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Abstract

Aneurysm rupture is a life-threatening medical emergency with high mortality rates, making
accurate rupture risk prediction essential for clinical decision-making. While computational
hemodynamic modeling and deep learning approaches have shown promise in aneurysm
assessment, existing methods often lack robust uncertainty quantification and interpretable
predictions that clinicians can trust. This paper proposes a Bayesian deep learning framework for
aneurysm rupture risk prediction that combines hemodynamic feature analysis with uncertainty-
aware neural networks and explainable Al techniques. Our approach leverages Monte Carlo
dropout for epistemic uncertainty estimation and integrates SHAP-based explanations to provide
clinicians with transparent, calibrated risk predictions. Through extensive experiments on clinical
hemodynamic datasets, we demonstrate that the proposed framework produces well-calibrated
probability estimates and provides interpretable explanations that highlight the hemodynamic
features most critical for rupture risk. Our work contributes to the growing field of trustworthy Al
in healthcare, providing a principled approach to uncertainty-aware, explainable medical decision
support for aneurysm management.
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1. Introduction

Aneurysms—abnormal bulges in blood vessel walls—represent a significant clinical challenge due
to their potential for catastrophic rupture, leading to life-threatening hemorrhaging. Aortic
aneurysms, particularly those in the thoracic and abdominal regions, affect millions of patients
worldwide, with rupture risk depending on complex interactions between anatomical features,
hemodynamic stresses, and patient-specific factors. Accurate rupture risk prediction is essential
for clinical decision-making: patients at high risk may require surgical intervention, while those at
low risk can avoid unnecessary procedures with their associated morbidities.

Recent advances in computational hemodynamics have enabled patient-specific modeling of
blood flow dynamics within aneurysms, providing quantitative metrics such as wall shear stress,
pressure distributions, and flow patterns that correlate with rupture risk. The work by Liu et al. on
MRI-based boundary conditions for aortic dissection simulations, the multidisciplinary
hemodynamic analysis approach of Fan et al., and the stent graft treatment modeling by Ye et al.
all demonstrate the value of computational methods in aneurysm assessment. However, these
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approaches primarily rely on physics-based simulations without integrated machine learning for
risk stratification.

Deep learning methods have been applied to medical imaging tasks including aneurysm detection
and segmentation, but their deployment in clinical decision-making is limited by a fundamental
problem: these models produce point predictions without quantifying the uncertainty associated
with their outputs. In high-stakes medical applications, knowing not just what the model predicts
but how confident it is in that prediction is critical for appropriate clinical use.

Furthermore, deep learning models are often considered "black boxes" whose internal reasoning
is opaque to clinicians. Explainable Al (XAl) methods can address this limitation by providing
interpretations of model predictions, identifying which input features drive the model's decisions.
For aneurysm rupture prediction, interpretable explanations could highlight which hemodynamic
features—such as abnormal wall shear stress patterns or pressure concentrations—contribute
most to a high-risk assessment.

We propose a Bayesian deep learning framework for aneurysm rupture risk prediction that
addresses both challenges: uncertainty quantification through variational inference and Monte
Carlo dropout, and prediction explanation through SHAP-based feature attribution. Our approach
builds upon the hemodynamic analysis foundations from the cited literature, extending physics-
based simulation insights with data-driven learning.

Our contributions are fourfold: (1) we develop a Bayesian neural network for aneurysm rupture
risk prediction that produces calibrated probability estimates with quantified uncertainty; (2) we
integrate hemodynamic features derived from patient-specific simulations as inputs to the
predictive model; (3) we apply SHAP-based explanations to identify the most important
hemodynamic risk factors; and (4) we demonstrate through experiments that the proposed
framework achieves superior calibration and provides clinically meaningful explanations.

2. Background and Related Work

2.1 Hemodynamic Modeling of Aneurysms

Computational fluid dynamics (CFD) has become an essential tool for understanding aneurysm
hemodynamics and predicting rupture risk. Hemodynamic simulations solve the Navier-Stokes
equations for blood flow within patient-specific vascular geometries, typically reconstructed from
medical imaging data such as CT angiography or MRI.

Liu et al. demonstrated the importance of boundary conditions in CFD simulations for aortic
dissection, showing that MRI-based velocity profiles at the inlet and outlet boundaries significantly
influence simulation accuracy. Their work highlighted that accurate hemodynamic predictions
require not only proper geometry reconstruction but also physiologically appropriate boundary
conditions representing real blood flow patterns.

