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Abstract

Accurate hippocampal segmentation can be a useful tool for diagnosing and monitoring neurological conditions such as
Alzheimer's disease and epilepsy. While numerous automated segmentation methods exist, their clinical adoption remains
limited. Reliable uncertainty assessment can enhance trust and facilitate clinical translation. This study evaluates
ensembles of five heterogeneous hippocampal segmentation methods — InnerEye, ASHS, FastSurfer, HippoSeg, and
FreeSurfer — across two dementia datasets and one epilepsy dataset. The sub-ensemble containing InnerEye, FastSurfer,
and HippoSeg emerged as both accurate and efficient, highlighting the feasibility of balancing computational cost and
performance. Additionally, ensemble-derived uncertainty quantification with sample variance, mutual information, and
predictive entropy is shown to reduce inaccurate segmentations by flagging low-confidence cases, potentially providing
a mechanism for automatically escalating ambiguous cases for expert assessment. Lastly, this study explores the
downstream clinical utility of ensemble-derived uncertainty, finding a significant correlation with motion artefact severity
and a modest contribution to Alzheimer's disease classification.

Keywords
Uncertainty estimation, Ensemble, Hippocampal segmentation, Carbon footprint, Alzheimer's disease

Article informations

https://doi.org/10.59275/j.melba.2026-e77b ©2026 Oliveira-Stahl, Schroder, Moggridge, Salhab, Micallef, Barnes, Cardoso, Sudre, and
Grech-Sollars. License: CC-BY 4.0
Volume 2026, Received: 2026-02-24, Published 2026-09-24 W) Check for updates

Corresponding author: gabriel.stahl.17@ucl.ac.uk
Special issue: Uncertainty for Safe Utilization of Machine Learning in Medical Imaging (UNSURE) 2025
Guest editors: Mobarak Hoque, Raghav Mehta, Cheng Ouyang, Chen Qin, Marianne Rakic, and Sandy Wells

. *Contributed equally as joint senior authors.

615


https://orcid.org/0009-0008-1489-6406
https://orcid.org/0009-0001-0380-0674
https://orcid.org/0009-0002-0600-5315
https://orcid.org/0000-0003-3575-7938
https://orcid.org/0000-0003-3178-025X
https://orcid.org/0000-0003-1284-2558
https://orcid.org/0000-0001-5753-428X
https://orcid.org/0000-0003-3881-4870
https://doi.org/10.59275/j.melba.2026-e77b
https://creativecommons.org/licenses/by/4.0/
https://crossmark.crossref.org/dialog?doi=10.59275/j.melba.2026-e77b&domain=pdf&date_stamp=2026-09-24
mailto:gabriel.stahl.17@ucl.ac.uk

Oliveira-Stahl et al., 2026

1. Introduction fective and simple averaging providing a stable method for
integrating their predictions (Miller et al., 2022). Although

Hippocampal volume changes are associated with seveféép ensembles often outperform single models, their com-
neurological diseases such as Alzheimer's and epilepsy (Ja@iked outputs are not automatically well-calibrated, even
1994; Duan et al., 2020). Accurate volumetric measurghen each constituent network is well-calibrated on its own
ment can serve as a biomarker for diagnosis and dise@gf and Gales, 2021; Rahaman and Thiery, 2021). Cali-
monitoring (Schu et al., 2008; Briellmann et al., 2002) bration deteriorates further under distribution shift (Ovadia
While manual segmentation by an expert is still consigt al., 2019), a problem that has been traced in part to in-
ered the gold standard, its time-consuming nature and they cient diversity among ensemble members (Javanbakhat
well-documented intra- and inter-reader variability remaist al., 2024). To counter this, the present study assesses the
signi cant limitations (Boccardi and et al., 2015; Geuz&jisagreement of deliberately heterogeneous segmentation
et al., 2005). Although a concerted e ort has taken placenethods and treats that disagreement itself as an uncer-
to establish a harmonised protocol for manual hippocampglinty estimate, a strategy previously explored by Ko er
segmentation (Frisoni and Jack, 2015), multiple di erentet al. (2021).

