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Abstract

Machine learning can help meet rising demand for medical diagnosis and improve patient outcomes, but

medicine is a high-risk domain in which uncertainty is pervasive and single-point predictions are insufficient.

Despite this, the common practice in medical AI is to develop models for isolated tasks. This paradigm

is fundamentally flawed, as it ignores how uncertainty from one step in a clinical workflow cascades and

compounds, potentially leading to overconfident and unreliable downstream decisions. This thesis argues for

a paradigm shift, moving from isolated models to a holistic, pipeline-aware framework. For machine learning

to be deployed safely and effectively, uncertainty must be formally represented, propagated between tasks,

made expressive through calibration, and ultimately leveraged to guide clinical decisions. To this end, we

develop and validate a suite of methods that implement this vision.

First, we establish a method for propagating uncertainty from upstream data acquisition (accelerated MRI) to

downstream analysis (segmentation). Second, we demonstrate how leveraging this propagated uncertainty,

by marginalizing over a distribution of plausible segmentations, significantly improves the performance and

robustness of a final clinical decision (glaucoma diagnosis). Third, we make uncertainties more expressive

and trustworthy through a novel method for distribution-free, subgroup-specific calibration, enabling reliable

error control for dose estimation in radiation therapy. Finally, we integrate these principles into a closed-loop

system where calibrated uncertainty in clinical metrics dynamically guides the MRI acquisition process to

optimize scan time.

Together, these contributions provide a methodological foundation for integrated, uncertainty-aware systems.

By treating diagnosis as a sequence of dependent tasks, we show how expressive uncertainties can be

propagated and acted upon end-to-end. Through demonstrations in accelerated MRI, glaucoma diagnosis,

and radiation therapy, this work highlights a pathway towards building safer, more efficient, and clinically

trustworthy ML-assisted diagnostics.





Zusammenfassung

Maschinelles Lernen kann dazu beitragen, dem steigenden Bedarf an medizinischer Diagnostik gerecht

zu werden und die Behandlungsergebnisse für Patienten zu verbessern. Die Medizin ist jedoch ein Hoch-

risikobereich, in dem Unsicherheit allgegenwärtig ist und einzelne Punktvorhersagen unzureichend sind.

Trotzdem ist es in der medizinischen KI die gängige Praxis, Modelle für isolierte Aufgaben zu entwickeln.

Dieses Paradigma zeigt grundlegende Mängel auf, da es ignoriert, wie sich Unsicherheit aus einem Schritt

eines klinischen Arbeitsablaufs fortpflanzt und akkumuliert, was potenziell zu übermäßig selbstsicheren und

unzuverlässigen Entscheidungen in späteren Schritten führt. Diese Dissertation plädiert für einen Paradig-

menwechsel: weg von isolierten Modellen hin zu einem ganzheitlichen, pipeline-orientierten Ansatz. Damit

maschinelles Lernen sicher und effektiv eingesetzt werden kann, muss Unsicherheit formal repräsentiert,

zwischen Aufgaben weitergegeben, durch Kalibrierung aussagekräftig gemacht und letztlich für klinische

Entscheidungen genutzt werden. Zu diesem Zweck entwickeln und validieren wir eine Reihe von Methoden,

die diese Vision umsetzen.

Zunächst etablieren wir eine Methode zur Weitergabe von Unsicherheit von der vorgelagerten Datenerfassung

(beschleunigte MRT) zur nachgelagerten Analyse (Segmentierung). Zweitens zeigen wir, wie letztendlich

die Nutzung dieser weitergegebenen Unsicherheit durch Marginalisierung über eine Verteilung plausibler

Segmentierungen die Leistung und Robustheit einer klinischen Entscheidung (Glaukomdiagnose) signifikant

verbessert. Drittens machen wir Unsicherheiten durch eine neuartige Methode zur verteilungsunabhängigen,

untergruppenspezifischen Kalibrierung aussagekräftiger und vertrauenswürdiger. Dies ermöglicht eine

zuverlässige Fehlerkontrolle bei der Dosisabschätzung in der Strahlentherapie. Schließlich integrieren wir

diese Prinzipien in ein geschlossenes System, in dem kalibrierte Unsicherheit in klinischen Metriken den

MRT-Akquisitionsprozess dynamisch steuert, um die Scandauer zu optimieren.

Zusammen bilden diese Beiträge eine methodische Grundlage für integrierte, unsicherheitsbewusste

Systeme. Indem wir die Diagnose als eine Sequenz abhängiger Aufgaben betrachten, zeigen wir, wie

aussagekräftige Unsicherheiten weitergegeben und berücksichtigt werden können. Durch Demonstrationen

in der beschleunigten MRT, der Glaukomdiagnose und der Strahlentherapie zeigt diese Arbeit einen Weg

zum Aufbau einer sichereren, effizienteren und klinisch vertrauenswürdigeren ML-gestützten Diagnostik

auf.
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Introduction 1.
The landscape of modern medicine is undergoing a fundamental transformation, driven by increasing

demand for medical services and the emergence of powerful computational tools. An aging global population

and a growing shortage of specialists, particularly in fields like radiology, have created a critical need for

technologies that can augment human expertise, streamline clinical workflows, and improve diagnostic

efficiency [10, 42, 78, 117]. Machine learning (ML), and specifically deep learning, has emerged as a uniquely

promising solution. In recent years, the number of Artificial Intelligence (AI) based medical applications

receiving regulatory approval from bodies like the U.S. Food and Drug Administration (FDA) has grown

significantly [108], marking a decisive shift from academic research to real-world clinical deployment as

illustrated in Figure 1.1.
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Figure 1.1: The number of FDA-approved AI/ML-enabled medical devices per year from 1995 to 2025. After a period of sparse approvals,
the data shows a dramatic acceleration beginning around 2017, peaking in 2023 with 235 approved devices. Note that the data for the
year 2025 is incomplete.

Despite this rapid progress, a challenge hindering the widespread translation of these tools into clinical

practice is a lack of trust [36, 54]. Unlike applications in e-commerce or entertainment, medicine is a high-risk

field where an incorrect prediction can have severe consequences for a patient’s health. For an AI system to

be a reliable partner in clinical decision making, it cannot operate as a "black box" that produces confident

sounding predictions without regard for the evidence. A prerequisite for building this trust is the ability of a

model to explicitly manage and communicate its uncertainty.

In fact, the uncertainty that these models must capture is not an artifact introduced by AI. It is an intrinsic

property of the medical diagnostic process itself [41, 53]. Long before the rise of machine learning, clinicians

have had to navigate ambiguity originating from multiple sources. This uncertainty can arise from the data,

such as noise and motion artifacts in an MRI scan. It can also stem from ambiguity in human physiology, like

the fuzzy border of a tumor where even expert pathologists disagree on the precise boundary [51, 84, 90]. A

trustworthy AI system must therefore be able to recognize and reflect this uncertainty, signaling to a clinician

when a prediction is based on ambiguous or low quality evidence.

Consequently, a great deal of research has been dedicated to develop machine learning models that incorporate

uncertainty quantification (UQ), allowing them to move beyond deterministic point estimates and instead

capture a distribution of possible outcomes. These approaches can model different facets of uncertainty.

Aleatoric uncertainty captures the irreducible ambiguity in the data itself, whereas epistemic uncertainty reflects

the model’s own limitations, for instance due to a lack of training data for a rare condition [55, 57]. By
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equipping models with this capability, we take the first step towards creating systems that clinicians can

interrogate, understand, and ultimately trust.

Moreover, medical diagnosis is rarely a single, isolated task. It is more accurately described as a diagnostic

pipeline, a sequence of interconnected and dependent steps [82]. For example, a cancer diagnosis from

an MRI scan might involve (1) accelerated image acquisition, (2) computational reconstruction, (3) tumor

segmentation, (4) extraction of quantitative biomarkers from the segmentation, and finally, (5) a classification

of malignancy. Uncertainty introduced at any stage does not simply vanish; it propagates through every

subsequent step. A slightly noisy reconstruction can lead to an uncertain segmentation, which in turn leads

to unreliable biomarkers and, ultimately, a final diagnosis built on a fragile basis.

Despite the pipeline nature of clinical diagnosis, the dominant approach in the development of medical AI

has been the "isolated task paradigm." In this paradigm, models are developed, trained, and evaluated for a

single task, such as segmentation or classification, without formal consideration of how they fit into the larger

workflow. This approach ignores the cascading effect of uncertainty. A segmentation model that reports 99%

accuracy on its own metric provides a dangerously incomplete picture if it is operating on input from an

upstream model that is itself highly uncertain.

While significant progress has been made in quantifying uncertainty for individual models, a critical research

gap remains in understanding how to manage it holistically. This leaves the central challenges of how to

formally propagate uncertainty from one pipeline stage to the next, how to ensure these uncertainties are

expressive and calibrated, and how to actively leverage this information to improve the pipeline’s overall

performance largely unaddressed. This gap prevents the development of truly robust and reliable end-to-end

systems that can be deployed with confidence. This thesis directly confronts this limitation by moving beyond

isolated tasks to develop a pipeline-aware framework for uncertainty management. To substantiate this claim,

this work presents a cohesive research trajectory across four primary contributions.

First, we establish the foundational capability of propagating uncertainty through a diagnostic pipeline.

We develop a novel probabilistic reconstruction method, PHiRec, and provide the first comprehensive

quantitative evaluation of how uncertainty from accelerated MRI reconstruction can be formally carried

forward to a downstream segmentation task. This demonstrates that the ambiguity from an early processing

step can be preserved and passed on, rather than being discarded.

Second, having shown that uncertainty can be propagated, we investigate whether this information can

be actively leveraged to improve clinical outcomes. We present an interpretable, multi-stage pipeline for

glaucoma diagnosis that explicitly models the full distribution of segmentation possibilities. By marginalizing

over all potential segmentations to inform the final diagnosis, we demonstrate that utilizing upstream

uncertainty leads to a significantly more accurate and robust clinical classification.

Third, to bridge the gap to real-world deployment, propagated uncertainties must not only be informative

but also formally reliable. This contribution develops a method to produce more expressive and trustworthy

uncertainties with mathematical guarantees. We introduce Subgroup Risk-Controlling Prediction Sets (SG-

RCPS), a novel calibration algorithm that provides distribution-free, risk-controlled prediction intervals. This

algorithm ensures these reliability guarantees hold even for small but clinically critical subgroups within the

data, addressing a major failure point of standard calibration techniques in medical applications.

Finally, we integrate these principles of propagation, leveraging, and calibration into a single, closed-

loop, uncertainty-aware system. We introduce CUTE-MRI, a framework that uses calibrated, pipeline-level

uncertainty to dynamically guide and optimize the MRI acquisition process itself. By halting the scan precisely

when a desired level of diagnostic confidence is reached, this work demonstrates how a holistic approach to

uncertainty can make the entire clinical workflow more efficient, adaptive, and patient-specific.

The remainder of this thesis is structured to build upon these contributions. Chapter 2 provides the necessary

technical background on machine learning and uncertainty quantification in medicine, substantiating the

research gap identified in this introduction. Chapter 3 presents the core scientific contributions of this

thesis, each corresponding to one of the published works. Section 3.1 details the method for uncertainty

propagation. Section 3.2 shows how this uncertainty can be leveraged. Section 3.3 introduces the novel

calibration technique. Section 3.4 demonstrates the integration of these methods in a dynamic acquisition
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system. Finally, Chapter 4 concludes the thesis with a synthesis of the findings, a discussion of their broader

implications, and an outlook on future research directions.





Technical Background 2.
In this chapter we introduce the key concepts and frameworks relevant to the thesis. We present the main

models and explains their connection to the work presented in Chapter 3.

2.1 The U-Net Architecture for Dense Prediction

A cornerstone of modern medical image analysis, particularly for tasks requiring dense, pixel-wise predictions,

is the U-Net architecture [93]. Even though it has been introduced in 2015 already, its design has proven

remarkably effective and versatile, serving as the foundational model for a vast range of applications including

segmentation, image reconstruction, and other image-to-image translation tasks [50, 67] and still showing

competitive performance up to today [45, 46]. The U-Net’s success stems from its simple and powerful

structure, which is specifically tailored to capture both contextual and localization information from an

image.

The architecture consists of two main pathways: a contracting path (encoder) and an expanding path (decoder),

which together form a characteristic U-shape. An illustration of the architecture can be seen in Figure 2.1.

1. The Contracting Path (Encoder): This path follows the typical structure of a convolutional neural

network. It is composed of a sequence of convolutional layers, each followed by a Rectified Linear Unit

(ReLU) activation function and a max pooling operation. With each step down the path, the spatial

resolution of the feature maps decreases, while the number of feature channels increases. The purpose

of the encoder is to extract increasingly complex and abstract features from the input image, capturing

the contextual information (the "what") at the cost of spatial precision (the "where").

2. The Expanding Path (Decoder): This path is responsible for up-sampling the feature maps and

recovering the spatial resolution required for a dense prediction. Each step in the decoder consists

of an up-sampling operation (e.g., a transposed convolution or bilinear up-sampling), followed

by a concatenation with the corresponding feature map from the contracting path, and then two

convolutional layers with ReLU activations.

The most critical innovation of the U-Net is the use of skip connections, which concatenate the high-resolution

feature maps from the encoder with the up-sampled outputs of the decoder. These connections provide a

direct pathway for fine-grained, local information to be passed to the higher levels of the network. This allows

the decoder to combine high-level semantic information learned deep in the network with precise, low-level

localization details from the earlier layers. This fusion is essential for producing accurate, high-resolution

segmentation masks or reconstructions, and it is the primary reason for the U-Net’s enduring prevalence in

the field [119], including as a backbone architecture in the works presented in Sections 3.1, 3.2, 3.3 and 3.4 of

this thesis.
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Encoder

Skip Connections

Bottleneck

Decoder

Figure 2.1: A schematic of the U-Net architecture, illustrating the contracting path (encoder), expanding path (decoder), and the crucial
skip connections that fuse high-resolution features with upsampled features.

2.2 Deep Learning for Inverse Problems

Many critical tasks in medical imaging can be formulated as inverse problems, where the goal is to infer a

hidden or unobserved cause from a set of observed effects [12, 72]. Mathematically, given a physical forward

process �, we observe a measurement y that is related to an underlying signal of interest x by the equation:

y = �(x) + 9 (2.1)

where 9 represents measurement noise. The inverse problem is to recover x given the measurement y. This

problem becomes particularly challenging when it is ill-posed, meaning that a unique, stable solution does not

exist. This is often the case when the forward operator � is non-invertible, leading to a situation where a

single measurement y could have been generated by an infinite number of possible signals x.

A canonical example of an ill-posed inverse problem in medicine, and one central to this thesis, is accelerated

Magnetic Resonance Imaging (MRI) [66]. In MRI, the raw data, known as k-space, is acquired in the

frequency domain and is related to the anatomical image x via the Fourier transform, F . Modern MRI

scanners employ multiple receiver coils, each with a spatially varying sensitivity map, to acquire data in

parallel [37, 88]. The sensitivity encoding operator Y modulates the underlying image by each coil’s sensitivity

before it is transformed into k-space. A fully-sampled acquisition can be prohibitively slow. To accelerate the

process, only a fraction of the k-space is acquired. This can be modeled by applying a binary undersampling

mask S to the full k-space data. The forward process for accelerated MRI is thus � = SFY, and the

measured undersampled k-space is yD = SFY(x 5 B), where x 5 B is the desired fully-sampled image.

The inverse problem is to reconstruct x 5 B from yD . Since the mask S discards information, the operator

� is non-invertible, and the problem is severely ill-posed. A naive reconstruction via the inverse Fourier

transform, xD = F−1(yD), results in a highly aliased image.

To overcome this, classical methods solve the inverse problem using constrained optimization, balancing

data consistency with a manually chosen regularization prior. The most influential framework has been

Compressed Sensing (CS), which assumes that medical images are sparse in a transform domain (e.g.,

wavelets) [19, 68]. A CS reconstruction is found by solving an optimization problem of the form:

argmin
x

1

2
| |SFY(x) − yD | |

2
2 + �| |Ψ(x)| |1 (2.2)

where the first term enforces consistency with the acquired k-space data, and the second term is a regularization

prior that promotes sparsity in a transform domain Ψ, weighted by a parameter �. While groundbreaking,

these iterative methods suffer from significant computational drawbacks. The optimization problem must
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be solved using iterative algorithms that can take minutes to hours to converge [30], which is often too

slow for clinical workflows. This computational burden scales poorly to higher-dimensional imaging (e.g.,

3D or dynamic MRI) and the performance is highly dependent on the hand-tuning of parameters like �

and the choice of the sparsifying transform Ψ for each specific application [58]. These limitations, the slow

reconstruction time and the reliance on hand-crafted, non-adaptive priors, created a strong need for faster

and more powerful data-driven approaches.

Deep learning offers such an approach for accelerated MRI. [40, 50]. A network 5) is trained to learn the

mapping from the aliased input xD to the ground truth fully-sampled image x 5 B . The model’s parameters )

are optimized by minimizing a loss function, such as the Mean Squared Error (MSE), over a large dataset of

paired images:

LMSE()) = E(xD , x 5 B) ∼ ?data

[

| | 5)(xD) − x 5 B | |
2
2

]

(2.3)

While highly effective at producing high-quality reconstructions in milliseconds, this deterministic approach

yields only a single point estimate and fundamentally ignores the inherent uncertainty stemming from the

ill-posed nature of the problem [6, 64]. This motivates the need for probabilistic models that can capture the

entire distribution of possible reconstructions.

2.3 Probabilistic Modeling

To address the limitations of deterministic models, probabilistic modeling aims to capture the uncertainty

in predictions. This is particularly important in high-risk medical applications, where a model that is

"confidently wrong" can be more dangerous than one that expresses its uncertainty, allowing a clinician to

intervene [3, 9]. The goal is to move beyond learning a single mapping 5 : x → y and instead learn a full

conditional probability distribution ?(y|x). This distribution inherently captures both aleatoric uncertainty

(the irreducible ambiguity in the data, reflected in the variance of ?(y|x) itself) and epistemic uncertainty

(the model’s own uncertainty, reflected in its confidence about the parameters of that distribution) [55,

57]. From this distribution, one can derive not only a point estimate (e.g., the mean) but also a measure of

uncertainty (e.g., the variance). In this thesis, we focus on two primary families of methods to approximate

this distribution: Bayesian approximation methods and explicit generative models.

2.3.1 Bayesian Neural Networks for Epistemic Uncertainty

A principled way to capture model uncertainty is through the lens of Bayesian inference. Instead of learning

a single point estimate for the model’s weights ), a Bayesian Neural Network (BNN) aims to infer a full

posterior distribution over the weights, ?()|D), given the training data D [69, 80]. Predictions for a new input

x∗ are then made by marginalizing over this posterior:

?(y∗|x∗ ,D) =

∫

?(y∗|x∗ , ))?()|D)3) (2.4)

The variance of this posterior predictive distribution, ?(y∗|x∗ ,D), represents the model’s epistemic uncertainty.

However, the integral is intractable for deep neural networks. Therefore, practical approximation methods

are required. Common approaches include Variational Inference (VI) [15, 16] and Laplace approximations

[22, 70], which make simplifying assumptions about the posterior’s form. In this thesis, we focus on two

pragmatic and widely-adopted approaches: Monte Carlo Dropout and Deep Ensembles.

Monte Carlo (MC) Dropout. Originally introduced as a regularization technique to prevent overfitting,

dropout works by randomly setting a fraction of neuron activations to zero during each forward pass of

the training phase [104]. This prevents neurons from co-adapting too much and forces the network to learn

more robust features. Proposed by Gal & Ghahramani [35], MC Dropout provides a scalable method to

approximate Bayesian inference. By keeping dropout active at inference time and performing ) stochastic
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forward passes for the same input x, one obtains a set of ) different predictions, {ŷ(C)})C=1
. These predictions

can be treated as samples from the approximate posterior predictive distribution. The predictive mean and

variance are then estimated via the sample statistics:

-̂(x) ≈
1

)

)
∑

C=1

5
)̂
(C)(x) (2.5)

2̂2(x) ≈
1

)

)
∑

C=1

(

5
)̂
(C)(x) − -̂(x)

)2

(2.6)

where 5
)̂
(C) represents the network with a specific dropout mask applied at inference pass C.

Deep Ensembles. An alternative and powerful baseline for uncertainty estimation is the Deep Ensemble

method [63]. This approach involves training # identical networks from scratch using the same dataset but

usually with different random weight initializations. At inference time, the predictions from all # models

are aggregated. The predictive mean is the average of the individual model predictions, and the predictive

variance across the ensemble members serves as a measure of epistemic uncertainty. While computationally

expensive, ensembles are remarkably effective. Although not explicitly derived from Bayesian principles,

they have been shown to be a high-performing method for approximate Bayesian marginalization. The

different network initializations encourage the models to converge to different modes in the loss landscape,

and averaging their outputs effectively samples from a diverse, implicit posterior over the weights [34].

2.3.2 Conditional VAEs for Aleatoric Uncertainty

While Bayesian Neural Networks excel at capturing epistemic uncertainty, they are less suited for modeling

the inherent, irreducible ambiguity in the data, known as aleatoric uncertainty. Generative models, such as the

Variational Autoencoder (VAE) [26, 56, 91], are designed for this purpose. The Conditional VAE (cVAE) [101]

extends this framework to supervised, conditional settings, making it ideal for tasks like probabilistic image

reconstruction or segmentation [59].