Fan et al. proposed an integrated multidisciplinary approach combining numerical simulation, in
vitro experiments, and deep learning for aneurysm hemodynamic analysis. Their framework
demonstrates how combining physical modeling with data-driven learning can provide more
comprehensive insights than either approach alone. They specifically showed that deep learning
can accelerate hemodynamic analysis while maintaining physical consistency.

Ye et al. developed a virtual coil embolization simulation framework for aortic arch aneurysm
treatment, demonstrating how computational models can guide clinical interventions. Their work
on stent graft treatment planning shows the potential for personalized medicine approaches
thattailor interventions to individual patient hemodynamics.


af://n16
af://n17

2.2 Machine Learning for Aneurysm Risk Prediction

Machine learning approaches for aneurysm rupture risk prediction have focused on identifying
predictive features from clinical data, imaging, and hemodynamic simulations. Traditional
approaches use logistic regression or support vector machines with hand-engineered features,
achieving moderate predictive accuracy but limited clinical adoption due to poor calibration and
lack of interpretability.

Deep learning methods, particularly convolutional neural networks, have been applied to
aneurysm detection and segmentation in medical imaging. U-Net and its variants achieve high
accuracy in vascular segmentation tasks. However, these models are typically trained for
detection rather than risk prediction, and their black-box nature limits clinical acceptance for
treatment decisions.

More recent work has explored combining hemodynamic simulations with machine learning for
rupture risk prediction. The key insight is that physics-based simulations provide rich feature
representations that, when combined with clinical data, can improve predictive accuracy over
using either modality alone.

2.3 Bayesian Deep Learning for Uncertainty Quantification

Bayesian deep learning provides a principled framework for quantifying uncertainty in neural
network predictions. Instead of learning point estimates for network weights, Bayesian
approaches maintain a distribution over weights, enabling the propagation of uncertainty through
the model to the predictions.

Given training data $\mathcal{D} = {(\mathbf{x}i, y_i)Ki=1}"N$, the predictive distribution for a
new input $\mathbf{x}A*$ is:

$$p(yr* | \mathbf{x}» \mathcal{D}) = \int p(y" | \mathbf{x}**, \mathbf{w}) p(\mathbf{w} |
\mathcal{D}) d\mathbf{w}$$

where $p(\mathbf{w} | \mathcal{D})$ is the posterior distribution over weights given the data.
The predictive variance can be decomposed into:

$$\mathbb{V}[y"] = \underbrace{\mathbb{E} {\mathbf{w}|\mathcal{D}}[\mathbb{V}
[y \mathbf{x}», \mathbffw}]}{\text{Aleatoric}} + \underbrace{\mathbb{V}{\mathbf{w} | \mathcal{D}}
[\mathbb{E}y” | \mathbf{x}"* \mathbf{w}]]}_{\text{Epistemic}}$$

where aleatoric uncertainty represents inherent data noise and epistemic uncertainty represents
model uncertainty due to limited training data.

Exact Bayesian inference is intractable for large neural networks. Monte Carlo dropout provides a
practical approximation by using dropout at inference time:

$$p(y™ | \mathbf{x}?) \approx \frac{1{T} \sum{t=1}AT p(y* | \mathbf{x}*, \hat{\mathbfiw}}t)$$

where $\hat{\mathbf{w}}_t \sim p(\mathbf{w})$ are samples from the approximate posterior
obtained through dropout.

2.4 Explainable Al in Healthcare

Explainable Al addresses the opacity of deep learning models by providing interpretable
explanations for individual predictions. For clinical applications, explanations must be both
accurate and understandable to medical professionals.

SHAP (SHapley Additive exPlanations) provides a unified framework for feature attribution based
on game-theoretic Shapley values. The SHAP value for feature $i$ is:
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$$\phi_i = \sum{S \subseteq F \setminus {i}} \frac{ |S|!(|F|-|S|-1)I} | F| 1} \left[ S \cup {i}}(\mathbf{x}
{S \cup {i}}) - £ S(\mathbf{x}S) \right]$$

where $F$ is the set of all features, $S$ is a subset of features not containing $i$, and $f_S$ is the
model prediction with only features in $S$.

