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Abstract— Carotid atherosclerosis represents a major risk 

factor for ischemic stroke, requiring accurate risk stratification 

for effective clinical intervention. While deep learning models 

demonstrate excellent performance in medical image analysis, 

their lack of uncertainty quantification limits deployment in 

clinical environments. This study investigates the use of two 

uncertainty estimation techniques, Monte Carlo Dropout 

(MCD) and Deep Ensembles (DE), in cardiovascular risk 

prediction from B-mode carotid ultrasound images. Using the 

CUBS dataset for training and two datasets (ATTIKON and 

BUSI) for external evaluation under distributional shift and out-

of-distribution (OOD) conditions, the model’s performance, 

calibration, and robustness are assessed. Results demonstrate 

that MCD provides superior generalization and OOD detection 

capabilities (AUC = 0.9589), while DE excels in graceful 

degradation through rejecting high uncertainty samples, 

achieving 16.49% accuracy improvement on low uncertainty 

samples. These findings highlight the complementary strengths 

of both methods and underscore the critical importance of 

uncertainty aware AI in clinical decision support systems. 

Keywords— uncertainty estimation, deep learning, carotid 

atherosclerosis, medical imaging, Monte Carlo dropout, Deep 

Ensembles 

I. INTRODUCTION  

Cardiovascular diseases (CVDs) are the leading cause of 
mortality worldwide, accounting for approximately 17.9 
million deaths annually [1]. Among these, ischemic strokes 
constitute a major contributor, often resulting in severe long-
term disability. In Greece, the annual incidence of stroke is 
estimated at over 35,000 cases, many of which result in 
permanent impairment or death [2], [3]. 

Atherosclerosis of the carotid arteries — characterized by 
plaque formation and luminal narrowing — is one of the most 
prevalent causes of ischemic stroke. Notably, the disease 
frequently progresses asymptomatically until a critical 
vascular event occurs. Therefore, early risk assessment is 
crucial for prevention and clinical intervention. B-mode 
carotid ultrasound imaging offers a non-invasive, widely 
accessible, and cost-effective tool for visualizing vascular 
morphology and assessing the degree of stenosis. However, 
analysis of ultrasound images remains challenging, often 
subject to inter-operator variability and diagnostic 

subjectivity, especially in asymptomatic or borderline-risk 
cases. 

In this context, deep learning (DL) models, and 
specifically convolutional neural networks (CNNs), have 
demonstrated state-of-the-art performance in medical image 
analysis tasks, including cardiovascular risk stratification [4], 
[5]. Yet, despite their high predictive capabilities, 
conventional DL models lack mechanisms for quantifying 
uncertainty, a critical limitation in safety-sensitive domains 
such as clinical diagnostics. Overconfident but incorrect 
predictions can misguide physicians, reducing trust in 
automated tools. To overcome this limitation, uncertainty-
aware DL methods have been proposed, enabling models to 
output not only predictions but also calibrated confidence 
estimates. Techniques such as Monte Carlo Dropout (MCD) 
[6] and Deep Ensembles (DE) [7] provide probabilistic 
approximations of epistemic uncertainty, enhancing model 
trustworthiness, robustness to distributional shifts, and overall 
reliability in real-world settings. 

Another major challenge in clinical deployment is domain 
shift, which is associated with the performance degradation of 
models when these are applied to data from different 
acquisition settings, devices, or patient cohorts. This issue 
highlights the importance of developing models that are both 
uncertainty-informed and generalizable across heterogeneous 
clinical data. 

In this study, we propose and evaluate two uncertainty-
aware deep learning pipelines for binary risk stratification of 
carotid atherosclerosis using B-mode ultrasound images. Both 
approaches incorporate transfer learning and probabilistic 
modeling for uncertainty estimation. Our methodology 
includes in-distribution evaluation on the CUBS dataset [8], 
generalization testing on a domain-shifted clinical dataset 
from ATTIKON University Hospital [9], and robustness 
assessment under out-of-distribution (OOD) conditions using 
unrelated breast ultrasound data [10]. Through this process, 
we investigate the models’ predictive accuracy, its ability to 
distinguish high-versus low-uncertainty predictions using an 
uncertainty threshold, and overall trustworthiness in clinically 
realistic deployment scenarios. By integrating uncertainty 
estimation into DL-based cardiovascular risk prediction, this 
study aims to bridge the gap between technical performance 
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and human-AI interaction, paving the way for safer, more 
reliable, and transparent AI-assisted diagnostics. 

