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Abstract 
Evidential Deep Learning Ensembles for Uncertainty-Aware Segmentation and Volumetry 

of Diffuse Midline Gliomas 

By: Karthik Kasi 

Diffuse midline gliomas (DMGs) have infiltrative, poorly defined boundaries that make 

tumor measurement difficult and variable. Volumetric assessment may be more informative than 

bidimensional response measurements, but manual volumetry is time-consuming and automated 

methods typically provide a single volume without indicating reliability. We evaluated whether 

evidential deep learning (EDL) with model ensembling could generate calibrated 95% 

uncertainty intervals for automated DMG volumes. 

Two five-model EDL ensembles based on SegResNet and nnU-Net v2 were evaluated. 

Voxel-wise probability distributions were propagated into tumor-volume estimates and 95% 

intervals. Analyses included voxel-wise calibration, true-volume coverage, relative interval 

width, and comparison of SegResNet uncertainty with physician difficulty ratings and spatial 

uncertainty annotations. 

The EDL nnU-Net v2 Ensemble approached 95% coverage but produced intervals likely 

too broad for clinical use, whereas the EDL SegResNet Ensemble provided the strongest balance 

between coverage and precision. SegResNet intervals widened with physician-rated difficulty, 

while aleatoric and epistemic uncertainty localized near physician-identified uncertain regions 

and tumor boundaries. These findings suggest evidential ensembling can provide automated 

DMG volumetry with calibrated uncertainty estimates that reflect clinically recognizable sources 

of difficulty. 
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Introduction 

Diffuse midline gliomas are aggressive pediatric tumors that infiltrate critical midline 

brain structures and carry a poor prognosis (Pachocki and Hol, 2022). Progression and treatment 

response are assessed primarily on serial MRI (Gilligan et al., 2020; Warren et al., 2013). 

Current Response Assessment in Pediatric Neuro-Oncology criteria rely largely on 

bidimensional measurements, yet volumetric tumor burden may be more sensitive to clinically 

meaningful change and more strongly associated with outcome (Gilligan et al., 2020; Khalili et 

al., 2024). Accurate, reproducible segmentation is therefore central to longitudinal volumetry. 

DMGs are particularly difficult to segment because their diffuse, infiltrative growth 

obscures the boundary between tumor and normal tissue, resulting in substantial inter-segmenter 

variability (Pachocki and Hol, 2022). Manual contouring is therefore labor-intensive and 

inconsistent, further complicated by heterogeneous MRI signal and indistinct tumor–tissue 

interfaces. Deep learning offers rapid, reproducible segmentation, with performance approaching 

expert readers in recent multi-dataset studies (Boyd et al., 2024; Kazerooni, 2024). However, 

most models reduce voxel-wise probabilities to a single binarized segmentation (Mehrtash et al., 

2020). If those probabilities are uncalibrated or overconfident, the contour can conceal 

substantial uncertainty, particularly in atypical or difficult scans (Mehrtash et al., 2020). 

A calibrated interval around tumor volume could make automated measurements 

clinically actionable. A narrow interval would support confidence that the reported volume is 

reliable, whereas a wide interval would signal that the scan requires expert review. Across serial 

MRI, these intervals could show whether an apparent increase or decrease exceeds segmentation 

uncertainty, helping distinguish likely biological change from measurement variability. Without 
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calibration, clinicians cannot know when to trust an automated volume or when uncertainty 

could alter interpretation. 

Meaningful intervals must account for two sources of uncertainty. Epistemic uncertainty 

reflects differences in learned knowledge or methodology (Huang et al., 2022; Zepf, 2024). 

Radiologists may contour differently because they follow different conventions—such as 

whether to include necrotic tissue—or interpret findings through different experience; models 

can likewise learn different rules from available annotations. Clearer labeling standards, more 

representative annotations, or improved training may reduce this uncertainty (Huang et al., 2022; 

Zepf, 2024). Aleatoric uncertainty reflects ambiguity inherent in the image (Huang et al., 2022; 

Wang et al., 2019). Even an experienced radiologist using a consistent method may remain 

unsure of a boundary because of low contrast, artifacts, partial-volume effects, or infiltrative 

growth (Wang et al., 2019). 