The goal of a cVAE is to model the full conditional distribution ?(y|x) by introducing a latent variable z that

captures the variability in y not explained by x. A visualization of the corresponding graphical model can

be found in Figure 2.2. The generative process defines the joint probability over the output and the latent

variable as:

?(y, z|x) = ?�(y|x , z)?#(z|x) (2.7)

x y

z

N

x y

z3z2z1 zL
. . . 

N

Figure 2.2: A visualization of the probability distribution for the generative process for a cVAE (left) and for a hierarchical cVAE (right).
Figure adapted from [8].

The full conditional distribution ?(y|x) is then recovered by marginalizing out the latent variable:

?(y|x) =

∫

?�(y|x , z)?#(z|x)3z (2.8)
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Since this integral and the true posterior ?(z|x , y) are intractable for deep neural networks, the model is

trained by maximizing the Evidence Lower Bound (ELBO) on the conditional log likelihood:

log ?(y|x) ≥ E@)(z|x ,y)[log ?�(y|x , z)] − �KL(@)(z|x , y)| |?#(z|x)) =: LcELBO (2.9)

The cVAE framework consists of three neural networks trained jointly:

1. The Prior Network ?#(z|x): At inference time, this network takes the input x and outputs the parameters

of a distribution (typically Gaussian) over the latent space, from which a latent code z can be sampled.

2. The Likelihood Network (Decoder) ?�(y|x , z): This network takes both the input x and a sampled

latent code z to generate a plausible output y. By sampling different z values, it can produce a diverse

set of outputs, thereby modeling the aleatoric uncertainty.

3. The Posterior Network (Encoder) @)(z|x , y): Used only during training, this network approximates

the true posterior by learning to encode the ground truth pair (x , y) into the latent space.

The ELBO consists of a reconstruction term, which encourages the decoder to produce realistic outputs, and

a Kullback Leibler (KL) divergence term, which acts as a regularizer, forcing the approximate posterior from

the encoder to stay close to the distribution produced by the prior network.

2.3.3 Hierarchical Conditional VAEs

For complex, high-dimensional data like medical images, a single low-dimensional latent variable z can act as

an information bottleneck, failing to capture the full complexity of the data distribution. It struggles to model

both high-level global structure and fine-grained local details simultaneously. To address this, Hierarchical

cVAEs extend the standard cVAE by introducing a sequence of latent variables, typically arranged across

different spatial scales [8, 102, 109].

A hierarchical model with ! levels defines a generative process that factors the joint distribution over the

output y and the latent variables z1:! = z1 , . . . , z! as follows:

?(y, z1:!|x) = ?�(y|z1:! , x)?#(z1|z2 , x) . . . ?#(z!−1|z! , x)?#(z!|x) (2.10)

In this structure, the top-level latent z! (often at the coarsest spatial resolution) can capture abstract, global

variations, while lower-level latents z1 , . . . , z!−1 (at finer resolutions) can model more detailed, local variations

conditioned on the information from the levels above. A comparison to the standard cVAE approach is

visualized as a graphical model in Figure 2.2.

Training is again performed by maximizing a corresponding hierarchical ELBO, which involves an approximate

posterior @)(z1:!|x , y) that is also factorized. The resulting objective function includes a reconstruction term

and a sum of KL divergence terms, one for each level of the hierarchy, regularizing the posterior of each

latent variable towards its prior. This more expressive architecture allows the model to learn a much richer

and more structured representation of the data distribution, which is critical for generating high-fidelity and

diverse samples of medical images. This hierarchical framework forms the basis of the probabilistic model

developed in Section 3.1 of this thesis.

2.3.4 Uncertainty Propagation in Pipelines

A central theme of this thesis is the analysis of multi-stage diagnostic pipelines, which can be represented as

a composition of models, 5 = 5# ◦ · · · ◦ 51, where the output of one model serves as the input to the next. In

such a setup, it is crucial to understand how uncertainty from an early stage, such as image reconstruction

( 51), propagates to and influences the final output, such as a clinical diagnosis ( 5# ). This requires robust

methods for uncertainty propagation.

Several strategies exist for this task, broadly categorized as analytical, deterministic approximation, and

sampling-based methods.
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Analytical propagation attempts to derive a closed-form expression for the output distribution’s parameters

(e.g., mean and variance) based on the input distribution. This is often called moment matching. The core

challenge lies in solving integraks which is only tractable for very simple, often linear, models and specific

distribution families (e.g., propagating a Gaussian distribution through a linear transformation) [14]. For the

complex, non-linear functions defined by deep neural networks, this approach is infeasible.

Deterministic approximation methods avoid the limitations of direct analytical solutions. For instance, Taylor

series approximations (e.g., the Delta method) linearize the model around the input mean, allowing for

straightforward propagation of moments through the resulting linear function. However, this approach

requires computing Jacobians and its accuracy degrades significantly for highly non-linear models like deep

neural networks. A more advanced technique is the Unscented Transform (UT), which is a deterministic

sampling method. The UT propagates a carefully chosen set of ’sigma points’ through the exact non-linear

model and then reconstructs the output statistics from the transformed points [52, 112]. While often more

accurate than linearization, the UT can be challenging to apply in the high-dimensional spaces typical of

medical imaging and deep learning.

Given these limitations, this thesis focuses on Monte Carlo (MC) sampling for uncertainty propagation [14, 29,

92]. This method is powerful due to its simplicity, generality, and scalability. The process is straightforward:

1. An upstream probabilistic model ?(y1|x) is used to generate " independent samples of its output:

y
(<)
1

, < = 1, . . . , ".

2. Each sample y
(<)
1

is then passed independently through the subsequent deterministic downstream

model 52 to obtain a corresponding set of downstream outputs: y
(<)
2 = 52(y

(<)
1

), < = 1, . . . , ".

3. This resulting set of samples, y
(<)
2 , forms an empirical estimate of the propagated posterior distribution

?(y2|x).

The key advantage of MC sampling is that it is model-agnostic; it makes no assumptions about the functional

form of the downstream model 52, which can be any complex, non-linear function like a deep neural network.

Furthermore, the process is highly parallelizable, as each sample can be processed independently, making it

computationally efficient on modern hardware. By analyzing the statistics of the resulting samples (e.g., their

mean and variance), one can robustly estimate the impact of upstream uncertainty on any subsequent stage

in a complex diagnostic pipeline. This technique is therefore a cornerstone of the pipeline-aware analyses

presented in Sections 3.1, 3.2 and 3.4.

2.4 From Heuristics to Guarantees: Evaluating and Calibrating

Uncertainty

Producing an uncertainty estimate is only the first step. For an AI system to be integrated into clinical

workflows, its uncertainty estimates must be reliable. A clinician needs to know if a model’s stated 90%

confidence level truly corresponds to a 90% chance of being correct. Therefore, ensuring that this estimate is

reliable, well-calibrated, and trustworthy is absolutely necessary for clinical adoption. This section reviews

methods for evaluating uncertainty and frameworks for providing formal calibration guarantees.

2.4.1 Metrics for Uncertainty Quantification

Calibration. An uncertainty estimate is considered calibrated if the confidence of a prediction aligns with

its empirical accuracy. For classification, a common way to visualize this is with a reliability diagram, which

plots the expected accuracy as a function of the predicted confidence. For a perfectly calibrated model,

this plot would be the identity line. A widely used summary metric is the Expected Calibration Error (ECE),

which computes the weighted average of the gap between confidence and accuracy across different bins

[38]. For regression, calibration is often assessed via the coverage probability of its prediction intervals. For a

model producing (1 − 
) × 100% prediction intervals, the empirical coverage, i.e. the fraction of true values
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that actually fall within their respective intervals, should be close to the nominal level 1 − 
. A significant

deviation indicates miscalibration [114].

Spatial Correlation. In imaging tasks, it is also crucial that the uncertainty is spatially correlated with the

model’s error. A good uncertainty map should have high values in regions where the prediction is erroneous

and low values where it is accurate. The Normalized Cross-Correlation (NCC) between the model’s squared

error map and its predicted variance map is an effective metric for this [65]. For an error map K and a variance

map \ , the NCC is given by:

NCC(K,\ ) =
1

#

#
∑

8=1

(�8 − ��)(+8 − �+ )

���+
(2.11)

where 8 indexes the pixels, # is the total number of pixels, and � and � are the respective means and standard

deviations. An NCC value close to 1 indicates a strong positive correlation, signifying a useful, well-localized

uncertainty estimate.

2.4.2 Calibration with Formal Guarantees

While the metrics above can diagnose miscalibration on a test set, they do not correct the model or provide

guarantees for future data. Several post-hoc calibration methods exist, such as Platt Scaling [38, 87] or Isotonic

Regression [118], which learn a mapping from a model’s raw scores to calibrated probabilities. However,

these methods provide no formal guarantees of calibration for unseen data points. To achieve this, more

rigorous, distribution-free frameworks are needed.

Conformal Prediction. A model-agnostic framework that converts heuristic outputs of any machine

learning model into prediction sets with formal, distribution-free guarantees on their coverage probability is

Conformal Prediction [98, 110].

The split conformal or inductive approach operates as follows [4, 85]:

1. The available data is split into a proper training setDtrain and a dedicated calibration setDcal = (x 8 , y8)
=
8=1

where = denotes the number of elements in the calibration set.

2. A model 5 is trained on Dtrain.

3. A non-conformity score ((x , y) is defined, which measures how "strange" a true label y is, given the

model’s prediction for x. For regression, a common choice is the absolute error: ((x , y) = |y− 5 (x)|/D(G)

where D(G) is some measure of uncertainty.

4. The non-conformity scores are computed for all samples in the calibration set: B8 = ((x 8 , y8).

5. For a desired miscoverage level 
, the (1−
)(1+1/=)-th quantile of the calibration scores B8 is computed.

Let this value be @̂.

6. For a new test sample xnew, the prediction interval is constructed as"

C(xnew) = [ 5 (xnew) − D(G)@̂ , 5 (xnew) + D(G)@̂]

By construction, this procedure guarantees that for a new data point drawn from the same distribution, the

true label will be contained in the prediction interval with a probability of at least 1 − 
:

%(ynew ∈ C(xnew)) ≥ 1 − 


This provides a rigorous way to ensure reliability, as explored in Section 3.4.

Risk-Controlling Prediction Sets (RCPS). While Conformal Prediction guarantees control over the coverage

probability, it is a special case of a more general goal: controlling statistical risk. The framework of Risk-

Controlling Prediction Sets (RCPS) generalizes this idea to control the expected value of a user-defined loss

function !(y, C(x)) to be below a certain level � [7]. This allows for the control of more complex, task-specific
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risks beyond simple miscoverage, such as controlling the size of the prediction set or other clinical cost

functions.

The standard RCPS algorithm operates similarly to conformal prediction but is more flexible. It begins with a

heuristic, set-valued function T�(x), which is parameterized by a scalar � ≥ 0. This function is designed to be

monotonic, such that larger values of � produce larger (more conservative) prediction sets. A common choice

is to scale a heuristic interval: T�(x) = [ 5 (x) − � · �̂(x), 5 (x) + � · �̂(x)], where �̂(x) is a heuristic uncertainty

estimate. The goal is to find the smallest � that guarantees the risk is controlled. The procedure is as follows:

1. A model that produces a heuristic prediction set T �(x) is trained on Dtrain.

2. For each sample (x 8 , y8) in the calibration set Dcal, the loss is evaluated for a range of possible � values:

;8(�) = !(y8 , T�(x 8)).

3. For a desired risk level �, the algorithm finds the smallest �̂ such that an upper confidence bound on

the true risk is less than or equal to �. A common choice is the Hoeffding-Bentkus upper bound on the

empirical risk [7, 11]:

'̂upper(�) =
1

=

=
∑

8=1

;8(�) +

√

log(1/�)

2=
(2.12)

where � is a small confidence parameter.

4. The final prediction rule for a new test point xnew is C(xnew) = T�̂(xnew).

This procedure guarantees that with probability at least 1 − �, the true risk of the final prediction sets is

controlled below the target level �. This powerful framework for achieving formal, task-specific reliability is

the foundation of the work presented in Section 3.3.



Publications 3.
In this section we provide informations on the publications that this thesis is based on. We start with a short

overview and continue presenting each paper including a short motivation, methodological summary and

presentation of the results. All papers are provided in the appendix. A complete list of publications along

with a describtion of the author contributions can be found in the beginning of the document.

Overview

The central contribution of this thesis is the development and validation of a holistic, pipeline-aware

framework for managing uncertainty in medical diagnostics. The overarching goal of modeling uncertainty in

diagnostic pipelines was systematically addressed by tackling three fundamental sub-problems that emerged

during the research: (1) how to formally propagate uncertainty between consecutive tasks in a pipeline; (2)

how to actively leverage this propagated uncertainty to improve clinical outcomes; and (3) how to ensure

these uncertainty estimates are robust and formally calibrated to be trustworthy for critical decisions.

The following four sections present the publications that form the core of this work. Each chapter addresses

one or more of these questions, building progressively to form a cohesive narrative.

The first publication lays the foundational groundwork by addressing the propagation problem [32]. We

investigate the ill-posed problem of accelerated MRI reconstruction and introduce PHiRec, a probabilistic

model that yields well-calibrated uncertainty estimates. We then demonstrate how Monte Carlo sampling

can be used to formally pass this uncertainty onward to a downstream segmentation task.

The second paper builds on this by tackling the leveraging problem [116]. In the context of glaucoma diagnosis,

a process reliant on the segmentation of highly ambiguous structures, we show how propagating a full

distribution of possible segmentations, rather than a single estimate, significantly improves the accuracy of

the final classification.

The third publication addresses the critical calibration problem [33]. Recognizing that propagated uncertainties

must be trustworthy to be useful, we focus on the high-risk application of radiotherapy dose estimation. We

develop SG-RCPS, a novel algorithm that provides formal, subgroup-specific risk guarantees, ensuring that

uncertainty estimates are reliable especially in the most clinically critical regions.

Finally, the last paper integrates all these principles into a single, closed-loop system [31]. We introduce

CUTE-MRI, a framework that propagates, calibrates, and leverages end-to-end pipeline uncertainty to

dynamically guide the MRI acquisition process itself, optimizing scan time on a patient-specific basis.

Together, these publications chart a clear path from foundational mechanisms for uncertainty management

to a fully integrated, adaptive, and trustworthy clinical system.

3.1 Uncertainty Estimation and Propagation in Accelerated MRI

Reconstruction

Motivation

Magnetic Resonance Imaging (MRI) is a vital tool in clinical practice, but its long acquisition times can cause

patient discomfort and limit throughput. Fast MRI techniques are crucial for addressing these issues and are

key to enabling novel applications such as real-time MR-guided radiation therapy and the automated, rapid

estimation of clinical parameters from scans [18, 95, 106, 111]. In recent years, reconstruction techniques based
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Figure 3.1: In our proposed Probabilistic Hierarchical Reconstruction (PHiRec) model, five latent variables z; generate residual changes
at different resolution scales. These changes are added to the undersampled input x to generate the final output y. The model can then
be used to sample likely reconstructions and propagate them to a subsequent segmentation network. The Figure is from [32].

on deep learning (DL) have become prominent due to their excellent performance at very high acceleration

rates and their ability to provide reconstructions in real-time [47, 50, 83].

Despite their impressive performance, the use of DL models for this task is complicated by a fundamental

challenge: accelerated MRI reconstruction is an ill-posed problem. Because a single undersampled k-space

measurement can correspond to an infinite number of plausible images, a deterministic model is forced to

select only one possibility, creating a significant risk of "hallucinating" anatomical details [75]. This introduces

profound uncertainty, which is dangerous because reconstructed images are rarely the final diagnostic

product. They are almost always an intermediate step for downstream tasks like tumor segmentation or

biomarker extraction. Consequently, the uncertainty from the reconstruction stage does not simply vanish.

Instead, it propagates, directly impacting the reliability of any subsequent analysis. A segmentation performed

on a hallucinated structure is inherently wrong, yet a standard deterministic pipeline would report it with

full confidence. This highlights a critical gap that this work aims to address: the literature has focused on

estimating and visualizing reconstruction uncertainty in isolation, while the crucial challenge of how to

formally propagate this uncertainty to downstream tasks and quantitatively evaluate its impact remains

largely unexplored.

Several DL-based approaches have been proposed to model this uncertainty in accelerated MRI [5, 43, 79,

105]. However, common methods show drawbacks in computational efficiency, long sampling times, lack

of quantitative evaluation or comparisons with strong baselines; studies have relied almost exclusively on

qualitative interpretation of the uncertainty maps. This work aims to address these gaps by proposing a novel,

efficient probabilistic reconstruction technique and providing the first comprehensive quantitative evaluation

of uncertainty quantification for MRI reconstruction and its propagation to a downstream segmentation

task.

Methods

This paper proposes a novel probabilistic reconstruction technique called PHiRec (Probabilistic Hierarchical

Reconstruction), which is based on a hierarchical conditional variational autoencoder (cVAE) [8]. The goal

is to model the full posterior distribution of a fully-sampled MR image y given an undersampled image x,

denoted as ?(y|x). The undersampled image x is obtained by applying the inverse Fourier operator to the

zero-filled k-space measurement data.

The core of PHiRec is its hierarchical structure, which models the distribution using ! = 5 separate latent

variables, z1 , ..., z!, where each latent variable operates on a different resolution scale. For instance, z1

operates at the original image resolution, while z5 operates at a resolution that has been down-sampled

four times. Each level is responsible for probabilistically generating residual changes that are progressively

added to the input image x to remove undersampling artifacts and produce the final reconstruction y.

This hierarchical approach is a very expressive model for capturing complex, high-dimensional probability

distributions. A key architectural feature of PHiRec is a skip connection from the input x to the final output,

a modification that was found to facilitate the de-aliasing task. The overall generative model can be written
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as:

?(y|x) =

∫

?(y|z1:! , x)?(z1|z2 , x)...?(z!−1|z! , x)?(z!|x)3z1:! (3.1)

The model is trained end-to-end by maximizing the Evidence Lower Bound (ELBO) on the true log-likelihood,

using pairs of undersampled images x and their corresponding ground truth reconstructions y. After training,

the prior network can be used to generate an arbitrary number of latent variable samples, which are then

decoded by the likelihood network to produce a set of final reconstruction samples. The mean of these

samples serves as the final prediction, while their spread (e.g., variance) provides the uncertainty estimate.

A key contribution of this work is demonstrating how these reconstruction uncertainties can be propagated

to a downstream task. Given a separately trained, deterministic segmentation network, the distribution

of possible segmentations ?(s|x) can be estimated using a Monte Carlo approach. Specifically, each of the

reconstruction samples generated by PHiRec is passed through the segmentation network, and the resulting

distribution of segmentations is analyzed empirically to estimate the segmentation uncertainty.

Results

The proposed PHiRec method was comprehensively evaluated on the Stanford Knee MRI Multi-Task

Evaluation (SKM-TEA) dataset [25]. We compared our proposed method against several other common

uncertainty quantification models. Experiments were conducted in two distinct settings: an in-domain (ID)

setting to test for aleatoric uncertainty, where models were trained and tested on the same acceleration rates

(4x, 8x, 16x), and an out-of-domain (OOD) setting, where models were trained only on 4x accelerated data

but tested on 4x, 8x, and 16x data. This OOD setting introduces additional epistemic uncertainty, as the

model encounters test data that differs from its training distribution. PHiRec was compared against several

strong baselines for uncertainty quantification, including MC Dropout, a heteroscedastic variance approach,

a combination of the two, an ensemble-based method, and the Probabilistic U-Net.

In terms of pure reconstruction quality, all methods performed similarly, with performance degrading as

acceleration rates increased, as expected. PHiRec slightly underperformed in terms of peak signal-to-noise

ratio (PSNR) but performed similarly in terms of structural similarity index measure (SSIM).

The crucial evaluation focused on the quality of the uncertainty quantification. A key metric for this is

calibration, which measures the correlation between the predicted uncertainty and the actual model error.

To assess the spatial correlation, the Normalized Cross-Correlation (NCC) between the model’s variance

map and the squared error map was computed. The results clearly showed that PHiRec is substantially

better calibrated than the baseline methods in all settings. Furthermore, the study measured whether

uncertainty correctly increased with higher acceleration rates. Surprisingly, PHiRec was the only model for

which the uncertainty consistently increased as the acceleration rate became higher; for most other models,

the uncertainty counter-intuitively decreased in some cases. These quantitative findings show that the model

is particularly suitable for uncertainty propagation.

Finally, in the uncertainty propagation experiment, PHiRec also demonstrated superior performance. The

uncertainty of the downstream segmentation task was estimated and compared to the actual segmentation

error. Again, PHiRec clearly outperformed all baseline methods in terms of the calibration of its propa-

gated uncertainty, showing a high correlation between the predicted segmentation variance and the true

segmentation error. This was, to the authors’ knowledge, the first work to explore and quantitatively evaluate

the propagation of uncertainties from DL-based MRI reconstruction to a downstream.

The preceding work successfully established a foundational capability: a formal mechanism for propagating

uncertainty through a diagnostic pipeline using Monte Carlo sampling. This demonstration, however,

naturally leads to the next critical question. It is not enough to simply pass uncertainty forward; for this

information to be clinically relevant, it must be actively used. Therefore, we now shift our focus from the

how of propagation to the why: can we leverage this sampling-based uncertainty to build more robust and

accurate diagnostic models? The following chapter directly investigates this by exploring whether a full

distribution of possibilities can lead to a better clinical outcome than a single, deterministic prediction.
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3.2 Leveraging probabilistic segmentation models for improved glaucoma

diagnosis: A clinical pipeline approach

Figure 3.2: The proposed five-step pipeline: a) ROI extraction, b) Probabilistic segmentation to generate samples, c) Rim thickness
curve (RTC) extraction from each sample, d) Individual classification of each RTC, and e) Majority vote over samples to obtain the final
glaucoma probability. Figure from [116].

