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Abstract

Background/Objectives: Post-Endoscopic Retrograde Cholangiopancreatography Pancre-
atitis (PEP) is a clinically significant complication of ERCP, occurring in approximately
2–10% of general cases and at higher rates in high-risk patients. Early prediction of PEP
risk may support timely intervention and improved patient management. This retrospec-
tive single-center study comparatively evaluated tabular clinical data, endoscopic image
data, and multimodal fusion approaches for PEP prediction. Methods: Retrospective data
collected from the Sindh Institute of Advanced Endoscopy and Gastroenterology were ana-
lyzed using machine learning and deep learning techniques. XGBoost(version 3.2.0) was
applied to tabular clinical data, while EfficientNet-B0, ResNet50, and DenseNet201 were
used for endoscopic image analysis. A multimodal contrastive learning (MMCL)-based
framework combining ResNet50 image features with multilayer perceptron (MLP)-based
tabular features was additionally implemented for binary PEP prediction. Class imbalance
mitigation techniques, including data augmentation and balancing strategies, were applied
during training. Model performance was evaluated using the area under the receiver oper-
ating characteristic (ROC) curve (AUC), sensitivity, F1-score, and precision. SHAP analysis
was performed to identify important predictive features. Results: The tabular XGBoost
model achieved the best predictive performance with an AUC of 0.95 and a sensitivity
of 0.50, while five-fold cross-validation yielded an AUC of 0.79 and a sensitivity of 0.48.
Among image-based models, ResNet50 achieved the highest performance, with an AUC
of 0.76 and a sensitivity of 0.40. The multimodal model achieved an AUC of 0.57 and a
sensitivity of 0.20. SHAP analysis identified cannulation time, ampulla type, and age as
prominent features associated with PEP prediction. Conclusions: This exploratory study
suggests that structured clinical data currently provide stronger predictive signals for PEP
prediction than the available image and multimodal data within this limited cohort. The
relatively low occurrence of PEP contributed to class imbalance despite mitigation strate-
gies. Future multicenter studies with larger datasets, improved image availability, synthetic
data generation, and advanced multimodal fusion techniques may improve predictive
performance and clinical applicability.

Keywords: post-ERCP pancreatitis; PEP prediction; endoscopic image analysis; data
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1. Introduction
The application of artificial intelligence (AI) in diagnostic and prognostic processes

is becoming essential. This is particularly true for the prediction of Post-Endoscopic
Retrograde Cholangiopancreatography (ERCP) pancreatitis (PEP) [1,2]. PEP is a common
complication of the ERCP procedure and can be damaging for patients [3]. The ability to
accurately predict PEP would be beneficial for reducing patient suffering and improving
clinical decision-making and treatment [4,5].

With the recent emergence of sophisticated machine learning methods and sufficient
amounts of structured clinical data and high-quality endoscopic data, this research aims to
establish predictive models for early identification of high-risk subjects. In risk classification
processes, clinical judgment and retrospective approaches have been the benchmarks.
However, modern risk classification processes shift the focus to clinically relevant data.
In endoscopic imaging [6], most temporally and spatially sensitive data layers contain
difficulty and inflammation risk indicators, particularly in the images of the ampulla
of Vater. These data layers are often fully accessible to deep convoluted models like
EfficientNet. On the other hand, data layers pertaining to patient demographics (e.g., age,
sex) and clinical history (e.g., co-morbidities, labs) constitute central data points in the risk
classification processes.

This research comparatively evaluates tabular clinical data, endoscopic image data,
and multimodal fusion approaches for the prediction of post-ERCP pancreatitis (PEP).
Given the limited availability of positive PEP cases and the dataset’s single-center, ret-
rospective nature, this work was designed as an exploratory proof-of-concept study to
evaluate the feasibility of AI-based PEP prediction using clinical and endoscopic data.
Such approaches may contribute to the future development of intelligent decision-support
systems for gastroenterologists to streamline risk assessment, enhance procedural safety,
and improve patient care.

Literature Review

The literature covers attempts to forecast complications following ERCP, the contribu-
tion of image analysis to PEP, and the proposed benefits of combining multiple techniques to
improve diagnostic precision. Here, the intention is to critically evaluate these approaches,
determine their strengths and weaknesses, and identify the basis for the techniques used in
the current research. Accordingly, the analysis focuses on three key components: predictive
analytics using tabular data, analysis of images related to ampulla morphology [7,8], and
the use of multimodal deep learning for medical image analysis [9,10].

In the past, risk assessment relied solely on clinician prediction and retrospective
studies, which prevented modern evidence-based techniques from using clinically relevant
data to improve diagnostic and prognostic workflows [3]. In endoscopic imaging, the
presence of temporally and spatially distinct layers can create an image that indicates
difficulty (and an increased risk of inflammation), particularly in situations involving the
ampulla of Vater. These critical imaging attributes can be captured using deep convolutional
models such as EfficientNet [11]. Structured clinical data [4,5,12–15] involving patient age,
sex, comorbidities, and laboratory values (i.e., as a single entity) remains the most relevant
data for risk assessments and stratification.

Each of these methods has been the focus of research in isolation. Models that
effectively stratify risk post-ERCP using structured clinical data, like tree-based ensem-
bles and gradient boosting, have been demonstrated in the literature [4,5,12–15]. While
clinical risk stratification models are interpretable and rely on readily accessible clinical
data, they do not account for the clinical anatomy depicted in endoscopic images. In
contrast, clinical anatomy models using image-based data rely on CNNs to assess am-
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pulla anatomy and estimate the difficulty of the procedure [4,7]. These models suggest
that the presence of certain ampulla types (particularly Type 3 and 4) can increase the
difficulty of cannulation and the risk of post-ERCP pancreatitis (PEP). However, clinical
risk stratification models based on images often lack patient-level clinical data, limiting
their predictive usefulness.

The combination of image and clinical data using multimodal methods has the po-
tential to address the aforementioned missing data. A case in point is the application of
contrastive learning to the clinical and imaging data of the same patient, resulting in the
creation of a shared conceptualized predictive space [9]. Attention-based fusion modules
can also integrate 3D imaging data with corresponding clinical data [10]. Despite these
methods showing the potential of multimodal learning, they can be computationally in-
tensive and are often designed for non-2D imaging data, making them less applicable to
endoscopic ERCP images.

Despite the growing body of literature, significant gaps remain. Very few studies
have addressed ampulla image analysis integrated with clinical attributes for predicting
PEP. Additionally, the existing multimodal frameworks are excessively complicated for
direct clinical applications. This study begins to fill these gaps by using an ERCP dataset to
assess the practical utility of multimodal learning for predicting PEP. We use a clinically
relevant fusion mechanism to integrate ampulla morphology from endoscopic images
with the patients’ clinical variables. The study goes beyond predictive performance and
provides a differentiation analysis of the image and clinical features, thereby aiding the
gastroenterologists in their risk assessment and procedural planning.

In the area of ERCP PEP prediction, this research aims to:

1. Create a multimodal artificial intelligence framework using 2D images of the ampulla
and clinical data to integrate PEP prediction.

