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Method S1. Surgical, Adjuvant Chemotherapy and follow-up Protocols
All patients underwent curative-intent radical hepatectomy. The specific surgical strategy, including the
choice between anatomical and non-anatomical resection and the extent of resection, was
individualized based on a comprehensive preoperative evaluation. This evaluation encompassed tumor
location and its relationship to major hepatic vasculature, the degree of underlying liver cirrhosis,
quantitative assessment of liver reserve function, and the estimated future liver remnant volume.

For patients with an indication for adjuvant therapy, postoperative chemotherapy regimens were
administered per contemporary standards for biliary tract cancers. Primary regimens included
gemcitabine-based therapy (as monotherapy or combined with platinum agents), gemcitabine plus
nab-paclitaxel, or capecitabine monotherapy. The specific agents, doses, and treatment cycles were
determined and adjusted by the treating medical oncologist based on individual patient tolerance, organ
function, and hematologic parameters.

Patients were evaluated one month after surgery and subsequently at regular 3-month intervals. Each
follow-up visit included a clinical examination, laboratory tests (complete blood count, liver function
tests, and serum tumor markers such as CA19-9 and CEA), and abdominal imaging. Imaging
assessment was performed using contrast-enhanced computed tomography (CT) or magnetic resonance
imaging (MRI) of the liver. The primary endpoints of the study was overall survival (OS). OS was
defined as the time from surgery to death from any cause. All surviving patients were censored at the
last follow-up date, which was October 30, 2025



Method S2. Collection of clinicopathological data

Clinical and pathological data were systematically collected from medical records. Body mass index
(BMI) was calculated from recorded height and weight. All patients had a preoperative Child-Pugh
grade A and an Eastern Cooperative Oncology Group (ECOG) performance status of 0 or 1. A history
of viral hepatitis (hepatitis B or C) was documented. The presence of liver cirrhosis was evaluated
based on preoperative imaging findings.
Comorbidities were documented and categorized. Hepatobiliary diseases included benign conditions
such as intrahepatic or extrahepatic bile duct stones, cholecystitis, hepatic cysts, and hemangiomas
(excluding viral hepatitis). Cardiopulmonary diseases encompassed hypertension, coronary heart
disease, chronic obstructive pulmonary disease (COPD), and other chronic cardiac or respiratory
disorders.
Surgical parameters were extracted from operative notes. The surgical approach was classified as either
laparoscopic or open; procedures initiated laparoscopically but converted to open were analyzed within
the laparoscopic group. Data on the performance of lymph node dissection and estimated intraoperative
blood loss were recorded. The extent of hepatectomy was categorized as major (resection of three or
more Couinaud segments) or minor.
Preoperative laboratory values collected included a complete blood count (from which the
platelet-to-lymphocyte ratio, PLR, and neutrophil-to-lymphocyte ratio, NLR, were derived), liver
function tests, coagulation profiles, and serum tumor markers (alpha-fetoprotein, carcinoembryonic
antigen, and carbohydrate antigen 19-9).
Preoperative imaging characteristics assessed were maximum tumor diameter, tumor number, and
tumor location. Histopathological findings from the resected specimens included tumor differentiation
grade (well, moderate, or poor), and the presence or absence of microvascular invasion, perineural
invasion, and liver capsule invasion. The receipt of postoperative adjuvant chemotherapy was also
recorded.



Method S3. Specific data preprocessing process
The primary outcome was overall survival (OS), measured in months from the date of surgery. To
mitigate the influence of extreme outliers, OS duration was truncated at 180 months. For the purpose of
training certain models, a binary outcome variable was also created based on 24-month survival,
classifying patients as either survivors or non-survivors at this postoperative time point.
Missing values in numerical variables were imputed using the median value calculated from the
training set only, preventing data leakage into the validation and test sets. All continuous variables were
then standardized using StandardScaler from scikit-learn, which centers the data to a mean of zero and
scales it to unit variance. The scaling parameters were fitted on the training set and subsequently
applied to the validation and test sets to maintain consistency.



Method S4. Specific steps of five-fold cross-validation
Patients were randomly divided into 5 subsets, with stratification based on key prognostic factors (e.g.,
tumor differentiation grade, vascular invasion status) to ensure balanced distribution. In each iteration,
4 folds (n=262) served as the training set for model construction and hyperparameter tuning, while the
remaining fold (n=66) was used as the validation set for preliminary performance assessment. This
process was repeated 5 times so that each subset was used once for validation. This approach makes
efficient use of limited data, provides a robust performance estimate across multiple cycles, and
reduces bias from a single random split.



