Despite the morbidity (1) associated with GP, treatment
options are limited with only metoclopramide being approved by
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the US Food and Drug Administration (2). A recent network
meta-analysis concluded that only clebopride and domperidone
were superior to placebo (3). Both medications are not approved
by the US Food and Drug Administration. Treatment with pro-
kinetic agents and/or neuromodulators based on physiologic
testing (4), but the evidence supporting this practice is not robust,
and neuromodulators are not recommended for GP treatment in
guidelines (5,6). This leads to patients being trialed on numerous
ineffectivemedications, while patients harbor the cost and burden
of ineffective therapy.

Identifying patients more likely to respond to therapies in
suspected GP has been challenging. The correlation between
improvement in delayed gastric emptying and symptomatic im-
provement has been relatively weak (7), and correlation between
symptoms and delayed gastric emptying has been modest at best
(8). In addition, most medications that are associated with both
improvements in symptoms and gastric emptying are not readily
available in the United States (9). A prior study by the National
Institute of Health GP Consortium identified age 50 years or
older, gastric emptying scintigraphy (GES) retention of$20% at
4 hours, and infectious prodrome as predictors of improved
outcomes in GP (10). Our group also recently published pre-
dictors of longitudinal outcomes in suspected GP, including fe-
male gender, delayed gastric emptying, presence of functional
dyspepsia, and harder stools as predicting worse outcomes in
suspected GP (11). Although these studies improved our
knowledge of longitudinal outcomes in GP, they did not identify
predictors of response to therapies.

Recently, there has been a growing interest in applying ma-
chine learningmodels to predict clinical outcomes inmedicine. In
stroke, a machine learning model accurately predicted long-term
outcomes with an area under the receiver operator characteristic
curve (AUC) of 0.89 (12). In pediatric critical care, acute kidney
injury was projected 30 hours before conventional detection with
an AUC of 0.89 (13). A deep-learning model accurately predicted
cirrhosis based on electrocardiogram with an AUC of 0.91 (14).
Given the poor response to therapy in GP, we hypothesized that
machine-learning models may identify subsets of patients more
likely to respond to different therapies in GP.

In this multicenter prospective study, we aimed to develop
a predictivemodel to identify responses to neuromodulators and/
or prokinetics in patients with GP-like symptoms.

METHODS
Study population

We performed a prospective, observational cohort study of 150
adult subjects with 2 or more gastroparetic symptoms (nausea/
vomiting/retching, fullness/early satiety, bloating/abdominal
distention, upper abdominal discomfort/pain) for 12 or more
weeks. Subjects were recruited from 2013 to 2016 at 10 academic
and community centers in the United States (15). Subjects un-
derwent simultaneous GES and wireless motility capsule (WMC)
test at baseline andwere given treatment recommendations at the
discretion of the provider (4). Subjects were followed, and their
symptoms were assessed later at 6 months.

We have reported portions of this study (ClinicalTrials.gov:
NCT02022826), including validation ofWMC (15), the influence
of motility test results onmanagement decisions (4), longitudinal
outcomes (11), and the effects of prokinetics (16). The aim of this
study was to identify predictors of response to different medica-
tion classes, which were a priori planned study end points. Of the

initial 150 subjects, only those who received a neuromodulator
and/or a prokinetic were included in this analysis. Concomitant
use of other medications such as laxatives, antiemetics, and di-
etary therapies were allowed based on the discretion of the pre-
scribing providers.

Primary outcomes

Our primary outcome of interest was response to neuro-
modulators and/or prokinetics as defined by a reduction in the
Gastroparesis Cardinal Symptom Index (GCSI) score by $1 at
6 months compared with baseline. GCSI is a validated ques-
tionnaire comprised 9 questions to assess the gastroparetic
symptoms of nausea/vomiting, fullness/early satiety, and
bloating/distention from 0 to 5, with 5 being the worst symptoms,
in patients with and without delayed gastric emptying (17). We
chose our definition for response based on a prior study in GP
which determined that the minimal clinically important differ-
ence inGCSI scores to be 0.94 (18). Subjectswhodid not complete
GCSI scores at 6 months were considered to be nonresponders.

