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Background and Objective: Generative Al is transforming medical imaging research through synthesis, enhance-
ment, and reconstruction of clinical images. While these advances show promise in addressing data scarcity and
supporting diagnostics, clinical adoption remains limited due to challenges in assessing the trustworthiness of
generated content. This study aims to systematically evaluate the integration of uncertainty quantification (UQ)
methods within generative models for medical imaging to enhance result reliability. Methods: A systematic re-
view following PRISMA guidelines was conducted, analyzing studies from January 2018 to December 2025 that
combined generative models with UQ techniques in medical imaging. The search strategy covered major medical
and computer science databases, with studies evaluated against predefined inclusion criteria focusing on
implementation methodology and performance metrics. Results: From the analysis of 41 eligible studies, 29
focused on radiology, 8 on microscopy, and 4 on optical coherence tomography. Across this heterogeneous body
of evidence, integrating UQ was frequently associated with improved performance or with more informative
reliability assessment, including reported gains in reconstruction quality, segmentation accuracy, and anomaly
detection. Notably, 56% of studies (n=23) were published in 2025, indicating rapid field growth. Conclusions: UQ
integration represents a crucial advancement toward trustworthy generative Al systems in medical imaging. Key
priorities identified include standardizing uncertainty metrics, developing computationally efficient frameworks,
and embedding uncertainty awareness within generation processes. These findings suggest that UQ methods can
enhance the clinical reliability of generative AI applications in medical imaging.

1. Introduction

Generative artificial intelligence (GenAl) models have advanced to
the point where they can produce synthetic medical images that are
virtually indistinguishable from authentic clinical scans. These models
leverage deep learning (DL) architectures such as Generative Adversa-
rial Networks (GANs) [1], Variational Autoencoders (VAEs) [2], diffu-
sion models (DMs) [3], and transformers [4] to generate synthetic
medical images that can augment limited datasets, enhance image
quality, and facilitate novel diagnostic approaches.

The applications of GenAl in medical imaging span multiple

* Corresponding author.
E-mail address: massimo.salvi@polito.it (M. Salvi).

https://doi.org/10.1016/j.cmpb.2026.109560

modalities and clinical scenarios (Fig. 1). Image reconstruction and
denoising are among the most established applications, where genera-
tive models address the fundamental challenge of acquiring high-quality
medical images while minimizing radiation exposure [5] or scan time
[6]. Cross-modal synthesis enables the generation of one imaging mo-
dality from another, potentially reducing the need for multiple scans and
associated costs [6,7]. Domain translation allows models trained on one
scanner or protocol to be applied to different acquisition settings,
addressing the heterogeneity challenges inherent in medical imaging
[8]. Additionally, data augmentation and simulation [9] through
generative models provides valuable synthetic training data to
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overcome the limited availability of annotated medical datasets [10].
Moreover, generative models can be used in explainability tasks,
providing a reference basis for improving the transparency and inter-
pretability of Al systems [11].

Despite their remarkable potential, GenAl models face significant
limitations that challenge their clinical adoption. First, the evaluation of
generated outputs remains problematic due to the absence of robust no-
reference metrics and inherent model instabilities [18]. Traditional
image quality metrics may not adequately capture clinically relevant
features, while the stochastic nature of many generative models leads to
variability in outputs that can be difficult to assess without ground truth
references [19,20].

Another major challenge is distinguishing between genuine medical
data and out-of-distribution (OOD) synthetic content. Generative
models can generate realistic-looking artifacts or features that appear
clinically plausible but do not exist in the original anatomy [21], which
is especially concerning when these hallucinations may influence diag-
nostic decisions [22]. The difficulty in recognizing when models
encounter data that differ significantly from their training distribution
contributes to this reliability issue. Model instability [23] represents
another critical concern, as small perturbations in input data can lead to
dramatically different generated outputs. This sensitivity undermines
the reproducibility and consistency required for clinical applications,
where reliable and predictable behavior is essential for patient safety
and diagnostic accuracy.

In the last decade, uncertainty quantification (UQ) has emerged as a
promising solution to address these limitations and build trustworthy Al
systems for medical imaging [24]. UQ provides a framework for models
to communicate their confidence levels and identify regions or scenarios
where their predictions may be unreliable [25]. This capability is
essential for clinical adoption, as it enables healthcare professionals to
make informed decisions about when to trust Al-generated content and
when additional verification may be necessary.

While UQ techniques have been extensively studied and adopted in
medical image analysis [26], their application has predominantly
focused on classification [27] and segmentation tasks [28], with limited
exploration in generative modeling scenarios. Classification tasks typi-
cally involve discrete outputs with associated confidence scores, where
UQ helps assess prediction reliability through model calibration tech-
niques [29]. Similarly, segmentation tasks produce discrete masks with
uncertainty estimates that can guide clinician attention to regions of
lower confidence [30].

By contrast, the application of UQ to GenAl models in medical im-
aging has only recently begun to receive broader attention [31]. This
emerging body of work suggests that the field is evolving into a distinct
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and clinically relevant research area. A dedicated review is therefore
needed to organize the available evidence, compare methodological
approaches, and identify the open challenges that may affect the safe
and reliable clinical translation of generative models. This increasing
interest is driven by the rising complexity of generative architectures,
stronger clinical demands for reliable AI systems, and the recognition
that traditional validation approaches may be insufficient for generative
tasks [32,33]. Unlike classification or segmentation, generative tasks
produce continuous outputs that must be evaluated across complex,
high-dimensional image spaces, requiring more specialized approaches
to uncertainty estimation and validation [34].

The integration of UQ into generative medical imaging represents a
crucial step toward building Al systems that can support clinical work-
flows while maintaining appropriate levels of confidence and enabling
meaningful human oversight.

1.1. Research questions and main contribution

The landscape of UQ in generative medical imaging presents several
critical unanswered questions that this systematic review aims to
address. The primary research question of our study is: “What are the
current approaches for quantifying uncertainty in medical image gen-
eration, and how do they perform across different imaging modalities
and clinical tasks?”

Building upon this primary focus, several secondary questions
emerge that are equally important for advancing the field:

e What are the most popular UQ techniques in generative medical
imaging, and what factors influence their adoption?

e How does incorporating UQ affect the performance of generative
models across various evaluation metrics?

e What are the computational trade-offs between different UQ ap-
proaches, and how do they impact clinical feasibility?

e What are the main challenges and opportunities for clinical
application?

This systematic review is the first to provide a comprehensive anal-
ysis of UQ methods applied to GenAI models in medical imaging. While
UQ has been extensively studied in classification and segmentation
tasks, its application to generative medical imaging is a new and rapidly
evolving field that has yet to be systematically reviewed. We present a
systematic taxonomy of UQ approaches designed for generative medical
imaging, categorizing them as probabilistic, Monte Carlo (MC) methods,
Bayesian inference (BI), and ensemble techniques, or non-probabilistic
methods, including interval analysis (IA) and conformal prediction

Denoising Segmentation

Fig. 1. Example of applications of GenAl models in medical imaging. The figure illustrates the diverse range of tasks where GenAl models are currently employed,
including image reconstruction [12], super-resolution (SR) imaging [13], cross-domain translation [14,15], denoising [16] and image segmentation [17].
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(CP). Our cross-modal analysis examines the implementation of UQ
across a broad spectrum of medical imaging modalities and applications,
from radiological imaging reconstruction to microscopic analysis and
diagnostic assessment.

In this paper, we systematically assess the practical aspects of UQ
implementation, such as computational requirements, validation stra-
tegies, and calibration techniques. Finally, we identify key challenges
and future directions for developing trustworthy GenAl in medical im-
aging. We connect current technical limitations with emerging oppor-
tunities in uncertainty standardization, calibration methodologies, and
uncertainty-guided generative frameworks.

2. Methods

The Preferred Reporting Items for Systematic Reviews and Meta-
Analyses (PRISMA) guidelines [35] were closely followed to select the
most relevant articles on UQ methods applied to medical imaging, using
generative DL models.

2.1. Related reviews

While UQ is highly relevant in medical imaging, its application to
GenAl remains relatively unexplored in the literature. To the best of our
knowledge, no review articles have been published specifically
addressing UQ in generative models for medical imaging. The existing
literature includes reviews that address related but distinct topics:

- Osuala et al. [36] provide comprehensive coverage of GANs applied
to medical cancer imaging. Although this review does not specifically
analyze the UQ techniques used in generative models, it dedicates a
section to discussing uncertainty as a potential evaluation metric for
GANSs. In particular, it highlights how predictive uncertainty can
correlate with reconstruction error and serve as an indicator of image
realism, model reliability, and adherence to conditioning inputs in
generative tasks.
Bansal et al. [37] and Tan et al. [38] examine generative models
applied to individual imaging modalities. The former explores the
utilization of GenAl for diabetic retinopathy detection and its po-
tential to enhance Al solutions in healthcare without discussing the
possibility of integrating UQ techniques. The latter focuses on GenAl
applied to breast cancer diagnosis and treatment, but it does not
address the topic of UQ and its role in evaluating model reliability.
Faghani et al. [39] discuss UQ only briefly within broader discus-
sions on DL in radiological imaging, without explicitly examining its
application to generative models.
Huang et al. [40] concentrate on UQ methodologies across several
medical imaging tasks, reconstruction, segmentation, detection,
prediction, rather than exploring generative modeling paradigms
themselves. Generative approaches are only cited incidentally to
illustrate specific applications, without a dedicated discussion of
uncertainty modeling within GenAlI frameworks.

- Seoni et al. [25] present a comprehensive systematic review of UQ in
healthcare applications, covering both machine learning and DL
approaches across imaging and signal domains. However, the review
does not explicitly address GenAl models or the specific challenges of
UQ within generative frameworks.

Taken together, these reviews confirm the relevance of UQ in med-
ical imaging, but they do not provide a focused analysis of how uncer-
tainty is modeled, evaluated, and interpreted in GenAl. This gap
supports the need for a dedicated review specifically centered on UQ in
GenAl for medical imaging.

2.2. Literature search strategy

This review focuses on articles published between January 2018 and
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December 2025 that investigated and applied UQ methods to generative
DL models in medical imaging. The decision to select articles from 2018
onwards is explained by recent advances and trends in the field,
ensuring a comprehensive and detailed analysis of the latest de-
velopments and capturing recent innovations and methodologies. The
search process was conducted in January 2026 across several databases,
including Google Scholar, Scopus, PubMed, and the Institute of Elec-
trical and Electronics Engineers (IEEE) databases. The search strategy
implemented a Boolean approach, combining keywords related to:

o The generative model based on artificial intelligence, “artificial in-
telligence”, “deep learning”, “generative model”, “GAN”, “Genera-
tive Adversarial Networks”, “Diffusion model”, “VAE”, “Variational
Autoencoder”, “Transformer”, “Bayesian Neural Network”,
“Normalizing flow”.

e UQ approaches, “uncertainty”, “perturbation”, “uncertainty estima-

»

tion”, uncertainty quantification”, “stochasticity”, aleatoric uncer-
tainty”, “epistemic uncertainty”.

e Medical imaging modality, “MRI”, “Magnetic Resonance”, “CT”,
“Computed Tomography”, Mammography”, “PET”, “Positron Emis-
sion Tomography”, “SPECT”, “Single-photon Emission Computed
Tomography”, “Digital Pathology”, “Fluorescence”, “OCT”, “Optical
Coherence Tomography”, “OCTA”, “Optical Coherence Tomography

Angiography”, “Ultrasound”, “Dermatology”, “Dermoscopy”.

The initial search yielded 1,217 papers. After eliminating duplicate
papers (n=234) and excluding books, abstracts, conference proceedings,
non-English articles, and articles not published in peer review journals,
the remaining 721 studies underwent title and abstract assessment.
Potentially relevant studies then underwent full-text assessment,
including evaluation of both quality and relevance. Study classification,
categorization, and initial quality assessment were carried out by one
co-author (A.S.). Borderline cases, particularly studies with scores close
to the inclusion threshold, were further discussed with a second co-
author (S.S.) until consensus was reached. Each study was evaluated
across five methodological dimensions, with each dimension scored
from 0 to 3 points, for a maximum total score of 15 points.

