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BACKGROUND AND AIMS: Biliary atresia is a rare and
devastating bile duct disease that occurs during the neonatal
period. Timely identification and prompt surgical intervention is
critical for improving the outcome. The aim of the study was to
develop a new machine learning–based prediction model for the
detection of biliary atresia.METHODS: Neonates aged<100 days
with cholestasis at least once were retrospectively screened in 2
tertiary referral hospitals between 2015 and 2020. Simple de-
mographic data, routine laboratory indices, and imaging findings
of ultrasonography and hepatobiliary scintigraphy were used as
features in the multivariate analysis. The extreme gradient
boosting (XGBoost) framework was used to develop prediction
models according to the diagnostic steps. RESULTS: Among 1605
enrolled neonates with all-cause cholestasis, 145 (9%) were
included as having biliary atresia. Direct bilirubin, gamma-
glutamyl transpeptidase, abdominal sonography, and hep-
atobiliary scan were the most impactful features in prediction
models. The Step II XGBoost model, consisting of nonimaging
inputs, showed excellent discriminatory performance (area under
the curve ¼ 0.97). The Step III and IV XGBoost models showed
near-perfect performances (area under the curve ¼ 0.998 and
0.999, respectively). In external validation (n ¼ 912 with 118
[12.9%] biliary atresia), XGBoost-based prediction models
consistently showed acceptable performances. Utilizing shapley
additive explanation values also provided visualized insight and
explanation of the contribution of features in detecting biliary
atresia. The models were integrated into a web-based diagnostic
tool for case-level application. CONCLUSION: We introduced a
new machine learning–based prediction model for detecting
biliary atresia in the largest cohorts of neonatal cholestasis.
GGT, gamma-glutamyl transpeptidase; HBS, hepatobiliary scan; LR, lo-
gistic regression; ML, machine learning; MNAR, missing not at random;
SHAP, Shapley additive explanation; TB, total bilirubin; TP, true positive;
TRIPOD, Transparent Reporting of a Multivariable Prediction Model for
Individual Prognosis or Diagnosis; US, ultrasonography; XGBoost,
extreme gradient boosting.
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Introduction

Biliary atresia is a serious neonatal bile duct disorder
that results in progressive fibrosis of the bile duct
and obliteration of bile flow.1 It rapidly progresses into
deteriorating liver cirrhosis without early identification and
prompt performance of Kasai portoenterostomy. Restoration
of normal bile drainage through early intervention is crucial to
avoid devastating consequences and subsequent liver trans-
plantation and surgical intervention is recommended within
the first 45 to 60 days of life. Therefore, the early detection of
biliary atresia among neonates with cholestasis for prompt
intervention is critically important to improving clinical out-
comes. However, accurate and prompt identification of biliary
atresia from other cholestatic conditions is challenging in
clinical practice because vast nonsurgical etiologies are also
related to neonatal cholestasis, which presents overlapped
phenotypes of biliary atresia.2–4 Further, there is no single
measure to confirm biliary atresia except for intraoperative
cholangiography. To overcome diagnostic difficulties for pre-
operative biliary atresia and lessen its burden of false negative
(FN) and false positive (FP) misdiagnosis, clinicians use
comprehensive and extensive investigations such as serologic
laboratory indices, imaging tools, and invasive acquisition of
liver tissue.5–8 Based on the retrospective dataset from the
comprehensive approach, a few diagnostic tools, which were
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derived mainly from conventional logistic regression (LR)-
based prediction, have been developed.5–9

In detail, the sensitivity and specificity of high gamma-
glutamyl transpeptidase (GGT) level in discriminating biliary
atresia from neonatal cholestasis were 40% and 98%, respec-
tively.10 The pooled sensitivity and specificity of traditional
ultrasonography (US) in meta-analysis were known to be 85%
and 97%, respectively.11 Recently introduced elastography of
US showed sensitivity of 83% and specificity of 77%.12 The
pooled sensitivity and specificity of hepatobiliary scan (HBS)
were 98% and 70%, respectively.13 A nomogram using clinical
andserologic features showedsensitivity of 86%andspecificity
of 80% and another recent one adding HBS findings showed
sensitivity of 89%and specificity of 84% (c-statistics of 0.91). A
new scoring system using clinical, laboratory, US, and HBS data
showed a high discriminatory performance (c-statistics of
0.981).A scoring systemderived fromaprospective studyusing
clinical, laboratory, US, and even liver biopsy revealed highest
sensitivity of 100%and specificity of 98%anddidnot repeat its
performance on an external study.14