Motility testing.GES andWMCwere performed simultaneously
at baseline. Subjects were asked to hold their proton-pump
inhibitors for 7 days while histamine-2 antagonists, prokinetics,
opioids, cannabinoids, and laxatives were held for 3 days before
testing. After fasting overnight, subjects consumed 99Tc-
radiolabeled standardized low-fat egg substitute meals (19).
Immediately after, subjects swallowed the WMC (SmartPill;
Medtronic; Minneapolis, MN) with 50 mL of water and followed
the manufacturer’s instructions. Anterior and posterior scintig-
raphy images were obtained at 0, 1, 2, and 4 hours after ingestion
of the test meal. Subjects were instructed not to eat for 8 hours
after capsule ingestion, followed by ingestion of 250mLof a liquid
nutrient drink (Ensure; Abbott Laboratories; Abbott Park, IL).
Subjects fasted an additional hour before resuming their diet.
WMC receiver was worn for up to 5 days or until the capsule was
seen in the toilet.

Predictor variables. Baseline characteristics that were evaluated
as potential predictors included age, gender, body mass index
(BMI), history of diabetes, cannabis use, opioid use, duration of
GP symptoms, stool consistency as measured by Bristol Stool
Scale, and history of infectious prodrome (per patient interview).
In addition, Rome III criteria for functional bowel disorders,
functional dyspepsia, functional nausea/vomiting/belching dis-
orders, and constipation were evaluated as potential predictors in
the model. Concomitant treatments, such as a gastroparetic diet,
antiemetic, and laxative use, were also captured. Finally, motility
parameters and other specific features obtained from GES and
WMC were calculated and interpreted for further analysis.
Delayed GES was defined as.10% retention at 4 hours (19), and
delayed gastric emptying time (GET) throughWMCwas defined
as .5 hours after ingestion of the capsule (20). The number of
contractions and motility index (MI) byWMCwere measured in
the hour before and after GET to determine stomach and small
bowel contractile parameters (21).

Datapreprocessing.Datawere randomly selectedwith 75%of the
patients used for model training, and the remaining 25% of the
patients held out for testing and validation ofmodel performance.
The data were stratified by the proportion of responders so that
the distribution of the outcome was similar in both the training
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and the test set. Missing data were imputed using the R package
missForest, a random forest-based multiple imputation method
previously shown to have the lowest imputation error for both
continuous and categorical variables (22). Numeric variables
were centered and scaled while categorical variables were recoded
into dummy variables. To select predictors to include in our
model, we performed a univariable analysis measuring the asso-
ciation between eachpredictor andourprimaryoutcome, reduction
inGCSI of$1 at 6months comparedwith baseline. Thosewith P,
0.25 were included as potential features in the model selection

process. The number of predictors was further reduced using the
step_select_linear function in the R package recipeselectors (23).

Model development and testing. Using a Tidymodels framework
(24), 3 separate machine learning classification models were
trained using the randomly selected 75% of subjects included in
the training data. We performed penalized regression, including
least absolute shrinkage and selection operator (Lasso) and ridge
regression, with the R package glmnet (25). We also fit a random
forest model with the R package ranger (26). Machine learning

Table 1. Baseline variables

Neuromodulators and/or prokinetics

(n5 123) Neuromodulators (n 5 50) Prokinetics (n 5 52)

Baseline variables

Age 44 (34–54) 41.5 (31.8–51.0) 47.0 (37.0–56.3)

Female 98 (79.7%) 40 (80.0%) 44 (84.6%)

BMI 26.6 (22.2–31.5) 25.6 (21.2–31.4) 27.8 (23.0–31.3)

Marijuana 10 (8.1%) 2 (4.0%) 6 (11.5%)

Opioids 14 (11.4%) 7 (14.0%) 4 (7.7%)

Laxatives 44 (35.8%) 17 (34.0%) 15 (28.9%)

Antiemetics 15 (12.2%) 3 (6.0%) 9 (17.3%)