The assessment evaluated five key methodological dimensions:

1. Study design quality (0-3 points): Appropriateness and rigor of the
study design; clarity of the medical imaging task and research
objective; adequacy of dataset size and train/validation/test sepa-
ration; use of internal, external, or multi-center validation; consid-
eration of clinical or technical relevance.

2. Medical imaging data and application assessment (0-3 points):
Relevance and quality of the medical imaging data; clarity of imag-
ing modality, anatomical region, disease context, and clinical task;
quality of annotations or reference standards; adequacy of pre-
processing, harmonization, and data-splitting procedures; consider-
ation of scanner, site, and population variability.

3. Generative model assessment (0-3 points): Clear description and
methodological appropriateness of the generative DL model; suit-
ability of the model for the imaging task; quality of model training
and validation; comparison with relevant baselines or alternative
methods.

4. UQ and statistical validation (0-3 points): Explicit definition of the
uncertainty being quantified, including epistemic, aleatoric, or pre-
dictive uncertainty; appropriateness of the UQ method; use of cali-
bration, reliability, robustness, or sensitivity analyses; evaluation of
whether uncertainty estimates were clinically or methodologically
meaningful; transparent handling of statistical assumptions and
missing data.

5. Reporting quality and reproducibility (0-3 points): Completeness and
transparency of methodological reporting following relevant guide-
lines where applicable; clarity in the presentation of datasets, model
architecture, training details, UQ procedure, and results; discussion
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of limitations and potential sources of bias; availability of code, data,
pretrained models, or sufficient implementation details to support
reproducibility.

A threshold of 8/15 points was selected to ensure methodological
quality. Studies with major methodological flaws, unclear UQ proced-
ures, or insufficient reporting were excluded. After screening over 1000
results published over the past years based on defined inclusion criteria
and quality assessment, 41 high-impact studies were selected through a
rigorous process adhering to PRISMA guidelines (Fig. 2). Detailed
quality assessment scores for each included study are reported in the
Appendix Tables A2 and A3.

2.3. Uncertainty assessment in GenAl models

In GenAlI, UQ refers to the analysis and interpretation of variability in
the distribution of images that a model associates with a given input.
The generation of multiple outputs may depend on the intrinsic proba-
bilistic nature of the generative model [6,41]. However, it can also be
achieved by implementing alternative strategies within generative
models where uncertainty is not part of their original formulation [42].

Classification and segmentation tasks produce discrete outputs
(classes or segmentation masks) with associated confidence scores,
where UQ helps assess prediction reliability through model calibration
[25]. In contrast, generative tasks produce continuous outputs (syn-
thetic images), where UQ aims to analyze and quantify the variability
among multiple plausible outputs that the model can generate from the
same input. This analysis provides clinicians with a measure of confi-
dence in the generated images by revealing how consistent or variable
these outputs are across different regions or features.

Computer Methods and Programs in Biomedicine 285 (2026) 109560

It is common to distinguish between two sources of uncertainty:
aleatoric and epistemic. Aleatoric uncertainty is intrinsic to the data. It
occurs when data is mislabeled, noisy, or uninformative [39]. On the
other hand, epistemic uncertainty arises from limitations in the model's
knowledge, resulting from insufficient, biased, or unrepresentative
training data, or design errors in the model itself. While epistemic un-
certainty can be reduced by improving the quality of training data or the
architecture, aleatoric uncertainty is irreducible in most cases [43].

The probabilistic/non-probabilistic taxonomy adopted in this review
builds on the framework proposed by Huang et al. [40], but its appli-
cation to generative medical imaging is not a direct transfer from
discriminative models. In classification or segmentation, uncertainty is
usually associated with a single output, such as a class probability or a
label map. In GenAl models, instead, the output is a distribution of
plausible images, and uncertainty may arise from latent-variable sam-
pling, diffusion trajectories, model parameters, conditioning inputs, or
adversarial instability. Therefore, aleatoric and epistemic uncertainty
may be expressed not only as confidence scores, but also as sample
variability, pixel-wise uncertainty maps, prediction intervals, or cali-
brated risk bounds. In this context, qualitative uncertainty assessment
refers to visual or descriptive evaluation of uncertainty patterns, for
example whether uncertainty maps localize artifacts, boundaries, or
OOD regions, whereas quantitative uncertainty assessment refers to
numerical evaluation using calibration, correlation, coverage, or
interval-based metrics. Table 1 summarizes the taxonomy and termi-
nology used throughout this review.

3. Results

The following section shows the results obtained from the literature

Total: 1217
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Google Scholar (723); IEEE (99)
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Fig. 2. Selection of relevant articles based on PRISMA guidelines. The flowchart shows the systematic review process from 1,217 initially identified papers to 41

high-impact studies selected for final analysis after multiple screening stages.
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Table 1
Taxonomy and acronyms of UQ concepts used throughout this review. UQ
methods are classified according to the probabilistic/non-probabilistic taxon-
omy adopted in the manuscript, while UQ metrics and outputs reported by the
reviewed studies are grouped by category and detailed in Appendix Tables A2
and A3.

Category Abbreviation  Definition / Examples
Probabilistic UQ BI Bayesian Inference
method DE Deep Ensemble
MCD Monte Carlo Dropout
MCMC Markov Chain Monte Carlo
MCS Monte Carlo Sampling
TTE Test-Time Ensemble
Non-probabilistic CP Conformal Prediction
UQ method 1A Interval Analysis
Uncertainty CM Confusion Matrix: Accuracy; Area Under
metrics the Curve (AUC); F1-score; Precision;
Precision Recall AUC (PR AUC); Recall;
Receiver Operating Characteristic AUC
(ROC AUCQ); Sensitivity; Specificity.
Confidence Confidence: Calibration of confidence;

confidence map; confidence score;
Expected Calibration Error (ECE);
Uncertainty Calibration Error (UCE).

1Q Image Quality: Contrast-to-Noise Ratio
(CNR); Mean Absolute Error (MAE); Mean
Absorbed Dose (MAD); Mean Squared Error
(MSE); Peak Signal-to-Noise Ratio (PSNR);
Root Mean Squared Error (RMSE);
Structural Similarity Index Measure (SSIM).

Segm Segmentation: Dice Similarity Coefficient
(DSQ); Intersection over Union (IoU).

UQ Map Uncertainty Quantification Map: Standard
Deviation (Std. Dev.); Variance.
UQ Score Uncertainty Quantification Score:

Calibration of uncertainty; conditional
uncertainty; conformal and interval
guarantees; conformal coverage; conformal
set size; coverage; coverage slack; empirical
risk; Kullback-Leibler divergence (KL);
marginal uncertainty; mean interval size;
median interval size; Negative Log-
Likelihood (NLL); Pearson correlation;
prediction interval size; prediction-satisfies-
risk; risk bounds; Spearman correlation;
uncertainty estimates.

review. Methods for quantifying uncertainty are categorized into two
main types: probabilistic and non-probabilistic methods.

3.1. Probabilistic UQ methods

Probabilistic methods are approaches that represent uncertainty
through probability distributions, enabling the quantification of pre-
diction variability through statistical measures. These methods aim to
characterize the distribution of plausible outputs. Our literature review
revealed three main probabilistic approaches: MC methods, BI, and
Ensemble methods (Fig. 3).

3.1.1. Monte Carlo methods

MC methods [44] involve generating random samples by attempting
to approximate the probability distributions of the generated data. A
larger number of simulated samples allows for a closer approximation to
the true distribution, enabling the accurate quantification of uncer-
tainty. Among the reviewed articles, we identified three main MC
approaches:

- Monte Carlo sampling (MCS): draws independent random samples to
estimate the expected output distribution.

- Monte Carlo dropout (MCD): generates multiple predictions by
randomly activating dropout layers during inference, rather than
only during training as is typically done.

Computer Methods and Programs in Biomedicine 285 (2026) 109560

- Markov Chain Monte Carlo (MCMC): constructs a sequence of
dependent samples that gradually converge to the target probability
distribution.

For MRI reconstructions, Edupuganti et al. [41] leveraged VAE and
created pixel variance maps using MCS. They observed that uncertainty
diminished when adversarial losses decreased, and multiple recurrent
blocks were employed. Through posterior sampling of a DM, Chu et al.
[45] showed that higher acceleration rates for MRI reconstruction
maintained a low level of uncertainty. Sloun et al. [46] devised an
uncertainty-aware DM that actively reduced uncertainty and maximized
diagnostic value in a sequence of experiments during ultrasound (US)
image reconstruction. Compared to random sampling, the uncertain-
ty-driven (maximum information sampling) strategy yielded consis-
tently more efficient and more accurate reconstructions. Stevens et al.
[47] used diffusion posterior sampling for high-volume-rate 3D cardiac
US reconstruction, estimating epistemic uncertainty from the variance
of multiple posterior samples, which increased under stronger sub-
sampling and around synthetic OOD anomalies.

MCS was widely used for UQ in Denoising Diffusion Probabilistic
Models (DDPM). Dou et al. [48] presented a DDPM for standard plane
localization in 3D US, reaching 90% accuracy for detecting anomalies by
thresholding the quantified uncertainty computed as the variance of
multiple inferences. Dong et al. [7] introduced a DDPM for MRI and
estimated uncertainty with standard deviation maps of 50 samples.
Zhang et al. [49] introduced a diffusion-based method for MRI quanti-
tative susceptibility mapping reconstruction, using multiple diffusion
samples to derive voxel-wise standard-deviation uncertainty maps and
assess reconstruction ambiguity. Yu et al. [50] showed that 3D DDPM
exhibited lower uncertainty than 2D DDPM for PET image denoising, by
using uncertainty maps of 20 samples. Gong et al. [6] proposed different
DDPM-based methods for PET image denoising and demonstrated that
the addition of MR images increased the correlation between Mean
Squared Error (MSE) and the generated predictive uncertainty, reduced
uncertainty and improved generative performance. Using a
transformer-based model, Mansouri et al. [51] demonstrated that MCS
was the best approach for scattering correction in quantitative 90Y
Single-photon Emission Computed Tomography (SPECT) imaging,
showing an improvement of 8.62 in Peak Signal-to-Noise Ratio (PSNR)
and reaching mean absorbed data closer to the reference.

For tumor assessment, Rafael-Palou et al. [52] proposed a VAE that
predicted lung nodule growth, future size, and semantic appearance
from an initial Computed Tomography (CT) image. Uncertainty-aware
models achieved better performance in predicting and segmenting
cancer. Xing et al. [53] proposed a MCS DM for 3D MRI and CT image
segmentation to generate uncertainty maps and defined an
uncertainty-guided loss to improve the segmentation of uncertain pixels.
The proposed module achieved the lowest uncertainty value at each
inference step, better segmentation performance, and showed more
significant changes in uncertainty maps between adjacent inference
steps compared to the deep ensemble (DE) and MCD. Liu et al. [54]
developed a Bayesian Neural Network (BNN) for structured illumination
microscopy, which enhanced the reconstruction of densely labeled
structures while enabling the quantification of super-resolution (SR)
uncertainty modelling aleatoric uncertainty with a Gaussian distribution
and epistemic uncertainty with MCS. High uncertainty values tended to
align with super-resolved structures displaying conspicuous errors.
Aleatoric uncertainty more accurately reflected the SR error distribu-
tions compared with epistemic uncertainty.