2. Analyze the imaging and clinical data, both independently and in conjunction, for
their predictive contributions.

3. Improve the safety of the procedure and the quality of the care provided to patients
by providing clinically relevant insights.

In Gastroenterology, this research provides the first step toward developing a practical
decision-making support tool to help predict PEP risk and close a significant gap in the use
of Artificial Intelligence.

2. Methodology
The methodology for this exploratory proof-of-concept study on post-endoscopic ret-

rograde cholangiopancreatography (ERCP) pancreatitis (PEP) prediction was implemented
in Python version 3.12.13 using Google Colab. The following software libraries were used:
PyTorch version 2.10.0+cu128, TorchVision version 0.25.0+cu128, Matplotlib version 3.10.0,
scikit-learn version 1.6.1, and XGBoost version 3.2.0. Computations were performed using
NVIDIA CUDA-enabled GPU acceleration.

The study integrates both tabular and image data to enable comparative multimodal
analysis (Figure 1). It covers data preprocessing, model architectures for tabular and image
modalities, implementation of a multimodal fusion approach, and evaluation techniques.
Given the retrospective single-center dataset and limited PEP cases, the study evaluated
AI-based PEP prediction using clinical and endoscopic data.
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Figure 1. Methodology Diagram.

2.1. System Architecture

Data captured from two different modalities (tabular data + endoscopic images) is de-
signed in the system architecture to acquire more advanced information. Each data domain
analyzes its specific modality using a dedicated model, and a fusion model integrates the
latent components of the two to enhance the robustness of the prediction.

2.2. Classification of Tabular Data Using XGBoost

In a risk assessment of post-ERCP pancreatitis (PEP) encounters, the importance
of structured data in clinical practice cannot be emphasized enough. In this analysis,
tabular features, including PEP occurrence, patient demographics, scores for cannulation
difficulty, procedure time, and the techniques used, were found to be highly correlated
with PEP occurrence.

Training and Evaluation

The dataset was split into 80% for training and 20% for testing. To handle class
imbalance, the majority class was randomly downsampled in the training data. A 5-
fold cross-validation was conducted on the training set for hyperparameter tuning and
performance stability assessment.

2.3. Image-Based Classification Using EfficientNet-B0, DenseNet-201, and ResNet-50

The shape, dimensions, and texture of the ampulla of Vater [16] are predictive of
PEP. For this study, the classification of medical images used deep convolutional neural
networks (CNNs) [17–26], which have demonstrated great success in this domain. In
order to evaluate a variety of model architectures with respect to depth, parameters vs.
performance, and the ability to learn features effectively, three models were chosen:

EfficientNet-B0 [11] for the best parameter-to-performance ratio.
DenseNet-201 [27] for highly connected and feature-reuse dense networks.

https://doi.org/10.3390/diagnostics16121824
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ResNet-50 [11] for a strong deep residual network capable of deep representation learning.
This approach allows us to assess each model’s effectiveness in classifying post-ERCP

pancreatitis based on ampullary morphology.

2.3.1. Data Augmentation and Class Balancing

To improve the model’s robustness and reduce overfitting, data augmentation was ap-
plied solely to the training sets. Transformations were applied per modality (e.g., intensity-
based modifications for images). To address class imbalance, the majority class was ran-
domly downsampled, and class weighting was applied during training. This resulted in a
more balanced training distribution and improved generalization.

2.3.2. Model Architectures

Three different Transfer learning-based Convolutional Neural networks were used
due to their lighter weight and high performance (Figure 2).

Figure 2. Image Learning Flow.

EfficientNet-B0 was constructed using a compound scaling technique where network
depth, width, and resolution are uniformly scaled using a fixed coefficient. Compared
to other models with the same accuracy, EfficientNet-B0 is more lightweight and more
efficient, with better representational power. For this study, the classification head was
modified to include a binary softmax layer to classify PEP and non-PEP outcomes.

DenseNet-201 is composed of densely connected convolutional blocks, where all prior
layers are inputs, encouraging the reuse of features and improving gradient flow. This
unique pattern of connected layers enables the network to identify minute details of the
visual image, particularly the intricate anatomical features of an endoscopic image. The
final layer was altered to produce two classes, indicating whether PEP was present.

ResNet-50 is a deep residual network that uses an identity shortcut connection, al-
lowing deeper architectures to be more easily trained by alleviating the vanishing gradi-
ent problem. These residual blocks enable the more rapid and efficient development of
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layered features. The model’s fully connected layer was modified to produce a binary
PEP prediction.

2.3.3. Training and Evaluation

All models were retrained using specific transfer learning techniques. At the start, the
feature extractor layers were frozen, and training was only performed on the newly added
classifier head. Subsequently, deeper layers were unfrozen in stages to adapt the feature
representations to the medical domain.

The models were developed using cross-entropy loss and either Adam or SGD opti-
mizers. A stratified train–test split (80/20) was used to preserve class distribution, and no
separate validation set was created for image-based experiments due to the limited number
of positive cases.

2.4. Multimodal Fusion Using Multimodal Contrastive Learning (MMCL) [9]

To jointly leverage anatomical image information and structured clinical variables, a
multimodal contrastive learning (MMCL)-based framework [9] was implemented. The
model combined a ResNet50 image encoder with a multilayer perceptron (MLP)-based
tabular encoder. The framework consisted of self-supervised multimodal pretraining
followed by supervised fine-tuning for binary PEP prediction.

2.4.1. Self-Supervised Pretraining Phase

The multimodal framework utilized a SimCLR-inspired contrastive learning strategy
to align image and tabular representations within a shared latent space.

1. Image Encoder: A ResNet50 backbone pretrained on ImageNet was used to ex-
tract image features. The final fully connected layer was removed, producing 2048-
dimensional embeddings from endoscopic images resized to 128 × 128 pixels.

2. Tabular Encoder: Structured clinical variables (28 features) were processed using a
two-layer MLP-based encoder with batch normalization and ReLU activation, pro-
ducing 2048-dimensional embeddings.

3. Projection Heads: Separate SimCLR projection heads were applied to both modalities,
each consisting of a linear layer, ReLU activation, and a final linear layer mapping
embeddings to a 128-dimensional latent space.

4. Contrastive Learning Objective: A contrastive loss was used to maximize similar-
ity between matched image–tabular pairs from the same patient while minimizing
similarity between unmatched pairs.

2.4.2. Supervised Fine-Tuning

After pretraining, projection heads were removed and encoders were fine-tuned for
PEP classification.

1. Feature Fusion: Image and tabular embeddings (2048 dimensions each) were concate-
nated to form a 4096-dimensional fused feature vector.

2. Classification Head: The fused representation was passed through a fully connected
layer for binary classification.

3. Loss Function: Cross-entropy loss was used for optimization.
4. Optimization: Training was performed using the Adam optimizer with learning-

rate scheduling.

2.4.3. Multimodal Training and Evaluation

For the multimodal studies, the dataset was divided into 60% for training and 20%
each for validation and testing. Modality-specific preprocessing and data augmentation
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were used only on the training set. Endoscopic images were resized to 128 × 128 pixels
prior to model input. To improve model fairness, the majority class was downsampled in
the training set to address class imbalance.