Method S5. Feature number optimization process
This process adhered to the principle of strict data separation: all feature quantity evaluations were
conducted solely within the model development set (n = 328), with the independent test set (n = 171)
remaining entirely excluded until final model evaluation. The procedure was as follows: based on the
comprehensive feature importance scores derived in Section 2.7.1, the 31 candidate features were
ranked in descending order of importance. For each candidate feature subset size k (ranging from 1 to
31), the top-k features were selected. The performance of each subset was evaluated using 5 repetitions
of 5-fold cross-validation on the development set. In each cross-validation iteration, the data were
partitioned into five folds; four folds were used for model training, and the remaining fold was used for
validation, with the area under the curve (AUC) computed on the validation fold. The mean AUC
across the five folds was recorded as the performance metric for that repetition. The overall
performance and stability for a given k were summarized by the mean and standard deviation of the
AUC values obtained from the five independent repetitions.



Method S6. The traditional and deep-learning models and their theoretical rationale
As a generalized linear model, logistic regression predicts the probability of a binary outcome by
transforming a linear combination of input features via the Sigmoid function, which maps the result to
a probability between 0 and 1. Its parameters are directly interpretable as log-odds, providing clear
clinical insights into the relationship between predictors and the outcome, making it a benchmark for
evaluating linear prognostic relationships. SVM performs classification by identifying the
maximum-margin hyperplane that best separates different classes in a high-dimensional feature space.
This study utilized a radial basis function (RBF) kernel, which allows the model to capture complex,
non-linear decision boundaries by implicitly mapping input features into higher-dimensional spaces. As
an ensemble learning method, Random Forest constructs a multitude of decision trees during training
and aggregates their predictions. This approach enhances model robustness and predictive accuracy by
reducing overfitting. A key advantage is its ability to handle high-dimensional data and provide
intrinsic measures of feature importance, which aids in interpreting the contribution of individual
predictors. XGBoost is an advanced implementation of gradient-boosted decision trees. It operates by
iteratively training a sequence of weak learners (trees), where each subsequent model focuses on
correcting the errors of its predecessors. Known for its high predictive accuracy and computational
efficiency, XGBoost effectively manages complex feature interactions and avoids overfitting through
regularization. LightGBM is another gradient-boosting framework optimized for performance and
scalability. It employs a histogram-based algorithm to bucket continuous features into discrete bins,
significantly accelerating the training process. Furthermore, its leaf-wise tree growth strategy expands
the nodes that yield the largest loss reduction, leading to high efficiency and lower memory usage,
particularly beneficial for large datasets.
As a foundational deep learning model, the Multi-Layer Perceptron (MLP) stacks multiple fully
connected layers with nonlinear activation functions, enabling strong nonlinear mapping capabilities. It
automatically learns effective intermediate representations from raw features through hierarchical
transformations . The Recurrent Neural Network (RNN) processes sequential data via internal recurrent
connections, capturing temporal dependencies. In this study, static patient feature vectors were
reshaped into single-time-step sequences to assess their potential in modeling intrinsic feature
correlations .To address training instability in traditional RNNs, the Long Short-Term Memory (LSTM)
network incorporates input, forget, and output gates, mitigating gradient vanishing or explosion issues
while capturing long-range dependencies . The Gated Recurrent Unit (GRU) simplifies this architecture
by combining the forget and input gates into a single update gate, resulting in a more
parameter-efficient model that often matches LSTM performance with reduced computational
overhead .In contrast to recurrent models, the Transformer architecture relies entirely on self-attention
mechanisms to compute global dependencies among input features. By discarding recurrent and
convolutional structures, its core self-attention layer dynamically weights interactions between all
feature pairs, efficiently capturing complex feature interdependencies



Figure S1. Flowchart of patient selection

the inclusion and exclusion criteria: The inclusion criteria were: (1) receipt of radical liver resection for
ICC; (2) definitive postoperative pathological diagnosis of ICC; and (3) no prior history of
liver-directed systemic therapy or surgery. The exclusion criteria were: (1) non-radical resection
(microscopically positive surgical margin, R1/R2); (2) perioperative mortality (death within 90 days of
surgery); (3) presence of concurrent other active malignancies; and (4) diagnosis of recurrent ICC.