The integration of dropout sampling [55] during inference enables
approximation of model posterior distributions through neuronal
deactivation. This approach proved valuable in MRI synthesis, where
Finck et al. [56] proposed the usage of uncertainty maps to enhance
clinical utility and trustworthiness of a GAN model, showing they can be
used to distinguish true positive lesions from false positive hyper-
intensities. Similarly, Tolpadi et al. [42] used uncertainty maps for UQ
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Fig. 3. Overview of probabilistic UQ methods in GenAl models. The diagram categorizes the main probabilistic approaches into three branches: MC methods,
ensemble methods, and BI techniques. Each approach offers, distinct strategies for capturing and quantifying uncertainty in generative model outputs through

statistical and probabilistic frameworks.

of a PatchGAN, developed to synthesize post-contrast wrist MRI from
non-contrast scans. Hu et al. [57] used lesion and background scores to
quantify the uncertainty of a CT/PET segmentation conditional GAN
(cGAN). The adversarial generative model with the combination of CT
and PET images reached better performance and lower uncertainty than
the U-Net, both in the lesion and in the background. Jebril et al. [58]
developed a MCD Bayesian U-Net to segment anomalies in Optical
Coherence Tomography Angiography (OCTA) images. The epistemic
uncertainty approach achieved higher Dice, Intersection over Union
(IoU), and sensitivity scores. Galapon et al. [8] investigated the use of
MCD-based uncertainty maps as predictors for verifying proton dose
calculations on MRI-derived synthetic CT images in the context of online
adaptive proton therapy. The CT images were generated using two DL
architectures, a deep convolutional neural network (DCNN) and a
cycle-consistent generative adversarial network (cycleGAN) [59], to
compare the performance of different model architectures in terms of
uncertainty estimation and dosimetric accuracy.

Laves et al. [34] presented a Bayesian model for inverse problems in
medical imaging, evaluating it against MCD on four different tasks
across a variety of modalities: CT reconstruction, Optical Coherence
Tomography (OCT) denoising, dermoscopy inpainting, and MRI SR. For
CT reconstruction, the uncertainty for all methods was high at intensity
discontinuities, which correlated well with the reconstruction error. For
denoising, the model provided well-calibrated predictive uncertainty
maps by means of uncertainty calibration error. MCD exhibited less
severe overfitting and greater robustness towards eventual hallucina-
tions. For inpainting, the model predicted uncertainty was high in re-
gions corresponding to hair, as desired and low in the region of the
chloasma. MCD tended to overly smooth out the inpainted areas. For the
SR tasks, both the proposed model and MCD exhibited high un-
certainties in edge regions as needed. Tanno et al. [60] accounted for
uncertainty in MRI SR through a heteroscedastic noise model. Modelling

the combination of both aleatoric and epistemic uncertainty improved
overall performance. Modelling aleatoric uncertainty improved robust-
ness to outliers, while modelling epistemic uncertainty defended against
overfitting. Uncertainty revealed pathological structures absent from
the training data, serving as a metric of reliability.

For medical image reconstruction tasks, Huang et al. [5] introduced
the MC Arbitrary Scan Masking (MC-ASM) mechanism for UQ. Rather
than randomly deactivating neurons as in traditional MCD, MC-ASM
introduces structured randomness by masking redundant scan infor-
mation. This approach eliminates the need to tune dropout rates and
alleviates the performance degradation often encountered when
applying dropout to low-level imaging tasks, while still providing reli-
able estimates of predictive uncertainty.

Recently, the combination of Bayesian DL and MCD was extensively
adopted for UQ in fluorescence microscopy for SR tasks. Chang et al.
[61] used UQ as an attention mechanism, directing the BNN’s focus
towards areas of high uncertainty to improve SR reconstruction in
structured illumination microscopy. The uncertainty guided MCD
method increased the PSNR by 1.7 dB and the Structural Similarity
Index Measure (SSIM) by 6%. To increase the reliability of BNN-based
reconstruction in fluorescence imaging, Lin et al. [62] provided uncer-
tainty and confidence maps through MCD, allowing biologists to identify
potential imaging errors simultaneously and quantitatively without any
reference. It achieved a significant uncertainty reduction compared to
current methods, overcoming the constraints of unreliability in the
practical application of structured illumination microscopy. Qiao et al.
[63] proposed an uncertainty-aware Bayesian model, designing an ex-
pected calibration error minimization framework that estimates infer-
ence confidence. Confidence maps were highly correlated with error
maps. Through an iterative fine-tuning process, the uncertainty cali-
bration error was reduced by more than fivefold, from 0.1 to 0.018,
while maintaining the output fidelity as measured by PSNR.
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MCMC [64,65] constructs a Markov chain to generate dependent
samples that approximate a target distribution. Through iterative sam-
pling, where each draw depends only on the previous state, the chain
gradually converges to the underlying posterior distribution. It allows
sampling from complex and high-dimensional distributions that are
otherwise intractable to sample from directly. Chung et al. [66] pro-
posed a denoising method for MRI based on score-based diffusion
sampling. Uncertainty in standard deviation maps increased with higher
levels of denoising. Luo et al. [67] developed a DM that enabled efficient
sampling from learned probability distributions for MRI reconstruction.
High undersampling implied high uncertainty in the variance maps.
Zach et al. [68] reached a PSNR improvement of 2.01 for MRI recon-
struction with a Bayesian energy-based model (EBM). Uncertainty maps
provided the clinician with additional information about the inherent
uncertainty in the reconstruction, showing high variance in small
anatomic structures. Liu et al. [69] aimed to accelerate MRI acquisition
by a score-based DM. A Bayesian Convolutional Neural Network (BCNN)
was used to retrieve a score to train the DM. The uncertainty-aware
proposed method improved MRI reconstruction, yielding an increase
in PSNR and SSIM of 2.6% and 2.3%, respectively.

3.1.2. Bayesian inference

BI provides a probabilistic framework for updating knowledge about
unknown quantities based on observed data. This approach combines
prior information with data likelihood to generate posterior distribu-
tions representing uncertainty-aware estimation. BI allows the genera-
tive model to capture and express uncertainty. Repeated inference
produces a distribution of plausible outputs that is consistent with both
the observed data and prior knowledge.

Recent applications in medical imaging demonstrate the versatility
of Bayesian methods. Levital et al. [70] proposed a non-parametric
Bayesian DL framework for low-dose PET reconstruction, using sto-
chastic gradient Langevin dynamics to generate voxel-wise uncertainty
maps that correlated with dose reduction and improved lesion recon-
struction compared with MCD. For multimodal registration, Chen et al.
[71] presented a Transformer architecture whose uncertainty maps
showed strong correlation with actual registration errors, achieving
optimal calibration through expected model error estimation. Similarly,
Liu et al. [72] employed an uncertainty-aware Transformer for OCT
image segmentation. The addition of uncertainty within the attention
module improved Dice Similarity Coefficient (DSC) segmentation per-
formance by 3.8%.

Approximate BI in the form of variational dropout was also employed
in [60], to provide an estimation of epistemic uncertainty in the appli-
cation of SR methods to MRI-based neuroimaging. BI was jointly com-
bined with a heteroscedastic noise model for aleatoric UQ, to quantify
predictive uncertainty over the system output. The results on various
upsampling methods and datasets demonstrated how the joint model-
ling of uncertainty improves reconstruction accuracy. Modelling alea-
toric uncertainty improved robustness to outliers, while modelling
epistemic uncertainty defended against overfitting. Uncertainty
revealed pathological structures absent from the training data, serving
as a metric of reliability.

3.1.3. Ensemble methods

Ensemble methods leverage multiple trained architectures or vari-
ants of the same architecture to enable UQ through analysis of their
collective outputs. This approach generates deterministic results from
individual models while capturing uncertainty through disagreement
between ensemble members.

In fluorescence microscopy, Weigert et al. [73] trained ensembles of
neural networks to detect image areas that cannot reliably be restored.
Their method quantified uncertainty by measuring prediction
disagreement between ensemble members, highlighting problematic
areas in the images. Shin et al. [74] proposed an ensemble DM for MRI
reconstruction. The ensemble approach led to better performance,
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increasing PSNR and SSIM by 2.53 and 1.4%, respectively. Quintero
et al. [75] applied ensemble methods to a Unet- and a CycleGAN-based
model used for generating synthetic CT images of the abdomen for
radiotherapy. This study demonstrated a correlation between the un-
certainty maps and the image quality and dose calculation accuracy.
Through the calculated uncertainty maps, it was possible to represent
the variations derived by the randomness inherited by the models during
the training process. An improvement in accuracy was also proved as
more predictions per input were included in the standard deviation
calculations.

Huang et al. [76] proposed AQuA, a DE-based framework for
uncertainty-aware hallucination detection in virtual tissue staining and
digital pathology (DP), using repeated virtual staining-autofluorescence
cycles and ensemble voting to identify unreliable generative outputs
without requiring histochemical stained ground truth at inference. Their
method achieved 99.8% accuracy on kidney virtual-staining images and
97.8% accuracy on lung virtual-staining images, demonstrating that
ensemble-based UQ can flag realistic hallucinations and poor-quality
outputs that may otherwise mislead human experts.

3.2. Non-probabilistic UQ methods

Non-probabilistic methods address uncertainty without depending
on explicit probabilistic models and are typically employed when pre-
cise probabilities or distributions are unavailable or difficult to ascer-
tain. Rather than making strong assumptions about the underlying
distribution, these approaches represent uncertainty using alternative
mathematical frameworks, such as intervals, to characterize and analyze
the range of possible outcomes (Fig. 4).

3.2.1. Interval analysis

IA quantifies uncertainty by defining input values within bounded
ranges that contain the true value. This approach propagates these in-
tervals through models to determine output bounds, providing conser-
vative variability estimates without requiring probabilistic distribution
assumptions.

Recent applications demonstrate the value of interval-based UQ in
medical imaging. For retinal disease classification, Peng et al. [77]
employed the encoder of a trained Transformer-based generative model,
developed for OCT images, to classify multiple retinal diseases. The
proposed foundation model predicted high uncertainty scores for more
than 85% images of non-target-category diseases or with low quality to
prompt manual checks and prevent misdiagnosis.

In microscopy, Ye et al. [78] proposed a generative method that
simultaneously denoises and predicts pixel-wise uncertainty. Their
method improved algorithm trustworthiness by providing statistical
guarantees and identifying model hallucinations through high uncer-
tainty regions. The system implemented adaptive scanning of uncertain
areas, reducing light exposure and acquisition time by 1.25-17 x
compared to conventional approaches. Furthermore, they demonstrated
uncertainty reduction as denoised images converged to ground truth
features, confirming the reliability of their uncertainty estimates.

3.2.2. Conformal prediction

A promising methodology for UQ in GenAl is CP, a relatively new
framework for deriving statistically rigorous uncertainty sets for the
predictions, making no assumption about the used black-box model nor
the distribution of the data. The derived uncertainty regions contain the
true unknown outcome with a specified error tolerance. Up to now, CP
was successfully used in medical imaging for classification tasks, also in
presence of OOD data [79].

In the field of GenAl for medical imaging, a novel approach adapted
from CP was proposed by Dey et al. [80], focusing on SR models applied
for enhancing the visual quality of CT images. This is based on the use of
residual image prediction and enables the estimation of bounds for the
generated SR images. The uncertainty in the model prediction is
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Fig. 4. Overview of non-probabilistic UQ methods. The figure illustrates alternative approaches to uncertainty estimation that do not rely on explicit probabilistic
models, such as IA. These methods represent uncertainty through bounded ranges and mathematical frameworks that provide conservative estimates without

requiring distributional assumptions.

evaluated by calculating the L1 distance of the high-resolution and SR
images from the upper and lower bounds. In the absence of a reference
high-resolution image the uncertainty is computed as the difference
between the boundary images. The bounds are predicted by means of a
score function, which acts as an attention map to the residual image and
is approximated using the CP, introducing a small correction factor
evaluated at different attention levels. The so-calculated bounds provide
a probable range of images that a specific model may generate.

Wang et al. [81] explicitly addressed this intersection by integrating
CP with a DDPM for MRI SR, proposing E-DM as an
uncertainty-controlled evaluation framework in which pixel-wise upper
and lower bounds are generated through conformalized quantile
regression and risk-controlling prediction sets. This study is particularly
relevant because it demonstrates how CP can be embedded into
DM-based image generation to provide user-defined reliability guaran-
tees while preserving the quality of the generated medical images. Dey
et al. [82] further expanded the use of CP in diffusion-based generative
medical imaging through PathGen, a crossmodal DM that synthesizes
transcriptomic features from digital histopathology. In this setting,
conformal analysis is applied to the outputs enabled by the
diffusion-generated modality, providing conformal sets for tumour
grading and conformal risk bounds for survival estimation, thereby
linking diffusion-based generation with patient-level reliability assess-
ment and fairness analysis across demographic groups.

