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Abstract 

The predictive outputs of deep learning models inherently contain uncertainty, which is often 

imperceivable to the user and is not readily available from standard model outputs. Without uncertainty 

information, the reliability of model predictions cannot be ensured, and model failures may not be 

appropriately accounted for. This poses a severe threat within clinical settings, where deep learning 

models are increasingly studied with the intent to inform and enhance patient care. To facilitate the 

responsible implementation of clinical deep learning models, where the reliability of predictive outputs 

is informed by uncertainty information, uncertainty quantification (UQ) methods are essential, yet 

remain largely underexplored. The main goal of this work is to investigate existing UQ methods for the 

metastatic lesion segmentation task, consider their limitations, and propose novel UQ approaches to 

overcome these limitations and improve UQ utility.  

To that end, we have implemented, developed, and validated UQ methods which target 

uncertainty arising from two types of data distribution—out-of-distribution (OOD) uncertainty and in-

distribution (ID) uncertainty. OOD uncertainty arises from discrepancies between image features present 

in the train and test data. On the other hand, ID uncertainty arises from various sources that impede 

robust model fitting, such as train data noise, despite shared similarities between the train and test data. 

Capturing both OOD and ID uncertainties is essential for comprehensive UQ. Therefore, this work 

considers and addresses both types of uncertainty, with methods tailored specifically to the medical 

image domain.   

To capture OOD uncertainty, we implemented established methods and compared these to an 

introduced approach that utilizes a post hoc information bottleneck optimization process to quantify the 

discrepancy between train and test images via shared mutual information of embedded train and test 
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features. We then assessed and quantitatively compared the performance of several established ID UQ 

methods for the critical clinical task of metastatic lesion segmentation on full-body PET/CT images. 

Finally, we introduced a novel ID UQ method that leverages localized gradient information to capture the 

sensitivities of local model outputs to trained model parameters.  

The novel, information-based OOD uncertainty measure outperformed established OOD 

measures in detecting computerized tomography (CT) test images with simulated artifacts. The 

introduced OOD uncertainty measure also correlated significantly with model segmentation 

performance metrics. When investigating established ID UQ measures for metastatic lesion 

segmentation, we found that the test time augmentation method achieved superior results across 

quantitative evaluations, such as false negative region recovery and correlations with segmentation 

performance metrics. Lastly, the novel localized gradients-based ID UQ demonstrated superior 

performance compared to standard model outputs for detecting artificially perturbed data, lower quality 

clinical data, detecting false positive predicted regions, and correspondence with physician disease 

likelihood ratings.  

In summary, this work offers new solutions for the UQ of deep learning models and assesses the 

performance of existing methods. These uncertainty measures hold many practical applications, 

including providing robust reliability measures of model outputs, acquiring reliability measures for 

downstream clinical tasks via uncertainty propagation, and enhancing model robustness through 

specialized training frameworks such as active learning. Ultimately, this work contributes to the 

responsible deployment of clinical deep learning models where the reliability of predictive outputs is 

effectively characterized via uncertainty quantification to avoid undue harm to patient care.
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Introduction 

1.1 Overview 

Deep learning models have demonstrated strong performance across a wide variety of 

automatic medical image analysis tasks, including structure segmentation (Minaee et al., 2022), 

pathology diagnosis (Rana & Bhushan, 2023), image registration (Fu et al., 2020), and more (Chen et al., 

2022). Not only are deep learning models frequently superior to traditional statistical and machine 

learning-based computer-assisted image analysis tools, but they have also achieved comparable 

performance to expert human readers across various medical image analysis tasks (X. Liu et al., 2019). 

Given this level of effectiveness, it is apparent that deep learning models hold strong potential to greatly 

impact medical settings, and their large-scale clinical deployment appears imminent. Most deep learning 

approaches, however, are missing a critical component for safe and responsible clinical use—uncertainty 

quantification (UQ).  

Deep learning model outputs inevitably contain associated uncertainty, which is not apparent 

from standard model outputs (Abdar et al., 2021). Without uncertainty information, the trustworthiness 

of model outputs cannot be known. This poses a severe threat within the medical image analysis 

domain, where deep learning models are being studied with the intent to aid clinical decision-making. 

The lack of uncertainty information could potentially induce unseen errors in clinical workflows that will 

negatively impact patient care. It is therefore critical to integrate UQ into clinical models to provide 

clinicians with more reliable output information and to avoid consequential errors. 
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Fundamental to the need for UQ is the presence of poor model probability calibration. Standard 

model outputs for most deep learning tasks include a binarized class prediction preceded by an 

associated class-wise prediction probability. It is conceivable that these probability outputs may capture 

the prediction uncertainty, however, these outputs are insufficient in capturing predictive uncertainty. 

This is because the probability outputs of contemporary models are inherently poorly calibrated (Guo et 

al., 2017), meaning the predicted probability values deviate from a meaningful representation of task 

accuracy. As a result, deep learning models yield uninterpretable probability values, where very high 

probabilities may be assigned to incorrect predictions. Consequently, a model’s probability output should 

not be used to infer a level of trust in the model output. Instead, auxiliary UQ methods are needed.   

UQ methods yield uncertainty measures that supplement the standard model outputs (i.e., 

predicted binary classifications) and indicate some level of reliability associated with those outputs 

(Abdar et al., 2021). Some uncertainty measures are specifically designed to be calibrated probability 

values, ranging between 0 and 1, and can be interpreted as such. Most uncertainty measures, however, 

cannot be interpreted in terms of the probability or likelihood of the associated model output 

classification. Instead, the relative magnitude of an uncertainty measure is used to gauge output 

reliability. Most measures are bound by some low uncertainty limit (e.g., 0), yet have no upper limit, 

extending to infinity. Unless stated otherwise, uncertainty measures follow an indirect relationship with 

the associated output reliability, where higher uncertainty measures are associated with lower reliability 

model outputs and vice versa.  

In this chapter, we will describe the sources of uncertainty in deep learning models, discuss the 

relationship between uncertainty and data domains, provide an overview of current UQ approaches, and 

introduce the contributions of this thesis work to advance UQ for medical image analysis applications.  
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1.2 Uncertainty Sources 

The predictive uncertainty of deep learning models is categorized by its two underlying sources: 

aleatoric (or data) uncertainty and epistemic (or model) uncertainty (Abdar et al., 2021). Aleatoric 

uncertainty arises from noise or errors in the training data, either in the measured data (e.g., image 

acquisition) or in the labeled data (e.g., manual segmentations). This type of uncertainty is considered 

irreducible since it is unavoidable, and it establishes a hard constraint to the model fitting process. On 

the other hand, epistemic uncertainty is caused by the inadequacies of a model to map a given input to 

the desired output, either because of insufficient knowledge of the data space, poor training procedures, 

or insufficient model architecture. Epistemic uncertainty can be minimized with enhanced training 

approaches (e.g., more data, better model architecture, etc.), and therefore, is characterized as 

reducible. A third source of predictive uncertainty known as distributional uncertainty may also be 

defined. This uncertainty arises from a mismatch between image features present in the model’s train 

and test data. Since this feature mismatch is a type of “insufficient knowledge of the data space”, this 

work considers distributional uncertainty as a subset of epistemic uncertainty.  Additional details about 

this type of uncertainty and how it can be managed are provided in Section 1.4.1. 

These technical categorizations of uncertainty can be described using a toy example. In Figure 1, 

a sinusoidal curve was fitted to train data, which roughly followed a sinusoidal pattern. Four distinct 

areas which incite predictive uncertainty of the model are highlighted. In region (a), high aleatoric 

uncertainty is induced due to noise in the training data. In region (b), high epistemic uncertainty is 

present because the parameters of the fitted model (i.e., sinusoidal parameters) are not sufficient to fit 

the data in this region, which diverges from the sinusoidal assumption. In region (c), high epistemic 

uncertainty, particularly high distributional uncertainty, is present due to a gap in the train data. In this 
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region, it is not certain if the fitted model should continue to be sinusoidal. The same cause induces high 

epistemic uncertainty in region (d), where the extrapolation of the fitted model beyond the train data 

domain is not guaranteed.  

 

Figure 1 A toy model describing the different sources of predictive uncertainty. Region (a) contains noisy 
train data, which induces higher aleatoric uncertainty. Region (b) contains train data that diverges from 
the parametric model assumption, which induces higher epistemic uncertainty. Regions (c) and (d) have 

missing train data where it is unclear if the sinusoidal fit is appropriate, which induces higher 
distributional uncertainty (a subtype of epistemic uncertainty).  

For deep learning problems within the medical image domain, predictive uncertainty arises from 

a variety of practical and unique factors. For instance, disease pathologies often exhibit ambiguous 

presentations, where it is difficult for a human observer to provide definite data labels (Kumbhar et al., 

2021). Medical image datasets also regularly contain inconsistencies due to differences in image 

acquisition protocols, such as variations in contrast enhancements, MRI pulse sequences, image 

reconstruction algorithms, patient populations, and more. Clinical data is also prone to degraded image 

quality due to image artifacts and drifts in scanner output over time (Chow & Paramesran, 2016; Sahiner 

et al., 2023). Differences in images acquired from different scanners may also increase a model’s 
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predictive uncertainty. Moreover, medical image datasets often suffer from class imbalance, making 

models biased toward specific output classes, potentially driving poor model calibration (Leevy et al., 

2018). These datasets also contain large, multi-dimensional data, which necessitates the use of large-

parameter models, and in turn, increases the risk of model over-fitting (Li et al., 2019). Lastly, medical 

image datasets frequently contain small numbers of samples due to laborious image labeling 

requirements and strict data-sharing policies. Small datasets accentuate the sources of predictive 

uncertainties, which could otherwise be smoothed out with larger datasets. Together, all these 

uncertainty sources contribute to noise in the model fitting process, force the model to form ambiguous 

decision boundaries, and predispose the model to unfamiliar data upon deployment.  

1.3 Uncertainties and Data Distributions 

It is useful to consider predictive uncertainty as it relates to different data distributions. It should 

be noted that the term ‘data distributions’ is occasionally used interchangeably with ‘data domains’. For 

consistency with the majority of the literature, this thesis will use the term ‘data distribution’ 

throughout.  In-distribution (ID) and out-of-distribution (OOD) data refer to data that lie within and 

outside of a model’s train data feature distribution, respectively, where a feature distribution describes 

the span of data features present within a dataset (Yang et al., 2024). These features describe image 

properties such as intensities, contrast, edges, noise, and more. Fundamentally, OOD data is test data 

that inherently differs from the model’s train data, whereas ID data is test data that is similar to a 

model’s train data. OOD data can be drastically different, such as data from semantically different classes 

(e.g., an abdominal CT for a model trained to classify brain MR images). Alternatively, OOD data can be 

more subtly different from the train data, where an image belongs to the same semantic class as the 

train data yet exhibits some feature differences that push it outside the training distribution (e.g., 
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excessive image blurring, noise, artifacts). This latter example of OOD data describes covariate-shifted 

data. These types of shifts likely contribute to the alarming lack of generalizability of medical image deep 

learning models (Kelly et al., 2019) due to the trained model’s unfamiliarity with the test image’s feature 

representation. 

 

Figure 2 Schematic depicting data distributions and uncertainty sources. Both epistemic and aleatoric 
uncertainty are present in the in-distribution data (greyed-out region), while only epistemic uncertainty is 

present in the out-of-distribution data.  

Figure 2 demonstrates different uncertainty sources in the two data distributions. Consider a 

simple classification problem where a deep learning model is trained to distinguish between positive and 

negative samples. In so doing, the model implicitly defines the ID data distribution. Predictions on test 

samples that fall within this data distribution (i.e., ID data) are subject to both aleatoric and epistemic 

uncertainty since concerns such as limitations in model fitting or ambiguity caused by noisy train data 
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may induce greater uncertainty. On the other hand, predictions on test samples that fall outside of the 

train data distribution (i.e., OOD data) are subject to epistemic uncertainty because the model lacks 

knowledge about how to handle such data (Abdar et al., 2021).  

1.4 Uncertainty Quantification Methods 

When seeking to quantify the uncertainty of predictive outputs, it is considered good practice to 

distinguish between methods that target uncertainty arising from OOD and ID sources. This is due to the 

concern over extrapolating decision boundaries, which are learned during training using the train data, 

to OOD data. ID UQ methods generally capture uncertainty that lies along learned decision boundaries. 

Since the model did not see OOD data during training, the learned decision boundaries and the 

associated decision uncertainty cannot be used for either prediction or UQ on OOD data. This intuitive 

rationalization is supported by experimentation, where ID UQ methods have been shown to fail to 

capture OOD uncertainty (Lambert et al., 2022; Ovadia et al., 2019; Schwaiger et al., 2020; Thagaard et 

al., 2020). Consequently, comprehensive UQ of deep learning models requires separate approaches to 

capture OOD and ID uncertainty.  

1.4.1 Out-of-Distribution Uncertainty Quantification  

OOD uncertainty is accounted for by invoking OOD detection algorithms. These algorithms 

attempt to determine whether the features from a given test image belong to the train data distribution. 

If not, the test image is considered OOD, and the associated model prediction should not be trusted 

since the model is not familiar with the image’s features. Consequently, the level of prediction reliability 

scales inversely with OOD measure magnitude, where high OOD test samples are considered to have low 
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reliability and vice versa. OOD detection algorithms typically follow one of four approaches (Yang et al., 

2024) and are briefly summarized in Figure 3. 

 

Figure 3 Schematic describing the different families of OOD detection algorithms. 

Classification-based methods utilize a trained classification model’s output for OOD detection 

purposes. The most basic of these approaches utilize a model’s maximum softmax probability (MSP) 

output as an OOD measure, where it is assumed that high confidence probabilities will be assigned to ID 

distribution data and vice versa (Hendrycks & Gimpel, 2017). Building from this basic approach, methods 

have been proposed that alternatively process a trained model’s logit output (i.e., the output directly 

before sigmoid activation for softmax probability acquisition) through temperature scaling (Liang et al., 

2018a) or energy scoring (Liu et al., 2020) to enhance the spread between measures on ID and OOD 

data. Classification-based methods have also incorporated gradient information computed from a 

model’s output space for OOD detection. For example, (Liang et al., 2018a) perturbed input data using 
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input gradients to enhance the separability between ID and OOD data when using temperature-scaled 

outputs as an OOD measure. Another work directly used the gradients of a classification model’s output 

with respect to intermediary model layer weights for OOD detection (R. Huang et al., 2021). 

Classification-based OOD detection methods are typically post hoc, meaning they can be employed on a 

previously trained model and do not require additional training.  

Density-based methods seek to approximate the probability density of a model’s train data, and, 

in turn, flag test data with low probability likelihood as OOD. Generative models such as variational 

autoencoders (Goodfellow et al., 2014), generative adversarial networks, or flow-based models (Rezende 

& Mohamed, 2016) may be employed, where the loss function approximates probability likelihood. 

These methods advantageously provide a statistically interpretable OOD measure that theoretically 

aligns with the likelihood of a test image belonging to the probability density distribution defined by the 

train data. Unfortunately, these methods have been shown to unexpectedly assign high likelihoods to 

OOD data (Nalisnick et al., 2019). Due to this non-intuitive and sometimes unexplainable behavior, 

density estimator-based methods are not yet favored for OOD detection in medical image applications. 

However, work is being done to better understand the application of density-based methods for OOD 

detection (Kirichenko et al., 2020; Nalisnick et al., 2019), and alternative statistical measures that 

demonstrate the more favorable OOD detection behavior, such as typicality (Abdi et al., 2025; Nalisnick 

et al., 2019), are being proposed.  

Reconstruction-based approaches train a generative model (e.g., an autoencoder) to encode 

and reconstruct train data, where the reconstruction performance is used as an OOD metric. High OOD 

data is expected to yield poor reconstructions since the trained model is unfamiliar with the data’s 

feature representations. Due to voxel-wise image reconstruction, these methods have the unique benefit 

of localizing certain image regions, which may drive the overall OOD measure. For this reason, 
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reconstruction-based approaches are often employed for anomaly detection (Tschuchnig & Gadermayr, 

2024). Reconstruction-based methods, however, tend to lack sensitivity for detecting subtle OOD shifts, 

especially the covariate shifts expected for medical image OOD detection problems (Denouden et al., 

2018; Meissen et al., 2022).  

Embedded feature-based methods generally have greater detection sensitivity than 

reconstruction-based methods (Denouden et al., 2018) and operate by invoking some similarity 

measure, such as a distance measure, between a set of embedded train and test features (i.e., model 

activations), where large dissimilarities are associated with OOD data. Embedded featured methods are 

typically post hoc and require lower computational resources. However, the interpretability of these 

methods suffers as the measurements are derived from information in the abstract embedded feature 

space. Despite this limitation, embedded feature-based OOD detection methods, particularly distance-

based methods, are preferred for medical image OOD detection due to the reported sensitivity gains 

over alternative approaches.  

Implementation in Medical Image Analysis  

Several types of distance-based embedded feature-based OOD measures have been previously 

investigated for medical image applications. For example, the Euclidean distance of embedded features 

was successfully used to detect OOD data in the context of organ segmentation on both MRI and CT 

images (Karimi & Gholipour, 2020). Importantly, this distance measure assumes that the features are 

normally distributed. The Mahalanobis distance operates under the same parametric assumptions (i.e., 

feature normality) but also accounts for possible correlations between embedded features 

(Mahalanobis, 1936). The Mahalanobis distance demonstrated utility for OOD uses across a variety of 

deep learning tasks, including COVID-19 lesion segmentation on CT (González et al., 2022), liver organ 
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segmentation on MRI (Woodland et al., 2023), and cardiac segmentation on MRI (Arega et al., 2025). The 

cosine similarity distance is a non-parametric approach that treats embedded test and train features as 

vectors, for which the cosine angle between is calculated. The cosine similarity distance demonstrated 

superior detection of OOD data compared to the Mahalanobis distance in cases of images with 

unexpected orientations (e.g., axial vs. coronal/sagittal views of CT images) (Zamzmi et al., 2024) and in 

the context of optical coherence tomography (Araújo et al., 2023). In these medical image OOD 

detection investigations, the embedded feature methods were generally superior to alternative OOD 

methods and other, more generalized UQ methods (e.g., Monte Carlo dropout).  

Despite the reported performance gains, current embedded feature-based measures hold 

several limitations. For example, they lack statistical interpretation because distance measures are 

typically applied on unitless and abstracted feature embeddings. Another limitation is that their 

implementation may require feature dimensionality reduction, which potentially removes valuable 

information. Lastly, they may lack sensitivity since all embedded features are incorporated in the 

measurement, despite the understanding that some features may be encoded as noise (Samek et al., 

2017). These limitations of embedded feature-based OOD detection methods will be further discussed 

and technically addressed by the new approach presented in Chapter 2. 

1.4.2 In-Distribution Uncertainty Quantification 

ID uncertainty targets the uncertainty present in test samples that resemble the model’s train 

data and arises from various aleatoric and epistemic sources. Deep learning model outputs with high ID 

uncertainty should not be trusted because these outputs are associated with poor model fitting and/or 

high input data noise. Broadly speaking, ID uncertainty approaches can be categorized into four main 

categories: Deterministic-, Bayesian-, Ensemble-, and Test-Time Augmentation-based methods. Figure 4 
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provides a schematic of each family of ID UQ methods. While some of these methods claim to 

specifically target either aleatoric or epistemic uncertainty, these uncertainty sources inevitably become 

entangled during the training process (Valdenegro-Toro & Mori, 2022). For instance, a large amount of 

data noise (aleatoric uncertainty) will impact model fitting accuracy (epistemic uncertainty). While some 

uncertainty disentanglement methods have been proposed (Valdenegro-Toro & Mori, 2022), these 

studies have been restricted to the natural image domain and may not directly translate to medical 

image problems.  

 

Figure 4 Schematic describing the different families of ID UQ approaches. 

Deterministic methods derive an uncertainty measure from a single inference pass through a 

single model. This broad category encompasses a wide range of approaches, many of which are 

computationally efficient, beginning with simple approaches based on standard model outputs. For 

example, using the maximum softmax probability (MSP) output from a trained model is a deterministic 

UQ method, where it is assumed that low probability outputs are associated with higher uncertainty and 
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vice versa. MSP often serves as a baseline measure to test other measures against (DeVries & Taylor, 

2018; González et al., 2022). Other methods further process the MSP outputs into alternative 

uncertainty measures, such as probability entropy across classes (Jungo et al., 2020).  

Probability calibration is a slightly more involved deterministic approach that seeks to address 

the main catalyst for UQ methods: poor model calibration. Most commonly, this is accomplished through 

a post hoc model re-calibration method, where outputs from a trained model are re-scaled to achieve 

better calibration and used directly for UQ (Rousseau et al., 2021). Alternatively, calibration-aware 

training adds a calibration regularization term in the model’s loss function during training to dynamically 

obtain a better-calibrated model (Murugesan et al., 2023).  

Conformal prediction is another post-hoc deterministic-based approach that adopts a statistical 

framework to produce output prediction sets. These sets are defined such that they are guaranteed to 

include the true outcome according to a user-defined confidence level (Shafer & Vovk, 2008). However, a 

limitation of both conformal prediction and other post hoc calibration-based approaches is the 

requirement for a separate, hold-out calibration dataset.  

Beyond post hoc approaches, there are deterministic UQ methods that require specialized 

model and training strategies. For example, learned uncertainty approaches augment the standard 

model loss with an uncertainty term that maximizes the correlation between itself and model error 

(Kendall & Gal, 2017). In turn, this learned uncertainty term can be used directly for UQ. Another 

example is evidential deep learning, which frames the learning process using the Dempster-Shafer 

Theory of Evidence (Dempster, 1967; Shafer, 1976). For a single prediction, this framework 

simultaneously assigns belief masses to each prediction class and a single uncertainty mass based on the 

predicted evidences, which are derived from the model’s logit output. Prediction, belief, evidence, and 
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uncertainty masses are configured such that when evidence across all prediction classes is 0, then overall 

uncertainty is maximized to be 1 (Sensoy et al., 2018).  

Bayesian methods seek to learn the probability distribution of individual model parameters. 

Specifically, Bayesian Neural Networks (BNN) attempt to learn the posterior distribution of the model 

parameters given the train dataset. Knowing this distribution allows for the expression of the probability 

distribution of model predictions, from which the uncertainty measure can theoretically be derived. For 

many deep learning models, especially those for medical image analysis, it is often infeasible to describe 

either of these distributions exactly due to the requirement of incorporating intractable integrals across 

parameter space. However, approximations can be used to mimic the output behavior of BNNs.  

The most common Bayesian approximation method is the Monte Carlo dropout (MCDO) 

method, which inserts stochastic layers within a model that randomly allows information to pass 

according to a set probability value (i.e., dropout layers) (Gal & Ghahramani, 2016). Forward passing a 

single test sample multiple times through a trained model with dropout layers engaged has previously 

been shown to approximate the output behavior of a BNN (Gal & Ghahramani, 2016). These multiple 

forward passes construct a prediction distribution from which an uncertainty measure can be 

aggregated. The MCDO method requires relatively low computation at inference time; however, it 

typically requires the model to be trained with dropout layers engaged in the same manner as at 

inference time, which may prompt the need for model re-training. Challenging this constraint, recent 

work has demonstrated that the use of inference time-only dropout layers yields comparable uncertainty 

performance when compared to using dropout layers during both model training and inference (Ledda 

et al., 2023). However, it is unclear whether this can be directly translated to medical image problems.  
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Model ensembling (ME) methods, originally presented in (Lakshminarayanan et al., 2017a), 

train multiple, randomly initialized models on the same dataset. Given the random parameter 

initialization and the complex loss landscapes of deep learning models, it is assumed that each 

independently trained model will optimize to a unique loss optimum, resulting in a diverse set of 

predictions across models. Some aggregation across model outputs (e.g., variance or class-wise entropy) 

is then used for predictive uncertainty. Ensembling methods are attractive due to their simplicity and 

minimal amount of parameter tuning. However, a drawback of this approach is the high computation 

cost of training and inferring across multiple models. This is especially concerning for medical image 

tasks, where the standard use of high-dimensional input data imposes high training time burdens.   

Test-time augmentation (TTA) methods utilize a single trained model and pass several 

augmented versions of a single test sample through the model, each lending a unique model prediction 

(Seçkin Ayhan & Berens, 2018; G. Wang et al., 2019). The distribution across model predictions is 

aggregated into a predictive uncertainty measure. Investigations of this method are almost entirely 

restricted to medical image applications where data augmentation methods are commonly used during 

model training to mitigate overfitting. Test time augmentation holds several practical advantages, such as 

low computational demand and post hoc implementation. Moreover, since it does not require any model 

modifications, it can even be applied to commercial products where access to the model may be 

restricted.  

Implementation in Medical Image Analysis  

Several studies have implemented ID UQ methods across various medical image analysis tasks. 

Among these medical image studies, many employ deterministic-based approaches. Reporting the MSP 

as a baseline is common (Berger et al., 2021; DeVries & Taylor, 2018; González et al., 2022). The entropy 
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of predicted probabilities has also been used for UQ in structure delineation tasks for PET, CT, and MRI 

data (Diao et al., 2022; Mehrtash et al., 2020). Introducing model calibration regularization during model 

training yielded better-calibrated probability outputs across various tasks, such as automated cardiac 

diagnosis from cardiac MRI volumes and MRI brain tumor segmentation (Murugesan et al., 2023). A 

learned uncertainty framework was investigated to segment challenging brain tumors on MRI, and the 

associated uncertainty measure demonstrated a strong correlation with segmentation quality (McKinley 

et al., 2021). Ghesu and colleagues applied a novel model derived from the Dempster-Shafer theory of 

evidence that was formulated to output uncertainty values for pathology classification on chest x-ray 

images, metastasis classification on kidney ultrasound images, and tumor detection on brain MRIs 

(Ghesu et al., 2021).  

The MCDO technique, as an approximation to a BNN, is the most widely implemented UQ 

method within the medical image domain and has been investigated in various image modalities and 

analysis tasks (Lambert et al., 2024b). For example, MCDO has been used to flag poorly segmented 

structures in mammogram images (Klanecek et al., 2023b), brain MRIs (McClure et al., 2019; Mehrtash 

et al., 2020, Nair et al., 2020b), and prostate and cardiac MRIs (Mehrtash et al., 2020). A very limited 

number of sensitivity studies on MCDO parameters have been investigated, such as the ideal placement 

of dropout layers for natural image problems (Kendall et al., 2015) and the optimal number of Monte 

Carlo samples (Murase et al., 2024) and dropout probability (Camarasa et al., 2020; Murase et al., 2024) 

for medical image problems. However, it is unclear how the results of these sensitivity studies may 

translate to different image modalities and analysis tasks.  

ME techniques have also been extensively studied for medical image applications. Interestingly, 

in addition to acquiring uncertainty measures derived from the prediction distribution across ensemble 

samples, ME has been shown to acquire better calibrated probability outputs when segmenting organs 
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on MRI (Mehrtash et al., 2020) and detecting the presence of COVID-19 on chest radiographs 

(Asgharnezhad et al., 2022). The computational demand for ME is a major obstacle in its implementation 

in medical imaging, where training multiple models may not be practically possible. Several works 

attempt to mitigate this concern. For example, a model configured with multiple decoder paths for 

histology image classification and predictions across paths were aggregated into an uncertainty measure 

(Linmans et al., 2020). Another work, termed Layer Ensembles, configured a tumor segmentation model 

with prediction outputs placed at each decoder layer (Kushibar et al., 2022). An uncertainty measure was 

defined using the stability of predicted segmentations across layers, where segmentations that 

demonstrated minimal change across outputs were considered to have low uncertainty, and vice versa. 

However, since an uncertainty value can be derived from these modified ME methods (i.e., using 

multiple decoder paths or Layer Ensembles) in a single, deterministic inference pass, they may also be 

defined as deterministic uncertainty methods. Still, like other ME methods, the specialized model 

architectures used in these approaches may introduce additional and costly memory constraints. 