Motivation

Glaucoma is a chronic eye disease characterized by the gradual degeneration of nerve fibers, which leads to

damage in the optic nerve head. As the second leading cause of blindness worldwide, affecting a significant

portion of the elderly population, its early and accurate diagnosis is of paramount clinical importance [96].

The diagnostic process heavily relies on the visual assessment of retinal fundus images, specifically the precise

localization and measurement of the optic disc and optic cup [73]. The shape, size, and spatial relationship of

these structures, often summarized by metrics like the cup-to-disc ratio (CDR), are crucial disease markers

[49]. Consequently, the automated segmentation of the cup and disc is a vital first step for any computer-aided

diagnosis framework for glaucoma as we can infer these metrics directly from the segmentation.

However, this segmentation task is exceptionally challenging due to the inherent ambiguity in delineating

these structures, particularly the optic cup. This ambiguity is not just a technical challenge for algorithms

but reflects a clinical reality, with significant disagreements observed even among highly trained human

experts [2, 61]. Most existing automated segmentation methods are deterministic, providing only a single

"best-guess" segmentation and failing to account for this critical uncertainty [89, 97, 107]. This can lead to

misleadingly confident predictions and potential misdiagnosis.

Furthermore, the majority of recent automated glaucoma diagnosis systems have been developed as end-

to-end "black box" models [24, 28, 74, 99]. While these models can achieve high classification performance,

they often lack interpretability, which makes them difficult to debug and less likely to gain acceptance in

clinical practice, where understanding the reasoning behind a diagnosis is crucial. An alternative and more

clinically aligned approach is to construct a multi-stage diagnostic pipeline that mirrors the individual

steps of a clinician’s reasoning process. Such pipelines, which first segment the relevant structures and

then extract diagnostic markers, have shown great promise [23]. However, these pipelines have often relied

on the traditional CDR as the primary diagnostic marker [1, 13]. Clinical literature suggests that the rim

thickness, which is a measure of the distance between the disc and cup borders at every angle, may be a more

informative and robust marker for glaucoma [62, 103].

Finally, while probabilistic segmentation models can expose the ambiguity in delineating retinal structures,

the critical question remains: how can this uncertainty be actively leveraged to improve the final diagnosis?

The prevailing pipeline approach is to take a single "best-guess" segmentation, compute biomarkers, and

make a classification, effectively discarding all the rich information contained within the uncertainty. To our

knowledge, few studies have explored whether embracing the full distribution of segmentation possibilities,

and marginalizing over this uncertainty, can lead to a more robust and accurate downstream classification. This

work addresses these interconnected gaps by proposing an interpretable, multi-stage pipeline for glaucoma

diagnosis that explicitly leverages propagated segmentation uncertainty, using modern probabilistic methods

and introducing the clinically motivated Rim Thickness Curve as a superior diagnostic feature.
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Methods

The paper proposes a five-step, clinically inspired pipeline for glaucoma diagnosis that explicitly incorporates

and leverages segmentation uncertainty. In the following, we describe the key components of the pipeline.

1. Automated Region of Interest (ROI) Detection: The process begins by deterministically extracting the

relevant ROI from the full fundus image. Since the optic nerve head containing the cup and disc occupies

only a small portion of the image, this two-step approach improves the subsequent segmentation accuracy. A

standard U-Net is first used to perform a coarse segmentation of the cup and disc on the full-view image. A

padded, square bounding box is then placed around the predicted segmentation, and this region is cropped

and resized to a standard 320 × 320 pixel image, which serves as the input x for the rest of the pipeline.

2. Probabilistic Optic Cup and Disc Segmentation: Recognizing the large uncertainty in cup and disc

delineation, this core step uses probabilistic segmentation models to approximate the full distribution of

possible segmentations, ?(s|x), rather than producing a single, deterministic output. The paper evaluates and

compares four different widely used techniques for this task:

▶ Probabilistic U-Net [59] and PHiSeg [8]: These are generative models based on conditional variational

autoencoders (cVAEs) that are designed to capture the aleatoric uncertainty inherent in the data and

task ambiguity.

▶ MC Dropout [35] and Ensembles [63]: These methods are used to estimate the epistemic uncertainty.

Two types of ensembles were created: one by training ten U-Nets on the same data but with different

random initializations, and another by training a separate U-Net for each of the 11 expert annotators

available in the data.

All these methods allow for the generation of multiple segmentation samples, s8 , from the estimated

distribution ?(s|x).

3. Rim Thickness Curve (RTC) Extraction: For each segmentation sample s8 , a corresponding RTC, r8 , is

extracted. The RTC measures the width of the neuroretinal rim, which is defined as the distance between

the optic cup and disc borders. This is computed geometrically by rotating a beam centered at the optic cup

through 360 degrees and, at every half-degree interval, calculating the Euclidean distance between the points

where the beam intersects the cup and disc borders. This process yields a 720-dimensional data vector for

each segmentation sample. This deterministic extraction procedure is denoted as a function 6 : s8 ↦→ r8 .

4. Glaucoma Classification: Each extracted RTC sample r8 is then fed into a classifier to obtain a binary

diagnosis, 38 ∈ 0, 1, of "glaucoma suspect" or "not glaucoma suspect". A logistic regression classifier was used,

as more complex models did not show improvements in preliminary experiments. To prevent overfitting,

the 720-dimensional RTC data is first reduced to 72 dimensions by averaging values within 72 bins. The

classification function, 5 : r8 ↦→ 38 , is trained separately for the RTCs generated by each of the different

probabilistic segmentation methods.

5. Uncertainty-Aware Robust Classification: The final step leverages the propagated uncertainty to produce

a robust final diagnosis. The probability of the image being "glaucoma suspect" is obtained by marginalizing

over all possible segmentations, which is approximated using the Monte Carlo method with the generated

samples: ?(3|x) =
∫

?(s|x) 5 (6(s))3s ≈ 1
#

∑#
8=1 5 (6(s8)). This final probability, derived from the agreement or

disagreement across the multiple segmentation possibilities, serves as a natural and interpretable measure of

diagnostic uncertainty. The final binary prediction is made by thresholding this probability at 0.5.

Results

The proposed pipeline and its components were rigorously evaluated using two public datasets: the Cháksu

dataset [61], which contains fundus images with annotations and diagnoses from five experts. Additionally,

we used the RIGA dataset [2] to augment the training data for the segmentation models. The key findings are

summarized below.
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Uncertainty Quantification Improves Downstream Predictions: A central finding was that explicitly model-

ing and propagating uncertainty leads to superior diagnostic performance. We observed that all pipelines

using probabilistic segmentation techniques consistently achieved better downstream classification

performance (measured by AUROC) compared to the baseline pipeline that used a deterministic U-Net for

segmentation. The ‘Ensemble_seeds‘ approach achieved the highest overall AUROC score of 0.899. This

result demonstrates that simply achieving a high Dice score in segmentation is insufficient; considering the

entire probability distribution of possible segmentations provides crucial information that improves the

final diagnosis. Notably, the best-performing pipeline also slightly outperformed a standard "black box"

ResNet50 classifier trained directly on the image ROIs, suggesting that the interpretable pipeline approach

can be highly competitive.

Rim Thickness Curves (RTC) Outperformed CDR: The study empirically verified the hypothesis that the

RTC is a more informative biomarker for glaucoma than the commonly used cup-to-disc ratio (CDR). When

the pipeline was run using the area CDR instead of the RTC, the resulting AUROC scores were consistently

lower. The improvement was particularly large for the best-performing ‘Ensemble_seeds‘ model, confirming

that the choice of a clinically motivated feature like the RTC is critical for building a high-performing

diagnostic pipeline.

Propagated Uncertainty Correlates with Expert Disagreement: To assess whether the model’s uncertainty

was clinically meaningful, the pipeline’s final probability output ?(3|G) was compared to the mean expert

diagnosis (i.e., the proportion of experts who labeled a case as "glaucoma suspect") in terms of correlation.

The PHiSeg model achieved the highest correlation coefficient, indicating that the uncertainty propagated

through the pipeline effectively captures the same ambiguities and disagreements that are present among

human experts.

Qualitative Analysis Confirms Findings: Qualitative results further support these conclusions. The entropy

maps generated by the probabilistic models (e.g., PHiSeg) show high uncertainty in the same regions where

the expert annotators disagreed. Similarly, the predicted RTCs show greater variance (wider shaded bands)

in cases that were clinically ambiguous or where structures like blood vessels obscured the rim, matching the

variance seen in the experts’ RTCs. This visual evidence confirms that the model learns to be uncertain in a

clinically meaningful way.

We demonstrated how propagated, sampling based uncertainty can be successfully leveraged within a

diagnostic pipeline to improve clinical classification accuracy. However, a persistent challenge in this approach

is that while the heuristic uncertainty estimates showed a strong correlation with model error, they came

with no formal guarantees of reliability. For any method to be trusted in a safety critical application, this is

a significant limitation. This realization prompted us to take a step back and address a more fundamental

question: how can we ensure that the uncertainties we intend to propagate are themselves trustworthy and

well calibrated, perhaps even with mathematical guarantees? The following chapter tackles this problem

directly, introducing a novel method to achieve formal risk control for different regions in an image regression

task, even when those regions are unknown at test time.
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3.3 Subgroup-Specific Risk-Controlled Dose Estimation in Radiotherapy

Motivation

Radiotherapy (RT) is a cornerstone of cancer treatment. Recent technological advancements, such as the

magnetic resonance-guided linear accelerator (MR-Linac), integrate MR imaging directly with RT, allowing

treatment plans to be adapted based on the patient’s anatomy at the time of treatment [39]. This capability

for adjustments holds the potential for more precise tumor targeting and improved treatment outcomes.

However, a major bottleneck in realizing this potential is the need for fast and accurate dose deposition

calculations. While standard Monte Carlo simulations, the standard method for dose estimation, provide

highly accurate results, they are computationally intensive, often taking minutes to hours to complete, which

is too slow for on-the-fly adjustments [17].

Deep learning (DL) frameworks have emerged as a promising solution, offering the ability to perform dose

estimation with both high speed and accuracy [60, 71, 81]. However, despite the high-risk nature of RT, where

prediction errors can have severe clinical consequences, prior work in DL-based dose estimation has not

adequately addressed risk assessment and uncertainty quantification (UQ). While various methods for UQ

exist, such as deep ensembles or variational autoencoders, they lack formal guarantees about the correctness

or reliability of their uncertainty estimates which is a critical limitation in a safety-critical field like RT.

A more rigorous, model-agnostic strategy for UQ is Risk-Controlling Prediction Sets (RCPS) [7]. As introduced

in Section 2.4, the RCPS framework allows one to construct a prediction interval with a formal mathematical

guarantee that the true value is contained within that interval with a user-defined probability. These intervals

hold the potential to reliably indicate poor model performance by becoming excessively large, signaling that

the model’s prediction may not be trustworthy for a high-risk decision.

However, RCPS has a significant limitation: it can only provide these guarantees on a global level, for the

entire data distribution. In many applications, especially in medical imaging, it is crucial to have guarantees

for specific subgroups within the data. For instance, in RT dose estimation, one would want the dose

prediction to be well-calibrated both in the background regions and, more importantly, in the high-dose

region along the radiation beam. If there is a large imbalance between these subgroups (e.g., many more

background voxels than high-dose regions), a naive application of RCPS will be dominated by the majority

group (the background) and may fail to meet the required guarantees for the minority, but clinically critical,

subgroup (the high-dose area). Simply calibrating each subgroup separately is not a solution if the subgroup

membership is unknown at test time, which is the case in dose prediction. This paper addresses this critical

gap by proposing a novel calibration algorithm that extends RCPS to provide risk guarantees for multiple

subgroups, even when subgroup membership is not known at inference.

Methods

This work proposes an extension of the Risk-Controlling Prediction Sets (RCPS) framework, named Subgroup-

RCPS (SG-RCPS), which allows for controlling prediction risk across multiple subgroups even when their

membership is unknown at test time. The framework is built upon a DL-based dose estimation model,

DeepDose [60], which is a 3D U-Net architecture that takes a personalized RT treatment plan as input and

outputs a voxel-wise dose prediction. The input consists of five channels: the CT image, beam shape, center

beam line distance, source distance, and radiological depth.

To enable uncertainty quantification, the DeepDose network is first extended to provide heuristic prediction

intervals using quantile regression [5]. Two additional output channels, ;̃(-) and D̃(-), are added to the

network to estimate the lower and upper bounds of a prediction interval, respectively. These heads are

trained using a pinball loss, which is designed to estimate a specific quantile of the data distribution. The

total training objective combines the standard Mean Squared Error (MSE) loss for the main dose prediction

with the pinball losses for the upper and lower quantile estimators. This yields a model that outputs not just

a point prediction for the dose, but also a heuristic interval for each voxel.
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The core contribution is the SG-RCPS calibration procedure, which adjusts these heuristic intervals to

provide formal risk guarantees. The risk is defined as the probability that the ground truth dose value . falls

outside the predicted interval T (-). The goal is to find a single non-negative scaling factor, �̂, that is applied

to the heuristic interval widths such that the risk is controlled below a user-specified level 
 for each subgroup

simultaneously.

The SG-RCPS algorithm, summarised in the paper’s Algorithm 1, achieves this by evaluating an upper

confidence bound (UCB) on the risk for each of the " subgroups separately, using a dedicated calibration set

for each. The algorithm starts with a large � (a very wide interval) and iteratively reduces it, checking at each

step if the UCB for all " subgroups remains below the target risk level 
. The process stops as soon as the

risk criterion is violated for the first subgroup, and the previous, valid � is chosen as the final scaling factor �̂.

This ensures that the final prediction intervals are as narrow as possible while still jointly satisfying the risk

guarantees for all subgroups, including under-represented ones.

Results

The SG-RCPS method was evaluated on a clinical dataset containing CT scans and RT treatment plans from

125 patients, covering five anatomical entities: prostate, liver, mamma (breast), head and neck (HN), and

lymph nodes. The lymph node data was treated as an out-of-distribution (OOD) entity to assess generalization.

The proposed SG-RCPS method was compared directly with the standard RCPS algorithm. Three subgroups

were considered for calibration: the foreground (voxels within the high-dose beam), the background (voxels

outside the beam), and the total image. The target risk level was set to 
 = 0.1, meaning the goal was for the

prediction interval to contain the true dose value in at least 90% of cases for each subgroup.

The results demonstrated a clear failure of the standard RCPS method. The standard RCPS calibration was

dominated by the background class, which contains the vast majority of voxels. Consequently, while it

sometimes controlled the risk for the total image or the background, it failed to control the risk in the critical

foreground (beam) subgroup for any of the anatomical entities. For several entities, the empirical risk for

the foreground was nearly 1.0, meaning the predicted intervals almost never contained the true dose value

inside the beam.

In stark contrast, the proposed SG-RCPS algorithm was able to control the risk substantially better across

all areas. For the total image and background subgroups, the empirical risk was 0.0, indicating the intervals

were actually more conservative than required. Most importantly, for the critical foreground subgroup, the

risk was successfully controlled to the desired levels for all entities except for a slight miss in the head & neck

cases. Notably, the risk was also well-controlled for the OOD lymph node entity, demonstrating the method’s

ability to generalize.

A qualitative example for a liver tumor (Figure 3 in the presented paper [33]) visually confirms these findings,

showing that intervals from SG-RCPS are visibly wider, particularly in the beam region, reflecting a more

reliable quantification of uncertainty. By ensuring that guarantees hold for the most clinically relevant

subgroup, the SG-RCPS method significantly increases the safety and trustworthiness of DL-based dose

prediction for high-risk applications.

The previous work demonstrated the critical importance of calibration and introduced a novel method

for achieving distribution free, subgroup specific guarantees on uncertainty estimates at test time. This

provides the final necessary component for our framework: a source of formally trustworthy uncertainty.

With this in place, our final project seeks to unify the core themes of this thesis. We now aim to construct a

single, integrated system that puts everything together, demonstrating how the principles of propagation,

calibration, and leveraging can be combined to build systems that are self aware of their own limitations, a

foundational requirement for their trustworthy integration into clinical workflows.



3.4 CUTE-MRI: Conformalized Uncertainty-based framework for Time-adaptivE MRI 21

3.4 CUTE-MRI: Conformalized Uncertainty-based framework for

Time-adaptivE MRI

Undersampled Image Probabilistic Reconstruction
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Yes: stop scan

No: continue scan
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Figure 3.3: Overview of the proposed dynamic and iterative CUTE-MRI framework. At each time step, k-space data is acquired, a set of
reconstructions and segmentations is generated, and a clinical metric (e.g., left ventricular ejection fraction (LVEF)) is estimated along
with its calibrated uncertainty. The scan is stopped if the uncertainty is below a threshold �. Figure from the original publication [31].

Motivation

As established in the first project of this thesis, the reconstruction of medical images from accelerated MRI

scans is a severely ill posed inverse problem, introducing significant uncertainty that can propagate through

and corrupt any downstream analysis. This final chapter investigates how principled uncertainty management

can be integrated into the very fabric of the clinical workflow, moving beyond post hoc analysis to active, real

time guidance. Successfully leveraging uncertainty in such a dynamic framework requires the integration of

three essential components that have been the focus of investigation throughout this thesis: first, a mechanism

to formally propagate uncertainty from reconstruction through any downstream tasks is necessary. Second,

this propagated uncertainty must be rigorously calibrated to provide trustworthy, mathematical guarantees

on its reliability. Finally, a clear strategy is needed to leverage this calibrated information to make a tangible,

operational decision.

With these components in place, we can address a central, unaddressed limitation of current accelerated

MRI methods: their reliance on static acquisition strategies with fixed, predetermined undersampling rates

[48, 58, 68]. The acquisition process remains agnostic to the content of the image being acquired. This "one

size fits all" approach is inherently inefficient. It may waste valuable scanner time on "easy" tasks that could

have been resolved with fewer measurements, or conversely, it may terminate prematurely for "hard" cases,

resulting in diagnostically inadequate images.

While significant research has focused on estimating and propagating uncertainty for post hoc analysis,

its potential to actively guide and optimize the MRI acquisition process itself remains largely unexplored

[27, 32, 76, 77, 94]. Prior work has typically focused on precalculating sampling trajectories or using simple

image level metrics like signal-to-noise ratio as stopping criteria, without considering model confidence

along the entire diagnostic pipeline from reconstruction to clinical endpoint [21, 44, 86, 113, 115]. This paper

hypothesizes that by monitoring the uncertainty of a full diagnostic pipeline, one can create a patient specific,

adaptive stopping rule for the scan. The core idea is to halt the acquisition precisely when the system

reaches a predefined level of diagnostic confidence, rather than adhering to a fixed sampling budget, thereby

optimizing scan duration for each individual without sacrificing diagnostic integrity.

Methods

This work introduces CUTE-MRI, a Conformalized Uncertainty-based framework for Time-adaptivE MRI,

which dynamically adjusts scan time on a per-subject basis. The framework operates as an iterative loop that

is executed after each new segment of k-space data is acquired. The scan is automatically terminated once the

uncertainty of a downstream clinical metric falls below a user-defined precision threshold.
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The CUTE-MRI pipeline proceeds as follows at each acquisition step:

1. Probabilistic Reconstruction: First, a set of " plausible image reconstructions, x̂
(<), is generated from

the currently undersampled k-space data. This is done using PHiRec, introduced in Section 3.1 of this

thesis, a probabilistic reconstruction model chosen for its high sampling speed, which makes it suitable

for real-time applications.

2. Uncertainty Propagation: Each of the" candidate reconstructions is passed through a full, deterministic

downstream analysis pipeline. This involves applying a trained U-Net to obtain a set of " segmentation

masks. From these segmentations, a final clinical metric of interest, w, is computed. In the experiments,

these metrics were patellar cartilage volume and left ventricular ejection fraction (LVEF) for knee MRI

data and cardiac CINE MRI data respectively. This process results in a set of " metric samples, {w
(<)},

which form an empirical estimate of the metric’s posterior distribution.

3. Uncertainty Calibration: While the standard deviation of the metric samples, �w, provides a heuristic

measure of uncertainty, it lacks formal guarantees and was found to be poorly calibrated. To address

this, the framework employs split conformal prediction, introduced in Section 2.4 to transform the

heuristic uncertainty into a rigorous, calibrated confidence interval. A nonconformity score, defined

as the normalized absolute error B28 = |w8 − ŵ8 |/�w,8 , is calculated for each sample in a dedicated

calibration set. As described in the technical background section, @̂ is being computed based on these

scores.

4. Stopping Criterion: The final conformal prediction interval is constructed as [ŵ − @̂�w , ŵ + @̂�w].

By construction, this interval is guaranteed to contain the true metric value with a user-specified

probability (e.g., 90%). The acquisition is terminated if the width of this interval falls below a predefined

precision threshold, �. If not, the scan continues to the next acquisition step.

Results

The CUTE-MRI framework was validated on two distinct clinical applications: estimating patellar cartilage

volume from the public SKM-TEA knee MRI dataset [25] and computing Left Ventricular Ejection Fraction

(LVEF) from an in-house cardiac CINE MRI dataset. The acquisition was simulated by retrospectively

undersampling the k-space data across a range of acceleration factors from 4x to 32x.