II. RELATED WORK 

Deep learning (DL) has demonstrated remarkable success 
in various medical imaging tasks, particularly in diagnostic 
applications involving complex data such as ultrasound scans. 
In vascular imaging, convolutional neural networks (CNNs) 
have been employed to classify atherosclerotic plaques, 
estimate intima-media thickness, and predict cardiovascular 
risk with high accuracy [11], [12], [13]. Earlier studies have 
also explored plaque motion synchronization and 
morphological patterns from B-mode ultrasound, 
emphasizing the diagnostic potential of dynamic carotid 
imaging [9]. The adoption of pretrained architectures such as 
InceptionV3, ResNet, and VGG has further improved model 
performance through transfer learning, especially when 
training data is limited. 

Despite this progress, most existing approaches operate in 
a deterministic context, providing point estimates without any 
indication of confidence. This is problematic in clinical 
domains, where decisions often carry life-altering 
consequences. To address this, uncertainty-aware DL methods 
have been introduced. MCD, proposed by Gal and 
Ghahramani [6], enables uncertainty estimation via multiple 
stochastic forward passes during inference. Alternatively, DE 
[7] combine predictions from independently trained models to 
capture both architectural variability and epistemic 
uncertainty. These methods have been applied in domains 
such as diabetic retinopathy detection [14], histopathology 
analysis [15], and brain segmentation [16], where uncertainty 
quantification improves interpretability and robustness in 
clinical decision-making. However, their application in 
vascular ultrasound imaging, and particularly in carotid 
atherosclerosis, remains limited. 

Furthermore, few studies explicitly consider domain shift 
and out-of-distribution (OOD) inputs in medical image 
analysis, despite their critical relevance in real-world 
deployment. Clinical datasets often differ in acquisition 
protocols, imaging devices, or patient populations, leading to 
distributional shift that can severely degrade model 
performance [17]. While some recent works explore 
uncertainty as a tool for OOD detection, these are mostly 
confined to synthetic benchmarks or large public datasets and 
rarely validated under real clinical conditions [18], [19]. 

This work aims to bridge this gap by investigating the 
integration of MCD and DE into deep learning pipelines for 
carotid atherosclerosis risk stratification, explicitly evaluating 
uncertainty behavior across both domain-shifted and OOD 
datasets derived from real clinical settings. 

III. METHODOLOGY 

The study focuses on evaluating uncertainty estimation 
techniques in DL-based classification of carotid ultrasound 
images under varied distributional settings. The proposed 
pipeline employs three datasets: one for training, validation, 
and testing under standard conditions; a second to simulate 
domain shift; and a third to assess out-of-distribution 
generalization. Two representative uncertainty estimation 
methods are compared - MCD, using a fixed feature extractor 
with stochastic inference, and DE, combining multiple 
independently trained convolutional neural networks (CNNs). 
All methods are evaluated using common performance and 

uncertainty metrics to ensure a fair and consistent comparison 
across in-distribution accuracy, robustness to domain shift, 
and out-of-distribution detection capability. Fig. 1 provides an 
overview of the methodology followed.  

A. Datasets 

TABLE I.  provides a summary of the datasets used in this 
study. Three datasets were utilized to train and evaluate the 
proposed models under in-distribution, domain-shifted, and 
out-of-distribution scenarios: 

1) CUBS (Carotid Ultrasound B-mode Study): This 

dataset served as the primary in-distribution dataset [8]. It 

contains 1,378 labeled carotid ultrasound images (left and 

right) from 689 patients. Labels indicating low or high 

cardiovascular risk were computed based on the existence of 

cardiovascular events on baseline or within a three-year 

follow-up. Approximately 73.4% of the cases were labeled as 

low-risk, thus introducing class imbalance. 

2) ATTIKON Dataset: This dataset includes 87 

ultrasound images obtained from the ATTIKON University 

Hospital [9]. It was used for external validation and domain-

shift evaluation. The high-risk class included patients 

exhibiting symptoms or presenting a stenosis degree 

 

Fig. 1. Overall methodology for uncertainty estimation in carotid 

atherosclerosis prediction. The framework uses three datasets: CUBS for 

training/validation/test, ATTIKON for domain shift evaluation, and BUSI 
for out-of-distribution testing. Two uncertainty estimation approaches are 

compared: MCD with InceptionV3 backbone and DE combining three CNN 

architectures. Both methods are evaluated using common metrics to ensure 
fair comparison across in-distribution performance, domain shift robustness, 

and out-of-distribution detection capabilities. 
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exceeding 70%. The dataset was imbalanced, with a 

predominance of high-risk cases.  