This multicenter, retrospective cohort study was conducted using data from eight tertiary hospitals in
China: The First Affiliated Hospital of Xi'an Jiaotong University, West China Hospital of Sichuan
University, Shengjing Hospital of China Medical University, Xijing Hospital and Tangdu Hospital of
Air Force Medical University, Baoji Central Hospital, Baoji People's Hospital, and Yulin Hospital of
The First Affiliated Hospital of Xi'an Jiaotong University. The cohort distribution by contributing
center was as follows: The First Affiliated Hospital of Xi'an Jiaotong University (n=328), West China
Hospital of Sichuan University (n=58), Tangdu Hospital of Air Force Medical University (n=53),
Shengjing Hospital of China Medical University (n=26), Xijing Hospital of Air Force Medical
University (n=21), Baoji Central Hospital (n=8), Baoji People's Hospital (n=3), and Yulin Hospital
(n=2)



Figure S2. F-score distribution of features

The univariate F-value analysis, a filter method, assessed the linear correlation strength between each
feature and overall survival (OS). Features such as adjuvant chemotherapy (AC), CA19-9, and the
platelet-to-lymphocyte ratio (PLR) demonstrated significantly higher F-values (P < 0.05) compared to
others. The top-ranked features predominantly fell into categories of treatment-related factors (e.g.,
AC), tumor markers (e.g., CA19-9), and systemic inflammatory indicators (e.g., PLR), aligning with
established clinical prognostic knowledge for ICC .



Figure S3. Random Forest importance distribution

The random forest algorithm, an ensemble learning model, evaluates feature importance based on the
mean decrease in impurity (Gini Importance) across all decision trees, capturing non-linear
relationships. This method assigned higher importance to tumor differentiation grade, microvascular
invasion (MVI), and intraoperative blood loss, reflecting the impact of tumor biology and surgical
details on prognosis.



Figure S4. LASSO Coefficient Distribution

The LASSO (Least Absolute Shrinkage and Selection Operator) regression technique, which applies L1
regularization, shrunk the coefficients of 12 less relevant features (e.g., patient height and weight) to
zero, retaining 19 features. The features with the largest absolute coefficient values were preoperative
CA19-9, AC, and tumor size, corroborating the core role of these variables while enhancing model
parsimony by eliminating redundant predictors.



Figure S5. Model performence vs. Number of features on 11 models

(a)Aggregated line chart depicting the maximum and mean AUC values across five traditional machine
learning models as the number of input features increases; (b) Line charts illustrating the AUC
variations of each of the five individual traditional machine learning models with changing feature
quantities; (c) Aggregated line chart presenting the maximum and mean AUC values across six deep
learning models with an increasing number of input features; (d) Line charts showing the AUC trends
of each of the six individual deep learning models as a function of the number of features entering the
models. AUC: Area Under the Receiver Operating Characteristic Curve, XGBoost: eXtreme Gradient
Boosting, LightGBM: Light Gradient Boosting Machine.



Figure S6. Architecture Design of Transformer-MLPModel

The proposed Transformer-MLP architecture processes 31 clinical features by projecting them into a
64-dimensional embedding space (dmodel=64). The core encoder consists of 2 Transformer blocks, each
utilizing 4-head self-attention and a feed-forward network with a hidden dimension of 128, stabilized
by layer normalization and residual connections. The resulting sequence is aggregated via global
average pooling into a 64-dimensional vector. Subsequently, this vector feeds into an MLP
classification head containing a 32-unit dense layer with ReLU activation and Dropout for feature
fusion, culminating in a Sigmoid output layer for survival probability prediction. MLP: Multilayer
Perceptron.



Figure S7. 5-Fold Cross-Validation ROC for Transformer-MLPModel

This figure presents the ROC curves of the Transformer-MLP model across five independent folds of
cross-validation. MLP: Multilayer Perceptron, ROC: Receiver Operating Characteristic.



Figure S8. Online Predictor
To transform the predictive models developed in this study into clinically applicable tools and enhance
the translational value and practicality of research findings, we have developed an online survival risk
predictor for intrahepatic cholangiocarcinoma (ICC) following surgery
(https://icc-prediction.streamlit.app/). This platform integrates all 11 predictive models developed in
this study (5 traditional machine learning models and 6 deep learning models). Through an intuitive
visual interface and systematic analysis workflow, it provides clinicians with personalized
postoperative mortality risk assessment services for individual patients.

