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Abstract

Background
Esophagogastric variceal bleeding (EGVB) is a life-threatening complication of cirrhosis. Non-contrast
computed tomography (NCCT) is free of contrast-related risks, but it cannot directly visualize varices. We
therefore developed and validated a fusion model that integrates radiomics with a three-dimensional
convolutional neural network (3D CNN) to predict EGVB risk from NCCT.

Methods
A total of 137 cirrhotic patients (47 with prior EGVB, 90 without) who underwent NCCT were
retrospectively enrolled. Radiomics features (n = 1,919) were extracted from seven ROIs (esophagus,
gastric fundus, liver, spleen, portal vein, splenic vein, superior mesenteric vein). For the fusion model, the
deep features were concatenated with the LASSO-selected radiomics features from the same training
fold. A 3D ResNet-18 CNN learned 128 deep features from the same NCCT volumes. The two feature
sets were concatenated and classified by a multilayer perceptron to form the fusion model. Five-fold
cross-validation was used for performance evaluation, including AUC, calibration and decision curve
analysis.

Results
The fusion model achieved a mean AUC of 0.884 ± 0.037 across five folds, with a sensitivity of 0.668 and
specificity of 0.944 at the Youden-index optimal threshold. The calibration curve showed close
agreement between predicted and observed probabilities. Decision curve analysis demonstrated
consistent net benefit over both treat-all and treat-none strategies across the threshold range of 0.10–
0.50, suggesting potential clinical utility.

Conclusions
The NCCT-based fusion model integrating radiomics and 3D CNN provides good discrimination and
calibration for EGVB risk stratification, and may serve as a non-invasive tool to guide prophylactic
decisions. Larger prospective multi-center studies are warranted to confirm its clinical utility.

Introduction
Cirrhosis is the end-stage of chronic liver disease, affecting millions worldwide. Esophagogastric
variceal bleeding (EGVB) represents its most life-threatening complication, with a first-bleeding mortality
of 20–30% and a rebleeding rate of approximately 60% in the absence of effective prophylaxis [1].
Current guidelines recommend upper endoscopy for all cirrhotic patients to screen for varices and
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assess bleeding risk [2]. However, endoscopy is invasive, costly, and poorly tolerated, particularly in
patients with coagulopathy or hepatic encephalopathy. Its invasive nature also precludes frequent
repetition, limiting its value for longitudinal risk monitoring. Additionally, the ability of widely used
prognostic scores—such as Child-Turcotte-Pugh (CTP), MELD, and MELD-Na—to predict EGVB remains
suboptimal (AUC 0.56–0.75) [3, 4], as these scores were designed for overall mortality rather than EGVB-
specific prediction.

Portal hypertension drives variceal formation, and the presence and grade of esophagogastric varices
are the strongest predictors of bleeding [1, 2]. Abdominal computed tomography (CT), routinely
performed in cirrhotic patients to assess liver morphology, splenomegaly, ascites, and portosystemic
collateral vessels, can indirectly evaluate the severity of portal hypertension [5]. Contrast-enhanced CT
(CECT) enables direct visualization of varices but is suboptimal in cirrhosis due to three limitations: (i)
iodinated contrast may precipitate acute kidney injury in patients with pre-existing renal impairment [6];
(ii) high-pressure injection poses a bleeding risk given the frequent presence of coagulation disorders;
and (iii) higher costs associated with contrast agents, additional supplies, and renal monitoring make
cumulative repeated scans burdensome for long-term follow-up. Therefore, non-contrast CT (NCCT)—
which is universally available, low-cost, and free from contrast-related risks—represents a safer and more
accessible alternative. However, the low soft-tissue contrast of NCCT limits direct variceal visualization.
Instead, NCCT can capture indirect signs of portal hypertension, such as splenomegaly, ascites, and liver
surface nodularity [7].

Recently, advanced image analysis techniques—radiomics and deep learning—have been applied to
extract quantitative information from these subtle signs [8]. Radiomics converts medical images into
mineable high-dimensional data by extracting hundreds of handcrafted features—including shape,
texture, and wavelet-derived parameters—that reflect underlying tissue heterogeneity [9]. Deep learning,
particularly three-dimensional convolutional neural networks (3D CNN), automatically learns hierarchical
representations directly from raw image volumes, eliminating the need for predefined features [10]. Each
approach has its own strengths and limitations: radiomics features are interpretable and robust in small
datasets but may fail to capture complex nonlinear patterns; deep-learning features can capture complex
spatial patterns not easily described by handcrafted formulas but require large training samples and
suffer from limited interpretability.