Gastroparesis diet 44 (35.8%) 12 (24.0%) 26 (50.0%)

Delayed GES 32 (26.0%) 4 (8%) 22 (42.3%)

Delayed GET 52 (42.3%) 6 (12.0%) 35 (67.3%)

GES % retention at 4 hr 3 (1–11) 1 (1–4) 5.1 (2.8–21.8)

GES % retention at 2 hr 33 (18.2–52.5) 26.5 (13.3–37.8) 41.5 (27.8–58.3)

GET 4.4 (3.3–6.7) 3.5 (2.9–4.4) 6.5 (4.4–18.5)

Small bowel transit time (hr) 4.71 (3.54–5.87) 4.5 (4.0–5.4) 4.9 (3.5–6.5)

Colonic transit time (hr) 37.69 (17.1–68.0) 30.0 (17.1–55.9) 43.5 (19.4–70.0)

No. of antral contractions 45.5 (24.0–87.3) 50.0 (26.5–88.5) 46.0 (29.0–93.8)

Antral motility index 11.3 (10.1–12.6) 11.3 (10.1–12.7) 11.4 (10.2–12.7)

No. of duodenal contractions 104 (46–166) 126.5 (58.5–175.0) 86.0 (42.5–159.5)

Duodenal motility index 12.4 (11.0–13.6) 12.8 (11.1–13.7) 12.3 (10.5–13.6)

Infectious prodrome 15 (12.2%) 7 (14.0%) 5 (9.6%)

Duration of GP symptoms (mo) 36 (21–84) 36 (24–72) 36 (24–84)

Diabetes 33 (26.8%) 10 (20.0%) 34 (65.4%)

Bristol stool form scale 4 (2–6) 4 (2–6) 4 (2–5.3)

Functional bowel disorder 96 (78.1%) 39 (78.0%) 41 (78.9%)

Constipation 40 (32.5%) 15 (30%) 21 (40.4%)

Functional dyspepsia 89 (72.4%) 35 (70.0%) 39 (75%)

Nausea vomiting and belching 75 (61.0%) 31 (62.0%) 32 (61.5%)

Baseline GCSI 2.81 (2.17–3.23) 2.81 (2.23–3.1) 2.79 (2.13–3.23)

Nausea/vomiting subscore 1.33 (0.67–2.83) 1.33 (0.67–2.00) 1.5 (0.67–3.00)

Bloating/distention subscore 3.50 (2.25–4.00) 3.50 (3.00–4.00) 3.00 (2.00–4.00)

Fullness/satiety subscore 3.25 (2.75–4.00) 3.25 (2.50–4.00) 3.50 (2.75–4.00)

Upper abdominal pain subscore 3.00 (2.00–4.00) 3.00 (1.65–4.00) 3.00 (1.50–4.00)

Baseline variables for those who received neuromodulators or prokinetics, neuromodulators without prokinetics, and prokinetics without neuromodulators. Continuous
variables are expressed as median (interquartile range).
BMI, body mass index; GCSI, Gastroparesis Cardinal Symptom Index; GES, gastric emptying scintigraphy; GET, gastric emptying time; GP, gastroparesis.
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algorithms were first applied to the training data to parameterize
and fit the model. Five-fold cross-validation was utilized to esti-
mate model accuracy and tune model hyperparameters. Model
accuracy was then evaluated by calculating the AUC using the
independent test data consisting of the remaining 25% of patients
not selected for the training set.

Variable importance.Variable importance from eachmodel was
determined by using the R package vip, which provides model-
specific variable importance scores (27). We also performed lo-
cally interpretable model-agnostic explanations using the R
package breakdown (28), which decomposes model predictions
into parts that can be attributed to different explanatory variables.

Sensitivity analysis

To determine whether our model was generalizable, we per-
formed a sensitivity analysis using a different GCSI cutoff$0.75
as responders. In addition, a subgroup analysis using the same
model was applied to those who received prokinetics without
neuromodulators and neuromodulators without prokinetics. Fi-
nally, to determine if model performance was dependent on the
modality of gastric motility test, GES values were substituted for
equivalent WMC parameters.