Data missingness often occurs in hospitals due to various
factors, such as patient compliance and hospital operational
reasons. If data missingness is large, conventional list-wise
deletion approach (complete-case analysis) in LR may not
include substantial numbers, resulting in biased and low preci-
sion of prediction models.15 Herein, missingness should be
evaluated in terms of patterns and mechanisms of missing
data.16,17 As the detection of biliary atresia among neonatal
cholestasis in general comprises differential diagnostic steps
from serologic laboratory tests to invasive tests (Figure 1),
nonbiliary atresia patients may systemically drop out by clinical
judgment, which includes a strong intention to avoid misdiag-
nosisdue to thenatureof its fatal consequenceand thepossibility
of medicolegal issues. Accordingly, the mechanism of missing-
ness may not be at random in a neonatal cholestasis dataset.

Recently, there has been an increase in the use of machine
learning (ML) in gastroenterology literature due to its excellent
discriminatory ability.18 Extreme gradient boosting (XGBoost)
is an efficient ML classifier,19,20 superior to random forest and
LR in performance. XGBoost framework softly handles missing
valueswithout certain types of imputation via a sparsity-aware
split finding algorithm. In addition, this ML method using
recursive partitioning analysis overcomes limitations of clas-
sical LR such as linearity assumption. However, its black-box
algorithm’s interpretability still limits its application in clin-
ical practice. Furthermore, to provide a decision rule inmedical
practice, this innovative approach should follow the proper
steps of a conventional guideline.21 This study aimed todevelop
a new ML-based prediction model for the detection of biliary
atresia from a dataset on 2517 patients with neonatal chole-
stasis from 2 tertiary referral hospital from 2015 to 2020.

Methods
Data processing

We conducted a retrospective study on data collected from
neonatal patients who had cholestasis at a tertiary referral
hospital, Asan Medical Center, Korea. As inclusion criteria, a
dataset of serologic direct bilirubin (DB) tests in a group of
neonatal patients aged <100 days from January 2005 to January
2020 was extracted from the medical record database. A cut-off
value (serum DB � 2.0 mg/dL) from the Childhood Liver Dis-
ease Research Network22 was used to define neonatal cholestasis.
Patients who were referred to our hospital after the Kasai
operation were excluded. The study was approved by the Insti-
tutional Review Board of the Asan Medical Center (#2022-0522).
Informed consent was waived as this was a retrospective study.

The primary event (dependent variable) was biliary atresia
diagnosis among enrolled patients with neonatal cholestasis.
The diagnosis was validated by confirmative findings of intra-
operative cholangiography, which showed the absence of
contrast filling inside the bile duct, and subsequent compatible
pathological findings of bile duct and liver before and after
Kasai operation. All medical records and diagnoses of non-
biliary atresia groups in the whole cohort were also manually
validated twice by 4 pediatric hepatologists.

For input features (independent variables), we initially
included simple inputs—demographic data (age, sex, and body
weight) and serologic laboratory tests at the time of enrollment.
The serologic laboratory tests were white blood cell (�103/mL)
and platelet (�103/mL) counts, hemoglobin (g/dL), prothrombin
time (international normalized ratio), aspartate aminotransferase
(IU/L), alanine aminotransferase (IU/L), alkaline phosphatase
(IU/L), albumin (g/dL), total bilirubin (TB, mg/dL), DB (mg/dL),
creatinine (mg/dL), c-reactive protein (mg/dL), and GGT (IU/L).
Binary input features from imaging data such as major compat-
ible findings11,13 of abdominal ultrasonography (US; gallbladder
anomalies and absence, nonvisualization of common bile duct,
and triangular sign) and HBS with technetium 99m mebrofenin
(HBS; no excretion or severely delayed excretion of bile) were
classified as positivity of predicting biliary atresia.