Despite being less studied than MCDO and ensembling techniques, the TTA method was 

specifically developed for and has been explicitly studied within the medical image domain. In (G. Wang 

et al., 2019), spatial transformation augmentations were applied at test time to generate uncertainty 

measures that corresponded better with the segmentation performance of brain structures in MRI data 

than dropout-based techniques. Applying intensity shifts in addition to spatial shifts has also been 

explored, and the resulting uncertainty measure demonstrated utility in detecting incorrectly classified 

voxels for brain tumor segmentation on MRI (Ballestar & Vilaplana, 2021). The TTA technique is very 

natural to implement for medical image tasks because data augmentation is widely employed for these 

tasks during training to avoid overfitting. However, it remains unknown what type and how many 

augmentation transformations are optimal for generating uncertainty measures.  
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Despite this rich array of UQ work for medical image applications, several limitations remain. For 

example, most previous studies lack strong quantitative comparisons between uncertainty measures. In 

part, this is due to a lack of quantitative assessments that could facilitate such comparisons. Another 

limitation is the high computational cost associated with most methods, where additional trained 

models (i.e., for ME) or multiple inference passes (i.e., for MCDO and TTA) may be necessary. Another 

concern with the presented methods is that they inevitably will change the output of a previously 

trained model, which is undesirable if one seeks to augment a currently trained and validated model 

with UQ. Consequently, the model accuracy cannot be ensured upon implementing current commonly 

used UQ methods, and either model re-training and/or re-evaluation is required. Lastly, UQ remains 

unexplored for a variety of essential clinical tasks. Dedicated UQ studies should be performed for specific 

configurations of clinical tasks, pathologies, and imaging modalities to ensure the benefits of UQ extend 

to all clinical scenarios. 

1.5 Deep Learning-based Medical Image Segmentation 

1.5.1 Technical Overview 

Anatomical and pathological structure segmentation is a critical medical image analysis task that 

involves assigning a structure label to each voxel within a region of interest for a given image. The 

resulting voxel-wise label map may be referred to as a segmentation mask. Attaining accurate structure 

segmentation masks is necessary for a variety of clinical workflows, such as defining tissues to target and 

to avoid during radiation therapy (Boldrini et al., 2019). Segmentations also enable a broad array of 

advanced imaging analytics, including the extraction of volume-specific imaging biomarkers to advance 

personalized care. For example, the extraction of biomarkers from tumor masks has been used to predict 

and assess patient (Lokre et al., 2024; Santoro-Fernandes, et al., 2024b; Schott et al., 2023; Weber et al., 



19 

 

   

2021) and tumor (Santoro-Fernandes et al., 2025) response to treatment. Other applications include the 

use of segmentation masks to enhance the diagnosis and assessment of cardiac dysfunction (Song et al., 

2022)  or for volumetric body composition analysis to improve preventative care (Mai et al., 2023). 

Despite their widespread clinical utility, structure segmentations may not be routinely incorporated into 

clinical workflows primarily because they are tedious and time-consuming to acquire manually. However, 

advances in computational medical imaging methods have introduced automated segmentation 

methods, which hold great potential to enable more extensive adoption of medical image segmentation 

in clinical care.  

Current automated segmentation is largely driven by deep learning-based methods. These 

methods have demonstrated superior segmentation performance over preceding approaches (Y. Xu et 

al., 2024), including Otsu thresholding (Chan & Vese, 2001), active contours (Chan & Vese, 2001), level 

sets (Cremers et al., 2007), and atlas-based (Kalinic, 2009) approaches. The performance of deep 

learning methods has even met or surpassed that of expert human image readers across a variety of 

segmentation tasks and exhibits less variability (Shin et al., 2020; Webb et al., 2021). Thus, deep 

learning-based methods offer automatic, accurate, and standardized medical image structure 

segmentation.  

The workhorse for deep learning-based segmentation methods is the convolutional neural 

network (CNN) (Minaee et al., 2022). The long-standing foundational CNN for biomedical segmentation 

is the U-Net architecture (Ronneberger et al., 2015). Key components involved with training a U-Net CNN 

are depicted in Figure 5. An image is fed into the CNN, which consists of a series of convolutional blocks. 

Each convolutional block contains several learnable convolutional kernels, which are trained to extract 

relevant image features. Often, a CNN consists of two main architectural parts—an encoder and a 

decoder. The encoder is a series of convolutional layers that extract image features (via kernels) while 
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sequentially downsampling the features to a smaller spatial dimension. The last layer in the encoder has 

the smallest spatial dimension and is referred to as the bottleneck layer. The decoder follows the 

bottleneck layer and is similarly a series of convolutional layers; however, after each layer, the extracted 

features are upsampled until the spatial dimensions match that of the input image, where the number of 

features matches the number of segmentation label classes. The extracted features between layers are 

referred to as embedded features. In a U-Net architecture, skip connections are inserted between 

opposing encoder and decoder layers, which preserve semantic detail through the model and support 

gradient backpropagation.  

 

Figure 5 Schematic describing critical steps and components for training a deep learning medical image 
segmentation model.  

Model predictions are made from the final model features, sometimes referred to as logits. 

These are then compressed into probability values via the softmax activation function. Class-wise 

probabilities are converted into one-hot encoded predicted segmentation masks via the argmax 

function, which assigns each voxel the segmentation label with the highest associated probability.  

The predicted mask is then compared to the ground-truth mask via a loss function, which is 

often defined using some metric that quantifies the amount of binary region overlap, such as the Dice 
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coefficient (Dice, 1945), and/or some metric that evaluates the agreement between predicted 

probabilities and binary ground-truth labels, such as cross-entropy (Jadon, 2020). The gradients of each 

learnable parameter in the CNN are then acquired by backpropagating the loss backward into the 

network using the chain rule. Each learnable parameter, or weight, is then updated according to the 

gradient with respect to the loss and some set learning rate (𝛼). This process is repeated until adequate 

model performance is achieved or the maximum number of learning iterations (i.e., epochs) is reached.  

1.5.2 Specific Task: Metastatic Lesion Segmentation 

Over 90% of cancer patients die due to metastatic disease (Chaffer & Weinberg, 2011), and the 

management of these patients is often challenged by high and heterogenous disease burdens. Despite 

these challenges, recent research has demonstrated the critical importance of monitoring individual 

lesion behavior for more effective patient management (Harmon et al., 2017; Kyriakopoulos et al., 2020). 

To accomplish this, whole body molecular imaging, such as positron emission tomography (PET), is often 

employed because it delivers a comprehensive overview of disease extent and allows for the extraction 

of functional and biological disease information (Schwenck et al., 2023). PET images are acquired by 

injecting a radioactive tracer that binds to specific biological targets, often overexpressed in cancer cells. 

The tracer decays and emits photons that are detected and are used to reconstruct an image. The result 

image intensities are converted to standardized uptake values (SUV), which reflect the radioactivity 

concentration normalized by the injected radioactivity and patient body weight. Consequently, the 

function information extracted from PET scans can be summarized by a series of statistics (e.g., mean, 

summation, variance, etc.) drawn from the SUV data, termed SUV metrics. Example SUV metrics on an 

individual lesion are shown in Figure 6.  
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Figure 6 Schematic summarizing SUV metrics for an isolated lesion on a PET image overlaid on a 3D 
skeletal rendering from the corresponding CT image. 

Individual lesion SUV metrics have demonstrated valuable clinical utility for the management of 

patients with metastatic lesions. For example, the extraction of lesion SUV metrics enables the 

evaluation of disease heterogeneity and the assessment of lesion- and patient-wise treatment response 

(Lokre et al., 2024; Santoro-Fernandes et al., 2025). Moreover, lesion SUV metrics have been used to 

build predictive models of patient response to treatment (Lokre et al., 2024; Santoro-Fernandes, et al., 

2024b; Schott et al., 2023; Weber et al., 2021). However, the accuracy of SUV metric extraction and 

subsequent clinical analyses is contingent upon accurate and comprehensive metastatic lesion 

segmentation.  

Several studies have investigated the utility of deep learning models for automatic whole body 

metastatic lesion segmentation on molecular imaging (Bilic et al., 2023; Li et al., 2020; X. Liu et al., 2021; 

Schott et al., 2023; Weber et al., 2021; Weisman et al., 2020). However, none of these previous studies 

have considered the uncertainty of the predicted lesion segmentations. This uncertainty will inevitably 

propagate and affect SUV metric extraction accuracy and further clinical evaluation. Thus, deep learning-

based lesion segmentation uncertainty should be quantified to enhance the reliability of computational 

methods in the management of patients with metastatic diseases.  
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In addition to the clinical need for UQ for the metastatic lesion segmentation task, UQ is also 

critical due to the unique image interpretation challenges involved in this task. Examples of each 

interpretation challenge are highlighted in Figure 7. First, due to a variety of biological factors, disease 

presentation can vary greatly within and across patients (Ozaki et al., 2022; Perk, Chen, et al., 2018; Sica 

et al., 2000). As a result, even tumors in close proximity to each other may differ in presentation and 

conspicuity (Figure 7a and Figure 7b). Second, healthy physiology may mimic diseased regions, 

depending on the disease type and imaging modality (Figure 7b) (Kuyumcu et al., 2013; Reinking & 

Osman, 2009). Lastly, certain benign pathologies may appear very similar to malignant tumors, which are 

often the target of the delineation task (Figure 7c) (Delbeke et al., 1998; Even-Sapir et al., 2006). These 

image interpretation challenges introduce added complexity and uncertainty to the learning process of a 

deep learning model. Thus, UQ methods are especially needed for this task.  

 

Figure 7 Example images of patients with metastatic malignancies exhibiting challenging interpretation 
factors that drive prediction uncertainty. (a) A CT scan of a patient with metastatic NETs contains tumors 
of varying conspicuity in close proximity. (b) A 68Ga-DOTATATE PET/CT scan of a patient with metastatic 

NETs which also vary in conspicuity in addition to a region of healthy anatomy with high SUV uptake (i.e., 
adrenal gland), (c) A 18F-NaF PET/CT scan of a patient with mCRPC with both malignant and benign 

tumor with elevated SUV uptake.  

Only a limited number of studies have previously investigated UQ for metastatic lesion 

segmentation tasks, however, these have been limited to specific anatomical regions such as the brain 

(Mehta et al., 2022; Nair et al., 2020). Studies on UQ for primary lesion segmentation are more common 
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and include tasks such as lung cancer segmentation on CT (Maruccio et al., 2024) and PET/CT (Kang et 

al., 2024), head and neck cancer segmentation on PET/CT (Huynh et al., 2024; Ren et al., 2024; Sahlsten 

et al., 2024) and MRI (Ren et al., 2024), or liver cancer segmentation on CT (Hu et al., 2024) and MRI (Hu 

et al., 2024). Thus, UQ for segmentation of multiple lesions within a single patient volume spread 

throughout the body has not been previously studied. Due to its under-exploration in this space, in 

addition to the unique clinical and imaging challenges that demand UQ implementation, the whole body 

metastatic malignant lesion segmentation task is the primary clinical application for investigating and 

developing UQ methods in this thesis.  

1.6 Approach and Aims 

In this thesis, we hypothesized that UQ methods for medical image analysis applications will 

enhance the accuracy, reliability, and utility of deep learning model outputs intended to inform clinical 

decision-making. Investigations into this hypothesis were conducted using the metastatic lesion 

segmentation task as the main application. Therefore, the main goal of this work was to investigate 

existing UQ methods for the metastatic lesion segmentation task, consider their limitations, and 

propose novel UQ approaches to overcome these limitations and improve UQ utility. Ultimately, this 

work will support a generalized and comprehensive UQ framework that provides an essential, and 

currently lacking, foundation of trust in the use of deep learning methods to inform clinical decision-

making, depicted in Figure 8 (top). Since ID UQ methods alone do not sufficiently capture OOD 

uncertainty (as described in Section 1.4), this framework proposes the evaluation of ID uncertainty 

independently from, and contingent upon, OOD uncertainty evaluation. Here, only images deemed to be 

ID are allowed to be inferred upon by the model, whereas the processing of OOD images is halted and 
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flagged for physician review. The work supporting the components of this comprehensive UQ framework 

is partitioned into the following two Specific Aims and four total sub-aims: 

Specific Aim 1: Out-of-distribution uncertainty quantification for deep learning-based 
medical image analysis 

SA1a: To assess established embedded feature-based OOD detection methods  

SA1b: To investigate a novel information theory and embedded feature-based 
approach for OOD UQ 

Specific Aim 2: In-distribution uncertainty quantification for deep learning-based 
medical image analysis 

SA2a: To assess established ID UQ methods for the metastatic lesion 
segmentation task on whole body PET/CT 

SA2b: To investigate a novel localized gradient-based approach for ID UQ 

 

Figure 8 (Top) Schematic demonstrating the overall approach of comprehensive UQ for medical image 
analysis tasks. (Bottom) The organization of the thesis aims which spans investigations of both OOD and 

ID UQ.  

This thesis makes key contributions to the proposed comprehensive UQ framework through the 

investigation of its Specific Aims and Sub-Aims (SA). Work dedicated to Specific Aim 1 supports the OOD 
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component of the comprehensive UQ framework. As a part of SA1a, established embedded feature-

based OOD detection methods are evaluated. As a part of SA1b, the feasibility and performance of a 

novel information theory-based approach for OOD UQ is explored and quantified. The theoretical 

background, implementation description, and experimental evaluations of the OOD measures associated 

with Specific Aim 1 are provided in Chapter 2. Complementing the comprehensive UQ framework, work 

dedicated to Specific Aim 2 supports the ID component. As a part of SA2a, established ID UQ methods 

are investigated specifically for the challenging and critical task of metastatic lesion segmentation on 

whole body PET/CT. Details describing the implementation, quantitative comparisons, and implications 

of ID UQ methods are provided in Chapter 3. Through investigating SA2b, an ID UQ approach utilizing a 

trained and localized model’s gradient space was explored. The introduction, evaluation, and discussion 

of the associated novel ID UQ measure are provided in Chapter 4. Finally, the broader implications and 

potential future work related to these aims and technical developments of this thesis are provided in 

Chapter 5. 
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2 Development of an Information-based OOD Measure 

This chapter addresses Specific Aim 1 by first implementing and evaluating existing embedded 

feature-based methods for medical image OOD detection (Specific Aim 1a). A novel information theory-

based OOD detection measure is concurrently introduced, evaluated, and compared to existing OOD 

measures (Specific Aim 1b). This novel embedding approach addresses several of the limitations of 

established embedded feature-based OOD detection measures; namely, they require dimensionality 

reduction, they encode noise in the measurement process, and, most notably, they yield insufficient 

OOD data detection sensitivity for relevant medical image data shifts. The introduced OOD detection 

measure addresses these limitations by using information bottleneck theory to optimize and quantify the 

amount of allowable feature information that can be shared from the model’s train images. A version of 

this work titled “Information Bottleneck-Based Feature Weighting for Enhanced Medical Image Out-of-

Distribution Detection” was originally presented and published as a conference proceeding at the 

Uncertainty for Safe Utilization of Machine Learning in Medical Imaging (UNSURE) workshop at the 27th 

International Conference on Medical Image Computing and Computer Assisted Intervention (MICCAI) in 

Morocco (Schott et al., 2025a). The expansion of this conference work, presented in this chapter, has 

been submitted for journal publication in Physics in Medicine and Biology.  

2.1 Introduction 

The capture of OOD uncertainty via OOD detection methods is a critical component for the 

robust and safe deployment of clinical deep learning models. As discussed in Section 1.4.1, several OOD 

detection methods have been investigated for medical image applications, most of which are categorized 

as embedded feature-based approaches. These methods, however, suffer from several limitations 
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including the necessity for feature down sampling, inability to account for feature noise, and lack of 

statistical interpretability. An alternative and unexplored approach to OOD detection is to quantify the 

amount of embedded feature information from the train data that can be shared with the test data 

while minimally perturbing the test data output. If the test data is similar to the train data, then a large 

amount of sharing can take place with minimal effect on the model output. On the other hand, if the test 

data is dissimilar to the train data, then sharing information from the train data will deteriorate the test 

data output. To accommodate this approach, a process is needed to quantify both the amount of train 

information that can be shared with a given test data sample and the effect of that sharing on the model 

output.  

For this purpose, we propose the adaptation of an information bottleneck optimization process. 

This was initially introduced as a mechanism to reduce the complexity of an information system by the 

removal of unnecessary information via the insertion of randomly sampled noise such that the model 

performance is maintained (Tishby et al., 2000). Given a deep learning model, this process can be used 

to reduce the complexity of selected feature embedding spaces. If noise sampled from a model’s train 

data, rather than noise from a purely random distribution, is inserted into the embedding space, then 

this optimization process will facilitate  quantification of the amount of allowable train information to be 

shared with a given test data sample. Doing so will enable post hoc OOD detection, which does not 

require dimensionality reduction, is statistically interpretable, and will intrinsically account for 

embedded feature noise. Information bottlenecks have previously been used for deep attribution 

mapping (Schulz et al., 2020; Zhmoginov et al., 2020) but have not yet been utilized for OOD detection. 

In this work, we explored the utility of an information bottleneck optimization process for OOD 

detection, and we denote the associated OOD measure as the InfoOOD measure. We evaluated the 

benefit of this novel OOD detection approach for the metastatic liver tumor segmentation task, where 
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we assessed the InfoOOD measure’s performance at detecting data with simulated CT artifacts and the 

correlation between the OOD measure and model segmentation performance. 

2.2 Methods 

2.2.1 Information Bottleneck Implementation 

Mathematical Framework  

In this work, information bottleneck optimization was implemented on a trained deep learning 

model in a post hoc manner to accommodate train data feature sharing. To this end, we adapted the 

information bottleneck implementation described in K. Schulz et al. (Schulz et al., 2020). An information 

bottleneck block was inserted after the selected model layer. Within this block, the layer output’s feature 

information is disrupted via the injection of noise according to  

𝑍 =  𝜆(𝛼)𝑅 +  (1 −  𝜆(𝛼))𝜖, (1) 

where 𝑅 represents the layer features,  𝜆(𝛼) = sigmoid(𝛼), 𝛼 is a learnable parameter of the same 

dimensionality as 𝑅 inserted at the model layer, and 𝜖 is replacement noise defined as 𝜖~𝒩(𝜇𝑅 , 𝜎𝑅
2), 

where 𝜇𝑅 and 𝜎𝑅
2 are the estimated mean and variance of the layer features, sampled from the train 

data. Since the replacement noise is defined using the model’s train data, the optimizable α parameter 

controls the degree to which the train feature distribution can be shared with the given test sample 

features via feature interpolation. A depiction of the information bottleneck block is provided in Figure 9. 

Information sharing was optimized such that test sample output performance was retained 

according to the loss function:  
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ℒ =  ℒ𝑚𝑜𝑑𝑒𝑙 +  𝛽ℒ𝑖𝑛𝑓𝑜, (2) 

where ℒ𝑚𝑜𝑑𝑒𝑙 is the model’s standard loss (e.g., cross entropy), ℒ𝑖𝑛𝑓𝑜 describes the mutual information 

between train and test features, and 𝛽 is set according to the desired trade-off between these two 

terms. Consequently, this loss function maximizes the shared information between train and test 

features by minimizing the difference in these distributions while retaining good model performance. 

The shared mutual information between train and test features (ℒ𝑖𝑛𝑓𝑜) was approximated as 

ℒ𝑖𝑛𝑓𝑜 =  𝐼[𝑅, 𝑍] =̃  𝔼𝑅[𝐷𝐾𝐿[𝑃(𝑍 | 𝑅) || 𝑄(𝑍)]], (3) 

where 𝑃(𝑍 | 𝑅) is the probability distribution of 𝑍 given 𝑅, 𝑄(𝑍) = 𝒩(𝜇𝑅 , 𝜎𝑅
2) is a variational 

approximation, and 𝐷𝐾𝐿[∙] represents the Kullback-Leibler-divergence. A detailed derivation of equation 

3 can be found in (Schulz et al., 2020).  

The InfoOOD Measure  

The total loss in equation 2 holds potential as an OOD measure. Test samples with low loss can 

be interpreted as having embedded features that are similar to those in the train data, and thus, the 

train features can be shared with the test features without a deterioration in model performance (i.e., 

low ℒ𝑚𝑜𝑑𝑒𝑙). High losses, then, are attributed to the test sample having features that are dissimilar to the 

train features, and sharing train feature information deteriorates model performance. In this work, we 

utilize the total loss from equation 2 as an OOD measure and denote it as the InfoOOD measure.  

U-Net Model Implementation  

In this work, an information bottleneck was augmented to a fully trained U-Net segmentation 

model at the model’s architectural bottleneck. The information bottleneck was optimized in a post hoc 
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manner on individual test data samples, where the only learnable parameter in the model was the 

inserted 𝛼 parameter. This was a self-contained optimization process, meaning that the optimization was 

invoked individually on test samples and did not require independent data for training purposes. This 

process was trained for 30 iterations using the Adam optimizer and a learning rate of 0.5. 𝛽 was set to 

1E+03, and all indices in the 𝛼 parameter were initialized to 5.0 to ensure no feature sharing occurred at 

the start of the optimization process. The feature-wise Gaussian distributions in equations 1 and 3 were 

sampled from the model’s train dataset. To enable use in a deployed setting, the ground-truth in the 

model loss of equation 2 was set as the model prediction before initiating the information bottleneck 

optimization. Thus, the optimization process was encouraged to maintain model performance while 

maximizing train feature sharing. An ablation experiment was performed on the magnitude of the set 𝛽 

parameter. 

 

Figure 9 A schematic, adapted from (Schulz et al., 2020), describing the implementation of an 
information bottleneck on a U-Net architecture. The information bottleneck block is placed after the U-

Net bottleneck layer.  
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2.2.2 Out-of-Distribution Measures 

OOD Measures for Comparison  

Several embedded feature-based OOD measures were implemented for comparison. In 

agreement with the InfoOOD measure, each comparison method was implemented on the segmentation 

model’s bottleneck layer, and the reference feature distribution was defined using the model’s train data. 

In addition, all OOD measures were post hoc and were implemented on the fully trained liver organ and 

tumor segmentation model. 

First, the Euclidean distance (𝐷𝑖𝑠𝑡𝐸𝑢𝑐𝑙) between train and test features was implemented 

according to 

𝐷𝑖𝑠𝑡𝐸𝑢𝑐𝑙 =  ‖𝑅 −  𝜇‖2, (4) 

where ‖∙‖2 represents the 𝐿2 norm. Next, the Mahalanobis distance (𝐷𝑖𝑠𝑡𝑀𝑎ℎ𝑎) was implemented 

according to 

𝐷𝑖𝑠𝑡𝑀𝑎ℎ𝑎 =  √(𝑅′ − 𝜇′)𝑇𝐶−1(𝑅′ −  𝜇′), (5) 

where 𝑅′, represents the downsampled embedded test features, 𝜇′ represents the downsampled mean 

of the train features, (∙)𝑇 represents the matrix transpose operation, and 𝐶−1 represents the inverse of 

the covariance matrix sampled from the sampled train features. Downsampling via average pooling of 

the embedded features and adding a regularization term of 1E − 05 to the diagonal of 𝐶 was necessary 

to accommodate the matrix inversion operation. The 𝐷𝑖𝑠𝑡𝑀𝑎ℎ𝑎  accounts for possible correlations 

between features, and as a result, is generally assumed to yield greater utility over 𝐷𝑖𝑠𝑡𝐸𝑢𝑐𝑙. Lastly, the 

cosine similarity distance (𝐷𝑖𝑠𝑡𝐶𝑜𝑠𝑖𝑛𝑒) was implemented according to  
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𝐷𝑖𝑠𝑡𝐶𝑜𝑠𝑖𝑛𝑒 = 1 −  
𝑅 ∙ 𝜇

‖𝑅‖2‖𝜇‖2
. (6) 

The cosine similarly distance subtracts the cosine angle between the embedded test features (𝑅) and the 

average of the train features (𝜇) from one, resulting in a range between 0 and 2. A 𝐷𝑖𝑠𝑡𝐶𝑜𝑠𝑖𝑛𝑒 measure of 

0 implies the two feature vectors are completely aligned, while a 𝐷𝑖𝑠𝑡𝐶𝑜𝑠𝑖𝑛𝑒 measure of 2 implies these 

two vectors are antiparallel. Thus, we assume 𝐷𝑖𝑠𝑡𝐶𝑜𝑠𝑖𝑛𝑒 measures closer to 2 are associated with OOD 

data.  

Due to the absence of computational constraints, both the 𝐷𝑖𝑠𝑡𝐸𝑢𝑐𝑙 and the 𝐷𝑖𝑠𝑡𝐶𝑜𝑠𝑖𝑛𝑒 

measures utilized the full feature space and did not utilize dimensionality reduction like the 𝐷𝑖𝑠𝑡𝑀𝑎ℎ𝑎 

measure. For each OOD measure (including the InfoOOD measure), larger magnitudes are associated 

with higher likelihood of the associated image to be OOD. 

2.2.3 Segmentation Model 

A three-dimensional segmentation model was trained in-house to segment the liver organ and 

metastatic liver tumors using the nnUNet repository (Isensee et al., 2021). The nnUNet model has 

demonstrated highly competitive results on various segmentation tasks, making it well-suited to 

augment with and test OOD detection algorithms. The model was trained for 1,000 epochs with a batch 

size of 2 and using the sum of the Dice coefficient and cross-entropy as the loss function. Instance 

normalization was used between each convolutional layer. The input image patch size was 

[128 × 128 × 128] voxels. Data augmentation was applied during training using additive Gaussian 

noise, Gaussian blurring, contrast adjustment, low resolution simulation, gamma augmentation, rotation, 

scaling, and mirroring. Model training took place on an Nvidia RTX Titan GPU workstation with 24 GB of 

memory.  
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2.2.4 Datasets 

Datasets utilized in this work consisted of abdominal computed tomography (CT) scans of 

patients with metastatic liver tumors. Selection of this dataset was motivated by the high incidence of 

liver metastases across many common malignancies (Clark et al., 2016) and the critical role of medical 

image assessment in managing the disease (Freitas et al., 2021), including deep learning-based 

segmentation approaches (Vorontsov et al., 2019). The base segmentation model was trained using 𝑁 =

157 scans acquired from the publicly available Colorectal Liver Metastases (CRLM) dataset (Simpson et 

al., 2024). All images in this dataset were acquired following the same acquisition protocol and 

parameters. Consequently, deviations in the model’s train feature distributions due to differences in scan 

type were minimized. A validation data split was defined using 𝑁 = 40 images from the same CRLM 

dataset and was used as test data for segmentation model performance and OOD detection evaluations. 

An addition test comprising of 𝑁 = 131 abdominal CT images from the publicly available LiTS Liver 

Tumor Segmentation challenge (Bilic et al., 2023) was acquired for further OOD detection evaluation. 

Unlike the images from the CRLM dataset, these images were acquired using non-standardized image 

acquisition protocols. 

2.2.5 Data Preprocessing 

Prior to model training, all images were normalized to zero-mean-unit-variance, resampled to a 

common 2.5 mm3 voxel spacing, and cropped about the center of the liver to the model patch size. The 

same voxel spacing and image cropping were applied to test images for all OOD evaluations. Due to the 

patch-based segmentation model used in this work, cropping to the model patch size ensured only one 

OOD measure was computed per test image.  
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2.2.6 Experiments 

CT Artifact Detection  

In this first assessment, each OOD measure’s ability to detect clinically relevant OOD test data 

was investigated. Here, the segmentation model’s train data defined the in-distribution (ID) data, and CT 

artifacts were simulated on the CRLM test data to curate OOD data. Simulated artifact data was selected 

for this purpose because it has been shown to be challenging to detect this type of data using standard 

OOD measures (González et al., 2022).  

Artifact Simulation  

Using physics-based CT artifacts as OOD test data more closely resembles possible OOD data in 

deployed clinical settings. Three artifacts were simulated: low dose, sparse views, and rings artifacts. 

Each artifact was simulated at low, medium, and strong magnitudes to curate near, medium, and far 

OOD test data. Artifacts were simulated following a filtered back-projection image reconstruction 

framework (Pan et al., 2009), where simulated projection data was acquired via the Radon transform of 

the original images and modified for artificial simulation. The inverse Radon transform was then 

employed on the modified projection data to acquired images with simulated artifacts. A high-level 

overview of the artifact simulation process and an example image across artifacts and magnitudes is 

shown in Figure 10. All artifact simulation and subsequent analyses were performed on the validation 

data split from the segmentation model dataset (i.e., the CRLM data). 
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Figure 10 (a) Process for simulating low dose, sparse views, and rings artifacts on CT test data. (b) 
Example CT test image with simulated CT artifacts for each artifact type and magnitude. 