RESULTS
Of the 150 subjects, 123 subjects were prescribed either a neuro-
modulator and/or a prokinetic and were included in the analysis.
Fifty patients received neuromodulators without prokinetics, 52
received prokinetics without neuromodulators and 21 received

both. Of the 123 subjects, 45 subjects were considered responders
and 78 were considered nonresponders. Baseline variables for
possible incorporation into themodel, as well as theGCSI score at
baseline and 6 months are described in Table 1. Notably, signif-
icantly more subjects in the GCSI responder group were diabetic
with 17 (37.8%) vs 16 (20.5%), P 5 0.04 (see Supplementary
Table 1, http://links.lww.com/CTG/B167). At 6 months, those in
the responder group had an improvement in their median
(interquartile range) GCSI from 2.7 (2.0–3.1) to 1.2 (0.8–1.8)
compared with 3.1 (2.5–3.5) to 2.8 (2.0–3.6) in the nonresponder
group.

Variable selection

We performed feature selection to avoid multicollinearity and
prevent overparameterization as well as to increase clinical utility
of the predictive models. The predictors that were associated with
the primary outcome (P,0.25) were BMI, presence of infectious
prodrome, history of diabetes, delayed GES, and meeting Rome
III criteria for nausea, vomiting, and retching. In addition, pre-
dictors were ranked according to step_select_linear function, and
predictors with the highest coefficients were considered for in-
clusion into the final model, which were BMI, presence of in-
fectious prodrome, history of diabetes, and delayed GES.

Prediction for prokinetics and/or neuromodulators. A ridge
regression model consisting of 4 variables: BMI, infectious pro-
drome,delayedGES, andnodiabetes (or BIDND)had the highest
AUC by 5-fold cross-validation. This model showed acceptable
accuracy when tested on the independent test set (AUC 5 0.72,
Figure 1).

A lasso regression model incorporating the BIDND predictors
also showed a similar yet lower accuracy when tested on the in-
dependent test set (AUC5 0.69, see Supplementary Figure 1, http://
links.lww.com/CTG/B166). However, a random forest model fitted
for the BIDND predictors performed very poorly (AUC 5 0.49).
Given that the ridge regression model had the highest performance,
this model was carried forward for further analyses.

Predictive features for response to neuromodulators and/or
prokinetics. Delayed GES was the most important predictor by
variable importance analysis, followed by absence of diabetes,
BMI, and infectious prodrome (Figure 2a). Next, we generated
breakdown plots to explain the contribution of each feature to the
model prediction, which showed that delayed GES, absence of
diabetes, and infectious prodrome were predictive of non-
response, while higher BMI was predictive of response to neu-
romodulators and/or prokinetics (Figure 2b,c).

Choice of gastric emptying testing does not impact prediction.
We next determined whether the modality of gastric emptying
testing impacted model results. We found model performance
was similar when using GES results as a binary (i.e., delayed vs
nondelayed) or continuous outcome (i.e., percent retention at
4 hours) with AUC of 0.72 and 0.77, respectively (Figure 3a).
Similarly, model performance was acceptable when delayed GES
was replaced with GETs by WMC as a binary or continuous
outcome (AUC 0.70 and 0.73, respectively) (Figure 3b).

Sensitivity analysis of BIDNDmodelwith various cutoffs for GCSI

Given the differences in definition for responders in the GP lit-
erature with 1 study suggesting a minimally clinically significant

Figure 1. AUC-ROC of the final model to predict a response to prokinetics
or neuromodulators with the predictors delayed GCSI, diabetes, infectious
prodrome, and BMI using ridge regression. The AUC-ROC were 0.72 for
neuromodulators or prokinetics (blue line), 0.64 for neuromodulators
without prokinetics (red line), and 0.83 for prokinetics without neuro-
modulators (green line). AUC-ROC, area under the receiver operator
characteristic curve; BMI, body mass index; GCSI, Gastroparesis Cardinal
Symptom Index.
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difference in GCSI score was 1 (18) while a prior study suggested
0.75 (17), we sought to determine whether model performance
was affected by the definition for responder. Using a lower
threshold for responder (i.e., change in GCSI. 0.75), there were
52 responders and 71 nonresponders in our cohort. With this
lower threshold for the responder, the BIDND model perfor-
mance remained acceptable (AUC 0.70) (Figure 3c).