Exploratory data analysis
Descriptive statistics for the variables (features and event)

were provided for biliary atresia and nonbiliary atresia groups.
Continuous features were expressed as median values with
interquartile ranges as most of them did not pass the normality
tests. Differences between groups were assessed using Mann-
Whitney U test for continuous features and the c2 test for
categorical features. All statistical calculations were performed
using IBM SPSS version 27.0 (SPSS Inc, Armonk, NY) and R
version 3.6.1 (R Foundation for Statistical Computing, Vienna,
Austria) with publicly available codes. A P value of < .05 was
considered statistically significant.

Evaluation of missing data included the identification of
mechanisms and patterns of missing values. Missing data
pattern refers to the configuration of measured features and
their missing values, and missing data mechanism is the
possible association of missingness with measured features.17

The pattern was visualized by a diagram of location of the
missing values in the whole dataset. The mechanism of missing
values of features was evaluated by classifying them into
missing completely at random, missing at random, or missing
not at random (MNAR).16

Model development and evaluation
XGBoost is a decision tree-based ensemble ML method.19,20

We used this ML method because it has been shown to be
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Figure 1. Conceptual diagnostic steps to biliary atresia among all-cause cholestatic neonates. Cholestatic neonates are, in
general, initially examined by a primary health care provider. From this perspective, diagnosis of biliary atresia among
cholestatic neonates comprises 3 or 4 conceptual steps. After the first diagnostic step of detecting cholestasis, initial dif-
ferential process (Step II) begins by conducting nonimaging tests including GGT and prothrombin time international normalized
ratio. Then, imaging tests such as abdominal sonography and HBS could be added based on the clinical judgment (Steps III
and IV, respectively). Finally, clinicians decide whether the patients need invasive confirmative tests such as biopsy and
intraoperative cholangiography for the confirmation of biliary atresia. During these diagnostic steps, missing values and drop-
outs of nonbiliary atresia controls occur by clinical judgments. GGT, gamma-glutamyl transpeptidase; PT INR, prothrombin
time international normalized ratio; XGBoost, extreme gradient boosting.
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dominating in ML competitions20 and has consistently shown
high performance in recent medical predictions.23–25 In
addition, XGBoost utilizes subjects with missing values
through the sparsity-aware split finding algorithm.19,26 The
performance of the models was evaluated in 2 main aspects:
discrimination by measuring the area under the curve (AUC,
equivalent to c-statistics in binary classification) in the
receiver-operating characteristic curve analysis and reli-
ability by measuring calibration slope and intercept
(Supplementary Method 1). For internal validation, 10-fold
cross-validation was used. For external validation, a dataset
from the Seoul National University Hospital (Institutional
Review Board #2204-147-1319) was used and the spatial
transportability of the prediction models was evaluated.
Clinical usefulness was also evaluated by measuring sensi-
tivity, specificity, positive predictive value, negative predic-
tive value, and diagnostic accuracy on confusion matrix. To
assess interpretability of models, we derived the feature
contribution represented by the Shapley additive explana-
tions (SHAPs) value of each feature.27 The SHAP value is
estimated via post hoc analysis based on input perturbation
and provides features’ contribution on a log-odds scale (log-
arithm of the ratio of high risk to low risk). The SHAP value
was calculated using the following equation (Supplementary
Method 2):

Fiðf ; xÞ ¼
X

S˛N

jSj!ðn� jSj � 1Þ!
n!