2.5. Outcome Labeling Strategy

Labeling was performed based on the post-procedure follow-up. Any patient who
met clinical criteria for PEP during follow-up was labeled positive, regardless of severity.

3. Dataset Description
This provides an in-depth account of the dataset for the study, which aims to predict

post-endoscopic retrograde cholangiopancreatography pancreatitis (PEP) using tabular
clinical data, endoscopic images of the ampulla of Vater, and a multimodal fusion of
these data types. The dataset consists of structured and image data and was created in
partnership with the Sindh Institute of Advanced Endoscopy and Gastroenterology (SIAG)
at Civil Hospital Karachi. The dataset’s high dimensionality and heterogeneity will enable
the construction of robust machine learning and deep learning models.

3.1. Time Period

The study used retrospectively collected clinical and endoscopic data from May 2023
to April 2025 at the Sindh Institute of Advanced Endoscopy and Gastroenterology (SIAG),
Karachi. The data had been prospectively recorded during routine clinical practice and
included endoscopic image acquisition, procedural and clinical information, post-procedure
follow-up, and outcome validation.

3.2. Inclusion and Exclusion Criteria
3.2.1. Inclusion Criteria

1. Patients undergoing ERCP at SIAG with available ampulla images.
2. Availability of clinical and procedural data for structured (tabular) analysis.
3. Patients with complete follow-up records confirming or ruling out PEP.

3.2.2. Exclusion Criteria

1. Patients who have ampulla images that are of poor quality or images that are missing.
2. Clinical data that is incomplete or missing.
3. Patients who have a history of pancreatic disease that may confound the diagnosis

of PEP.
4. Patients who have a history of ERCP.

3.3. Data Composition and Statistics

The dataset comprises two primary components:

3.3.1. Tabular Data

As per the procedural logs and the medical records of the patients, structured infor-
mation was retrieved. The dataset in tabular form contains demographics, clinical findings
pre- and post-procedure, and ERCP-specific technical variables. The features along the
labels include the following:

PEP (post-ERCP pancreatitis): PEP [28] was used as the binary outcome label indicat-
ing whether the patient developed post-ERCP pancreatitis (Yes/No). PEP was defined
according to standard consensus criteria as the presence of new or worsening abdominal
pain following ERCP associated with serum amylase or lipase levels elevated to at least
three times the upper limit of normal approximately 24 h after the procedure, requiring
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hospitalization or prolongation of planned admission. Data analysis (Figure 3) showed that
the dataset was highly imbalanced, with relatively few positive PEP cases due to the low
incidence of the condition.

Figure 3. PEP Distribution.

Initially, the distribution of PEP cases was: No: 464 and Yes: 29.
After data cleaning, the distribution is:
No: 419 and Yes: 27.
Age: Integer value representing the patient’s age. After data analysis, it was found that

patients aged 40–70 are more likely to have PEP. The age distribution is shown in Figure 4.

Figure 4. Age Distribution with respect to PEP.

Gender: categorical variable (Male/Female). Analysis shows that females have a higher
chance of developing PEP (Figure 5).

https://doi.org/10.3390/diagnostics16121824
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Figure 5. Gender Distribution with respect to PEP.

Cannulation Difficulty Level: Categorical variable (Figure 6) indicating technical com-
plexity, categorized as:

1. Easy,
2. Needed Extra Technique,
3. Took More Than 5 min,
4. Failed.

Figure 6. Proportion of Cannulation Difficulty Level.

Cannulation (biliary): Success or failure of biliary cannulation (Yes/No).
Sphincterotomy: Whether a sphincterotomy was performed (Yes/No).
Sphincteroplasty: Whether sphincteroplasty was performed (Yes/No).
Ampulla Type: Morphological classification was initially based on four types as

described by Haraldsson et al. [8,29]. However, Type 5 and Type 6 could not be categorized
into the original four types, so they were added as separate classes. The final classification
includes six types, as shown in Figure 7.

https://doi.org/10.3390/diagnostics16121824
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Figure 7. Proportion of Ampulla Type.

Type 1: Regular,
Type 2: Small,
Type 3: Protruding,
Type 4: Creased/Ridged,
Type 5: Tumorous (separate class for ampulla with visible tumors),
Type 6: Periampullary diverticulum.
No of attempts: Number of cannulation attempts (categorical).
Cannulation time: Time taken for cannulation in minutes (float).
Bilirubin: The patient’s bilirubin level, typically measured in mg/dL (float).
Jaundice: Indicates the presence of jaundice in the patient, commonly recorded as a

binary feature (Yes/No).
Abdominal Pain: Indicates whether the patient reported abdominal pain prior to the

procedure (Yes/No).
Stone Removal: Whether stone removal was performed (Yes/No).
Special Technique Used: Encoded as:
0 = No special technique,
1 = Special technique used.
The tabular features include both pre-procedural clinical variables (e.g., age, gender,

bilirubin, jaundice, abdominal pain, and ampulla type) and intraprocedural parameters
(e.g., cannulation time, number of attempts, cannulation difficulty level, sphincterotomy,
and related procedural interventions). As the outcome of interest is post-Endoscopic
Retrograde Cholangiopancreatography (ERCP) pancreatitis (PEP), these variables are used
to predict the likelihood of PEP occurrence through a binary classification model based on
combined pre- and intraprocedural data.

3.3.2. Image Data

High-resolution endoscopic images of the ampulla of Vater were collected during
ERCP procedures. As we know, the dataset is imbalanced. Additionally, we do not have
corresponding image records for all tabular entries because some images were not recorded,
and some were unclear. As a result, the image dataset we obtained for PEP classification
includes:

No = 360 images,
Yes = 24 images,

https://doi.org/10.3390/diagnostics16121824
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Total = 384 images.
Due to this imbalance, two different training strategies were applied:
Imbalanced Data: Augmentation was applied only to the ‘Yes’ class, with each image

augmented 11 times to increase its representation in the training data.
Balanced Data: A subset of ‘No’ class cases was dropped to balance the dataset,

resulting in: No = 24 images, Yes = 24 images.

3.3.3. Multimodal Data

In this multimodal approach, both image and tabular data were utilized. The dataset
size has been reduced due to the requirement that both data types be available for each
instance. Additionally, since the data was highly imbalanced, a portion of the majority class
(‘PEP: No’) was removed to improve class balance. Consequently, the distribution of other
features has also been altered.

Initially, the data proportion was as follows:
No = 289 images,
Yes = 22 images.
Now it is:
No = 75 images,
Yes = 22 images.

3.4. Data Preprocessing
3.4.1. Tabular Data

Missing value records were dropped. Categorical variables were label-encoded or
one-hot-encoded depending on the model’s requirements. Continuous features such as age
and cannulation time were normalized or standardized as needed.