The central finding of the study was that it is indeed possible to create a patient specific, adaptive stopping

rule for MRI acquisition by monitoring the uncertainty of a downstream clinical metric. The CUTE-MRI

framework successfully terminated scans at varied acceleration rates depending on the subject, demonstrating

that an automated, content aware acquisition strategy is feasible. However, the reliability of this adaptive

mechanism was found to be critically dependent on the formal calibration of the underlying uncertainty

estimates.

A direct comparison of the system’s behavior with and without conformal prediction revealed a stark

difference. Without calibration, the system was systematically overconfident and consistently terminated

scans prematurely. For the SKM-TEA dataset, the uncalibrated model stopped every single scan at the

earliest possible opportunity (the 32x acceleration factor). This led to extremely poor statistical reliability; the

uncalibrated intervals at the point of stopping achieved an empirical coverage of only 17.6% for the knee

data and 20.0% for the cardiac data, far below the target of 90%. This demonstrates that while the adaptive

framework is sound in principle, relying on uncalibrated, heuristic uncertainty poses a significant clinical

risk by producing misleadingly narrow confidence intervals.

In contrast, the calibrated setting led to significantly longer, more varied, and more appropriate scan

durations. The calibrated model reliably terminated scans at lower acceleration rates where the prediction

error was safely below the task specific threshold. Calibration substantially improved the reliability of the

intervals, increasing the empirical coverage to 61.1% for SKM-TEA and 85.7% for CINE. While still slightly

below the 90% target, this represents a major improvement in safety and trustworthiness.

A qualitative analysis of the results further supported these findings. It was observed that cases for which the

framework automatically chose longer scan times corresponded to images with more challenging anatomy
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or visible reconstruction artifacts. Conversely, scans that were terminated early were typically those with

more clear reconstructions and accurate segmentations. This provides strong evidence that the pipeline’s

uncertainty metric is clinically meaningful and correctly identifies cases that require more data. The entire

pipeline was also shown to be computationally efficient, with an overhead of approximately 28 ms per slice,

making the approach practical for real time clinical implementation.

This final contribution, therefore, closes the loop on the research presented in this thesis. It serves as a

comprehensive proof of concept, synthesizing the principles of uncertainty propagation, leveraging, and

calibration into a single, functional system that charts a course toward more adaptive, efficient, and ultimately

trustworthy AI in clinical practice.





Conclusion 4.
This thesis has advanced a framework centered on pipelines for managing uncertainty in medical machine

learning. The overarching goal was to move beyond optimizing models for isolated tasks and instead develop

systems that explicitly model, propagate, and leverage uncertainty across entire clinical workflows. The

preceding chapters detailed the specific contributions that systematically built towards this goal, each

addressing a fundamental component of the approach aware of the pipeline. This chapter now steps back to

synthesize these individual contributions into a cohesive whole, interpret their collective findings, situate

them within the broader scientific discourse, acknowledge their limitations, and chart a course for future

inquiry.

To ground this discussion, we first summarize how each core publication contributed to the central thesis

argument. Our research began in Section 3.1 by establishing the foundational capability of uncertainty

propagation. We developed a probabilistic MRI reconstruction model, PHiRec, that can be used to pass

uncertainty from an ill-posed problem to a downstream segmentation task. This work provided the essential

proof of concept that uncertainty from a low level processing step can be preserved. Building on this, in Section

3.2 we demonstrated how propagated uncertainty can be leveraged for tangible clinical improvement. In our

glaucoma diagnosis pipeline, we showed that embracing the full distribution of ambiguous segmentations

led to a significant improvement in the accuracy of the final clinical classification. The subsequent work in

Section 3.3 addressed the critical requirement of trustworthiness through formal calibration. We developed

SG-RCPS, a novel algorithm that provides distribution free risk guarantees for specific, clinically critical

subgroups that are unknown at test time, transforming heuristic uncertainty estimates into mathematically

robust ones. Finally, Section 3.4 synthesized all these principles into a closed loop, integrated system. The

CUTE-MRI framework showed how propagated, leveraged, and calibrated uncertainty could actively guide

the clinical workflow itself, creating a dynamic MRI acquisition process specific to the patient.

Building on this integrated body of work, we will now discuss key themes that have emerged from this

research.

4.1 The Case for Pipelines: Aligning AI with Clinical Reality

A central design choice underpinning all contributions in this thesis is the focus on multi-step diagnostic

pipelines rather than isolated approaches. One might argue that a direct mapping from image acquisition to

diagnosis could, in theory, minimize information loss. However, this perspective overlooks a crucial factor

for real-world deployment: clinical trust and interpretability. The diagnostic process in medicine is inherently

modular. Clinicians reason through a sequence of steps: assessing image quality, identifying anatomical

structures and measuring biomarkers in order to arrive at a conclusion.

By structuring our ML systems to mirror these workflows, we open the "black box." Each component can be

individually inspected, understood, and validated. Our work was deliberately set in these pipeline structures

not as a concession, but as a principled decision to build systems that are more transparent and align with

how clinicians already work. While our primary focus was on the behavior of uncertainty, the pipeline context

was chosen to ensure our findings remain relevant to eventual clinical application. The field of medical

image analysis has historically focused on optimizing isolated task performance. We argue that future work

must increasingly focus on the interactions between tasks within these pipelines. Exploring how to leverage

uncertainty to improve not just a single component but the holistic system’s utility is a vital direction for

building AI that clinicians can understand, trust, and confidently integrate into their practice.
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4.2 The Blurring Lines of Uncertainty: Beyond Aleatoric and Epistemic

In our projects, we employed and developed various models for uncertainty quantification (UQ). A common

entry point when selecting a UQ method is the classic distinction between aleatoric uncertainty (inherent

data ambiguity) and epistemic uncertainty (model ambiguity). Theoretically, one might choose an aleatoric

model for segmenting blurry boundaries and an epistemic one to detect out-of-distribution data from a new

scanner.

However, recent findings in the literature suggest this distinction, while conceptually useful, may be less clear

in practice. Many studies report that models designed for one type of uncertainty often perform surprisingly

well at capturing the other, and a clear performance advantage for one class of models is rarely observed [32,

100, 116]. Our own research, as presented in Sections 3.1 and 3.2 corroborates this experience. Across our

experiments, we did not find a consistent pattern where a specific class of UQ models clearly outperformed

others for tasks notionally dominated by one type of uncertainty.

This raises an important question about the practical utility of this traditional dichotomy. More importantly,

it underscores a critical point: the choice of UQ model is less important than the rigorous evaluation of

the uncertainty it produces. Works that claim to model uncertainty must go beyond reporting predictive

performance and provide direct measures of uncertainty quality. Metrics such as calibration error and

prediction interval coverage should become standard practice. The focus must shift from simply choosing a

UQ model to empirically validating its expressive power.

4.3 Model Performance and Uncertainty: Two Sides of the Same Coin

Ultimately, the goal of UQ in medicine is to inform clinical action. Expressive uncertainties are not merely

an academic exercise. They are a direct reflection of a model’s competence. A model that is "unsure" and

produces large, well-calibrated uncertainty regions is not a failure of the UQ method. On the contrary, it is a

successful diagnosis of an underlying base model that is not yet fit for clinical use.

In our work, we repeatedly observed that generating expressive uncertainties revealed that a model’s

confidence was often too low to be clinically acceptable [31, 33]. A large, calibrated uncertainty interval

implies a high probability of error, rightfully leading a clinician to distrust the prediction. This suggests that

the underlying predictive models in many medical AI applications may simply not be performant enough.

This leads to an essential conclusion: model performance and uncertainty quantification should not be treated

as separate research problems. Large uncertainties often mean large error propagation in a pipeline, with

potentially drastic effects on the final diagnosis. Future work should therefore focus on the co-design of

models and UQ frameworks. The objective should not be to simply get a higher score on a single metric,

but to enhance robust model performance in a way that simultaneously reduces well-calibrated uncertainty,

making both the prediction and its associated confidence more clinically useful.

4.4 The Fragile Guarantees of Calibration

In our pursuit of expressive uncertainties, we investigated calibration methods like Conformal Prediction

and Risk-Controlling Prediction Sets (RCPS), which are highly attractive due to their model-agnosticism

and ability to provide formal, mathematical guarantees on error rates [4, 7]. Such guarantees are immensely

appealing for high-risk medical applications.

However, these methods rely on a critical assumption: exchangeability between the calibration and test

datasets. In the heterogeneous and dynamic world of clinical data, this assumption is fragile and difficult

to verify. Patient populations shift, imaging protocols evolve, and hardware is upgraded. All this can

introduce distribution shifts that violate this core requirement. When the assumption is not met, the promised

guarantees may not hold, potentially giving users a false sense of security.
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Across several of our experiments, we observed this pattern: while calibration methods often improved

performance on the test set, they frequently failed to meet the precise theoretical guarantees they held on the

calibration data [31, 33]. This is a critical real-world limitation. To leverage the full potential of these powerful

methods, future work must proceed on two fronts. First, on the data side, a greater emphasis on data curation

by design is needed to create datasets that better approximate the exchangeability assumption. Second, and

equally important, is clear communication. Clinicians must be educated on the statistical nature of these

guarantees. They are probabilistic and contingent on assumptions. We need to ensure that clinicians can

interpret them correctly and understand both their power and their limitations.

4.5 The Challenge of Interacting Uncertainties

This thesis successfully demonstrated the propagation of uncertainty from a single upstream source through

downstream tasks. However, this represents a simplified view of the complex reality within a diagnostic

pipeline. Uncertainty does not typically arise at a single point; it can be introduced and compounded at every

stage. For instance, in our MRI workflow, uncertainty arises from the reconstruction of an undersampled

image, but a single, perfectly clear reconstruction can still contain anatomical structures with inherently

ambiguous boundaries, introducing new uncertainty at the segmentation stage.

We did not explicitly model these complex interactions of uncertainties. Doing so poses a significant

computational challenge. Our Monte Carlo sampling approach, while effective for serial propagation,

scales exponentially. A pipeline with five probabilistic stages, each requiring M samples to characterize its

uncertainty, would necessitate M5 samples to model the full joint distribution for a single prediction, quickly

becoming intractable.

Overcoming this computational barrier is a critical frontier for future research. While our sampling-based

approach is theoretically sound, practical systems will require more efficient methods. Promising directions

include exploring techniques from using surrogate models to estimate the outcome distribution, thereby

avoiding the exponential cost of explicit sampling [20].

4.6 Summary and Outlook

This thesis sought to move the conversation in medical AI from the optimization of isolated tasks to the

holistic management of uncertainty within integrated diagnostic pipelines. We argued that the medical

diagnostic process is a cascade of dependent tasks, rich with inherent ambiguity. To build trustworthy ML

systems, we must explicitly model, propagate, and leverage this uncertainty. Through our contributions,

we have shown how uncertainties can be propagated from acquisition to analysis, made more expressive

through calibration, and leveraged to actively improve and guide the diagnostic process.

This work offers a conceptual and methodological shift away from a narrow focus on performance metrics.

By treating diagnosis as an interconnected system, this thesis has aimed to model uncertainty in the bigger

picture, identifying both solutions and remaining gaps in creating reliable clinical decision-support tools. It is

our hope that this pipeline-aware perspective encourages the research community to look beyond the isolated

task and continue building the foundations for a more robust and trustworthy generation of medical AI.
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Abstract. MRI reconstruction techniques based on deep learning have
led to unprecedented reconstruction quality especially in highly acceler-
ated settings. However, deep learning techniques are also known to fail
unexpectedly and hallucinate structures. This is particularly problem-
atic if reconstructions are directly used for downstream tasks such as
real-time treatment guidance or automated extraction of clinical param-
eters (e.g. via segmentation). Well-calibrated uncertainty quantification
will be a key ingredient for safe use of this technology in clinical prac-
tice. In this paper we propose a novel probabilistic reconstruction tech-
nique (PHiRec) building on the idea of conditional hierarchical varia-
tional autoencoders. We demonstrate that our proposed method pro-
duces high-quality reconstructions as well as uncertainty quantification
that is substantially better calibrated than several strong baselines. We
furthermore demonstrate how uncertainties arising in the MR recon-
struction can be propagated to a downstream segmentation task, and
show that PHiRec also allows well-calibrated estimation of segmentation
uncertainties that originated in the MR reconstruction process.

1 Introduction

Fast magnetic resonance imaging (MRI) techniques play a vital role in clini-
cal practice, allowing to scan an increased number of patients while alleviating
patient discomfort caused by prolonged acquisition times. Highly accelerated MR
acquisitions also hold the key unlocking novel applications such as real-time MR-
guided radiation therapy [31], or shortened scans for directly estimating clinical
parameters via segmentations potentially without human oversight [4,26,30].

In recent years, MRI reconstruction techniques relying on deep learning
(DL) have gained substantial interest due to their excellent performance at very
high acceleration rates [11,12,20] and ability to provide real-time reconstruc-
tions [8,35]. Although DL-based reconstructions often appear realistic and of
high quality, they have also been shown to fail unexpectedly [7], and halluci-
nate structural details [18]. Crucially, they lack the ability to indicate regions
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Fig. 1. (a) In our proposed Probabilistic Hierarchical Reconstruction (PHiRec) model,
five latent variables zl generate residual changes at different resolution scales. These
residual changes are added to the undersampled input image xu to generate the final
output x. The model can be used to sample likely reconstructions and to obtain reliable
uncertainty estimates. (b) These samples can then be propagated to a subsequent
segmentation network allowing to estimate the resulting segmentation uncertainty.

in the reconstructed images that are uncertain. This problem is exacerbated in
scenarios where reconstructed images are used directly for downstream tasks,
such as real-time treatment guidance [31], or extraction of clinical parameters
via segmentation [30].

The reconstruction process inherently contains aleotoric, or irreducible,
uncertainty due to the fact that a single undersampled acquisition can corre-
spond to an infinite number of potential reconstructions with varying likeli-
hoods [33]. Moreover, epistemic uncertainty may arise when the reconstruction
model is applied outside the domain on which it was trained. Developing DL-
based reconstruction techniques that are able to reflect those uncertainties is
crucial, especially in applications without human oversight.

Several approaches have been proposed to model uncertainty of DL-based MRI
reconstruction techniques. Schlemper et al. [25] proposed to estimate epistemic
and aleotoric uncertainty using MC dropout and a heteroscedastic variance term,
respectively. Hepp et al. [9] presented promising preliminary results for estimat-
ing epistemic uncertainty using an ensemble of networks. However, the approach
does not scale well since the number of samples that can be generated is equal
to the number of networks in the ensemble. Narnhofer et al. [19] modelled epis-
temic uncertaintyby combining thepreviously proposedTotalDeepVariation app-
roach [14] with the Bayes-by-Backprop technique, which models every network
weight as a Gaussian with individual mean and variance [3]. We note that this app-
roach has heavy GPU-memory requirements and limits the complexity of the net-
work architecture that can be used. Tezcan et al. [29] have proposed learning the
prior distribution of MR images using a variational autoencoder (VAE) and using
Markov-Chain Monte-Carlo (MCMC) to sample possible reconstructions. How-
ever, this approach is severely limited by the sampling times and is not suitable
for real-time applications. Angelopoulos et al. [1] proposed an uncertainty quan-
tification method based on conformal prediction, which offers a straightforward
implementation and comes with mathematical guarantees. However, this method
does not allow generating samples which could be used to explore potential recon-
structions or propagate uncertainty to subsequent tasks. Recently diffusion mod-
els havedemonstrated exceptional reconstructionperformance [5,11,22,32].While
uncertainty quantification is feasible in those models, it is currently hindered by
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extremely long sampling times rendering them unsuitable for real-time applica-
tions. In closely related work on a different imaging modality, Zhang et al. [34] pro-
posed a PET reconstruction method based on conditional VAEs (cVAE) [27]. The
approach employed abottleneck architecturewhich only allows tomodel the uncer-
tainty at a low spatial resolution and is prone to producing blurry reconstructions.
Lastly, a major limitation of the existing literature is that none of the above studies
present a quantitative evaluation of uncertainty quantification or a thorough com-
parison with baseline methods, instead relying solely on qualitative interpretation
of the uncertainty maps.

In this paper, we propose a novel approach for estimating aleotoric uncer-
tainty based on a hierarchical conditional VAE [27]. Hierarchical cVAEs have
been shown to perform exceptionally well for estimating aleotoric uncertainty
in segmentation tasks [2,15]. Specifically, they address two issues encountered
in non-hierarchical cVAEs: blurry samples and limited expressivity to model
high-dimensional spatial probability distributions [16,34]. However, despite
their promise, hierarchical cVAEs remain unexplored in the context of MRI
reconstruction. Here, we build on the Probabilistic Hierarchical Segmentation
(PHiSeg) model by Baumgartner et al. [2], which was originally proposed for
segmentation to create a novel Probabilistic Hierarchical Reconstruction tech-
nique which we coin PHiRec1. Our contributions are as follows:

– We propose PHiRec and show that it outperforms several strong baselines in
terms of calibration of its uncertainty quantification.

– We demonstrate that the uncertainties originating in the MR reconstruction
can be propagated to a downstream segmentation task in order to estimate the
resulting segmentation uncertainties. This is, to the best of our knowledge,
the first work to explore the propagation of uncertainties arising in DL-based
MRI reconstruction to a downstream task.

– We present the first comprehensive quantitative evaluation of uncertainty
quantification for MRI reconstruction contrasting several baselines.

2 Methods

We denote a fully-sampled MR image as x ∈ C
N where N is the number of

pixels. In a multi-coil MR acquisition, the acquired k-space data can be modelled
as y = MFSx + η, where M is an undersampling operator, F is the Fourier
operator, S is an operator encoding the spatial sensitivity of each coil, and η

is used to model thermal scanner noise. The goal of MRI reconstruction is to
estimate the maximimum a-posteriori of the distribution p(x|y). For uncertainty
estimation we are additionally interested in the spread of this distribution.

We pose the reconstruction as a de-aliasing problem by modelling the distri-
bution p(x|xu), where the undersampled image xu is obtained by applying the
inverse Fourier operator to the zero-filled measurement data y. In the following,
we show how a hierarchical cVAE approach can be employed to model the dis-
tribution p(x|xu). As shown in Fig. 1, we model the distribution using a cVAE

1 The code for PHiRec is available at https://github.com/paulkogni/MR-Recon-UQ.
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that has L = 5 separate latent variables zl each operating on a different reso-
lution scale. For instance, z1 operates at the original image resolution, while z5

operates at a resolution that was four times downpooled by a factor of 2. Each
resolution level is responsible for probabilistically generating residual changes
that are added to the input image xu in order to remove undersampling arti-
facts and obtain the reconstructed image x. Our modelling assumption includes
that the distribution of each zl depends on the input image xu as well as the
latent variable of the resolution level below zl+1. This allows higher resolution
levels to have a notion of what changes were already performed in the resolu-
tion level below. As was previously shown, this hierarchical approach is a very
expressive model for capturing high-dimensional probability distributions [2,15].
Note that in contrast to the hierarchical cVAE methods developed in the context
of segmentation [2,15], our proposed PHiRec model contains a skip connection
from the input to the output which we found to facilitate the de-aliasing prob-
lem. This is reflected by the dependence of the likelihood p(x|z1:L,xu) on xu in
the equations below.

Using the above modelling assumptions p(x|xu) can be written as

p(x|xu) =

∫

p(x|z1:L,xu)p(z1|z2,xu) . . . p(zL−1|zL,xu)p(zL|xu)dz1:L.

Following the standard variational approach we maximise the evidence lower
bound, ELBO(x|xu) := log p(x|xu)−KL(q(z1:L|x,xu)||(p(z1:L|x,xu)), which is
a lower bound on the true log likelihood. Using our model assumptions, and
following the derivation in Baumgartner et al. [2], we can write the ELBO as

ELBO(x|xu) =Eq(z1:L|xu,x) [log p(x|z1:L,xu)] − αLKL [q(zL|x,xu)||p(zL|xu)]

−
L

∑

l=1

αlEq(zl+1|xu,x) [KL [q(zl|zl+1,x,xu)||p(zl|zl+1,xu)]] ,

where αl := 4(l−1) are heuristic weight terms to equalize the magnitude of the
KL-terms of the different resolution levels. The prior and posterior distributions
are modelled using axis-aligned Normal distributions

p(zl|zl+1,xu) =N
(

zl|Φ
(μ)
l (zl+1,xu), Φ

(σ)
l (zl+1,xu)

)

q(zl|zl+1,x,xu) =N
(

zl|Θ
(μ)
l (zl+1,x,xu), Θ

(σ)
l (zl+1,x,xu)

)

,

where Φ
(μ)
l , Φ

(σ)
l , Θ

(μ)
l , Θ

(σ)
l are neural network functions that estimate each

distribution’s mean and variance. The likelihood of the final de-aliased recon-
struction p(x|z1:L,xu) is also modelled as a Normal distribution with a fixed
variance and a mean that is estimated using another neural network. While in
principle a mathematically valid model could be implemented using any neural
network architecture the method lends itself to implementation as a U-Net-like
architecture with the prior and posteriors implemented as U-Net encoders, and
the likelihood as a decoder. For simplicity here we use the architecture proposed
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by Baumgartner et al. [2] with the aforementioned addition of a skip connection
from input to output (see Fig. 1). A schematic of this architecture is shown in
the supplementary materials.