3) BUSI (Breast Ultrasound Images): This public dataset 

[10] contains 780 ultrasound images unrelated to carotid 

pathology. It was employed solely for out-of-distribution 

(OOD) evaluation, to assess the behavior of the uncertainty 

estimation techniques on semantically unrelated inputs. 

B. Preprocessing 

All images were resized to 464×618×3 and normalized to 
a [0,1] range. The CUBS dataset was split into training (60%), 
validation (20%), and testing (20%) subsets using a stratified 
sampling strategy. The ATTIKON and BUSI datasets were 
also resized to the same dimensions and used for inference 
only. No fine-tuning was performed on these datasets. Class 
weights were computed using the inverse frequency method 
to address label imbalance during training. 

C. Monte Carlo Dropout (MCD) 

The MCD approach employed a pre-trained InceptionV3 
network as a frozen feature extractor. A custom multilayer 
perceptron (MLP) was appended on top, consisting of three 
dense layers with 1024, 512, and 256 units respectively, all 
using ReLU activations. Dropout with a rate of 0.35 was 
applied after each dense layer and remained active during 
inference. 

The final output was a sigmoid-activated neuron for binary 
classification. L1-L2 regularization was applied to the dense 
layers' kernels. The model was trained using binary cross-
entropy loss and the Adam optimizer with a learning rate of 
3×10⁻⁴, incorporating exponential decay. Early stopping was 
triggered if validation AUC did not improve for 30 epochs. 

At inference time, 110 stochastic forward passes were 
performed. This value was selected based on empirical 
validation experiments, where performance stabilized beyond 
100 passes, balancing uncertainty estimation quality and 
computational efficiency. The average of predictions was used 
as the final output. Youden's J statistic was computed on the 
CUBS to determine the optimal uncertainty threshold. 
Samples with uncertainty below this threshold were 
considered high-confidence and were re-evaluated separately 
to assess model reliability under trusted conditions. 

D. Deep Ensembles (DE) 

The Deep Ensemble method combined three 
independently trained CNNS: VGG19, ResNet50, and 
DenseNet121. Each network was fine-tuned on the CUBS 
training set using transfer learning. Binary cross-entropy loss 
and the Adam optimizer (learning rate 3×10⁻⁴) were used for 
training. 

Each model generated a probability score for each sample. 
The final prediction was the mean of the three probabilities. 
Predictive uncertainty was estimated using entropy: 

 H(p) = -[p log(p) + (1-p) log(1-p)] (1) 

where p denotes the predicted probability for the positive 
class. Higher entropy values indicate lower model confidence. 
The same Youden-based thresholding was performed on the 
CUBS validation set to determine an entropy threshold for 
identifying high-confidence predictions. Predictions with 
entropy values below this threshold were considered more 
reliable and were re-assessed independently.  

E. Evaluation framework 

The evaluation process followed a structured framework 
that was consistently applied to both uncertainty estimation 
techniques. The evaluation framework, illustrated in Fig. 1, 
unfolded in sequential stages to assess both predictive 
accuracy and confidence robustness: 

1) In-distribution scenario: The CUBS dataset was used 

as the main in-distribution source. It was divided into three 

distinct subsets: training (60%), validation (20%), and test 

(20%). The selected uncertainty estimation technique—either 

MCD or DE —was applied to train the corresponding model 

using the training and validation subsets. The model was 

evaluated on the CUBS test set, where both classification 

performance and uncertainty estimation were computed. In 

addition, precision, recall, and F1-score were computed on 

the CUBS dataset to provide complementary evaluation 

metrics. 

2) Graceful degradation: The samples from the CUBS 

test set were filtered to identify high-confidence predictions 

based on uncertainty thresholds. The subset of low-

uncertainty samples were isolated and the model’s 

classification performance, measured by AUC, accuracy, 

precision, recall, was re-evaluated on this subset to examine 

whether predictive reliability improved under conditions of 

low uncertainty. This step aligns with the principle of 

graceful degradation, where the model identifies cases which 

might cause performance degradation and refrains from 

producing predictions on them.  

3) Domain shift scenario: The trained model was applied 

to the ATTIKON dataset, which represents a domain-shifted 

set, not seen during training. This step assessed generalization 

capabilities and uncertainty behavior when the model was 

faced with new but contextually related data. 