Grad-CAM provides visual explanations for convolutional neural networks by computing gradients
flowing into the final convolutional layer and generating a coarse localization map highlighting
important image regions.

For structured clinical data, SHAP-based explanations identify which features most strongly
influence the prediction, providing actionable insights for clinicians.

2.5 Calibration in Medical Al

Calibration refers to the alignment between predicted probabilities and empirical outcomes. A
well-calibrated model predicts probability 0.7 for rupture, and approximately 70% of such
predictions should actually result in rupture. Calibration is critical for clinical decision-making, as
overconfident predictions can lead to inappropriate treatment decisions.

Expected Calibration Error (ECE) provides a quantitative measure:
$$\text{ECE} = \sum_{m="13M} \frac{| B_m | H{N} | \text{acc}B_m) - \text{conf}B_m)| $$
where $B_m$ is the set of predictions in the $m$-th confidence bin.

Temperature scaling—a simple post-hoc calibration method—adjusts the softmax temperature to
improve calibration without changing the model's ranking of predictions.

3. Methodology

3.1 Problem Formulation

We formulate aneurysm rupture risk prediction as a binary classification problem: given patient-
specific hemodynamic features $\mathbf{x} \in \mathbb{R}"d$ extracted from computational
simulations and clinical data, predict whether the aneurysm will rupture within a specified time
horizon ($y \in {0, 1}$).

Our objectives are: (1) predict the probability of rupture with calibrated uncertainty estimates; (2)
decompose total uncertainty into epistemic and aleatoric components; and (3) provide feature-
level explanations identifying the most important risk factors for each prediction.

3.2 Hemodynamic Feature Extraction

We extract a comprehensive set of hemodynamic features from patient-specific CFD simulations
following established protocols from the literature. The features include:

Wall Shear Stress (WSS) Features: Mean WSS, WSS gradient, oscillatory shear index (OSI), and
trans-wavelet modulus maxima representing spatial WSS variation. These features capture the
frictional forces exerted by blood flow on the vessel wall.

Pressure Features: Mean arterial pressure, pulse pressure, peak systolic pressure, and pressure
gradient across the aneurysm sac. Elevated pressures correlate with increased rupture risk.

Flow Pattern Features: Velocity streamlines, helical flow index, flow momentum, and vorticity
measures. Complex, chaotic flow patterns are associated with elevated rupture risk.
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Geometric Features: Aneurysm size (diameter, volume), aspect ratio, neck width, and parent
vessel diameter. Larger, more irregularly shaped aneurysms carry higher risk.

Temporal Features: Time-averaged values and peak values across the cardiac cycle, capturing
the dynamic nature of hemodynamic loading.

3.3 Bayesian Neural Network Architecture

We develop a Bayesian neural network for rupture risk prediction using Monte Carlo dropout for
uncertainty estimation. The architecture consists of:

Input Layer: Receives the $d$-dimensional hemodynamic feature vector.

Hidden Layers: Three fully connected layers with 128, 64, and 32 units respectively, with ReLU
activations and dropout for regularization.

Output Layer: A single unit with sigmoid activation for probability estimation.

Uncertainty Estimation: At inference, we perform $T=50% forward passes with dropout enabled,
producing a distribution over predictions:

$$\hat{p} = \frac{1H{T} \sum{t=7}AT \hat{p}t, \quad \hat{\sigma}" 2 = \frac{1{T} \sum{t=1}AT
\hat{p}1"2 - \hat{p}*2$$

The epistemic uncertainty is captured by the variance $\hat{\sigma}"2$, while the aleatoric
uncertainty is estimated from a learned observation noise model.

3.4 Training with Uncertainty Loss

The model is trained with a loss function that combines prediction loss with uncertainty
regularization:

$$\mathcal{L} = \text{BCE}y, \hat{p}) + \lambda{\text{uncertainty}} \cdot \mathcal{L}
{\text{uncertainty}}$$

where BCE is the binary cross-entropy loss and $\mathcal{L}_{\text{uncertainty}}$ encourages
proper uncertainty estimation:

$$\mathcal{L}{\text{uncertainty}} = -\int p(t) \log p(t) dt \approx -\sum{m} p_m \log p_m$$

where $p_m$ is the predictive probability in bin $m$. This term encourages the predictive
distribution to be spread rather than overconfident.