Prediction for response to prokineticswithout neuromodulators.
Given the clinical interest in identifying subjects likely to
respond specifically to neuromodulators or prokinetics,
we next evaluated how well the BIDND model predicted re-
sponse in subjects receiving prokinetics but not neuro-
modulators. Of the 52 subjects who received prokinetics
but without neuromodulators, 20 (38.5%) were responders.
The BIDND model showed good performance for predicting
response to prokinetics without neuromodulators (AUC 5
0.83, Figure 1).

Variable importance showed history of infectious prodrome
was the most important predictor, followed by delayed GES, no
diabetes, and BMI (Figure 4a). Similar to the overall model in
neuromodulators and/or prokinetics, absence of infectious pro-
drome, normal gastric emptying, and absence of diabetes in-
creased likelihood of response to prokinetics (Figure 4b,c).

Prediction for response to neuromodulatorswithout prokinetics.
We also evaluated how well the BIDND model performed in
predicting response to neuromodulators without prokinetics. Of
the 50 subjects who received neuromodulators but without pro-
kinetics, 14 (28.0%) were responders using the GCSI threshold
of .1. BIDND model performance in those receiving neuro-
modulators without prokinetics was poor (AUC5 0.64, Figure 1).

Given the poor predictive ability of the BIDND model in this
subgroup and the clinical utility in identifying response specifi-
cally to neuromodulators, we explored whether a separate model
with unique predictors would show better performance for those
subjects prescribed a neuromodulator without prokinetics. We
utilized a similar method by first performing a univariable anal-
ysis and selecting 3 predictors with the lowest P values. Given
prior data supporting an association between functional dys-
pepsia (FD) and response with neuromodulators, we also in-
cluded presence of functional dyspepsia by Rome III criteria into
this new model (29). This model including GET, duodenal MI,
absence of diabetes, and functional dyspepsia showed acceptable
performance for predicting response to neuromodulators with-
out prokinetics (AUC 0.75, Figure 5a). The absence of diabetes,
longer GET, presence of FD were negative predictors while du-
odenal MI was a predictor of response to neuromodulators
without prokinetics (Figure 5b–d).

Figure 2. (a) VIP for neuromodulator and/or prokinetics. The most important variables were delayed GES, no diabetes, and BMI, followed by infectious
prodrome. Break down plots for subjects with (b) high and (c) low predicted probability for response to neuromodulators and/or prokinetics. The intercept
represents the mean model-specific predicted probability for response to neuromodulators and/or prokinetics while each subsequent variable increases
(green bar) or decreases (red bar) the predicted probability and results in the overall predicted probability (purple bar, labeled prediction). BMI, bodymass
index; GES, gastric emptying scintigraphy; id, idiopathic; VIP, variable importance plot.
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DISCUSSION
In this prospective multicenter cohort study, we created a predictive
model using machine learning algorithms to predict response to
prokinetics and/or neuromodulators. Our BIDND model demon-
strated good performance when tested on an independent test set
(AUC 0.72). Furthermore, the BIDNDmodel showed good perfor-
mance in predicting response to prokinetics without neuro-
modulators while model performance was poor when predicting

response to neuromodulators without prokinetics. A separatemodel
comprising GET, diabetes, duodenal MI, and FD had an acceptable
AUC for response to neuromodulators without prokinetics. Delayed
GES, absenceofdiabetes, and infectiousprodromewerepredictors of
nonresponse, while increase in BMI was predictive of a response.
Notably, our BIDND model had similar accuracy when inter-
changing GES with GET and worked well when applied to those
receiving prokinetics without neuromodulators.