This type of methodology seems promising also for generative neural
style transfer models, used to transfer the style of medical images with
features strongly dependent on the equipment post-processing software,
like in mammography [83].

4. Discussion
4.1. Main findings

A temporal analysis of the literature reveals a growing interest in
using UQ techniques with GenAl for medical imaging (Fig. 5). Until
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Fig. 5. Temporal distribution of published studies on UQ in GenAI for medical
imaging (2018-2025).

2020, only a few isolated studies investigated this combination,
reflecting the early development stage of both generative techniques
and UQ methods in the medical domain. The period 2021-2024 saw a
gradual but consistent increase, with more pronounced growth in the
2022-2024 period. However, 2025 represents a clear inflection point,
with the number of publications increasing from 5 to 23. This sharp rise
likely reflects not only the rapid expansion of GenAl in medical imaging,
but also a broader recognition that image realism alone is insufficient for
clinical translation without some form of reliability assessment. In this
sense, the increased attention to UQ appears to mirror a shift in the field
from simple image generation toward more clinically oriented frame-
works that also consider confidence, controllability, and safety. More
generally, this temporal evolution is consistent with the maturation of
UQ in medical imaging, where techniques initially developed for clas-
sification and segmentation are now being extended to the more com-
plex setting of generative models.

The analysis of distribution by imaging modality and computational
task (Fig. 6) reveals a clear predominance of radiological imaging. MRI
is the most widely studied modality (n=19), followed by microscopy
(n=10), including DP and fluorescence imaging, CT (n=9), optical
techniques and nuclear imaging that contribute with the same number
of studies (n=4). This distribution is likely influenced by several factors.
First, MRI and CT are among the most widely used modalities in the
development of AI methods because they are supported by relatively
large public datasets, standardized acquisition protocols, and clinically
important applications in reconstruction, denoising, and synthesis.
Second, these modalities are particularly compatible with generative
modeling because they often involve inverse problems, sparse acquisi-
tion, or cross-domain translation tasks, where uncertainty information
can provide practical value. Several studies have demonstrated cross-
modal applications, with Laves et al. [34] investigating UQ across CT,
MRI, OCT, dermatological imaging, and Huang et al. [5] across CT, MRI,
PET, while others investigated dual modalities such as CT/MRI [8,53],
and PET/MRI [6].

In terms of computational tasks, reconstruction is the most common
application (n=17), particularly in radiology, where image quality is
critical for diagnosis accuracy. This predominance is not surprising,
since reconstruction tasks often require the model to recover missing or
degraded information under ill-posed conditions, making uncertainty
estimates especially relevant for identifying unreliable regions or sam-
pling ambiguity. Denoising (n=7) and Segmentation (n=7), span a va-
riety of imaging modalities. SR is very common in the microscopic
domain (n=5), where improved spatial resolution can provide essential
diagnostic information for cellular and tissue investigation. In this
domain, Weigert et al. [73] demonstrate the applicability of UQ across
numerous fluorescence microscopy tasks such as denoising, recon-
struction, and SR.

The analysis of UQ techniques and generative architectures in Fig. 7
reveals significant methodological heterogeneity across imaging mo-
dalities, suggesting that no single UQ-framework architecture pair has
yet emerged as dominant across all applications. DMs are the most
common architecture (n=16), followed by BNNs (n=10), reflecting the
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Fig. 6. Distribution of studies by imaging modality and task. The matrix visualization shows the relationships between different medical imaging modalities (MRI,
CT, PET, SPECT, US, OCT, Fluorescence Microscopy, Dermatology) and GenAl tasks (reconstruction, denoising, synthesis, segmentation, SR, registration, detection,
inpainting). The total number of instances (n=52) exceeds the number of papers (n=41), as several studies address multiple modalities or implement different tasks

within the same imaging domain.
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Fig. 7. Analysis of UQ methods across imaging modalities and generative models. (a) Sunburst diagram showing the hierarchical relationship between imaging
modalities, UQ techniques, and generative model architectures used in the reviewed studies. (b) Distribution of UQ techniques across different medical imaging
modalities. The total number of instances (n=54) exceeds the number of papers (n=41) as several studies address multiple modalities or generative models in the

same work.

increasing popularity of these approaches due to their inherent ability to
model uncertainty. Convolutional Neural Networks (CNNs) and GANs
account for the same number of studies (n=7). A significant number of
studies (n=9) employ hybrid architectures that combine convolutional
network principles with DMs, suggesting an emerging trend toward
integrating the representational efficiency of CNN-based feature
extraction with the probabilistic generation and uncertainty-aware
behavior of diffusion frameworks.

MC methods dominate the UQ landscape, with MCD and MCS ac-
counting for 19 and 14 studies, respectively. This predominance likely
reflects their practical appeal, as these approaches are comparatively
easy to implement, can often be integrated into existing architectures
with limited modification, and are flexible across reconstruction, seg-
mentation, and image synthesis tasks. By contrast, MCMC methods are
reported in only 4 studies, primarily for applications requiring more
rigorous Bayesian uncertainty estimation. Overall, the distribution
shown in Fig. 7 suggests that the field currently favors UQ approaches
that are both methodologically practical and computationally feasible,
particularly in applications where uncertainty estimation must be
incorporated into already demanding generative pipelines.

4.2. UQ outputs in GenAI models

The study of validation procedures demonstrates that the majority of
research employs a quantitative approach to uncertainty evaluation
(n=10 studies) or a combination of qualitative and quantitative methods
(n=19 studies) (Fig. 8a). This trend reflects growing recognition within
the research community that UQ requires numerical validation, while
also acknowledging the importance of qualitative assessment for clinical
interpretability (e.g., uncertainty maps). The comparatively limited
number of studies that depend entirely on qualitative validation (n=14)
indicates that the discipline has progressed from purely subjective
evaluations to more objective, quantitative approaches to uncertainty
assessment.

In terms of uncertainty output formats, UQ maps and confidence
measures are the most common among the research examined (Fig. 8b).
UQ maps are graphical representations of uncertainty that enable phy-
sicians to identify parts of the synthetic images where the model has
higher or lower confidence, which is very useful for clinical decision-
making. Confidence metrics provide a more comprehensive assess-
ment of model certainty, giving the end user an overall reliability score
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Fig. 8. Validation approaches and outputs in uncertainty-aware GenAl models. (a) Sunburst diagram illustrating the types of validation methods employed
(quantitative, qualitative, or both) for UQ in generative models. (b) Distribution of output types provided by uncertainty-aware generative models across the

reviewed studies.

for the generated data. Other output types, including segmentation
masks and image quality metrics, represent specialized applications
where UQ is tailored to specific clinical needs.

The task-specific analysis of UQ implementation (Fig. 9) demon-
strates no significant differences between UQ techniques and generative
tasks, with all UQ approaches being fairly well-represented across tasks.
This distribution indicates that the choice of the UQ approach is more
reliant on the application's unique needs, computational restrictions,
and desired output qualities than on the generating task itself. However,
when the relationship between created outputs and UQ approaches is

examined, a clear pattern is observed: MCS and MCD are primarily
utilized to build UQ maps and confidence measurements. This choice is
most likely due to their ease of implementation, which makes them ideal
for providing pixel-level uncertainty estimates that can be successfully
presented as spatial maps. The versatility of these MC-based approaches
allows for flexible uncertainty representation, accommodating both
local (pixel-level) and global (image-level) UQ needs across different
medical imaging applications.
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Fig. 9. Task-specific UQ implementation and outputs. Sunburst diagram showing the relationship between GenAl tasks, types of uncertainty outputs produced, and

UQ techniques employed.
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4.3. Impact of UQ on GenAlI output

Across the reviewed studies, UQ was often associated with improved
performance, more informative reliability assessment, or both, but these
effects were not universal and depended strongly on how uncertainty
was incorporated into the model [5,34,53]. In general, UQ does not
improve performance simply by estimating uncertainty. Rather, gains
were more likely when uncertainty estimates were actively used to guide
training or inference, for example through uncertainty-aware loss
functions [53], confidence-aware attention mechanisms [61,72], adap-
tive sampling [46,78], or the identification of unreliable regions
requiring refinement or closer inspection [34,76]. By contrast, post-hoc
UQ strategies may primarily improve calibration and interpretability
without necessarily increasing task performance [42,63].

In MRI reconstruction, several studies reported gains associated with
UQ-aware model design or inference. Liu et al. [69] demonstrated PSNR
improvements of 2.6% and SSIM gains of 2.3% through Bayesian UQ,
with particular effectiveness at high acceleration rates (R=14). Simi-
larly, Shin et al. [74] improved MRI reconstruction through an
uncertainty-guided ensemble of DM inferences, increasing PSNR from
34.01 dB to 36.54 dB (+2.53 dB) and SSIM from 0.930 to 0.944
(+1.4%). Tanno et al. [60] found a 12.3% decrease in Root Mean
Squared Error (RMSE) in diffusion MRI enhancement using combined
heteroscedastic and variational uncertainty models. In these cases, the
benefit appears to arise not only from quantifying uncertainty, but from
using it to regularize the model, improve robustness to outliers, or guide
the reconstruction process toward more reliable solutions.

In several studies, UQ was also associated with improved segmen-
tation accuracy and reliability, particularly when uncertainty estimates
were directly integrated into the segmentation pipeline. Xing et al. [53]
found that the Dice score of their DM improved gradually from 89.53%
(baseline) to 90.36% (40.83%) with MC-Diff uncertainty, and then to
91.87% (+2.34%) with complete uncertainty components. In OCT im-
aging, Liu et al. [72] improved Dice by 3.8%, 3.4%, and 1.8% across
separate studies by integrating semantic uncertainty, which was espe-
cially beneficial in border regions and semantic ambiguity. Jebril et al.
[58] found that employing VQ-VAE with uncertainty estimation
improved F1 scores from 0.75 to 0.92 (40.17) for OCTA anomaly
detection. Here, the likely mechanism is that uncertainty helps the
model focus on ambiguous boundaries, sparse lesions, or difficult re-
gions where deterministic predictions are more error-prone.

In the context of DL-based generation of synthetic CT images for
adaptive proton therapy, Galapon et al. [8] reported significant corre-
lations between uncertainty maps and several quantitative metrics,
including Hounsfield units (HU) difference, range error, water equiva-
lent thickness (WET) error, and dose difference, supporting the potential
of MCD-based uncertainty estimation as a robust quality assurance tool
for synthetic CT images. For the DCNN model, uncertainty correlated
most strongly with HU difference with r = 0.92 + 0.03, followed by dose
difference with r = 0.65 + 0.09, WET error with r = 0.64 &+ 0.06, and
range error with r = 0.66 + 0.09. In this case, the main contribution of
UQ was not necessarily to improve the generated image itself, but to
better characterize when the generated output could be considered
reliable for downstream clinical use.

Some studies demonstrated the versatility of UQ across multiple
tasks and modalities. For example, Laves et al. [34] demonstrated
consistent improvements across inverse challenges, obtaining PSNR in-
creases of 2.2 dB in CT reconstruction, 0.88 dB in MRI SR, and 0.04 dB in
OCT denoising. Their method also avoided overfitting, minimized
hallucinatory artifacts, and increased cross-task generalization. Huang
et al. [5] showed improvements in different reconstruction tasks,
including fast MRI, sparse-view CT, and low-dose PET, mitigating the
typical performance drop caused by the commonly used dropout. Their
method achieved the best reconstruction fidelity, and the GAN version
showed the best perceptual quality.

Beyond quantitative performance improvements, UQ integration has

11

Computer Methods and Programs in Biomedicine 285 (2026) 109560

provided several qualitative benefits. Tanno et al. [60] showed
improved generalization to OOD data and the capacity to detect path-
ological features unseen during the training process. Jebril et al. [58]
demonstrated more consistent anomaly localization and increased
robustness across scanners and fields of view. Laves et al. [34] achieved
better calibration of uncertainty estimates, making the models more
reliable for clinical applications. At the same time, not all UQ imple-
mentations improved raw task performance [42,63]. In particular,
post-hoc methods such as MC dropout may mainly provide
better-calibrated uncertainty maps or confidence estimates, while their
effect on predictive accuracy depends on the architecture, the number of
stochastic samples, and the task-specific role of dropout regularization
(for the complete set of study-level metrics, see Tables A2 and A3).