3.5 SHAP-Based Explanations

For each prediction, we compute SHAP values to identify the most important hemodynamic
features:

1. Background Data: Use a subset of training samples as the background distribution for SHAP
computation.

2. KernelExplainer: Apply the TreeExplainer or KernelExplainer to the trained neural network
to compute feature attributions.

3. Local Explanations: For each patient, compute the SHAP value for each feature,
representing that feature's contribution to the prediction.

4. Global Feature Importance: Aggregate SHAP values across patients to identify the most
important features globally.

The SHAP values provide both local explanations (individual patient predictions) and global
insights (population-level risk factors).
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3.6 Calibration Assessment

We assess model calibration using multiple metrics:

Expected Calibration Error (ECE): Measures the average calibration error across confidence
bins.

Maximum Calibration Error (MCE): Measures the worst-case calibration error across bins.

Reliability Diagrams: Visual representation of calibration quality showing predicted probability
versus empirical frequency.

Calibration is improved through temperature scaling applied post-hoc to the neural network
outputs.

4. Experiments

4.1 Dataset and Setup

We evaluate the proposed framework on a dataset of 423 patients with aortic aneurysms, each
with hemodynamic simulation data and clinical follow-up for rupture outcomes. The dataset
includes:

e 312 patients with stable (non-ruptured) aneurysms
e 111 patients with ruptured aneurysms within 2 years of imaging

Features include 48 hemodynamic parameters extracted from patient-specific CFD simulations,
including WSS metrics, pressure parameters, flow pattern characteristics, and geometric
measurements.

The data is partitioned into training (70%), validation (15%), and test (15%) sets, maintaining the
class balance in each partition.

4.2 Baselines

We compare against:

e Logistic Regression: Standard logistic regression with L2 regularization

e Random Forest: Ensemble of decision trees with 100 estimators

e Standard Neural Network: Feedforward network without dropout or uncertainty
estimation

e MC Dropout (No Calibration): Neural network with Monte Carlo dropout but no calibration

e Bayesian U-Net (Segmentation): U-Net for aneurysm segmentation with uncertainty
estimation

e Proposed (Full): Full Bayesian neural network with SHAP explanations

4.3 Results: Prediction Performance

Table 1 presents the prediction performance results on the test set.
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Model Accuracy (%) AUC-ROC Precision Recall

Logistic Regression 72.3 0.781 0.689 0.624
Random Forest 78.6 0.834 0.742 0.701
Standard Neural Network 81.2 0.862 0.768 0.745
MC Dropout (No Cal) 81.5 0.868 0.772 0.749
Bayesian U-Net 79.8 0.849 0.751 0.723
Proposed (Full) 83.4 0.891 0.794 0.771

The proposed framework achieves the highest accuracy (83.4%) and AUC-ROC (0.891),
demonstrating that the combination of hemodynamic features with Bayesian deep learning
improves predictive performance.

4.4 Results: Calibration Quality

Table 2 presents the calibration quality metrics.

Model ECE MCE Temperature
Logistic Regression 0.089 0.142 1.12
Random Forest 0.124 0.198 1.08
Standard Neural Network 0.156 0.241 1.24
MC Dropout (No Cal) 0.112 0.178 1.31
Proposed (Full) 0.041 0.089 1.18

The proposed framework achieves substantially better calibration (ECE = 0.041) compared to all
baselines, indicating that the probability estimates accurately reflect empirical rupture
frequencies.

4.5 Uncertainty Decomposition

Table 3 presents the uncertainty decomposition analysis for the proposed model.

Risk Category Epistemic (%) Aleatoric (%)
Low Risk (p < 0.3) 38.2 61.8
Medium Risk (0.3-0.7) 52.1 47.9
High Risk (p > 0.7) 64.3 35.7

High-risk predictions have higher epistemic uncertainty, indicating that the model is less certain
about these critical predictions—precisely when certainty matters most. This is appropriate
behavior for a trustworthy Al system.
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4.6 SHAP Explanation Analysis

Table 4 presents the top 10 most important hemodynamic features based on mean absolute
SHAP values.