Figure 3. (a) AUC-ROC using GES as dichotomous variable (delayed or not delayed) was 0.72 (gray line) and 0.77 using GES as a continuous variable (%
retention at 4 hour) (red line). (b) AUC-ROC substituting GES for GET through WMC was similar with AUC of 0.7 as dichotomous variable (delayed vs not
delayed) and 0.73 as continuous variable. (c) AUC-ROC with a lower threshold of a change in GCSI $0.75 was 0.7. AUC-ROC, area under the receiver
operator characteristic curve;GCSI,Gastroparesis Cardinal Symptom Index;GES, gastric emptying scintigraphy;GET, gastric emptying time;WMC,wireless
motility capsule.
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Although there is a clear need, there are few studies that have
identified predictors of response to treatment options for patients
with suspected GP. One previous retrospective study by Ana-
parthy et al. showed that nausea, distention, and GCSI score at
baseline were associated with response using a logistic regression
model (30). Delayed GES were not associated with response in
this study. A second prospective, multicenter study conducted by
Pasricha et al. (10) showed that a model incorporating male
gender, age 50 years and older, overall GCSI score, GES retention
of$20%, and infectious prodrome were predictors of response at
48 weeks while BMI$25, moderate/severe abdominal pain, and
smoking were associated with nonresponse. However, there are
significant differences between these 2 prior studies and our
current study. First, while Anaparthy and Pasricha et al. utilized
logistic regression, we utilized ridge regression, a formofmachine
learning that imposes a penalty to avoid overfitting and has been
shown to outperform traditional logistic regression in complex
disease (25,31,32). Second, we specifically did not incorporate
baseline GCSI or any of its components as predictors in our
model. Doing so would potentially introduce data leakage to the
model, in which information about the outcome is inadvertently
used to train the model and subsequently results in poor pre-
dictive performance when tested on new populations (33). Third,
unlike the study by Anaparthy et al., we performed a prospective,
longitudinal cohort study recruiting from 10 academic and
community centers across the United States Furthermore, in
contrast to the study by Pasricha et al. where most patients had

delayed gastric emptying, only about 1/3rd of patients in our
cohort had delayed gastric emptying. Thus, our results can be
applied more broadly to patients who present with suspected GP.
In addition, our study evaluated predictors to prokinetics and/or
neuromodulators, which likely has more clinical translation
compared with prediction of overall outcomes. Finally and per-
haps most importantly, our study design utilized training data to
train the algorithm and independent test data to measure model
accuracy. Although Pasricha et al. employed cross-validation to
estimate performance of their predictive model, the lack of an
independent validation data set may have over-estimated their
model performance (34).

In addition, several studies have evaluated factors that are asso-
ciated with worse outcomes in GP, which is similar to the data
presented in this study. Delayed GES and delayed GET were asso-
ciated with worse GCSI scores at follow-up, which was published
from our cohort previously (11). Another retrospective study has
shown that delayed GES was associated with a lack of improvement
at 4 weeks of follow-up (35). In addition, a prior study in functional
dyspepsia demonstrated that response to amitriptylinewas increased
in patients with normal gastric emptying (29) These results are
consistent with our model which showed that delayed GES and/or
delayed GETwere predictive of a nonresponse. Delayed GES and/or
delayed GETmay be a tool to predict nonresponse and overall poor
prognosis with patients who present with suspected GP. In practice,
ordering gastric emptying testingmay help physicians prognosticate
and predict the response to neuromodulators or prokinetics.