4.4. Advantages of UQ methods and computational considerations

The choice of the UQ method has a significant impact on both the
reliability of uncertainty estimates and the computational feasibility of
clinical deployment. MC methods represent the most widely adopted
approach due to their model-agnostic nature and straightforward
implementation. MCD and MCS require multiple forward passes through
the network, with computational overhead directly proportional to the
number of samples. Reviewed studies typically employ 100-200 samples
for adequate uncertainty estimation [34,56,60], which translates to a
corresponding 100-200x increase in inference time. This overhead is
acceptable for single-slice generative tasks such as 2D MRI reconstruc-
tion [60], CT slice denoising [34] or CT image generation from MRI [8],
but becomes prohibitive for computationally intensive applications like
3D volumetric reconstruction or gigapixel whole-slide imaging in mi-
croscopy [76]. The primary advantage of MC methods lies in their
flexibility: dropout layers can be added to existing architectures without
requiring a fundamental redesign. However, current limitations include
the lack of systematic guidelines for dropout placement and the absence
of universal quality metrics for uncertainty with studies showing sig-
nificant variation in implementation strategies [42,56].

MCMC methods represent a more sophisticated MC approach that
constructs dependent sample sequences to approximate complex pos-
terior distributions [67]. While enabling sampling from
high-dimensional distributions that would be intractable for direct
methods [67,68], MCMC imposes the highest computational burden,
often requiring hundreds to thousands of iterations for convergence.
Despite this complexity, MCMC provides the most rigorous uncertainty
estimates as demonstrated in MRI reconstruction applications [68],
where high computational resources can be leveraged to achieve supe-
rior reconstruction quality.

BNNs provide the most theoretically principled approach by
modeling weight distributions rather than point estimates, offering un-
certainty estimates that closely approximate true epistemic uncertainty
[54,62]. Computational requirements differ considerably across imple-
mentations. Variational approaches need only a single forward pass
[34], whereas sampling-based methods require multiple passes, mir-
roring the computational pattern of MC approaches [54]. Training re-
quires specialized optimization techniques that can be computationally
expensive and may exhibit slower convergence [62]. Despite their po-
tential benefits, BNNs have seen limited adoption due to the architec-
tural modifications they require.

Ensemble methods use the diversity of different models to provide
robust uncertainty estimates, and interestingly, they can outperform MC
approaches with fewer models. When working with 3-5 models in the
ensemble, the inference time scales linearly, which typically results in
faster uncertainty estimation than alternative approaches. However, the
efficiency of the ensemble depends on the performance of the individual
models: poorer models in the ensemble impair uncertainty quality and
may introduce systematic biases [75]. In practice, this means that de-
velopers must not only select comparable models, but also potentially
build weighting algorithms to account for inevitable performance
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variances within the ensemble.

Finally, non-probabilistic methods such as IA provide computational
efficiency at the cost of less informative uncertainty representations.
Requiring only a single forward pass, these approaches are suitable for
resource-constrained environments [77]. However, their deterministic
nature limits the ability to capture the full uncertainty spectrum,
providing binary or bounded estimates that may be less clinically
informative than rich distributional information from probabilistic ap-
proaches [80].

4.5. Challenges

UQ in generative medical imaging still faces several challenges that
limit the reliability and clinical adoption of Al-generated medical
content.

One important issue is the current imbalance between probabilistic
and non-probabilistic UQ strategies, with the latter still only sparsely
represented. Most non-probabilistic studies in our corpus were pub-
lished in 2025, which suggests increasing interest in these methods, but
also indicates that they are still recent and require further methodo-
logical development, broader validation, and more systematic compar-
ison across tasks. These approaches are particularly relevant because
they can transform sample variability into statistically interpretable
prediction sets. This is especially valuable for DMs, whose stochastic
sampling may generate outputs that appear plausible but may still be
clinically unsafe. For example, Teneggi et al. [84] introduced a CP
approach for score-based DMs, providing calibrated intervals and
risk-controlled bounds in image-to-image regression, with additional
validation on abdominal CT denoising. Ekmekci and Cetin et al. [85]
similarly highlighted the need for scalable UQ frameworks by combining
generative posterior sampling, BNNs, and conformal calibration to
jointly address aleatoric and epistemic uncertainty; however, their CP
experiments were demonstrated on MNIST inpainting rather than on
medical imaging data.

A second challenge concerns the close relationship between UQ
methodology and the underlying generative architecture. This is
particularly evident in the recent transition from adversarial to
diffusion-based models. As documented by Azad et al. [86], diffusion
frameworks have rapidly become the dominant generative paradigm,
and this shift is also reflected in our corpus, where DMs are the most
frequent backbone (n=16), compared with GAN-based studies (n=7).
This architectural transition has important implications for UQ. MCD
and MCS were the most frequently used UQ techniques in our review
(n=19, n=14, respectively), but they emerged before the diffusion era as
model-agnostic, post-hoc estimators based on dropout insertion or
repeated stochastic inference. Accordingly, MCD remains concentrated
in deterministic, adversarial, and convolutional settings, including GAN
[56], PatchGAN [42], cGAN [57], and cycleGAN [8]. By contrast, DMs
offer a more native route to uncertainty estimation through variability
across posterior samples or denoising trajectories, without requiring
architectural modification [45,46,66,67], including diffusion posterior
sampling for high-volume-rate 3D cardiac US [47]. In our corpus, none
of the diffusion-based studies used MCD; uncertainty was instead esti-
mated through MCS, MCMC, or conformal and ensemble-based ap-
proaches. This does not mean that MCD has become obsolete, but rather
that the preferred UQ strategy appears to shift with the dominant
generative backbone. A key limitation is that only a few studies provide
architecture-controlled, head-to-head comparisons between
diffusion-native uncertainty estimation and post-hoc approaches such as
dropout-based methods on the same task and dataset. Without such
comparisons, it remains difficult to determine whether apparent ad-
vantages reflect the UQ method itself or the architecture in which it is
applied.

Another challenge is the lack of standardization in uncertainty out-
puts and reporting practices [70]. Current studies use heterogeneous
uncertainty representations, ranging from pixel-wise variance maps [7,
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50] to global confidence scores [63], with little agreement on termi-
nology, scaling, or clinical interpretation. This makes it difficult to
compare results across studies and limits the practical usability of un-
certainty information. A related challenge concerns the interpretation of
uncertainty in relation to hallucinated or weakly supported generated
content. In most cases, UQ methods do not provide a formal proof that a
generated structure is hallucinated; rather, they identify regions where
the output is poorly constrained by the input data, unstable across sto-
chastic realizations, or weakly supported by the learned posterior dis-
tribution. In Bayesian and sampling-based settings, elevated posterior
predictive variance, broad uncertainty intervals, or strong disagreement
across MC samples or ensemble members may indicate that a generated
region is less robust and therefore at higher risk of reflecting halluci-
nated content [67,76]. Similarly, in diffusion-based models, variability
across repeated conditional generations or posterior samples can reveal
anatomically or texturally unstable regions that warrant closer inspec-
tion [47,49]. Conformal approaches provide a complementary mecha-
nism by enabling coverage-aware prediction sets or rejection strategies
for low-confidence outputs, even when hallucinations cannot be directly
localized [80,81]. However, the relationship between uncertainty and
hallucination is not one-to-one: true but rare findings may also receive
high uncertainty, while some confidently generated artifacts may
remain undetected. For this reason, uncertainty estimates should be
interpreted primarily as indicators of risk for unreliable content rather
than as definitive markers of hallucination.

Calibration also remains insufficiently developed for generative
medical imaging. Most existing calibration tools were originally
designed for classification, whereas generative tasks involve continuous
outputs distributed over high-dimensional image spaces. As a result,
standard tools such as reliability diagrams or expected calibration error
may not adequately capture spatially structured uncertainty or the
quality of confidence estimates in generated images. More suitable
calibration strategies for continuous and spatially dependent outputs are
still needed.

4.6. Future directions

Several research directions may help address the current limitations
of UQ in generative medical imaging. A first priority is the development
of more standardized frameworks for uncertainty representation, visu-
alization, and reporting. Because uncertainty outputs are inherently
dependent on the imaging task, the scale at which uncertainty is
expressed, and the computational constraints of the application, a fully
uniform standard may not be realistic. However, a minimum reporting
framework could still substantially improve comparability across
studies. At a minimum, future work should specify the level of uncer-
tainty representation (e.g., voxel-, region-, or patient-level), the type of
uncertainty being modeled (aleatoric, epistemic, or combined), the
format used to express uncertainty (e.g., uncertainty maps, predictive
intervals, entropy-based scores, etc.), and the metrics adopted to eval-
uate reliability, calibration, and the relationship between uncertainty
and model error. Reporting conventions may also need to remain partly
modality- and task-specific, since clinically meaningful uncertainty
outputs may differ across reconstruction, segmentation, and image
synthesis settings. Consistent terminology and reporting practices across
imaging modalities, tasks, and model families would make it easier to
compare studies and to interpret uncertainty outputs in clinically
meaningful ways [76]. Recent framework-oriented work outside medi-
cal imaging suggests a move from isolated post-hoc uncertainty maps
toward more generalizable UQ layers and uncertainty-guided genera-
tion strategies [87,88]. Although these approaches have not yet been
systematically translated into medical imaging, they indicate a possible
direction for more unified and model-agnostic UQ design.

A second priority is systematic, architecture-aware benchmarking of
UQ estimators. At present, methodological choice is often entangled
with the generative backbone itself. Future studies should therefore
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compare diffusion-native posterior sampling, dropout-based approxi-
mations, Bayesian formulations, and ensemble methods on common
datasets and tasks, under matched sampling budgets and with stan-
dardized reporting of calibration performance and computational cost.
Such comparisons would help clarify when the iterative structure of DMs
provides a real advantage over post-hoc estimators, and when lower-cost
approaches such as MCD remain competitive and easier to deploy,
especially in computationally demanding settings such as 3D volumetric
reconstruction or gigapixel whole-slide imaging. As DMs continue to
expand in medical imaging [86], uncertainty estimation may increas-
ingly be embedded within the denoising process itself rather than added
after generation.

Another promising direction is the development of uncertainty-
aware evaluation metrics. Current studies still rely heavily on conven-
tional image-quality measures such as PSNR or SSIM, which do not ac-
count for the confidence associated with different image regions. Future
evaluation frameworks could combine fidelity and uncertainty, for
example by weighting errors according to local confidence or by
explicitly assessing whether uncertainty maps correctly identify unreli-
able outputs.

Uncertainty-guided generation is another area with strong potential
for clinical use. Rather than producing a single result, future systems
could use uncertainty estimates to iteratively refine outputs, trigger
additional processing when confidence is low, or adapt computational
effort according to case difficulty. In this way, uncertainty could become
an active component of the generation process rather than only a
retrospective descriptor of model confidence.

Finally, physics-informed UQ is a promising direction for applica-
tions in which image formation is governed by known acquisition
principles. Although physics-based generative models already incorpo-
rate imaging constraints, they may still fail under OOD conditions, ar-
tifacts, or unexpected pathological patterns. Integrating UQ into these
models could help quantify not only uncertainty in the prediction itself,
but also uncertainty in the validity of the underlying physical assump-
tions. This may be especially relevant in settings where reliable gener-
ation depends both on adherence to imaging physics and on the ability
to detect when those constraints no longer hold.