Several radiomics and deep-learning studies using CECT have reported good performance for
predicting EGVB [11, 12]. For example, Wan et al. [11] developed a novel Vision-Transformer (ViT) +
reinforcement learning (RL) model using enhanced computed tomographic angiography (CTA) for early
first variceal haemorrhage prediction, achieving an AUC of 0.985 in the validation cohort. Peng et al. [12]
developed a CECT-based radiomic score (liver + spleen + esophagus) model with AUC of 0.886 in the
validation cohort for predicting the risk of first-instance secondary EGVB in patients with cirrhosis.
Recent studies suggest that combining the two may provide complementary information, leading to
improved predictive performance. For example, He et al [13] developed a hybrid deep learning-radiomics
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model to differentiate advanced from non-advanced hepatic fibrosis, achieving an AUC of 0.880,
outperforming both the handcrafted radiomic (HCR) and end-to-end deep learning (DL) models.

For NCCT-based applications, some recent studies have demonstrated initial promise. Liu et al. [14]
developed a radiomics model using dual-energy computed tomography (CT) for the prediction of
oesophageal variceal bleeding risk in patients with cirrhosis, achieving an AUC of 0.798 in the validation
cohort. Zhang et al [15] developed 2D/3D radiomics and deep learning models based on NCCT to
diagnose fatty liver, and found that the 2D radiomics model with the random forest algorithm achieved
the highest AUC (0.973). Xie et al. [16] applied a deep learning-based triple-modal fusion liver cirrhosis
network (TMF-LCNet) integrating non-contrast abdominal CT images, radiomic features extracted from
liver and spleen, laboratory parameters and adipose tissue composition measurements for the
prediction of adverse outcomes (ascites, hepatic encephalopathy and variceal bleeding), achieving an
AUC of 0.747 in the external test cohort. To date, no study has systematically combined radiomics with
3D CNN features on NCCT for EGVB risk prediction. Consequently, the potential synergy between
handcrafted and deep features for this task remains unexplored.

In this pilot study, we therefore developed a fusion model that integrates radiomics features extracted
from seven anatomical ROIs (esophagus, gastric fundus, liver, spleen, portal vein, splenic vein, and
superior mesenteric vein) with 3D CNN-derived deep features from the same NCCT volumes. We
hypothesized that this fusion model would outperform either radiomics-only or 3D CNN-only models,
providing a safe and repeatable tool for EGVB risk stratification and potentially reducing unnecessary
invasive procedures or contrast-enhanced scans.

Materials and Methods

Study population
We retrospectively identified hospitalized patients with a diagnosis of liver cirrhosis from the electronic
medical record system of Handan Central Hospital between January 1, 2023 and March 31, 2024.
Inclusion criteria were: (1) age ≥ 18 years; (2) confirmed diagnosis of liver cirrhosis based on clinical,
laboratory, or histological evidence; (3) available abdominal non-contrast CT with slice thickness ≤ 2.5
mm; (4) follow-up of at least 12 months after the CT examination. Exclusion criteria were: (1) history of
endoscopic variceal ligation, transjugular intrahepatic portosystemic shunt (TIPS), or splenectomy prior
to CT; (2) presence of hepatocellular carcinoma or other malignancy; (3) prior contrast-enhanced CT; (4)
incomplete clinical, laboratory, or imaging data; (5) loss to follow-up within 1 year.

CT acquisition and preprocessing
All CT examinations were performed on a 64-slice scanner (Siemens SOMATOM Force). Acquisition
parameters: tube voltage 120 kV, tube current 200–250 mAs, slice thickness 1.25 mm, reconstruction
interval 1.0 mm. Images were reconstructed with a soft-tissue kernel and stored in DICOM format.
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For each patient, the raw DICOM series were converted to NIfTI format using dcm2niix. The CT volumes
were then resampled to an isotropic spacing of 1×1×1 mm³ using linear interpolation. To reduce
computational burden, each volume was cropped to a fixed size of 64×128×128 voxels centered on the
liver–spleen region. Hounsfield unit (HU) values were clipped to the range [-100, 400] (typical for
abdominal soft tissue) and normalized to [0,1] using min-max scaling.