3.4.2. Image Data

Automatic image transformations were applied as part of the transfer learning pre-
processing pipeline. To address class imbalance and increase the number of positive PEP
samples during training, multiple data augmentation techniques were applied, including
random rotations, horizontal and vertical flips, brightness normalization, zooming, and
geometric transformations. Approximately 11 augmented variations were generated from
each original positive-case image during training. Figures 8 and 9 present four randomly
selected example images labeled (a–d). Figure 8 shows the original endoscopic images
before preprocessing and augmentation, while Figure 9 shows one corresponding aug-
mented/preprocessed example generated from each original image. The labels (a–d) are
used only to preserve correspondence between the original and augmented versions of the
same cases and do not represent anatomical categories or clinical subtypes.

Figure 8. Ampulla Images before preprocessing.

https://doi.org/10.3390/diagnostics16121824
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Figure 9. Ampulla Images after preprocessing.

3.4.3. Multimodal Data

The tabular data CSV was updated to include an image filename column, with the
corresponding file name added to each record. This helps link the image data with the
tabular data during training.

1. A total of 3 files were saved to be used as input. Each of these three types of files
is further divided into train, test, and validation sets. One file contains the labels
in .pt format.

2. Another file contains all tabular features.
3. Third files contain image paths in .pt format.

4. Results
The results were obtained from various machine learning and deep learning models

applied to tabular data, endoscopic image data, and their multimodal fusion. The aim is to
identify the best-performing approach for predicting post-ERCP pancreatitis (PEP). The
results are analyzed using standard evaluation metrics: accuracy, precision, recall, F1-score,
and a confusion matrix. Each modality is evaluated individually, followed by a comparison
of performance across different modalities to determine whether a multimodal approach
offers improved predictive power.

4.1. Evaluation Metrics

To ensure a performance assessment is valid and thorough, these metrics were selected.

• Accuracy: proportion of instances identified and classified correctly,
• Precision: positive cases identified correctly by the model,
• Recall (Sensitivity): the model’s ability to identify all of the actual positive instances,
• F1 Score: precision and recall’s harmonic mean,
• Confusion Matrix: method for performance of class-oriented prediction.

4.2. Result on Tabular Data

The XGBoost model was employed to train on the tabular data. Two training strategies
were used:

1. Train–test split, with 80% of the data used for training and 20% for testing.
2. 5-fold cross-validation to ensure more reliable evaluation.

4.2.1. Train and Test Split

Confusion Matrix and Classification Report:
The confusion matrix (Figure 10) and associated classification metrics (Table 1) were

used to evaluate the model’s performance on the test dataset. To address class imbalance,
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the scale_pos_weight parameter was included during XGBoost training, enabling greater
emphasis on the minority class (PEP: Yes). The model was trained using XGBoost on
structured tabular data.

Figure 10. Tabular Train and Test Split Result.

Table 1. Tabular Train and Test Split Classification Report.

Precision Recall F1-Score Support

0 0.97 1.00 0.98 84
1 1.00 0.50 0.67 6
accuracy 0.97 90
macro avg 0.98 0.75 0.82 90
weighted avg 0.97 0.97 0.96 90

Class 0 (PEP: No) has 84 true positives and 0 false positives, resulting in a precision
of 0.97, recall of 1.00, and F1-score of 0.98. Class 1 (PEP: Yes) has 3 true positives and
3 false negatives, yielding a precision of 1.00, recall of 0.50, and F1-score of 0.67. From the
confusion matrix, it is clear that model performs very well in identifying the majority class
(PEP: No). However, it struggles with the minority class (PEP: Yes), misclassifying 3 of
6 positive cases as negative.

SHAP: The SHAP (SHapley Additive exPlanations) module was used to interpret the
XGBoost model’s output. In the graph below (Figure 11), red dots represent high feature
values, purple indicates moderate values, and blue signifies low values. The features listed
along the y-axis (from top to bottom) are ranked by their importance for prediction. For
example, Cannulation Time appears at the top, indicating it is the most influential predictor
of PEP.

On the x-axis, the right side corresponds to predictions of ‘PEP: Yes’, and the left side
to ‘PEP: No’. According to this analysis:

1. High Cannulation Time values are associated with a higher likelihood of PEP.
2. Age, when high to moderate, also contributes to a ‘Yes’ prediction.
3. Easy cannulation is linked with ‘Yes’ predictions.
4. Low bilirubin levels are associated with ‘Yes’ predictions.
5. Features listed near the bottom of the y-axis appear to have minimal impact on

the prediction.
However, the model still needs improvement to understand all the features and their
correct influences on PEP prediction.

https://doi.org/10.3390/diagnostics16121824
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Figure 11. SHAP Analysis.

4.2.2. Cross Validation

Confusion Matrix and Classification Report:
To assess the robustness of the XGBoost model on the tabular dataset, 5-fold cross-

validation was performed. Figure 12 shows the confusion matrix for aggregated predictions
across all folds.

Figure 12. Tabular Cross Validation Result.

An imbalance in the dataset is concerning: there are more PEP: No (Negative) cases
than PEP: Yes (Positive) cases. Of the 446 samples, 419 were negative, and 27 were positive.
Scaleposweight still helped the model identify 13 positive cases. Precision and recall were
still lower for the positive class than for the negative class, but they improved after training
without addressing the imbalance (Table 2).
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Table 2. Cross Validation Classification Report.

Precision Recall F1-Score Support

0 0.97 0.97 0.97 419
1 0.52 0.48 0.50 27
accuracy 0.94 446
macro avg 0.74 0.73 0.73 446
weighted avg 0.94 0.94 0.94 446

SHAP:
Below is a SHAP (SHapley Additive exPlanations) plot detailing the features contribut-

ing to the XGBoost model’s predictions on Post-ERCP Pancreatitis (PEP). SHAP analysis
(Figure 13) was employed to explain the XGBoost model’s features, and the provided SHAP
summary plot shows that the most significant features for predicting Post-ERCP Pancre-
atitis (PEP) are Cannulation Time, Ampulla Type, and Age. Greater cannulation time and
increased age are associated with a higher risk of PEP, as is the use of special techniques.

Figure 13. SHAP Summary on XGBoost CV Result.

Features such as stone removal and jaundice are of comparatively lesser importance
overall and fall within the realm of clinical expectations, aiding understanding of the model.

4.3. Results on Image Data

To address performance issues with the PEP classification models and data imbalance,
two strategies were implemented. These strategies are as follows: Image Augmentation,
creating more samples for the minority class (PEP), and Image Balancing, where the majority
class is reduced to equal the minority class.

4.3.1. Training and Testing Loss and Accuracy with Data Augmentation

This figure (Figure 14) shows the performance of data augmentation on the training
dataset of EfficientNetB0, DenseNet201, and ResNet50.
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Figure 14. Training and Test Loss and Accuracy with Data Augmentation.

The figure shows the loss curves, and the bottom figure shows the accuracy plots over
20 epochs. With augmentation, ResNet50 had the best and most consistent performance,
with a test loss that declined and a test accuracy that was high and stable. The training
and test curves align, suggesting strong generalization. DenseNet201 also performed well,
with high, stable test accuracy, suggesting it has reached a plateau and is not optimizing.
EfficientNetB0 achieved high accuracy on the training data but was highly unstable in
terms of test loss and accuracy, suggesting it might be sensitive to overfitting or to the use of
augmented data. Overall, ResNet50 showed the most stable and consistent improvements
with data augmentation.