We train the entire architecture end-to-end with pairs of undersampled
images xu and ground truth reconstructions x using the ELBO defined above as
objective. After training the posterior network is no longer required. The prior
network can be used to predict the means and standard deviations of the zl

variables. Given these values an arbitrary number of latent variable samples can
be generated, and decoded using the likelihood network, to obtain final recon-
struction samples. The mean prediction as well as the spread of the distribution
p(x|xu) can then be calculated from these samples {xi}.
Uncertainty Propagation. Given a separately trained deterministic segmen-
tation network f : x �→ s, we can furthermore estimate the distribution of the
segmentations s given the undersampled image xu, p(s|xu), using the Monte
Carlo method. Specifically, we can segment each of our reconstruction samples
{xi} using f and analyse the resulting distribution of segmentations empirically.

3 Experiments and Results

Baselines. We compared our proposed PHiRec technique to several baseline
strategies for estimating aleotoric and epistemic uncertainty. Firstly, we com-
pared with Schlemper et al.’s [25] approach for which we separately evaluated
the epistemic uncertainty quantification based on MC Dropout, the aleatoric
uncertainty estimation rooted in a heteroscedastic variance term, as well as the
combination of the two approaches as originally described. Furthermore, we com-
pared to the ensemble based approach for estimating epistemic uncertainty ini-
tially demonstrated by Hepp et al. [9]. Specifically, we created an ensemble of 20
separately trained reconstruction networks. Lastly, we extended the probabilistic
U-Net [16] to MRI reconstruction using the same strategy as for PHiRec to allow
a comparison to another cVAE-based method. In order to focus the evaluation on
the uncertainty quantification mechanism rather than on architectural details,
all baseline methods were implemented using U-Nets, or U-Net-like architectures
in the case of the probabilistic U-Net and our PHiRec. Furthermore, to ensure
a fair comparison to our proposed approach, we implemented a skip connection
from input to output for all baselines. We used the mean and standard deviation
calculated using 20 samples for all methods and in all experiments to obtain the
final prediction and spread of the distribution, respectively.
Data. All experiments were performed on the Stanford Knee MRI Multi-Task
Evaluation (SKM-TEA) dataset [6], which comprises raw multi-coil k-space
data of knee scans, along with segmentations for six anatomical structures.
We employed the supplied undersampling masks, which were designed with a
Poisson-Disc pattern. The provided coil sensitivities were used in a SENSE recon-
struction [23] to obtain the fully-sampled ground truth reconstruction x as well
as the undersampled network inputs xu. We divided the dataset into a training,
validation, and test set using the official splits.
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Fig. 2. Quantitative results for the ID (top row), and OOD (bottom row) settings.

Experiment Settings. All experiments were performed in two distinct exper-
imental settings: in-domain (ID) and out-of-domain (OOD). In the ID setting,
we simultaneously trained and also evaluated on images with acceleration rates
4x, 8x, and 16x. Since all acceleration factors have been seen during training,
this setting is dominated by aleotoric uncertainty, that stems from the fact that
there are multiple plausible solutions for each undersampled image. In the OOD
setting, we trained only on images that have been accelerated 4x, but again
tested on images with 4x, 8x, and 16x acceleration. In this setting, for 8x and
16x, there is an additional component of epistemic uncertainty in addition to
the aleotoric uncertainty as the testing data moves away from the data that the
model has seen during training.
Training Details. All models were implemented in PyTorch [21] and were
trained with the Adam optimizer [13] with a learning rate of 10−4 using a batch
size of 6. The models were trained on NVIDIA RTX 2080 GPUs except the
heteroschedastic models and PHiRec which were trained on an NVIDIA Tesla
V100 GPU due to increased GPU memory demands. We trained all models for
10 days and model selection was performed based on structural similarity index
(SSIM) of the reconstructions on a held-out validation set.
Evaluation of Reconstruction Quality. For both the ID and OOD setting,
we evaluated the reconstruction quality in terms of SSIM and peak signal to
noise ratio (PSNR). Here, we additionally compared against a standard recon-
struction U-Net without uncertainty quantification [10] to ensure the uncertainty
quantification does not lead to a general performance degradation. The results
are shown in the first two columns of Fig. 2. We observed that, as expected,
the performance of all methods degraded with increasing acceleration rates for
both settings. This can also be visually confirmed by the squared error maps
in Fig. 3 for the OOD setting. Similar effects were observed for the ID setting
(see results in supplementary materials). We further observed that all methods
performed similarly in terms of pure reconstruction quality. However, PHiRec
slightly underperformed in terms of PSNR, but slightly outperformed the other
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Fig. 3. Variance maps and reconstruction squared error maps in the OOD setting
where the column labels have the format “train acceleration” → “test acceleration”.

methods in terms of SSIM. This is consistent with the qualitative observation
that, while PHiRec reproduced the structural properties exceptionally well, it
had a slightly blurry quality. Example reconstructions for all methods are shown
in the supplementary materials.
Evaluation of Reconstruction Uncertainty. A crucial quality for a robust
uncertainty quantification method is that the model is calibrated, i.e. that the
uncertainty correlates with the model error [17]. To assess calibration, we com-
puted the average normalised cross correlation (NCC) between the reconstruc-
tion uncertainty and the reconstruction squared error for all test images. The
results in the third column of Fig. 2 show that PHIRec is substantially better
calibrated than the baselines in all settings. It is followed by the MC Dropout
+ Heteroscedastic Variance approach by Schlemper et al. [25]. The probabilistic
U-Net [16], which was originally proposed for segmentation in a multi-annotator
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regime, performed the worst in this category due to its poor sample diversity.
These results can also be visually confirmed by comparing the uncertainty maps
and corresponding error maps in Fig. 3. It is surprising that PHiRec, which is
designed to model aleotoric uncertainties, also performed best in the OOD set-
ting. We believe this might be due to the fact that differing acceleration factors
do not constitute a large enough domain shift to add significant epistemic uncer-
tainty.

In addition to calibration, we also measured the intuition that the uncertainty
should monotonically increase with increasing acceleration rates. To this end,
we calculated the relative change of the cumulative variance of all image pixels
of the 8x and 16x settings with respect to the 4x setting. The results are shown
in column four (“Relative Recon. Variance”) of Fig. 2. Surprisingly, PHiRec is
the only model for which the uncertainty consistently increases for higher accel-
eration rates. Instead, we found the uncertainty unexpectedly decreased for most
models between 4x and 8x acceleration. This can be visually confirmed for the
OOD setting in the example image shown in Fig. 3.
Evaluation Uncertainty Propagation. Lastly, we investigated propagating
the uncertainty to a downstream segmentation task. To this end, we trained a
standard deterministic segmentation U-Net with pairs of ground truth images x

and corresponding segmentation masks s from the SKM-TEA training set. As
before we generated a set of 20 reconstruction samples {xi} for our accelerated
test images using all investigated techniques and obtained the corresponding
segmentation {si} using the segmentation net. We calculated the spread of the
segmentation distribution using γ-maps which were defined by Baumgartner et
al. [2] as γ({si}) = E[CE(s̄, si)], where CE denotes the cross-entropy and s̄ is
the mean segmentation. Figure 4 shows pairs of γ-maps and segmentation error
maps for an example image in the OOD setting with 16x acceleration. The scaling
of the color maps is shared for all images. Qualitatively samples generated by
PHIRec exhibited an excellent correlation between the error and the variance
outperforming the baselines. We also computed the NCC between the error maps
and the segmentation variance (i.e. γ-maps) to measure the calibration of the
segmentation uncertainty. The results are shown in column five of Fig. 2. Again,
PHiRec clearly outperformed the baseline methods.

4 Discussion

Well-calibrated uncertainty estimation is a crucial component for safely apply-
ing DL-based techniques to MRI reconstruction. In this paper, we described
PHiRec, a novel reconstruction approach based on hierarchical conditional VAEs,
which produces uncertainty estimates substantially better calibrated than sev-
eral strong baselines. We further demonstrated, how uncertainties originating in
the reconstruction process can be propagated to the downstream task of seg-
mentation. In addition to our methodological contributions, we also present the,
to our knowledge, first thorough quantitative comparison of different methods
for uncertainty quantification in MRI reconstruction.
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Fig. 4. Segmentation variance maps (measured by γ-maps) and segmentation error
maps in the OOD setting with 16x acceleration.

Propagation of uncertainty to downstream tasks may allow to build fail-safe
mechanisms to identify when uncertainties are too large to safely make a clinical
decision or to guide a treatment. While our study used the simple U-Net as
a base architecture and did not enforce data consistency with the measured
k-space data, in future work we aim to combine our findings with state-of-the-
art methods that are using multiple prediction and data consistency stages (e.g.
[14,24,28]). Future work will also focus on investigating the interplay of aleotoric
and epistemic uncertainty for larger domain shifts such as changes in anatomy.
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Abstract

The accurate segmentation of the optic cup and disc in fundus images is essential for di-
agnostic processes such as glaucoma detection. The inherent ambiguity in locating these
structures often poses a significant challenge, leading to potential misdiagnosis. To model
such ambiguities, numerous probabilistic segmentation models have been proposed. In this
paper, we investigate the integration of these probabilistic segmentation models into a mul-
tistage pipeline closely resembling clinical practice. Our findings indicate that leveraging
the uncertainties provided by these models substantially enhances the quality of glaucoma
diagnosis compared to relying on a single segmentation only.

1. Introduction

Glaucoma is a chronic eye disease in which nerve fibers gradually degenerate, leading to
damage in the optic nerve head. It is the second leading cause of blindness worldwide
affecting one in ten people over the age of eighty (Sevastopolsky, 2017). Diagnosis involves
the exact localization of the optic disc and cup in the fundus image. Their shape, size, and
relationship to each other are crucial disease markers. Therefore, automated segmentation
of the cup and disc is an important step for computer-aided diagnosis frameworks. However,
delineation of those structures, in particular the optic cup, is highly challenging and subject
to large uncertainties with large disagreements even among experts.
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In this paper, we demonstrate that probabilistic segmentation techniques are effective
at capturing uncertainties in the segmentation of the optic disc and cup. Going further, we
propose a method to propagate this uncertainty through a multi-stage diagnostic pipeline.
Specifically, we propose a method for incorporating the uncertainty arising in an upstream
step in the final downstream task, and show that it substantially improves classification
performance with respect to a deterministic baseline1.

Several models have been proposed for optic cup and disc segmentation over the past
years (Sevastopolsky et al., 2019; Tulsani et al., 2021; Rasheed et al., 2023). However,
these methods do not take into account the inherent uncertainties of this problem. A
small number of works address expert disagreements. Edupuganti et al. (2018) incorporate
multi-annotator information into learning the segmentation by weighing the loss for pixels
depending on the agreement or disagreement of the annotators. Cheng et al. (2020) approx-
imate the joint distribution of the input fundus image and the ground truth segmentation
to regularize a U-Net segmentation network. However, estimation of the segmentation un-
certainty in optic cup and disc segmentation remains unexplored.

Most recent automated glaucoma diagnosis frameworks approach the problem with black
box solutions (Mirzania et al., 2021; Singh et al., 2022; Fan et al., 2023; De Vente et al.,
2023). While reaching high performance, end-to-end black box models may often not be
clinically desirable. In practice, systems that model the individual steps of a diagnostic
pipeline are more interpretable, easier to debug, and more likely to find clinical acceptance.
Moreover, data shifts can be addressed by retraining individual components rather than
the whole method. Indeed, clinical pipeline approaches have shown great promise in similar
areas (De Fauw et al., 2018). A number of works propose to first segment the cup and disc
and then extract the vertical or area cup-to-disc ratio (CDR) as a diagnostic marker (Al-
Bander et al., 2018; Sevastopolsky et al., 2019; Bi et al., 2019; Jiang et al., 2019; Bian et al.,
2020; Neto et al., 2022; Zhang et al., 2023). The vertical CDR measures the ratio between
the diameter of the cup and the disc along a vertical line through the center. The area CDR
measures the ratio of pixels belonging to the cup and disc respectively. However, clinical
literature shows that the rim thickness curve (RTC) (i.e. the distance between the disc and
the cup for every point) may be a more informative measure (Spaeth et al., 2002; Kumar
et al., 2019). In this work, we follow these insights and propose a clinically inspired multi-
stage pipeline based on initial probabilistic segmentation of the cup and disc, automated
RTC extraction, followed by glaucoma classification (see Fig. 1).

Uncertainty estimation is typically studied for individual deep learning models, and has
been shown to yield improved performance and robustness on individual tasks (Abdar et al.,
2023; Schmidt et al., 2023). However, when clinical workflows consist of tasks that are ar-
ranged in a cascading sequence – as is the case here – it becomes crucial to understand
how uncertainty in certain stages impacts subsequent tasks. Few studies have focused on
uncertainty propagation in clinical pipelines. Eaton-Rosen et al. (2018) propagate tumor
segmentation uncertainty to tumor volume measurement using the variance sum law. Mehta
et al. (2019, 2021) propose to append variance maps obtained using MC Dropout (Kendall
et al., 2016) in a segmentation stage as an additional input channel to a subsequent tumor
detection network. To our knowledge, these are the only studies showing that incorporat-

1. The code is available at https://github.com/annawundram/glaucoma-diagnosis-pipeline
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Figure 1: Proposed pipeline. a) Automatic ROI extraction from the full fundus im-
ages. b) Sampling of possible segmentations using probabilistic segmentation.
c) Extraction of rim thickness curves (RTCs) for each segmentation sample. d)
Classification of each RTC. e) Marginalization over possible segmentations pro-
duces the final glaucoma probability.

ing uncertainty can enhance downstream task performance. However, relying on variance
maps instead of the full distribution limits the downstream task to neural networks, as the
variance must be added as a channel. Recently, Feiner et al. (2023) and Fischer et al. (2023)
proposed two related approaches for propagating uncertainty arising in MR reconstruction
to subsequent classification, regression, or segmentation tasks. Both these approaches di-
rectly propagate samples from the conditional distribution through the pipeline rather than
relying on the variance. Similar, to those works, we propose a sampling-based uncertainty
propagation approach. However, we go one step further by using uncertainty to enhance
downstream performance. This is achieved by marginalizing over possible outcomes in the
highly uncertain segmentation stage.

In summary, our contributions are as follows:

1. An interpretable pipeline for glaucoma diagnosis which incorporates clinical knowledge
and closely mirrors clinicians’ reasoning.

2. The first application of segmentation uncertainty quantification techniques to cup-
and-disc segmentation in fundus images with a comparative analysis of four widely
used techniques.

3. A sampling-based approach for propagating uncertainty through a multi-stage pipeline
as well as a strategy for leveraging this approach to enhance downstream performance.

4. Introduction of RTC as a clinically motivated alternative to CDR in computer-aided
glaucoma diagnosis pipelines and empirical verification of its superior performance.

2. Methods

The proposed pipeline consists of five steps as illustrated in Fig. 1. We deterministically
extract the region of interest (ROI) containing the cup and disc to obtain the close-up images
x. For the highly uncertain step of optic disc and cup segmentation, we use probabilistic
segmentation to approximate the distribution p(s|x) of the segmentations s, and we produce
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segmentation samples si. The samples (which capture the uncertainty) are propagated
through a deterministic rim thickness extraction function g : si 7→ ri producing RTCs ri.
Following this, a deterministic classification function f : ri 7→ di takes the RTCs as input
and produces a predicted diagnosis di ∈ {0, 1} for each ri. Lastly, we marginalize over the
samples to obtain a final probability p(d|x) of the image being “glaucoma suspect”. All of
these steps will be introduced in detail below.

2.1. Automated Region of Interest Detection

The region of interest (ROI) for glaucoma diagnosis only includes a small area of the fundus
containing the optic nerve head, in particular the optic disc and cup (see Fig. 1a).

Prior work has shown that a two-step segmentation approach consisting of ROI extrac-
tion, followed by segmentation can improve segmentation results (Kim et al., 2019; Liu et al.,
2021). Following these works we use a U-Net for cup and disc segmentation on full-view
fundus images. Next, a padded quadratic bounding box is placed around the segmentations,
and the resulting ROI is cropped and resized to 320 × 320 pixels. All experiments in this
paper were performed with ROI images x obtained in this manner.

We use the improved U-Net first employed by Kohl et al. (2018) which operates on 7
rather than 5 resolution levels and uses bilinear upsampling instead of transposed convolu-
tions for all experiments, to ensure consistency with the Prob. U-Net (Kohl et al., 2018)
and PHiSeg (Baumgartner et al., 2019) baselines described in the next section.

2.2. Probabilistic Optic Cup and Disc Segmentation

The cup and disc segmentation step is characterized by large uncertainties and variability
even among human experts. Therefore, segmentations resulting from a deterministic ap-
proach, such as a U-Net, may be insufficient. It may for example produce segmentations
with a very thin rim in a subject where a thick and a thin rim are equally likely. The full
distribution of possible segmentations p(s|x) matching a given image x contains valuable
information for the downstream classification task. In recent years, several techniques have
been proposed which allow to approximate this conditional probability distribution. In
this work, we compare four such techniques: The probabilistic U-Net (Kohl et al., 2018),
PHiSeg (Baumgartner et al., 2019), MC Dropout (Kendall et al., 2016), and ensembles (Lak-
shminarayanan et al., 2017).

The probabilistic U-Net (Kohl et al., 2018) is a combination of the conditional
VAE (Sohn et al., 2015) approach with a U-Net architecture. PHiSeg further extends
the idea by a hierarchical latent space and was shown to provide closer approximations of
p(s|x). Both techniques estimate the aleatoric uncertainty.

Ensembles are implemented by training ten standard U-Nets with different random
seeds (Ensembleseeds). We additionally create an ensemble by training a U-Net for each of
the 11 expert annotators in our data (Ensembleexperts). The widely used MC Dropout
technique produces probabilistic segmentation samples by repeatedly predicting segmen-
tations for the same image with dropout enabled. We use a dropout rate of 0.2 on the
activation maps for training and testing. Dropout is applied to all layers except the final
four segmentation layers. Ensembles and MC Dropout estimate epistemic uncertainty. We
refer the reader to (Abdar et al., 2021) for definitions of aleatoric and epistemic uncertainty.
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We use the improved U-Net architecture first proposed in Kohl et al. (2018) for all
approaches with the exception of PHiSeg. PHiSeg employs the same U-Net encoder, but
requires a specific decoder. Crucially, all examined probabilistic segmentation methods
allow the generation of segmentation samples si from the estimated distribution of p(s|x).

2.3. Rim Thickness Curve (RTC) Extraction

Next, we extract RTCs ri from segmentation samples si. Rim thickness is defined as the
width of the rim between the borders of the optic cup and disc (Spaeth et al., 2002; Hwang
and Kim, 2012). To compute the RTC, a beam centered at the optic cup is rotated by
360 degrees. At every half-degree interval, the points where the beam intersects with the
borders of the optic disc and optic cup are determined. The rim thickness is calculated
as the Euclidean distance between these two intersections. This process results in a data
vector of length 720 for each segmentation sample si. The resulting RTCs were visualized
as polar plots (see Fig. 1 and 3). We denote the rim-thickness extraction procedure as a
deterministic function g : si 7→ ri. A visual explanation is shown in Appendix C.

2.4. Glaucoma Classification

The RTCs ri are classified as “glaucoma suspect” or “not glaucoma suspect”. We use a
logistic regression classifier since, in preliminary experiments, more powerful classifiers such
as SVMs or Random Forests did not lead to improvements. To prevent overfitting, the RTC
data is reduced by grouping the values into 72 bins and calculating their mean. We train an
individual classifier for the RTCs obtained from each of the examined segmentation methods.
The optimal decision threshold for each classifier is obtained by maximizing the Youden
index (sensitivity + specificity - 1) on the validation set. This results in a deterministic
classifier f : ri 7→ di that maps each rim thickness sample to a binary diagnosis.

2.5. Uncertainty Estimation and Robust Classification

The final probability p(d|x) of an input image x being “glaucoma suspect” is obtained
by marginalizing over all possible segmentations, that is p(d|x) =

∫
p(s|x)f(g(s))ds. We

approximate this integral using the Monte Carlo method with samples from the respective
segmentation techniques. We use 100 samples for all methods, except for ensembles which
are limited by the number of networks trained.

The probability p(d|x) is a natural measure for uncertainty as it can be interpreted as
a respective agreement or disagreement of the predictions resulting from the segmentation
samples. In that sense it is comparable to expert disagreement. We obtain the final robust
prediction of our pipeline by thresholding the above probability at 0.5.

3. Experiments and Results

3.1. Data

We used two publicly available fundus image datasets for experiments. The Cháks.u
dataset (Kumar et al., 2023) contains 1345 fundus images with cup and disc annota-
tions by five experts for each image. Additionally, each expert also provided a diagnosis
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Table 1: Quantitative results. AUROC, sensitivity and specificity refer to the glaucoma
classification task. Dice between the mean predicted segmentation and the con-
sensus ground truth segmentation. The correlation coefficient (CC) between the
mean pipeline prediction and the mean expert prediction for all test samples.

AUROC Sensitivity Specificity Dice CC

Segm. source RTC CDR RTC CDR RTC CDR

D
e
t.

