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Abstract

Background
Biliary atresia (BA) is a life-threatening cause of neonatal cholestasis, and early recognition is essential
to enable timely Kasai portoenterostomy. However, clinical diagnosis during the neonatal period remains
challenging due to the overlap of symptoms with other cholestatic disorders.

Methods
We retrospectively analyzed 268 cholestatic neonates (≤ 30 days old) evaluated at Beijing Children’s
Hospital between 2017 and 2025, including 86 BA and 182 non-BA infants. Clinical features and routine
biochemical indicators were collected. Traditional machine learning (ML) models and a transfer learning
(TL) model were developed; model performance was assessed by receiver operating characteristic
curves and standard classification metrics. Model interpretability was evaluated using SHAP. A graphical
user interface (GUI) was created for clinical deployment.

Results
Multivariate analysis identified acholic stools, gamma-glutamyl transferase (GGT), total bilirubin (TBIL),
and total bile acids (TBA) as independent predictors of BA. LASSO selected six key variables (sex,
acholic stools, ALB, GGT, TBIL, TBA) for ML model construction. Among traditional algorithms, Random
Forest showed the best performance. The TL model demonstrated improved discrimination, achieving
an AUC of 0.987 in the validation cohort. SHAP analysis confirmed that acholic stools, GGT, and TBIL
contributed most to BA prediction. A GUI prototype was developed to facilitate convenient clinical use.

Conclusion
This study suggests that a TL-based model integrating common clinical features and routine
biochemical markers may assist in early identification of BA among neonates. Although the internal
performance was promising, external validation is needed to assess its broader applicability and clinical
utility.

1. Introduction
Biliary atresia (BA) is a progressive fibro-obliterative cholangiopathy of infancy involving both
intrahepatic and extrahepatic bile ducts. It leads to obstructive cholestasis and, if untreated, progresses
to irreversible cirrhosis. The incidence of BA ranges from 1 in 5,000 to 20,000 live births [1]. Kasai
portoenterostomy (KPE) remains the primary surgical treatment. Previous studies have demonstrated
that the timing of surgery is a critical determinant of prognosis, and infants who undergo KPE within 30
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days of life achieve significantly better bile drainage and native liver survival [2, 3]. However, delayed
diagnosis and referral remain common in clinical practice, resulting in many infants receiving surgery
beyond the optimal window, thereby compromising long-term outcomes [4]. Thus, the development of a
rapid, accurate, and widely applicable tool for the early identification of BA is essential for improving
patient prognosis.

Intraoperative cholangiography is considered the gold standard for diagnosing BA, but it requires
anesthesia and surgical conditions, making it unsuitable for early screening [5]. Imaging modalities such
as abdominal ultrasound, hepatobiliary scintigraphy, and magnetic resonance cholangiopancreatography
have been applied in clinical practice; however, their diagnostic performance largely depends on operator
expertise, and their accuracy is often limited in the early stages of the disease[6, 7]. In recent years,
several novel biomarkers, such as matrix metalloproteinase-7 (MMP-7), have shown promising potential
in the early diagnosis of BA [8, 9]. Nevertheless, these tests remain costly, technically complex, and less
accessible, which limits their widespread clinical application. In contrast, routine serum biochemical
markers are more advantageous due to their low cost, simplicity, and wide availability. Previous studies
have demonstrated that commonly used laboratory parameters, such as γ-glutamyl transferase, bilirubin,
and total bile acids, can help distinguish BA from non-BA cholestasis to some extent [10, 11]. Therefore,
when these biochemical markers are combined with clinical features, they may provide a reliable
foundation for developing a simple, cost-effective, and widely applicable model for early diagnosis and
screening of BA.

In recent years, machine learning (ML) has shown significant advantages in medical diagnostics,
enabling the integration of multidimensional information and capturing nonlinear patterns that are
difficult to identify clinically [12]. Previous studies have attempted to apply ML methods in developing
diagnostic models for BA, but most of these cohorts consisted of mixed-age pediatric populations [13–
18]. Since age at surgery is a critical determinant of prognosis, delayed diagnosis markedly reduces the
effectiveness of the Kasai procedure, thereby limiting the applicability of these models in the early
neonatal period. A few studies have explored differentiating BA from other causes of neonatal
cholestasis; however, their clinical applicability remains restricted due to small sample sizes, model
overfitting, and insufficient external validation, leading to limited generalizability [19]. Transfer learning
(TL), which allows knowledge reuse from related tasks, provides a novel strategy to address data
scarcity [20]. However, research focusing on TL-based early diagnosis of neonatal BA is still lacking.