½vðSW figÞ� vðSÞ�

In this study, the model development adhered to the full steps
of the Transparent Reporting of a Multivariable Prediction
Model for Individual Prognosis or Diagnosis (TRIPOD) guide-
line.21 Finally, a web-based ML tool was developed using the R
shiny package including SHAP plots and Break-down plots
(Supplementary Method 3).
Results
Data processing

A total of 17,372 neonates received serologic DB tests of
mean 7.4 times during the study period (Figure 2). Of them,
1608 (9.2%) had cholestasis (DB � 2.0 mg/dL) at least once
during the neonatal period, and biliary atresia was noted in
148 (0.85%) children. Of them, 3 patients referred to our
center after Kasai operation elsewhere were excluded. Then,
the development dataset (n ¼ 1605 with 145 [9%] biliary
atresia) consisted of 923 (57.5%) male and 682 (42.5%)
female patients with a median enrollment age of 21 days
(interquartile range: 8–48 days) (Table 1). Besides biliary
atresia, a variety of specific diagnoses combined with non-
biliary atresia cholestasis (n ¼ 1460, 91%) were noted
including hepatic causes (15.8%) and extrahepatic condi-
tions (84.2%). On serologic laboratory tests, the biliary
atresia group had higher levels of major laboratory features,
such as TB, DB, and GGT compared to those of non-biliary
atresia group. Among imaging features, biliary atresia had
compatible findings of US with more instances (n ¼ 137/
145, 94.4%) compared to that of nonbiliary atresia group
(n ¼ 33/1209, 2.7%). HBS, which had more missing in-
stances, also showed a high detection rate of biliary atresia
group (n ¼ 135/139, 97.1%). In univariate analysis,
discriminatory performances, presented by AUCs, of each
laboratory feature ranged from 0.558 to 0.877 (Table A1).
Among imaging features, US showed the highest AUC
(0.959), while HBS had an AUC of 0.842.

The missingness of input features showed a stepwise
monotone pattern in our development dataset (Figure A1A),
which is often observed in longitudinal studies where
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samples systemically drop out due to protocols or outcomes
during the follow-up.17 In the evaluation of missing mech-
anism, the 3 well-known impactful features of interest, such
as GGT, US, and HBS,7,11,13 were likely to be MNARs that
were closely related not only to other features but also to
the primary event (biliary atresia) (Figure A1B). If
complete-case analysis with no missing value was con-
ducted, a substantial loss (75%) of nonbiliary atresia sam-
ples would occur in our development dataset.
Model development
First, the XGBoost prediction model for Step II predic-

tion, which comprised simple demographic and serologic
laboratory data, was built after hyperparameter optimiza-
tion (Table A2). The train and test sets in the internal
dataset were split in a ratio of 0.7 (n ¼ 1125):0.3 (n ¼ 480).
The Step II prediction model showed excellent discrimina-
tory performance (AUC ¼ 0.967, 95% confidence interval
[CI] ¼ 0.945–0.992) with proper calibration (slope ¼ 0.98,
95% CI ¼ 0.949–1.011) (Table 2 and Figure A2). The
contribution of each feature is shown in the SHAP summary
plots (Figure 3). In the plots, DB, GGT, TB, and aspartate
aminotransferase appeared to be the most impactful top-4
features in Step II prediction, as DB and GGT are features
of interest in this field.8,10 Increase (approaches purple), the
SHAP values, which are quantitative metrics of contribution
to the risk of biliary atresia, increase. As expected, most
MNAR values of GGT (gray dots) remained on the low SHAP
values, indicating that missingness is related to a smaller
likelihood of a primary event.

Second, categorical input features of US and HBS were
included in the development of Step III and IV prediction
models. The Step III model consisted of Step II’s dataset and
additional imaging inputs of US, and the Step IV model
consisted of Step III’s dataset and additional inputs of HBS.
The Step III and IV models showed the AUCs of 0.998 (95%
CI ¼ 0.98–1.0) and 0.999 (95% CI ¼ 0.989–1.0), respec-
tively, with acceptable calibration slopes (Table 2 and
Figure A2). Overall, Step III and IV prediction models out-
performed most previous works that mainly utilized LR
analyses (Table A3). In the SHAP summary plot of Step III



Table 2. Performance of Development Models

Dataset

Performance

Development testing set (n ¼ 480) Internal validation (n ¼ 1605) External validation (n ¼ 912)

AUC Calibration slope AUCa Calibration slopea AUC Calibration slope

Step II 0.967 0.98 0.97 0.97 0.949 1.01

Step III 0.998 0.96 0.991 0.98 0.976 0.99

Step IV 0.999 1.01 0.996 1.0 0.978 1.0

aMean values from 10-fold cross validation.