U-Net 0.857 0.8881 0.701 0.771 0.838 0.845 0.919 -

P
r
o
b
a
b
il
is
ti
c

Ensembleexperts 0.863 0.890 0.719 0.789 0.802 0.853 0.907 0.629
Ensembleseeds 0.899 0.886 0.824 0.736 0.792 0.888 0.926 0.639
Prob. U-Net 0.876 0.869 0.877 0.824 0.749 0.799 0.871 0.612
PHiSeg 0.884 0.882 0.807 0.842 0.741 0.752 0.900 0.653
MC Dropout 0.885 0.887 0.736 0.736 0.835 0.874 0.894 0.592

Expert Annotations 0.957 0.930 0.921 0.883 0.884 0.866 - -

ResNet50 (black box) 0.884 0.754 0.853 - -

of “glaucoma suspect” or “not glaucoma suspect”. The dataset also contains consensus
segmentations obtained using the STAPLE algorithm (Warfield et al., 2004). The RIGA
dataset (Almazroa et al., 2018) consists of 750 fundus images with cup and disc annota-
tions by six experts for each image. In contrast to Cháks.u it contains no diagnosis labels,
and was only used for training the segmentation networks in our study.

We split the training portion of the Cháks.u data into a training and validation set
according to an 80/20 split. We used the official test split of the Cháks.u data for all
our evaluations. Additionally, we split the RIGA dataset into a training, and a validation
portion according to a 80/20 split.

3.2. Training

We trained the segmentation-based stages of our pipelines with combined RIGA and Cháks.u
datasets (see Sections 2.1 & 2.2), and the classifiers using only the Cháks.u dataset which
contains Glaucoma suspect labels (see Section 2.4). More details about the training and
model selection can be found in Appendix A.

3.3. Findings

Uncertainty quantification improves downstream predictions

In order to show that accounting for the uncertainty in the segmentation step leads to
improved performance in downstream tasks, we included a deterministic U-Net for the cup
and disc segmentation as an additional baseline. Again, we used the improved architecture
proposed in Kohl et al. (2018). Moreover, we included a classifier trained directly on the
expert annotations, as well as a black box ResNet50 network trained on the ROIs of the
Cháks.u dataset to get a sense of the maximum achievable performance.
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Figure 2: Mean expert disagreement versus mean pipeline prediction for all
methods. Values close to 1 or 0 indicate large agreement for “glaucoma sus-
pect” or “not glaucoma suspect”, respectively. Values close to 0.5 denote high
disagreement.

We observed that using probabilistic segmentation techniques consistently led to im-
provements in the downstream classification performance compared to the deterministic
U-Net (Tab. 1), with Ensembleseeds achieving the highest overall AUC score.

Notably, the black box ResNet50 model performed slightly worse than the best proba-
bilistic pipeline approaches. This suggests that our interpretable approach has the potential
to outperform black-box models in certain settings. We note that black box approaches may
perform better in a data-richer setting (De Vente et al., 2023).

Most methods showed similar performance in the segmentation task, as indicated by the
Dice scores in Table 1. However, despite its high Dice score, the deterministic U-Net fell
short on AUROC scores, indicating that accurate segmentation alone is insufficient, and that
considering the entire probability distribution of the upstream task leads to improvements.

RTCs outperformed CDR for glaucoma diagnosis

In order to confirm the hypothesis that RTCs are better suited for glaucoma diagnosis than
the widely used CDR, we additionally extracted the area CDR from all segmentations and
trained an additional set of logistic regression classifiers on those values. We observed that
the best AUROC scores were achieved with RTC, with particularly large improvements over
CDR for the highly performing Ensembleseeds.

Propagated uncertainty correlates with expert disagreement

We additionally calculated the Pearson’s correlation coefficient (CC) between the mean
expert prediction (i.e. all expert predictions averaged) and the mean pipeline prediction
p(d|x) in the last column of Tab. 1. PHiSeg achieved the highest CC with Ensembleseeds
also performing very well. Visual inspection of the mean expert and pipeline predictions
confirmed these findings (see Fig. 2). This indicates that the propagated uncertainty cor-
relates with the expert disagreement, and thus is an informative measure for prediction
uncertainty. However, further improvements may be achieved in future work by specifically
optimizing downstream calibration.

Qualitative analysis shows good segmentation and RTC agreement with experts

The entropy maps and RTCs in Fig. 3 confirm that the distributions of the annotator
disagreement approximately matched the estimated segmentation and RTC uncertainties.
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Figure 3: Entropy maps and RTCs for expert annotations as well as PHiSeg.
The mean rim-thickness (blue line) as well as the standard deviation (light blue
shading) are displayed. Three different scenarios are shown: an uncertain case
(top), a certain glaucoma suspect (middle) and a certain healthy eye (bottom).

We observed that the method correctly predicted higher uncertainties in areas where the rim
was obscured by blood vessels. Additional samples and methods are shown in Appendix B.

4. Discussion and Conclusion

Here, we proposed a pipeline for human-interpretable glaucoma prediction. We showed
that probabilistic segmentation techniques are suitable for capturing uncertainties in the
location of the cup and disc, and demonstrated an approach for propagating these uncer-
tainties through the pipeline steps to the final prediction. Knowledge about the uncertainty
adds an additional level of interpretability to the individual pipeline steps. We further-
more proposed a simple strategy for obtaining robust predictions by marginalizing over the
distribution of possible segmentations, and showed that accounting for the uncertainty in
this manner led to improved downstream predictions. Our analysis of different probabilistic
segmentation techniques revealed that a simple random seed ensemble provided the best
balance. However, PHiSeg provided the best qualitative results and correlation with expert
disagreements.

A limitation of our work is the sole focus on rim thickness as diagnostic feature. Future
work will focus on incorporating diagnostic markers such as the color and intensity of the
optic cup, and whether fundus corresponds to the right or left eye into our pipeline. These
features are known to be diagnostically important and may further improve performance.
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Appendix A. Training Details

The ROI extraction U-Net network (see Sec. 2.1) was trained with the combined RIGA
and Cháks.u training data sampling different expert ground truths for each batch. Model
selection was performed using the Dice score on the validation set.

The probabilistic segmentation networks described in Sec. 2.2 were trained in the same
fashion based on the regions extracted in the first step. Model selection for the probabilistic
U-Net, PHiSeg, and MC Dropout was performed using the generalized energy distance
(GED) metric (Kohl et al., 2018) between the expert annotations and the samples on the
validation sets. The ensembles were analogously trained by sampling different experts for
each batch, and model selection was performed based on the Dice score of the individual
networks.

We trained classifiers with RTCs resulting from each of the segmentation methods as
described in Sec. 2.4. The classifiers were trained using the Cháks.u training data, and
the optimal threshold was determined using the Cháks.u validation data. We used 100
RTC curve samples per training image for all methods except the Ensembleexperts and
Ensembleseeds, which were limited by design to 11 and 10 samples, respectively.

The ResNet50 baseline was initialized using ImageNet weights, and then fine-tuned on
predicting the glaucoma label from the automatically extracted ROI crops of the Cháks.u
dataset. During training we used random horizontal flips, and small random rotations in
[−10◦, 10◦] to augment the small dataset. Note that we did not use any augmentation for the
segmentation networks, as they were additionally trained with RIGA data and segmentation
tasks typically require fewer training data points due to the dense segmentation annotations.
We used the AUC computed on the validation set for model selection. In order to compute
the sensitivity and specificity in Table 1, we obtained the decision threshold which maximizes
the Youden index.

Appendix B. Additional qualitative results

In Fig. 4 we show additional qualitative results of the entropy for experts and models as
well as the corresponding RTCs.

Appendix C. Visual explanation of RTC extraction

Fig. 5 provides some intuition for the calculation of the RTC.
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Figure 4: Entropy maps and RTC plots for every model for three representative example
subjects.
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Figure 5: Rim-thickness calculation. A beam centered at the cup is rotated 360 degrees.
At every 0.5 degrees the Euclidean distance between the cup and the disc is
recorded in the rim thickness plot.
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Abstract. Cancer remains a leading cause of death, highlighting the
importance of effective radiotherapy (RT). Magnetic resonance-guided
linear accelerators (MR-Linacs) enable imaging during RT, allowing for
inter-fraction, and perhaps even intra-fraction, adjustments of treat-
ment plans. However, achieving this requires fast and accurate dose
calculations. While Monte Carlo simulations offer accuracy, they are
computationally intensive. Deep learning frameworks show promise, yet
lack uncertainty quantification crucial for high-risk applications like RT.
Risk-controlling prediction sets (RCPS) offer model-agnostic uncertainty
quantification with mathematical guarantees. However, we show that
naive application of RCPS may lead to only certain subgroups such
as the image background being risk-controlled. In this work, we extend
RCPS to provide prediction intervals with coverage guarantees for mul-
tiple subgroups with unknown subgroup membership at test time. We
evaluate our algorithm on real clinical planing volumes from five differ-
ent anatomical regions and show that our novel subgroup RCPS (SG-
RCPS) algorithm leads to prediction intervals that jointly control the
risk for multiple subgroups. In particular, our method controls the risk
of the crucial voxels along the radiation beam significantly better than
conventional RCPS.

1 Introduction

Cancer remains one of the leading causes of death for people under the age of 70.
Radiotherapy (RT) has been proven to be a critical treatment modality for var-
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ious tumour entities. Recent advancements in medical imaging have led to the
development of the magnetic resonance-guided linear accelerator (MR-Linac),
which integrates MR imaging with RT [8]. Aligning the computed tomography
(CT) planing volume to an MR scan acquired at the beginning of each treatment
fraction, and re-evaluating the treatment plan based on the transformed CT
volume allows to better adjust the plan to the patient’s inter-fraction changes.
This holds the potential for more precise tumor targeting, enhancing treatment
outcomes. However, in order to successfully realize these benefits, fast and accu-
rate dose deposition calculations are needed. Current algorithms are based on
Monte Carlo simulations, which provide highly accurate results [4]. However,
these calculations are computationally intensive, taking minutes to hours. There-
fore recent research has focused on optimizing treatment planning efficiency [17].
Deep learning (DL) frameworks have shown encouraging results in dose estima-
tion for RT, with fast calculation time and accurate predictions [13,15,16,18].
However, despite RT’s high-risk nature, prior approaches have not adequately
addressed risk assessment within DL-based dose estimation.

A natural approach for assessing the risk associated with a prediction is
quantifying the prediction uncertainty. Recent years have seen the development
of various methods for uncertainty quantification in medical imaging. Examples
include deep ensembles [14], Monte Carlo dropout [11], or approaches based
on variational autoencoders [3,6,12]. A major limitation of those techniques is
that they do not provide any guarantees about the usefulness or correctness of
the uncertainty estimates. Recently, risk-controlling prediction sets [2] (RCPS)
has gained popularity as a simple, model-agnostic strategy to adapt heuristic
notions of uncertainty into uncertainty measures with guarantees. RCPS allows
to construct a set of predictions with a guarantee that the correct solution is
inside this set with a user-defined probability. Such prediction sets can indicate
poor model performance through excessively large intervals, revealing that the
models may not be acceptable for certain high-risk applications.

While RCPS has already seen successful adoption in medical image analysis
(e.g. [1]), a remaining limitation is that it can only provide guarantees on a
global level. There are many situations where we are interested in obtaining
guarantees for different subgroups of our population, or different image regions.
For instance, in RT, we would like the method to be calibrated along the beam
as well as the background. If there is an imbalance between different subgroups
(e.g. more background voxels) naive application of RCPS will focus mostly on
the majority group (e.g. background) and fail to meet the guarantees for the
minority subgroup (e.g. the beam). Calculating RCPS for the different subgroups
separately is only a solution if the subgroup is known at test time. However, if
this is not the case, as in our RT example, it is not possible to determine the
correct RCPS model to use for prediction.

In this paper, we address this problem by proposing a novel calibration algo-
rithm for RCPS that takes into account subgroups and can provide subgroup as
well as global guarantees. Our contributions are:
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Fig. 1. Overview. We use the DeepDose network [13] to convert a personalized RT
plan defined by input CT scan, beam center distance, radiological depth, source dis-
tance map, and beam shape (X1 to X5) to a voxel-wise dose prediction f̂(x). Extending
DeepDose by our novel subgroup risk-controlled prediction sets algorithm (SG-RCPS)
allows to obtain a calibrated upper and lower bound for the dose (û(X) & l̂(X)), as
well as the voxel-wise size of the interval (û(X)− l̂(X)) which serves as final uncertainty
measure.

1. The first application of uncertainty quantification in neural network-based
dose estimation for RT.

2. A novel algorithm that yields mathematical guarantees for uncertainty inter-
vals for subgroups in the dataset.

3. A quantitative and qualitative evaluation of the algorithm on RT dose pre-
diction on a real-world multi-organ dataset.

2 Methods

The RCPS framework [1,2] ensures that a set-valued predictor T maintains
a risk below a user-specified level α with a user-defined probability of 1 − δ.
In regression problems such as ours, the prediction set is often a prediction
interval characterised by a lower and an upper bound value. The risk R(T ) =
E[L(Y, T (X))] is defined through a loss function L tailored to the application,
which encodes a notion of consequence if the desired property is not fulfilled. In
this work, we demonstrate the application of RCPS to DL-based dose prediction
and extend the method to ensure risk guarantees for multiple subgroups.

In the following, we will first describe our dose estimation framework
(Sect. 2.1). We will then show how heuristic prediction intervals can be obtained
using quantile regression (Sect. 2.2). Next, we will discuss how to define the con-
cept of risk, and how the heuristic prediction intervals can be adjusted to control
the risk with the desired levels (Sect. 2.3). Lastly, we will describe our novel sub-
group RCPS algorithm which allows controlling the risk for multiple subgroups
without knowledge of the subgroup membership at test time (Sect. 2.4).

2.1 Dose Estimation Using DeepDose

In order to construct a voxel-wise dose predictor f̂ we build on the previously
proposed DeepDose network [13,18], which is in turn derived from a 3D UNet
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architecture [5]. DeepDose takes the beam shape, center beam line distance,
source distance, CT image and radiological depth as input X ∈ R

5×W×H×D and
outputs a predicted dose f̂(X)i ∈ R for each voxel i (see Fig. 1). The network
is trained with a highly accurate Monte Carlo simulation as ground truth Yi for
each voxel. For notational clarity, we will omit the index i in the following.

2.2 Heuristic Dose Prediction Intervals Using Quantile Regression

To extend the DeepDose network by the ability to provide prediction intervals,
we adopt a voxel-wise quantile regression approach [1]. Specifically, we add two
additional output channels l̃(X) and ũ(X) to estimate the voxel-wise upper and
lower bound, respectively. Similar to [1], we train the two additional network
heads using pinball losses, which allow to estimate a specific quantile. For a
general feature x, label y, and quantile β, the pinball loss is given by

Lβ(q̂β(x), y) = (y − q̂β(x))β1{y>q̂β(x)}+ (1)

(q̂β(x) − y)(1 − β)1{y≤q̂β(x)},

where q̂β(x) is the corresponding quantile estimator and 1 denotes the indicator

function. We use f̂(X)−l̃(X) and f̂(X)+ũ(X) for the respective lower and upper
quantile estimators. Our overall training objective L is comprised of losses for
the upper and lower quantiles as well as the standard MSE loss for the point
prediction

L = Lα/2(l̃(X), Y ) + L1−α/2(ũ(X), Y + MSE(Y, f̂(X)), (2)

where each loss is only applied to the corresponding head. This gives our frame-
work the ability to not only output a per-voxel dose prediction f̂(X), but also a
heuristic prediction interval

T (X) = [f̂(X) − l̃(X), f̂(X) + ũ(X)]. (3)

2.3 RCPS for Radiotherapy Dose Estimation

We now show how the RCPS framework [1,2] can be used to obtain dose pre-
diction intervals that are guaranteed to keep a risk below a user-specified level.
First, we define the risk of T as the predicted interval not containing the ground
truth dose Y

R(T ) = E
[

1{Y �∈T (X)}

]

= Pr(Y �∈ T (X)). (4)

We then define new lower and upper bounds by scaling them with a non-negative
factor λ̂

l̂(X) = λ̂l̃(X) and û(X) = λ̂ũ(X). (5)

RCPS provides a strategy to choose λ̂ based on a calibration dataset such that
R(T ) ≤ α with a probability of at least 1 − δ on future test data under the
assumption of exchangeability of the test and calibration sets. We use α =
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δ = 0.1 for all experiments, meaning that with a probability of at least 90%, a
minimum of 90% of the ground truth dose depositions should be contained in
the predicted dose interval.

Since the calibration data is only a random sample of the data distribution,
λ̂ cannot be chosen by simply minimising the risk on the calibration set. Rather
a point-wise upper confidence bound (UCB) R+ : Pr(R(λ)) ≤ R+ must be
obtained. This UCB accounts for the calibration sample size and the desired
probability of the guarantee holding on future data. Following [1] we use the
Hoeffding bound [9] to define R+ as

R+(λ) =
1

nWHD

n
∑

k=1

#{Tλ(Xk) �∈ Yk} +

√

1

2n
log

1

δ
. (6)

In the original RCPS approach, Bates et al. [2] proposed a greedy opti-
mization algorithm for obtaining the smallest possible prediction interval still
fulfilling the desired guarantees. It requires initializing λ̂ with a very large value
and reducing it until R+ falls under the desired risk level, that is,

λ̂ = min
{

λ : R̂+(λ) ≤ α
}

. (7)

This procedure produces a dose interval predictor

Tλ̂(X) = [f̂(X) − λ̂l̃(X), f̂(X) + λ̂ũ(X)], (8)

for the predicted dose that satisfies the desired risk-properties on average for
all voxels of the test data distribution. However, it does not offer conditional
guarantees for individual data subgroups. For instance, as we will show in Sect. 3
a naive application of RCPS results in the voxels along the radiation beam
violating the desired guarantees.

2.4 Risk-Controlled Prediction Sets with Multiple Subgroups

If our dataset comprises M imbalanced subgroups, using Eq. 7 to obtain λ̂ pro-
vides guarantees for the overall dataset but not for each individual subgroup.
This can lead to a systematic miscalibration of uncertainty intervals for under-
represented subgroups. If the subgroups are known at test time, this problem can
be addressed by calibrating for each subgroup separately, by using a subgroup-
specific parameter λ̂z during test time. In our RT application, we are interested in
calibrated uncertainty quantification in the area of the beam as well as the back-
ground, which also receives small dose intensities. While we know the absorbed
dose during training, we do not have direct access to this information during
testing. Hence, naive application of RCPS yields good calibration overall, but
not in the critical area of the beam.

Therefore, we propose an extension of the risk-controlling framework for sce-
narios where the subgroup membership Z is unknown at test time. Our proposed
extension provides the same guarantees as RCPS for each individual subgroup.
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That is for every subgroup Z in our dataset, it holds that, at a risk level of α,
the ground truth is included with a probability of at least 1 − δ.

In order to achieve the desired guarantees we reformulate the risk conditioned
on the subgroups Z as follows

R(T ) = Pr(Y �∈ T (X)) = EZ [EXY |Z

[

1{Y �∈T (X)}

]

] . (9)

This leads to a novel subgroup risk-controlled predictions set (SG-RCPS) pro-
cedure which is summarised in Algorithm 1. Similar to the original RCPS algo-
rithm, we start off with a large λ̂ that satisfies the risk for each subgroup. We
then iteratively reduce the interval size until the first confidence bound of a sub-
group no longer satisfies the criterion1. A proof that Algorithm 1 leads to the
desired subgroup guarantees is presented in Appendix A.

Algorithm 1: Pseudocode for SG-RSPC

Input : Calibration sets (Xk, Yk)z, k = 1, . . . , nz where z = 1, . . . , M
indicates the subgroup; in our case we have M = 3 for
foreground, background and the combined image; risk level α;
error rate δ; predictor f̂ ; heuristic lower and upper interval
predictions l̃ and ũ; initial max value λmax; step size dλ > 0

Output: Optimal interval scaling λ̂
λ ← λmax

for z ← 1 to M do
UCBz ← 1

end

while UCB1 ≤ α & . . . & UCBM ≤ α do
λ ← λ − dλ
for z ← 1 to M do

for k ← 0 to nz do
Lk,z ← #{Tλ(Xk,z) �∈ Yk,z}/WHD

end

UCBz ← 1
nz

∑nz

k=1 Lk,z +
√

1
2nz

log 1
δ

end

end

λ̂ ← λ + dλ

3 Experiments and Results

3.1 Dataset

To assess the performance of our model, we trained and tested it on a dataset con-
taining CT data and RT treatment plans of 125 patients obtained from patients
at the Department of Radiation Oncology at the University of Tübingen. The

1 The code is available at https://github.com/paulkogni/SG-RCPS.
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Fig. 2. Tumor-specific risks for the original calibration method (left) and our method
(right) for the total image (top row), the background radiation (middle row) and fore-
ground radiation (bottom row).

study was approved by the institutional review board and all patients gave writ-
ten informed consent (NCT04172753).

The training dataset comprises four anatomical entities: prostate, liver,
breast (mamma), and head and neck (HN). The test and calibration datasets
contained data from the same four tumour entities as the training dataset, along
with lymph nodes, as an additional out-of-domain (OOD) entity. Testing the
neural network on an OOD entity allowed us to assess whether the calibration
is able to generalize, which is highly desirable in real-world scenarios. For each
patient, we extracted multi-leaf collimator (MLC) segments, resulting in a total
of 6638 segments. For validation, we randomly selected 20 diverse prostate seg-
ments from the dataset. For calibration, we randomly selected three random
segments from one patient for each entity. More detailed information about the
data splits is provided in Appendix B. To train the DeepDose network, each
segment was divided into patches of size 5×32×32×32. The ground truth dose
estimations were generated using Monte Carlo simulations with the EGSnrc
open-source software package [7,10]. For inference, we performed predictions at
the patch level and combined them in a sliding window fashion.
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Table 1. Quantitative results. Empirical risks for RCPS and SG-RCPS averaged
over all segments. Controlled risks with α ≤ 0.1 for more than 1 − δ of the cases are
highlighted in bold.