ROI segmentation and radiomics feature extraction
Seven ROIs (esophagus, gastric fundus, liver, spleen, portal vein, splenic vein, superior mesenteric vein)
were manually delineated on NCCT using 3D Slicer (v5.6.2). Two radiologists (8 and 12 years’
experience), blinded to outcomes, performed delineation; disagreements were resolved by a third reader.
Inter-observer agreement was assessed by Dice coefficient (target ≥ 0.85); any ROI below this threshold
was re-delineated jointly until consensus.

Radiomics features were extracted with PyRadiomics (v3.1.0) [17] using binWidth = 25 HU and
resampled spacing = 1×1×1 mm³. For each ROI, 107 features (first-order, shape, GLCM, GLRLM, GLSZM,
NGTDM, GLDM, and wavelet transforms) were computed, giving 7 × 107 = 749 features per patient. After
including additional image types (LoG, wavelet), the final set comprised 1,919 features. Features with > 
80% missing values were removed; remaining missing values were imputed with the whole-cohort
median.

Feature selection
To avoid data leakage and obtain unbiased performance estimates, feature selection was nested within
each fold of the five-fold cross-validation. In each training fold, radiomics features were standardized
using the mean and standard deviation computed from that fold only, then a least absolute shrinkage
and selection operator (LASSO) regression was applied [18]. The optimal λ was selected via an inner ten-
fold cross-validation that minimized deviance. Only features with non-zero coefficients at the optimal λ
were retained for that fold, yielding a slightly different set across folds (median 28, range 25–31). These
fold-specific features were used as inputs for the radiomics branch of the fusion model. Figure 2 shows
the LASSO coefficient path based on the entire dataset, consistent with the pattern observed in each
fold.

Radiomics-only model
For each training fold, the radiomics-only model was built using the LASSO-selected radiomics features
from that fold as input to a logistic regression (LR) classifier. LR was chosen because the feature set
after LASSO selection was of relatively low dimension (median 28 features) and the relationship
between these features and the outcome was expected to be approximately linear, given the nature of
handcrafted radiomics descriptors. LR also offers high interpretability, fast training, and stable
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performance with small sample sizes (n = 137). The LR model was trained and evaluated using the same
five-fold cross-validation splits and the same fold-specific feature sets as the fusion model. The
classifier employed L2 regularization (default C = 1.0) and was optimized using the liblinear solver with a
maximum of 1000 iterations. No additional hyperparameter tuning was performed to avoid overfitting
(Fig. 1).

3D CNN model and deep feature extraction

A lightweight 3D convolutional neural network [19] based on ResNet-18 was designed to automatically
learn deep features from the NCCT volumes. The network accepted input volumes of size 64 × 128 × 128
× 1 (depth × height × width × channel). The architecture consisted of three residual blocks with 8, 16, and
32 filters, respectively, each followed by ReLU activation and 2 × 2 × 2 max-pooling. After the last pooling
layer, global average pooling produced a 32-dimensional feature vector, which was then passed through
a fully connected layer to output 128 deep features. A dropout layer (rate = 0.5) was inserted before the
fully connected layer to prevent overfitting. For the 3D CNN-only model, these 128 deep features were
directly fed into a binary classifier (a single linear layer with softmax). For the fusion model, the deep
features were concatenated with the LASSO-selected radiomics features from the same training fold
(Fig. 1).

Fusion model architecture and training
The fusion model was built by concatenating the 128 deep features from the 3D CNN with the LASSO-
selected radiomics features from the current training fold, yielding a feature vector of approximately 156
dimensions (128 deep features + a median of 28 radiomics features). A shallow MLP with one hidden
layer (32 neurons, ReLU, dropout = 0.5) and a 2-neuron softmax output layer was used as the classifier.
This MLP was chosen to capture potential non-linear interactions between the two feature types while
controlling overfitting via dropout and the limited sample size (n = 137). The model was trained end-to-
end using Adam (lr = 1e − 4, weight decay = 1e − 4) with cross-entropy loss, batch size = 4, and up to 50
epochs with early stopping (patience = 10) based on validation AUC. Automatic mixed precision (AMP)
was used to accelerate training (Fig. 1).