Low-dose CT images were simulated using the method established in (Yu et al., 2012). Low-dose 

noise-only projection data was acquired according to 

𝜂̃𝐵 ≈ √
1 − 𝑎

𝑎
∙

𝑒𝑥𝑝(𝑃𝐴)

𝑁0,𝐴
∙ 𝜖, (7) 

where 𝜂̃𝐵 is the approximate additive low-dose noise projection data, 𝑃𝐴 is the original image projection 

data, 𝑎 is the dose reduction factor, 𝑁0,𝐴 is the number of incident photons from the original high dose 

scan, and 𝜖 is a randomly sampled Gaussian distribution defined as 𝜖~𝒩(𝜇 = 0, 𝜎 = 1). 𝑁0,𝑎 was 

assumed to be 1E04. The inverse radon transform was performed on 𝜂̃𝐵 to acquire a low-dose noise-only 

image, which was added to the original image to simulate the low-dose image with non-random and 

non-uniform additive noise. Weak, medium, and strong low dose artifacts were defined using 𝑎 = 0.75 

(three-quarter dose), 𝑎 = 0.50 (half dose), and 𝑎 = 0.25 (one-quarter dose), respectively.  
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The sparse views artifact was simulated by removing data from every 𝑛𝑡ℎ index along the view 

angle (𝜃) dimension of the original image’s projection data. Weak, medium, and strong view angle 

artifacts were defined using  𝑛 = 4, 𝑛 = 3, and 𝑛 = 2, respectively.   

The rings artifact was simulated by adjusting positive and negative gains of 𝑛 indices along the 

detector (𝑥) dimension of the original image’s projection data. Gain factors were randomly sampled 

between integers [𝑔1, 𝑔2], where positive gains were applied using these factors and negative gains 

were applied using 1/[𝑔1,  𝑔2]. Weak, medium, and strong rings artifacts were simulated using 𝑛 = 2, 

[𝑔1 = 3,  𝑔2 = 4]; 𝑛 = 3, [𝑔1 = 4,  𝑔2 = 5]; and 𝑛 = 4, [𝑔1 = 5,  𝑔2 = 6]; respectively.  

Artifact Induced Shifts  

Shifts induced by the simulated CT artifact data on the segmentation model performance and 

the InfoOOD measure were assessed. The Dice coefficient for the predicted liver organ and liver lesion 

segmentation masks and the corresponding InfoOOD measures were reported for each artifact type and 

magnitude and for the OOD test data with no artifact simulation. Statistical significance was reported 

between the non-artifact and artifact data using the Wilcoxon rank sum test. Segmentation performance 

(Dice) was expected to degrade with artifact magnitude, whereas the InfoOOD measure was expected to 

increase with artifact magnitude. 

OOD Detection Performance  

The detection performance of each OOD measure for detecting CRLM test data with each 

simulated artifact type and magnitude was assessed. Performance using areas under the Receiver 

Operator Curves (AUCs) was evaluated for detecting each artifact type and magnitude. Bootstrapping 

using 𝑛 = 1,000 samples was invoked to acquire 95% confidence intervals of the AUC values. OOD 



38 

 

   

detection performance was also reported using the InfoOOD measure from each iteration of the 

optimization process to observe the behavior of the measure across iterations, capturing the bottleneck 

optimization process.  

Ablation Study  

Within the CT artifact detection experiment, an ablation was performed over the 𝛽 used in the 

post hoc information bottleneck loss function (equation 2). In this ablation, OOD detection performance 

was assessed on the CRML test data at the medium magnitude for each artifact using 𝛽 = [1E-01, 1E+00, 

1E+01, 1E+02, 1E+03, 1E+04]. 

Correlations With Segmentation Model Performance  

In this second assessment, we evaluated each OOD measure’s correlation with the trained 

segmentation model’s performance. Strong correlations may indicate that an OOD measure can be used 

as a proxy for model performance in a deployed clinical setting in the absence of ground-truth data. This 

correlation analysis was performed using the 𝑁 = 131 abdominal CT test images from the LiTS dataset. 

Since these images were acquired using non-standardized image acquisition protocols, they are expected 

to be broadly distributed with varying OOD magnitudes, making them more suitable for the correlation 

analysis. Evaluated model performance metrics included predicted liver lesion detection sensitivity, 

segmentation Dice coefficient, and the percent difference between ground truth and predicted lesion 

volumes. These metrics were chosen due to their clinical importance. For instance, accurate lesion 

segmentation is crucial for radiation therapy planning (Savjani et al., 2022), while liver lesion volume is 

an established biomarker in disease assessment and prediction (Assouline et al., 2023; Sahu et al., 2017). 

The Spearman correlation coefficient between individual OOD measures and each of these segmentation 

performance metrics was reported. To facilitate more homogenous analysis, the negative of the lesion 
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volume percent difference metric was used such that a strong negative correlation indicated better OOD 

measure performance for each model performance metric. To observe the benefit of the information 

bottleneck optimization process on the InfoOOD measure, these correlations were reported at each 

iteration in the InfoOOD optimization process. 

2.3 Results 

2.3.1 CT Artifact Detection 

Induced Artifact Shifts  

The performance of the trained segmentation model on OOD test data across all artifact types 

and magnitudes is summarized in Figure 11. The segmentation performance degraded with increasing 

artifact magnitude for each artifact type, as expected. In general, degradations were more pronounced 

for the liver lesion segmentation compared to the organ segmentation. However, the segmentation 

performance on each artifact type and magnitude for both liver organ and lesions was significantly 

inferior to the performance in the ID data (i.e., 𝑝 < 0.001). When considering both liver organ and lesion 

segmentation performance, segmentation performance deterioration was strongest for the Rings artifact 

and weakest for the Sparse Views artifact.   
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Figure 11 Dice coefficients of predicted liver organ and liver lesion segmentations on in-distribution (ID) 
and out-of-distribution OOD test data for each simulated artifact type and magnitude.  

Figure 12 shows the InfoOOD measures across artifact types and magnitudes. The InfoOOD 

measures for the high magnitude data for each artifact type demonstrated much higher magnitudes 

than measures for the weak and medium magnitude data. For better visualization, the InfoOOD 

measures are shown across all artifact magnitudes (Figure 12a) and across only weak and medium 

magnitudes (Figure 12b). For each artifact type, the InfoOOD measure increased with artifact magnitude. 

The InfoOOD measures for each artifact type and magnitude were statistically greater (𝑝 < 0.001) than 

those in the in-distribution data.  

 

Figure 12 (a) The InfoOOD measure on ID data and OOD test data across each artifact type and 
magnitude and (b) across weak and medium magnitudes, for improved visualization. 
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OOD Detection Performance  

The OOD detection performance of each OOD measure across all artifact types and magnitudes 

is summarized in Table 1. The proposed InfoOOD measure achieved superior OOD detection 

performance across all artifact types and magnitudes, and detection performance increased with 

increasing magnitudes across artifact types. The InfoOOD measure yielded the worst detection 

performance for the weak sparse views artifact (𝐴𝑈𝐶 = 0.74) and the best detection performance for 

the strong rings artifact (𝐴𝑈𝐶 = 0.93). All comparison OOD measures failed to adequately detect OOD 

data, where the worst detection performance was 𝐴𝑈𝐶 = 0.38 for the detecting the weak sparse views 

artifact data using both 𝐷𝑖𝑠𝑡𝐸𝑢𝑐𝑙 and 𝐷𝑖𝑠𝑡𝐶𝑜𝑠𝑖𝑛𝑒, and the best detection performance was 𝐴𝑈𝐶 = 0.57 

for detecting strong rings artifact data using each comparison OOD measure. Still, the detection 

performance of each comparison OOD measure increased with increasing artifact magnitudes.  

Table 1 AUC scores (↑) with 95% confidence intervals ([∙]) for detecting OOD data using each of the OOD 
measures. Detection performance is shown for each OOD data artifact simulation type and magnitude.  

  OOD Measure 

Artifact 
Type 

Artifact 
Magnitude 

𝐷𝑖𝑠𝑡𝑀𝑎ℎ𝑎 𝐷𝑖𝑠𝑡𝐸𝑢𝑐𝑙 𝐷𝑖𝑠𝑡𝐶𝑜𝑠𝑖𝑛𝑒 InfoOOD 

Low Dose 

Weak 
0.42  

[0.32, 0.51] 
0.39  

[0.30, 0.48] 
0.39  

[0.30, 0.49] 
0.79  

[0.72, 0.86] 

Med. 
0.43  

[0.34, 0.54] 
0.41  

[0.32, 0.52] 
0.42  

[0.32, 0.51] 
0.85  

[0.78, 0.91] 

Strong 
0.48  

[0.37, 0.59] 
0.48  

[0.38, 0.59] 
0.49  

[0.38, 0.59] 
0.90  

[0.83, 0.94] 

Sparse 
Views 

Weak 
0.40  

[0.30, 0.49] 
0.38  

[0.29, 0.48] 
0.38  

[0.29, 0.48] 
0.74  

[0.67, 0.82] 

Med. 
0.40  

[0.31, 0.50] 
0.39  

[0.30, 0.48] 
0.39  

[0.30, 0.49] 
0.80  

[0.73, 0.87] 

Strong 
0.44  

[0.34, 0.54] 
0.45  

[0.35, 0.54] 
0.45  

[0.35, 0.54] 
0.86  

[0.79, 0.92] 

Rings 
Weak 

0.45  
[0.33, 0.51] 

0.42  
[0.33, 0.51] 

0.42  
[0.32, 0.52] 

0.82  
[0.73, 0.89] 

Med. 
0.47  

[0.37, 0.57] 
0.46  

[0.36, 0.56] 
0.46  

[0.36, 0.56] 
0.88  

[0.81, 0.93] 
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Strong 
0.57  

[0.47, 0.66] 
0.57  

[0.48, 0.66] 
0.57  

[0.47, 0.66] 
0.93  

[0.88, 0.97] 

 

The OOD detection performance of the InfoOOD measure at each iteration in the information 

bottleneck optimization process is shown in Figure 13. In general, OOD detection performance increased 

with successive optimization iterations, and detection performance was greatly enhanced from the 0th to 

the last iteration, with a particular spike of increased performance around the 20th iteration. For 

example, the detection of images with weak and strong magnitude artifacts increased from 𝐴𝑈𝐶 ≤ 0.46 

to 𝐴𝑈𝐶 ≥ 0.74 and from 𝐴𝑈𝐶 ≤ 0.68 to 𝐴𝑈𝐶 ≥ 0.86, respectively. Interestingly, the poor performance 

of the InfoOOD measure at the 0th iteration was still superior to the comparison OOD measures (e.g., 

𝐴𝑈𝐶 = 0.69 vs. 𝐴𝑈𝐶 = 0.57 for detecting strong rings artifact data using the comparison methods). For 

the majority of artifact types and magnitudes, the detection performance saturated around the 25th 

iteration. The detection performance on a few of the OOD test sets, however, did not fully saturate by 

the last iteration (e.g., the medium and strong rings artifact data). Regardless of the saturation point, the 

information optimization process greatly benefited detection performance across artifact types and 

magnitudes.   

 

Figure 13 AUC (↑) detection performance for the InfoOOD measure at each iteration in the post hoc 
information bottleneck optimization process for detecting a) Low-Dose Artifact data, b) Sparse Views 

Artifact data, and c) Rings Artifact data, each at weak, medium, and strong magnitudes.  
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Ablation Study  

The detection performance of the InfoOOD measure when using different 𝛽 values in the 

information bottleneck loss function (equation 2) is shown in Table 2. This detection was performed 

using the medium magnitude data from each artifact type. Using 𝛽 = 1E+03 offered superior detection 

performance across artifact types at this magnitude. Both 𝛽 values less than and greater than this 

yielded inferior detection performance. However, when considering the confidence intervals, detection 

performance was not substantially different across 𝛽 values. 

Table 2 AUC scores (↑) with 95% confidence intervals ([∙])  for detecting each artifact at the medium 
magnitude when using different 𝛽 values in the information bottleneck loss function (InfoOOD measure). 

 Artifact (Medium Magnitude) 

𝛽 Low Dose Sparse Views Rings 

1E-01 
0.74  

[0.64, 0.83] 
0.70  

[0.59, 0.80] 
0.85 

 [0.78, 0.91] 

1E+00 
0.74  

[0.64, 0.84] 
0.70  

[0.59, 0.80] 
0.85 

 [0.78, 0.92] 

1E+01 
0.74 

 [0.64, 0.83] 
0.70  

[0.58, 0.80] 
0.85  

[0.79, 0.92] 

1E+02 
0.76  

[0.66, 0.84] 
0.71  

[0.61, 0.81] 
0.86  

[0.79, 0.92] 

1E+03 
0.85  

[0.78, 0.91] 
0.80  

[0.73, 0.87] 
0.88  

[0.81, 0.93] 

1E+04 
0.81 

 [0.73, 0.87] 
0.75 

 [0.67, 0.82] 
0.69 

 [0.60, 0.78] 

 

2.3.2 Correlations With Segmentation Model Performance 

The Spearman correlation coefficients (𝜌) between each OOD measure and segmentation model 

performance metrics are shown in Table 3. The InfoOOD measure achieved superior correlation 

performance across segmentation performance metrics. For this measure, the strongest correlation was 

shown for the lesion sensitivity (𝜌 = −0.52) metric, followed by lesion Dice coefficient (𝜌 = −0.49), and 
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then lesion volume accuracy (𝜌 = −0.47). All comparison OOD measures demonstrated inferior 

correlation performance across all segmentation metrics. These correlations were relatively poor such 

that no meaningful trend between OOD measure and segmentation performance was observed (i.e., 

𝜌 ≥ −0.09 for all). Scatter plots depicting the relationship between the InfoOOD measure and each 

segmentation performance metric are shown in Figure 14. 

Table 3 Spearman correlation coefficients (𝜌) between each OOD measure and segmentation 
performance metric. Larger negative numbers indicate stronger correlations. Bold text indicates the 

strongest correlation coefficient.  

 Segmentation Metric 

OOD Measure Sensitivity Dice Coeff. Volume Accuracy 

𝐷𝑖𝑠𝑡𝑀𝑎ℎ𝑎 -0.06 0.02 -0.09 
𝐷𝑖𝑠𝑡𝐸𝑢𝑐𝑙 0.06 0.08 -0.04 

𝐷𝑖𝑠𝑡𝐶𝑜𝑠𝑖𝑛𝑒 -0.05 -0.08 0.04 
InfoOOD (Ours) -0.52 -0.49 -0.47 

 

 

Figure 14 Scatter plots between the InfoOOD measure and each segmentation performance metric: (a) 
lesion sensitivity, (b) lesion Dice coefficient, and (c) lesion volume accuracy. Outlier data defined as test 

image with greater than the 75th percentile InfoOOD measure are omitted from the scatter plots for 
visualization.  

Figure 7 shows examples of test images that exhibit the strong correlation between the InfoOOD 

measure and the segmentation metrics (i.e., low InfoOOD measures are associated with good 

segmentation performance and vice versa). The segmentation model achieved strong performance for 
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the test image in Figure 15a, where, considering the whole test dataset, the percentiles of the 

performance metrics were 98.3%, 91.1%, and 74% for lesion sensitivity, Dice coefficient, and volume 

accuracy, respectively (i.e., very high segmentation performance). At the same time, this test image 

yielded a low InfoOOD measure which was under the 10th percentile (i.e., very low OOD) of all InfoOOD 

measures in the test data. On the other hand, Figure 15b shows a test image on which the segmentation 

model performed poorly and yielded segmentation metrics equating to percentiles of 14.5%, 18.5%, and 

16.1% for lesion sensitivity, Dice coefficient, and volume accuracy, respectively (i.e., very low 

segmentation performance). Meanwhile, the InfoOOD measure percentile on this image was 98.4% (i.e., 

very high OOD).  

 

Figure 15 Example test images that demonstrated a strong correlation between the InfoOOD measure 
and predicted segmentation performance. The test image in (a) shows an image with good segmentation 

performance and a low InfoOOD measure. Conversely, the test image in (b) shows an image with poor 
segmentation performance and a high InfoOOD measure.  

Figure 16 shows the Spearman correlation coefficients between the InfoOOD measure and each 

segmentation performance metric at each iteration in the information bottleneck optimization process. 

Overall, these correlations were enhanced with successive iterations, indicating the importance of the 

optimization process in determining the amount of allowable shared information from the train features 

with the test features. The optimization process strengthened each correlation from 𝜌 ≥ −0.11 to 𝜌 ≤
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−0.47. Thus, the information bottleneck optimization process was essential to acquire strong 

correlations with model performance.        

 

Figure 16 Spearman correlation coefficients between the InfoOOD measure and each segmentation 
performance metric across information bottleneck optimization iterations.  

2.4 Discussion  

In this work, we introduced a novel approach to OOD detection for deep learning-based medical 

image analysis tasks, which leveraged a post hoc information bottleneck optimization. Specifically, this 

optimization process was used to quantify the amount of train data embedded feature information that 

can be shared with test data feature information without deteriorating model outputs. Importantly, this 

approach is post hoc, meaning, it can be implemented on any fully trained deep learning model, and the 

optimization is self-contained, relying only on the input test image and the trained deep learning model 

without requiring separate training data. We showed that the OOD measure associated with this 

approach, InfoOOD, achieved superior performance over established, feature embedding-based OOD 

measures for detecting OOD test data, which was defined using simulated image artifacts. We also 

demonstrated how this approach was necessary to obtain strong correlations between the OOD 
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measure and model performance. Overall, this work introduces and demonstrates the benefit of an 

information-based approach for medical image OOD tasks over more standardized feature embedding-

based approaches.  

The InfoOOD measure offers an alternative OOD measure which acts on the embedded feature 

space of a trained model. Most previous embedding space methods are categorized as distance-based 

methods. For example, the work of (González et al., 2022) used the Mahalanobis distance of embedded 

features for OOD detection. This distance measure is generally preferred over others, such as the 

Euclidean distance, because it accounts for possible correlations between features. However, due to the 

high computational demand of this distance measure, the dimension of the embedded feature space is 

often reduced via average pooling. This dimensionality reduction may remove feature information 

relevant to OOD detection. In contrast, the InfoOOD measure does not require dimensionality reduction, 

allowing for all feature information to be considered for OOD detection. Alternative dimensionality 

reduction techniques, such as Principal Component Analysis, have been proposed for OOD detection 

(Woodland et al., 2023). While these approaches can be interpreted as isolating representative features 

for OOD detection, these downsampled features are not directly linked to the model output. The 

InfoOOD approach can similarly be interpreted as isolating important features, but this “importance” is 

directly tied to the effect on model output via the post hoc loss function (equation 2). For example, high 

InfoOOD measures will be dominated by features critical to the prediction output yet different from the 

train features. Consequently, the InfoOOD measure intrinsically accounts for possible noise in the 

embedded feature space, which could otherwise decrease the sensitivity of the OOD measurement.  

In our first evaluation, we defined OOD data using simulated image artifacts based on image 

acquisition physics to represent OOD data that may more realistically be found in clinical settings. In 

contrast, previous works have defined OOD data using less clinically realistic perturbations, such as by 
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omitting image slices (Zimmerer et al., 2022), by applying affine transformations (González et al., 2022), 

by applying random parameterized noise perturbation (Schott et al., 2024), or by applying non-random 

noise from adversarial attacks (Schott et al., 2025a). In part, these perturbations are advantageous due 

to their implementation simplicity, whereas acquiring actual clinical OOD data can be challenging. 

However, simulating physics-based image artifacts, as was done in this work, is both straightforward and 

enables more clinically realistic and relevant OOD quantitative assessments. Moreover, our image 

artifact simulation approach allows for simulations of varying magnitudes, which enables the user to test 

the sensitivity of OOD measures on images spanning near and far OOD data.  

The performance of the trained segmentation model degraded with each introduced image 

artifact and magnitude (Figure 11). At the same time, the introduced InfoOOD measure responded in an 

inverse manner, where measures were greater for stronger artifact magnitudes (Figure 12). This verified 

the assumption that simulated image artifacts should both degrade model performance and yield higher 

OOD distances. In agreement with this pattern, the OOD detection performance of the InfoOOD measure 

scaled directly with artifact magnitude (Table 1 and Figure 13). The detection performance of the 

comparison OOD measures similarly scaled with artifact magnitude, however, none of these measures 

achieved adequate detection performance. When evaluating the correlation between each OOD 

measure and the three segmentation performance metrics, we found that the comparison OOD 

measures failed to yield useful correlations. Meanwhile, the correlations from the InfoOOD measure 

were more meaningful (e.g., 𝜌 = −0.52 for lesion sensitivity). Figure 15b provides an example where 

the InfoOOD measure was appropriately high for a test image that the segmentation model failed on, 

possibly due to the differences in contrast enhancement between this image and the segmentation 

model train data. While the correlations from the InfoOOD measure were the strongest amongst the 

tested OOD measures, fluctuations in the data were still present (Figure 14). However, a perfect 
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correlation between an OOD measure and model performance is not expected since OOD is only one 

factor that could induce model failures, including other sources of predictive uncertainty (Lambert et al., 

2024). Because of this limitation in correlation assessments, it is important to evaluate any OOD measure 

using multiple assessments, as we have done in this work. Future work should be dedicated towards 

combining different uncertainty measures (including OOD detection and traditional, ID uncertainty 

quantification) to acquire better correlations with clinical endpoints.  

The comparison OOD measures failed to yield meaningful results for artifact detection and 

correlation to segmentation performance. In the work of (González et al., 2022), however, the 

Mahalanobis distance obtained superior OOD detection and correlation performance when compared to 

other OOD measures. Another work similarly found the Mahalanobis distance yielded meaningful 

results, however, these were comparable to alternative OOD measures (Anthony & Kamnitsas, 2023). In 

both of these works, batch normalization was used between model layers. In contrast, our segmentation 

model utilized instance normalization. It is possible that batch normalization is more conducive to OOD 

detection using standard distance measures than instance normalization, where embedded features are 

more tightly constrained. It is critical, however, to investigate OOD detection using models with instance 

normalization due to the associated performance boost this normalization provides, especially when 

using small batch sizes during training (Kolarik et al., 2020), as is often done for medical image tasks. 

Alternative feature normalization strategies or training approaches to better conform the feature space 

(Zamzmi et al., 2024) should be investigated for OOD detection. The poor results of the comparison OOD 

measures may also be attributable to the type of OOD data targeted in this work. Non-clinical image 

artifacts (e.g., spatial transformations) have been shown to be difficult to detect using OOD measures 

(González et al., 2022). Our work was the first to define OOD data using clinically realistic and physics-

based image artifacts. Our results indicate that established, distance-based OOD measures may similarly 
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not be sensitive to this type of OOD data. Nevertheless, like the other embedded feature methods, the 

InfoOOD measure did not achieve meaningful results without optimization (at iteration 0). Thus, the 

optimization process appeared to be critical for these OOD detection tasks.  

The InfoOOD measure holds potential with and without optimization, where each use offers a 

different rationale as an OOD measure. Without optimization, this measure can be interpreted as 

quantifying the amount of shared information between train and test features. With optimization, the 

InfoOOD measure can be interpreted as quantifying the amount of shareable information from the train 

features with the test features such that model performance is not significantly degraded. While using 

the InfoOOD measure without optimization shows slight promise for OOD detection (e.g., 𝐴𝑈𝐶 = 0.68 

for the strong rings artifact), the optimization was crucial to achieve strong results across OOD 

evaluations. Using the InfoOOD measure with optimization, however, introduced the need for 

hyperparameter selection, such as the learning rate or 𝛽 parameter. A hyperparameter search was 

performed for the 𝛽 parameter, which found 𝛽 = 1E+03 to be optimal. Performing additional searches 

for the remaining parameters was not critical because OOD performance was expected to saturate 

within the optimization, and changing the hyperparameters will likely only change the iteration at which 

this saturation occurs. However, this saturation point may be different across different OOD evaluations. 

For example, OOD detection performance saturated at approximately the 25th iteration for most artifact 

types and magnitudes. For the medium and strong magnitude rings artifact, however, it appeared the 

saturation point was not yet reached at the final iteration. This was also the case in the correlation 

evaluations (Figure 16). Studies investigating optimal stopping point strategies for this optimization 

process are needed to address this methodological limitation.  

Several additional challenges are present in this work, aside from the undetermined optimal 

stopping point criteria for OOD purposes. A primary challenge was the absence of an OOD benchmark 
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dataset for medical image OOD detection, which, to our knowledge, does not currently exist and 

therefore limited our ability to directly compare our work to others. Ideally, our detailed explanation of 

the OOD curation process using simulated image artifacts will invoke others to assess OOD measures in a 

similar manner and may contribute to the standardization of defining medical image OOD data from 

which to benchmark OOD measures. Another challenge of this work was only investigating one category 

of OOD data. In addition to image artifacts, OOD data could be categorized in several ways, such as 

differences in image scanners manufacturers and models, stark anatomical differences, and the presence 

of pathological anomalies. However, our approach using simulated image artifacts enabled us to curate a 

large and comprehensive test set from a single test data set. Acquiring OOD data from these alternative 

categories would be very challenging and would require the use of real clinical data. Building public data 

repositories of these types of clinical data in addition to sharing data on which high-quality models fail to 

generalize (i.e., performs poorly) will help researchers build reliable OOD detection and uncertainty 

quantification methods. Our data pre-processing introduced another challenge to this work. Images 

were resampled to 2.5 mm3 voxel spacing due to computer memory constraints. This resampling process 

may have removed features important for OOD detection, and sensitivity may be enhanced using higher 

resolution images. This work was further challenged by limiting the assessment to a single disease type 

and modality. While the selected modality (i.e., CT) is routinely used for the clinical care of patients with 

metastatic liver tumors, other modalities also play a role (Fusai & Davidson, 2003). Still, it is expected 

that the InfoOOD method will perform well in other modalities due to an overlap of defining liver organ 

and tumor image features (e.g., shape, edges, etc.) between modalities. Lastly, the introduced method 

incurs additional computational time at inference due to the post hoc optimization process. Unless real-

time inference is a necessity for the application at hand (e.g., in real-time motion monitoring), we found 

this additional time constraint to be negligible.  
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The InfoOOD measure introduced in this work could readily be applied to a variety of deep 

learning tasks. Segmentation tasks, especially ones that employ a U-Net model architecture, could 

benefit from this work where the implementation should be similar. However, it may be imperative to 

assess the InfoOOD measure’s performance in other modalities and pathologies. This can be done in a 

similar manner to what we have done for CT images. For example, OOD data can be constructed using 

artificial MRI artifacts such as spike artifact, under sampling, or low field image acquisition. For 

classification tasks, it may be necessary to investigate the optimal target layer for placing the information 

bottleneck block and acquiring the OOD distance measure. For each new application, it will likely also be 

important to determine the optimal 𝛽 parameter value through an ablation experiment and observe the 

OOD evaluation performance across information bottleneck optimization iterations. The applications of 

this work for contemporary deep learning architectures, such as vision transformers and multi-modal 

models, may be less straightforward, but they should be explored as future research.   

2.5 Conclusion 

We demonstrated the importance of adapting an information bottleneck optimization process 

for medical image OOD detection by introducing and evaluating the InfoOOD measure. This approach 

outperformed established embedded feature-based methods in detecting OOD medical images 

generated with simulated CT artifacts and in correlating OOD measures with segmentation model 

performance metrics. Our results encourage the adoption of post hoc information bottleneck 

optimization for OOD detection in clinical settings, paving the way for safer and more reliable 

deployments of deep learning-based medical image analysis.  
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3 Comparison of Uncertainty Quantification Methods for 

Metastatic Lesion Segmentation 

In this chapter, Specific Aim 2a is addressed by implementing and quantitatively comparing the 

performance of established UQ measures for the metastatic lesion segmentation task on whole body 

PET/CT images. UQ has not previously been studied for this clinical task, despite its pressing need 

(described in Section 1.5.2). Thus, the optimal UQ method for this task has not been established. 

Moreover, quantitative comparisons across UQ methods are not typically employed for medical image 

applications. In this chapter, we introduce and assess several quantitative comparisons to determine the 

optimal UQ methods for this understudied task. This work has been published in Physics in Medicine and 

Biology under the title “Uncertainty Quantification for Deep Learning-based Metastatic Lesion 

Segmentation on Whole Body PET/CT” (Schott et al., 2025b). This work was also published as a scientific 

abstract and presented at the American Physical Society’s (APS) annual meeting in 2024 (Minneapolis, 

Minnesota). 