4) Out-of-distribution scenario: The model was 

evaluated on the BUSI breast ultrasound dataset, which 

constituted a fully out-of-distribution (OOD) scenario. This 

step was critical in determining whether the uncertainty 

estimation mechanisms can differentiate between in-

distribution and unrelated data. 

TABLE I.  SUMMARY OF DATASETS USED FOR TRAINING AND 

EVALUATION, CATEGORIZED AS IN-DISTRIBUTION (CUBS), DOMAIN-
SHIFTED (ATTIKON), AND OUT-OF-DISTRIBUTION (BUSI). 

 
IN-

DISTRIBUTION 

DATASET 

SHIFTED 
DATASET 

OUT-OF-
DISTRIBUTION 

DATASET 

DATASET 

SOURCE 

Carotid 
Ultrasound 
Boundary Study 
(CUBS) 

Vascular 
Surgery 
Department, 
PIGNA 
ATTIKON 

Breast 
Ultrasound 
Dataset 

TOTAL 

IMAGES 

1378 87 780 

LOW-

RISK 

IMAGES 

1012 (73.43%) 20 (22.99%) - 

HIGH-

RISK 

IMAGES 

366 (26.57%) 67 (77.01%) - 
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In each of these evaluation scenarios, the model's 
predictions were accompanied by a corresponding uncertainty 
estimate. The uncertainty was quantitatively interpreted to 
assess confidence levels, and the capacity of the model to 
distinguish between low-risk and high-risk patients under 
various confidence settings was critically examined. 

Evaluation metrics included prediction AUC and 
accuracy. For the in-distribution CUBS dataset, precision, 
recall, and F1-score were additionally computed to provide 
complementary insights into classification performance. An 
“uncertainty AUC” was also computed by labeling correctly 
classified samples as 0 and incorrectly as 1. For domain shift 
and OOD analysis, the uncertainty separation score—a 
measure of how well the model distinguishes between in-
distribution (CUBS) and shifted/OOD (ATTIKON/BUSI) 
samples was computed by labeling CUBS samples as 0 and 
ATTIKON/BUSI as 1. Higher scores indicated better 
shifted/OOD separation via uncertainty. This multi-layered 
approach enabled comprehensive assessment of model 
performance, robustness, and trustworthiness, which is 
particularly important in high-stakes medical settings. 

IV. RESULTS 

A. Predictive Performance and Confidence Correlation 

The obtained results for both MCD and DE demonstrated 
a clear relationship between predictive confidence and 
classification accuracy. As shown in the cumulative accuracy 
plots (Fig. 2 for MCD, Fig. 3 for DE), accuracy was 

significantly higher on samples with low estimated 
uncertainty. For the most confident predictions, cumulative 
accuracy began near 90% and gradually declined as samples 
with higher uncertainty were included.  

Quantitatively, MCD achieved an AUC of 0.5951 for 
predictions on the full test set, while DE yielded a slightly 
higher score of 0.6485. On the same dataset, MCD reached a 
precision of 0.359, recall of 0.918, and F1-score of 0.515, 
indicating strong sensitivity, whereas DE achieved a precision 
of 0.503, recall of 0.863, and F1-score of 0.635, reflecting a 
more balanced trade-off between precision and recall. When 
restricting evaluation to the low-uncertainty samples (filtered 
using an uncertainty threshold), both models showed 
substantial performance improvements, with the AUC 
increasing to 0.6471 for MCD and 0.7554 for DE, thus 
highlighting the effectiveness of uncertainty-based filtering in 
improving prediction reliability. 

Moreover, DE showed a notable advantage in uncertainty 
calibration, with an uncertainty-based AUC of 0.7511 
compared to 0.5933 for MCD on the same dataset. This 
suggests that DE not only yielded better predictions for 
confident samples but also provided more discriminative 
uncertainty estimates. 

B. Generalization on Shifted Data 

To assess generalization, both models were evaluated on a 
dataset drawn from a different clinical source (ATTIKON), 
which differed in patient population and data distribution. As 
expected, performance decreased relative to the original test 
set. For MCD, the prediction AUC dropped to 0.6263 and the 
uncertainty AUC to 0.5470. DE showed a more intense 
decline, with a prediction AUC of 0.4673 and an uncertainty 
AUC of 0.4447. These results highlighted that both models 
struggled to maintain performance under distributional shift, 
though MCD appeared more robust in this context. However, 
both methods still provided meaningful uncertainty signals. 
The uncertainty separation score was 0.7934 for MCD and 
0.7871 for DE, indicating comparable sensitivity to 
distributional changes. 