While EfficientNetB0 seems to need more tuning or regularization to stabilize its
performance across epochs, DenseNet201 shows reasonable generalization.

4.3.2. Training and Testing Loss and Accuracy with Data Balancing

This figure (Figure 15) shows the training and test results for EfficientNetB0,
DenseNet201, and ResNet50, with data balancing achieved by removing instances of
the majority class. The top figure shows the loss trends during testing, and the bottom
figure shows the test accuracy over 10 epochs. Overall, after balancing, DenseNet201
achieves the best performance on final test loss and test accuracy, and shows a consistent,
stable trend with no noticeable deviations. EfficientNetB0 shows high performance with a
stable, smooth test curve and only a small dip during training.
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Figure 15. Training and Test Loss and Accuracy with Data Balancing.

Although the loss is slightly lower than that of DenseNet201, it exhibits high stability.
In contrast, ResNet50 exhibits the lowest test accuracy and the highest test loss, resulting
in a flat, ineffective test performance curve. Despite strong accuracy and loss metrics for
DenseNet201, it needs further evaluation to focus on class-wise generalization. Above-
average accuracy can be a sign of class-wise discrimination that places undue emphasis
on certain classes, and understanding how precision, recall, and F1 scores are balanced
is key. This class-wise performance and confusion matrix-based evaluation approach is
essential for ensuring the model generalizes across classes and is even more crucial in
medical imaging tasks that require detecting the minority class.

4.3.3. Summarize Evaluation Results

Class balancing improved the model’s generalization and reduced its bias toward one
class, as indicated by more consistent loss and accuracy curves. However, given other
imbalanced and medical situations, additional metrics are critical. These include precision,
model predictions in a given class, and metrics such as recall, F1 score, and confusion matrices.

Below is a table (Table 3) for the evaluation result of the three models, EfficientNet-B0,
ResNet50, and DenseNet201.

Observations:

1. The recall and F1 scores of EfficientNet-B0 improved significantly for Class 1 in the
balanced setting for PEP prediction.

2. With augmentation, ResNet50 had the highest accuracy overall at 0.88, but had poor
predictions for Class 1.

3. The recall and F1 scores of DenseNet201 were poor for Class 1 and, therefore, in this
study, this model was the worst model for identifying PEP cases.

4. Despite applying balancing and augmentation strategies, several image-based models
continued to show low sensitivity for Class 1, likely due to the limited number of
positive PEP cases and the exploratory nature of the dataset.
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Table 3. Image Data Transfer Learning Result Comparisons.

Approach Model Acc Prec (C0) Prec (C1) Rec (C0) Rec (C1) F1 (C0) F1 (C1)

Images
Augmentation Efficient B0

0.83 0.94 0.10 0.88 0.20 0.91 0.13

Image Balance 0.70 1.00 0.62 0.40 1.00 0.57 0.77

Images
Augmentation Resnet50

0.88 0.96 0.25 0.92 0.40 0.94 0.31

Image Balance 0.50 0.50 0.50 0.40 0.60 0.44 0.55

Images
Augmentation Densenet201

0.82 0.93 0.00 0.88 0.00 0.00 0.90

Image Balance 0.5 0.00 0.50 0.00 1.00 0.00 0.67

Acc = Accuracy; Prec = Precision; Rec = Recall; F1 = F1-Score. C0 = No PEP, C1 = Yes PEP. All metrics are computed
separately for each class.

4.4. Results of Multimodal Fusion

A multimodal contrastive learning (MMCL)-based model was developed using a
ResNet50 image encoder and a two-layer MLP-based tabular encoder. During self-
supervised pretraining, image and tabular embeddings were aligned in a shared latent
space using contrastive learning. During supervised fine-tuning, 2048-dimensional image
and tabular features were concatenated to form a 4096-dimensional fused representation
for binary PEP prediction. The model’s performance is summarized in terms of precision,
recall, F1-score, and a confusion matrix, as shown in Table 4 and Figure 16.

Figure 16. Multimodal Confusion Matrix.

Table 4. Multimodal Classification Report.

Precision Recall F1-Score Support

Class0 0.78 0.93 0.85 15
Class1 0.50 0.20 0.29 5
Accuracy 0.75 20
Macro avg 0.64 0.57 0.57 20
Weighted avg 0.71 0.75 0.71 20

Observations

1. The multimodal model demonstrated positive potential in identifying non-PEP cases
(Class 0) with a recall of 0.93. The model correctly captured 14 of 15 non-PEP cases.
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2. In contrast, positive PEP cases (Class 1) are more difficult to identify. For the 5 PEP
cases, the model identified only 1. Thus, it has a Class 1 recall of 0.20.

3. This situation reflects the model’s surplus of specificity (classifying non-PEP cases),
while the model also underperforms in sensitivity by failing to classify true PEP cases.

4. The reduced precision and F1 score for class 1 posited the fact that, in order to draw
sufficient learning from a class, a sufficient quantity of minority cases was required
for learning from the class.

5. Discussion
To evaluate the effectiveness of different learning approaches for predicting post-ERCP

pancreatitis (PEP), we compared tabular, image-based, and multimodal fusion models.
Class 1 represents patients who developed PEP, while Class 0 represents those who did not.

5.1. Comparison of Proposed Approaches

The performance comparison across tabular, image-based, and multimodal approaches
highlights the relative strengths and weaknesses of each modality in classifying the
target outcomes.

The ROC curve Figure 17 shows that the XGBoost (train–test split) model performs
best with an AUC of 0.95, followed by XGBoost (CV) at 0.79. Among image-based models,
ResNet50 (Augmented) leads with an AUC of 0.76, while others, such as DenseNet201
(Augmented) perform poorly (0.43). The multimodal model achieves a moderate AUC of
0.57. Overall, tabular models outperform both image-based and multimodal approaches.

Figure 17. Overall ROC Curve Comparison. The black dashed line represents random performance
(AUC = 0.5); curves above it indicate better performance.

Observations:
Table 5 summarizes the following observations:

1. Tabular XGBoost models achieved the highest overall accuracy and the greatest
performance and strongest F1’s across Class 1 and Class 2.

2. The image-based models (EfficientNet, ResNet50, DenseNet201) failed to detect Class
1 (PEP) unless the data was balanced, and DenseNet201 failed to detect Class 1
altogether in the augmentation function.

3. The dataset was improved through balancing to increase the recall and F1 for Class 1,
especially with EfficientNet-B0 (F1 = 0.77).
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4. The multimodal model has shown potential for integrating image data and tabular
data, but additional tuning is necessary to increase the recall for Class 1 (PEP) cases.

Table 5. Overall Result Comparison.