Table 1. Characteristics of Study Cohort With Neonatal Cholestasis (n ¼ 1605)

Development dataset

Total Biliary atresia Non-biliary atresia

P valuen ¼ 1605 n ¼ 145 (9%) n ¼ 1460 (91%)

Demographics at enrollment
Age, d 21 (8–48) 54 (27–65) 18 (8–45) <.01
Male 923 (57.5%) 63 (43.4%) 860 (58.9%) <.01
Weight 2.9 (2–3.7) <.01

Etiology
Hepatic 375 (23.4%) 145 (100%) 231 (15.8%) <.01
Extrahpatic 1229 (76.6%) 0 (0%) 1229 (84.2%) <.01

Laboratory
Total bilirubin 6.2 (3.6–9.6) 8.4 (7–9.8) 5.7(3.4–9.5) <.01
Direct bilirubin 2.4 (2.1–3.5) 5.6 (4.1–6.9) 2.3 (2.1–3) <.01
GGT 141 (73–266) 396 (217–604) 121 (67–206) <.01

Imaging
US, compatible findings 170 (12.6%, available in 1354) 137 (94.4%, available in 145) 33 (2.7%, available in 1209) <.01
HBS, compatible findings 221 (50.2%, available in 440) 135 (97.1%, available in 139) 86 (28.6%, available in 301) <.01
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model, the impact of US steeply increased up to a SHAP
value of 3–6, suggesting its critical role in detecting biliary
atresia. In Step IV plots, the impact of HBS was not strong
compared with US, as noted in univariate analyses. As ex-
pected, the MNAR values of US and HBS were related to a
smaller likelihood of a primary event.
Validation and clinical usefulness
As internal and external validations are essential parts

of the TRIPOD guideline,21 we performed internal valida-
tion via 10-fold cross validation, and the performance of
each ML model remained acceptable (Table 2). For the
external validation, we used the validation dataset from a
retrospective cohort of the Seoul National University
Hospital, one of the largest tertiary hospitals in Korea,
with the same inclusion and exclusion criteria (n ¼ 912
neonatal patients with 118 [12.9%] biliary atresia). On the
external validation dataset, the XGBoost-based prediction
models also achieved acceptable performances (Table 2,
Figure 4A, and Figure A3); AUCs of Step II to IV XGBoost-
based prediction models were 0.949, 0.976, and 0.978,
respectively. The diagnostic accuracy, sensitivity and
specificity were 86.3%, 90.7%, and 85.6% in Step II
model; 94.7%, 88.1%, and 85.6%, respectively, in Step III
model; 95.5%, 90.6%, and 85.6%, respectively, in Step IV
model (Table A4).

For the final updated models, all samples from the internal
and external datasets (n ¼ 2517 with 263 [10.4%] biliary
atresia) were merged. Using optimal cut-off probabilities
determined on maximal Youden’s index (Table 3), the clinical
usefulness was evaluated on the Step II to IV models. The
diagnostic accuracy, sensitivity and specificity were 96.6%,
94.3%, and 96.9%, respectively, in Step II model. Step III
model outperformed Step II model. As expected, Step IV
model outperformed both Step II and III models. FN rates of
Step II, III, and IV models were 5.7%, 2.6%, and 0.8%. SHAP
force plots visualize how the Step II models classified patients
based on the SHAP values of each feature (Figure 4B). As the
optimal cut-off threshold probability (13.5%) was estimated
(left upper box), the probability was converted to the corre-
sponding net SHAP value (0.799) (left lower box). On SHAP
force plot for Step II model, SHAP values by features were
displayed using the merged internal and external datasets and
SHAP values of each feature based on its contribution to the
risk of biliary atresia were calculated on every patient (right
upper box) and net SHAP values of each patient were also
displayed (purple dots). True positive (TP), true negative,
FN, and FP groups were divided by the cut-off net SHAP value
of 0.799. SHAP patterns of FN, TP, and FP groups were
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zoomed-in (right lower box). Other SHAP force plots for the Step
III and IV models were also displayed in Figures A4 and A5.
Publication of prediction models
As using a nomogram or web-based tool is the final step