C. Out-of-Distribution Detection 

To evaluate OOD detection capability, both models were 
tested on ultrasound data from a breast imaging dataset 
(BUSI), lying completely outside the training distribution. 
The comparison of uncertainty distributions showed that OOD 
samples consistently received higher uncertainty scores. 

The combined ROC curve, presented in Fig. 4, illustrates 
each model's ability to separate in-distribution (ID) from OOD 
data. MCD achieved a very high AUC of 0.9589, while DE 
scored an AUC of 0.7641. These results suggest that MCD 
was more effective in identifying unfamiliar inputs based on 
uncertainty, making it a strong candidate for safety-critical 
deployments.  

D. Summary of Evaluation Metrics 

TABLE II. presents a comprehensive summary of the 
obtained evaluation metrics across both uncertainty estimation 
methods and various evaluation scenarios. While DE excelled 
in calibrated uncertainty estimation and in-distribution 
prediction accuracy, MCD offered superior performance 
under distribution shift and OOD detection.  

 

Fig. 2. Cumulative accuracy as a function of uncertainty for the MCD 

method across the in-distribution test set (CUBS), the high-confidence 
subset (Certain Samples), and the domain-shifted ATTIKON dataset. The 

model maintains high accuracy on confident predictions, while performance 

on the domain-shifted ATTIKON dataset reflects the model’s ability to 

detect distributional shift and moderate its predictions accordingly. 

 

Fig. 3. Cumulative accuracy as a function of uncertainty for the DE method 

across the in-distribution test set (CUBS), the high-confidence subset 
(Certain Samples), and the domain-shifted ATTIKON dataset. The model 

demonstrates higher accuracy on low-uncertainty predictions (Certain 

Samples), with reduced performance under domain shift (ATTIKON). 
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V. DISCUSSION 

In this study, we explored the incorporation of uncertainty 
estimation techniques into deep learning models for carotid 
atherosclerosis risk stratification from ultrasound images. 
Given the high-stakes nature of medical diagnosis, 
quantifying model confidence becomes imperative for 
enhancing safety and interpretability.  

We implemented two uncertainty-aware deep learning 
pipelines for carotid ultrasound risk stratification. Monte 
Carlo Dropout (MCD) employed a pre-trained InceptionV3 
backbone, while Deep Ensembles (DE) combined multiple 
CNN architectures. Both approaches were evaluated across in-
distribution, domain-shifted, and out-of-distribution datasets 
to comprehensively assess predictive performance and 
robustness. 

Both the CUBS and ATTIKON datasets exhibit strong 
class imbalance. To address this, we applied inverse-
frequency class weighting in the loss function, which 
compensates for minority under-representation without 
artificially altering the dataset distribution. Alternative 
strategies such as oversampling, undersampling, or balanced 
subsampling were considered less suitable. Resampling 
approaches in small datasets such as ATTIKON could cause 
overfit and amplify the contribution of noisy samples. In 
addition, we employed early stopping with validation AUC as 
the monitored criterion to prevent overfitting, ensuring that 
training stopped once generalization performance plateaued. 
This combined strategy stabilized optimization, improved 
sensitivity to the minority class, and supported more robust 
generalization. Finally, we highlight that our evaluation 
framework, externally validating to a shifted dataset with 
different class distributions, further underscores the 
importance of robustness under class imbalance, as it 
demonstrates the model’s capacity to transfer across cohorts 
with heterogeneous prevalence rates. 

Our evaluation revealed distinct advantages of each 
uncertainty estimation method across different dimensions of 
performance and robustness. The MCD approach 
demonstrated superior performance in distinguishing between 
in-distribution and OOD samples. Specifically, MCD 
achieved an AUC of 0.9589 in OOD detection (CUBS vs 
BUSI), indicating a strong capability to signal epistemic 
uncertainty when encountering unfamiliar inputs. 

Furthermore, the method maintained its discrimination 
performance when applied to the ATTIKON dataset—a 
shifted distribution compared to the training set—achieving a 
prediction AUC of 0.6263 and an uncertainty AUC of 0.5470, 
despite notable differences in risk profiles and acquisition 
settings. 

This robustness to distributional shifts suggests that MCD 
is well-suited for clinical applications where the data 
distribution may vary, such as across institutions or 
populations. Its ability to produce calibrated uncertainty 
estimates further enables the reliable separation of high- and 
low-confidence predictions, supporting decisions under 
uncertainty. 