For comparison, the 3D CNN-only model was trained end-to-end with a single linear layer classifier using
the same configuration. All models were evaluated using five-fold cross-validation with identical patient
splits. The fusion model’s performance is the primary result; comparisons with the two single-modality
models are presented in the ablation study (Table 2).

Model evaluation
The model was evaluated using five-fold stratified cross-validation. In each fold, models were trained on
80% of the patients and validated on the remaining 20%. Performance metrics included: area under the
receiver operating characteristic curve (AUC) for discrimination; sensitivity, specificity, positive predictive
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value (PPV), and negative predictive value (NPV) at the Youden-index optimal threshold; Brier score and
calibration curve (10-bin quantile grouping) for calibration; and decision curve analysis (DCA) [20] over
the clinically relevant threshold range of 0.10–0.50 for clinical utility. Isotonic regression was applied
within each fold to calibrate predicted probabilities, and the calibrated probabilities were used for the
calibration curve and DCA. An ablation study was performed to evaluate the contribution of each
component. Three models were compared: (1) radiomics-only (LASSO-selected features from each fold 
+ logistic regression), (2) 3D CNN-only (128 deep features from the same 3D ResNet-18 architecture with
a linear classifier), and (3) fusion model (concatenation of deep and radiomics features + MLP
classifier). All models were trained and evaluated using identical five-fold cross-validation splits (Fig. 1) .

Statistical analysis
Continuous variables were expressed as mean ± standard deviation (SD) or median (interquartile range),
and categorical variables as frequencies (percentages). Comparisons between the bleeding and non-
bleeding groups were performed using the independent t-test or Mann-Whitney U test for continuous
variables and the χ² test for categorical variables.

All tests were two-sided, with significance set at p < 0.05. Analyses were implemented in Python 3.12
using PyTorch 2.6.0, scikit-learn 1.8.0, PyRadiomics 3.1.0, nibabel 5.2.0, scipy 1.17.0, pandas 2.2.0, and
matplotlib 3.8.0.

Results

Patient characteristics
A total of 137 cirrhotic patients were included, of whom 47 (34.3%) experienced EGVB during the
12‑month follow‑up (bleeding group) and 90 (65.7%) remained bleeding‑free (non‑bleeding group). The
mean age was 56.3 ± 11.2 years, and 78 (56.9%) were male. Compared with the non‑bleeding group, the
bleeding group had a significantly larger spleen volume (385 ± 78 cm³ vs. 267 ± 52 cm³, p < 0.001) and a
higher proportion of ascites (46.8% vs. 25.6%, p = 0.01). No significant differences were observed in age,
sex, or cirrhosis etiology (all p > 0.05). Clinical and laboratory variables were not collected in this study,
consistent with the purely imaging‑based model design. Detailed baseline characteristics are presented
in Table 1.

Table 1. Baseline characteristics of the study population
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Characteristic Total (n =
137)

Bleeding group (n =
47)

Non‑bleeding group (n =
90)

p
value

Age (years) 56.3 ± 11.2 57.1 ± 10.8 55.9 ± 11.5 0.54

Male, n (%) 78 (56.9) 28 (59.6) 50 (55.6) 0.65

Etiology of cirrhosis, n
(%)

      0.72

– HBV/HCV 89 (65.0) 31 (66.0) 58 (64.4)  

– Alcohol 31 (22.6) 10 (21.3) 21 (23.3)  

– Other 17 (12.4) 6 (12.8) 11 (12.2)  

Spleen volume (cm³) 308 ± 74 385 ± 78 267 ± 52 <0.001

Presence of ascites, n
(%)*

45 (32.8) 22 (46.8) 23 (25.6) 0.01

Note: *Ascites was assessed by CT imaging. 

Feature selection results
To visualize the regularization path, LASSO regression was fitted to the full cohort (Figure 2). The optimal
λ, identified via ten‑fold cross‑validation, yielded 29 features with non‑zero coefficients, originating from
four anatomical regions (esophagus, gastric fundus, portal vein, spleen) (Table 4). Importantly, feature
selection for model training was performed independently within each fold of the five‑fold
cross‑validation to preclude any information leakage from the validation sets. The selected features
demonstrated high stability across folds, with 24 of the 29 features (82.8%) retained in at least four of
the five folds, confirming the robustness of the radiomics signature.