5. Conclusions

The capacity of GenAl to produce highly realistic medical images
could be transformative for healthcare, but current models lack mech-
anisms to communicate the reliability of their outputs or alert clinicians
when generated content may be unreliable. Our systematic review,
analyzing 41 studies, offers the first comprehensive look at UQ in
medical imaging Al Incorporating UQ was frequently associated with
improved performance or with more informative reliability assessment,
including reported gains in reconstruction quality and segmentation
accuracy. However, these findings were reported across heterogeneous
tasks, modalities, architectures, and evaluation protocols. MC methods
currently lead the field, offering flexibility and compatibility across
different models, though their computational demands remain a chal-
lenge for real-time and large-scale applications. The integration of UQ
within GenAI marks an important step toward more trustworthy systems
in healthcare. Based on our findings, this research field needs to focus on
three key areas: developing standardized uncertainty measures, creating
task-specific calibration methods, and building generation frameworks
that can refine their outputs based on confidence levels.
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Study quality assessment framework

Each paper was assessed using a standardized quality appraisal framework based on predefined criteria. Five key dimensions were evaluated, as

summarized in Table A1l. Studies with a total score below 8 points were excluded to ensure the methodological rigor and overall quality of the review.
This assessment framework enabled the inclusion of only methodologically sound and clinically relevant studies, thereby maintaining consistent

standards across all articles analyzed.

Table Al

Quality assessment criteria for studies on UQ of GenAlI in medical imaging.

Criterion

Excellent (3 points)

Good (2 points)

Basic (1 point)

Insufficient (0 points)

Study design quality

Medical imaging
data and
application
assessment

Generative model
assessment

Uncertainty
quantification and
statistical
validation

Reporting quality
and
reproducibility

Clear research objective and imaging task;
rigorous design with training, validation,
and independent test sets; adequate
dataset size; external or multicenter
validation; clear clinical or technical
relevance.

Imaging modality, anatomy, disease
context, and task clearly described;
reliable annotations or reference
standards; preprocessing well reported;
dataset variability considered.

Model architecture clearly described and
appropriate for the task; training
procedure well reported; performance
assessed with suitable metrics; relevant
baselines included; limitations discussed.
Type of uncertainty clearly defined; UQ
method well justified; uncertainty
validated through calibration or
robustness analyses; results clearly
interpreted.

Methods and results reported clearly and
in full; limitations discussed; code, data,
pretrained models, or enough
implementation detail provided.

Clear objective and appropriate
design; adequate data split;
reasonable sample size; internal
validation; partial discussion of
relevance.

Imaging data and task adequately
described; annotations mostly clear;
preprocessing reported; some
discussion of heterogeneity.

Model described with sufficient
detail; training and evaluation
mostly clear; at least one
comparison method included;
limitations partly discussed.

UQ method clearly described and
generally appropriate; some
validation performed; limited but
adequate statistical analysis.

Most methodological details
reported; results clearly presented;
limitations discussed; study mostly
reproducible.

Basic design; limited sample
size or validation; relevance
only briefly discussed.

General description of imaging
data; limited detail on
annotations or preprocessing;
little discussion of variability.

Model only briefly described;
limited training or evaluation
detail; weak or no comparison
with baselines.

UQ method only briefly
described; uncertainty type
unclear; limited validation.

Basic reporting of methods and
results; several implementation
details missing; limited
discussion of limitations.

Objective or task unclear; data
split not adequately described;
possible data leakage;
insufficient methodological
detail.

Imaging application unclear;
modality, dataset, annotations,
or preprocessing insufficiently
reported.

Model poorly described or not
appropriate for the task;
insufficient implementation
detail; no meaningful
evaluation.

No clear UQ method;
uncertainty not meaningfully
validated; insufficient
information to assess the
approach.

Incomplete methods or unclear
results; major details missing;
insufficient information for
replication.

Included articles

(Table A2,Table A3)

Table A2

Studies with probabilistic UQ methods applied to generative models.

Author Study quality and aim Generative Task ~ Uncertainty Architecture Metrics Results Findings
type and UQ of the GenAl
method model
Weigert Score 12/15. To show SR, Aleatoric: CNN Confidence, Qualitative and Training ensembles of
etal. [73] how content-aware Segmentation, Laplace UCE quantitative. networks was useful for
image restoration based Reconstruction of  distribution Ablation: No. detecting problematic
on deep learning extends  fluorescence Epistemic: DE 90% pixel-wise image areas that cannot
the range of biological images confidence intervals reliably be restored.
phenomena observable were estimated from
by microscopy. Laplace distributions;
epistemic disagreement
was quantified with 5-
network ensembles using
D € [0,1]. Calibration
was assessed with
expected calibration
error, but no numerical
UQ values were reported.
Hu et al. Score 9/15. To propose Segmentation of Epistemic: GAN DSC, UQ score Quantitative. A well-designed NN

[57] an automatic, coarse-to-
fine approach for
Extranodal natural
killer/T cell lymphoma
segmentation using
adversarial networks.

CT and PET
images

MCD

14

Ablation: No.

Lesion uncertainty score:
proposed 0.064 vs U-Net
25.572.

Background uncertainty
score: proposed 0.9777
vs U-Net 0.2915.
CT+PET yielded better

reduced lesion
uncertainty, minimizing
prediction errors related
to lesion volume and
location.

(continued on next page)
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Author Study quality and aim Generative Task  Uncertainty Architecture Metrics Results Findings
type and UQ of the GenAl
method model
segmentation than
single-modality inputs
and fewer outliers than
U-Net-based methods.
Edupuganti Score 8/15. To quantify Reconstruction of  Epistemic: VAE Variance, Qualitative. Increased adversarial
et al. [41] the uncertainty in MRI MR images MCS Uncertainty Ablation: No. loss led to larger
reconstruction with DL Map 1,000 MC uncertainty. Using
models. reconstructions produced  multiple recurrent blocks
pixel-wise variance (cascaded VAE and data
maps. Adversarial loss consistency layers),
increased uncertainty, decreased uncertainty.
while recurrent blocks
reduced it.
Tanno et al. Score 12/15. To propose SR of MR images Aleatoric: CNN RMSE, Qualitative and Combining aleatoric and
[60] to account for intrinsic Gaussian Variance, quantitative. epistemic uncertainty
uncertainty through a distribution Uncertainty Ablation: Yes. improved overall
heteroscedastic noise Epistemic: map MCD reduced RMSE performance. Aleatoric
model and for parameter MCD versus 3D-ESPCN (DTI: uncertainty increased
uncertainty through 6.212-6.116; MAP-MRI:  robustness to outliers,
approximate BI and 2.285-1.951). while epistemic
integrate the two to Predictive uncertainty uncertainty reduced
quantify predictive correlated with RMSE overfitting. Uncertainty
uncertainty over the and detected >90% of also highlighted
output image. unreliable voxels. pathological structures
Uncertainty maps not seen during training.
highlighted pathological
structures outside the
training distribution.
Ablation showed that
larger training sets
reduced epistemic, but
not aleatoric,
uncertainty.
Chen et al. Score 13/15. To present ~ Registration of Epistemic: BI Hybrid: UCE, Quantitative. Bayesian variant
[71] TransMorph, a hybrid CT and MR Transformer, Uncertainty Ablation: No. produced a well-
Transformer-ConvNet images BNN map Calibration using calibrated registration
model for volumetric predictive variance: uncertainty estimate.
medical image miscalibrated
registration, and uncertainty.
Bayesian variants of Calibration using
TransMorph. expected model error:
near-perfect calibration
and uncertainty maps
better aligned with
registration errors.
Finck et al. Score 10/15. To Synthesis of MR Epistemic: GAN: GAN Variance, Qualitative. Uncertainty maps
[56] investigate the images MCD Uncertainty Ablation: No. allowed to discern TP
generalizability of a Map Uncertainty maps from lesions from FP
refined GAN for 100 test-time dropout hyperintensities. The
synthesizing high- runs showed high study showed the
contrast double confidence for most potential benefit of
inversion recovery multiple sclerosis lesions,  uncertainty maps to help
images and propose the while artificial gain trust in GANs and
use of uncertainty maps hyperintensities had high ~ make informed medical
to further enhance its uncertainty, helping decisions.
clinical utility and distinguish true-positive
trustworthiness. lesions from synthesis
artifacts.
Laves et al. Score 11/15. To present Reconstruction of ~ Aleatoric: Hybrid: CNN, PSNR, SSIM, Quantitative. For CT reconstruction,
[34] an unsupervised CT images Gaussian BNN VAE, UCE, Ablation: Yes. although all models
Bayesian approach to SR of MR images distribution EBM Uncertainty Across CT showed a high
inverse problems in Denoising of OCT  Epistemic: Map reconstruction, MRI SR, reconstruction error in
medical imaging using images MCD OCT denoising, and the ribs, only the
mean-field variational Inpainting of dermoscopy inpainting, proposed model
inference with a fully dermatological the proposed tempered associated it with high
tempered posterior. images Bayesian model uncertainty values.

15

outperformed non-UQ
baselines on image-
quality metrics and
produced better
calibrated UCE than
SGLD/MCD in the
reported examples (CT
PSNR 35.05 vs DIP 34.22

(continued on next page)
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Author Study quality and aim Generative Task  Uncertainty Architecture Metrics Results Findings
type and UQ of the GenAl
method model
and SR PSNR 29.91 vs
29.10).
Rafael-Palou  Score 11/15. To propose  Segmentation of Epistemic: VAE Mean and Std. Qualitative and The performances are
et al. [52] a deep hierarchical CT images MCS Dev, quantitative. accompanied by an
generative and Uncertainty Ablation: Yes. uncertainty score.
probabilistic network Map, DSC Dice: Pix2Pix 71%; U-Net ~ Uncertainty-aware
that, given an initial 77%; BNN with dropout models achieved better
image of the nodule, 78%; proposed 78%. performance in
predicts whether it will Predictions were predicting and
grow, quantifies its accompanied by segmenting cancer.
future size, and provides uncertainty scores for
its expected semantic growth probability,
appearance at a future nodule size, and
time. segmentation variability.
Chung et al. Score 9/15. To proposea  Denoising of MR Aleatoric: DM Std. Dev., Qualitative. UQ is used to better
[66] new denoising method images Gaussian Uncertainty Ablation: No. understand the denoising
based on score-based distribution Map UQ used 5 posterior process. It increased with
reverse diffusion Epistemic: samples, with variance higher levels of
sampling. MCMC increasing as o denoising.
(denoising) increased.
Luo et al. Score 9/15. To introduce ~ Reconstruction of  Aleatoric: DM Variance, Qualitative. High undersampling
[67] a framework that MR images Gaussian Uncertainty Ablation: No. implied a high
enables efficient distribution Map Variance maps indicated uncertainty about the
sampling from learned Epistemic: greater reconstruction solution, which may lead
probability distributions MCMC uncertainty under higher  to hallucinations.
for MRI reconstruction. MRI undersampling,
suggesting less certain
solutions and potential
hallucination risk.
Tolpadietal.  Score 9/15. To Synthesis of MR Epistemic: GAN: Variance, Qualitative. Uncertainty analyses are
[42] synthesize post-contrast images MCD PatchGAN Uncertainty Ablation: No. vital to address the
wrist MRI from non- Map Uncertainty maps from criticism of DL
contrast scans. 100 latent perturbations algorithms being “black
showed PatchGAN was boxes”.
more confident in
synovial joints than
UNet.
Zach et al. Score 12/15. To develop Reconstruction of ~ Epistemic: EBM Variance, PSNR, Qualitative and Uncertainty maps
[68] a generative model for MR images MCMC Uncertainty quantitative. provided the clinician
MRI reconstruction that Map Ablation: Yes. with additional
improves PSNR: U-Net 34.16; information about the
generalizability, DM: 34.65; proposed inherent uncertainty in
interpretability, and UQ. 36.17. the reconstruction.
Improvement: +2.01
PSNR over U-Net.
Posterior variance was
high around small
anatomical structures.
Galapon Score 12/15. To Synthesis of Epistemic: CNN Uncertainty Qualitative and Correlations between
et al. [8] evaluate the predictive synthetic CT from  MCD Map quantitative. uncertainty maps and
value of uncertainty MRI Ablation: Yes. quantitative metrics
maps generated with The DCNN produced the (HU, range, and dose
MCD for verifying strongest uncertainty- errors) support the use of
proton dose calculations error relationships, with MCD-based uncertainty
on DL-based synthetic uncertainty-HU 0.92, estimation as a robust
CTs derived from MRIs uncertainty-range 0.66, quality assurance
in online adaptive uncertainty-dose 0.065, approach for DL-based
proton therapy. and dosimetric synthetic CT accuracy
agreement 99.76% + assessment.
0.43%. Uncertainty maps
corresponded to HU,
range, and dose-error
patterns.
Gong et al. Score 12/15. To propose Denoising of PET Epistemic: DM SSIM, PSNR, Quantitative. The addition of MR
[6] and evaluate different and MR images MCS MSE, Ablation: No. images improved
DDPM-based methods Uncertainty MSE-predictive performance both
for PET image denoising. Map uncertainty correlation: globally, regionally and

16

DDPM-MR 60.48%;
DDPM-PET 94.70%;
DDPM-PETMR 92.09%;
DDPM-MR-PETCons
92.46%.