Deep ensembles capture epistemic uncertainty by treating independently trained networks 

as a panel of computational readers. Agreement supports a reliable segmentation; disagreement 

identifies predictions that depend strongly on learned parameters. This variation can flag 

unfamiliar scans and define a distribution of plausible tumor volumes rather than a single 

estimate. 

Evidential deep learning complements this approach by representing uncertainty within 

each network. Standard models produce a point estimate of class probability—typically through 

a sigmoid or softmax—and threshold it into a binary mask, indicating the preferred label but not 

its evidential support. EDL instead learns non-negative evidence for each class and uses that 

evidence to parameterize a distribution over possible class probabilities (Hu et al., 2024; Li et al., 

2022). Common implementations use a Beta distribution for binary segmentation or a Dirichlet 
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distribution for multiclass segmentation (Tan et al., 2024). The distribution’s mean gives the 

predicted probability, while its concentration reflects evidential strength: clear features yield 

concentrated evidence, whereas ambiguous boundaries yield weaker, broader evidence (Hu et al., 

2024; Tan et al., 2024). EDL thus preserves voxel-level uncertainty that a single probability and 

binarized contour can obscure (Li et al., 2022). 

The approaches are complementary: ensembles capture variation across learned models, 

while EDL captures uncertainty in each voxel-level prediction. Together, they can produce 

volume intervals that reflect uncertainty in both the model and image.  

This thesis evaluates uncertainty-aware approaches to DMG segmentation and volumetry. 

Two five-model EDL ensembles—the lab-developed EDL SegResNet Ensemble (Guennoun et 

al., 2026) and a newly implemented EDL nnU-Net v2 Ensemble—were compared with a 

standard nnU-Net v2 benchmark. Performance was assessed using segmentation accuracy, voxel-

wise probability calibration, tumor-volume interval coverage, and relative interval width. The 

EDL SegResNet Ensemble was further evaluated against assessments from an independent 

physician to determine whether model performance and interval width reflected image difficulty 

and whether model-derived aleatoric and epistemic uncertainty localized to physician-identified 

regions of uncertainty. Together, these analyses examined whether the models could preserve 

segmentation accuracy while providing calibrated, informative estimates of uncertainty in tumor 

segmentation and volume. 
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Methods 

Model Architectures and Inference 

EDL SegResNet Ensemble 

The first model was the EDL SegResNet Ensemble, a homogeneous ensemble of five 

SegResNet-based EDL models adapted from the prior meningioma uncertainty framework 

(Guennoun et al., 2026). Each model was initialized from the meningioma-pretrained network 

and fine-tuned on DMG FLAIR images with all layers unfrozen, allowing both the learned 

features and segmentation head to adapt to the new task. This transfer-learning strategy was used 

because it outperformed training the same architecture from scratch. 

EDL nnU-Net v2 Ensemble 

The second model was the EDL nnU-Net v2 Ensemble, which used the same five-

member evidential ensemble structure as the EDL SegResNet Ensemble but replaced the EDL 

SegResNet backbones with nnU-Net v2 models modified to produce evidential outputs 

(Guennoun et al., 2026). In each ensemble member, nnU-Net v2 served as the base segmentation 

architecture, with the output adapted to estimate non-negative evidence for tumor and non-tumor 

classes rather than only a single deterministic probability map. All five models were trained 

independently from scratch on the DMG training cohort. This model tested whether the 

evidential ensemble framework generalized to a self-configuring segmentation architecture. 
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Standard nnU-Net v2 Control 

The third model was a standard nnU-Net v2 binary segmentation network trained from 

scratch. Because nnU-Net v2 is a widely used modern segmentation framework, it served as a 

benchmark for comparing the performance and interval-based outputs of the two EDL ensembles 

(Isensee et al., 2020). 

Inference 

At inference, the EDL SegResNet Ensemble and EDL nnU-Net v2 Ensemble each 

produced a voxel-wise Beta distribution for tumor probability, following the framework 

described by (Guennoun et al., 2026). The 2.5th-percentile, 50th-percentile, and 97.5th-

percentile probability maps were extracted and thresholded at 0.5 to generate inclusive, median, 

and conservative binary segmentations, respectively. Tumor volumes were calculated from each 

segmentation. The median segmentation provided the point estimate of tumor volume, while the 

volumes derived from the 2.5th- and 97.5th-percentile segmentations defined the bounds of the 

95% interval. 