3.1 Introduction 

As outlined in Section 1.5.2, the metastatic lesion segmentation task is critically in need of UQ 

due to the associated image interpretation challenges and a variety downstream clinical tasks which rely 

on the predicted segmentations. Not only will UQ help clinicians understand when a predicted 

segmentation may be incorrect, but it will also enable the propagation of uncertainty into these 

downstream tasks such as patient outcome prediction and lesion-wise response-to-treatment 

assessment. In this chapter, we share our work which investigated state-of-the-art uncertainty 
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quantification methods to determine the optimal approach for the deep learning-based metastatic 

lesion segmentation task. Uncertainty measures were acquired using four of the most prominent UQ 

methods for medical image tasks including maximum softmax probability, Monte Carlo dropout, model 

ensembling, and test time augmentation techniques. The UQ methods were implemented on a 3D U-Net 

model trained for metastatic lesion segmentation on 68Ga-DOTATATE PET/CT scans of patients with 

metastatic neuroendocrine tumors (NETs). The resulting uncertainty outputs were evaluated across 

three quantitative evaluations.  

3.2 Methods 

3.2.1 Data 

A dataset of 𝑁 = 59 whole body 68Ga-DOTATATE PET/CT images from 59 patients with metastatic 

neuroendocrine tumors (NETs) was used in this work. All images were acquired prior to the start of a 

systemic radionuclide therapy. Patient demographic information is provided in Table 4. This data cohort 

was well suited to investigate UQ methods due to the high disease burden with a total of 2322 lesions 

(per patient median: 22, range: [1, 220]) and due to its use in outcome prediction models to guide 

patient care (Santoro-Fernandes et al., 2024b). Moreover, images were acquired across a variety of PET 

scanners, including GE – Discovery MI, GE – Discovery 710, GE – Discovery ST, Philips Vereos, and 

Siemens Biographs mCT, which contributed to greater uncertainty in this dataset. Additional scanner 

information is provided in Table 5. All images were acquired under standard clinical acquisition protocols, 

which included patient fasting for four hours prior to a 68Ga-DOTATATE injection dose of 2 MBq per 

kilogram of bodyweight, where the upper and lower dose limits were 111 MBq and 200 MBq, 

respectively. Image acquisition started 60 minutes after injection, and the acquisition time was 5 minutes 

per bed position. Image intensities were converted to standardized uptake values (SUV) by dividing the 
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measured activity concentration by the injected dose per bodyweight. The same patients underwent 

177Lu-DOTATATE peptide receptor radiation therapy. All data in this study was retrospectively acquired 

from the University of Wisconsin Hospital and Clinics (UWHC) following all ethical guidelines and internal 

review board authorization.  

Table 4 Patient demographic information from the 𝑁 = 59 images and patients. 

Sex Age 

Male Female <50 50 to 60 ≥60 

34 25 9 20 30 

 

Table 5 Image acquisition scanner information and instances. VPFXS = Vue Point FX system; VPHD = Vue 
Point HD ViP; OSEM = ordered-subset expectation maximization; i3s15 = 3 iterations, 15 subsets; 

OSEM3D = 3-dimensional ordered-subset expectation maximization; TOF = time of flight; 2i21s = 2 
iterations, 21 subsets; N/a = not applicable. 

Scanner 
Manufacturer Scanner Model 

Reconstruction 
Technique 

Reconstruction 
Diameter (mm) N 

GE Healthcare 

Discovery 690 VPFXS 700 2 
Discovery 710 VPFXS 700 28 
Discovery LS OSEM 500 1 

Discovery MI 
VPFXS 700 23 
VPHD 700 2 

Philips Vereos OSEM 3is15 
576 1 
676 1 

Siemens Biograph mCT OSEM3D with TOF 2i21s N/a 1 

 

For segmentation model training purposes, NET lesions were identified and manually segmented 

under physician guidance by four radiographers with a minimum of 10 years of experience using 3D 

Slicer and ITK-SNAP. Prior to model input, all images were resampled to 2.5 mm isotropic voxel spacing 

and normalized to zero-mean-unit-variance. Example coronal view maximum intensity projection (MIP) 

images from this dataset with corresponding ground-truth labels are shown in Figure 17.  
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Figure 17 Coronal view maximum intensity projection (MIP) images from 68Ga-DOTATATE PET/CT scans 
of three example patients with (a) low (N=16 lesions), (b) medium (N=43 lesions), and (c) high (N=220 

lesions) disease burdens. MIP images are shown with a SUV window between 0 and 12. 

3.2.2 Segmentation Model 

A 3D convolutional neural network (CNN) was trained in-house to segment NETs on the baseline 

68Ga-DOTATATE PET/CT images in a binary fashion using the nnUNet repository (Isensee et al., 2021). This 

is a medical image segmentation tool which follows a standard U-Net architecture (Ronneberger et al., 

2015) yet automatically selects an optimal subset of training hyperparameters given data properties and 

available computer infrastructure. The nnUNet model has achieved strong performance across a variety 

of medical image segmentation tasks, making it well suited to test and compare multiple UQ methods 

because the training model error should be minimized. The nnUNet model was also selected due to its 

widespread adoption for whole body metastatic lesion segmentation and quantification on PET/CT 

(Blanc-Durand et al., 2021; Carlsen et al., 2022; B. Huang et al., 2024; Leung et al., 2024; Moreau et al., 

2022; Schott et al., 2023; Xue et al., 2023). 
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Five-fold cross validation was invoked for model training with 80%/20% train/test data splits to 

acquire model predictions and uncertainty measures in each image in the dataset. The model outputs on 

the test data from each fold were used for all segmentation and UQ measure performance evaluations. 

Each model fold was trained for 500 epochs and 250 minibatches per epoch using the sum of cross 

entropy and Dice coefficient as the loss and using the Adam optimizer. Data augmentation was applied 

during training with spatial, color, noise, and cropping augmentations. The model was trained on a 

workstation with 31 GB of system RAM, an 8-core CPU with 16 threads (2 threads per core), and an 

NVIDIA RTX Titan GPU with 25 GB of memory.  

3.2.3 Uncertainty Quantification Methods 

Four uncertainty quantification methods were implemented in this work: (1) probability entropy, 

(2) Monte Carlo dropout, (3), model ensembling, and (4), test time augmentation. These were selected 

due to their predominate use in previous UQ studies (Lambert et al., 2024). A summary of each method 

is provided in Figure 18.  

 

Figure 18 Schematic depicting a high-level summary of each implemented uncertainty quantification 
method.  
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The probability entropy UQ measure (𝑼𝑷𝑬) was implemented using the predicted class 

probability output within the predicted foreground from the standard segmentation model (described in 

Section 3.2.2). Probability entropy quantifies the amount of information in a probability distribution and 

is maximized when probabilities represent equivocal prediction classification (i.e., the probability across 

prediction classes is uniform). Since this approach can be implemented without any model 

modifications, it serves as a reference method to compare against more involved UQ measures. The 

probability entropy uncertainty measure was defined as  

𝑈𝑃𝐸.,𝑖 = −𝑝𝑖  ∙ log(𝑝𝑖) − (1 −  𝑝𝑖) ∙ log(1 −  𝑝𝑖), (8) 

where 𝑝𝑖  represents the model’s softmax foreground probability for voxel 𝑖 and log(∙) represents the 

natural logarithm. Segmentation masks were defined using the voxel-wise argmax operation applied 

across prediction classes of the model’s probability output. 

The Monte Carlo dropout UQ measure (𝑼𝑴𝑪𝑫𝑶) was implemented using a separate 

segmentation model trained according to the description of Section 3.2.2, except with dropout layers 

engaged. In this model, dropout layers were inserted on the last two layers of the model’s encoder, on 

the model’s bottleneck layer, and on the first two layers of the model’s decoder. This configuration aligns 

with those used in previous segmentation UQ studies (Bhat et al., 2021; Nair et al., 2020), and it also has 

been shown to be the optimal dropout layer placement for UQ purposes (Kendall et al., 2015). 

Moreover, each dropout layer had a dropout probability of 50%, which was previously found to be 

optimal for UQ applied to lesion analysis tasks (Bhat et al., 2021). During test time, each image was 

passed through the trained model 𝑁 = 50 times with dropout layers engaged.  

The model ensembling UQ measure (𝑼𝑬𝑵𝑺) was implemented by training three independent 

segmentation models with random weight initialization (following the description in Section 3.2.2). Each 
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test scan was separately passed through each model to obtain three predictions per scan. Including 

more than three ensembles was computationally expensive due to the necessity of following a five-fold 

cross validation training approach for each model in the ensemble.  

The test time augmentation UQ measure (𝑼𝑻𝑻𝑨) was implemented using the model described 

in Section 3.2.2. Following the test time augmentation strategy in (González et al., 2022), each test image 

was augmented by applying mirroring along each combination of image axes, resulting in eight 

predictions per image.  

Following the methodology in (Klanecek et al., 2023), the voxel-wise mean followed by argmax 

binarization and standard deviation across predicted probabilities were used to acquire the predicted 

segmentation and uncertainty, respectively, for 𝑈𝑀𝐶𝐷𝑂, 𝑈𝐸𝑁𝑆, and 𝑈𝑇𝑇𝐴. For all uncertainty measures, 

high magnitudes corresponded to high predictions and vice versa. Normalization of the uncertainty 

measures was not performed to preserve the unbounded upper bound of the standard deviation for 

𝑈𝑀𝐶𝐷𝑂, 𝑈𝐸𝑁𝑆, and 𝑈𝑇𝑇𝐴, and the quantitative comparisons did not require the measures to be on the 

same scale.  

3.2.4 Segmentation Model Performance 

The implementation of each UQ measure investigated in this work inevitably yields a different 

segmentation output from a standard model (except for 𝑈𝑃𝐸). Hence, we investigated the segmentation 

model performance of each UQ method to better understand how to interpret UQ performance 

assessments. Prediction performance of each UQ method was stratified by segmentation, lesion 

detection, and biomarker extraction performance metrics. Segmentation performance was reported 

using the mean Dice coefficient (± standard deviation) across test patients. Lesion detection 

performance was reported using the mean sensitivity (± standard deviation) and the mean number of 



60 

 

   

false positive predicted regions per patient (± standard deviation) across test patients. Lastly, biomarker 

extraction performance was evaluated using the Pearson correlation coefficient between the SUVmean 

and SUVtotal biomarkers extracted using predicted and ground-truth segmentations. 95% confidence 

intervals acquired via bootstrapping using 𝑛 = 1,000 random samples with replacement were reported 

for biomarker extraction performance.  

Within the segmentation performance analysis, we also reported the segmentation model train 

and inference times for the model configurations associated with each uncertainty measure. Model train 

times were reported as summations across the five training sessions necessary for cross validation. 

Model inference times were reported as the average computation time per image. 

3.2.5 Uncertainty Assessments 

Image Degradation Detection  

The first uncertainty assessment consisted of using uncertainty measures to detect artificial 

degradations added to test images. Here, we assume that images with added degradations should illicit 

predicted segmentations with higher uncertainty. Within a clinical setting, degraded images may be 

caused by factors such as differences in scanner properties or acquisition parameters (e.g., shorter 

acquisition time). We simulated degraded image quality using additive Gaussian noise. Noise was added 

to the PET components of each PET/CT scan, 𝑥𝑃𝐸𝑇 ∈ ℝ𝑛×𝑚×𝑧, according to  

𝑥̃𝑃𝐸𝑇 = 𝑥𝑃𝐸𝑇 +  𝒩(𝜇 = 0, 𝜎), (9) 

where 𝒩(𝜇 = 0, 𝜎) is an 𝑛 × 𝑚 × 𝑧 Gaussian noise matrix with 0-mean and 𝜎-standard deviation. Image 

noise was inserted on the test data using three magnitudes, 𝜎 = [2.5, 5, 7.5], constructing three sets of 

noised test data of low, medium, and high magnitudes. It was assumed that uncertainty should increase 
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with an increase in noise perturbation magnitude. An example of the noised images for a single test scan 

is shown in Figure 19.  

 

Figure 19 An example abdominal slice from a 68Ga-DOTATATE PET/CT test scan with additive Gaussian 
noise at each inserted noise magnitude and overlaid predicted lesion segmentations (solid cyan line) 

from the standard segmentation model (Described in Section 3.2.2). The dashed yellow line indicates the 
persistent predicted region track from which the uncertainty-based image degradation data is derived.   

Model predictions and uncertainty measures were acquired for each test image across additive 

noise magnitudes. Individually predicted lesion regions for a given test image were matched and tracked 

across noise magnitudes using a previously developed automatic lesion matching tool (Santoro-

Fernandes et al., 2024a) to establish predicted lesion tracks (an example is shown in Figure 19). Within 

each track and for each noise magnitude, the uncertainty measure magnitude was used to distinguish 

the predicted segmentation on the noised image from the predicted segmentations on the non-noised 

image. As some predicted segmentations disappear with increasing noise magnitudes, the noise 

detection assessment was confined to lesions with tracked predicted segmentations across all noise 

magnitudes to ensure the same number of regions was used for detection in each noise category. Voxel-

wise uncertainty measures were aggregated into region-wise measures using the mean voxel-wise 

uncertainty within a predicted region as: 

𝑈𝑟𝑒𝑔𝑖𝑜𝑛 =  
1

𝑁
∑ 𝑢𝑖

𝑁

𝑖=1

, (10) 
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where 𝑢𝑖 is the 𝑖𝑡ℎ voxel uncertainty in a predicted region with 𝑁 total voxels. We reported the 

distributions of each uncertainty measure across noise magnitudes (including no noise) and the 

statistical significance between each noised and non-noised distribution (using Wilcoxon signed rank 

test). Detection metrics including the area under the receiver operator curve (AUC) and the false positive 

rate at the 95% true positive rate threshold were used to evaluate the performance of each uncertainty 

measure. Bootstrapping over each set of region-wise uncertainty values was performed using 𝑁 = 1,000 

random bootstrap samples with replacement to acquire 95% confidence intervals on the detection 

metrics.  

False Positive Region Detection  

Subsequently, we assessed each uncertainty measure’s ability to detect false positive predicted 

regions. In this assessment we followed the assumption established by Nair and colleagues (Nair et al., 

2020) that false positive predicted regions should contain high levels of predictive uncertainty, and that a 

good uncertainty measure should be able to detect false positive predicted regions. The false positive 

detection performance of each uncertainty measure was assessed using receiver-operator curve (ROC) 

metrics including the area under the ROC curve (AUC) and the false positive rate at the 95% true positive 

rate threshold. Bootstrapping was employed in the same manner as in the Image Degradation Detection 

section (directly above) to acquire 95% confidence intervals on these metrics. False positive predictive 

regions were determined using the same metastatic lesion matching algorithm as in the Image 

Degradation Detection (Santoro-Fernandes et al., 2024a) to match predicted and ground-truth lesions. 

Lastly, we reported the uncertainty measure threshold which maximized Youden’s J statistic for detecting 

FP regions. This threshold indicated the best balance between sensitivity and specificity of distinguishing 

FP from TP regions. Statistical significance between TP and FP distributions was tested using the 
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Wilcoxon rank sum test. Again, voxel-wise uncertainties were aggregated into region-wise uncertainties 

using the mean voxel-wise uncertainty within a predicted region (as in equation 10).  

False Negative Region Recovery  

Next, we investigated the potential to use each uncertainty measure for false negative (FN) 

region recovery. FN regions may be recoverable using uncertainty information if a region exhibits 

probability values below the probability binarization threshold for segmentation yet contains uncertainty 

values which are higher than those found in the true negative (TN) space. Since the TN space 

represented the majority of the image (i.e., true non-lesion region), it was not feasible to distinguish FNs 

from TNs using regional uncertainty magnitude. Instead, the recall rate of detecting FN regions was 

explored as a function of intra-image uncertainty thresholds.  

To accomplish this, each FN region within an image was determined through the same lesion 

matching algorithm as in the above sections (Santoro-Fernandes et al., 2024a). The FN region 

uncertainties were computed following equation 10, where the voxel localization was defined by the 

ground-truth segmentation. The FN region recall rate within an image was defined as a function of 

uncertainty thresholds. These thresholds were defined as factors of the median TP regional uncertainty 

measure within an image, linearly spaced in decreasing order from 1 to 0.05. The FN recall rate at each 

threshold was computed as the number of FN regions with an uncertainty that is equal to or greater 

than the threshold divided by the total number of FN regions. Thus, a higher recall rate was expected as 

the threshold decreased. Moreover, uncertainty measures with higher recall rates across thresholds 

were assumed to demonstrate greater potential to recover FN regions. The mean FN recall rate as a 

function of intra-image uncertainty thresholds across images was reported for each uncertainty 
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measure. For quantitative comparison, we reported the FN recall rate for each uncertainty measure at 

0.5 and 0.1 threshold factors.  

Correlations to Model Segmentation Performance  

Lastly, we assessed each uncertainty measure’s correlation with segmentation model 

performance. Here, we hypothesize that a reliable uncertainty measure should correspond with model 

performance such that higher uncertainty predictions are associated with poorer model performance. 

Model performance was defined in two manners: biomarker extraction accuracy and segmentation 

accuracy.  

The biomarkers included in this assessment were the image-wise mean (SUVmean) and total 

(SUVtotal) standardized uptake value. These biomarkers were selected due to their previously established 

use in both predictive modeling of patient outcome and patient response assessments (Harmon et al., 

2017; Hartrampf et al., 2023; Lokre et al., 2024; Swiha et al., 2024). The predicted lesion segmentation 

masks within each image were used to extract corresponding predicted lesion PET uptake data. The 

average and summation of this data was computed and defined the image-wise SUVmean and SUVtotal 

biomarkers, respectively. Accuracy for biomarker 𝑥 (i.e., either mean or total) was defined as the 

following relative difference: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦(𝑆𝑈𝑉𝑥) =  
|𝑆𝑈𝑉𝑥,𝑝𝑟𝑒𝑑 − 𝑆𝑈𝑉𝑥,𝐺𝑇|

(𝑆𝑈𝑉𝑥,𝑝𝑟𝑒𝑑 + 𝑆𝑈𝑉𝑥,𝐺𝑇) / 2
, (11) 

where 𝑆𝑈𝑉𝑥,𝑝𝑟𝑒𝑑 and 𝑆𝑈𝑉𝑥,𝐺𝑇 indicates the selected SUV biomarkers extracted using predicted and 

ground-truth lesion segmentations, respectively. Segmentation accuracy was defined as 1 – Dice 

coefficient and cross entropy, such that positive correlations were expected between each performance 

metric and uncertainty measure. Spearman correlation coefficients were reported between each 
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uncertainty measure and model performance metric. Bootstrapping was employed using 𝑁 = 1,000 

random bootstrap samples with replacement to acquire 95% confidence intervals on these correlation 

coefficients. 

Each selected segmentation performance metric is an image-wise metric. Thus, to perform the 

correlations, the voxel-wise uncertainty measures were aggregated into image-wise uncertainty 

measures using the total uncertainty in the image, normalized by the number of lesion-predicted voxels 

within the image:   

𝑈𝑖𝑚𝑎𝑔𝑒 =  
1

𝑀
∑ 𝑢𝑗

𝐾

𝑗=1

, (12) 

where 𝑢𝑗 is the uncertainty in the 𝑗𝑡ℎ image voxel, 𝐾 is the total number of voxels in the image, and 𝑀 is 

the total number of predicted voxels within an image. 

3.3 Results 

3.3.1 Segmentation Model Performance 

The model segmentation performance from each model configuration associated with each UQ 

measure is summarized in Table 6. Segmentation performance in terms of the Dice coefficient was 

comparable across all UQ method implementations, where the lowest Dice coefficient was 0.69 (for 𝑈𝑃𝐸  

and 𝑈𝑀𝐶𝐷𝑂) and the highest Dice coefficient was 0.71 (for 𝑈𝐸𝑁𝑆). Lesion detection sensitivity was also 

comparable across UQ methods, where the lowest sensitivity was 0.75 (for 𝑈𝑃𝐸) and the highest 

sensitivity was 0.77 (for 𝑈𝑀𝐶𝐷𝑂 and 𝑈𝐸𝑁𝑆). The number of false positive predicted regions per patient 

were comparable for 𝑈𝑀𝐶𝐷𝑂 (𝑛 = 8.5), 𝑈𝐸𝑁𝑆 (𝑛 = 8.8), and 𝑈𝑇𝑇𝐴 (𝑛 = 8.8) methods, however, the 
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standard deviation for this metric was large across UQ methods. Lastly, the Pearson correlation 

coefficients between predicted and ground-truth based biomarkers was 0.95 across UQ methods for 

SUVmean. The lowest and highest performing correlation for SUVtotal was 0.96 (for 𝑈𝑀𝐶𝐷𝑂) and 0.98 (for 

𝑈𝑇𝑇𝐴), respectively. 

Table 6 Segmentation model performance metrics for each UQ method implementation. Segmentation 
performance is reported as the mean Dice Coefficient (+ standard deviation) across test patients. Lesion 

detection performance is reported as the mean (+ standard deviation) sensitivity and number of false 
positive predicted regions (Num. FPs). Biomarker extraction accuracy was reported as the Pearson 

correlation coefficient between predicted and ground truth-based biomarkers, where ([∙]) indicates 95% 
confidence intervals derived from bootstrapping.  

 Segmentation Lesion Detection Biomarker Accuracy 

 Dice Coeff. ↑ Sensitivity ↑ Num. FPs ↓ SUVmean ↑ SUVtotal ↑ 

𝑈𝑃𝐸  0.69 (±0.16) 0.75 (±0.16) 9.6 (±13.4) 0.95 [0.92, 0.97] 0.97 [0.94, 0.99] 
𝑈𝑀𝐶𝐷𝑂 0.69 (±0.15) 0.77 (±0.16) 8.5 (±11.9) 0.95 [0.91, 0.97] 0.96 [0.92, 0.99] 
𝑈𝐸𝑁𝑆 0.71 (±0.14) 0.77 (±0.15) 8.8 (±12.6) 0.95 [0.92, 0.97] 0.97 [0.96, 0.99] 
𝑈𝑇𝑇𝐴 0.70 (±0.16) 0.76 (±0.16) 8.8 (±12.3) 0.95 [0.92, 0.97] 0.98 [0.96, 0.99] 

 

The segmentation model training and inference times are summarized in Table 7. For the 

uncertainty measures requiring only one trained model, all the train times were comparable. 𝑈𝐸𝑁𝑆 

required three independently trained models; therefore, model training time was approximately three 

times greater than for the other measures. 𝑈𝑃𝐸  had the shortest inference time followed by 𝑈𝐸𝑁𝑆 then 

𝑈𝑇𝑇𝐴. 𝑈𝑀𝐶𝐷𝑂 had the longest inference time by a large margin.  

Table 7 Computation times for deploying each uncertainty measure. Train times include the 5 training 
sessions necessary for cross validation training. Inference times are reported as average (± standard 

deviation) times per image. 

Associated 
Uncertainty Measure 

Total Train Time 
(hours) 

Inference Time per 
Image (seconds) 

𝑈𝑃𝐸  115.3 0.9 ± 0.4 
𝑈𝑀𝐶𝐷𝑂 115.2 19.2 ± 3.4 
𝑈𝐸𝑁𝑆 346.9 2.8 ± 2.6 
𝑈𝑇𝑇𝐴 115.3 3.7 ± 2.0 
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3.3.2 Uncertainty Assessments 

Image Degradation Detection  

The distributions of each uncertainty measure across noise magnitudes are shown in Figure 20. 

Each uncertainty measure responded positively to the added noise, where an increase in additive noise 

magnitude incited an increase in uncertainty. All distributions from the noised images were statistically 

different from the non-noised distributions, where all had a p-value of 𝑝 < 0.001, except for the 

comparison between the 𝜎 = 2.5 and the ‘No Noise’ distribution for 𝑈𝑃𝐸 .  

 

Figure 20 Distributions of regional uncertainty values across additive noise magnitudes. Statistical 
significance testing was performed between each noised distribution to the non-noised distribution 

(shown above), where ∗∗ implies 𝑝 < 0.01 and ∗∗∗ implies 𝑝 < 0.001. 
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The ROC curves for distinguishing predicted segmentations from noised and non-noised images 

for each uncertainty measure and noise magnitude are shown in Figure 21. The detection statistics 

derived from these ROC curves are summarized in Table 8. Each non-baseline UQ measure outperformed 

the 𝑈𝑃𝐸  for this detection task across noise magnitudes. Across all noise magnitudes, the 𝑈𝑀𝐶𝐷𝑂 

measure yielded inferior AUC values when compared to the 𝑈𝐸𝑁𝑆 and 𝑈𝑇𝑇𝐴 measures. The 𝑈𝑇𝑇𝐴 

measure outperformed all other measures across noise magnitudes and detection metrics except for 

FPR95 for the least noised images, where the 𝑈𝑀𝐶𝐷𝑂 measure yielded a better result of 0.78 (compared 

to 0.86 for 𝑈𝑇𝑇𝐴). The 𝑈𝐸𝑁𝑆 measure performed comparably to 𝑈𝑇𝑇𝐴 when considering the overlapping 

of the 95% confidence intervals.  

 

Figure 21 ROC curves for using each UQ measure to distinguish between lesions with and without 
additive noise for each noise magnitude (𝜎 = [2.5, 5.0, 7.5]. Each predicted lesion was matched and 

tracked across noised images. Within each track, the change in lesion-wise uncertainty from the original 
(non-noised) image to each noised image was used to distinguish between prediction from noised and 

non-noised images.  

Table 8 Detection statistics, including the area under the ROC curve (AUC) and the false positive rate at 
the 95% sensitivity threshold (FPR95), for each UQ measure for distinguishing predicted lesion 

segmentations in noised images from matched predicted lesion segmentations in non-noised images. 
Each metric is reported with the mean and 95% confidence intervals ([∙]) from bootstrapping. Bolded and 

underlined text indicates the best and second-best performing result, respectively. 

𝜎  𝑈𝑃𝐸  𝑈𝑀𝐶𝐷𝑂 𝑈𝐸𝑁𝑆 𝑈𝑇𝑇𝐴 

2.5 
AUC ↑ 0.54 [0.47, 0.62] 0.64 [0.59, 0.69] 0.66 [0.61, 0.70] 0.68 [0.63, 0.72] 

FPR95 ↓ 0.96 [0.86, 1.00] 0.78 [0.72, 0.87] 0.87 [0.81, 0.92] 0.86 [0.77, 0.93] 

5 AUC ↑ 0.70 [0.63, 0.77] 0.75 [0.71, 0.80] 0.81 [0.77, 0.84] 0.82 [0.78, 0.85] 
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FPR95 ↓ 0.89 [0.69, 0.95] 0.72 [0.64, 0.80] 0.71 [0.58, 0.79] 0.67 [0.51, 0.84] 

7.5 
AUC ↑ 0.83 [0.77, 0.88] 0.84 [0.80, 0.87] 0.87 [0.84, 0.90] 0.90 [0.88, 0.93] 

FPR95 ↓ 0.68 [0.49, 0.98] 0.61 [0.38, 0.77] 0.64 [0.42, 0.80] 0.41 [0.27, 0.56] 

 

False Positive Region Detection  

The ROCs for detecting false positive predicted regions across UQ measures are shown in Figure 

22. The TP and FP distributions were statistically different (i.e., p<0.001) for each uncertainty measure 

(Wilcoxon rank sum test). The detection statistics for the FP detection assessment are summarized in 

Table 9. All uncertainty measures yielded strong performance in this assessment, where the worst 

performing AUC was 0.77 (𝑈𝑃𝐸) compared to the best performing AUC of 0.81 (𝑈𝑇𝑇𝐴). The 𝑈𝐸𝑁𝑆 and 

𝑈𝑇𝑇𝐴 achieved comparable FPR95 values at 0.65 and 0.66, respectively. Meanwhile, the FPR95 values 

achieved by the 𝑈𝑀𝑆𝑃 and 𝑈𝑀𝐶𝐷𝑂 were slightly inferior at 0.83 and 0.76, respectively. The regional 

uncertainty measure which maximized Youden’s J Statistic was 0.15 for 𝑈𝑃𝐸 , 0.04 for 𝑈𝑀𝐶𝐷𝑂, 0.12 for 

𝑈𝐸𝑁𝑆, and 0.16 for 𝑈𝑇𝑇𝐴. 
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Figure 22 FP detection results for each uncertainty measure. The difference in uncertainty measures 
between true positive and false positive predicted regions for (a) 𝑈𝑃𝐸 , (b) 𝑈𝑀𝐶𝐷𝑂, (c) 𝑈𝐸𝑁𝑆, (d) 𝑈𝑇𝑇𝐴 are 
shown as box plots. (e) The ROC curves for detecting false positive from true positive predicted regions 

using each uncertainty measure. The TP and FP distributions were statistically different (i.e., p<0.001) for 
each uncertainty measure. 

Table 9 False positive predicted region detection statistics across uncertainty measures including area 
under the ROC curve (AUC) and the false positive rate at the 95% sensitivity threshold (FPR95). Ranges 

within brackets ([∙]) indicate the 95 percent confidence interval for each statistic. Bolded and underlined 
text indicates the best and second-best performing result, respectively. 