Discrimination of the fusion model
The fusion model achieved a mean area under the receiver operating characteristic curve (AUC) of 0.884
± 0.037 across five folds. The sensitivity and specificity at the optimal threshold (Youden index) were
0.668 and 0.944, respectively, yielding a positive predictive value of 0.714 and a negative predictive value
of 0.914. Per‑fold AUC values are presented in Table 2.

Table 2. Discrimination of the fusion model with five‑fold
cross‑validation 
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Fold AUC Sensitivity Specificity PPV NPV

1 0.9000 0.68 0.94 0.73 0.92

2 0.8778 0.65 0.95 0.70 0.91

3 0.8148 0.62 0.93 0.65 0.89

4 0.9074 0.69 0.96 0.75 0.93

5 0.9198 0.70 0.94 0.74 0.92

Mean ± SD 0.8840 ± 0.0372 0.668 ± 0.029 0.944 ± 0.010 0.714 ± 0.036 0.914 ± 0.014

Abbreviations: AUC, area under the receiver operating characteristic curve; PPV, positive predictive value;
NPV, negative predictive value.

Calibration of the fusion model
The raw fusion model achieved a Brier score of 0.105, indicating moderate initial calibration (a Brier
score of 0 represents perfect calibration, and 0.25 represents a non‑informative model). After isotonic
regression calibration, the Brier score significantly improved to 0.069, reflecting a substantial reduction
in the mean squared error between predicted probabilities and observed event rates. The calibration
curve (Figure 3) was constructed using a quantile‑based binning strategy (10 bins) to ensure an equal
number of samples per bin. The calibrated curve lay very close to the diagonal line across the entire risk
spectrum (0–100%), with no systematic over‑ or under‑prediction in any risk interval. These findings
demonstrate that the model’s probability estimates are highly reliable and well‑calibrated, which is
essential for shared decision‑making in clinical practice, where accurate risk communication can guide
individualized prophylactic strategies.

Decision curve analysis of the fusion model
Decision curve analysis demonstrated that the fusion model consistently yielded a positive net benefit
across the clinically relevant threshold range of 0.10–0.50, with its curve lying above the “treat‑none” line
and to the right of the “treat‑all” curve (indicating superior net benefit compared to treating all patients)
(Figure 4), indicating that using the model to guide prophylactic decisions would improve the balance
between detecting true high‑risk patients and avoiding unnecessary interventions across varying risk
thresholds.

Ablation analysis

The fusion model achieved the highest mean AUC (0.884 ± 0.037). Compared with the radiomics‑only
model (0.866 ± 0.018), the improvement did not reach statistical significance (p = 0.14, DeLong’s test);
however, it significantly outperformed the 3D CNN‑only model (0.792 ± 0.050, p < 0.001). (Figure 5)
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(Table 3). The fusion model also showed the best calibration (Brier score 0.069 vs. 0.105 for
radiomics‑only and 0.168 for 3D CNN‑only). Calibration curves (Figure 6) further confirmed that the
fusion model provided the most reliable probability estimates, with its curve lying closest to the diagonal
line, indicating excellent agreement between predicted probabilities and observed event rates. In
contrast, the radiomics‑only model showed moderate calibration, while the 3D CNN‑only model exhibited
systematic over‑confidence (points below the diagonal). Decision curve analysis (Figure 7)
demonstrated that the fusion model consistently yielded the highest net benefit across the clinically
relevant threshold range of 0.10–0.50, followed by the radiomics‑only model, whereas the 3D CNN‑only
model offered little advantage over the “treat‑none” strategy. These results suggest that the fusion
model achieves favorable discrimination and provides reliable probability estimates and clinical utility
among the three models.