Therefore, the present study aimed to develop and validate a TL-based diagnostic model for the early
identification of BA in cholestatic neonates by integrating routine clinical and biochemical indicators.
This approach seeks to provide an interpretable and clinically applicable tool to facilitate timely surgical
intervention and improve patient outcomes.

2. Materials and Methods

2.1. Patient Selection and Data Collection
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This retrospective cohort study enrolled neonates evaluated for cholestasis at Beijing Children's
Hospital, Capital Medical University, between January 2017 and June 2025. Cholestasis was defined
based on established biochemical criteria: (1) direct/conjugated bilirubin > 17.1 µmol/L when total
bilirubin (TBIL) ≤ 85.5 µmol/L, or (2) a direct/conjugated bilirubin fraction exceeding 20% of TBIL when
TBIL > 85.5 µmol/L. BA was confirmed by intraoperative cholangiography. Non-BA etiologies were
determined through a combination of intraoperative cholangiography, liver histopathology, genetic
testing, and clinical response to conservative management. Inclusion criteria comprised neonates aged 
≤ 30 days with biochemically confirmed cholestasis. Exclusion criteria included incomplete clinical data,
inconclusive final diagnosis, or lack of follow-up records at our institution. The study was approved by
the Institutional Review Board of Beijing Children's Hospital (2019-k-386). Informed consent was waived
due to the retrospective nature of the study and the use of anonymized data. Ultimately, 268 neonates
met the criteria, including 86 BA patients and 182 non-BA cholestatic patients.

2.2. Data Collection and Predictor Variables
Demographic characteristics and baseline laboratory parameters obtained at the first visit (prior to any
therapeutic intervention) were extracted from the electronic medical record system. The analytical
dataset included only the variables listed in Table 1. Demographic and clinical features consisted of age,
sex, and the presence of acholic stools (yes/no). Biochemical indicators encompassed 37 parameters
across three physiological domains: (1) electrolytes and renal function markers (potassium, sodium,
chloride, carbon dioxide, anion gap, osmolality, creatinine, urea, urea/creatinine ratio); (2) hepatic
metabolic markers (total protein, albumin, globulin, albumin/globulin ratio, total cholesterol, triglycerides,
glucose, calcium, phosphorus, magnesium, uric acid, HDL-C, LDL-C, VLDL-C); and (3) cholestasis-specific
biomarkers (total bilirubin, direct bilirubin, indirect bilirubin, direct/indirect bilirubin ratio, total bile acids,
alkaline phosphatase, gamma-glutamyl transferase, aspartate aminotransferase, alanine
aminotransferase, AST/ALT ratio, prealbumin, creatine kinase, lactate dehydrogenase).

2.3. Machine Learning Algorithm Development and
Validation
We employed five supervised machine learning algorithms to develop diagnostic screening models for
neonatal BA using the available biochemical and clinical data: Logistic Regression (LR), Decision Tree
(DT), Multi-layer Perceptron (MLP), Support Vector Classifier (SVC), and Random Forest (RF). All
analyses were performed using Python 3.10 and the scikit-learn library (v1.2.2). The cohort of 268
neonates was stratified by BA/non-BA diagnosis and randomly split into a training set (70%, n = 188) and
a validation set (30%, n = 80). Given the relatively high number of biochemical variables, Least Absolute
Shrinkage and Selection Operator (LASSO) regression was applied for feature selection to identify the
most predictive subset of variables and avoid overfitting. Each model was rigorously tuned via 10-fold
cross-validation combined with hyperparameter optimization using the Optuna framework. Model
performance was evaluated on the validation cohort using standard metrics: area under the receiver
operating characteristic curve (AUC), accuracy, precision, recall, and F1-score. Model interpretability was

Page 4/19



achieved using SHapley Additive exPlanations (SHAP) analysis to quantify the contribution of each
biomarker.