Approach Model Acc Prec (C0) Prec (C1) Rec (C0) Rec (C1) F1 (C0) F1 (C1)

Tabular
XGBoost

0.97 0.97 1.00 1.00 0.50 0.98 0.67

Tabular CV 0.94 0.97 0.52 0.97 0.48 0.97 0.50

Images
Augmentation Efficient B0

0.83 0.94 0.10 0.88 0.20 0.91 0.13

Image Balance 0.70 1.00 0.62 0.40 1.00 0.57 0.77

Images
Augmentation Resnet50

0.88 0.96 0.25 0.92 0.40 0.94 0.31

Image Balance 0.50 0.50 0.50 0.40 0.60 0.44 0.55

Images
Augmentation Densenet201

0.82 0.93 0.00 0.88 0.00 0.00 0.90

Image Balance 0.5 0.00 0.50 0.00 1.00 0.00 0.67

Mutimodal Resnet50 + Multilayer
Perceptron 0.75 0.78 0.50 0.93 0.20 0.85 0.29

Acc = Accuracy; Prec = Precision; Rec = Recall; F1 = F1-Score. C0 = No PEP, C1 = Yes PEP. All metrics are computed
separately for each class. CV = Cross Validation.

Clinical Interpretation:
While tabular XGBoost achieved the highest overall accuracy and AUC, clinical perfor-

mance is more dependent on sensitivity (recall) for Class 1 (PEP), as missing positive cases
can have serious clinical consequences. Therefore, recall for Class 1 was a key evaluation
metric in this study. Despite the application of balancing and augmentation strategies,
several image-based and multimodal models continued to show limited recall for Class 1
(PEP), indicating difficulty in correctly identifying positive cases.

Although the multimodal framework successfully integrated endoscopic image and
clinical data, it did not outperform the tabular models in the current study. One possible
reason is the limited number of available image samples, as some procedural video data
were unavailable or excluded due to data loss and quality limitations. In addition, deep
learning-based image and multimodal models generally require larger datasets to learn
robust feature representations compared with tabular machine learning models such as
XGBoost. Therefore, the present study should be considered exploratory. Furthermore,
the dataset was relatively small and collected from a single institute, which may limit
generalizability. Despite the lower multimodal performance, the framework demonstrated
the feasibility of integrating anatomical and clinical information. Future studies using
larger multi-institutional multimodal datasets and improved image quality may further
enhance predictive performance and generalizability.

5.2. Comparison with Prior Work (Based on Tabular AUC)

Table 6 compares the proposed XGBoost model with existing studies for post-ERCP
pancreatitis (PEP) prediction using clinical tabular data. The proposed model, trained on
446 patients, achieved a cross-validation AUC of 0.786 and a test AUC of 0.95, outperform-
ing previous studies that used larger datasets but reported lower AUC values (0.671–0.74).
However, the model shows moderate sensitivity (recall = 0.48), indicating limited ability to
detect all positive PEP cases. These results suggest that performance depends not only on
dataset size but also on model design and preprocessing, and that further improvements
are needed to enhance sensitivity and generalizability.
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Table 6. AUC-Based Evaluation of Proposed and Existing Tabular Models for PEP Risk.

Study Year Dataset Size Model Data Type Recall (CV) AUC (CV) AUC (Test)

Proposed (This Study) 2026 446 patients
(Tabular) XGBoost Clinical

Tabular 0.48 0.786 0.95

Prior Study [30] 2026 1190 patients CatBoost Clinical
Tabular 0.74 0.688 -

Prior Study [13] 2025 7389 patients GBM Clinical
Tabular 0.65 0.70 0.74

Prior Study [4] 2023 1150 patients Gradient
Boosting

Clinical
Tabular - 0.70 0.671

6. Conclusions
In this exploratory proof-of-concept study, we evaluated three approaches for pre-

dicting post-Endoscopic Retrograde Cholangiopancreatography (ERCP) pancreatitis (PEP):
tabular clinical data, endoscopic image data, and multimodal fusion. Among the evaluated
approaches, the tabular-based XGBoost model achieved better predictive performance;
however, its performance should be interpreted cautiously due to the limited dataset size
and the small number of positive PEP cases. The image-based and multimodal models
demonstrated lower performance and only moderate sensitivity in detecting positive PEP
cases. These findings suggest that, within this dataset, structured clinical variables currently
provide stronger predictive signals for PEP than image-only or multimodal approaches.
Nevertheless, the limited number of positive PEP cases and the single-center retrospective
design reduced the stability and generalizability of the results, particularly for the image
and multimodal-based models.

Future studies should prioritize larger multicenter datasets, sensitivity-focused op-
timization, advanced multimodal techniques, and generative AI augmentation [31,32] to
improve positive case detection and robustness before clinical deployment.

Author Contributions: Conceptualization, A.J. (lead) and S.K.N. (equal); Methodology, A.J. (lead);
Software, A.J. (lead); Validation, A.J. (lead), W.N. (equal), S.K.N. (equal) and A.A. (equal); Formal
analysis, A.J. (lead); Investigation, A.J. (lead) and A.A. (equal); Resources, S.K.N.; Data curation, A.J.
(lead) and A.A. (equal); Writing—original draft, A.J. (lead); Writing—review & editing, W.N. (equal)
and S.K.N. (equal); Visualization, A.J. (lead); Supervision, W.N. (lead) and S.K.N. (equal); Project
administration, A.J. (lead) and A.A. (equal). All authors have read and agreed to the published
version of the manuscript.

Funding: This research received no external research funding. The Article Processing Charges
(APC) were partially paid by NED University of Engineering and Technology and Sindh Institute of
Advanced Endoscopy and Gastroenterology (SIAG).

Institutional Review Board Statement: The study was conducted in accordance with the Declaration
of Helsinki and approved by the Ethics Review Committee (Institutional Review Board) of the Sindh
Institute of Advanced Endoscopy & Gastroenterology (SIAG), Karachi, Pakistan (Approval Reference
No. ERC/SIAG/Approval/2025/06). This retrospective study utilized previously collected clinical
and endoscopic data that had been prospectively recorded during routine medical care between May
2023 and April 2025. Ethical approval for retrospective data analysis was reviewed during the ERC
meeting held on 22 May 2025, and formal approval was granted, effective from 11 August 2025, for a
duration of one year.

Informed Consent Statement: Patient consent was waived due to the retrospective nature of the
study. All patient identities were kept confidential, and no identifiable information was disclosed
during this project.