In contrast, the DE method excelled in isolating high-
confidence predictions, or certain samples. The model showed 
graceful degradation, retaining high prediction quality on 
samples with low uncertainty. On the CUBS dataset, filtering 
based on uncertainty yielded an AUC improvement from 
0.6485 to 0.7554, demonstrating the method’s utility in 
controlled settings where predictive reliability is prioritized. 
This characteristic aligns well with medical deployment 
scenarios where models are expected to abstain from 
predictions in borderline or ambiguous cases, thereby 
mitigating risk. 

However, DE exhibited limitations in its generalization 
under domain shift. The uncertainty AUC scores on the 
ATTIKON and OOD datasets were comparably low, 
indicating a lack of sensitivity to distributional differences. 
This may be attributed to overfitting on the training set, 
leading to degraded OOD detection capabilities (AUC = 
0.7641) compared to MCD. Moreover, the domain 
discrepancy between CUBS (predominantly low-risk) and 
ATTIKON (predominantly high-risk) may have further 
impacted the ensemble’s ability to model the uncertainty 
landscape effectively. 

Overall, neither method outperformed the other across all 
axes of evaluation. Rather, they were shown to offer 
complementary strengths: 

• MCD is more appropriate for scenarios involving
distributional shift, anomaly detection, or robustness
under data variability.

• DE are advantageous when prediction confidence is
paramount, such as in automated decision-support
systems that emphasize reliability over coverage.

TABLE II.  SUMMARY OF AUC SCORES FOR BOTH MCD AND DE 

ACROSS MULTIPLE EVALUATION SCENARIOS. RESULTS INCLUDE IN-
DISTRIBUTION PERFORMANCE (CUBS), PERFORMANCE AFTER FILTERING 

HIGH-UNCERTAINTY SAMPLES, DOMAIN-SHIFT GENERALIZATION 

(ATTIKON), AND OOD DETECTION USING BREAST ULTRASOUND DATA 

(BUSI). 

Metrics MCD DE 

CUBS 

Prediction AUC 59.51 % 64.85 % 

Uncertainty AUC 59.33 % 75.11 % 

Prediction AUC (after 
rejecting high uncertainty 

samples) 
64.71 % 75.54 % 

ATTIKON 
Prediction AUC 62.63 % 46.73 % 

Uncertainty AUC 54.70 % 44.47 % 

Domain shift 
/ OOD 

detection 

Uncertainty separation 

score (CUBS vs ATTIKON) 
79.34 % 78.71 % 

Uncertainty separation 

score (CUBS vs BUSI) 
95.89 % 76.41 % 

Fig. 4. ROC curve showing the ability of MCD and DE to distinguish in-

distribution (CUBS) from out-of-distribution (BUSI) samples based on 
uncertainty. MCD achieves a significantly higher AUC (0.9589), suggesting 

enhanced reliability in detecting unfamiliar inputs. 
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These insights pinpoint the potential of a hybrid or 
adaptive deployment strategy, where model selection and 
confidence thresholds could be dynamically adjusted based on 
clinical context. 

Potential limitations of the study refer to the relatively 
small dataset sizes and class imbalances that may affect 
generalizability. The inverted class imbalance between the 
ATTIKON and CUBS datasets resemble a marginal, although 
realistic, scenario of distribution shift. Future work should 
therefore focus on applying these methods to larger and more 
balanced cohorts, where class ratios better reflect clinical 
prevalence and allow more representative evaluation. Finally, 
emerging hybrid approaches such as Masksembles, which 
combine the benefits of DE and MCD, represent a promising 
direction for further improving uncertainty quantification in 
clinical applications. 

VI. CONCLUSION 

This study investigated the use of the MCD and DE 
uncertainty estimation techniques for carotid atherosclerosis 
risk stratification using ultrasound imaging. MCD 
demonstrated exceptional generalization and out-of-
distribution detection capabilities, while DE excelled in 
uncertainty calibration and high confidence prediction 
filtering. The results highlight the complementary nature of 
these approaches and their potential for enhancing the safety 
and reliability of AI-assisted medical diagnosis. Neither 
method universally outperformed the other; rather, each 
offered distinct advantages suited to different clinical 
scenarios and requirements. Future work should explore 
hybrid uncertainty estimation strategies, evaluate performance 
on larger and more balanced datasets, and investigate 
integration with human-in-the-loop systems for optimal 
clinical deployment. The development of uncertainty-aware 
medical AI represents a crucial step toward more transparent, 
reliable, and clinically acceptable automated diagnostic tools. 
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