DDPM with PET
information

reduced the uncertainty
values. Adding PET data-
consistency constraint
further reduced the
uncertainty.

(continued on next page)
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Author Study quality and aim Generative Task  Uncertainty Architecture Metrics Results Findings
type and UQ of the GenAl
method model
outperformed GAN
baselines.
Jebril et al. Score 13/15. To propose  Segmentation of Epistemic: BNN, VAE DSC, IoU, Qualitative and Improvement DSC: +9%
[58] a DL-based anomaly OCTA images MCD Sensitivity, quantitative. ToU: +9% Specificity:
detection model to Specificity, Ablation: Yes. +13% Epistemic
identify anomalies in Uncertainty DSC/1oU/Sensitivity/ uncertainty approach
OCTA. Map Specificity: Base 52/37/ successfully segmented
80/67%; BNN 61/46/ anomalous regions.
80/80%);
VAE 60/45/57/91%.
Improvements: DSC
+9%; IoU +9%);
specificity +13%.
VAE and BNN localized
anomalies in OCTA
images.
Liu et al. Score 11/15. To present Segmentation of Epistemic: BI Transformer DSC, Qualitative and The addition of
[72] a novel approach for the =~ OCT images Uncertainty quantitative. uncertainty guided
simultaneous Map Ablation: Yes. attention module
segmentation of multi- DSC: U-Net 73.5/79.1/ improved segmentation
class macular edema. 73.0%; +UQ 77.3/82.5/ performance.
74.8%.
Improvement: +3.8/
+3.4/41.8% DSC.
Epistemic uncertainty
was higher at lesion/
background junctions
and lower in lesion cores.
Van Sloun Score 10/15. To equip Reconstruction of  Aleatoric: DM Variance, MAE Quantitative. Uncertainty-aware
et al. [46] US systems with a US images Gaussian Ablation: No. sampling enabled more
mechanism to actively distribution Acquisition: 12.5% efficient and more
reduce uncertainty and Epistemic: scanlines per frame. accurate US
maximize diagnostic MCS Maximum-information reconstruction.
value across a sequence sampling: 4 lines
of experiments. outperformed random
sampling with 6 lines,
equivalent to about 50%
more useful
measurements.
Reconstruction accuracy
improved versus random
sampling.
Chang et al. Score 11/15. To SR of Aleatoric: BNN Confidence, Qualitative and UQ served as an
[61] introduce a two-step fluorescence Laplace PSNR, SSIM, quantitative. attention mechanism,
strategy that not only images distribution Uncertainty Ablation: No. directing the NN’s focus
quantifies the Epistemic: Map PSNR: +1.7 dB on towards areas of high
uncertainty of DL MCD average. uncertainty to improve
models but also SSIM: +6%. the reconstruction.
enhances SR Uncertainty maps guided
reconstruction. attention toward high-
uncertainty regions
during SIM
reconstruction.
Chu et al. Score 9/15. To presenta  Reconstruction of  Epistemic: DM Std. Dev., Qualitative. With higher acceleration
[45] novel posterior sampler MR images MCS Uncertainty Ablation: No. rates the proposed model
for DMs using implicit Map Standard-deviation maps ~ maintained lower
neural representation, indicated that DiffINR uncertainty.
named DiffINR. maintained lower
uncertainty at higher
acceleration rates than
compared reconstruction
settings.
Dong et al. Score 8/15. To introduce ~ Denoising of MR Epistemic: DM Std. Dev., Qualitative. The uncertainty maps
[7] a Flow-based Truncated images MCS Uncertainty Ablation: No. qualitatively highlighted
DDM for SR MR Map Standard-deviation maps less reliable regions,
Spectroscopic Imaging. computed from 50 especially near the brain
diffusion samples. periphery where lipid
Uncertainty was higher contamination and field
near brain boundaries inhomogeneity are
and was used as an error-  expected.
estimation map.
Dou et al. Score 11/15. To present ~ Denoising of US Epistemic: DM Confidence, Quantitative. UQ could be used in
[48] a probabilistic method images MCS Accuracy, AUC Ablation: No. abnormality detection

based on the conditional

17

Accuracy: 90.67%.

and in development of

(continued on next page)
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Table A2 (continued)

Author Study quality and aim Generative Task  Uncertainty Architecture Metrics Results Findings
type and UQ of the GenAl
method model
DDM for standard plane AUC: 0.98. reliable devices for
localization in 3D US. Uncertainty: positive clinical practice.
cases 11.82 + 40.03 vs
negative cases 0.256 +
0.176.
Decision threshold:
maximum validation-set
uncertainty.

Ekmekci and ~ Score 13/15. To propose  Reconstruction of ~ Aleatoric: BNN Uncertainty Qualitative and The framework produced
Cetinetal.  a scalable framework CT and MR generative Map, NLL, SSIM,  quantitative. uncertainty estimates
[85] that quantifies both images posterior MSE Ablation: Yes. with expected epistemic

aleatoric and epistemic sampling DE improved UQ/ behavior, including
uncertainty in imaging Epistemic: DE reconstruction over reducibility with more
inverse problems by single posterior samplers:  training data and
extending generative average DPS CT NLL/ sensitivity to abnormal
posterior sampling with SSIM/MSE = 12.0958/ test measurements. It
BNNs with latent 0.9211/~0.0002; improved predictive
variables and DE. average UQ-VAE MRI = uncertainty quality over

272.9950/0.5667/ individual generative

~0.0031. DE achieved posterior sampling

lower NLL and higher models.

SSIM.

Epistemic uncertainty

decreased with larger CT

training sets and

highlighted abnormal/

OOD-like artifacts in CT

and MRIL

Huang et al. Score 13/15. To Reconstruction of ~ Epistemic: Hybrid Uncertainty Qualitative and The MC based proposed

[51 introduce MambaMIR, CT, MR and PET MCS Map, PSNR, quantitative. model provided

an Arbitrary-Masked images SSIM Ablation: Yes. uncertainty maps as an
Mamba-based model MambaMIR achieved additional tool for
with wavelet strong fidelity (PSNR clinicians, while
decomposition for joint 32.51/SSIM 0.768; mitigating the typical
medical image abdomen SVCT PSNR performance drop caused
reconstruction and 45.72/SSIM 0.983) by the commonly used
uncertainty estimation. whereas MambaMIR- dropout.

GAN achieved the best

perceptual quality across

reconstruction tasks.

Uncertainty maps

provided MC-based

reliability information

without the usual

dropout-related

performance drop.

Huang et al. Score 14/15. To present Synthesis of DP Epistemic: DE GAN: Confidence Qualitative and The UQ strategy helps

[76] an autonomous quality images cycleGAN score, KL quantitative. identify unreliable
and hallucination divergence, t- Ablation: Yes. generative outputs
assessment method for statistic, ROC Accuracy: kidney virtual without ground-truth
virtual tissue staining AUC, PR AUC, staining 99.8%; lung images at inference. It
and DP. sensitivity, virtual staining 97.8%. improves
specificity, Ablation: repeated VS-AF  trustworthiness of virtual
accuracy cycles and ensemble staining by flagging
voting improved hallucinations and model
hallucination detection failures that may look
versus single-pass/ realistic to human
single-classifier experts.
baselines.
Qualitative: UQ flagged
hallucinated or poor-
quality virtual staining
outputs.

Levital et al. Score 12/15. To propose Reconstruction of  Aleatoric: BI BNN UCE, Std. Dev., Qualitative and UQ using a non-

[70] NPB-LDPET, a DL-based PET images Epistemic: Uncertainty quantitative. parametric Bayesian DL
non-parametric MCD Map, Pearson Ablation: Yes. framewor, produced
Bayesian framework for correlation, Samples: 50. voxel-wise uncertainty
low-dose PET SSIM, PSNR, UCE-Dose reduction maps and demonstrated
reconstruction and NRMSE, MAE factor correlation: strong correlation

uncertainty assessment.

18

BNN r2=0.9174;
MCD r2=0.6144.
Bayes framework vs
MCD: MAE -21%;
local lesion contrast

between uncertainty and
dose reduction,
outperforming MCD in
both reconstruction

(continued on next page)
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Table A2 (continued)

Author Study quality and aim Generative Task  Uncertainty Architecture Metrics Results Findings
type and UQ of the GenAl
method model
+8.3%. accuracy and uncertainty
Uncertainty maps reliability.
aligned with
reconstruction errors,
lesions, and low-SNR
regions.
Lin et al. Score 12/15. To present SR of Aleatoric: BNN Confidence, Qualitative and The proposed model
[62] PG-SIM, a probabilistic fluorescence Laplace Uncertainty quantitative. provided uncertainty
SIM reconstruction images distribution Map Ablation: No. and confidence maps
method based on BNNs Epistemic: Proposed method corresponding to the
and incorporating graph MCD produced pixel-wise imaging results, allowing
representation learning uncertainty and biologists to identify
to model optical prior confidence maps. potential imaging errors
knowledge. Removing the graph- simultaneously and
based optical-prior quantitatively without
module reduced any reference.
reliability. It achieved
higher confidence than
probabilistic baselines
and reached PSNR 32.60
+0.56, SSIM 0.9146
+0.0213 on high-SNR
microtubules.
Liu et al. Score 11/15. To Reconstruction of  Aleatoric: BNN, DM PSNR, SSIM Quantitative. BCNN is used to retrieve
[69] accelerate 3D multi- MR images Gaussian Ablation: Yes. a score to train the DM.
contrast cardiac MR distribution PSNR/SSIM: The proposed
acquisition by a novel Epistemic: base 27.1/91.0%; uncertainty-aware model
method based on score- MCMC BCNN 28.3/92.2%; improved reconstruction
based DMs with self- proposed BCNN+DM performance.
supervised learning. 29.7/93.3%.
Improvement over base:
PSNR +2.6; SSIM +2.3%.
Liu et al. Score 13/15. To develop SR of Aleatoric: BNN Confidence, Qualitative and The proposed model
[54] Bayesian DL for fluorescence Gaussian PSNR, quantitative. quantified both aleatoric
structured illumination images distribution Uncertainty Ablation: No. and epistemic
microscopy, which Epistemic: Map BayesDL-SIM (5 samples)  uncertainties, ensuring
enhances the MCS achieved ~4 x lower more reliable and
reconstruction of calibration error than transparent SR imaging.
densely labeled CARE and >3 x lower
structures while error with decoupled
enabling the training. Model
quantification of SR mismatch increased
uncertainty. epistemic uncertainty by
~400%, bead-density
mismatch by 3-4 x, and
live-cell mismatch by
1.5-2.5 x . It also
reconstructed faint and
intricate structures more
accurately than SIM
baselines, with aleatoric
and epistemic
uncertainties correlating
with true SR errors;
aleatoric uncertainty
better matched error
distributions.
Mansouri Score 10/15. To develop Synthesis of Aleatoric: MCS Hybrid: UNet, SSIM, PSNR, Quantitative. The most accurate
etal. [51] DL models for CT-free SPECT images Transformer MAE, Mean Ablation: No. approach for modelling
attenuation and MC- Absorbed Dose MC correction: attenuation and scatter
based scatter correction SSIM +0.35%; PSNR was MC simulation.
in quantitative 90Y +8.62; MAE -0.11.
SPECT imaging for MAD closer to reference
improved dose data.
calculation.
Qiao et al. Score 14/15. To develop SR of Aleatoric: BNN Confidence, Qualitative and After optimization, the
[63] Bayesian DPA-TISR and fluorescence Laplace PSNR, UCE, quantitative. UCE of Bayesian DPA-
design an expected images distribution Uncertainty Ablation: No. TISR can be substantially
calibration error Epistemic: Map UCE: 0.100 to 0.018, reduced, resulting in
minimization MCD greater than 5-fold well-calibrated

framework that reliably
infers inference
confidence.