Data Availability Statement: The datasets analyzed during the current study are not publicly
available due to patient privacy and ethical restrictions.

https://doi.org/10.3390/diagnostics16121824

https://doi.org/10.3390/diagnostics16121824


Diagnostics 2026, 16, 1824 22 of 23

Acknowledgments: During the preparation of this manuscript, the authors used ChatGPT (OpenAI,
GPT-4o mini and GPT-5.3 Instant) and Grammarly Premium to assist with drafting and language re-
finement. All outputs were critically reviewed and edited by the authors, who take full responsibility
for the final content.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations
The following abbreviations are used in this manuscript:

ERCP Endoscopic Retrograde Cholangiopancreatography
PEP Post ERCP Pancreatitis
CNN Convolutional Neural Network
SHAP SHapley Additive exPlanations
AUC Area Under the Curve
SimCLR Simple Framework for Contrastive Learning of Visual Representations
NT-Xent Normalized Temperature-Scaled Cross-Entropy Loss
NPV Negative Predictive Value
GBM Gradient Boosting Machine
XGBoost Extreme Gradient Boosting
MLP Multilayer Perceptron
CLIP Contrastive Learning Image Pertaining
SIAG Sindh Institute of Advanced Endoscopy and Gastroenterology
MMCL Multimodal Contrastive Learning
ROCs Receiver Operating Characteristics

References
1. De, T.; Du, G.; Yin, H.; Wang, H.; Wang, W.; Ma, T.; Ma, J.; Wang, H.; Wang, Q. Development and validation of a practical

prediction model for post-ERCP pancreatitis using machine learning. Front. Surg. 2025, 12, 1628956. [CrossRef] [PubMed]
2. Cao, X.X.; Sun, M. Prediction model for the occurrence of acute pancreatitis after endoscopic retrograde cholangiopancrea-

tography based on multidimensional indicators. World J. Gastrointest. Surg. 2025, 17, 111003. [CrossRef]
3. Testoni, P.A.; Mariani, A.; Aabakken, L.; Arvanitakis, M.; Bories, E.; Costamagna, G.; Devière, J.; Dinis-Ribeiro, M.; Dumonceau,

J.-M.; Giovannini, M.; et al. Papillary cannulation and sphincter-otomy techniques at ERCP: European Society of Gastrointestinal
Endoscopy (ESGE) Clinical Guideline. Endoscopy 2016, 48, 657–683.

4. Archibugi, L.; Ciarfaglia, G.; Cárdenas-Jaén, K.; Poropat, G.; Korpela, T.; Maisonneuve, P.; Aparicio, J.R.; Casellas, J.A.; Arcidiacono,
P.G.; Mariani, A.; et al. Machine learning for the prediction of post-ERCP pancreatitis risk: A proof-of-concept study. Dig. Liver
Dis. 2023, 55, 387–393. [CrossRef]

5. Takahashi, H.; Ohno, E.; Furukawa, T.; Yamao, K.; Ishikawa, T.; Mizutani, Y.; Iida, T.; Shiratori, Y.; Oyama, S.; Koyama, J.; et al. Artificial
intelligence in a prediction model for post-ERCP pancreatitis. Dig. Endosc. Off. J. Jpn. Gastroenterol. Endosc. Soc. 2024, 36, 463–472.

6. Chen, K.; Lin, H.; Zhang, F.; Chen, Z.; Ying, H.; Cao, L.; Fang, J.; Zhu, D.; Liang, K. Duodenal papilla radiomics-based prediction
model for post-ERCP pancreatitis using machine learning: A retrospective multicohort study. Gastrointest. Endosc. 2024, 100,
691–702. [CrossRef]

7. Kim, T.; Kim, J.; Choi, H.S.; Lee, H.S.; Kim, E.S.; Lee, J.M.; Lee, H.S.; Chun, H.J.; Han, S.Y.; Keum, B.; et al. Artificial intelligence-
assisted analysis of endoscopic retrograde cholangiopancreatography image for identifying ampulla and difficulty of selective
cannulation. Sci. Rep. 2021, 11, 8381. [CrossRef]

8. Haraldsson, E.; Lundell, L.; Swahn, F.; Enochsson, L.; Löhr, J.M.; Arnelo, U. Scandinavian Association for Digestive Endos-copy
(SADE) Study Group of Endoscopic Retrograde Cholangio-Pancreaticography. Endoscopic classification of the papilla of Vater:
Results of an inter- and intraobserver agreement study. United Eur. Gastroenterol. J. 2017, 5, 504–510. [CrossRef]

9. Hager, P.; Menten, M.J.; Rueckert, D. Best of both worlds: Multimodal contrastive learning with tabular and imaging data. In
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition; IEEE: New York, NY, USA, 2023; pp. 23924–23935.

10. Wolf, T.N.; Pölsterl, S.; Wachinger, C. Alzheimer’s Disease Neuroimaging Initiative. DAFT: A universal module to inter-weave
tabular data and 3D images in CNNs. NeuroImage 2022, 260, 119505. [CrossRef] [PubMed]

11. Vajrangi, S.; Bidargaddi, A.P.; Yeli, V.; Selar, S.; Hiremath, R. Harnessing Effectiveness of ResNet-50 and EfficientNet for Few-Shot
Learning. Int. J. Comput. Commun. Inform. 2023, 5, 46–55. [CrossRef]

https://doi.org/10.3390/diagnostics16121824

https://doi.org/10.3389/fsurg.2025.1628956
https://www.ncbi.nlm.nih.gov/pubmed/41256833
https://doi.org/10.4240/wjgs.v17.i12.111003
https://doi.org/10.1016/j.dld.2022.10.005
https://doi.org/10.1016/j.gie.2024.03.031
https://doi.org/10.1038/s41598-021-87737-3
https://doi.org/10.1177/2050640616674837
https://doi.org/10.1016/j.neuroimage.2022.119505
https://www.ncbi.nlm.nih.gov/pubmed/35878722
https://doi.org/10.34256/ijcci2325
https://doi.org/10.3390/diagnostics16121824


Diagnostics 2026, 16, 1824 23 of 23

12. Zhang, X.; Yue, P.; Zhang, J.; Yang, M.; Chen, J.; Zhang, B.; Luo, W.; Wang, M.; Da, Z.; Lin, Y.; et al. A novel machine learning model
and a public online prediction platform for prediction of post-ERCP-cholecystitis (PEC). EClinicalMedicine 2022, 48, 101431. [CrossRef]

13. Brenner, T.; Kuo, A.; Weiland, C.J.; Kamal, A.; Elmunzer, B.J.; Luo, H.; Buxbaum, J.; Gardner, T.B.; Mok, S.S.; Fogel, E.S.;
et al. Development and validation of a machine learning–based, point-of-care risk calculator for post-ERCP pancreatitis and
prophylaxis selection. Gastrointest. Endosc. 2025, 101, 129–138. [CrossRef]

14. Jin, H.; Sun, X.; Fu, C.; Fan, C.; Chen, J.; Zhang, Z.; Yang, Y.; Fan, X.; He, Y.; Yin, S.; et al. Machine learning-based predic-tion
model for post-ERCP cholangitis in patients with malignant biliary obstruction: A retrospective multicenter study. Surg. Endosc.
2025, 39, 5107–5126. [CrossRef]

15. Sabrie, N.; Minhas, G.; Vaska, M.; Meng, Z.W.; Brenner, D.R.; Forbes, N. Performance of clinical risk prediction models for
post-ERCP pancreatitis: A systematic review. Pancreas 2025, 54, e588–e595. [CrossRef] [PubMed]

16. Andrzej, J. Impact of the shape of the ampulla of Vater and biliary tree pathology on access technique and post-ERCP complications.
Res. Sq. 2024. [CrossRef]

17. Takiyama, H.; Ozawa, T.; Uraoka, T.; Tamaki, T.; Okada, H. Automatic anatomical classification of esophagogastroduodenoscopy
images using deep convolutional neural networks. Sci. Rep. 2018, 8, 7497. [CrossRef] [PubMed]