Standard nnU-Net v2 control. The standard nnU-Net v2 produced a single voxel-wise 

tumor-probability map. Probabilities were thresholded at 0.5 to obtain the binary segmentation 

used for the point estimate of tumor volume (median segmentation). For comparison with the 

EDL-derived interval, voxels with tumor probabilities greater than or equal to 0.025 were 

included in an inclusive segmentation, whereas voxels with probabilities greater than or equal to 

0.975 were retained in a conservative segmentation. The corresponding volumes were used as 

bounds around the standard model’s point estimate. 
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Training and Testing Datasets 

Training dataset  

The training cohort comprised 591 FLAIR MRI images collected from four institutions or 

datasets: the University of Zurich, the University of California, San Francisco, the University of 

Michigan, and the public Brain Tumor Segmentation in Pediatrics (BraTS-PEDs) dataset (Fathi 

Kazerooni et al., 2025). Patients contributed an average of 2.13 images each. Of the 591 images, 

177 were confirmed pretreatment, 329 were confirmed post-treatment, and 85 had unknown 

treatment status. BraTS-PEDs images were not labeled as pre- or post-treatment. Each image 

was accompanied by a physician-defined tumor segmentation that served as the ground truth. 

Images that were not already skull stripped underwent brain extraction using HD-BET (Isensee 

et al., 2019). For both EDL ensembles, each of the five constituent models received a different 

80% subset of the training cohort to promote diversity across ensemble members. The EDL 

SegResNet Ensemble members were fine-tuned on these subsets, whereas the EDL nnU-Net v2 

Ensemble members were trained from scratch. The standard nnU-Net v2 control was trained 

from scratch using 100% of the training cohort. 

Testing dataset 

The independent test cohort comprised 89 FLAIR MRI images: 15 held-out images from 

BraTS-PEDs and 74 images from the Pacific Pediatric Neuro-Oncology Consortium (PNOC). 

Patients contributed an average of 1.51 images each. Of the 89 images, 25 were confirmed 

pretreatment, 49 were confirmed post-treatment, and 15 had unknown treatment status. All 

testing images had a physician-defined tumor segmentation, which served as the ground truth for 
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evaluation. Images that were not already skull stripped underwent brain extraction using HD-

BET (Isensee et al., 2019). 

Cross-model Comparison Metrics 

Dice Similarity Coefficient 

Segmentation performance was assessed using the standard Dice similarity coefficient, 

which measures the spatial overlap between the predicted and ground-truth segmentations. For 

both EDL ensembles, Dice was calculated only from the median binary segmentation. For the 

standard nnU-Net v2 control, Dice was calculated from the binary segmentation obtained by 

thresholding the tumor-probability map at 0.5. 

Volume Coverage 

Volume coverage measured the percentage of test examinations for which the ground-

truth tumor volume fell within the model’s predicted lower and upper volume bounds. 

Evaluation focused on whether each interval-generation method achieved the intended 95% 

coverage target. Lower coverage indicated that intervals excluded the ground truth too often, 

whereas substantially higher coverage could reflect overly conservative intervals with limited 

clinical precision. 

Voxel-wise Probability Calibration 

Voxel-wise calibration assessed whether predicted tumor probabilities matched observed 

tumor frequencies across the test set. Voxels were grouped into 10 equal-width probability bins 

spanning 0 to 1. Within each bin, the mean predicted tumor probability was compared with the 

proportion of voxels labeled as tumor in the ground-truth segmentation. Thus, a bin with a mean 
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predicted probability of approximately 0.8 was well calibrated if approximately 80% of its 

voxels were tumor. These quantities were first accumulated for each test image. For the pooled 

calibration curve, voxel counts, sums of predicted probabilities, and ground-truth tumor counts 

were then summed across the test set before the bin-level means and observed frequencies were 

calculated. This analysis evaluated calibration of voxel-level probabilities and was distinct from 

volume coverage, which tested whether the ground-truth tumor volume fell within predicted 

volume intervals at specified nominal coverage levels. 