2.4. Transfer Learning Model Development
To further enhance diagnostic performance, we developed a TL model based on the best-performing
traditional model (Random Forest). This model adopted a two-stage strategy: first, a Random Forest
model was pre-trained on the entire derivation cohort to obtain feature importance weights;
subsequently, an Artificial Neural Network (ANN) with three fully connected layers (node structure: 64-
32-1) was constructed. The Rectified Linear Unit (ReLU) activation function was used, and regularization
was implemented via Dropout (rate = 0.3). The weights of the input layer were initialized using the
feature importance scores derived from the pre-trained RF model to facilitate knowledge transfer. The
network was trained using the Adam optimizer (learning rate = 0.001) and binary cross-entropy loss. A
sample weighting strategy was applied to mitigate class imbalance. The final model selected for
evaluation was the one that demonstrated the best performance on the validation set.

2.5. Clinical Deployment and Graphical User Interface
Development
To facilitate the clinical translation and point-of-care application of the optimized TL diagnostic model,
we developed a user-friendly graphical user interface (GUI). The GUI was implemented as a lightweight
web application using the Flask framework (v2.2.3) in Python 3.10. This interface allows clinicians to
input the six key predictor variables (sex, acholic stools, albumin, GGT, total bilirubin, and total bile acids)
selected by the LASSO regression. Upon submission, the application returns a real-time prediction of the
biliary atresia probability (as a percentage) based on the pre-trained TL model. The source code and a
user manual for this GUI are provided in the Supplementary Materials to promote reproducibility and
potential external validation.

2.6. Statistical Analysis
Continuous variables conforming to a normal distribution are presented as mean ± standard deviation
and were compared using the independent samples t-test. Non-normally distributed variables are
presented as median (interquartile range) and were compared using the Mann-Whitney U test.
Categorical variables were compared using the Chi-square test or Fisher's exact test, as appropriate.
Statistical significance was defined as a two-sided P-value < 0.05. All statistical and machine learning
analyses were conducted using Python v3.10.

3. Results
3.1. Baseline Demographic and Biochemical Characteristics

A total of 268 cholestatic neonates (age ≤ 30 days) were ultimately included in this study. The detailed
process of patient screening and enrollment is illustrated in Figure 1. Briefly, from the initial pool of
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infants evaluated for jaundice at Beijing Children's Hospital between 2017 and 2023, 268 met the
biochemical criteria for cholestasis and all inclusion/exclusion criteria. This study ultimately included
data from 268 cholestatic neonates (age ≤ 30 days), among whom 86 were diagnosed with BA and 182
had non-BA etiologies. The baseline age was comparable between the two groups (BA group median
[IQR]: 19.00 [13.00, 26.00] days vs. non-BA group: 19.00 [12.25, 25.00] days; P = 0.653). The proportion of
females was significantly higher in the BA group than in the non-BA group (61.63% vs. 34.62%; P <
0.001), and the incidence of acholic stools was also markedly higher (60.49% vs. 3.55%; P < 0.001).
Regarding biochemical profiles, BA infants exhibited more severe cholestatic features, with significantly
elevated levels of gamma-glutamyl transferase (GGT), total bilirubin (TBIL), direct bilirubin (DBIL), and
total bile acids (TBA) (all P < 0.001). Notably, despite cholestasis, BA patients had higher levels of liver
synthetic function markers (such as total protein, albumin, and albumin/globulin ratio), along with lower
urea and creatinine levels (all P < 0.001). Detailed comparisons for all variables are provided in Table 1.

3.2. Univariate and Multivariate Predictors of Neonatal BA

Univariate logistic regression analysis identified multiple variables significantly associated with BA (P <
0.05), as listed in Table 1. Among these, the presence of acholic stools (OR = 41.65) and elevated GGT
(OR = 1.01) showed particularly strong associations. In the multivariate analysis, four factors were
identified as independent predictors of BA: acholic stools (OR = 123.67), elevated GGT (OR = 1.01),
elevated TBIL (OR = 1.01), and elevated TBA (OR = 1.01). The results of the univariate and multivariate
analyses are summarized in Table 2.