Upon accessing the online predictor interface, the left panel serves as the patient clinical and
pathological feature input area—a foundational step for achieving precise predictions. To enhance the
convenience and logical flow of clinical data entry, this study categorizes 31 core predictive features
(covering patient baseline characteristics, comorbidities, surgery-related indicators, laboratory tests,
and tumor pathology features) into 5 feature groups. Each group contains 6-7 relevant features,
preventing confusion from excessive data entry. Default values in the feature input fields are set based
on clinical data characteristics: For categorical variables such as gender, hepatitis history, cirrhosis, and
surgical approach, the default value is set to 0. For continuous variables such as BMI, PLR, NLR, liver
function indicators (ALT, AST, GGT, etc.), and tumor markers (AFP, CEA, CA199), the default values
are the mean values from the model training set. Items not manually entered will automatically adopt
the default values. This ensures continuity in the prediction process while minimizing the impact of
missing data on prediction results. Clinicians must supplement or correct feature values item by item
based on the patient's actual clinical data. After completing data entry, click the “Start Prediction”
button at the bottom of the input area. The system will automatically invoke 11 models for parallel
computation, generating comprehensive prediction results.

Upon completion of the prediction, the platform homepage first displays the core risk assessment panel,
presenting the key predictive conclusions through concise quantitative metrics. The left side of the
panel shows the number of successfully trained models (up to 11), clearly reflecting the reference
dimensions of the prediction results. The central area presents the average 2-year survival rate across
all model predictions. This metric synthesizes the predictive strengths of different algorithms, serving
as the core quantitative reference for patients' short-term postoperative survival risk. The right side
categorizes overall risk levels based on the average 2-year survival rate, with specific criteria as
follows: Average survival rate >70% is classified as “Low Risk,” indicating a high probability of
patient survival within 2 years post-surgery, allowing routine clinical follow-up intervals; 40%-70% is
classified as “Moderate Risk,” requiring enhanced follow-up monitoring with close observation of
disease progression; <40% is classified as “High Risk,” indicating elevated short-term postoperative
mortality risk. Shorter follow-up intervals are recommended, and postoperative intervention strategies
should be optimized based on the patient's specific condition. This grading system provides direct
clinical guidance for rapid risk assessment and preliminary management planning.



Below the core assessment panel, three functional tabs expand detailed predictive analyses to meet
diverse clinical interpretation needs. The first tab, “Survival Curve Analysis,” focuses on dynamic
visualization of individual survival trends and comprehensive presentation of multi-model prediction
results. See Figure 14. The central panel displays individualized survival curves calculated by the core
Transformer-MLP fusion model. The horizontal axis represents postoperative time (in months), while
the vertical axis shows survival probability. The curve trajectory visually reflects the patient's evolving
survival risk over time. A gray dashed line marks the critical 24-month (2-year) milestone, enabling
clinicians to quickly reference the patient's 2-year survival probability. Simultaneously, the 2-year
survival predictions from the other 10 models are overlaid as scatter plots. Traditional machine learning
models (logistic regression, SVM, LightGBM, random forest, XGBoost) are marked with blue squares,
while deep learning models (MLP, Transformer, RNN, LSTM, GRU) are marked with green dots. This
creates an intuitive comparison of multi-model predictions, facilitating observation of the consistency
among different algorithms. Below the chart, a detailed data table systematically lists each model's type
(traditional machine learning / deep learning), 2-year survival probability, and risk index. The
prediction with the highest survival probability is automatically highlighted, providing data support for
clinicians to analyze model prediction differences in depth and assess prediction reliability based on
clinical experience.



The second tab is titled “Model Prediction Comparison,” which systematically displays the prediction
results of 11 models through a horizontal bar chart. See Figure 15. The horizontal axis represents
2-year survival probability (range 0-1), while the vertical axis lists all model names sequentially.
Different colored bars distinguish model types: red denotes Transformer-based models (Transformer,
Transformer-MLP hybrid), green represents other deep learning models (MLP, RNN, LSTM, GRU),
blue denotes traditional machine learning models (logistic regression, SVM, LightGBM, random forest,
XGBoost). Each color scheme aligns with the survival curve analysis page to ensure visual consistency.
Each bar chart displays the corresponding 2-year survival probability percentage on its right side,
facilitating precise comparison of prediction biases across models. When most models converge toward
consistent predictions, the reliability of the conclusion significantly increases; If substantial prediction
discrepancies arise among models, clinicians can further validate results by considering specific patient
characteristics (e.g., presence of high-risk pathological factors, comorbidities), providing flexibility for
clinical interpretation of predictions.