Relative Interval Width 

High coverage can be achieved simply by generating very wide volume intervals, but 

such intervals may be too imprecise to guide clinical interpretation. Relative interval width was 

therefore used to assess interval tightness. For each examination, the difference between the 

upper and lower predicted volumes was normalized by the ground-truth tumor volume and 

expressed as a percentage, allowing interval size to be interpreted relative to tumor burden. 

Smaller values indicate more precise intervals, whereas larger values indicate greater uncertainty 

and reduced clinical usefulness. Relative interval width was considered alongside coverage to 

identify models that approached the 95% coverage target without producing unnecessarily broad 

intervals. 

Physician–Model Uncertainty Concordance 

Physician Difficulty and Uncertainty Annotations 

A physician who was not involved in generating the ground-truth segmentations or 

training the models independently rated the segmentation difficulty of every test image on a five-

point scale, where 1 indicated low difficulty and 5 high difficulty. For a selected subset of test 
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images and slices, the physician also labeled voxels as confidently tumor, confidently non-tumor, 

or confusing. Voxels labeled as confusing formed the physician reference map of spatial 

uncertainty. 

Model Uncertainty Analysis and Physician Concordance 

Corresponding aleatoric and epistemic uncertainty maps were generated from the EDL 

SegResNet Ensemble. Epistemic uncertainty reflected concordance across the five ensemble 

members, whereas aleatoric uncertainty reflected the width of each model’s voxel-wise output 

distribution; exact derivations followed (Guennoun et al., 2026). For each annotated image, the 

number of voxels in the physician’s confusing-region map was counted. Each model uncertainty 

map was then thresholded to retain the same number of highest-uncertainty voxels, producing 

matched binary maps for comparison. Physician-defined confusing regions served as the 

reference. Spatial agreement with the aleatoric and epistemic maps was assessed visually and 

quantified using the Dice similarity coefficient and average symmetric surface distance (ASSD). 

Uncertainty was also characterized relative to the ground-truth tumor boundary for each 

test image. Signed voxel distances were negative inside the tumor, positive outside the tumor, 

and 0 mm at the boundary. Voxels were grouped into distance bins, and mean aleatoric and 

epistemic uncertainty was calculated within each bin for each image. Image-level values were 

summarized across the test set by the median and 2.5th–97.5th percentile range. To compare 

spatial patterns rather than absolute scale, each uncertainty measure was normalized to its own 

maximum median value. 
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Results 

 

Figure 1. Example EDL SegResNet segmentations.  

Three representative test-set cases are shown. Columns display the raw skull-stripped FLAIR image, corrected 
ground-truth tumor segmentation, and conservative, median, and inclusive EDL SegResNet segmentations. The 
conservative, median, and inclusive masks represent progressively less restrictive uncertainty thresholds. Predicted 
segmentations (orange) are shown as colored overlays, with the ground-truth boundary outlined (blue) for 
comparison.  
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Figure 2. Cross-Model Performance.  

(A) True versus predicted tumor volume on the test set for the EDL SegResNet Ensemble, EDL nnU-Net v2 
Ensemble, and standard nnU-Net v2. Points represent individual test images and are colored by physician-assigned 
difficulty rating (1–5, low to high). Vertical error bars show each image’s 95% tumor-volume interval, and the 
dashed diagonal line indicates perfect agreement. (B) Voxel-wise calibration on the test set, showing mean predicted 
tumor probability versus observed tumor frequency across pooled probability bins. Marker size reflects the number 
of voxels in each bin, and the dashed diagonal line indicates perfect calibration. (C) Test-set Dice, 95% volume 
coverage, and relative interval width across models. Values represent median image-level Dice, the proportion of 
test images covered by the 95% tumor-volume interval, and median image-level relative interval width. Error bars 
show bootstrap 95% confidence intervals from 20,000 resamples, and the dashed horizontal line marks nominal 95% 
coverage. 
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Figure 3. Physician Alignment and Spatial Characteristics of EDL SegResNet Ensemble Uncertainty. 