Method Prostate Liver Mamma HN Lymph.

RCPS SG-RCPS RCPS SG-RCPS RCPS SG-RCPS RCPS SG-RCPS RCPS SG-RCPS

Total image 0.415 0.0 0.898 0.0 0.620 0.0 0.089 0.0 0.094 0.0

Backgr. rad. 0.403 0.0 0.896 0.0 0.610 0.0 0.083 0.0 0.094 0.0

Foregr. rad. 0.970 0.084 0.996 0.041 1.0 0.048 1.0 0.176 0.934 0.024

3.2 Findings

We trained a DeepDose network using training data from all four entities. To
evaluate the model’s dose estimation performance we calculated the 3 mm/3%
gamma pass rate (γ-PR) criterion and observed a γ-PR of 98.9%.

We then compared the two calibration strategies discussed above: RCPS, and
our proposed subgroup RCPS (SG-RCPS). We considered three subgroups: the
beam foreground and background determined by thresholding the ground truth
dose (see Fig. 1), and the whole image. We used a target risk level of α = 0.1,
and an error rate of δ = 0.1.

Figure 2 and Table 1 show the empirical risk for all segments in the test set
grouped by entity. The empirical risk for each segment is defined as proportion
of ground truth doses not contained in the predicted interval. Based on our risk
settings we expect at most 10% of the segments to fall above the specified risk
of 10%.

From Fig. 2 it can be seen that the calibration is dominated by the back-
ground class. We found that the normal RCPS algorithm only controlled for the
risk in the head & neck, and lymph node entities when considering the total
image, and the background only. However, the risk was not controlled to the
desired levels in the foreground subgroup (i.e. the beam) for any of the entities.
Interestingly, the risks for liver, prostate as well as mamma are not controlled
even in the total image. This is likely caused by a mismatch in the proportion
of background voxels in the calibration and the test set.

Our proposed SG-RCPS algorithm was able control the risk substantially
better for all anatomical areas. There were no dose predictions outside the pre-
dicted interval when considering the total image and the background only. We
note that because our algorithm estimates a single λ̂ that controls the risk for all
subgroups jointly, the estimates for the total image and background group were
more conservative. When considering the foreground (i.e. the beam) only, we
found that all entities except head & neck were risk-controlled with the desired
levels. As can be seen in Table 1 the empirical risk for the head & neck entity
fell slightly short of the desired levels. Notably, the risk for out-of-distribution
entity, lymph nodes, was also well controlled. Predicting risk-controlled inter-
vals is particularly important for the foreground, as the beam is where the most
accurate uncertainty estimation is required.
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Fig. 3. A representative example for a liver tumor visualizing the qualitative differences
between the uncertainty intervals for the non-subgroup-specific calibration and our
method. The uncertainty intervals provided by our method are significantly wider (p <

0.001) than the ones generated by classical RCPS. All values are given in Gray (Gy).
(Color figure online)

A qualitative example of dose predictions and prediction intervals for RCPS
and SG-RCPS is shown in Fig. 3.

4 Conclusion

We have proposed subgroup RCPS, an extension of the RCPS algorithm allow-
ing to control risk for multiple subgroups with unknown subgroup membership
at test time. We validated our method on a clinical RT dataset comprising five
anatomical entities. Our results demonstrate that in case of imbalances between
subgroups our method substantially improves calibration for individual subsets.
Specifically, in contrast to regular RCPS, our SG-RCPS approach allows to con-
trol the risk for the beam and the background thereby increasing safety and
trustworthiness in this high-risk application. A potential drawback of our method
is that it requires a separate calibration set for each subgroup. Additionally, this
method usually yields more conservative prediction intervals. In the future, we
will apply this algorithm to datasets that include other under-represented sub-
groups, such as ethnicity or gender.
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Science, Tübingen, Germany
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Abstract

Magnetic Resonance Imaging (MRI) offers unparalleled soft-tissue contrast
but is fundamentally limited by long acquisition times. While deep learning-
based accelerated MRI can dramatically shorten scan times, the reconstruc-
tion from undersampled data introduces ambiguity resulting from an ill-posed
problem with infinitely many possible solutions that propagates to down-
stream clinical tasks. This uncertainty is usually ignored during the acqui-
sition process as acceleration factors are often fixed a priori, resulting in
scans that are either unnecessarily long or of insufficient quality for a given
clinical endpoint. This work introduces a dynamic, uncertainty-aware acqui-
sition framework that adjusts scan time on a per-subject basis. Our method
leverages a probabilistic reconstruction model to estimate image uncertainty,
which is then propagated through a full analysis pipeline to a quantitative
metric of interest (e.g., patellar cartilage volume or cardiac ejection fraction).
We use conformal prediction to transform this uncertainty into a rigorous,
calibrated confidence interval for the metric. During acquisition, the sys-
tem iteratively samples k-space, updates the reconstruction, and evaluates
the confidence interval. The scan terminates automatically once the uncer-
tainty meets a user-predefined precision target. We validate our framework
on both knee and cardiac MRI datasets. Our results demonstrate that this
adaptive approach reduces scan times compared to fixed protocols while pro-
viding formal statistical guarantees on the precision of the final image. This
framework moves beyond fixed acceleration factors, enabling patient-specific
acquisitions that balance scan efficiency with diagnostic confidence, a critical
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step towards personalized and resource-efficient MRI.

Keywords:

1. Introduction

Magnetic Resonance Imaging (MRI) is a cornerstone of modern medical
diagnostics. Its ability to non-invasively generate images with exceptional
soft-tissue contrast makes it indispensable for the diagnosis, staging, and
monitoring of a wide range of diseases, from neurological disorders to mus-
culoskeletal injuries and cardiovascular conditions [1]. However, the high
diagnostic value of MRI is often counterbalanced by its inherently long acqui-
sition times. These lengthy scans can lead to patient discomfort, increase the
likelihood of motion artifacts that degrade image quality, and limit patient
throughput, thereby increasing operational costs and wait times [2]. Conse-
quently, accelerated MRI techniques, which aim to reconstruct high-quality
images from undersampled k-space data, are of paramount importance for
making MRI more efficient, cost-effective, and patient-friendly [3, 4].

While accelerated MRI promises to alleviate these challenges, the ma-
jority of current methods, both in clinical practice and in research, rely
on static acquisition strategies [3, 4, 5]. These approaches employ fixed,
pre-determined undersampling rates that are designed offline and are not
adapted to the specific patient. This inflexibility represents a central, unad-
dressed limitation: the acquisition process remains agnostic to the content
and complexity of the image being formed. This can lead to a suboptimal
use of scanner time, as less data may be sufficient, especially when a specific
downstream metric is the primary interest.

The evolution of accelerated MRI has been marked by two major paradigms.
The first encompasses classic reconstruction techniques, such as parallel imag-
ing and compressed sensing, while the second is defined by the rise of deep
learning (DL). Classic methods, rooted in parallel imaging (e.g., SENSE,
GRAPPA) and compressed sensing (CS), leverage explicit priors like signal
sparsity to recover images from limited data [3, 6, 7]. While they provide
a strong theoretical foundation, their performance tends to degrade at high
acceleration factors, where severe aliasing artifacts can become diagnostically
prohibitive. In contrast, the second paradigm of deep learning has revolu-
tionized the field. Models trained on large datasets learn complex, implicit
priors and have demonstrated high-quality reconstructions, even from highly
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undersampled data [8, 9, 10, 11]. These methods often outperform traditional
techniques in terms of pure reconstruction quality and speed.

Despite their impressive performance, deep learning models often func-
tion as ”black boxes,” and their predictions come with no inherent guaran-
tees of correctness. This can lead to a critical problem of misplaced trust,
where models may produce plausible-looking but factually incorrect recon-
structions, a phenomenon often termed ”hallucination” [12, 13, 14]. The risk
is particularly acute in the ill-posed problem of MR reconstruction, where
uncertainty arises not only from the missing k-space measurements but also
from physiological and anatomical variability between patients, pathologies,
and motion. This unquantified uncertainty does not just affect the recon-
structed image; it can silently propagate to and corrupt downstream clinical
tasks, such as segmentation, registration, or disease classification, that rely
on these images for diagnosis and treatment planning [15, 16].

Recognizing this challenge, a growing body of research has focused on
uncertainty quantification (UQ) for deep learning in medical imaging. Var-
ious methods, such as Bayesian neural networks, ensembles and variational
autoencoder-based methods have been developed to estimate model uncer-
tainty [17, 18, 19, 20, 21, 22, 23, 24, 25]. Several works have successfully
demonstrated how this uncertainty can be propagated from the reconstruc-
tion to a downstream task to provide a more complete picture of diagnostic
confidence [15, 26].

However, while significant research has focused on estimating and prop-
agating uncertainty for post-hoc analysis, its potential to actively guide and
optimize the MRI acquisition process itself in real-time remains largely un-
explored. Daudé et al. [27] proposed an adaptive method where scan quality,
specifically the Signal-to-Noise Ratio SNR, is estimated periodically during
acquisition. The scan is terminated once the SNR surpasses a pre-defined
quality threshold, enabling personalized scan durations. However, this ap-
proach relies on a classical, signal-based metric and does not account for the
reconstruction uncertainty or potential for artifacts, such as hallucinations,
common in modern learning-based methods. Pineda et al. [28] for example
analyzed how to find the optimal sampling trajectory for accelerated MR
acquisition using reinforcement learning, however they did not consider the
effect of downstream applications. Wang et al. [29] analyzed jointly the influ-
ence of k-space acquisition and segmentation quality by iteratively sampling
k-space up to a fixed undersampling rate such that segmentation quality
based on reconstructions within this pipeline is as high as possible. However,

3



this work does not incorporate the intrinsic uncertainty within this pipeline
as well as evaluating when there is ”enough” k-space data. It becomes ap-
parent that prior work on optimizing scan duration has typically focused on
pre-calculating sampling trajectories or defining stopping criteria based on
image-level metrics, without considering model confidence along the diag-
nostic pipeline [30, 31]. This reveals a critical gap: current static acquisition
protocols are inherently inefficient. They may waste valuable scanner time on
anatomically ”easy” cases that could have been reconstructed with sufficient
quality from fewer measurements, or conversely, they may terminate prema-
turely for ”hard” or unusual cases, yielding diagnostically inadequate images.
This one-size-fits-all approach fails to account for the simple fact that some
diagnostic tasks or anatomies do not require perfectly reconstructed images
to yield clinically reliable results.

In this work, we hypothesize that by monitoring the uncertainty of a re-
construction model and its downstream clinical application, one can create
a patient-specific, adaptive stopping rule for k-space acquisition. The core
idea is to halt the scan precisely when the system reaches a pre-defined level
of diagnostic confidence, rather than adhering to a fixed sampling budget.
Such a dynamic stopping criterion would optimize the scan duration for each
individual, allowing for fast scan times while keeping the diagnostic quality
high. This would not only improve patient comfort and scanner through-
put but would do so without sacrificing the diagnostic integrity required for
clinical decision-making.

To address this gap, we introduce CUTE-MRI: a Conformalized Uncertainty-
based framework for Time-adaptivE MRI. This novel framework leverages
uncertainty estimation to determine an optimal, patient-specific stopping
point for the scan, ensuring that the resulting images are fit for a specified
clinical purpose. Our main contributions are threefold:

1. We propose a complete framework for dynamically terminating an MR
acquisition based on the propagation of uncertainty through a diagnos-
tic pipeline, from reconstruction to a downstream clinical measurement.

2. We demonstrate that näıve uncertainty estimates from deep learning
models without adjustment are poorly calibrated and thus unsuitable
for reliable decision-making. We show how to transform these estimates
into rigorous confidence intervals with formal statistical guarantees us-
ing the principled technique of conformal prediction.

3. We validate our framework on two distinct and clinically relevant ap-
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plications: the estimation of patellar cartilage volume from knee MRI
and the computation of left ventricular ejection fraction from cardiac
CINE MRI, demonstrating its effectiveness and generalizability.

2. Methods

We propose a dynamic acquisition pipeline that iterates over a set of
undersampling rates, assesses the uncertainty of derived clinical metrics and
stops the scan once a predefined confidence threshold is reached. The pipeline
operates as follows: after each k-space acquisition step, we first generate a
set of M plausible reconstructions {x(m)}Mm=1 from the currently undersam-
pled k-space data yt using a probabilistic reconstruction model, PHiRec [15],
which we describe in Section 2.1. In Section 2.2 we showcase how to propa-
gate uncertainty where each candidate reconstruction x(m) is segmented by
a deterministic segmentation network, S(·), yielding a set of segmentations
{s(m)}Mm=1, where s(m) = S(x(m)). From these segmentations, a clinical met-
ric of interest, w, is computed via a function f(·), resulting in a set of metric
samples {w(m)}Mm=1, where w(m) = f(s(m)). In our experiments, these met-
rics are the left ventricular ejection fraction and patellar cartilage volume.
We quantify the uncertainty of the metric w by its empirical standard devi-
ation, which is then calibrated using a scaling factor derived from conformal
prediction (Section 2.3). This entire process—reconstruction, segmentation,
metric estimation, and uncertainty calibration—is repeated after each acqui-
sition step. The acquisition is terminated when the calibrated uncertainty
bound falls below a user-defined threshold, ε. A schematic of this iterative
process is provided in Figure 1.

2.1. Probabilistic Hierarchical Reconstruction (PHiRec)

The goal of MR reconstruction is to recover a high-fidelity image x ∈ C
D

from undersampled k-space measurements y ∈ C
M , where M ≪ D. The

relationship is described by the forward model:

y = A(x) + n = MFSx+ n, (1)

where S denotes the coil sensitivity mapping, F is the Fourier transform,
M is the binary sampling mask, and n represents measurement noise. The
combined operator A is the forward encoding model.

Instead of seeking a single point estimate, we aim to model the full poste-
rior distribution p(x | y). This inverse problem can be framed as a de-aliasing
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Undersampled Image Probabilistic Reconstruction

q̂ x σ < ε ?  
Yes: stop scan

No: continue scan

LVEF Estimation

LVEF + q̂ x σ

LVEF - q̂ x σ

LVEF

Segmentationsk-Space

Figure 1: Overview of the proposed dynamic and iterative MR acquisition framework. At
each time step t, k-space data yt is acquired. A probabilistic model generates M candidate
reconstructions {x(m)}, which are then passed to a segmentation network. The resulting
segmentations are used to compute a distribution of a clinical metric (e.g., LVEF). The
uncertainty of this metric is estimated and calibrated. Based on a user-defined stopping
criterion (i.e., if the uncertainty is below a threshold ε), the scan is either terminated or
continued with the acquisition of the next k-space segment.

task by conditioning on the zero-filled reconstruction xu = A∗(y), where A∗

is the adjoint of the forward operator. We thus seek to model the distribution
p(x | xu).

To this end, we employ our previously proposed Probabilistic Hierar-
chical Reconstruction (PHiRec) model [15], a state-of-the-art method for
uncertainty quantification in MR reconstruction. Its high sampling speed,
compared to alternatives like diffusion models, makes it particularly suitable
for the real-time requirements of our dynamic acquisition setting. PHiRec is
a hierarchical conditional variational autoencoder (CVAE) that models the
distribution of reconstruction artifacts across multiple scales. It uses a hier-
archy of latent variables z1:L = {z1, . . . , zL}, where each level l corresponds
to a different image resolution. The generative process is defined as:

p(x|xu) =

∫

p(x|z1,xu)

(

L−1
∏

l=1

p(zl|zl+1,xu)

)

p(zL|xu) dz1:L. (2)

The model is trained by maximizing the evidence lower bound (ELBO) on
the log-likelihood of the data, which, for a given ground truth image x, is
formulated as:

LELBO(x,xu) =Eq(z1:L|x,xu)[log p(x|z1:L,xu)]

−
L
∑

l=1

KL (q(zl|z>l,x,xu) ∥ p(zl|z>l,xu)) . (3)
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Here, q(·) is the approximate posterior (encoder) and p(·) is the prior (de-
coder). Assuming Gaussian distributions for the likelihood and the latent
priors, maximizing the ELBO is equivalent to minimizing a loss function com-
posed of two main terms: a reconstruction loss (typically mean squared error)
corresponding to the first term, and a regularization term that penalizes the
divergence between the approximate posterior and the prior distributions for
each latent level, given by the sum of KL-divergences.

2.1.1. Segmentation

For the downstream segmentation task, we employed a standard 2D U-
Net architecture [32]. The network follows a symmetric encoder-decoder
structure with four downsampling stages. The encoder path begins with
an initial block of two 3×3 convolutions, mapping the input channels to
64 feature maps. Each subsequent downsampling stage consists of a 2×2
max-pooling operation followed by two more 3×3 convolutions, doubling the
number of feature channels at each step (64 → 128 → 256 → 512 → 1024).

The decoder path symmetrically mirrors this design. At each stage, it
uses a 2×2 transposed convolution to upsample the feature maps, followed
by concatenation with the corresponding feature maps from the encoder path
via skip connections. These concatenated features are then processed by two
3×3 convolutions. All convolutional layers, except for the final one, are
followed by Batch Normalization and a ReLU activation function. A final
1×1 convolution maps the 64 feature channels from the last upsampling block
to the number of output classes, producing the segmentation logits. The
model was trained with the fully sampled reconstructions as input, using a
hybrid loss function, defined as the sum of a soft Dice loss (LDice) and a
standard Cross-Entropy loss (LCE):

Lseg = LDice + LCE (4)

2.2. Uncertainty Propagation through the Processing Pipeline

To quantify how uncertainty from the reconstruction stage affects down-
stream clinical metrics, we propagate samples through the entire analysis
pipeline. This Monte Carlo approach allows us to estimate the posterior dis-
tribution of a given metric, conditioned on the undersampled k-space data.

Let y denote the undersampled k-space measurements for a given scan.
Our probabilistic reconstruction network is trained to sample from the pos-
terior distribution of the fully-sampled image, p(x|y). For each y, we draw
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a set of M plausible image reconstructions:

{x̂(m)}Mm=1 ∼ p(x|y), (5)

where each x̂(m) is a sample. Let T (·) be a deterministic function representing
a downstream task (e.g., segmentation followed by volume calculation) that
computes a scalar metric of interest, w. By applying this function to each
reconstruction sample, we generate a set of metric samples:

{w(m) = T (x̂(m))}Mm=1. (6)

These samples, {w(m)}, form an empirical estimate of the metric’s posterior
distribution, p(w|y). From this set, we can compute the final prediction
as the sample mean, ŵ, and an estimate of its uncertainty as the sample
standard deviation, σ

w
:

ŵ =
1

M

M
∑

m=1

w(m), σ
w
=

√

√

√

√

1

M − 1

M
∑

m=1

(w(m) − ŵ)2 (7)

This allows us to define a one-standard-deviation interval, Istd = [ŵ−σ
w
, ŵ+

σ
w
]. A smaller interval suggests a more certain prediction.
For both datasets, the function T (·) involves applying a trained segmen-

tation network, S(·), to the reconstruction samples. For each subject, we
generate M = 20 reconstructions, yielding a set of M segmentation masks
{ŝ(m) = S(x̂(m))}Mm=1. These masks are then used to compute the final clinical
metrics.

2.3. Uncertainty Calibration via Conformal Prediction

While the standard deviation σ
w

provides a useful heuristic for uncer-
tainty, the resulting intervals lack formal statistical guarantees. To construct
prediction intervals with rigorous theoretical properties, we employ the split
conformal prediction framework [33, 34]. This method transforms heuristic
uncertainty estimates into valid prediction intervals that are guaranteed to
contain the true, unknown value with a user-specified probability.

Formally, for a new test sample with undersampled data y, we aim to
construct a prediction interval C(y) for the true metric w that satisfies the
marginal coverage guarantee:

P(w ∈ C(y)) ≥ 1− α (8)
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where α ∈ (0, 1) is a user-defined tolerable error rate. This procedure re-
quires a dedicated calibration set Dcalib = {(yi,wi)}

ncalib

i=1 , where samples are
assumed to be exchangeable with the test data.

The core idea is to define a nonconformity score that quantifies how ”un-
usual” a prediction is, given our heuristic uncertainty. For our symmetric
intervals based on the standard deviation, we define the score for each cali-
bration sample i as the normalized absolute error:

sci =
|wi − ŵi|

σ
w,i

(9)

where ŵi and σ
w,i are the mean prediction and standard deviation derived

from the Monte Carlo samples for calibration sample i and wi is the ground
truth value. These scores {sci}

ncalib

i=1 measure the error in units of predicted
standard deviations.

We then compute a correction factor, q̂, by taking the ⌈(1−α)(ncalib+1)⌉-
th value of the sorted nonconformity scores. This q̂ represents the empirical
quantile of the normalized errors on the calibration set. The final conformal
prediction interval for a new test prediction (ŵ, σ

w
) is then constructed by

scaling the standard deviation by this factor:

C(y) = [ŵ − q̂σ
w
, ŵ + q̂σ

w
] (10)

By construction, this interval is guaranteed to achieve the coverage defined in
Eq. (8). The width of this interval provides a rigorous, data-driven measure
of uncertainty. A wider interval indicates that a larger deviation from the
prediction is needed to be considered ”conformal,” implying higher uncer-
tainty and a greater probability of a large error. This property makes these
intervals highly suitable for defining an uncertainty-based stopping criterion
for accelerated MRI.