Figure4. (a) VIPplot for prokineticswithout neuromodulators. Themost important variableswere infectiousprodrome, diabetes, delayedGES, and followed
by BMI. Breakdown plot for subjects with (b) high and (c) low predicted probability for response to prokinetics without neuromodulators. BMI, body mass
index; GES, gastric emptying scintigraphy; id, idiopathic; VIP, variable importance plot.
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Interestingly, lack of infectious prodrome was associated with
increased likelihood of responding to neuromodulators and/or
prokinetics. This contrasts with prior reports demonstrating an
infectious prodrome was associated with improved outcomes
(36) and better prognosis overall (10). However, a prior study
showed that in those GP patients with acute onset symptoms, of
which 27.1% had an infectious prodrome, the vast majority
(86.9%) continued to have at least moderate-severe symptoms
(37). Thus, while many patients with post-infection GP show
clinical improvement, in those patients who continue to experi-
ence on-going symptoms, an infectious prodrome may be a neg-
ative predictor of response to neuromodulators and/or
prokinetics. Similarly, in our model comprising GET, absence of
diabetes, duodenal MI and FD, and presence of FD decreased the
likelihood of response to neuromodulators without prokinetics.
Nortriptyline did not improve symptoms in GP (38), while am-
itriptyline showed benefit in FD, particularly in those with pre-
dominant symptoms of abdominal pain (29). Although we did
not have data on subtypes of FD in this study, we speculate that
patients in our cohort were more likely to have postprandial
distress syndrome. Although not entirely similar, this subset of
patient may share a similar phenotype to the dysmotility, a sub-
type of FD that was less likely to respond to amitriptyline (29).

Another novel finding is that an increase in duodenal MI was
important in predicting a response to neuromodulator.While the
predictive ability of small bowel contractile parameters is un-
known, prior studies have shown patients with GP have a blunted
duodenalMI after meal ingestion (39) suggestive of neuropathic
changes while duodenal contractility measured by WMC was
negatively correlated with symptom severity (40). Thus, we
speculate that increased duodenal MI may be a favorable
prognostic factor and may predict improved response to
neuromodulators.

There are several strengths of our study, including the pro-
spective, longitudinal cohort study design utilizing validated
outcome measures, including GCSI scores. In addition, our re-
cruitment frommultiple academic and community centers across
the United States allowed for greater generalizability of our
results. Second, we followed best practices for predictive model-
ing, including utilizing cross-validation for training and de-
veloping amodel, followed by validatingmodel accuracy using an
independent test set. Third, while explaining predictions from
machine learning models is difficult, we utilized global and local
methods to understand which features were important to the
model and the directionality of these features. Finally, we dem-
onstrated that the model performance remained robust when

Figure 5. (a) ROC curve with predictor variables derived from those on neuromodulator without prokinetics. (b) VIP of the model. Breakdown plot for
subjects with (c) high and (d) low predicted probability for response to neuromodulators without prokinetics. ROC, receiver operator characteristic curve;
GET, gastric emptying time; id, idiopathic; MI, motility index; VIP, variable importance plot.
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interchangingGES andGET andusing a differentGCSI threshold
for response (0.75 vs 1).

However, our study had limitations. Our design allowed the
use of other medications such as laxatives, antiemetics, and gas-
troparetic diets. This limits the interpretation of our model for
those who are prescribed exclusively neuromodulators or pro-
kinetics. However, in practice, we often prescribe multiple ther-
apies to fit the need of our patient, and therefore, our model gives
real-world predictions. In addition, as medications were selected
based on physician preference, our model should not replace
physician decision making. Instead, our model may help to pre-
dict those who will respond to the selected therapy. Finally,
a more restricted analysis of those prescribed only neuro-
modulators or prokinetics was not possible due to the small
sample size. As such, this model should be externally validated
with a larger sample set before it can be implemented clinically.

In conclusion, a predictivemodel with 4 variables BIDNDhad
acceptable accuracy for predicting response to neuromodulators
and/or prokinetics in subjects with suspected GP. However, this
BIDND model needs to be externally validated using a large
multicenter cohort. If validated, this tool may be a valuable re-
source for clinicians to predict the response of prokinetics and/or
neuromodulators in patients with suspected GP.
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Study Highlights

WHAT IS KNOWN

3 Gastroparesis (GP) has high morbidity and a high economic
burden.

3 It is currently difficult to predict whichpatientsmay respond to
different therapies in suspected GP.

WHAT IS NEW HERE

3 Machine learning model has an acceptable accuracy to
predict the response to neuromodulators and/or prokinetics
in patients with suspected GP.

3 Gastric transit time based on wireless-motility capsule is
comparable with gastric emptying scintigraphy in predicting
response to neuromodulators and/or prokinetics.
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