 𝑈𝑃𝐸  𝑈𝑀𝐶𝐷𝑂 𝑈𝐸𝑁𝑆 𝑈𝑇𝑇𝐴 

AUC ↑ 0.77 [0.75, 0.80] 0.79 [0.76, 0.81] 0.80 [0.78, 0.82] 0.81 [0.79, 0.83] 
FPR95 ↓ 0.83 [0.75, 0.89] 0.76 [0.66, 0.87] 0.65 [0.61, 0.76] 0.66 [0.53, 0.76] 

 

False Negative Region Recovery  

The FN recall curves as functions of intra-image regional uncertainty threshold factors are shown 

in Figure 23. The 𝑈𝑇𝑇𝐴 measure exhibited the strongest FN recall across thresholds factors, while the 𝑈𝑃𝐸  

exhibited the worst recall. Meanwhile, the 𝑈𝑀𝐶𝐷𝑂 and 𝑈𝐸𝑁𝑆 measures demonstrated comparable FN 

recovery performance. FN recall at the 0.5 factor threshold was 0.02 for 𝑈𝑃𝐸 , 0.26 for 𝑈𝑀𝐶𝐷𝑂, 0.25 for 
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𝑈𝐸𝑁𝑆, and 0.33 for 𝑈𝑇𝑇𝐴. FN recall at the 0.1 factor threshold was 0.04 for 𝑈𝑃𝐸 , 0.34 for 𝑈𝑀𝐶𝐷𝑂, 0.37 for 

𝑈𝐸𝑁𝑆, and 0.49 for 𝑈𝑇𝑇𝐴. 

 

Figure 23 FN region recall rates as functions of region uncertainty threshold factors of the median TP 
region uncertainty within each image.  

Correlations to Model Segmentation Performance  

The Spearman correlation coefficients between the image-wise aggregated uncertainty 

measures and segmentation and biomarker extraction performance metrics are shown in Table 10. 

Across the tested metrics, the 𝑈𝑃𝐸  achieved the worst performance except for the cross-entropy metric, 

where it achieved the strongest correlation (𝜌 = 0.96). For the accuracy of capturing SUVmean, the 𝑈𝑀𝐶𝐷𝑂 

and 𝑈𝑇𝑇𝐴 performed comparably with a Spearman correlation coefficient of 0.35 and 0.34, respectively. 

The 𝑈𝑇𝑇𝐴 measure yielded the best correlation with accurately capturing SUVtotal (𝜌 = 0.57), which was 

followed by 𝑈𝑀𝐶𝐷𝑂 (𝜌 = 0.51) and 𝑈𝐸𝑁𝑆 (𝜌 = 0.51). The 𝑈𝑇𝑇𝐴 measure similarly yielded the best 

correlation with the 1 - Dice coefficient metric (𝜌 = 0.72), which was followed by 𝑈𝐸𝑁𝑆 (𝜌 = 0.70). Large 

confidence intervals were observed across all uncertainty measures for the SUVmean, SUVtotal, and 1 – Dice 
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Coefficient performance metrics. Strong correlations with tighter confidence intervals were observed 

between the cross-entropy metric, where the 𝑈𝑃𝐸 , 𝑈𝐸𝑁𝑆, and 𝑈𝑇𝑇𝐴 correlations were comparable given 

the confidence bounds. Across all segmentation model performance metrics, 𝑈𝑇𝑇𝐴 achieved the overall 

best correlation performance. The correlation plots between the higher performing 𝑈𝑇𝑇𝐴 measure and 

the segmentation performance metrics are shown in Figure 24.  

Table 10 Spearman correlation coefficients between the uncertainty measures and segmentation model 
performance metrics. The accuracy of the SUV metrics was quantified using log differences between 

predicted and ground truth-extracted SUV values. Ranges within brackets ([∙]) indicate the 95 percent 
confidence interval for each correlation coefficient. Bolded and underlined text indicates the best and 

second-best performing result, respectively. 

 𝑈𝑃𝐸  𝑈𝑀𝐶𝐷𝑂 𝑈𝐸𝑁𝑆 𝑈𝑇𝑇𝐴 

SUVmean 0.24 [-0.05, 0.49] 0.35 [0.12, 0.57] 0.29 [0.03, 0.52] 0.34 [0.06, 0.58] 
SUVtotal 0.37 [0.10, 0.61] 0.51 [0.30, 0.70] 0.51 [0.27, 0.71] 0.57 [0.36, 0.73] 

1 - Dice Coeff. 0.52 [0.30, 0.72] 0.67 [0.48, 0.81] 0.70 [0.53, 0.83] 0.72 [0.57, 0.84] 
Cross Entropy 0.96 [0.93, 0.98] 0.84 [0.74, 0.91] 0.92 [0.85, 0.97] 0.91 [0.85, 0.95] 
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Figure 24 Scatter plots and spearman correlation coefficients (𝜌) between the image-wise UTTA 
uncertainty measure and each segmentation model performance metric—a) 𝑆𝑈𝑉𝑚𝑒𝑎𝑛 accuracy, b) 

𝑆𝑈𝑉𝑡𝑜𝑡𝑎𝑙 accuracy, c) segmentation Dice coefficient, and segmentation cross entropy. Results are shown 
only for the strongest performing, UTTA measure. 

3.4 Discussion 

In this work, we investigated four UQ methods—probability entropy (𝑈𝑃𝐸), Monte Carlo dropout 

(𝑈𝑀𝐶𝐷𝑂), deep ensembles (𝑈𝐸𝑁𝑆), and test time augmentation (𝑈𝑇𝑇𝐴)—for the deep learning-based 

metastatic lesion segmentation task. This is the first systematic assessment of UQ methods for 

segmentation of metastatic malignancies on whole body imaging. Across UQ assessments, the simple 

𝑈𝑃𝐸  measure underperformed all the other, more involved uncertainty measures (i.e., 𝑈𝑀𝐶𝐷𝑂, 𝑈𝐸𝑁𝑆, and 

𝑈𝑇𝑇𝐴). This indicates that model probability outputs are not sufficient at quantifying uncertainty, and 

auxiliary UQ methods should be employed. Amongst these uncertainty measures, we found that the test 
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time augmentation (𝑈𝑇𝑇𝐴) method yielded optimal UQ performance for this task, where it achieved 

either best or second best performance at detecting artificially degraded images (Figure 17 and Table 8), 

at detecting false positive predicted regions (Figure 22 and Table 9), at recovering false negative 

predicted regions (Figure 23), and at capturing correlations with model performance metrics (Table 10 

and Figure 24). When the 𝑈𝑇𝑇𝐴 measure yielded second-best performance, it was still comparable to the 

best performing method given the reported confidence intervals. The performance of all other UQ 

measures across evaluations was more heterogeneous than 𝑈𝑇𝑇𝐴. 𝑈𝐸𝑁𝑆 yielded the second fastest 

inference time from 𝑈𝑃𝐸 , which used a single pass through a single model, followed by 𝑈𝑇𝑇𝐴 (Table 7). 

However, the train time for 𝑈𝐸𝑁𝑆 was much larger than any other measure. 𝑈𝑀𝐶𝐷𝑂 yielded the slowest 

inference time by a large margin. Thus, on our computation infrastructure (described in Section 3.2.2), 

𝑈𝑇𝑇𝐴 was the most computationally efficient measure following 𝑈𝑃𝐸 . 

Prior to the uncertainty measure assessments, segmentation model performance was first 

assessed with the predicted segmentations from each UQ method. The segmentation performance of 

each UQ method was comparable to each other across segmentation, lesions detection, and biomarker 

extraction metrics. Consequently, the uncertainty measures from each UQ method can readily be 

compared because discrepancies in UQ performance due to differences in segmentation performance 

were minimized. Moreover, the segmentation performance across UQ methods was comparable to 

previously reported segmentation models for NET segmentation on full-body 68Ga-DOTATATE PET/CT. For 

example, in the work by Santilli and colleagues, an nnUNet segmentation model achieved a Dice 

coefficient of 0.64 and a detection sensitivity of 0.67 (Santilli et al., 2023). The same study reported an 

inter-observer Dice coefficient on a subset of patient to be 0.68. The lowest Dice score achieved by our 

UQ methods was 0.69 (the highest was 0.71). Thus, our results are comparable to inter-observer 
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variability. As a result, any prediction uncertainty due to insufficient model implementation was 

minimized.   

In the image degradation detection assessment, the detection performance of all implemented 

uncertainty measures increased with increasing image degradation magnitude, where each uncertainty 

measure distribution from the noised (i.e., degraded) images was statistically different than the 

uncertainty measures from the non-noised data. This indicates a level of reliability in each measure’s 

ability to detect image data with degraded quality. The 𝑈𝑃𝐸  measure underperformed all other 

measures, where the best performance was achieved by the 𝑈𝑇𝑇𝐴 measure. Consequently, certain 

uncertainty measures (e.g., 𝑈𝑇𝑇𝐴) appear to better detect predictions from degraded image data and 

may be more sensitive at detecting model predictions from lower quality data within clinical settings. 

Few previous works have assessed UQ performance by detecting artificially degraded data (Schott et al., 

2024). However, some works have implemented this assessment for out-of-distribution (OOD) detection 

evaluations, which captures the uncertainty related to predicting on test data with dissimilarities to the 

train data. For instance, previous work implemented adversarial attacks at varying magnitudes to assess 

OOD detection performance (Schott et al., 2025a). In another work by González and colleagues 

(González et al., 2022), a series of spatial augmentations at increasing magnitudes were applied to test 

an OOD measure for lung lesion segmentation on CT images. In agreement with our results, this work 

showed that using an uncertainty measure based on the model’s probability output was inferior to both 

Monte Carlo dropout and test time augmentation at detecting such degraded image data, however, a 

distance-based OOD measure achieved the strongest results. These image-wise and distance-based OOD 

measures were not directly transferable to our work which evaluated detecting image degradations at 

the lesion-level rather than at the image-level. Moreover, OOD detection is generally treated separately 

from predictive UQ (Y. Liu et al., 2021; Ovadia et al., 2019; Schwaiger et al., 2020). However, since OOD 
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data may be subtle within medical image settings, more work should be done to explore the relationship 

between OOD detection and predictive UQ measures in this domain.  

In the false positive detection assessment, all tested uncertainty measures yielded strong 

performance, where the 𝑈𝑃𝐸  and 𝑈𝑇𝑇𝐴 measures achieved the lowest (𝐴𝑈𝐶 = 0.77) and highest 

(𝐴𝑈𝐶 = 0.81) AUCs, respectively. Despite demonstrating the lowest performance, the simple 𝑈𝑃𝐸  

measure was still able to distinguish TP and FP predicted regions. This indicates that most of the false 

positive predicted regions were dominated by equivocal probability values (i.e., probabilities near 0.5 for 

binary classification). A previous study similarly demonstrated that Monte Carlo-based uncertainty 

measures performed better than a model’s probability values for false positive detection in the multiple 

sclerosis segmentation task, however, the performance difference between the probability-based and 

auxiliary UQ measure was larger. (Nair et al., 2020). This discrepancy may be due to differences in model 

calibration, where better calibrated models have more informative probability outputs (Guo et al., 2017). 

Therefore, the utility of a model’s probability output for false positive detection varies across tasks and 

model implementations. Another work utilized uncertainty quantification to enhance lesion detection 

where uncertainty information was used as input into a machine learning model to classify true and false 

positive regions (Bhat et al., 2022). Consequently, this introduces an additional model that inevitably has 

its own uncertainty to quantify and limits a user’s ability to implement other uncertainty assessments 

such as correlations to model performance. The use of false positive detection as an UQ assessment is 

limited. While this assessment is important for lesion, especially metastatic lesion, detection tasks, it is 

less relevant to other tasks such as primary tumor or organ segmentation. However, other task-specific 

error detection assessments would be important and implementable for each application (Lambert et 

al., 2024). To investigate the optimal uncertainty threshold for FP detection, we reported the uncertainty 

measure which maximizes Youden’s J Statistic. This threshold corresponds with the optimal tradeoff 
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between FP detection sensitivity and specificity. Depending on the clinical use-case, FP detection 

specificity or sensitivity may be more important. In this case, it will be critical to adjust the uncertainty 

threshold to meet the clinical need.  

In the FN recovery assessment, the 𝑈𝑇𝑇𝐴 measure displayed the highest FN recall rate across 

uncertainty thresholds. The 𝑈𝑀𝐶𝐷𝑂 and 𝑈𝐸𝑁𝑆 measure exhibited comparable FN recall rates, while the 

𝑈𝑃𝐸  exhibited the lowest FN recall rate. This implies the 𝑈𝑇𝑇𝐴 uncertainties within FN regions were 

relatively high and could more readily be used to recover FN regions compared to other measures. In 

general, the uncertainties in FN regions were small relative to those in TP regions. For example, at the 

0.5 factor threshold, the recall rate was only 0.33 for 𝑈𝑇𝑇𝐴, meaning, only approximately one-third of the 

FN regions had higher uncertainty than half of the median of TP uncertainties. At a factor of 0.1, 

approximately one-half of FN regions had greater uncertainty than 10% of the median value for TP 

uncertainties. Still, the recall rates for the 𝑈𝑃𝐸  measure were much smaller compared to the other 

measures, which indicates the need for auxiliary uncertainty methods for FN region recovery. FN 

recovery analysis using region-wise uncertainties has not previously been reported. However, previous 

work assessed the distributions of voxel-wise uncertainties found within TP and FN voxels (Huynh et al., 

2024). In this work, FN voxels exhibited higher uncertainties than TP voxels. Conversely, our analysis 

demonstrated FN regions generally had smaller uncertainty than TP regions across uncertainty 

measures. This discrepancy may be due to the aggregation of voxel-wise uncertainties into region-wise 

uncertainties, where voxels dominated by low uncertainties within the ground-truth-defined FN regions 

may have greatly reduced the region-wise uncertainty. Since the detection of FN regions may be critical 

for certain clinical tasks for managing patients with metastatic malignancies, such as treatment selection 

and response assessment, future work should be dedicated towards developing uncertainty measures 

which more accurately detect these regions.  
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In the correlations with model performance assessment, 𝑈𝑃𝐸  achieved the best correlation with 

the cross-entropy metric. This is understandable since both are measures of entropy. However, the 𝑈𝑃𝐸  

measure achieved the worst correlation with all other metrics. This implies that high correlation with 

cross entropy does not guarantee high correlation amongst other metrics. Furthermore, the low 

correlation of the 𝑈𝑃𝐸  measure in the biomarker extraction accuracy and Dice coefficient metrics implies 

the use of auxiliary uncertainty measures is necessary to obtain a stronger correlation between model 

predictive uncertainty and performance. The 𝑈𝑇𝑇𝐴 measure outperformed or performed comparably to 

other measures across all other performance metrics. This result agrees with the work of Wang and 

colleagues where test time augmentation achieved better correlations with segmentation performance 

than Monte Carlo dropout for the MRI brain tumor segmentation task (G. Wang et al., 2019). This work, 

however, only assessed correlations between uncertainty and segmentation performance, omitting 

assessing correlations with more clinically relevant metrics. Most previous works only assess correlations 

between an uncertainty measure and segmentation Dice coefficient (Lambert et al., 2024). Conversely, 

we assessed the correlations between both segmentation performance metrics (i.e., Dice coefficient and 

cross entropy) and biomarker extraction accuracy (i.e., SUVmean and SUVtotal), which are more clinically 

relevant. In general, our results showed stronger correlations for the segmentation metrics than for the 

biomarker metrics. For example, the lowest correlation coefficients were observed for the SUVmean 

accuracy metric (𝜌 = 0.35 was the maximum correlation coefficient for this metric). The discrepancy in 

the correlation performance of biomarker accuracy and segmentation performance metrics may be due 

to aggregating uptake information from predicted lesion voxels into a single measure. If some small yet 

critical uptake values (e.g., high uptake voxels) were not sufficiently captured, then this can negatively 

skew the correlation performance. The discrepancy further implies that strong segmentation 

performance does not guarantee strong biomarker extraction performance, and thus, model output and 

predictive uncertainty performance should be assessed with clinical endpoints in mind. For example, the 
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relationship between segmentation uncertainty and dose deposition has been evaluated for radiation 

therapy applications (Nomura et al., 2020). However, these types of assessments are not common 

despite the apparent imminent adoption of deep learning models in applications such as radiation 

therapy (Lastrucci et al., 2024). Correlations with model performance is one of the more common 

quantitative evaluations of UQ measures for medical image tasks (Lambert et al., 2024). Most previous 

works, however, report the Pearson correlation coefficient which assumes a linear relationship between 

uncertainty and performance. It is not clear that uncertainty should scale linearly with model 

performance. Therefore, we reported the Spearman correlation coefficient, which does not make a 

linearity assumption.  

This superior performance of the 𝑈𝑇𝑇𝐴 measure across different imaging tasks may be 

attributable to the type of uncertainty it is targeting. While test time augmentation captures aleatoric 

uncertainty, Monte Carlo dropout and deep ensembles capture both aleatoric and epistemic uncertainty 

(Lambert et al., 2024). The strong performing of the 𝑈𝑇𝑇𝐴 measure suggests that the lesion 

segmentation task is dominated by aleatoric uncertainty. Likely, the majority of this aleatoric uncertainty 

arises from noise in the metastatic disease labels, which can be difficult and ambiguous to acquire. Still, 

some utility was demonstrated by the 𝑈𝑀𝐶𝐷𝑂 and 𝑈𝐸𝑁𝑆 measures. More work should be dedicated to 

understanding the nuances and use cases for each UQ method. The 𝑈𝑇𝑇𝐴 measure is also advantageous 

due to being post hoc. As a result, it can easily be augmented to previously trained models with minimal 

computational overhead (Table 7). 

This work establishing the optimal UQ method for metastatic lesion segmentation holds many 

clinical and technical implications. The 𝑈𝑇𝑇𝐴 measure could readily be propagated into segmentation-

based clinical assessments to acquire assessment-specific uncertainty information. For example, doing so 

for assessments such as patient response assessment or outcome predictive modeling will guide 



80 

 

   

clinicians in deciding how much to rely upon automated and predictive outputs. Additionally, patients 

with metastatic malignancies may undergo stereotactic body radiation therapy to enhance disease 

burden reduction (Sharabi et al., 2017; Z. Wang et al., 2022). Deep learning-based methods may aid in 

metastatic lesion segmentation for radiation therapy targeting, greatly reducing labeling times. 

Employing UQ methods in this workflow may guide the review of automatically generated metastases 

segmentations. Moreover, the uncertainty information may be used for better target definition and 

enable novel treatment planning strategies such as robust optimization (Chu et al., 2005). Lastly, the 

𝑈𝑇𝑇𝐴 measure may be used to curate more robust segmentation models using limited-sized datasets 

through specialized data curation frameworks such as active learning (Budd et al., 2021).  

A challenge of this work was defining quantitative evaluations for comparing uncertainty 

measures. Standard quantitative assessments have not been established for uncertainty quantification. 

As a result, many studies implement different assessments that may not translate across tasks. 

Therefore, we implemented several quantitative assessments to more comprehensively characterize and 

compare each uncertainty measure. Standardizing uncertainty assessments using images with known 

and clinically relevant uncertainty sources will expedite progress in this field. Another challenge of this 

work was the lack of UQ measure investigation using different segmentation model frameworks. 

However, the exploration of more advanced segmentation methods, such as transformer-based models, 

was not as warranted at this time because many studies related to metastatic lesion segmentation utilize 

the nnUNet framework. Similarly, this work could be augmented to include additional UQ methods, 

however, the selected methods were among the most widely investigated and relevant to metastatic 

lesion segmentation. On the implemented UQ methods, parameter tuning was not performed. UQ 

method parameters were either selected from a review of the literature, or due to practical constraints 

for the task and data at hand (e.g., utilizing more than three trained models for the 𝑈𝐸𝑁𝑆 measure would 
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be very costly due to the need for five-fold cross validation). Alternative selection of UQ parameters may 

impact uncertainty performance. For example, in the case of the 𝑈𝑇𝑇𝐴 measure, incorporating more 

advanced augmentations—especially those that simulate expected image quality fluctuations, such as 

intensity shifts or additive noise—may more accurately capture data uncertainties and generate better 

uncertainty measures. Future work should explore the impact of segmentation model selection, the 

assessment of additional UQ methods, and the effect UQ parameter tuning on UQ measure 

performance. This work was further challenged by the relatively small and single modality dataset used 

for model training and testing. We invoked five-fold cross validation to mitigate this concern. In addition, 

we hypothesized that the concern regarding our limited dataset was mitigated by the large number of 

lesions across images (𝑛 = 2322). However, future work should be dedicated to expanding the dataset 

size, utilizing a dedicated test dataset, including data from different clinical sites, and investigations into 

alternative radiotracers and malignancies. In addition, only single-observer labels were available and 

incorporated in this study. The use of multi-observer labels may reduce data annotation noise, can 

establish inter-observer variability, and may be leveraged to better quantify uncertainty. Future work 

acquiring and utilizing multi-observer labels for segmentation and UQ evaluation should be pursued. 

Lastly, unlike related UQ works (Huynh et al., 2024; Nair et al., 2020), we did not include voxel-wise UQ 

assessments in this work. This was primarily because clinical PET assessments generally rely on either 

region-wise or image-wise metrics (Wahl et al., 2009), rendering voxel-wise assessments less 

interpretable and impactful. 

While this was the first work to explore UQ for the metastatic lesion segmentation task, many of 

the conclusions from this work may be translated to other tasks and imaging modalities. Test-time data 

augmentation may similarly be the ideal uncertainty method in other applications where high aleatoric 

uncertainty is a concern. For instance, segmentation of the clinical target volume for radiation therapy is 
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likely to be subject to high aleatoric uncertainty due to a lack of visible structure definition. While 

uncertainty quantification has been investigated for this task (Balagopal et al., 2021), test time 

augmentation has not been tested. However, not all the evaluations in this work may translate into 

different tasks such as large structure (e.g., primary tumor or organ) segmentation, where detecting false 

positives may not be critical, for example. Alternatively, task-specific UQ evaluations and comparisons 

would be necessary. Each of the assessed uncertainty measures could also be implemented for more 

distant tasks such as image classification or image reconstruction. However, the relative performance of 

each uncertainty measure for these tasks is not known a priori, as each task is uniquely influenced by 

independent sources of uncertainty that are captured differently by each UQ method. Thus, task-specific 

comparison studies should be explored in addition to investigations into novel combinations of 

uncertainty measures for more robust quantification.  

3.5 Conclusion 

Across uncertainty quantification evaluations, the overall best-performing uncertainty method 

for the metastatic lesion segmentation task was test time augmentation (𝑈𝑇𝑇𝐴). In addition to its 

superior UQ performance, a critical advantage of the test time augmentation method is that it is post 

hoc (i.e., it can be implemented on a previously trained model), and it requires a lower computational 

load to implement when compared to other established methods. Thus, acquiring reliable uncertainty 

information is relatively straightforward to implement using the test time augmentation method and 

should be strongly considered when evaluating and deploying deep learning models for whole body 

metastatic lesion segmentation.  

 



83 

 

   

4 Development of a Gradient-based UQ Measure 

This chapter addresses Specific Aim 2b by introducing and evaluating the utility and 

performance of a novel, gradient-based approach for in-distribution uncertainty quantification. This 

approach has many features that address major limitations of previously established UQ methods: it is 

post hoc, computationally efficient, and does not change a trained model’s output space. This is 

accomplished by uniquely leveraging localized gradient information from a trained model to establish 

the uncertainty of individually localized prediction regions. This work was previously published in Physics 

in Medicine and Biology under the title “Uncertainty quantification via localized gradients for deep 

learning-based medical image assessments” (Schott et al., 2024). In addition, this work was published as 

a scientific abstract and presented at the virtual Society for Imaging Informatics in Medicine’s (SIIM) 

Conference on Machine Intelligence in Medical Imaging (CMIMI) in 2022.  

4.1 Introduction 

4.1.1 Overview 

A wide range of ID UQ methods exist, and several have been investigated for medical image 

analysis applications (see Section 1.4.2). These previously developed UQ methods, however, largely fail 

to meet at least one of two constraints for streamlined clinical implementation. First, most of these 

methods are not post hoc, meaning that they cannot be implemented on a previously trained model. 

Rather, their use necessitates complete model re-training. The only method that can be considered post 

hoc is test-time data augmentation, as implemented in (G. Wang et al., 2019). Second, all these methods 

will induce changes to the predictive outputs of a previously trained model. The performance of 
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deployed models will need to be re-validated because of this change in model outputs. UQ methods 

designed to be post hoc and to not change a previously trained model’s output would be clinically 

advantageous because they can retrospectively be augmented to deployed models without the need for 

model re-training or performance re-validation. In addition, many previous UQ methods, such as Monte 

Carlo dropout, output voxel-wise uncertainty measures. The acquisition of region-wise uncertainty is 

important for many tasks such as metastatic disease delineation where a priority of the image analysis is 

to determine if suspicious lesions are actually malignant or not. Voxel-wise uncertainty measures may be 

aggregated into a region-wise metric; however, the appropriate aggregation strategy may not be straight-

forward.  

In this work, we present and validate a novel UQ method designed for deep learning tasks with 

spatially representative outputs (e.g., anatomical delineations). Unlike the previously established 

methods listed above, this method is designed to be post hoc and will not change a trained model’s 

output (e.g., predicted delineations). Thus, this method is more suited for the direct integration into 

deployed clinical models. In addition, the method directly acquires a region-wise uncertainty measure, 

bypassing any voxel-to-region aggregation step. The method works by targeting a model’s localized 

gradient space to derive a regional uncertainty measure. The model’s backwards computational path is 

redirected such that model gradients are computed with respect to individual regions, localizing gradient 

information to specific regions. Therefore, we refer to this novel method as the Local Gradients UQ 

method. This is the first uncertainty quantification method for deep learning-based medical image 

assessment which utilizes information from a model’s gradient space. While the Local Gradients UQ 

method can be applied to many medical imaging tasks, we demonstrate its utility for metastatic disease 

delineation tasks, as one of the more demanding tasks. The performance of each uncertainty measure is 

assessed in four clinically relevant experiments: (1) response to artificially degraded image quality, (2) 
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comparison between matched high- and low-quality clinical images, (3) false positive (FP) filtering, and 

(4) correspondence with physician-rated malignant disease likelihood. 

4.2 Methods 

4.2.1 Local Gradients Uncertainty Quantification Method 

Mathematical Framework  

The Local Gradients UQ method was designed for deep learning models with spatially 

representative outputs (e.g., anatomical delineation), as opposed to models with 1D vector outputs (e.g., 

a classification model). We first assumed that there is a previously trained deep learning model with 

learned parameters, 𝜃. We also assumed that there is a mechanism to localize individual regions in the 

model output. For instance, a predicted label map can be used for an anatomical delineation task. The 

goal of the Local Gradients UQ method is to quantify the sensitivity (or change) of a given localized 

region with respect to the learned model parameters. Mathematically, this can be expressed as the 

partial derivative of the localized region (𝑅) with respect to the model’s learned parameters as 

∆𝑅

∆𝜃
=  

𝛿𝑅

𝛿𝜃
. (13) 

To carry out this computation, it is first necessary to formulate a scalar score that sufficiently 

describes each localized region, referred to as the regional target function (𝑇𝑅). For this, we selected the 

Kullback-Leibler (KL) divergence between the model’s predicted class softmax output within a localized 

region (𝑝 =  {𝑝𝑖}) and a reference distribution (𝑞 =  {𝑞𝑖}), normalized by the number of voxels within a 

given localized region, 𝑁 
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𝑇𝑅 =  
1

𝑁
𝐷𝐾𝐿(𝑝 ∥ 𝑞) =  

1

𝑁
∑ 𝑝𝑖log (

𝑝𝑖

𝑞𝑖
) .

𝑁

𝑖

 (14) 

The KL divergence is a measure of similarity between 𝑝 and 𝑞. We set the reference distribution 

to be uniform 𝒒 =  [
1

𝐶
,

1

𝐶
, … ,

1

𝐶
] ∈ ℝ𝑁 of length 𝑁 (number of voxels in region), where 𝐶 is the number of 

output classes (e.g., 𝐶 = 2 for the binary delineation task). This uniform distribution simulates a region 

made up of voxels with ambiguous classifications. Therefore, for localized regions dominated by high 

softmax probabilities (high confidence),  𝑇𝑅 will be large and vice versa. 