of the TRIPOD guideline,21 a web-based tool for Step IIw IV
prediction models for detecting biliary atresia was devel-
oped using the R shiny package (URL: https://seakheeoh76.
shinyapps.io/XGBoost_BA_prediction/). The user interface
of this tool was designed for case-level application of pre-
diction model to a single subject. When input data of a pa-
tient are uploaded, the model estimates the probability of
biliary atresia. To promote the model’s interpretability and
user’s understanding, we adopted individual SHAP and
break-down plots to demonstrate how the model converts
feature values of individual patients to risk contribution.
Figure 4C shows examples of personalized and interpretable
display of TP (biliary atresia) and true negative (nonbiliary
atresia) instances on break-down and individual SHAP plots,
where visualized patterns of features’ contribution to the
diagnosis were provided. Finally, the study followed all the
steps of the TRIPOD guideline (Table A5).

Discussion
We developed and validated ML-based prediction

models based on the conceptual diagnostic steps. The

https://seakheeoh76.shinyapps.io/XGBoost_BA_prediction/
https://seakheeoh76.shinyapps.io/XGBoost_BA_prediction/
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development models showed excellent performances in
predicting biliary atresia from the largest cohorts of all-
cause neonatal cholestasis in tertiary hospitals. In
Step II prediction model 
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acceptable spatial transportability in external data.
Furthermore, the web-based tool provides not only the
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Table 3. Clinical Usefulness of the Final Web-Based Prediction Models

Dataset

Clinical usefulness

Whole dataset, n ¼ 2517

Cut-off
probability Sensitivity Specificity

Positive
predictive value

Negative
predictive value

Diagnostic
accuracy

Step II 13.5% 94.3% 96.9% 78% 99.3% 96.6%

Step III 33.7% 97.3% 99.6% 96.6% 99.7% 99.4%

Step IV 10.2% 99.2% 98.3% 87.3% 98.4% 98.4%
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probability for the prediction of biliary atresia but also
personalized and interpretable prediction by providing
visualized plots of impactful features. To the best of our
knowledge, this study is the first of its kind to fully utilize
ML and properly balanced dataset of neonatal cholestasis
reflecting a real-world situation in tertiary hospitals. Over-
all, the Step II model may be informative when primary
health care providers encounter the initial differential
diagnosis of biliary atresia without imaging inputs, and the
Step III and IV models with near-perfect performances can
be applicable for neonates who had advanced imaging tests.

The Step II XGBoost model comprises (1) demographic
data (age, weight, and sex at the time of visit) and (2)
serologic laboratory tests, which are both easily accessible
and essentially objective data. Herein lies the great potential
of the Step II model: it is free of human-related judgments or
errors and can be easily used by primary health care pro-
viders who do not have special medical training in this field.
Furthermore, this Step II model may be applicable in low-
and middle-income countries, where US and HBS are not
easily accessible. In addition, this noninvasive support sys-
tem would help provide pretest impressions before US and
HBS tests, since impactful US and HBS are also not free from
FN and FP errors.11,13

This study used a large dataset of neonatal cholestasis
with balanced event rate of biliary atresia in tertiary hos-
pitals. As most researchers have used LR-based analyses,
vast observations of all-cause neonatal cholestasis with
missing values could be excluded in their studies. In addi-
tion, major reports about the estimation of risks and
the development of diagnostic tools were obtained from
radiologists and surgeons (Table A3), to whom already
selected patients may be referred from primary healthcare
=