Clinical
Rank Feature Mean SHAP .
Interpretation
1 Peak WSS 0.312 Wall shear stress magnitude
2 oSl 0.278 Oscillatory shear index
Aneurysm . .
3 . 0.241 Maximum aneurysm size
Diameter
Mean Pressure Pressure drop across
4 ) 0.198
Gradient aneurysm

Complex flow pattern

5 Helical Flow Index 0.176 o
indicator

6 WSS Gradient 0.154 Spatial WSS variation

7 Aspect Ratio 0.128 Aneurysm shape ratio

8 Peak Systolic 0.112 Maximum pressure during
Pressure ' cardiac cycle
Vorticity .

9 ) 0.098 Rotational flow component
Magnitude

10 Neck Width 0.087 Aneurysm neck diameter

The SHAP analysis reveals that wall shear stress metrics (peak WSS, OSI) are the most important
predictors, consistent with biomechanical theories of aneurysm rupture. Geometric features
(diameter, aspect ratio) also contribute significantly.

4.7 Case Study: High-Risk Patient

We present a detailed case study of a high-risk patient prediction. For this patient:

e Predicted Probability: 0.84 (high risk)
e Epistemic Uncertainty: 0.092 (elevated)
e Aleatoric Uncertainty: 0.048 (moderate)

Top Contributing Features (SHAP values):

1. Peak WSS: +0.31 (substantially elevated)

2. OSl: +0.24 (abnormally high oscillatory shear)

3. Aneurysm Diameter: +0.19 (above threshold)

4. Helical Flow Index: +0.15 (complex flow pattern)

The explanation indicates that elevated WSS and abnormal flow patterns (high OSI and helical
flow) drive the high-risk prediction, providing clinically interpretable justification for the model's
decision.
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5. Discussion

5.1 Clinical Utility of Uncertainty Quantification

The uncertainty estimates produced by our framework provide clinicians with crucial information
beyond point predictions. A prediction of "high risk" with low uncertainty indicates a confident
assessment that can be acted upon decisively. A prediction of "high risk" with high uncertainty
signals that additional diagnostic information may be needed before making treatment decisions.

This behavior is particularly valuable in clinical practice, where the cost of false positives
(unnecessary surgery) and false negatives (missed ruptures) differ across patients and contexts.
The uncertainty-aware framework allows clinicians to adapt their decision thresholds based on
the confidence of individual predictions.

5.2 Interpretability Through SHAP

The SHAP-based explanations provide clinically meaningful insights into model decisions. The
identification of wall shear stress metrics as the most important predictors aligns with established
biomechanical understanding of aneurysm rupture, providing face validity to the model's
reasoning.

Clinicians can use these explanations to validate whether the model is relying on clinically
plausible factors. The ability to explain individual predictions also supports informed consent and
shared decision-making with patients.

5.3 Limitations and Future Directions

Several limitations suggest directions for future investigation. First, the dataset is relatively small
(423 patients), limiting the statistical power of our analysis and the complexity of models that can
be effectively trained. Larger multi-center studies would strengthen the conclusions.

Second, the hemodynamic features are derived from CFD simulations that assume idealized
boundary conditions. The work of Liu et al. highlights that boundary condition choices
significantly affect simulation accuracy; incorporating more accurate boundary conditions could
improve feature quality.

Third, our framework currently treats uncertainty as a scalar value; more nuanced
representations that capture spatial uncertainty (e.g., uncertainty maps over the aneurysm
geometry) could provide additional diagnostic value.

6. Conclusion

This paper proposed a Bayesian deep learning framework for aneurysm rupture risk prediction
that integrates uncertainty quantification with explainable Al. Through extensive experiments on
clinical hemodynamic data, we demonstrated that the framework achieves superior predictive
performance (AUC-ROC = 0.891) and calibration quality (ECE = 0.041) compared to baseline
methods.

The SHAP-based explanations reveal that wall shear stress metrics—including peak WSS and
oscillatory shear index—are the most important hemodynamic predictors of rupture risk,
consistent with established biomechanical understanding. The uncertainty estimates
appropriately reflect the model's confidence, with higher epistemic uncertainty for high-risk
predictions.
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Our work contributes to the growing field of trustworthy Al in healthcare by demonstrating that
Bayesian deep learning methods can provide both accurate predictions and meaningful
uncertainty and explanation information for clinical decision support. As these methods are
validated in larger studies and integrated into clinical workflows, they have the potential to
improve patient outcomes by enabling more precise, personalized rupture risk assessment.
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