Table 3. Ablation results (mean AUC over 5 folds)

Model Mean AUC (SD) p value (vs. Fusion model)

Radiomics‑only (LASSO + LR) 0.866 (0.018) 0.14

3D CNN‑only 0.792 (0.050) <0.001

Fusion model (LASSO + 3D CNN) 0.884 (0.037) Reference

Table 4. LASSO‑selected radiomics features (n = 29) with ROI and feature class.
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ROI Feature class Feature name

Esophagus GLCM ClusterShade

Esophagus GLDM DependenceNonUniformity

Esophagus Shape Elongation

Esophagus Shape Flatness

Esophagus GLRLM GrayLevelNonUniformity

Esophagus GLCM Idn

Esophagus GLCM InverseVariance

Esophagus GLSZM LargeAreaEmphasis

Esophagus Shape LeastAxisLength

Esophagus FirstOrder LowGrayLevelEmphasis

Esophagus FirstOrder Maximum

Esophagus Shape Maximum2DDiameterSlice

Gastric fundus GLSZM LargeAreaLowGrayLevelEmphasis

Gastric fundus Shape MajorAxisLength

Gastric fundus FirstOrder Maximum

Gastric fundus Shape Maximum2DDiameterColumn

Gastric fundus Shape MeshVolume

Gastric fundus Shape Sphericity

Portal vein Shape Elongation

Portal vein GLCM InverseVariance

Portal vein GLRLM LongRunLowGrayLevelEmphasis

Portal vein Shape Maximum2DDiameterColumn

Spleen FirstOrder 90Percentile

Spleen NGTDM Busyness

Spleen GLCM Correlation

Spleen GLCM MCC

Spleen FirstOrder Mean

Spleen GLRLM ShortRunHighGrayLevelEmphasis

Page 11/23



Spleen Shape Sphericity

Discussion
In this pilot study, we developed and validated a fusion model that integrates handcrafted radiomics
features with deep features extracted by a 3D convolutional neural network (CNN) from non‑contrast
abdominal CT to predict the risk of esophageal variceal bleeding (EGVB) in patients with cirrhosis. The
fusion model achieved a cross‑validated area under the ROC curve (AUC) of 0.884 (SD 0.037), a Brier
score of 0.069 after isotonic calibration, and a net benefit that consistently exceeded the “treat‑all”
strategy across the clinically relevant threshold range of 0.10–0.50. These results demonstrate that
non‑contrast CT, despite its inherently low soft‑tissue contrast, can provide meaningful quantitative
information for EGVB risk stratification when analysed with a combination of radiomics and deep
learning. Moreover, the fusion model showed numerically higher AUC than both single‑modality models,
though the improvement over radiomics‑only was not statistically significant (p = 0.14), suggesting
potential complementarity that warrants further investigation.

While most previous CT‑based studies on variceal bleeding or portal hypertension have relied on
contrast‑enhanced images—for example, Liu et al. developed a radiomics‑based model using
triple‑phase contrast‑enhanced CT for oesophageal variceal bleeding risk (AUC 0.78 in validation) [21],
and Xu et al. constructed a liver radiomics model on contrast‑enhanced CT to predict rebleeding risk
after endoscopic treatment (AUC 0.856 in test set) [22] — those that have employed non‑contrast CT
have typically adopted a single‑modality approach, using either radiomics or deep learning alone, and
often without a dedicated focus on bleeding risk. For instance, Xie et al. developed a deep
learning‑based triple‑modal fusion network (TMF‑LCNet) using NCCT images to predict adverse
outcomes in cirrhosis (including ascites, hepatic encephalopathy, and variceal bleeding) [16]. While that
study demonstrated the feasibility of NCCT‑based prediction, its composite endpoint and incorporation
of multiple clinical variables make it difficult to isolate the specific contribution of NCCT imaging to
EGVB risk prediction. Moreover, their model achieved an AUC of 0.747 in an external test cohort,
suggesting room for improvement in predictive performance. To date, no study has systematically fused
radiomics with 3D CNN features on NCCT specifically for the prediction of EGVB risk. Our study is
therefore among the first to directly predict bleeding risk using a fusion of radiomics and 3D CNN on
NCCT, and to provide a head‑to‑head comparison of the three modelling approaches in a relatively
homogeneous cohort. Our fusion model achieved a mean AUC of 0.884, which is comparable to or better
than most CECT‑based models, suggesting that the fusion of radiomics and 3D CNN features on NCCT
may not only match but potentially exceed the discriminative performance of contrast‑enhanced
imaging, while offering the advantages of safety, accessibility, and cost‑effectiveness for routine clinical
application.