3. Experiments

We demonstrate the dynamic uncertainty-guided MR acquisition strategy
described in Section 2 on two datasets that provide raw multi-coil k-space
data: The public Stanford Knee MRI Multi-Task Evaluation (SKM-TEA)
[35], and an in-house cardiac CINE MR dataset. We simulate the acqui-
sition process by retrospectively undersampling the k-space data. The two
datasets contain anatomical segmentations which allow training a segmenta-
tion network and quantify anatomical volumes as introduced earlier, as well
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as evaluating the method. In the following we describe the experimental
setup and the experimental details.

3.1. Experimental Setup

To simulate dynamic MR acquisition, we retrospectively undersample the
fully-sampled raw k-space data using predefined sampling masks correspond-
ing to various acceleration factors R ∈ 4, 8, . . . , 32, as described in the Data
section. Starting from a highly undersampled input, we incrementally reveal
additional k-space data by successively applying sampling masks of increas-
ing density. The acquisition simulation proceeds by moving to the next
predefined k-space subset at each acquisition step, mimicking a real-time,
progressive acquisition process. At each step, we generate a reconstruction
sample and compute the downstream metric of interest (i.e., patellar cartilage
volume or LVEF) along with a calibrated uncertainty interval as described
below. The scan is automatically terminated when the uncertainty interval
for the downstream metric becomes sufficiently tight—i.e., once the width of
the interval falls below a user-defined threshold ε. For the patellar cartilage
volume, we defined εv = 0.5cm3 and for the LVEF as εLV EF = 15%.

3.2. Data and Preprocessing

3.2.1. SKM-TEA

The SKM-TEA dataset provides raw multi-coil k-space measurements of
knee MRIs, accompanied by manual segmentations of six anatomical struc-
tures. While the original dataset includes undersampling masks for up to
16x acceleration based on a Poisson-Disc sampling pattern, we generated a
new set of masks to explore higher acceleration factors. We followed the
same sampling methodology to create masks for a set of acceleration factors
R ∈ {4, 8, 12, 16, 20, 24, 28, 32}. The input images for our models were ob-
tained by applying the adjoint operator (A∗) to the zero-filled, retrospectively
undersampled multi-coil k-space data. As in the original dataset, consistent
spatial dimension across subjects was ensured by zero-padding the under-
sampled k-space.

For our experiments, a dedicated calibration set was required. We created
this set by reallocating five subjects from the original training set and five
from the original validation set. The test set remained unchanged, as defined
by the original benchmark. This partitioning resulted in final splits of 81,
28, 10, and 36 subjects for training, validation, calibration, and testing,
respectively.
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3.2.2. CINE

Our in-house CINE dataset comprises raw multi-coil k-space measure-
ments from cardiac MRI scans, with corresponding manual segmentations
for the left ventricle (LV), myocardium (Myo), and right ventricle (RV).
Multi-slice 2D Cartesian data was acquired with a balanced steady-state free
precession (bSSFP) CINE (2x GRAPPA accelerated) in 8 breath-holds of 12s
duration (2 slices per breathhold) each with 20 seconds pause in between.
Further imaging parameters include 1.9×1.9mm in-plane (acquired and re-
constructed) resolution, slice thickness 8 mm, temporal resolution 40 ms,
25 cardiac phases (reconstructed), TE=1.06ms, TR=2.12ms, flip angle 52°,
bandwidth=915Hz/px.

Due to the dynamic nature of the CINE acquisition, we employed a
Variable-density Incoherent Spatio-Temporal Acquisition (VISTA) sampling
pattern [36] to generate the retrospective undersampling masks. Masks were
generated for the same set of acceleration factors R as used for the SKM-TEA
dataset. Similarly, input images were reconstructed by applying the adjoint
operator (A∗)) to the zero-filled multi-coil k-space data. Consistent spatial
dimension across subjects was ensured by zero-padding the undersampled
k-space. Like for the SKM-TEA dataset, consistent spatial dimension across
subjects was ensured by zero-padding the undersampled k-space.

The full CINE cohort includes 134 subjects suitable for the reconstruction
task. A subset of 40 subjects has corresponding ground truth segmentations
(manually annotated by experienced radiologists with ¿10 years of experience
in cardiovascular imaging), enabling the segmentation task. This disparity
required us to define two distinct data splits. To ensure a fair comparison
and prevent data leakage, the test and calibration sets were kept consistent
across both splits.

• Reconstruction Task: The 134 subjects were partitioned into 95 for
training, 24 for validation, and 10 for testing.

• Segmentation Task: The 40 subjects with annotations were split
into 20 for training, 5 for validation, 5 for calibration, and the same 10
for testing.

3.3. Training Procedures

This section outlines the training protocols for the reconstruction and
segmentation models. For reproducibility, we maintained consistent hyper-
parameters where appropriate and detail any dataset-specific adaptations.
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3.3.1. Reconstruction

A separate PHiRec model was trained for each acceleration factor R ∈
{4, 8, . . . , 32}. The models operate on 2D complex-valued image slices, which
are processed as two-channel real-valued tensors (RH×W×2 of real and imag-
inary parts), where H and W represent the image height and width. For
both datasets, the images were normalized per-slice as in the original paper.

The model architecture was adapted to the different spatial dimensions
of the datasets: 512× 512 for SKM-TEA and 192× 192 for CINE. This was
achieved by setting the number of resolution levels in the PHiRec network
to seven for SKM-TEA and five for CINE. All other model parameters were
kept consistent.

We trained each reconstruction model using the Adam optimizer [37] with
a learning rate of 1 × 10−4 and a batch size of 12. To improve generaliza-
tion, we applied spatial data augmentation in the form of random flips and
rotations. Training was performed for a fixed duration of 10 days on a sin-
gle NVIDIA A100 GPU, which was sufficient to ensure convergence. For
each acceleration factor, we selected the model checkpoint that achieved the
highest Structural Similarity Index (SSIM) [38] on the validation set for final
evaluation.

3.3.2. Segmentation

The U-Net was trained on normalized 2D image slices with spatial dimen-
sions of 512×512 for SKM-TEA and 192×192 for CINE. We used the Adam
optimizer with a learning rate of 1× 10−4 and a batch size of 12. Also here,
we used random flips and rotations to increase generalization and model ro-
bustness. Training was performed on NVIDIA RTX 2080Ti GPUs. The final
model for each dataset was selected based on the checkpoint that achieved
the highest mean Dice Similarity Coefficient (DSC) on the validation set.

3.4. Downstream Metrics and Uncertainty Quantification

3.4.1. Patellar Cartilage Volume for SKM-TEA

For the SKM-TEA dataset, we used the patellar cartilage volume as our
downstream metric. We defined a function V (·) that calculates the volume
from a segmentation mask in cm3, using the voxel spacing provided in the
image metadata. This yields a set of volume samples {v(m) = V (ŝ(m))}Mm=1.
From these samples, we compute the final volume prediction, v̂, and its
associated uncertainty, σv.
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3.4.2. Ejection Fraction for CINE

For the CINE dataset, the metric of interest was the Left Ventricular
Ejection Fraction (LVEF), a critical biomarker for cardiac function. Cal-
culating LVEF requires segmenting the left ventricle at two specific cardiac
phases: end-diastole (ED) and end-systole (ES).

For each subject, we generate 20 reconstruction samples for both the ED
scan, {x̂

(m)
ED }, and the ES scan, {x̂

(m)
ES }. We then apply the segmentation

network to each, obtaining paired sets of segmentation masks: {ŝ
(m)
ED } and

{ŝ
(m)
ES }. The corresponding ED and ES volumes, v

(m)
ED and v

(m)
ES , are calculated

for each possible pairing. This yields us M = 20 × 20 = 400 LVEF samples
using its clinical definition:

LVEF(m) =
v
(m)
ED − v

(m)
ES

v
(m)
ED

× 100% (11)

This process yields an empirical distribution of LVEF values, from which we
compute the final prediction, ˆLVEF, and its uncertainty, σLVEF.

While the standard deviation σ
w
provides an intuitive measure of uncer-

tainty, the resulting interval Istd offers no formal guarantees on its coverage
probability (i.e., how often it contains the true, unknown metric value). To
construct prediction intervals with rigorous statistical guarantees, we lever-
age the conformal prediction framework, as detailed in the following section.

3.4.3. Calibration Details

For all experiments, we set the target error rate to α = 0.1, aiming for
90% coverage. The calibration procedure was performed independently for
each acceleration factor R. This was done using the dedicated calibration
sets described previously, with ncalib = 10 for SKM-TEA and ncalib = 5 for
CINE.

4. Results

After training the models and calibrating the uncertainties as described
in the Methods section, we evaluated our proposed framework in three steps.
First, we quantified the performance of the underlying reconstruction and
segmentation models. Second, we analyzed the behavior of the dynamic
stopping mechanism, comparing outcomes with and without uncertainty cal-
ibration. Finally, we present qualitative examples to visualize the method’s
performance.
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Figure 2: Quantitative evaluation of reconstruction and segmentation performance across
different acceleration factors for two datasets (SKM-TEA and CINE). Each subplot shows
one metric: Structural Similarity Index Measure (SSIM), Peak Signal-to-Noise Ratio
(PSNR), and Segmentation Dice Score. The x-axis denotes the acceleration factor (higher
values correspond to stronger undersampling). Performance consistently improves with
decreasing acceleration, where the models for SKM-TEA yield better metrics compared
to the models for the CINE dataset due to a differences in undersampling.

4.1. Reconstruction and Segmentation Performance

To validate the underlying models, we evaluated reconstruction quality
using the Structural Similarity Index (SSIM) and Peak Signal-to-Noise Ratio
(PSNR), and segmentation accuracy using the Dice Similarity Coefficient
(DSC). Figure 2 shows that for both datasets, all metrics improved as the
acceleration rate decreased, with the highest scores achieved in the fully-
sampled setting. This trend is expected, as more k-space data provides more
information for both reconstruction and the downstream segmentation task.

We also observed that performance on the CINE dataset was notably
lower than on the SKM-TEA dataset across all acceleration factors. This
difference can be attributed to the more challenging VISTA undersampling
pattern used for the CINE data, which tends to produce stronger aliasing
artifacts in zero-filled images compared to the Poisson-disk sampling used
for SKM-TEA.

4.2. Dynamic Stopping Behavior and Coverage

We next analyzed the behavior of the uncertainty-guided stopping mech-
anism. As shown in Figure 3, our method successfully determines patient-
specific scan durations rather than relying on a fixed acquisition time. To
assess the impact of calibration, we compared the distribution of stopping
points determined by uncalibrated versus calibrated uncertainties. Without
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Figure 3: Distribution of stopping frequencies across experimental settings for SKM-TEA
(left) and CINE (right) datasets. The x-axis shows different experimental settings (ac-
celeration factors), and the y-axis indicates the percentage of runs that stopped at each
setting. Results are shown separately for models with and without calibration. Notably,
models without calibration tend to stop earlier compared to models with calibration for
both datasets.

calibration, the mechanism consistently terminated scans prematurely. This
was particularly pronounced for the SKM-TEA dataset, where every scan
was stopped at the highest acceleration factor (32x). In contrast, applying
conformal calibration resulted in significantly longer and more varied scan
durations.

To evaluate the statistical reliability of the uncertainty intervals at the
moment of stopping, we measured the empirical coverage—the percentage
of test cases where the ground truth metric fell within the predicted inter-
val. For SKM-TEA, uncalibrated intervals achieved only 17.6% coverage,
which increased to 61.1% after calibration. For the CINE dataset, coverage
improved from 20.0% to 85.7% with calibration. While calibration substan-
tially improved reliability, the empirical coverage for both datasets remained
below the target of 90%.

Finally, our method is computationally efficient and suitable for real-time
implementation. The entire pipeline—encompassing reconstruction, segmen-
tation, and calibrated uncertainty estimation—requires approximately 28 ms
per slice on an NVIDIA A100 GPU. This translates to an overhead of less
than 0.4 seconds for a typical CINE volume and under 4.5 seconds for a full
SKM-TEA volume, making the approach practical for inline clinical decision-
making.
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Figure 4: Performance of uncertainty-guided early stopping with and without calibration.
The prediction error at point of stopping is plotted against the stopping point determined
by our uncertainty criterion. Results are shown for (left) the SKM-TEA dataset, with
prediction error measured in cm

3, and (right) the CINE dataset, with LVEF prediction
error shown in percent. Each point represents a single reconstruction. The model with
calibration (blue) reliably terminates acquisition at lower acceleration rates with errors
mostly below the task-specific thresholds (dashed lines). In contrast, the uncalibrated
model (orange) often produces reconstructions with unacceptable errors while stopping
comparably early.

4.3. Qualitative Results

To provide a qualitative understanding of our dynamic stopping mecha-
nism, Figures 5 and 6 present representative cases of both early and late scan
terminations. Each figure visualizes the evolution of the reconstruction, seg-
mentation, and the downstream metric along with its calibrated uncertainty
as more k-space data is acquired. As expected, we observe a consistent trend
across all examples: as the acquisition progresses, reconstruction quality and
segmentation accuracy visibly improve. Additional reconstruction examples
are displayed in Figure 7 and 8. Concurrently, the downstream metric esti-
mation converges toward the ground truth value while the corresponding un-
certainty bands narrow. Crucially, instances of high uncertainty consistently
correspond to visible artifacts, segmentation errors, and larger deviations in
the final metric, confirming that our uncertainty estimates effectively track
acquisition quality.

5. Discussion

5.1. Principal Findings

Our study demonstrates that downstream uncertainty can effectively guide
dynamic MRI scan termination, enabling patient-specific acquisition times.
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Figure 5: Patellar cartilage volume estimations along with calibrated uncertainty bounds
and examples of reconstructions and segmentations for all acceleration factors for the
SKM-TEA dataset. The top subject (MTR 196) displays a case of lower uncertainty (and
notably lower error) whereas the bottom subject (MTR 120) displays higher uncertainty
and therefore a longer scan time. The grayed out area indicates the skipped scans.

We establish that conformal calibration is indispensable for this task, as
uncalibrated uncertainty estimates from deep learning models are system-
atically overconfident and lead to premature scan termination with unac-
ceptably high error rates. By providing statistically meaningful uncertainty
intervals, our calibrated approach offers a robust framework for balancing
scan time and diagnostic confidence.

5.2. Interpretation of Key Findings

Our results confirm the expected trade-off between acquisition speed and
image quality, where both reconstruction and segmentation performance im-
prove with increased k-space sampling. The performance gap between the
SKM-TEA and CINE datasets highlights the significant impact of the k-space
sampling strategy on task difficulty. To place our results in context, we veri-
fied that the performance of our models on fully-sampled data is comparable
to benchmarks reported in the original SKM-TEA publication [35] and re-
lated CINE segmentation work [39], confirming the validity of our underlying
models.

The core contribution of this work lies in the dynamic stopping mecha-
nism. The dramatic difference between uncalibrated and calibrated stopping
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Figure 6: LVEF estimates along with calibrated uncertainty bounds and examples of
reconstructions and segmentations for all acceleration factors for the CINE dataset. The
top subject displays a case of lower uncertainty whereas the bottom subject displays higher
uncertainty. One can clearly see the differences in segmentation quality that lead to the
high uncertainty for the lower subject. The grayed out area indicates the skipped scans.

points (Figure 3) reveals a critical insight: raw neural network uncertainties
are not reliable proxies for model error. The uncalibrated models were con-
sistently overconfident, terminating scans when the downstream metric error
was still high (Figure 4). This misalignment poses a significant clinical risk.
Conformal calibration corrects this by widening the uncertainty intervals to
better reflect the true potential for error, leading to more appropriate and
safer stopping decisions. This finding aligns with a growing body of litera-
ture emphasizing the necessity of calibration for deploying machine learning
models in high-stakes medical applications [26, 40].

Furthermore, our qualitative results (Figures 5, 6) visually corroborate
these quantitative findings. The clear correlation between wider uncertainty
bands, visible image artifacts, and inaccurate segmentations provides intu-
itive evidence that the calibrated uncertainty is a meaningful and trustworthy
indicator of quality.

5.3. Limitations and Future Work

Several limitations of this study present avenues for future work. First,
our reconstruction model does not enforce data consistency, which could
potentially improve image quality and reduce uncertainty, leading to earlier,
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32× 16× 8× Ground Truth

Figure 7: Example reconstructions for the SKM-TEA dataset. The top row shows the
undersampled input images along with the ground truth, and the bottom row shows the
corresponding model reconstructions at 32x, 16x, and 8x acceleration.

more efficient scan termination. Integrating a data consistency term within
the probabilistic framework is a clear next step.

Second, our framework adapts the scan duration but not the acquisition
strategy, as it relies on a discrete set of predefined undersampling masks.
A more advanced approach would optimize the k-space trajectory in real-
time, selecting the most informative measurements to reduce uncertainty as
quickly as possible. This could be achieved using techniques like reinforce-
ment learning or Bayesian experimental design.

Finally, while calibration significantly improved the reliability of our un-
certainty intervals, the empirical coverage on the test sets did not consistently
meet the 90% target. This indicates a potential distribution shift between
the calibration and test sets. Moreover, the resulting calibrated intervals,
while statistically valid, may still be too wide for certain clinical applica-
tions. Future work should investigate more advanced calibration techniques,
such as those that account for subgroup shifts, and explore alternative stop-
ping criteria that can achieve a better trade-off between statistical rigor and
clinical utility.
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32× 16× 8× Ground Truth

Figure 8: Example reconstructions for the CINE dataset. The top row shows the un-
dersampled input images along with the ground truth, and the bottom row shows the
corresponding model reconstructions at 32x, 16x, and 8x acceleration. Note the different
artifact patterns in the inputs, stemming from the different undersampling schemes com-
pared to the SKM-TEA dataset (VISTA vs. Poisson-disk).

6. Conclusion

Deep learning has shown tremendous promise for accelerated magnetic
resonance imaging, offering the potential to significantly reduce scan times
while maintaining diagnostic image quality [11]. However, the intrinsic uncer-
tainty inherent in these reconstruction methods necessitates careful model-
ing and quantification to ensure clinical reliability. Despite this critical need,
limited work has explored how to effectively leverage uncertainty estimates
within clinical imaging pipelines, and it remains unclear when sufficient k-
space data has been acquired for reliable downstream applications.

Our work addresses this fundamental gap by providing a principled ap-
proach for leveraging uncertainty arising during accelerated MR acquisition
to determine reliable stopping points based on prediction certainty. We
demonstrate that uncertainty estimates can be effectively utilized to enable
dynamic scan termination, allowing for patient-specific optimization of scan
duration. Our methodology is validated across two distinct datasets, and
we further enhance the reliability of stopping decisions through uncertainty
calibration with mathematical guarantees.

Additional research directions include the incorporation of temporal con-
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sistency constraints for dynamic imaging, the development of more sophis-
ticated undersampling strategies that better reflect clinical acquisition pat-
terns, and the exploration of alternative uncertainty quantification methods
that may provide more informative estimates for stopping decisions.

References

[1] C. Westbrook, J. Talbot, MRI in Practice, John Wiley & Sons, 2018.

[2] J. B. Andre, B. W. Bresnahan, M. Mossa-Basha, M. N. Hoff, C. P.
Smith, Y. Anzai, W. A. Cohen, Toward quantifying the prevalence,
severity, and cost associated with patient motion during clinical mr ex-
aminations, Journal of the American College of Radiology 12 (7) (2015)
689–695.

[3] M. Lustig, D. Donoho, J. M. Pauly, Sparse MRI: The application of com-
pressed sensing for rapid MR imaging, Magnetic Resonance in Medicine
58 (6) (2007) 1182–1195. doi:10.1002/mrm.21391.
URL https://onlinelibrary.wiley.com/doi/10.1002/mrm.21391

[4] F. Knoll, K. Hammernik, C. Zhang, S. Moeller, T. Pock, D. K. Sod-
ickson, M. Akcakaya, Deep-learning methods for parallel magnetic res-
onance imaging reconstruction: A survey of the current approaches,
trends, and issues, IEEE signal processing magazine 37 (1) (2020) 128–
140.

[5] O. N. Jaspan, R. Fleysher, M. L. Lipton, Compressed sensing mri: a re-
view of the clinical literature, The British journal of radiology 88 (1056)
(2015) 20150487.

[6] K. P. Pruessmann, M. Weiger, M. B. Scheidegger, P. Boesiger, Sense:
sensitivity encoding for fast mri, Magnetic Resonance in Medicine: An
Official Journal of the International Society for Magnetic Resonance in
Medicine 42 (5) (1999) 952–962.

[7] M. A. Griswold, P. M. Jakob, R. M. Heidemann, M. Nittka, V. Jellus,
J. Wang, B. Kiefer, A. Haase, Generalized autocalibrating partially par-
allel acquisitions (grappa), Magnetic Resonance in Medicine: An Official
Journal of the International Society for Magnetic Resonance in Medicine
47 (6) (2002) 1202–1210.

21



[8] K. Hammernik, T. Klatzer, E. Kobler, M. P. Recht, D. K. Sodickson,
T. Pock, F. Knoll, Learning a variational network for reconstruction
of accelerated mri data, Magnetic resonance in medicine 79 (6) (2018)
3055–3071.

[9] J. Schlemper, J. Caballero, J. V. Hajnal, A. N. Price, D. Rueckert, A
deep cascade of convolutional neural networks for dynamic mr image
reconstruction, IEEE transactions on Medical Imaging 37 (2) (2017)
491–503.
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