Substituting 𝑇𝑅 from equation 14 into 𝑅 from equation 13, formulated the sensitivity of a 

localized region with respect to the model parameters as 

𝛿𝑇𝑅

𝛿𝜃
=  

𝛿
1
𝑁 𝐷𝐾𝐿(𝑝 ∥ 𝑞)

𝛿𝜃
=  

𝛿
1
𝑁

∑ 𝑝𝑖log (
𝑝𝑖
𝑞𝑖

)𝑁
𝑖

𝛿𝜃
. (15)

 

𝑇𝑅 was individually backpropagated for each localized region which populated the gradient information 

of 𝜃. Practically speaking, these gradients were accessed using the “backwards hook” capabilities of the 

PyTorch deep learning library. Rather than collecting gradient information from all model parameters, 

which may be computationally expensive, we selected a subset of model parameters, 𝜑, from which to 

retrieve gradient information. Gradient information from the selected model parameters was aggregated 

into a single scalar via the 𝐿1-norm. The Local Gradients score (𝐿𝐺) for a single localized region 𝑅 within 

a test image 𝑥 can be written as 

𝐿𝐺(𝑥)𝑅 =  ‖
𝛿𝑇𝑅

𝛿𝜑
‖

1
=  ‖

𝛿
1

𝑁
∑ 𝑝𝑖log(

𝑝𝑖
𝑞𝑖

)𝑁
𝑖

𝛿𝜑
‖

1

, (16)

where ‖∙‖1 denotes the 𝐿1-norm.  
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To enhance the interpretation of the Local Gradients score, we normalized it to define the Local 

Gradients uncertainty measure as 

𝑈(𝑥)𝐿𝐺,𝑅 =  
𝐿𝐺(𝑥)𝑅

𝑃95{𝐿𝐺𝑙𝑜𝑤}
, (17) 

where 𝑃95{𝐿𝐺𝑙𝑜𝑤} denotes the 95th percentile of a set of Local Gradients scores calculated from model 

outputs on a validation dataset with a priori assumed low uncertainty. At this percentile, the majority of 

outputs with assumed low uncertainty are captured while still accounting for potential, high uncertainty 

outliers.   

Under this formulation, it was assumed that regions with high uncertainty will yield a large 

gradient response, making 𝑈(𝑥)𝐿𝐺,𝑅 large, and regions with low uncertainty will yield a small gradient 

response, making 𝑈(𝑥)𝐿𝐺,𝑅 small. This process was repeated for each localized region within a given test 

image. An outline of the Local Gradients UQ algorithm applied to the metastatic disease delineation task 

is shown in Figure 25. A key advantage of the Local Gradients UQ algorithm is that it does not require any 

image ground-truth data to implement as it only relies on the model’s outputted probabilities (𝑝) for a 

predicted region and a user-defined distribution (𝑞) to compare the model probabilities to the regional 

target function (𝑇𝑅). 
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Figure 25 Schematic description of the Local Gradients UQ algorithm applied to the metastatic disease 
delineation task. For each delineated (localized) region predicted by the deep learning model, the steps 
to acquire the uncertainty measure are as follows: 1) extract the softmax probability values within the 
predicted region, 2) compute the regional target value 𝑇𝑅, 3) backpropagate 𝑇𝑅 to populate gradient 

information on model parameters, 4) retrieve gradient information from the selected model parameters, 
5) apply the 𝐿𝑝-norm to aggregate the gradient information into a single value, 6) assign the Local 

Gradients UQ measure to the current region to populate the Uncertainty Map. 

Targeted Model Parameters  

When computing the Local Gradients UQ measure, gradient information can be acquired from 

any learnable parameter in a trained model. In this work, we used a U-Net model which consists of an 

encoder, a decoder, and equal-resolution skip connections (Ronneberger et al., 2015). Each resolution 

level of the encoder and decoder contained two convolutional blocks, each consisting of 𝑁 3D 

convolutions using a 3 × 3 × 3 kernel, instance normalization, and ReLU activation operations. Both 

model training and the Local Gradients UQ method were implemented using the PyTorch deep learning 

library. The Local Gradients UQ measure was obtained by targeting gradient information from all 

learnable parameters within a given decoder convolutional block. Targeting a U-Net model’s decoder 

parameters should also capture sensitivities in the mode’s encoder side because encoder activations are 

passed to the decoder side via skip connections. Thus, we only specifically selected to target decoder 

parameters in this work. As conveyed in Figure 26, we denote the targeted decoder blocks using the 
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resolution level starting from the bottleneck layer (i.e., levels 0-4) and level pair ordering (i.e., pair 0 or 

1). For instance, we use ‘Blocks_4-0’ to indicate gradients that are acquired from the first (0, zero-based 

indexing) convolutional block of the fifth (4) resolution layer of the decoder. In all experiments, 

parameters from decoder Block_4-0 and Block_4-1 were used for the Local Gradients UQ measure. A 

sensitivity study was performed in Section 4.3.3 to determine the utility of targeting different decoder 

block configurations.  

 

Figure 26 Schematic showing the architecture of the lesion delineation model with decoder convolutional 
block labeling.  

Uncertainty Measures for Comparison  

We compared the Local Gradients UQ measure to two measures derived from the softmax 

probability outputs within predicted regions. These measures were selected for comparison because, 

like the Local Gradients UQ measure, they are post hoc and will not change a trained model’s output and 

some form of model probability value or entropy have been investigated as UQ baselines previously 

(Diao et al., 2022; Jungo et al., 2020). First, we compared to the mean of the softmax predicted class 

probability within a predicted region as in 

𝑀𝑃(𝑥)𝑅 =
1

𝑁
∑ 𝑝𝑖

𝑁

𝑖

. (18) 
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Second, we compared the Local Gradients UQ measure to using equation 14 on its own, which is 

simply the KL divergence without any associated gradient information described by 

𝐾𝐿𝐷(𝑥)𝑅 =  
1

𝑁
∑ 𝑝𝑖log (

𝑝𝑖

𝑞𝑖
)

𝑁

𝑖

. (19) 

The direction of the uncertainty measure scales in equations 18 and 19 are opposite to the Local 

Gradients UQ measure, where high magnitudes denote high uncertainties. To account for this difference 

and to facilitate more interpretable comparisons across all uncertainty measures, we normalized 

𝑀𝑃(𝑥)𝑅 and 𝐾𝐿𝐷(𝑥)𝑅 in the same manner as the Local Gradients UQ measure (equation 17) and 

reversed their scales according to 

𝑈(𝑥)𝑀𝑃,𝑅 = − 
𝑀𝑃(𝑥)𝑅

𝑃95{𝑀𝑃𝑙𝑜𝑤}
 (20) 

𝑈(𝑥)𝐾𝐿𝐷,𝑅 = − 
𝐾𝐿𝐷(𝑥)𝑅

𝑃95{𝐾𝐿𝐷𝑙𝑜𝑤}
. (21) 

Under this formulation, it is assumed that all uncertainty measures will be small for low 

uncertainty predictions, and large for high uncertainty predictions. For brevity 𝑈(𝑥)𝑀𝑃,𝑅, 𝑈(𝑋)𝐾𝐿𝐷,𝑅, and 

𝑈(𝑥)𝐿𝐺,𝑅 are referred to as, 𝑈𝑀𝑃, 𝑈𝐾𝐿𝐷, and 𝑈𝐿𝐺 in all subsequent experiments, respectively.  

4.2.2 Datasets 

Two datasets were used to evaluate the performance of the Local Gradients UQ measure. We 

selected datasets of patients with one of two of the most common malignant metastases sites—liver and 

bone— which together account for almost half of all metastases(Riihimäki et al., 2018). The first dataset 
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consisted of abdominal CT scans of patients with liver metastases and the second dataset consisted of 

18F-NaF PET/CT scans of patients with bone metastases. The selected datasets are especially relevant for 

investigating UQ because of their clinical importance. Each dataset also presents unique image 

interpretation challenges which are likely to induce greater uncertainty. For instance, CT acquisition can 

be non-standardized between imaging sites, scanners, patient cohorts etc. This non-uniformity is likely to 

convolute the model fitting process. Similarly, 18F-NaF PET/CT scans are often difficult to interpret due to 

the high incidence of benign uptake in areas of high osteoblastic activity (e.g., arthritic joints) (Even-Sapir 

et al., 2006; Iagaru et al., 2012; Sheikhbahaei et al., 2019). Thus, the model will be forced to learn the 

subtle differences between metastatic malignant and benign bone lesions, introducing an added layer of 

complexity and uncertainty.  

Dataset 1 – Liver Metastases  

The imaging dataset of liver metastases consisted of both publicly and institutionally available 

data. The public data was acquired from the LiTS liver tumor segmentation challenge (Bilic et al., 2023). 

This is a diverse dataset consisting of CT scans from seven institutions acquired across a variety of 

scanners, scan acquisition protocols, and patient metastatic malignant pathologies. All scans were 

considered diagnostic level with high image resolution and contrast enhancement. We used the 131 

available training scans with corresponding ground-truth data. Across all scans, the liver tumors were 

contoured and independently verified by trained radiologists. In the 131 scans, a total of 908 tumors 

were contoured (per patient median: 3, range: [0, 75]).  

The institutional dataset consisted of patients with metastatic neuroendocrine tumors (NETs) 

presenting on the liver and was used only for model testing and UQ assessment. All patients were 

treated at the University of Wisconsin Hospital and Clinics (UWHC) with peptide receptor radionuclide 
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therapy using 177Lu-DOTATATE. Prior to and throughout the course of treatment, patients received 

diagnostic level CT and 68Ga-DOTATATE PET/CT imaging for staging and treatment response assessment. 

We only used the attenuation correction CT scan component of the 68Ga-DOTATATE PET/CT scans in our 

analyses. We refer to the attenuation correction CT scans as the institutional-attenuation correction (AC-

CT) test set and the diagnostic-level CT scans as the institutional-diagnostic (CE-CT) test set. The median 

time between the acquisition of AC-CT and CE-CT scans for each patient was 4 months (range: [0, 30] 

months).  

Dataset 2 – Bone Metastases  

The imaging dataset of bone metastases consisted of institutionally available data only. Patients 

were acquired from a previously conducted prospective study (NCT01516866) at the UWHC (Lin et al., 

2016), using 18F-NaF PET/CT to assess response in patients with prostate cancer metastasized to bone. 

For the present work, we retrospectively selected all patient scans acquired before the initiation of a 

systemic treatment. Scans were acquired across three different sites on either a Discovery VCT (GE 

Healthcare, Waukesha, WI) PET/CT scanner or a Gemini (Philips Healthcare, Amsterdam, Netherlands) 

PET/CT scanner. All PET scans were scatter and attenuation corrected, and scans between different 

scanners were harmonized as in (Jallow, 2006.; Lin et al., 2016). 

A total of 37 baseline 18F-NaF PET/CT images were acquired of which a nuclear medicine 

physician manually contoured a total of 1,833 bone lesions (per patient median: 42, range: [14, 123]). 

The same nuclear medicine physician classified all lesions on a five-point scale defined as (1) definitely 

malignant, (2) likely malignant, (3) equivocal, (4) likely benign, and (5) definitely benign. The distribution 

of the contoured lesions across the five-classes is summarized in Table 11a. For training the lesion 

delineation model, these classes were condensed to a 3-point scale, with distributions shown in Table 
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1b. A maximum intensity projection (MIP) image of an example 18F-NaF PET scan with overlaid physician 

contours and disease classifications is shown in Figure 27. 

Table 11 Distribution of physician likelihood lesion classifications for Dataset 2 – Bone Metastases. 
Lesions were classified on a 5-point scale in the original ground-truth data (a). For training the base 

lesion delineation model, lesion classes were condensed to a 3-point scale (b). 

(a) Ground-Truth Classes 

Definitely Malignant 
(Class 1) 

Likely Malignant 
(Class 2) 

Equivocal  
(Class 3) 

Likely Benign  
(Class 4) 

Definitely Benign 
(Class 5) 

863 212 85 213 224 

(b) Training Classes 

Malignant (Class 1) Equivocal (Class 2) Benign (Class 3) 

1075 85 437 

 

 

Figure 27 A maximum intensity projection image of an example patient with bone metastases imaged 
with 18F-NaF PET and overlaid physician delineations with disease likelihood classifications. 

4.2.3 Lesion Delineation Model 

The Local Gradients UQ method was designed to be implemented on a previously trained model. 

Thus, we first trained a model for metastatic malignancy delineation in each of the imaging datasets. The 

two models were trained in-house using the nnUNet repository (Isensee et al., 2021), a powerful tool for 
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biomedical image delineation which follows a standard U-Net architecture (Ronneberger et al., 2015), 

which is routinely used across a wide variety of medical image delineation tasks. When using nnUNet, a 

subset of the training hyperparameters are automatically and heuristically selected given characteristics 

of the training data and available computer infrastructure. The nnUNet model has achieved highly 

competitive performance on a variety of delineation tasks , making it well-suited to assess any UQ 

method because uncertainty due to poor model design and training will be minimized.  

A single, full-resolution 3D model was trained for each dataset and used across all experiments. 

The model loss function was set as the sum of Dice Coefficient and Cross Entropy, and the model was 

trained for 1000 epochs using a batch size of 2 and 250 minibatches per epoch. Data augmentation was 

applied during training across all experiments using the following techniques: rotation, scaling, gaussian 

noise, gaussian blur, brightness, contrast, low resolution simulation, gamma augmentation, and 

mirroring. The image patch size used during training varied across experiments due to the differences in 

training data size and resolution. All models were trained on an RTX Titan GPU workstation with 25 GB of 

memory. 

Image Pre- and Output Post-Processing  

Prior to training, all training images were normalized to zero-mean-unit-variance and were 

resampled to a common voxel size using linear interpolations. For Dataset 2 – Bone Metastases, we did 

not consider lesions that were located in the patients’ hands because the physician did not classify 

suspicious lesions in the hands. All predicted regions with a volume smaller than 0.25 cm3 were removed 

as in post-processing. 

Liver Metastases Model Training  
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For the experiments on Dataset 1 – Liver Metastases, we trained an nnUNet model to delineate 

both the liver and liver lesions on CT. 105 of the 131 (80%) of the LiTS images were used for model 

training. All images were resampled to a common voxel spacing of 1.5 mm3, and an image patch size of 

[112, 128, 160] was used during training. Cross validation was not necessary for this model given the 

large amount of training data available.  

 Bone Metastases Model Training  

For the experiments on Dataset 2 – Bone Metastases, we trained an nnUNet model for 

metastatic bone lesion delineation and classification. For this purpose, we collapsed all malignant and 

benign disease classes (including definite and likely categories) from the five-class physician-rated 

disease likelihood classifications into a three-class scale defined as: (1) malignant, (2) equivocal, and (3) 

benign and trained a model to delineate and classify lesions along this three-class scale. The distribution 

of annotated lesions across these three classes is displayed in Table 11b. Due to the relatively small 

dataset size, five-fold cross validation was used during training with 80%/20% train/test splits to obtain 

test predictions on each of the 37 baseline 18F-NaF PET/CT scans. All images were resampled to a 

common voxel spacing of 2.5 mm3, and an image patch size of [128, 64, 288] voxels was used during 

training. The lesion delineation performance of the nnUNet model in this dataset has previously been 

reported in (Schott et al., 2023).   

4.2.4 Experiments 

Response to Artificially Degraded Data  

In this first experiment, we investigated the Local Gradients UQ measure’s response to artificially 

degraded image quality using data from Dataset 1- Liver Metastases. Fundamentally, this was 
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implemented as a proof-of-concept study to observe if the uncertainty measures followed expected 

behavior. We assumed that a reliable uncertainty measure should increase with a decrease in image 

quality, making the images harder to visually interpret, and consequently the predictions more 

uncertain. The trained liver lesion CT model was used for inference on the test data split from the LiTS 

dataset (N=27). For each test image 𝐼 ∈ ℝ𝑛×𝑚×𝑧, artificially degraded images were generated using the 

following degradation methods with varying magnitudes (𝜎): 

1) Additive Gaussian Noise: 𝐼𝑁𝑜𝑖𝑠𝑒𝑑 = 𝐼 +  𝑊 

2) Additive Speckle Noise: 𝐼𝑁𝑜𝑖𝑠𝑒𝑑 = 𝐼 +  𝑊 ∗  𝐼 

3) Gaussian Smoothing: 𝐼𝑆𝑚𝑜𝑜𝑡ℎ𝑒𝑑 = 𝐼 ⨂ 𝐾 

where 𝑊~𝒩(𝜇 = 0, 𝜎) is an 𝑛 × 𝑚 × 𝑧 gaussian noise matrix with 0-mean and 𝜎-standard 

deviation, 𝐾~𝒩(𝜇 = 0, 𝜎) is a gaussian smoothing kernel with 0-mean and 𝜎-standard deviation, ∗ is 

the point-wise multiplication operation, and ⨂  is the convolution operation. Degradation magnitudes 

ranged from 𝜎𝐺𝑁 = [0, 70] voxels for additive Gaussian noise, 𝜎𝑆𝑁 = [0, 1] voxels for additive speckle 

noise, and 𝜎𝐺𝑆 = [0, 4] voxels for Gaussian smoothing, each in 11 steps. Uncertainty information was 

then computed for each predicted region in all the degraded test images. An example of one test image 

per degradation type and magnitude is shown in Figure 28.  
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Figure 28 An example test image axial slice across degradation types. Top Row: Additive Gaussian Noise 
(𝜎𝐺𝑁). Middle Row: Additive Speckle Noise (𝜎𝑆𝑁). Bottom Row: Gaussian Smoothing (𝜎𝐺𝑆). Green and 

yellow contours indicate predicted liver organ and liver lesion delineations, respectively.  

Predicted regions were tracked across the increasing degradation magnitudes for each 

degradation type using a previously developed lesion tracking tool (Santoro Fernandes, et al., 2024). This 

tool constructs matching correspondence between lesions and establishes lesion tracks across the non-

degraded and degraded images across all degradation magnitudes for a single test image while 

accommodating the splitting and merging of lesions. Predicted region uncertainties were acquired for 

each region in each region track. In the case of a single region splitting into multiple regions at a given 

magnitude, a weighted average, weighted by region volumes, of the split regions’ uncertainty measures 

was used. Thus, tracks of uncertainty measures across degradation magnitudes were constructed.  



98 

 

   

To assess the response of each uncertainty measure as a function of degradation magnitude, the 

percent difference of uncertainty measures of matched predicted regions across non-degraded and 

degraded images were computed. This was performed for each degradation type and magnitude on a 

given test image 𝑥 as 

 𝑃𝑒𝑟𝑐𝑒𝑛𝑡 𝐷𝑖𝑓𝑓𝑥,𝑅,𝜎= 𝑖 =
𝑥̃𝑅,𝜎=𝑖 − 𝑥̃𝑅,𝜎=0

𝑥̃𝑅,𝜎=0
 × 100, (22) 

where 𝑥̃𝜎=0 denotes the undegraded test image, and 𝑥̃𝜎=𝑖 denotes the degraded test image at 

degradation magnitude 𝑖, and 𝑅 denotes the predicted region where they uncertainty is being 

measured. This relative metric facilitates comparisons of uncertainties at differing degradation 

magnitude scales. When inferring on test images with increasing degradation magnitude, the delineation 

model may begin to miss lesions that it previously delineated on less degraded data. Thus, we restricted 

this analysis to persisting lesions (i.e., lesions that were delineated by the model across all degradation 

magnitudes). 

Comparison on Low- and High-Quality Clinical Data  

In this second experiment, we again investigated the Local Gradients UQ measure’s response to 

poor image quality and utilize data from Dataset 1 – Liver Metastases. Instead of artificially degrading 

image quality as in the first experiment, we observed the uncertainty measure’s response to lower 

quality clinical image acquisitions. Again, we assumed that a reliable uncertainty measure should 

increase with a decrease in image quality. For this experiment, we compared uncertainty measures 

between matched lesions in the institutional-diagnostic (CE-CT) and the institutional-attenuation 

correction (AC-CT) datasets. First, inference was performed on both test datasets and uncertainty 

measures were computed for each predicted lesion. Subsequently, liver tumors were manually matched 
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across CE-CT and AC-CT scans for each patient and their uncertainties were compared. Anatomical 

variations in matching tumors across scan types are expected to be minimal since NETs progress very 

slowly (Dromain et al., 2019). Differences in the uncertainty measure between matched CE-CT and AC-CT 

scans were assessed using statistical significance (Wilcoxon signed rank test). 

False Positive Filtering  

In this third experiment, we utilized Dataset 2 – Bone Metastases to investigate the Local 

Gradients UQ measure’s ability to filter false positive (FP) from true positive (TP) predicted regions. 

Following the assumption in (Nair et al., 2020), we assumed that FP predicted regions are induced by 

high predictive uncertainty inherent to the deep learning model. Thus, it is expected that FP regions will 

have higher uncertainty than TP regions. In our evaluation, a FP region was defined as a predicted region 

which does not overlap with any corresponding lesion in the ground-truth data. The difference in 

uncertainty measure magnitude between FP and TP regions was investigated. Statistical significance 

between uncertainty measures from FP and TP predicted regions was established using the Wilcoxon 

rank-sum test. Additionally, the area under the receiver operator curve (AUC) and the false positive rate 

at the 95% sensitivity threshold (FPR95) for distinguishing FP from TP regions using the uncertainty 

measure were computed. 

Within the FP filtering experiment, we performed a sensitivity study to determine the optimal 

gradient information to leverage when using the Local Gradients UQ method. We investigated FP filtering 

performance of the Local Gradients UQ method when targeting different configurations of convolutional 

blocks in the model’s decoder. We performed this sensitivity study using the KL divergence and the mean 

probability of a predicted region as regional target functions to determine if the selection of the regional 

target function is critical for the methodology. Using gradient information from the KL divergence 
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calculation, as in Figure 25, is equivalent to the Local Gradients UQ measure (𝑈𝐿𝐺). To use gradient 

information from the mean probability value within a predicted region, we set 𝑇𝑅 =  𝑀𝑃(𝑥)𝑅 in 

equation 14 and followed the subsequent steps of the Local Gradients UQ algorithm Figure 25. We refer 

to this modification of the Local Gradients UQ measure as 𝑈𝑀𝑃,𝐺𝑟𝑎𝑑𝑖𝑒𝑛𝑡𝑠. Finally, both regional target 

functions were assessed without gradient information (𝐾𝐿𝐷(𝑥)𝑅 for KL divergence, as in equation 19, 

and 𝑀𝑃(𝑥)𝑅 for mean probability, as in equation18) to assess the added utility of the gradient space for 

each regional target function.  

Correspondence With Physician-rated Disease Likelihood  

In the fourth experiment, we investigated the Local Gradients UQ measure’s correspondence 

with physician-rated disease likelihood. We utilized the data from Dataset 2 – Bone Metastases, and we 

expected the uncertainty measures to follow that of a human observer. For instance, when a human 

observer is very certain a given region belongs to a given class, the corresponding uncertainty measures 

of that region should be low. This model used in this experiment was trained to delineate and classify 

lesions on the three-point scale: (1) malignant disease, (2) equivocal disease, and (3) benign disease. 

Predicted regions were then grouped according to the corresponding ground-truth classification along 

the five-point scale of physician-rated likelihood of disease classification (Table 11). In the case of 

multiple classes being matched to a single predicted region, the class with the majority of voxels within a 

region was selected. Under this setup, it is expected that predicted lesions should yield uncertainty 

measures in increasing magnitude across physician-rated definitely, likely, and equivocal disease classes 

(for both malignant and benign disease groups). Quantitative analysis is performed separately for 

malignant and benign groups, where the equivocal class is included in both. Differences between each 

physician-rated class were established using the Wilcoxon rank-sum test, AUC scores, and median 

percent differences defined as  
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 𝑃𝑒𝑟𝑐𝑒𝑛𝑡 𝐷𝑖𝑓𝑓𝐴,𝐵 =
𝑈𝐴 −  𝑈𝐵

𝑈𝐵
 × 100, (23) 

where 𝑈𝐴 and 𝑈𝐵 denote the uncertainty measures for two arbitrary groups for comparison 𝐴 and 𝐵 

(e.g., definitely malignant lesions (𝐴) and likely malignant lesions (𝐵)).  

4.2.5 Uncertainty Measure Normalization 

Each uncertainty measure was normalized according to equations 17, 20, and 21. The 

normalization constant for each uncertainty measure (𝑃95{𝐿𝐺𝑙𝑜𝑤}, 𝑃95{𝐾𝐿𝐷𝑙𝑜𝑤}, and 𝑃95{𝑀𝑃𝑙𝑜𝑤} ) was 

acquired from the distribution of uncertainty measures for predicted regions with expected low 

uncertainty. Normalization constants were specific to each model trained. For the liver metastases 

model, the normalization constant was defined using the uncertainty measures of the predicted lesions 

in the non-degraded LiTS validation data. For the bone metastases model, we used the uncertainty 

measures of the TP predicted regions to define the normalization constant. 

4.3 Results 

4.3.1 Response to Artificially Degraded Data 

The liver metastases model predicted 94 lesions on the 27 non-degraded LiTS validation images. 

The lesion tracking analysis generated 62, 54, and 29 persistent lesion tracks across all degradation 

magnitudes for additive Gaussian noise, additive speckle noise, and Gaussian smoothing degradations, 

respectively.  

Figure 29 shows the median percent difference between uncertainty measures of matching 

lesions on non-degraded and degraded images at increasing degradation magnitudes. For all three 
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degradation types, the UKLD measure responded stronger to the degraded image data than the UMP 

measure, where the UKLD measure median percent difference between the non-degraded and most 

degraded images was 2.16%, 1.78%, and 3.48% for the additive Gaussian noise, additive speckle noise, 

and Gaussian smoothing degradations, respectively. The ULG measure’s response to artificial image 

degradation was much stronger than both the UMP and UKLD measures. The median percent differences of 

the ULG measure between the non-degraded images and most degraded images were 33.41%, 27.73%, 

and 62.35% for additive Gaussian noise, additive speckle noise, and Gaussian smoothing, respectively.  

 

Figure 29 The median percent difference between the uncertainties of predicted regions on non-
degraded and degraded images as a function of image degradation magnitude for (a) additive Gaussian 

noise, (b) additive speckle noise, and (c) gaussian smoothing degradations. Inset figures show the 
uncertainty response of the UMP and UKLD measures on a smaller scale. Error bars indicate the 

interquartile range at each degradation magnitude. 
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4.3.2 Comparison on Low- and High-quality Data 

In the institutional liver metastases test set, a total of 158 and 78 lesions were delineated by the 

base CT liver organ and lesion model in the institutional-diagnostic (CE-CT) and institutional-attenuation 

correction (AC-CT) test scans, respectively. Of these lesions, 43 pairs were manually matched between 

CE- and AC-CT image pairs. The Local Gradients UQ measure was calculated for each lesion pair.  

The distributions of paired lesions on CE-CT and AC-CT for each uncertainty measures are shown 

in Figure 30. No statistical evidence was found for a difference between predicted lesion uncertainty 

measures on CE-CT and AC-CT images for the UMP and UKLD measures. Conversely, the ULG uncertainty 

measure exhibited statistical significance between CE-CT and AC-CT groups (p<0.05), where the AC-CT 

lesions generally yielded larger uncertainty magnitudes than CE-CT lesions.  

 

Figure 30 Uncertainty measures of matched predicted liver tumor delineations in high-quality (Contrast 
Enhanced CT) and low-quality (Attenuation Correction CT) medical images. Comparisons between CE-CT 

and AC-CT are drawn between three uncertainty measures: (a) Mean Probability (UMP), (b) KL 
Divergence (UKLD), and (c) Local Gradients UQ (ULG).  

In Figure 31 we show two scenarios of matched CE-CT and AC-CT lesions with their 

corresponding ULG measures overlaid. Figure 31a shows an example with the expected pattern, where 

the lesions are much more visible on CE-CT than on AC-CT, and the ULG measures were higher on CE-CT 

than on AC-CT. In contrast, Figure 31b shows an example test scan where the ULG measure was higher on 
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CE-CT than on AC-CT for a matched lesion. However, the lesion on CE-CT appears more differentiated 

than on AC-CT, where it appears larger and more uniform.  