19

reduction.

PSNR: 33.48 to 33.42
after calibration.
Confidence maps were

confidence
quantification
capability.

(continued on next page)
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Author Study quality and aim Generative Task  Uncertainty Architecture Metrics Results Findings
type and UQ of the GenAl
method model
highly consistent with
error maps.
Quintero Score 13/15. To Synthesis of CT Aleatoric: CNN, BNN, Uncertainty Qualitative and By combining DE and
et al. [75] evaluate the impact of images ensemble GAN: cycle- map quantitative. MCD, the study shows
model uncertainty on methods for GAN Ablation: Yes. that uncertainty maps
predicted HUs and dose cycle-GAN and UQ setups: DE for CNN/ provide clinically
calculation on synthetic CNN cycleGAN; MCD for BNN  relevant information
CT for abdominal Epistemic: with 100 iterations. beyond MAE, RMSE, and
patients. MCD for BNN Whole-image uncertainty ~ SSIM, particularly for
vs gamma index: identifying image
Spearman=0.84, regions where synthetic
p<0.001. CT errors may affect
PTV-only uncertainty vs adaptive abdominal
gamma index: radiotherapy dose
Spearman=0.01, p=0.8. evaluation.
High uncertainty
appeared near body
contours, vertebrae,
density transitions,
motion, and
misregistration.
Shin et al. Score 8/15. To propose Reconstruction of ~ Epistemic: TTE =~ DM PSNR, SSIM Quantitative. The study proposed an
[74] ensemble and adaptive MR images Ablation: Yes. ensemble approach using
low frequency mixing on PSNR/SSIM: no multiple inferences of a
the DM. ensemble 34.01/93.0%; DM. The study did not
ensemble 36.54/94.4%. mention UQ, but the core
Improvement: PSNR concepts and
+2.53; SSIM +1.4%. methodology of the
proposed ensemble
model aligned with UQ
principles. Ensemble
approach led to better
performance.
Stevens etal.  Score9/15. To introduce  Reconstruction of ~ Epistemic: DM Variance, Qualitative. The proposed framework
[47] a novel approach to 3D US images MCS Uncertainty Ablation: No. not only improves 3D US
US reconstruction from a Map Posterior-sampling reconstruction quality
reduced set of elevation uncertainty maps but also provides
planes by employing increased under stronger  interpretable uncertainty
DM to achieve subsampling and around estimates that support
increased spatial and synthetic OOD robustness analysis and
temporal resolution. anomalies. could guide future
uncertainty-aware
imaging workflows.
Xing et al. Score 13/15. To develop Segmentation of Epistemic: DM UCE, DSC, IoU, Qualitative and Diff-UNet quantitatively
[53] Diff-UNet, a DM for CT and MR MCS Uncertainty quantitative. and qualitatively
general 3D medical images map Ablation: Yes. outperformed SOTA 3D
image segmentation, HRCT DSC: DE 76.20%; medical segmentation
with MC-based MC dropout 76.34%; methods. Improvements
uncertainty maps, an MC-Diff 76.90%. MC-Diff led to an average
uncertainty-guided loss, HRCT UCE: DE 0.540; DSC of 90.36%,
and progressive MC dropout 0.522; representing an
uncertainty-driven MC-Diff 0.515. improvement of 0.83%
refinement across Ablation: MC-Diff over base model. The
diffusion steps. average DSC 90.36% model PURE module
(+0.83% vs base); PURE achieved better
average DSC 91.87%. performance, with an
Uncertainty maps average DSC of 91.87%.
changed more clearly
between diffusion steps.
Yuetal. [50]  Score 10/15. To propose  Denoising of PET  Epistemic: DM Uncertainty Qualitative. 3D DDPM exhibited
and validate a 3D DDPM  images MCS Map Ablation: No. lower uncertainty than
for whole-body PET PSNR/SSIM/CNR values 2D DDPM. Inference
image denoising. are only shown in plots. process was repeated 20
Uncertainty maps from times with different
20 DDPM inference runs random seeds. The
showed lower proposed model
uncertainty for 3D DDPM  exhibited more reliable
than 2D DDPM. quantitative
characteristics.
Zhang et al. Score 10/15. To propose  Reconstruction of ~ Epistemic: DM Std. Dev., Qualitative. The proposed diffusion
[49] a DL-based method for MR images MCS Uncertainty Ablation: No. framework naturally
quantitative Map Voxel-wise uncertainty enables uncertainty

susceptibility mapping
reconstruction that is

20

was estimated as the
standard deviation across

maps, making
reconstruction
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Author

Study quality and aim

Generative Task

Uncertainty Architecture Metrics
type and UQ of the GenAl
method model

Results

Findings

robust to data
perturbations.

multiple diffusion
reconstructions.
Diffusion-QSM achieved
the best NRMSE: 50.30
+3.94.

ambiguity observable
while primarily targeting
improved robustness and
generalization in QSM
inversion.

AF: Autofluorescence; AUC: Area Under Curve; BI: Bayesian Inference; BNN: Bayesian Neural Network; CNN: Convolutional Neural Network; CNR: Contrast-to-Noise
Ratio; CT: Computer Tomography; DCNN: Deep Convolutional Neural Network; DDM: Denoising Diffusion Model; DDPM: Denoising Diffusion Probabilistic Model; DE:
Deep Ensemble; DIP: Deep Image Prior; DL: Deep Learning; DM: Diffusion Model; DP: Digital Pathology; DSC: Dice Similarity Coefficient; DTI: Diffusion Tensor
Imaging; EBM: Energy-based Model; GAN: Generative Adversarial Network; HU: Hounsfield Unit; IoU: Intersection over Union; KL: Kullback-Leibler; MAE: Mean
Absolute Error; MAP: Mean Apparent Propagator; MC: Monte Carlo; MCD: Monte Carlo Dropout; MCS: Monte Carlo Sampling; MR: Magnetic Resonance; MSE: Mean
Squared Error; NLL: Negative Log-Likelihood; NN: Neural Network; OCT: Optical Coherence Tomography; OOD: Out-of-Distribution; PET: Positron Emission To-
mography; PR: Precision-Recall; PSNR: Peak Signal-to-Noise Ratio; RMSE: Root Mean Squared Error; QSM: Quantitative Susceptibility Mapping; ROC: Receiver
Operating Characteristic; SGLD: Stochastic Gradient Langevin Dynamics; SIM: Structured Illumination Microscopy; SNR: Signal-to-Noise Ratio; SOTA: State of the Art;
SPECT: Single-Photon Emission Computed Tomography; SR: Super-Resolution; SSIM: Structural Similarity Index Measure; TTE: Test-Time Ensemble; UCE: Uncertainty
Calibration Error; UQ: Uncertainty Quantification; US: Ultrasound; VAE: Variational Autoencoder; VS: Virtual Staining.

Table A3

Studies with non-probabilistic UQ methods applied to generative models.

Author Study quality and aim Generative Uncertainty Architecture Metrics Results Findings
Task type and UQ of the GenAl
method model
Wang Score 11/15. To evaluate SR of MR Aleatoric and DM Prediction satisfy Qualitative and DM provides statistically
et al. and improve the images epistemic: CP risk, Empirical risk, quantitative. risk-controlled,

[81] trustworthiness of DM Prediction Interval Ablation: No. uncertainty-aware MRI
outputs by adding CP- size, Mean interval Risk setting: alpha=0.1, SR. It can align pixel-level
based uncertainty size, Median delta=0.1. risk with user-defined
intervals to SR3-DDPM interval size, SR- Average SR-Error: 0.0488;  confidence requirements
for MRI SR. error, HR-error, average HR-Error: 0.0497, and improve

Calibration both <0.1 threshold. trustworthiness without
Test HR-Errors: 0.0591, reported degradation of
0.0543, 0.0498, 0.0418, image quality.
0.0435.
Calibration: initial
lambda=[0.9, 1.3]; risk
fluctuated around 0.1 after
fine-tuning.
Pixel-wise lower/upper
confidence intervals were
produced.

Dey Score 12/15. To proposea SR of CT Aleatoric: CP GAN Uncertainty Qualitative. The study provides a

et al. novel approach to predict ~ images estimates, Coverage,  Ablation: No. pipeline to identify SR

[80] a range of SR images that Variance Residual-image bounds models for medical
any generative SR model quantified coverage and imaging leading to
may yield for a given LR uncertainty. For 4 x lung optimal coverage and
image using residual CT, MOMSGAN reached reduced uncertainty.
image prediction. ground-truth/generated-

image coverage 0.458/
0.901 with uncertainty
0.056; uniform attention
improved coverage to
0.592/0.951 with
uncertainty 0.075. The
proposed boundary-
prediction pipeline
achieved the best coverage
with comparatively lower
uncertainty across
attention levels compared
with similar models.

Dey Score 14/15. To show Synthesis of Epistemic: CP DM UQ score, Marginal Qualitative and Uncertainty analysis

et al. that PathGen, a diffusion-  gene- uncertainty, quantitative. showed that synthesized

[82] based crossmodal expression Conditional Ablation: No. transcriptomic features
generative model, can profiles from uncertainty, CP for grade sets and provide clinically
synthesize gene DP images Conformal survival risk bounds meaningful reliability
expression from digital coverage, showed that PathGen- estimates comparable to
histopathology for Conformal set Size, synthesized real transcriptomic data,
accurate, reliable, and Risk bounds, transcriptomic features while enabling fairness-

interpretable prediction
of cancer grade and
survival risk.

21

Coverage slack,
Significance tests

had uncertainty and
coverage closely matching
real transcriptomic data,

aware evaluation of
prediction confidence
across patient groups.
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Author Study quality and aim Generative Uncertainty Architecture Metrics Results Findings
Task type and UQ of the GenAl
method model
with no significant cohort
or subgroup differences.
Synthesized
transcriptomics improved
prediction over WSI alone
and matched real
transcriptomics, with
similar uncertainty (e.g.,
grade: 0.413 vs 0.407;
survival: 0.438 vs 0.446 in
TCGA-GBMLGG).
Peng Score 10/15. Todevelopa  Detection of Epistemic: IA Transformer UQ Score Quantitative. The encoder of a
et al. foundation model with OCT images Ablation: No. pretrained Transformer-
[77] uncertainty estimation to Uncertainty thresholding based generative model,
detect 16 retinal improved F1 from 95.74%  developed for OCT
conditions on OCT. to 97.44% internally and reconstruction, was used
77.11% to 91.47% to classify multiple retinal
externally. diseases on OCT images.
High uncertainty flagged The study evaluated the
89.22%/85.44%/89.03% uncertainty of the
of non-target or low- encoder used as classifier.
quality OCT images.
Yeetal.  Score12/15.Toproposea  Denoising of Aleatoric: 1A CNN Confidence, MSE, Qualitative and DL methods for
[78] method for simultaneous fluorescence SSIM, Uncertainty quantitative. microscopy could be
denoising and pixel-wise images Map Ablation: No. designed to be

uncertainty prediction in
scanning microscopy,
using uncertainty-guided

Adaptive acquisition
savings: 1.25-17x lower
potential light dose/time

trustworthy by building
in UQ to provide error
bars for each prediction.

rescanning of only high-
uncertainty regions to
reduce acquisition time
and light dose.

than non-adaptive
acquisition.
Hallucinated structures
had high uncertainty;
uncertainty decreased
after multi-image
denoising as predictions
converged to ground
truth.

CNN: Convolutional Neural Network; CP: Conformal Prediction; DM: Diffusion Model; DP: Digital Pathology; GAN: Generative Adversarial Network; IA: Interval
Analysis; MC: Monte Carlo; MCD: Monte Carlo Dropout; MSE: Mean Squared Error; OCT: Optical Coherence Tomography; SR: Super-Resolution; SSIM: Structural

Sim

ilarity Index Measure; UQ: Uncertainty Quantification.
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