Figure 4. Performances of prediction models and publication of
prediction models in the external data. AUC; area under the c
Additional results are listed in Figure A3. (B) SHAP force plot of
biliary atresia). (C) Example of personalized and interpretable d
based Step II prediction tool. In addition to providing a predict
standing. Break-down plot and SHAP plot for individual patients
area under the curve; ALB, albumin; ALP, alkaline phosphatase
ferase; Cr, creatinine; CRP, c-reactive protein; DB, direct bilirubin
transpeptidase; Hb, hemoglobin; NPV, negative predictive valu
thrombin time; S.E., standard error; SHAP, shapley additive expl
WBC, white blood cell.
providers. In the present study, we selected analytic sam-
ples by performing a universal screening of DB on 2 largest
hospitals in Korea and utilized whole instances with missing
values in the development of the models. Meaningful miss-
ingness of the MNAR feature is problematic in medical sta-
tistics.16 Unless missing-at-random assumption is possible,
imputation of MNAR may not be valid. However, sparsity-
aware split-finding algorithm in XGBoost softly handles
missing values.19,26 Indeed, missing values displayed on the
SHAP summary plots (Figure 3) had a negative impact on
predicting biliary atresia in our XGBoost models.

XGBoost is a black-box model, in which interpretability of
the algorithm between features and event is limited. Accord-
ing to the General Data Protection Regulation by the European
Parliament,28 it is important to obtain explanations about the
algorithmic decisions in a ML-based healthcare system. Here,
the SHAP value is currently the appropriate one among
existing metrics to provide better explanations.29,30 Utilizing
SHAP values, this study provided more suitable explanations
by showing various types of plots that yield a collaborated
SHAP pattern to biliary atresia risk in both a whole group and
individuals. Especially, individual SHAP plots can provide
visualized insight into biliary atresia risk in case-level pre-
diction (Figure 4B). Besides, our web-based final models
provide break-down plots that utilized probabilities of im-
pactful features (Figure 4C).

This study has inherent limitations; this retrospective
observational study used data from electrical health re-
cords, resulting in information bias due to missing data and
uncontrolled setting of enrollment time (identification of
neonatal cholestasis). Bias from missingness was mitigated
by the use of sparsity-aware split-finding algorithm in
XGBoost. In addition, in defining and labeling diagnoses and
web-based prediction tool. (A) Discriminatory performances of
urve in the receiver-operating characteristic curve analysis.
Step II prediction on all patients (n ¼ 2517 with 263 [10.4%]
isplay of biliary atresia and nonbiliary atresia cases on web-
ed probability, the tool also individual plots for user’s under-
illustrate visualized patterns of a feature’s contribution. AUC,
; ALT, alanine aminotransferase; AST, aspartate aminotrans-
; FN, false negative; FP, false positive; GGT, gamma-glutamyl
e; PLT, platelet; PPV, positive predictive value; PT INR, pro-
anation; TB, total bilirubin; TN, true negative; TP, true positive;
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diagnostic indices, evaluating the agreement (concordance)
between clinicians by providing some concordance statistics
are beyond the scope of this study. Second, data were
collected from tertiary referral hospitals, where more severe
clinical settings may prevail over community-based settings.
Another limitation is the long study period as identification
strategies may change over time. Third, the number of study
subjects was too small for ML-based models. However,
building a large dataset of this rare cholestatic condition
from a large population may be a formidable task. In Har-
pavat’s study,31 only 7 biliary atresia cases were screened
among 100,000 neonates who underwent DB tests using
population-based screening. Overall, these models were
derived from a large cohort data from 2 tertiary hospitals,
and therefore, the findings should be generalizable to other
centers elsewhere. More external validations are then
required for the final web-based models. Fourth, minor
image findings of US shown in the literature were not used
in the analyses. Fifth, the optimal cut-off value was not
estimated based on the cost of FN case. The cost of FN case
may be assumed to be very large compared to that of FP
case in this field. However, quantitative setting for their
costs has not been determined in the literature.
Conclusion
We developed a novel ML-based prediction model for

the detection of biliary atresia among all-cause neonatal
cholestasis in tertiary hospitals and introduce its web-based
tool.
Supplementary Materials
Material associated with this article can be found in the

online version at https://doi.org/10.1016/j.gastha.2023.05.
002.
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