 

Figure 31 A qualitative evaluation of two example test scans with Local Gradients UQ measures (ULG) 
overlaid on predicted liver tumor regions. (a) shows an example where the liver tumor is more visible in 
the CE-CT and has a lower uncertainty measure than the corresponding tumor and uncertainty measure 
on the AC-CT. (b) shows an example where the uncertainty measure of a predicted tumor on the CE-CT 

has a higher uncertainty measure than the same tumor on the AC-CT. This discrepency could be 
explained by the more hetergeneous presentation of the tumor on the CE-CT than on the AC-CT. ULG 

uncertainty measure is listed in the box for each lesion. The color bar on the right indicates increasing 
ULG.  

4.3.3 False Positive Filtering 

The FP filtering performance of the two tested regional target functions (𝑇𝑅) with and without 

gradient information is summarized in Table 2. Performance is shown for the different decoder blocks 

from which gradient information is acquired. We report the performance of each block individually and 

the combination of each block pair at each level of the decoder (e.g., Block 4-0, Block 4-1).  
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Table 12 FP filtering performance of the Local Gradients UQ method when targeting gradient 
information from different decoder convolutional blocks (bottom). Two predicted regional target 
functions were tested: (1, right) using the KL Divergence of probability values and (2, left) mean 

probability value. The performance of using the target function without gradient information is also 
reported (top). 

 Regional Target Function (𝑇𝑅) 

 Mean Probability (𝑀𝑃(𝑥)𝑅) KL Divergence (𝐾𝐿𝐷(𝑥)𝑅) 

Targeted Decoder Conv 
Block(s) 

P-Value ↓ AUC ↑ FPR95 ↓ P-Value ↓ AUC ↑ FPR95 ↓ 

 Without Gradient Information 

N/a <0.001 0.72 0.83 <0.001 0.72 0.82 

 With Gradient Information 

  𝑈𝑀𝑃,𝐺𝑟𝑎𝑑𝑖𝑒𝑛𝑡𝑠   𝑈𝐿𝐺   

Block 4-0 <0.001 0.85 0.69 <0.001 0.87 0.67 
Block 4-1 <0.001 0.87 0.65 <0.001 0.87 0.64 

Block 4-0, Block 4-1 <0.001 0.86 0.65 <0.001 0.87 0.61 
Block 3-0 <0.001 0.87 0.68 <0.001 0.87 0.67 
Block 3-1 <0.001 0.85 0.74 <0.001 0.86 0.70 

Block 3-0, Block 3-1 <0.001 0.87 0.67 <0.001 0.87 0.66 
Block 2-0 <0.001 0.87 0.70 <0.001 0.87 0.68 
Block 2-1 <0.001 0.87 0.65 <0.001 0.87 0.66 

Block 2-0, Block 2-1 <0.001 0.87 0.65 <0.001 0.87 0.66 
Block 1-0 <0.001 0.85 0.77 <0.001 0.85 0.77 
Block 1-1 <0.001 0.86 0.76 <0.001 0.87 0.73 

Block 1-0, Block 1-1 <0.001 0.86 0.76 <0.001 0.86 0.75 
Block 0-0 <0.001 0.82 0.79 <0.001 0.83 0.79 
Block 0-1 <0.001 0.84 0.80 <0.001 0.84 0.79 

Block 0-0, Block 0-1 <0.001 0.83 0.70 <0.001 0.83 0.79 

FP filtering was enhanced with the inclusion of gradient information for both regional target 

functions (𝑀𝑃(𝑥)𝑅 and 𝐾𝐿𝐷(𝑥)𝑅) across all convolutional block configurations. When including gradient 

information, both 𝑈𝑀𝑃,𝐺𝑟𝑎𝑑𝑖𝑒𝑛𝑡𝑠 and 𝑈𝐿𝐺 achieved comparable FP filtering performance in terms of AUC, 

where the best AUC was 0.87 for multiple block configurations. 𝑈𝐿𝐺, however, achieved the best FPR95 

performance of 0.61 when using gradient information from decoder Block_4-0 and Block_4-1.  

Figure 32 shows the distribution of TP and FP predicted regions for the UMP, UKLD, and ULG 

uncertainty measures and the ROC curves of each measure for filtering FPs from TPs, where the ULG uses 

gradient information from the optimal block configuration (decoder Block_4-0 and Block_4-1). All three 

uncertainty measures yielded statistical significance between TP and FP groups. The ULG measure, 
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however, achieved superior FP filtering performance over UMP, and UKLD, increasing AUC by 21% and 

decreasing FPR95 by 26%.  

 

Figure 32 TP and FP distributions of the three tested predicted region uncertainty measures: Mean 
Probability (a), KL Divergence (b), and Local Gradients UQ (c). (d) The ROC for filtering-out FP predicted 

regions using each uncertainty measure. 

4.3.4 Correspondence With Physician-rated Disease Likelihood 

The correspondence between the tested uncertainty measures and physician-rated disease 

likelihood is shown in Figure 33. Statistical separation between classes in the malignant (i.e., classes 1, 2, 

and 3) and benign groups (i.e., classes 3, 4, and 5) for each tested uncertainty measure is reported in 

Table 13. According to the AUC scores, the median percent differences, and p-values between paired 

groups, the ULG measure achieved the best separation between disease classes and correspondence to 

physician-rated disease likelihood for the malignant classes. This is not the case, however, for the benign 
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classes where both the UMP and UKLD achieved better AUC scores and p-values. The median percent 

differences across benign groups were still better for the ULG measure.  

 

Figure 33 Correspondence between uncertainty measures and physician-rated disease likelihood. 
Predicted regions were matched to the 5-class ground-truth data of physician likelihood classifications. 
Results are shown for the (a) Mean Probability (UMP), (b) KL Divergence (UKLD), and (c) Local Gradients 

(ULG) UQ measures.  

Table 13 Separation between physician-rated clases of disease likelihood for each pair of classes across 
malignant (left) and benign (right) groups. Results are shown across the three tested uncertainty 
measures, UMP, UKLD, and ULG. percent differnces are shown as absolute values of median percent 

differences.  

 Malignant Classes Benign Classes 

 1-2 1-3 2-3 3-4 3-5 4-5 

 UMP (Mean Probability) 

AUC ↑ 0.62 0.67 0.56 0.55 0.72 0.68 
Percent Difference ↑ 0.009 0.01 0.003 0.002 0.02 0.02 

P-Value ↓ <0.001 <0.001 0.27 0.33 <0.001 <0.001 

 UKLD (KL Divergence) 

AUC ↑ 0.62 0.68 0.56 0.56 0.72 0.68 
Percent Difference ↑ 0.02 0.02 0.004 0.004 0.03 0.02 

P-Value ↓ <0.001 <0.001 0.26 0.32 <0.001 <0.001 

 ULG (Local Gradients UQ) 

AUC ↑ 0.67 0.79 0.62 0.54 0.59 0.56 
Percent Difference ↑ 0.27 0.50 0.22 0.05 0.15 0.10 
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P-Value ↓ <0.001 <0.001 <0.05 0.53 0.11 0.16 

4.4 Discussion 

In this work, we introduced a novel, gradient-based method to quantify the uncertainty of 

regional outputs for deep learning-based medical image assessments. We demonstrated the utility of 

this UQ method using the application of metastatic disease delineation. We used four uncertainty 

validation assessments: (1) response to artificially degraded image quality, (2) comparison between 

matched high- and low-quality clinical images, (3) false positive (FP) filtering, and (4) correspondence 

with physician-rated malignant disease likelihood. In all experiments, comparisons were drawn between 

the novel UQ measure (ULG), and measures based on the mean probability of a predicted region (UMP) 

and the KL divergence of a predicted region without the use of gradients (UKLD). Overall, our results 

indicate that leveraging the gradient space of a trained model is useful for UQ. This agrees with the work 

of (Huang et al., 2021), which leveraged gradients for out-of-distribution detection (OOD) for 1-

dimensional natural image classification models. In their work, however, a small gradient score was 

associated with high uncertainty (or high OOD likelihood), opposite to our formulation. This difference 

may be due to our localization of regional outputs for gradient computation, which may more 

appropriately model sensitivities of specific regional outputs to learned model parameters (equation 

13).  

In the image degradation experiment, all three uncertainty measures increased with increasing 

image degradation magnitude across degradation types. Thus, all three measures followed the expected 

behavior and displayed some level of reliability. When compared to the non-gradient measures, the ULG 

measure exhibited a stronger response to image degradation, indicating its potentially higher sensitivity 

to abnormal image information. This may be advantageous in a clinical setting where a trained model 
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may encounter a wide array of abnormal image information such as artifacts which would merit human 

intervention. At the same time, a highly sensitive uncertainty measure may excessively flag regions as 

abnormal, potentially slowing down the image analysis process. This potential advantage of the ULG 

measure should be considered within the context of the image analysis task. The work of (González et 

al., 2022) similarly demonstrated the utility of an uncertainty measure using artificial image 

degradations, however, this study specifically targeted OOD uncertainty (a form of epistemic 

uncertainty). In contrast, we designed a method to target uncertainty more generally. While the image 

degradation experiments are indicative of the ULG measure’s utility in capturing OOD uncertainty, more 

work should be dedicated specifically to evaluating this type of uncertainty using the Local Gradients UQ 

method.  

The ULG measure achieved only slight statistical significance in distinguishing between matched 

lesions in low-quality (AC-CT) and high-quality (CE-CT) CT images (𝑝 < 0.05). Meanwhile, the UMP and 

UKLD measures did not achieve statistical significance for this task (𝑝 > 0.05). One explanation for why 

this separation was not stronger is that it may not be consistently true that liver tumors are more 

detectable on CE-CT than on AC-CT from a PET/CT scan. For instance, in Figure 31 we showed two 

examples of matched CE-CT and AC-CT liver tumors with overlaid ULG measures. In the second example 

(Figure 31b), our hypothesis that predicted tumor delineations in the lower quality (AC-CT) dataset will 

yield higher uncertainties was challenged. Disease presentation factors such as differences in tumor 

differentiation between scan types may explain this discrepancy. Thus, comparing uncertainty values 

between these high- and low-quality images from a clinical setting may be limited.   

The ULG measure outperformed the non-gradient measures in the FP filtering assessment. The 

benefit of the ULG measure over the reference, non-gradient measures was perhaps the most evident in 

this assessment compared to other assessments. These results support the assumption that incorrectly 
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predicted regions contain high levels of uncertainty. This indicates the ULG measure’s utility in removing 

erroneously predicted regions. The work of (Nair et al., 2020) similarly showed that FP regions contain 

higher levels of uncertainty than TP regions when using MC dropout-based uncertainty measures. A 

potential drawback of these measures, however, is their voxel-wise uncertainty output which is 

aggregated into a region-wise measure for detection assessments. In this process, a region may falsely 

be designated as a FP due to a small portion of its regions containing high voxel-wise uncertainty (e.g., a 

non-obvious boundary). The ULG measure, which directly generates a region-wise uncertainty output, 

mitigates this limitation. The sensitivity study performed within the FP filtering assessment showed that 

leveraging gradient information from the last two convolutional blocks of the model (decoder blocks 4-0 

and 4-1) yielded sufficiently effective performance, indicating the selection of layers from which to 

acquire gradient information is important. These results are consistent with (Huang et al., 2021a) which 

implemented a similar methodology for UQ within the natural imaging domain and found that gradient 

information closer to the model’s output yielded superior UQ. Using gradient information close to the 

model output lends the added advantage of faster gradient computation times. FP filtering results were 

comparable for both gradient-based uncertainty measures (𝑈𝑀𝑃,𝐺𝑟𝑎𝑑𝑖𝑒𝑛𝑡𝑠 and 𝑈𝐿𝐺), indicating the 

inclusion of gradient information from different regional target functions lends useful uncertainty 

quantification.  

Lastly, the ULG measure showed superior correspondence with physician-rated disease likelihood 

score among malignant disease classes. However, the correspondence across benign disease classes was 

stronger for the non-gradient based measures. This discrepancy may be due to the imbalance in the 

number of lesions in the malignant and benign classes (Table 11), where the model saw more malignant 

lesions during training, making its output more stable for this disease type. Assessments involving the 

association between deep learning-based uncertainty and reader-based uncertainty are not common, 
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likely due to the burdensome challenge of acquiring reader-based uncertainty. In the work of (Klanecek 

et al., 2023), an uncertainty measure was similarly related to qualitative reader assessments, however, 

these assessments consisted of the “acceptability” of deep learning-based delineations. Both of these 

approaches are subject to reader errors and biases. This is especially true in our assessment where the 

distinction between malignant and benign disease may be very subtle and where classes were defined 

by a single reader. A previously performed inter-physician reader study on a subset of 14 patients in 

Dataset 2 – Bone Metastases showed only moderate agreement in lesion classification across four 

physicians (Perk, et al., 2018). Lesion classifications from the single physician used in this work were 

correlated with the consensus of the multi-physicians in this subset of the data. Thus, we can expect a 

moderate amount of noise within the lesion classifications from the single physician used for training 

and assessment which may explain the discrepancy we observed in ULG measure performance between 

malignant and benign disease classes. Performing this assessment using the concordance of the multiple 

readers would be more stable, however, acquiring the multi-reader classifications for the whole dataset 

was not possible.  

The main challenge of this work is the assessment and validation of uncertainty measures. It is 

common practice to implement validation assessments where model-uncertainty is approached in the 

same manner as reader-uncertainty. Thus, we assume there to be a strong correlation between model- 

and reader-uncertainty. While this assumption lends interpretability, it may not entirely hold. More work 

should be dedicated to understanding the nuances of model-uncertainty and to developing standardized 

assessments. While the assessments in our work also base model-uncertainty on reader-uncertainty, we 

included several assessments in this work to test the robustness of the developed ULG measure. Another 

challenge of this work is the unbounded nature of the Local Gradients UQ method. To account for this 

and to enhance the interpretability across uncertainty measures, we normalized the Local Gradients UQ 
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measures to the 95th percentile of a set of scores of predicted regions with assumed low uncertainty. 

This normalization should be performed separately for each trained model, where it is required to 

identify predicted regions with assumed low uncertainty. For example, assumed low uncertainty 

predictions may come from regions with multi-reader confirmation or from regions with high 

conspicuity. However, doing so may not be straightforward or possible in certain datasets. Additionally, 

given the constraint of designing a post hoc method that does not change a trained model’s output, our 

method only acts on the model’s true and false positive output and does not allow for the recovery of 

false negative predicted regions. Meanwhile, other methods such as MC dropout have the potential to 

recover false negative regions if these regions contain high prediction uncertainty. Thus, the Local 

Gradients UQ method may not be optimal for certain applications. Lastly, the Local Gradients UQ method 

calculates gradients via backpropagation for each predicted region. As a result, the computation time is 

not consistent across test images and scales with the number of predicted regions within an image. 

Additional memory may also be required for this method due to running backpropagation upon 

inference.  

The Local Gradients UQ method could readily be applied to other deep learning medical image 

tasks, especially those with ways to localize model outputs. For instance, the Local Gradients UQ method 

could be useful for UQ in other structure delineation or detection tasks, especially for challenging 

structures such as the duodenum (Gibson et al., 2018). The Local Gradients UQ method could also be 

applied to deep learning-based image registration (e.g., Dalca et al., 2019), where the propagated 

structures from the learned displacement fields can be used to localize model outputs over which to 

quantify uncertainty. As a final example, the Local Gradients UQ method could be useful for deep 

learning-based MRI-to-CT image synthesis tasks (e.g., T. Wang et al., 2021), where UQ on structures that 

are difficult to synthesize can be acquired given pre-existing contours for model output localization. It is 
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most natural to apply the Local Gradients UQ method to deep learning tasks with spatially representative 

outputs such as in the examples described above. For computer vision tasks with 1D outputs, such as 

image classification, other methods, such as the one proposed by (Huang et al., 2021a), might be more 

appropriate.  

Careful protocols should be established for how any uncertainty measure is to be used in 

deployed clinical settings. For instance, some level of human monitoring and intervention would likely be 

necessarily embedded into automated region delineation-based workflows. Here, displaying an 

uncertainty measure with each predicted region would be helpful so that the user can more quickly 

review predictions that derive from abnormal image information, remove false positive regions, and 

review potentially misclassified regions. Different intervention levels can be established by monitoring 

uncertainty levels on a priori assumed low uncertainty regions, ideally on a validation dataset. Lastly, 

different intervention approaches should be established for each image analysis task given the clinical 

use of each predictive model. More work should be dedicated to further understand how uncertainty 

measures can be appropriately leveraged in deployed clinical settings.  

4.5 Conclusion 

In summary, this work introduced the Local Gradients uncertainty quantification method. We 

found that the localized gradient information, inherent to this method, enhanced region-based 

uncertainty quantification across four validation assessments. These results indicate that users do not 

have to deviate far from their model to gather uncertainty information. The model’s own gradient space 

can effectively be leveraged for uncertainty quantification.  
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5 General Discussion 

5.1 Summary 

In this thesis, we introduced UQ for deep learning-based medical image analysis, emphasized its 

importance in ensuring the safety of clinically deployed models, and presented several quantitative 

investigations that provided new critical insights into various methods of UQ for medical image analysis 

applications. This thesis was motivated by the hypothesis that UQ methods for medical image analysis 

applications will enhance the accuracy, reliability, and utility of deep learning model outputs intended 

to inform clinical decision-making. Using metastatic lesion segmentation as the primary application, this 

hypothesis was explored through the primary goal of this thesis: to investigate UQ methods for the 

metastatic lesion segmentation task, address their limitations, and develop novel UQ approaches to 

overcome these limitations and improve UQ utility. In pursuing this goal and investigating the associated 

aims, this thesis introduced several specific and novel innovations supporting the clinical need for 

comprehensive UQ. 

 Specific Aim 1 of this thesis investigated OOD UQ. To this end, work dedicated to SA1a 

(presented in Chapter 2) explored several established embedded feature-based OOD detection methods, 

which were implemented and quantitatively evaluated under the application of metastatic lesion 

segmentation on abdominal CT images. Importantly, a dedicated study of embedded feature-based OOD 

methods for a medical image analysis task has not previously been performed. Our findings suggested 

that none of the established embedded feature-based OOD measures were sufficient to detect 

simulated OOD medical images.   
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Under the same assessment conditions, a novel approach to OOD detection based on 

information theory, termed InfoOOD, was investigated and quantitatively compared to the established 

methods in SA1b  (presented in Chapter 2). This work was the first to demonstrate the utility of a post 

hoc information bottleneck optimization process for OOD detection. In addition to its unexplored 

novelty, this approach offers greater statistical interpretability than established methods. To assess the 

performance of the InfoOOD measure, we uniquely defined OOD test data using simulated artifacts on 

CT images, overcoming a distinct challenge for clinically relevant OOD method evaluations. Prior work 

utilized much less clinically relevant OOD data types, such as different imaging modalities, anatomical 

locations, applied spatial shifts, or image corruptions. The introduced simulated artifact approach in this 

work much more closely resembled expected clinical OOD data, offered a better understanding of the 

sensitivities of different OOD approaches, and holds potential for use as a critical benchmark 

evaluation for clinical OOD measures.  

Based on this realistic quantitative evaluation approach, the introduced InfoOOD measure 

outperformed established embedded feature-based OOD measures. Not only did it achieve higher OOD 

detection sensitivity (e.g., 𝐴𝑈𝐶 = 0.90 vs. 𝐴𝑈𝐶 = 0.49 for detecting images with simulated strong 

magnitude low dose acquisition), but it also yielded better correlations between the OOD measure and 

segmentation model performance (e.g., 𝜌 = −0.52 vs. 𝜌 = −0.06 for the correlation between OOD 

measure and predicted lesion sensitivity). A disadvantage of the proposed InfoOOD measure is the 

additional inference-time computational constraint compared to established embedded feature-based 

methods. However, this time demand was marginal and would only be a concern in real-time image 

analysis scenarios. Consequently, the novel information bottleneck approach for OOD detection offers 

an alternative, superiorly sensitive, and more interpretable OOD measure and appears promising to be 

used clinically to detect OOD data and to provide users with a measure of model prediction reliability.  
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Specific Aim 2 of this thesis investigated ID UQ. In SA2a , established methods were investigated 

for a particularly critical and challenging clinical task (presented in Chapter 3). Despite the expanding 

body of research dedicated to UQ for medical imaging applications (see Section 1.4), no previous studies 

have investigated UQ for the whole body, metastatic lesion segmentation task. Doing so is critical 

because image analytics pipelines are being proposed for a variety of clinical tasks built from 

segmentation model outputs (e.g., see Section 5.3.1). The uncertainty from the segmentation stage in 

these pipelines will inevitably propagate to these downstream clinical tasks, potentially inducing clinical 

errors. Lesions on whole body images are also challenging to segment due to factors such as low contrast 

and variable radiotracer uptake patterns in the case of PET/CT imaging.  

We implemented and investigated four established UQ methods for this task: model probability 

entropy, Monte Carlo dropout, deep ensembles, and test-time augmentation. Across four quantitative 

evaluations, the test-time augmentation method was quantified as the superior UQ method for the 

challenging clinical task of whole body malignant metastases segmentation imaged on PET/CT. While it 

is difficult to claim a given UQ method explicitly targets one source of uncertainty, each UQ method 

tends to weight towards a specific source. In this case, test-time augmentation tends towards capturing 

aleatoric uncertainty. This suggests the importance of curating more accurately delineated lesions in 

ground-truth training data. Additional work should be dedicated to exploring advanced data 

augmentation strategies, such as additive image noise, to further enhance the UQ performance of the 

test-time augmentation method for metastatic lesion segmentation and other clinical tasks. Overall, our 

comprehensive and quantitative results favoring the superiority of the test-time augmentation 

method are critical to establishing clinical UQ for this task and for those in the research community 

who seek to incorporate metastatic lesion segmentation uncertainty into their work.  
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A novel ID UQ approach, termed Local Gradients, was investigated and evaluated in pursuit of 

SA2b (presented in Chapter 4). This method aimed to address the limitations of established ID UQ 

methods (see Section 1.4.2). Namely, the Local Gradients method was designed to be post hoc and to 

not change a trained model’s output space, meaning it could readily be applied to deployed models 

without the need for model re-training or re-evaluation. This criterion is essential for promoting the 

integration of UQ methods into clinical settings, as it allows uncertainty information to be added to 

previously validated and deployed models. The method assessed model output sensitivities, localized to 

predicted regions, to trained model parameters via gradient information computation and aggregation. 

Since the Local Gradients UQ method requires a single forward pass through a single, deterministic 

model, it is most appropriately categorized as a single-network, deterministic UQ method (see Section 

1.4.2). However, a single backward pass is also required to acquire model gradient information, making 

this method slightly more computationally involved than other single-network, deterministic methods.  

The quality of the Local Gradients UQ measure was quantitatively assessed across four 

evaluations and compared to output-based UQ measures, which adhered to the same constraints (i.e., 

post-hoc and do not alter a trained model’s output space). Across these evaluations, the Local Gradients 

UQ measure achieved better performance for detecting perturbed images (e.g., a median uncertainty 

value percent difference between the most degraded and non-degraded image of 62.4% vs. 3.45), for 

detecting low-quality clinical images (e.g., 𝑝 < 0.05 vs 𝑝 = 0.67), for detecting false positive predicted 

segmented regions (e.g., 𝐴𝑈𝐶 = 0.87 vs. 𝐴𝑈𝐶 = 0.72), and for correspondence with physician-rate 

likelihood of malignant disease classes (e.g., 𝐴𝑈𝐶 = 0.79 vs. 𝐴𝑈𝐶 = 0.68 for distinguishing between 

definitely malignant and equivocal lesion prediction). A possible disadvantage of the Local Gradients 

measure is the additional computation demand required for gradient calculation. However, this 

computational time constraint would likely only be prohibitive for real-time image analysis tasks. In 
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addition, the computational demands of the Local Gradients measure are significantly lower than those 

of previously established methods (summarized in Section 3.3.1). The Local Gradients method 

fundamentally offers a new ID UQ method to the field, demonstrating novel deep learning model 

capabilities by uniquely leveraging test-time gradient information to characterize prediction 

uncertainty.  

Several aspects of this work support the main hypothesis which formed the foundation of this 

thesis. For example, it was shown that the investigated uncertainty measures can be used to detect false 

positive predicted regions in Chapters 3 and 4. This reduction in false positive regions inherently 

enhanced the accuracy of the deep learning models. The enhancement of model reliability using UQ 

methods was also demonstrated throughout this work. For instance, all investigated uncertainty 

measures were shown to detect poor-quality image data, including data with simulated artifacts 

(Chapter 2) or added image noise (Chapters 3 and 4). Strong correlations between uncertainty measures 

and model performance metrics, as reported in Chapters 2 and 3, further highlighted how UQ can 

enhance model reliability. At a high level, the implementation of each UQ method in this work 

demonstrated and enhanced the utility of deep learning models, where the models themselves could 

effectively be leveraged to acquire uncertainty information. Specific and novel enhancements to model 

utility were illustrated in Chapter 2, where an information theory-based OOD measure was obtained 

with only a slight modification to model architecture, and in Chapter 4, where it was shown how a 

model’s gradient space—typically used only during training—was leveraged for UQ.  

In a broader context, the technical innovations in this thesis address the urgent demand for 

advanced uncertainty quantification methods to support the safe and reliable use of deep learning-

based image analysis within clinical practice. Each contribution advances specific components of a 

broader framework for robust UQ (Figure 34), where ID uncertainty must be quantified separately and 
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contingently upon successful OOD uncertainty assessment (see Section 1.4). Through systematic 

evaluations of both existing and novel UQ methods, this work provides critical insights into their utility 

and limitations, informing strategies for optimal clinical integration of UQ. Collectively, these technical 

innovations form a foundation upon which a vast array of uncertainty-aware applications can be 

implemented and ultimately bring us closer to the widespread clinical implementation of UQ to 

ensure the safety of clinically deployed deep learning-based predictive models. To get to this point, 

however, careful consideration must be made regarding the logistical steps of UQ implementation within 

clinical settings.  

 

Figure 34 Schematic describing a comprehensive approach to uncertainty quantification. In alignment 
with recent research, OOD and ID UQ are performed separately because single UQ methods do not 

sufficiently capture both types of uncertainty. Model prediction and ID UQ are invoked based on 
successful OOD uncertainty assessment. Images with high OOD uncertainty are abstained from model 

prediction and flagged for physician review. The OOD and ID uncertainty associated with an image and 
model prediction can also be used in a variety of applications and ultimately, used to gauge the 

trustworthiness of model predictions within clinical settings.   
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5.2 Future Work – Clinical Implementation  

The intent of deep learning-based medical image analysis research is to deploy predictive 

models into clinical settings to aid patient care. Doing so with embedded UQ will be critical to maximize 

model utility and minimize potential risks of patient harm. The U.S. Food and Drug Administration 

already requires medical devices that rely upon first principles-based (e.g., mechanistic) computational 

models to have robust UQ mechanisms (Center for Devices and Radiological Health, 2023). UQ 

requirements for data-driven computational models are likely imminent. Much of the technical 

groundwork in UQ measure development has been established in the literature (see Section 1.4), with 

added value from the original work described in this thesis. Thus, now is an opportune time to begin 

considering and defining the logistics regarding the use of uncertainty measures within clinical settings. 

Three key areas to address include the commissioning and continual monitoring of UQ measures, the 

human (i.e., clinician) interaction with UQ measures, and the potential knowledge gap in the medical 

physics field that must be filled.  

5.2.1 UQ Commissioning and Continual Monitoring 

Standards regarding the clinical deployment of predictive models have already been formulated. 

For example, the AAPM Task Group Report 273 outlines standards and best practices for the 

implementation of artificial intelligence (AI) for computer-aided diagnosis (Hadjiiski et al., 2023). While 

the report raises the importance of UQ, it does not provide any suggestions about how UQ may support 

clinical implementation. Figure 35 summarizes the key steps for clinical implementation from the Task 

Group report and offers areas where UQ can benefit each step. In the data collection step, UQ methods 

can be used to engineer robust and representative datasets via approaches such as active learning 

(further discussed in Section 5.3.3). During the model training and validation step, assessing the quality 
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of uncertainty measures in addition to model accuracy will be crucial. On-site model commissioning 

should involve further validation of the model accuracy and uncertainty measure reliability using locally 

acquired data. Finally, routine quality assurance (QA) will be required to ensure the ongoing quality of 

the predictive model and uncertainty measures to mitigate concerns such as data drift, where image 

quality changes due to routine scanner use (Merkow et al., 2024). While routine QA schedules should be 

established, intermittent QA may be performed based on UQ measure trends, where, for example, an 

increasing trend in overall uncertainty magnitude may merit interventional QA. Once such regulatory 

workflows are set, observational studies assessing clinician decision-making and patient outcomes after 

UQ implementation should be performed to understand the clinical impact. 