3.3. Machine Learning-Based Diagnostic Screening Models for Neonatal BA

As illustrated in Figure 1, we developed machine learning-based models for the early detection of BA
using data from the 268 neonates. We first assessed the multicollinearity of all candidate variables in
Table 1, and the results are shown in Supplementary Figure 1 (no severe multicollinearity, all |r| < 0.9).
Feature selection via LASSO regression performed on all variables in Table 1 identified six optimal
predictors for model construction: sex, acholic stools, ALB, GGT, TBIL, and TBA (Figure 2A). After 10-fold
cross-validation and hyperparameter tuning, all traditional models (LR, DT, MLP, SVC, RF) demonstrated
strong performance on the training set (mean AUC range: 0.880 - 0.965; Table 3 and Figure 2B). In the
validation set, the RF model achieved the best classification performance (Accuracy = 0.963, AUC =
0.973; Table 3 and Figure 2C), indicating good reproducibility. Calibration curves showed good
agreement between predicted and observed probabilities for all traditional models except SVC (Figure
2D).

3.4. Diagnostic Performance of the Transfer Learning Model

Building upon the best-performing RF model, we developed a Transfer Learning (TL) model to further
improve diagnostic capability. As shown in Table 3 and Figure 3A-D, the TL model demonstrated
exceptional diagnostic performance, achieving an AUC of 0.965 in the training set. In the validation set,
the TL model attained an AUC of 0.987, with accuracy, precision, recall, and F1-score of 0.938, 0.917,
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0.880, and 0.898, respectively. This performance surpassed all traditional models, including its base RF
model. Histograms of predicted probabilities showed minimal overlap between BA and non-BA cases,
indicating strong discriminative ability (Figure 3E-F). The calibration curve indicated excellent agreement
between predicted and observed probabilities (Figure 4A-B).

3.5. Model Interpretation and Clinical Application via a GUI Platform

We analyzed the feature importance of the five traditional ML models using SHAP, and the results are
presented in Supplementary Figure 2A-E. SHAP analysis of the TL model consistently identified acholic
stools, elevated GGT, and elevated TBIL as the most important predictors in both the training and
validation sets (Figure 4C-D). Compared to traditional models, the TL model exhibited a more
concentrated distribution of feature contributions, suggesting stronger and more reliable dependence on
key predictors (Figure 4E-F and Supplementary Figure 3A-E). Given its superior and balanced
performance, the TL model was deployed as a graphical user interface (GUI) application (Figure 5A-B).
Clinicians can input the six key variables (sex, acholic stools, ALB, GGT, TBIL, TBA) selected by LASSO to
rapidly obtain the predicted probability of BA in a neonate.

4. Discussion
In this retrospective study, we developed and validated a transfer learning TL-based diagnostic model for
the early identification of BA among 268 cholestatic neonates. Our results demonstrated that sex,
acholic stools, GGT, TBIL, and TBA were the most important independent predictors of BA. Compared
with traditional ML algorithms, the TL model exhibited markedly superior performance, achieving an AUC
of 0.987 in the validation cohort. This result represents one of the highest diagnostic accuracies
reported to date for early BA screening based solely on routine clinical and biochemical parameters.

Acholic stools are a characteristic clinical feature of BA, and previous studies have shown that stool
discoloration is closely associated with biliary obstruction, serving as an early warning indicator for BA
[21, 22]. In recent years, several countries have implemented stool color card screening programs, which
have been demonstrated to substantially improve early identification of BA, facilitate timely KPE within
the optimal surgical window, and enhance clinical outcomes [23–25]. In addition, mobile phone–based
applications have been developed to assist in identifying acholic stools, offering a practical tool for
promoting early detection and timely referral in both community and home settings [26]. However, stool
color assessment remains subject to caregiver interpretation and observational variability. Therefore,
despite its high specificity, the use of acholic stools in clinical screening should be combined with
objective markers to further improve diagnostic accuracy and reproducibility.

For neonates presenting with obstructive jaundice, serological testing is non-invasive and provides
valuable information for differential diagnosis, making it a crucial initial step in evaluating the underlying
etiology. Among these laboratory indicators, GGT is the most widely used biomarker for the early
detection of BA [27, 28]. A meta-analysis including 12 studies reported a pooled sensitivity of 81.5%,
specificity of 72.1%, and an AUC of 0.8386 for GGT in diagnosing BA, indicating relatively good
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discriminatory performance [29]. Some studies have shown that nomograms incorporating GGT with
other serum biomarkers further improve diagnostic accuracy compared with using GGT alone [30].
Similarly, our study confirmed that GGT is an important independent predictor of BA, and its diagnostic
performance is enhanced when combined with other clinical or biochemical parameters in the model.