(A) Three representative test-set cases showing raw FLAIR, ground-truth tumor segmentation, aleatoric uncertainty, 
epistemic uncertainty, and physician-annotated uncertainty. (Figure caption continued on the next page.)  
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(Figure caption continued from the previous page.) The uncertainty annotations were provided by an independent 
physician who was not involved in creating the ground-truth segmentations. For each slice, the number of voxels 
marked as uncertain by the physician was counted, and the same number of voxels with the highest aleatoric or 
epistemic uncertainty values were selected for comparison. Ground-truth tumor boundaries are outlined. (B) EDL 
SegResNet Ensemble Dice, 95% volume coverage, and relative interval width across physician-assigned test-set 
difficulty ratings from 1–5. Values represent the median Dice, proportion of cases covered by the 95% volume 
interval, and median relative interval width within each difficulty group. The dashed line marks nominal 95% 
coverage, and n indicates the number of test-set cases in each group. (C) Aleatoric and epistemic uncertainty as a 
function of signed distance from the ground-truth tumor boundary across test-set cases. Voxels were grouped into 
signed-distance bins and uncertainty was averaged within each bin for each case. Solid lines show the median across 
cases, with shaded regions spanning the 2.5th–97.5th percentiles. Negative distances extend into the tumor, and 
positive distances extend away from the tumor; the dashed vertical line at x = 0 marks the ground-truth tumor 
boundary. 

As expected, estimated tumor burden increased progressively from the conservative to 

the median and inclusive segmentations. Visual inspection showed that these increases occurred 

primarily along the tumor margins, where uncertainty in the extent of diffuse disease was 

greatest, rather than through large changes within the tumor core (Figure 1). 

Median 95% volume coverage differed across models: 84% for the EDL SegResNet 

Ensemble, 94% for the EDL nnU-Net v2 Ensemble, and 74% for standard nnU-Net v2 (Figure 

2A, C). Although the EDL nnU-Net v2 Ensemble came closest to the nominal 95% target, this 

coverage was achieved with a median relative interval width of 69%, producing intervals that 

were likely too broad for practical clinical use. The EDL SegResNet Ensemble and standard 

nnU-Net v2 produced substantially tighter intervals, with median relative interval widths of 25% 

and 27%, respectively. Despite these differences in interval performance, segmentation accuracy 

was similar across models: median Dice was 0.90 for the EDL SegResNet Ensemble and 0.91 for 

both the EDL nnU-Net v2 Ensemble and standard nnU-Net v2 (Figure 2C). For all 3 models, 

Dice was calculated from the median segmentation, as described in Methods. 

Both EDL ensembles showed markedly better voxel-wise calibration than standard nnU-

Net v2, with predicted tumor probabilities more closely matching observed tumor frequencies 

(Figure 2B). The EDL models also produced a broader range of predicted probabilities, 
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indicating greater differentiation among low-, intermediate-, and high-confidence voxel 

predictions. 

Physician-annotated uncertainty visually overlapped with both aleatoric and epistemic 

uncertainty from the EDL SegResNet Ensemble, with all three concentrated near the tumor 

boundary (Figure 3A, C). As expected, Dice was lower for images assigned the highest difficulty 

ratings of 4 and 5 (Figure 3B). Relative interval width also increased in these groups, indicating 

greater model uncertainty for more difficult images. Volume coverage was highest for difficulty 

ratings 1 and 5 and showed a modest decrease across the intermediate ratings of 2–4, but 

remained relatively consistent overall (Figure 3B). 

Quantitatively, physician and model uncertainty showed limited exact voxel-wise 

overlap: Dice was 0.43 for aleatoric uncertainty and 0.41 for epistemic uncertainty. However, 

their spatial localization was close, with low average symmetric surface distances of 1.96 mm 

and 2.21 mm, respectively. Thus, although the model did not reproduce the physician’s 

uncertainty annotations voxel for voxel, it consistently identified nearby regions of uncertainty 

(Figure 3A). 

Discussion 

Among the three models, the EDL SegResNet Ensemble provided the strongest balance 

between volume coverage and interval width. The EDL nnU-Net v2 Ensemble approached the 

nominal 95% coverage target, but its substantially wider intervals limited their practical value. 