 

Figure 35 Essential steps for predictive model clinical deployment with specific areas in which UQ can and 
should be included.   

Several innovations from this thesis work hold the potential to support the steps necessary for 

the commissioning and monitoring of predictive models and UQ measures within clinical settings (Figure 

35). For example, the introduced UQ measures, especially the InfoOOD measure presented in Chapter 2, 

could readily be used in the data collection step to ensure representative data is included to ensure 

model robustness across broad feature distributions and expected aleatoric uncertainties (further 

discussed in Section 5.3.3). In the model training and validation and model site commissioning steps, the 

quantitative UQ assessments introduced throughout this thesis, such as the running model inference 

using images with simulated noise or artifacts, will aid in understanding model robustness and UQ 
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measure dependability. Similarly, these quantitative evaluations will be essential to implement for the 

model continual monitoring/QA step to track and document model and UQ measure performance. The 

UQ measures introduced and implemented in this work could further aid in model continual monitoring 

at an online level, for example, by using the InfoOOD measure to monitor the deviation of embedded 

features across time. This will likely capture model drift due to changes in image acquisition 

performance, indicating the need for manual interventions such as scanner calibration.  

5.2.2 Human-UQ Measure Interaction 

Additional work should also be dedicated towards understanding how to best represent UQ 

measures for optimal clinical use. Reporting raw uncertainty measures will be insufficient as these are 

most often unbounded and lack interpretability. Reporting normalized uncertainty measures, as 

proposed for the Local Gradients UQ measure reported in Chapter 4, may lend added interpretability. 

Simply rescaling UQ measures to a bounded range (e.g., [0, 1]) may also aid interpretability. However, 

care must be taken to ensure uncertainties are not mistaken for predicted risk levels. Reporting 

predictions along with error bars or the predictive distribution representing uncertainty will help 

mitigate this risk. Similar to what was done for reporting the predicted risk of unhealthy lymph node 

classification (Dihge et al., 2023), it may be useful to report an uncertainty within the distribution of 

reported uncertainties for a given patient cohort so the clinician can draw connections between past and 

current cases. Where appropriate, displaying interpretability maps along with uncertainty may further 

enhance clinician trust. These maps indicate important image regions relevant to the model prediction 

(Huff et al., 2021) and may be used to investigate high uncertainty outputs, offering clinicians insights 

into the model decision. Overall, more work needs to be done in human (i.e., clinician) computer 
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interaction to maximally leverage predictive models and associated uncertainty measures within clinical 

settings.   

5.2.3 Medical Physics Knowledge Gap 

Lastly, a major hurdle to the implementation of UQ in clinical settings is a potential knowledge 

gap in medical physicists’ expertise (Figure 36). Medical physicists hold strong expertise in both image 

acquisition (e.g., CT physics) and therapeutic interventions (e.g., external beam radiation therapy). 

Consequently, in a future with routine clinical and image-based predictive modeling, it is clear that 

medical physicists should thoroughly understand the model inputs (e.g., image acquisition) and the 

repercussions of clinical decisions (e.g., therapeutic planning) made based on model outputs. However, 

knowledge related to modeling itself is also essential. It will be critical for medical physicists to be 

adequately trained on AI concepts to complete this critical chain of knowledge related to predictive 

model workflows. This will guarantee appropriate personnel are staffed to ensure the predictive models 

are implemented correctly and safely.  

 

Figure 36 Schematic demonstrating the potential predictive modeling knowledge gap within the medical 
physics field. 



124 

 

   

Initiatives are being made to augment medical physics training with concepts related to AI. For 

example, several researchers have proposed the need to augment the current medical physics graduate-

level curriculum with coursework in AI (Ng & Wong, 2022; Zanca et al., 2021), including different 

educational tracks based on prospective expertise in different clinical areas such as imaging modalities. 

Others are advocating to train currently practicing medical physicists in AI so that the field can more 

readily embrace an AI future (Wu et al., 2024). Across all petitions, there is a sense of importance and a 

push for urgency to not fall behind on the quickly advancing AI methods. It is also clear that medical 

physicists are best suited for such training and duties due to a strong mathematical foundation and 

strong familiarity with clinical practices and regulation policies. However, curriculum related to the UQ of 

model predictions is missing from these appeals. Including UQ concepts in medical physics AI training 

will be critical to fostering a foundational understanding of the behavior and limitations of clinically 

deployed deep learning models.  

Hopefully, the work in this thesis will help address the current UQ knowledge gap surrounding 

UQ in the medical physics field. The introduction of predictive uncertainty, its sources, and its 

implications in Chapter 0 is intended to support greater familiarity with UQ for medical image 

applications. This work also emphasizes the importance of assessing UQ measures from several 

quantitative perspectives and the importance of evaluating a variety of UQ methods for specific tasks. 

Lastly, this work expands the understanding of deep learning model utility, for example, by the unique 

leveraging of model components, such as the localized model gradient space method presented in 

Chapter 4. Not only will this advance the exploration of novel UQ methods, but it will also promote the 

greater familiarity and understanding of the often-overlooked inner mechanisms and components of 

deep learning models, which will be increasingly important for medical physicists and other clinical 

professionals tasked with the governance over these models in clinical settings.  
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5.3 Future Work – Technical Developments 

While UQ is already well-positioned to begin formulating its clinical implementation, ongoing 

technical advancements are essential to deepen our understanding of predictive uncertainty and to 

expand the clinical utility of UQ methods. Several of these developments can be built directly upon the 

work presented in this thesis. Novel work will be necessary to keep pace with the rapid onset of new and 

evolving AI technologies. Nevertheless, the findings in this thesis provide a foundation for applying UQ 

methods to emerging tools and models. In the near future, key research directions include the 

propagation of UQ measures into downstream clinical tasks, acquiring voxel-wise OOD measures, the 

integration of UQ methods into Active Learning frameworks, greater theoretical understandings of 

uncertainty sources within medical settings, and UQ for next-generation AI technologies.  

5.3.1 Uncertainty Propagation into Downstream Clinical Tasks 

The UQ innovations presented in this thesis were developed and evaluated using the metastatic 

lesion segmentation task. While important, the resulting segmentations are not necessarily clinically 

useful on their own. However, they enable a host of downstream clinical tasks designed to inform 

patient care. For example, our group recently developed a predictive model of treatment response for 

patients with metastatic neuroendocrine tumors undergoing systemic therapy, which was built utilizing 

segmentation-based extracted image features (Santoro-Fernandes et al., 2024b). Propagating 

uncertainty information from the deep learning-based segmentations to the final patient response 

prediction is a critical next step in introducing a measure of reliability for more robust and safe use of the 

predictive model output.   
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We have acquired preliminary results for uncertainty propagation into this previously developed 

predictive model (Santoro-Fernandes et al., 2024b) using the same dataset as in Section 3.2.1. This 

dataset consisted of patients receiving systemic therapy with pre- and post-therapy PET/CT imaging, 

along with long-term patient outcome data. In this predictive model study, deep learning-based lesion 

segmentations were used to extract lesion-wise biomarkers across multi-timepoint imaging, which were 

subsequently aggregated into patient-wise features. Feature selection was performed to determine the 

three predictive features (denoted as F1, F2, and F3 and described in Figure 37), which were used to 

train a multivariate linear regression model to predict patient-wise progression-free (PFS) survival. 

Additional information about the predictive model and features can be found in  (Santoro-Fernandes et 

al., 2024b) 

Uncertainty was propagated into this predictive model via sampling of the segmentation 

probability maps to acquire preliminary prediction uncertainty. Based on our findings in Chapter 3, the 

test-time augmentation UQ method was used in this preliminary work due to its superior UQ 

performance for the metastatic lesion segmentation task. For each patient, test-time augmentation was 

used to acquire ensembled probability outputs. Bernoulli sampling over each probability map was 

performed 𝑁 = 50 times to acquire 50 segmentation masks per patient. For each mask, a set of the 

three predictive features was extracted, resulting in 50 unique feature sets to train 50 unique predictive 

models. Consequently, a predictive distribution was defined for each test patient using the 50 predictive 

models from which the mean and prediction variation were extracted to define the prediction and 

prediction uncertainty, respectively.  
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Figure 37 Sampled predictive feature values from n=50 Bernoulli segmentation samples for one example 
test patient. F1 consisted of computing the average of each new lesion found on the post-therapy scans, 
normalized to the liver uptake, and the minimum of these lesion-wise features was used as the patient-

wise feature. F2 consisted of computing the average of all lesions found on pre-therapy scans, 
normalized to the spleen update, and the minimum of these lesion-wise features was likewise used as 
the patient-wise feature. F3 consisted of computing the variance of each persisting lesion found on the 

post-therapy scans in the head region without uptake normalization, and the summation of these lesion-
wise features was used as the patient-wise feature. 

An example of the feature distributions derived from the Bernoulli sampling for a single test 

patient is shown in Figure 37. Figure 38 shows the PFS prediction for each patient. The error bars 

represent the prediction 95% confidence intervals derived using the predictive output distribution (as 

opposed to using some statistical sampling technique such as bootstrapping). Thus, the error bars help 

clinicians determine how much to rely on model prediction for each patient. The average prediction 

uncertainty range was 7.3 months, the smallest range was 1.7 months, and the largest range was 43.8 

months. For patients with high prediction uncertainty ranges, the clinician may decide to rely less on the 

predictive model outputs and more on traditional decision-making criteria.  
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Figure 38 Predicted progression free survival (PFS) for each patient. Error bars indicate 95% confidence 
intervals derived from the predictive model output distribution.  

These preliminary results indicate the feasibility and utility of propagating segmentation 

uncertainty into downstream clinical tasks, such as patient outcome prediction. Additional work is 

needed to further develop and evaluate the resulting prediction uncertainty. For example, building 

feature distributions from test-time augmentation samples, as opposed to the Bernoulli sampling 

approach, would more accurately reflect segmentation uncertainty. However, this would have required 

running the necessary lesion-matching algorithm (Santoro-Fernandes et al., 2024a) for each 

augmentation step, which was computationally prohibitive for this preliminary study. The uncertainty of 

this lesion-matching algorithm should also be quantified and propagated into the outcome prediction 

modeling. Finally, additional quantitative assessments, such as evaluating the associations of prediction 

uncertainty with prediction performance, should be performed.  



129 

 

   

5.3.2 Voxel-wise OOD Uncertainty Quantification 

Most OOD detection algorithms quantify OOD uncertainty at the image level, like the proposed 

InfoOOD measure described in Chapter 2. However, targeting image-level OOD uncertainty may be 

incomplete for several reasons. For instance, while image-wise approaches effectively detect global shifts 

in image data, such as the presence of image artifacts or shifts in the image noise properties, they may 

be less sensitive at detecting more localized OOD regions within an image, such as obscure anatomy or 

localized image artifacts (e.g., internal motion). Consequently, image-level OOD UQ methods are unable 

to localize abnormalities within an image. Furthermore, image-wise OOD UQ methods lack the capacity 

to assess the OOD uncertainty of the voxel-wise predictions made by semantic segmentation models. 

Lastly, most ID UQ algorithms acquire voxel-wise uncertainty measures, like the ones implemented in 

Chapter 3. Image-wise OOD UQ impairs more advanced methods which may seek to combine OOD and 

ID uncertainty measures. Therefore, it may be critical to quantify the voxel-wise OOD uncertainty of a 

semantic segmentation model.   

A proposed framework for acquiring voxel-wise OOD measures is shown in Figure 39. Based on 

insights gained from implementing OOD measures in Chapter 2, this framework relies on an embedded 

feature-based OOD approach. An input image is inferred upon by a trained, U-Net segmentation model. 

During the forward pass through the model, the feature maps that share the same spatial dimensionality 

as the input image are extracted. These features are fed to a 1-dimensional convolutional layer, followed 

by sigmoid activation and binarization to acquire predicted class labels. The features corresponding to 

the voxel in the image are extracted according to the prediction labels. If the original input image came 

from the model’s train dataset, then the extracted features are used to update the class-wise feature 

distribution using Welford’s online algorithm for distribution mean and variance estimation (Welford, 
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1962). If the original input image is a test image, then the voxel-wise distance between the test image 

features and the feature distribution defined by the train data is measured and serves as the voxel OOD 

measurement.  

 

Figure 39 Schematic describing the voxelOOD methodology. For each image, embedded features of 
channel depth 32 are extracted prior to the final 1D convolution, sigmoid activation, and binarization (via 
the argmax operation) steps. The predicted voxel-wise classes were used to extract class-wise features. If 
features were extracted from an image in the train data, the features are used to update the estimated 

training, class-wise feature distribution. If features were extracted from a test image, the distance 
between the test image features and the train feature distribution is computed as a voxel-wise distance 

metric.  

Preliminary experimentation was performed using this proposed voxel-wise OOD framework. A 

U-Net model was trained using the nnUNet repository (Isensee et al., 2021) to segment liver organ and 

metastatic lesions on abdominal CT images from the Liver Tumor Segmentation Benchmark (LiTS) 

dataset (Bilic et al., 2023). 𝑁 = 104 and 𝑁 = 27 images were used for model training and testing, 

respectively. Using the trained model, the voxel-wise and class-specific feature distribution was 

estimated using the train images. For each test image, voxel-wise OOD measures were acquired by 
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measuring the Mahalanobis distance (Mahalanobis, 1936) between its extracted features and the train 

feature distribution.  

The performance of the proposed voxel-wise OOD measure was first assessed qualitatively in 

Figure 40. In the top row, an example is shown where regions in the liver associated with pronounced 

portal vein enhancement have high OOD measures. In the middle row, elevated OOD measures are 

associated with a false negative detected region. In the bottom row, abnormal regions with very high 

intensity, possibly due to liver calcification, similarly have large OOD values. These examples indicate that 

the voxel OOD measurement can localize regions with localized abnormalities or regions associated with 

prediction errors.  
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Figure 40 Three qualitative examples of the voxelOOD results, including the abdominal CT slice (first 
column), the overlaid predicted segmentations (second column), the overlaid Class 1 voxelOOD results 

(third column), and the overlaid Class2 voxelOOD results (fourth column). Top row: An image that 
exhibited high Class 1 voxelOOD measurements related to portal vein contrast enhancement. Middle 

row: An image that exhibited high Class 1 voxelOOD measurements in a false negative predicted region. 
Bottom row: An image that exhibited high Class 1 voxelOOD measurements related to calcifications in 

the liver organ tissue. 

The voxel-wise OOD measure was then quantitatively evaluated using a coverage-based 

assessment. Specifically, the average test data Dice coefficient between the predicted and ground-truth 

segmentations was computed as a function of decreasing voxel-wise OOD thresholds, where each 

threshold corresponded to a percentile of the class-wise OOD measurements within each image. For 

example, at the 80th percentile, only voxels with OOD measurements below the 80th percentile were 
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included in the Dice coefficient calculation. As such, the Dice coefficient was expected to increase as the 

threshold decreased since voxels below lower thresholds correspond to lower OOD uncertainties.  

Preliminary results for the Dice coefficient coverage evaluation are shown in Figure 41. The 

average Dice coefficient for each prediction class increased as the voxel OOD threshold decreased. The 

average liver organ Dice coefficient increased from 0.82 to 0.97 from the first to the final threshold. 

Similarly, the average liver lesion Dice coefficient increased from 0.70 to 0.88. These results indicate that 

the voxel-wise OOD measure corresponds with model segmentation performance, where higher voxel-

wise OOD measures are associated with predicted segmentation errors and degrade overall 

performance.  

 

Figure 41 Dice coefficient for predicted liver organ and lesions as a function or voxel OOD percentile 
threshold.  

These qualitative and quantitative preliminary results indicate utility in the voxel-wise approach 

for OOD UQ. Additional work is needed to fine-tune the approach and to further assess the measure’s 

performance. For example, other distance measurements, such as the k-nearest neighbors algorithm 

(Sun et al., 2022), should be evaluated. Comparison to other output-based OOD measures (see Section 
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1.4.1), which are inherently voxel-wise, should be made. Finally, the potential of acquiring a single, 

comprehensive UQ measure that effectively combines voxel-wise OOD and ID measurements should be 

explored.  

5.3.3 Active Learning for Metastatic Lesion Segmentation 

A technical application of the uncertainty work developed in this thesis is active learning. In 

standard model training approaches, researchers use large, annotated datasets to train deep learning 

models. Large datasets are deemed necessary to train reliable models because it is assumed that 

maximizing the number of training samples maximizes the coverage of the train image feature space 

(i.e., all real images relevant to the deep learning task). Consequently, the model becomes more familiar 

with all types of data during training. However, large, annotated datasets are difficult to curate for 

medical image analysis tasks due to restrictive data-sharing policies and laborious expert-level image 

labeling. As a solution, active learning seeks to intelligently minimize training set sizes while maintaining 

good model performance (Budd et al., 2021).   

An overview of the iterative active learning process is shown in Figure 42. An initial model is first 

trained on a small, annotated subset of the available data. The trained model is then deployed on an 

initially large pool of unlabeled data. The amount of model informativeness of each unlabeled image is 

then assessed, either via UQ and/or via some representativeness measure. When UQ is used, it is 

assumed that the unlabeled images with the highest uncertainty offer the most information gain to the 

model. When a representativeness measure is used, it is assumed that the unlabeled images with the 

most distinct image representation offer the most information gain to the model. A natural approach to 

measure representativeness is to use an OOD measure. Some works either only use uncertainty or 

representativeness to measure image informativeness, while others use some combination of the two 
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(Budd et al., 2021). The unannotated images with the highest informativeness are subsequently 

annotated and augmented to the training data. The augmented train set is then used for model re-

training or continued training. This iterative process is continued until acceptable model performance is 

achieved.  

 

Figure 42 Schematic of an active learning framework, where images are added to the training pool based 
on their level of informativeness to the training process. Here, we show uncertainty as an 

informativeness measure, where images with high uncertainty are selected such that, the model learns 
how to account for uncertainty during training appropriately.  

Active learning has been investigated across a variety of medical image tasks, including brain 

segmentation on MRI and cell segmentation on pathology images (Budd et al., 2021). This framework, 

however, has not been applied to the whole body metastatic lesion segmentation task. Doing so for this 

task is critical for two primary reasons. First, data labeling for this task is very time consuming and 

engineering an optimal and minimally sized dataset via active learning will save labeling time, allowing 

for more research on a wider variety of malignancies and image modalities. Second, active learning may 

enhance the accuracy and robustness of metastatic lesion segmentation models, ultimately positively 

enhancing patient care.  
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The UQ work developed in this thesis directly supports an active learning framework for 

metastatic lesion segmentation. The novel OOD detection approach outlined in Chapter 2 offers a highly 

sensitive measure of data representativeness to construct a heterogeneous yet representative training 

data distribution. The introduced InfoOOD measure in Chapter 2 would be preferred over alternative 

OOD measures because it can be used to directly quantify the amount of information gain a new image 

provides to the model (Schulz et al., 2020). Consequently, integrating the InfoOOD measure within an 

Active Learning framework will provide a greater interpretation of the added value of selected images to 

the training process and possibly result in more accurate and robust models.  Furthermore, the results of 

Chapter 3 suggest that using test time augmentation is the optimal UQ to measure informativeness 

associated with uncertainty for this task. Work should be done to investigate the utility of OOD and UQ 

measures to acquire maximally informed datasets for robust and optimally sized metastatic lesion 

segmentation datasets.   

5.3.4 Theoretical Understanding of Uncertainty Sources 

Most UQ studies within the medical image domain consist of applying methods and insights 

formed in the natural image domain. While this has generated beneficial, validated, and relevant 

uncertainty measures, doing so risks introducing potential limitations that arise from translating the 

work into the medical domain. The computational medical image analysis field will benefit greatly by 

directly investigating key theoretical areas of UQ within the medical image domain.  

A key idea to challenge is the notion that uncertainties sourced from OOD and ID data should be 

separately targeted. As described in Section 1.6, UQ methods that target ID uncertainty may fail to 

capture OOD uncertainty due to concerns over whether the learned decision boundaries, often co-

aligned with ID uncertainty, extrapolate well to OOD test data. Thus, it is generally accepted that 
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comprehensive UQ involves independent OOD and ID UQ methods. However, this assumes that OOD 

data is very different from the train data (i.e., far OOD). While this is often the case for natural image 

tasks, where OOD data is defined using semantic shifts, it may not be true for medical image tasks, 

where OOD data is defined using more subtle covariate-shifted data.  

Direct evidence for challenging the separation of OOD and ID UQ was presented in this thesis. In 

Chapter 4, for example, we proposed and validated a gradient-based method for ID UQ. The authors of 

(Huang et al., 2021a) similarly proposed leveraging model gradient information for UQ; however, this 

was aimed at capturing OOD uncertainty within the natural image domain. Furthermore, many of the 

UQ evaluations presented in this work involved assessing uncertainty as a function of OOD distance. This 

was accomplished by perturbing test data at increasing and iterative magnitudes by means of artifact 

simulation (Chapter 2) or inserting image noise (Chapters 3 and 4). Many of the UQ measures were able 

to capture and detect this perturbation process. Clearly, a single UQ method holds utility in both OOD 

and ID UQ. Nevertheless, the iterative perturbation approaches proposed in this thesis will play an 

important role in clarifying the impact of OOD and ID uncertainty on UQ measures. More work should be 

dedicated to understanding the extent to which ID UQ methods can be used for medical image tasks and 

at what point dedicated OOD UQ methods should be used. 

A deeper understanding of the different uncertainty sources in medical settings is the need for 

uncertainty disentanglement, which seeks to separate the aleatoric and epistemic components of 

uncertainty. A variety of works exist for quantitative uncertainty disentanglement within the natural 

image domain (Mucsányi et al., 2024). However, such rigorous efforts have not been made in the 

medical image domain, where special modifications may need to be made. For example, since OOD data 

is often much closer to ID data in medical image tasks, the distributional aspect of epistemic uncertainty 

may be more entangled with its other components (e.g., poor model fitting). Thus, it may be beneficial 
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to disentangle uncertainty into three components for medical image tasks—aleatoric, epistemic 

(excluding distributional), and distributional.  Doing so would greatly benefit deep learning-based 

medical image analysis. For example, such uncertainty disentanglement will enable the identification of 

specific uncertainty sources and consequently will allow researchers to take the necessary steps to 

reduce uncertainty (e.g., by means of correcting data noise, adjusting the model, or adding more data).  

While disentangling uncertainty sources holds the potential to impact theoretical work greatly, it 

may hinder clinical implementation. Instead, a single, intuitive, and dependable uncertainty measure 

should be constructed to facilitate seamless clinical integration. The current separation of OOD and ID 

UQ measures introduces complexity in the clinical decisions associated with model predictions. For 

example, how should a prediction be interpreted with conflicting magnitudes for OOD and ID UQ 

measures? What if both UQ measures are moderately elevated? UQ would be much better adopted in 

the clinic if the total uncertainty was combined into a single measure. Normalizing each uncertainty 

measure by a separate calibration test set may aid this need for combination, as was done in Chapter 4 

for the Local Gradients uncertainty measure. However, the optimal combination strategy is not 

straightforward because the relationship between ID and OOD uncertainty with model prediction error is 

not well-founded. Due to this unknown, data-driven approaches, such as a learnt weighting mechanism 

that maximizes correlation with prediction accuracy, should be explored.  

5.3.5 Uncertainty Quantification for Next-Generation AI 

AI technologies are rapidly advancing. The work in this thesis was developed using single data 

modality deep learning models trained using clinically acquired data for narrow-focused and 

deterministic tasks. For the next generation of AI technologies, models will rely heavily on much larger, 

synthetically derived data for training, accommodate different types of data modalities (e.g., images and 
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text), and be capable of a wide variety of prediction tasks (Acosta et al., 2022; Hoopes et al., 2024; 

Khosravi et al., 2024). These technological innovations hold great potential to revolutionize clinical care. 

As model capabilities scale, however, so do the associated risks. Thus, it is imperative for researchers to 

proactively design safety mechanisms, including UQ approaches, to mitigate large-scale risks of next-

generation AI.  

Medical image training datasets have historically been much smaller than natural image datasets 

due to concerns over patient privacy and lack of image-sharing infrastructure. Researchers have 

proposed addressing this problem using synthetically derived data from generative models. 

Consequently, the data available scales infinitely. As datasets scale in this way, model performance is 

expected to enhance. For example, augmenting a natural training dataset with synthetic images 

enhanced the performance of a chest x-ray classification model (Khosravi et al., 2024). Although 

untested, the uncertainty of models trained using synthetically augmented datasets may similarly 

become better (i.e., reduce), potentially removing the concern of high uncertainty outputs. However, 

this necessitates the synthetic data is high quality and representative of patient populations. UQ 

methods could be implemented on the data generation models to ensure poorly generated data does 

not negatively impact downstream model performance.  

Models are also becoming increasingly multi-modal, enabling the simultaneous processing of 

different types of data, such as images and text. The utility of multi-modal models has been 

demonstrated in the medical image domain, for example, by generating radiology reports, enhancing 

predictive image models with laboratory data, and more (Cui et al., 2023). However, UQ methods have 

not been developed for medical image multi-modal models. An important area of research will be to 

ensure the concordance of uncertainty language descriptors (such as “likely”, “ambiguous”, “definitely”, 

etc.) and model prediction uncertainties. Moving beyond multi-modal models are foundational models 
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capable of being directed to perform any number of tasks given a text prompt. For example, a single 

radiology foundation model demonstrated incredible performance for target segmentation, image 

interpretation, image processing such as cropping about an anatomical area, and more (Hoopes et al., 

2024). UQ can help ensure model outputs are reliable, as was done in this thesis work. In addition, UQ 

may be extended to different foundation model applications, such as indicating when a requested task 

lies outside of the model’s ability.  

However, the risks associated with state-of-the-art foundation models extend well beyond UQ. 

Seemingly human-like capabilities are being engineered into multi-modal models, such as logical 

reasoning (F. Xu et al., 2023), allowing models to behave in a way that resembles a level of 

consciousness. The boundary between deep learning as merely being software to it being something 

with personal agency is becoming blurred. The capabilities of these models extend well beyond what the 

developers are aware of (Wei et al., 2022). Concerningly some studies have documented unintended and 

unethical model behavior, such as intentional lying (Azaria & Mitchell, 2023). It will be essential to 

ensure the goals of these models are aligned with those of the human users, for example, by careful 

model alignment research (Y. Wang et al., 2023). As increasingly capable models are being introduced 

into medical setting (Keshavarz et al., 2024), it will be imperative to conduct similar studies within clinical 

contexts.  

Even so, as these models become increasingly capable, potentially surpassing expert-level 

human intelligence, it may not be apparent exactly how a model might behave maliciously. It may not be 

possible to foresee all possible negative scenarios conceived by something that is assuredly smarter than 

us. There is a non-zero percent risk that highly intelligent and agentic models may behave in 

uncontrollable and destructive manners (Grace et al., 2024). The ramifications of such a scenario extend 

well beyond clinical settings. Proactive, ongoing, and rigorous principles for the use of AI within and 
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outside of clinical settings must be established and strictly adhered. Until then, the future remains 

entirely uncertain.  
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6 Conclusion 

Uncertainty quantification is essential to ensure the safe implementation of clinical deep 

learning models. In this thesis, we presented important advances to uncertainty quantification for deep 

learning-based medical image analysis. We first implemented and assessed existing embedded feature-

based approaches for out-of-distribution detection for the application task of metastatic lesion 

segmentation application. Using the same data, trained model, and assessment criteria, we next 

introduced a novel approach to out-of-distribution detection, which made use of information bottleneck 

theory to detect abnormal test images. Next, we assessed several UQ methods for the overlooked whole 

body metastatic lesion segmentation task. Lastly, we introduced a novel UQ method that leverages 

localized gradient information to assess model output sensitivities to trained model parameters, offering 

a low-cost and post hoc UQ option that preserves model performance accuracy. Each of these 

innovations holds great potential to positively impact patient care, whether as reliability measures to 

better inform clinicians on how to incorporate predictive models in their work or as a foundation for 

additional research, such as incorporating UQ measures into downstream image analytics tasks.   

Deep learning technologies are rapidly evolving, and tools with profound capabilities are 

increasingly being introduced. As the capabilities of these technologies continue to expand, so do the 

associated risks. Research and development in AI safety, such as uncertainty quantification, must keep 

pace with the rate of deep learning innovations. This is especially true in the medical domain, where the 

integration of AI with patient care will surely be ubiquitous. Only when we introduce these technologies 

rightly, with appropriate risk mitigation such as uncertainty quantification, will their utility in bringing 

about a healthier future be fully realized.  
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