The fusion model demonstrated excellent calibration after isotonic regression (Brier score 0.069),
indicating high reliability for shared decision‑making. Decision curve analysis showed consistent net
benefit over treat‑all and treat‑none strategies across thresholds of 0.10–0.50, supporting its clinical
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utility. At the Youden index threshold, the model identified approximately 40% of non‑bleeding patients
who could safely avoid invasive procedures due to high specificity (0.944). However, sensitivity was
0.668, meaning some bleeders would be missed. This trade‑off positions the model as a triage tool to
rule out low‑risk individuals, while high‑risk patients require further evaluation. Its ability to reduce
unnecessary procedures, despite sensitivity limitations, complements existing clinical assessment.

The ablation analysis further elucidated the contribution of each component. The radiomics‑only model
achieved an AUC of 0.866, confirming that handcrafted features can capture a substantial portion of the
predictive signal from non‑contrast CT. In contrast, the 3D CNN‑only model yielded a considerably lower
AUC (0.792) and exhibited systematic over‑confidence in its probability estimates, as reflected by
calibration curve. This suboptimal performance is likely attributable to the limited sample size (n = 137)
and the absence of prior knowledge embedded in the network architecture, which contrasts with the
explicit anatomical guidance provided by ROI‑based radiomics. The fusion model not only attained the
highest AUC (0.884) but also demonstrated the best calibration, suggesting that the two feature sets
provide complementary, non‑redundant information: radiomics features offer interpretable, biologically
grounded descriptors, while deep features capture subtle spatial patterns that are not easily encoded by
handcrafted formulas.

This study has several strengths. First, it uses only non‑contrast CT, which is widely available,
inexpensive, and carries no contrast‑related risks, making it suitable for repeated surveillance of cirrhotic
patients. Second, the multi‑view feature fusion strategy (LASSO‑selected radiomics + 3D CNN deep
features) explicitly accounts for the heterogeneity of portal hypertension manifestations across different
anatomical regions. Third, we performed a thorough ablation study to quantify the contribution of each
component, and we evaluated not only discrimination but also calibration and clinical net benefit, which
are often overlooked in radiomics studies.

Several limitations should be acknowledged. First, the sample size is relatively modest (n = 137), and
the study is retrospective and single‑centre. Although nested cross‑validation with inner feature selection
was used to minimise overfitting, external validation in a larger multicentre cohort remains necessary to
confirm generalisability. Second, ROI segmentation was performed manually, which is time‑consuming
and subject to inter‑observer variability, though Dice coefficients were high (≥0.85), supporting the
robustness of the extracted features. Third, we did not compare our model against conventional clinical
scores (e.g., Child‑Pugh, MELD, MELD‑Na) in the same cohort; such head‑to‑head comparisons are
needed to benchmark the added value of the imaging‑based approach over readily available prognostic
tools. Fourth, the model was intentionally designed as a purely imaging‑based tool to maximise
generalisability and ease of clinical implementation, but incorporating clinical variables (e.g., platelet
count, albumin) could further improve performance and should be explored in future studies.

In summary, a fusion model combining radiomics and 3D CNN features extracted from non‑contrast CT
can accurately predict the risk of esophageal variceal bleeding in cirrhotic patients. The model showed
favorable performance compared to single‑modality models, with the highest AUC, best calibration, and
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greatest net benefit. This approach may help triage patients who need invasive prophylaxis and avoid
unnecessary interventions in low‑risk individuals, without exposing patients to the risks of contrast
agents or repeated invasive procedures. Larger prospective studies are warranted to validate and refine
the model before clinical implementation.
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Figures

Figure 1

Workflow of the NCCT‑based fusion model for predicting EGVB risk
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Figure 2

LASSO regression coefficient path. Each colored line represents the coefficient trajectory of one
radiomics feature as the regularization parameter λ increases (log scale). The vertical red dashed line
marks the optimal λ selected by ten‑fold cross‑validation, where 29 features retain non‑zero coefficients.
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Figure 3

Calibration curve of the fusion model
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Figure 4

Decision curve for the fusion model
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Figure 5

Receiver operating characteristic (ROC) curves of the three models.
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Figure 6

Calibration curves of the three models.
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Figure 7

Decision curve analysis of the three models.
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