18. Hirasawa, T.; Aoyama, K.; Tanimoto, T.; Ishihara, S.; Shichijo, S.; Ozawa, T.; Ohnishi, T.; Fujishiro, M.; Matsuo, K.; Fujisaki, J.;
et al. Application of artificial intelligence using a convolutional neural network for detecting gastric cancer in endoscopic images.
Gastric Cancer 2018, 21, 653–660. [CrossRef]

19. Su, C.; Wang, W. Concrete cracks detection using convolutional neural network based on transfer learning. Math. Probl. Eng. 2020,
2020, 7240129. [CrossRef]

20. Al-Humaidan, N.A.; Prince, M. A classification of arab ethnicity based on face image using deep learning approach. IEEE Access
2021, 9, 50755–50766. [CrossRef]

21. Gatys, L.A.; Ecker, A.S.; Bethge, M. A neural algorithm of artistic style. arXiv 2015, arXiv:1508.06576. [CrossRef]
22. He, K.; Gkioxari, G.; Dollár, P.; Girshick, R. Mask R-CNN. In Proceedings of the IEEE International Conference on Computer Vision;

IEEE: New York, NY, USA, 2017; pp. 2980–2988.
23. Khan, M.A.; Rahman, A.; Saba, T.; Rehman, A.; AksamIftikhar, M.; Sharif, M. Automatic detection of tympanic membrane and

middle ear infection from oto-endoscopic images via convolutional neural networks. Neural Netw. 2020, 126, 384–394. [CrossRef]
[PubMed]

24. Wang, G.; Zuluaga, M.A.; Li, W.; Pratt, R.; Patel, P.A.; Aertsen, M.; Doel, T.; David, A.L.; Deprest, J.; Ourselin, S.; et al. Interactive
medical image segmentation using deep learning with image-specific fine tuning. IEEE Trans. Med. Imaging 2018, 37, 1562–1573.
[CrossRef] [PubMed]

25. Nie, D.; Zhang, H.; Adeli, E.; Liu, L.; Shen, D. 3D deep learning for multi-modal imaging-guided survival time prediction of brain
tumor patients. In Medical Image Computing and Computer-Assisted Intervention—MICCAI 2016; Springer: Cham, Switzerland, 2016;
pp. 212–220.

26. Fu, H.; Xu, Y.; Lin, S.; Wong, D.W.K.; Liu, J. DeepVessel: Retinal vessel segmentation via deep learning and conditional
random field. In Medical Image Computing and Computer-Assisted Intervention—MICCAI 2016; Springer: Cham, Switzerland, 2016;
pp. 132–139.

27. Bakr, M.; Abdel-Gaber, S.; Nasr, M.; Hazman, M. DenseNet based model for plant diseases diagnosis. Eur. J. Electr. Eng. Comput.
Sci. 2022, 6, 1–9. [CrossRef]

28. Chen, K.; Wang, L.; Wang, X.; Yang, L.; Zhang, X.; Lin, Y.; Cao, L. Machine learning-derived predictive model for post-ERCP
pancreatitis in patients with common bile duct stones: A retrospective multicenter study. Surg. Endosc. 2025, 39, 8171–8183.
[CrossRef]

29. Cahyadi, O.; Tehami, N.; de-Madaria, E.; Siau, K. Post-ERCP pancreatitis: Prevention, diagnosis and management. Medicina 2022,
58, 1261. [CrossRef]

30. Arabpour, E.; Sadeghi, A.; Rastegar, R.; Mohammadi, P.; Safavi-Naini, S.A.; Moghadam, P.K.; Zali, M.R. Predicting Post-ERCP
Pancreatitis Using Machine Learning: Risk Stratification and Feature Importance Analysis. J. Hepato-Biliary-Pancreat. Sci. 2026;
Epub ahead of printing. [CrossRef]

31. Choi, Y.; Choi, M.; Kim, M.; Ha, J.; Kim, S.; Choo, J. StarGAN: Unified generative adversarial networks for multi-domain
image-to-image translation. In Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition; IEEE: New York, NY,
USA, 2018; pp. 8789–8797.

32. Karras, T.; Laine, S.; Aila, T. A style-based generator architecture for generative adversarial networks. In Proceedings of the IEEE
Conference on Computer Vision and Pattern Recognition; IEEE: New York, NY, USA, 2019; pp. 4401–4410.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/diagnostics16121824

https://doi.org/10.1016/j.eclinm.2022.101431
https://doi.org/10.1016/j.gie.2024.08.009
https://doi.org/10.1007/s00464-025-11937-5
https://doi.org/10.1097/MPA.0000000000002476
https://www.ncbi.nlm.nih.gov/pubmed/39933053
https://doi.org/10.21203/rs.3.rs-4370114/v1
https://doi.org/10.1038/s41598-018-25842-6
https://www.ncbi.nlm.nih.gov/pubmed/29760397
https://doi.org/10.1007/s10120-018-0793-2
https://doi.org/10.1155/2020/7240129
https://doi.org/10.1109/ACCESS.2022.3161093
https://doi.org/10.1167/16.12.326
https://doi.org/10.1016/j.neunet.2020.03.023
https://www.ncbi.nlm.nih.gov/pubmed/32311656
https://doi.org/10.1109/TMI.2018.2791721
https://www.ncbi.nlm.nih.gov/pubmed/29969407
https://doi.org/10.24018/ejece.2022.6.5.458
https://doi.org/10.1007/s00464-025-12169-3
https://doi.org/10.3390/medicina58091261
https://doi.org/10.1002/jhbp.70053
https://doi.org/10.3390/diagnostics16121824

	Introduction 
	Methodology 
	System Architecture 
	Classification of Tabular Data Using XGBoost 
	Image-Based Classification Using EfficientNet-B0, DenseNet-201, and ResNet-50 
	Data Augmentation and Class Balancing 
	Model Architectures 
	Training and Evaluation 

	Multimodal Fusion Using Multimodal Contrastive Learning (MMCL) B9-diagnostics-4227539 
	Self-Supervised Pretraining Phase 
	Supervised Fine-Tuning 
	Multimodal Training and Evaluation 

	Outcome Labeling Strategy 

	Dataset Description 
	Time Period 
	Inclusion and Exclusion Criteria 
	Inclusion Criteria 
	Exclusion Criteria 

	Data Composition and Statistics 
	Tabular Data 
	Image Data 
	Multimodal Data 

	Data Preprocessing 
	Tabular Data 
	Image Data 
	Multimodal Data 


	Results 
	Evaluation Metrics 
	Result on Tabular Data 
	Train and Test Split 
	Cross Validation 

	Results on Image Data 
	Training and Testing Loss and Accuracy with Data Augmentation 
	Training and Testing Loss and Accuracy with Data Balancing 
	Summarize Evaluation Results 

	Results of Multimodal Fusion 

	Discussion 
	Comparison of Proposed Approaches 
	Comparison with Prior Work (Based on Tabular AUC) 

	Conclusions 
	References