Its weaker balance may reflect training from scratch without the benefit of pretraining, or a 

mismatch between the evidential objective and nnU-Net v2’s self-configuring pipeline, which is 

optimized primarily for segmentation accuracy rather than uncertainty estimation. These 
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explanations require direct testing. Importantly, all three models achieved similar Dice scores, 

suggesting that uncertainty-aware ensembling did not materially reduce point-estimate 

segmentation performance despite the additional computational demands of training multiple 

models (Mehrtash et al., 2020). 

The markedly better voxel-wise calibration of both EDL ensembles is also important 

because it makes the predicted tumor probabilities more meaningful at each spatial location. This 

may be particularly valuable for boundary-sensitive applications such as radiation therapy or 

high-intensity focused ultrasound planning, where uncertainty about whether a voxel contains 

tumor could affect target delineation and the balance between treating infiltrative disease and 

sparing adjacent healthy tissue. Calibrated voxel-wise probabilities could identify regions that 

warrant closer review or more conservative planning. 

Aleatoric and epistemic uncertainty showed broadly similar spatial patterns, with both 

concentrated near the tumor boundary. This overlap may reflect the diffuse biology of DMG: 

intrinsically indistinct margins can generate ambiguity within each model while also producing 

disagreement across models. The modest training-set size may have further limited the diversity 

of learned solutions, reducing separation between the two uncertainty signals. In this setting, the 

distinction between aleatoric and epistemic uncertainty may therefore be more useful 

conceptually than spatially. 

The EDL SegResNet Ensemble performed worst on the same images the physician rated 

as most difficult and appropriately widened its volume intervals for those images. This behavior 

strengthens the model’s trustworthiness: rather than remaining confidently wrong when the task 

became difficult, it communicated reduced certainty and exposed measurements that warrant 

greater caution or expert review. Model-derived uncertainty was also localized near physician-
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identified confusing regions. Although exact voxel-wise overlap was modest, the low surface 

distances indicate that the model and physician identified uncertainty in closely neighboring 

regions. These findings do not establish that the model reasons like a physician, but they suggest 

that its uncertainty is responsive to clinically recognizable sources of difficulty rather than to an 

entirely model-specific failure pattern. Such alignment may make model outputs easier to 

interpret and increase clinical trustworthiness. 

Limitations and Future Directions 

This study was limited by the size of the training and test cohorts, which reduced 

bootstrap precision and precluded firm conclusions about many between-model differences. This 

constraint is common in DMG research because the disease is rare and aggressive, but it remains 

important for interpreting the estimates. More fundamentally, each image was paired with a 

single binary physician segmentation. Training an evidential model to represent uncertainty from 

a deterministic label is an inherently limited objective: legitimate boundary disagreement is 

collapsed into a single reference, and the model is penalized for expressing alternatives that may 

be clinically plausible. Future datasets should include independent segmentations from multiple 

physicians and preserve their degree of agreement as supervision—for example, encoding a 

voxel as strongly supported when all readers label it tumor and as uncertain when readers 

disagree. This would allow evidential outputs to learn observed inter-segmenter variability 

directly rather than infer it from binary labels. 
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Conclusion 

This study demonstrates that evidential deep-learning ensembles can preserve high DMG 

segmentation accuracy while providing information that a single binarized segmentation cannot: 

how reliable the predicted tumor probabilities and volumes are. Both EDL ensembles improved 

voxel-wise calibration relative to standard nnU-Net v2, and the EDL SegResNet Ensemble 

achieved the most favorable balance between volume coverage and interval width. Crucially, its 

intervals widened on images rated most difficult by the physician, and its uncertainty localized 

near physician-identified confusing regions and the diffuse tumor boundary. These findings 

strengthen the trustworthiness of the model because it signals when and where its predictions are 

less reliable rather than presenting every automated volume with equal confidence. Although the 

EDL nnU-Net v2 Ensemble showed that high coverage alone can produce intervals too broad for 

practical use, the EDL SegResNet Ensemble illustrates the potential of calibrated evidential 

modeling to support targeted review, more transparent longitudinal volumetry, and boundary-

sensitive treatment planning. Overall, these findings establish EDL ensembles as a promising 

approach for making automated DMG volumetry more informative and trustworthy. 
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