The third tab, “Patient Feature Profile,” analyzes potential influencing factors of prediction outcomes
from a feature deviation perspective, helping clinicians understand the core basis of model predictions.
See Figure 16. This page displays a Z-score deviation chart illustrating the degree of deviation of 17
key features (the optimal feature subset selected by traditional machine learning models) from the
training set mean. Z-scores, measured in standard deviations, visually reflect the difference between
individual patient characteristics and those of the overall training population. Red bars indicate patient
feature values exceeding the training set mean, while blue bars indicate values below the mean. Bar
length corresponds to the magnitude of deviation. This chart enables clinicians to rapidly identify
abnormal patient characteristics (e.g., significantly elevated CA199, abnormal liver function indicators,
high NLR), which often serve as key factors influencing model predictions. This aids in understanding
the logic behind model predictions while providing reference for further clinical investigation of core
risk factors affecting patient prognosis and developing targeted intervention strategies.

The core advantage of this online predictor lies in transforming complex model prediction processes
into an intuitive, user-friendly clinical tool. Clinicians can obtain multidimensional predictive results
through simple feature input without requiring specialized machine learning knowledge. Its
multi-model prediction strategy leverages the strengths of different algorithms while enhancing
prediction reliability through result comparison. Diverse visualization charts (survival curves,
horizontal bar charts, Z-score deviation plots) enable comprehensive analysis spanning survival trends,
model comparisons, and feature interpretation. This provides robust support for personalized clinical
survival risk assessment, effectively advancing the translation of research findings from basic science
to clinical application. The tool offers practical utility for precision management following ICC surgery.



Table S1. Baseline characteristics of patients in Training & Validation sets and external Test set



Table S2. model performence vs. number of features



Table S3. C-index of all 11 prediction models

This table presents the discriminative performance (evaluated by C-index) and corresponding 95% CIs
of 5 traditional machine learning models (Logistic Regression, XGBoost, Random Forest, SVM,
LightGBM) and 6 deep learning models (MLP, Transformer-MLP, Transformer, LSTM, GRU, RNN)
on the independent test set, reflecting the ability of each model to distinguish ICC postoperative
survival outcomes.



Table S4a. Comprehensive performance metrics of all 11 prediction models on the training set for
ICC postoperative survival prediction. This table displays multiple performance indicators (AUC,
Accuracy, Sensitivity, Specificity, PPV, NPV, Brier Score) of all 11 models (5 traditional machine
learning + 6 deep learning) on the training set, illustrating the fitting effect and discriminative ability of
each model during the training phase.

Table S4b. Comprehensive performance metrics of all 11 prediction models on the independent
test set for ICC postoperative survival prediction. This table presents multiple performance
indicators (AUC, Accuracy, Sensitivity, Specificity, PPV, NPV, Brier Score) of all 11 models on the
independent test set, facilitating systematic comparison of generalization ability among different model
types and highlighting the superior performance of the Transformer-MLP model in practical clinical
application scenarios.



Table S5. Five-fold cross-validation performance of Transformer-MLPmodel

The Transformer-MLP model demonstrated a good fit on the training set, with an average AUC of
0.8929 ± 0.0510. On the validation set, the average AUC was 0.6885 ± 0.0408. The performance gap
indicates a degree of overfitting, although validation set performance remained substantially better than
chance. Performance across validation folds showed reasonable variation (AUC range: 0.6162 -
0.7294), reflecting the influence of data partitioning.

On the independent test set, the Transformer-MLP model achieved an average AUC of 0.7043 and an
average C-index of 0.6594. Performance was stable across folds (AUC SD: 0.0176; C-index SD:
0.0093). Sensitivity varied moderately (range: 0.3607 - 0.5738), suggesting an influence of training
sample composition on high-risk patient identification, while specificity remained relatively stable
(mean: 0.8182), indicating reliable discrimination of low-risk patients.