Elevation of TBA is also an important biochemical feature of BA. Increased TBA likely reflects impaired
hepatobiliary excretion and indicates the degree of cholestasis. Previous studies have shown that TBA
demonstrates moderate sensitivity and specificity in differentiating BA from other causes of neonatal
cholestasis, supporting its role as an auxiliary diagnostic marker [31]. Zhao et al. developed a bile acid-
based scoring system in which the ratio of glycochenodeoxycholic acid to chenodeoxycholic acid
contributed substantially to BA identification [32]. However, bile acid profiling is not routinely
implemented worldwide due to its limited accessibility and high cost. In our study, TBA demonstrated
notable contribution within the transfer learning model, suggesting its potential utility for early BA risk
stratification and its value in informing future diagnostic strategies.

A variety of models and scoring systems have been developed to differentiate BA from other causes of
infantile cholestasis [27, 29, 33, 34]. El-Guindi et al. established a 12-point scoring system incorporating
clinical, laboratory, ultrasonographic, and histopathological features, achieving an accuracy of 98.83% in
the validation cohort. Nevertheless, this approach relies on liver biopsy, an invasive procedure that may
limit routine or primary-care application [33]. Kim et al. proposed a Magnetic Resonance Imaging (MRI)-
based decision tree model with excellent performance (sensitivity 97.3%, specificity 94.8%, accuracy
96.2%) [35]. However, MRI examinations in infants often require sedation or general anesthesia, which
increases procedural risk and limits accessibility. Yan et al. developed a nomogram including gallbladder
abnormalities, liver 2D shear-wave elastography, serum GGT, and ALT, which yielded an AUC of 0.99 with
a sensitivity of 92% and specificity of 100% [36]. Growing evidence supports the diagnostic value of
ultrasonography as a noninvasive adjunctive tool in identifying BA [6, 37]. However, interpretation of key
findings such as the triangular cord sign and gallbladder abnormalities is highly operator-dependent,
resulting in inter-center variability and limiting broad implementation in early screening.

MMP-7 has emerged as a promising serum biomarker for BA, with many studies reporting AUC values > 
0.9, possibly surpassing traditional serum or imaging-based methods [9, 16, 38, 39]. Nonetheless, its
diagnostic cutoff values vary substantially across studies, and optimal thresholds differ between
neonates and older infants, restricting its immediate clinical utility [9]. In addition, assay standardization
remains lacking, and testing costs are high, limiting accessibility in primary hospitals. Future studies are
needed to define neonatal-specific cutoff values for MMP-7 and to evaluate its utility in combination with
routine biochemical markers to enhance diagnostic performance.

In comparison, the ML-assisted diagnostic model developed in this study is non-invasive, straightforward
to apply, and feasible for routine clinical use. All clinical and laboratory variables included in the model
are part of standard assessments at hospital admission and can be readily obtained even in primary
healthcare settings, supporting its practical applicability and broad dissemination. Although previous
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studies have explored ML approaches to distinguish BA from non-BA cholestasis, most included children
older than 30 days, limiting their utility for early neonatal diagnosis [13, 34, 40]. In contrast, the present
study focused on cholestatic neonates ≤ 30 days of age, aligning with the optimal diagnostic window for
BA and enhancing the clinical relevance for early screening and timely referral. Regarding performance,
the TL model outperformed traditional ML algorithms, achieving an AUC of 0.987 in the validation
cohort. This enhanced performance may be attributed to a two-stage training approach, in which a
random forest was first used for feature learning, followed by knowledge transfer to an ANN
architecture. This strategy facilitates effective learning under limited sample conditions and helps
mitigate the data scarcity inherent to neonatal BA.

Furthermore, we implemented the TL model as a graphical user interface, allowing clinicians to estimate
BA risk using only a few input indicators, thereby supporting clinical decision-making and early referral.
Nevertheless, as this was a single-center retrospective study, further multi-center prospective validation
is necessary to assess the robustness and utility of the model across diverse clinical settings.

Nevertheless, several limitations should be acknowledged. First, this was a single-center retrospective
study, which may restrict external generalizability. Second, despite the excellent internal performance,
further validation in independent multi-center cohorts is necessary before broader clinical
implementation. Third, our model was constructed using only clinical features and standard biochemical
parameters. Incorporation of imaging results, genetic information, or more sophisticated biomarkers
(MMP-7) may further enhance diagnostic accuracy. Future work should explore prospective validation,
integration of multi-omics data, and development of automated pipelines combining imaging and clinical
profiles.

5. Conclusion
In summary, our findings suggest that a transfer learning–based model incorporating routine clinical and
biochemical markers may help improve early identification of biliary atresia among neonates. Although
the model performed well within our cohort, its clinical utility requires further validation. Future
multicenter, prospective studies are needed to determine whether this approach can reliably enhance
early diagnosis, optimize surgical timing, and potentially improve clinical outcomes.
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Figure 1

Flowchart of the study cohort.

The enrollment process for 268 jaundiced neonates (age ≤30 days) evaluated at Beijing Children's
Hospital from 2017 to 2023. All enrolled infants met biochemical criteria for cholestasis. Biliary atresia
(BA) diagnosis (n = 86) was confirmed by intraoperative cholangiography; non-BA cholestasis (n = 182)
was determined via multimodal evaluation. The entire cohort was stratified by diagnosis and randomly
split into model training and validation sets in a 7:3 ratio. Machine learning and transfer learning
techniques were applied to build and validate early diagnostic screening models for neonatal BA.
Abbreviation: BA, biliary atresia.
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Figure 2

Development and validation of traditional machine learning models.

(A) Feature selection using LASSO regression identified six optimal predictors: Sex, Acholic Stools,
Albumin (ALB), Gamma-glutamyl transferase (GGT), Total Bilirubin (TBIL), and Total Bile Acids (TBA). (B)
Receiver operating characteristic (ROC) curves of the five traditional machine learning models on the
training set (n = 188). (C) ROC curves of these models on the validation set (n = 80), showing the
Random Forest (RF) model had the best performance among traditional algorithms. (D) Calibration
curves of the five traditional machine learning models, demonstrating the agreement between predicted
and observed probabilities. Abbreviations: LASSO, Least Absolute Shrinkage and Selection Operator;
AUC, Area Under the Curve; LR, Logistic Regression; DT, Decision Tree; MLP, Multi-layer Perceptron; SVC,
Support Vector Classifier.
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Figure 3

Performance of the transfer learning model built upon Random Forest.

(A) ROC curve of the TL model in the training set, showing performance (AUC=0.965) close to the base
RF model (AUC=0.961). (B) ROC curve of the TL model in the validation set, showing superior
performance (AUC=0.987) compared to the base RF model (AUC=0.973). (C) Confusion matrix of the TL
model in the training set. (D) Confusion matrix of the TL model in the validation set. (E) Histogram of
predicted probabilities from the TL model in the training set, showing clear separation between BA and
non-BA cases. (F) Histogram of predicted probabilities from the TL model in the validation set, also
demonstrating good discrimination.
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Figure 4

Interpretability analysis of the transfer learning model.

(A-B) Calibration curves of the TL model in the (A) training set and (B) validation set, indicating high
agreement between predicted probabilities and observed outcomes. (C-D) Summary bar plots of mean
absolute SHAP values for the TL model in the (C) training set and (D) validation set, ranking the relative
importance of input features. Elevated GGT, elevated TBA, and acholic stools were consistently identified
as the top three most important predictors. (E-F) SHAP dependence plots for the most important feature
in the TL model within the (E) training set and (F) validation set, illustrating how the feature value
influences the model's output (predicted probability).
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Figure 5

Clinical deployment of the optimized transfer learning model via a graphical user interface.

(A) Input interface for the six key clinical and biochemical parameters used for model prediction. (B)
Output interface displaying the diagnostic prediction result (BA probability %). This web-based interface
was developed using the Flask framework (Python 3.10). Source code and user manual are available in
the Supplementary Materials.
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