protocols for hippocampal segmentation exist, complicating - Another growing concern is the computational cost and
the notion of a ground truth segmentation (Geuze et algnergy consumption of the segmentation methods. Recent
2005). work has highlighted the potential environmental impact

Numerous methods for automatic hippocampus se@f large-scale deep learning models (Strubell et al., 2020;
mentations have been proposed, ranging from atlas-basé@ and et al., 2022), emphasizing the need for sustainable
approaches (Dill et al., 2015), to deep learning methods®lutions. High computational demands not only contribute
(Schroder et al., 2023). Despite the range of available a signi cant carbon footprint, but also limit accessibility
methods, clinical adoption remains limited. Key concerrigr hospitals and research institutions with limited resources.
hindering the clinical translation of these tools include thAddressing both the need for reliable uncertainty estimation
risk of silent failure, and a lack of robustness to unefnd computational e ciency will be conducive for enabling
pected distribution shifts. Reliable uncertainty estimatioRroader clinical adoption.
can play a central role in strengthening the trustworthi-
ness of these algorithms, e.g. by escalating uncertain cases Beyond performance accuracy, ensembling methods may
for human review, and various approaches for assessjiigve useful to provide robust uncertainty estimates that
predictive uncertainty have been explored in the literaturean be employed for downstream clinical tasks. One such
(Abdar and et al., 2020). While Bayesian neural networkapplication relates to quality control and particularly mo-
o er the most principled framework for posterior approxition artefact detection. There are a number of sources
mation, they are often computationally prohibitive (Abdathat can lead to motion artefacts in brain magnetic reso-
and et al., 2020). Monte-Carlo Dropout and ensemblezance imaging (MRI), including patient movement, invol-
have emerged as practical methods for Bayesian approxiriatary physiological motion (e.g., respiration and cardiac
tion (Lakshminarayanan et al., 2016; Gal and Ghahramapijlsation), swallowing, and ow of uids such as blood or
2015). However, these approaches di er substantially igerebrospinal uid (Zaitsev et al., 2015). Motion artefacts
computational cost. Monte-Carlo sampling increases igan negatively impact image quality and lead to erroneous
ference time through repeated stochastic forward pass#ggerpretations, in particular in acquisitions with low signal-
while ensemble-based uncertainty quanti cation (UQ) rgeo-noise ratio (Havsteen et al., 2017). Accurately detecting
quires running multiple models or segmentation pipelines)d correcting motion-related image degradation has long
making inference cost scale with ensemble size. This dreen a challenge in medical image processing (Zaitsev et al.,
ates an important trade-o between uncertainty reliabil2015). While both traditional machine learning and deep-
ity, scalability, and computational e ciency, particularly learning-based methods have demonstrated strong perfor-
when methods are deployed across large imaging cohortgnance (Vakli et al., 2023), their e ectiveness often does
resource-constrained clinical environments. Beyond provitpt generalise well across vendors or acquisition protocols.
ing uncertainty estimation, ensemble methods consistentegmentation uncertainty, which tends to increase as image
achieve superior performance over individual models, Guality degrades, may therefore o er a complementary sig-
repeatedly demonstrated by results from the Brain Tumaral for agging motion-corrupted scans, with previous work
Image Segmentation Benchmark (BRATS) (Menze anshowing that ensemble-derived uncertainties are particularly
et al., 2015) and the White Matter Hyperintensity Seguseful for quality control (Ng et al., 2023).
mentation Challenge (Kuijf and et al., 2019). Ensemble A further potential application of uncertainty estima-
predictions can be aggregated through multiple strategig®n in the context of hippocampal segmentation is disease
with stacking of heterogeneous models proving highly efassi cation. Previous work has shown that hippocampal
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volume can discriminate Alzheimer's disease (AD) froeross-domain segmentation performance with ground truth,
mild cognitive impairment (MCI) and cognitively normalmotion artefact detection, and Alzheimer's disease spec-
(CN) subjects with approximately 84% sensitivity and spedrum classi cation.

city (Colliot et al., 2008), and a recent meta-analysis of

arti cial intelligence (Al)-based methods-based methodFor the experiments on segmentation performance, hip-
reports high performance for AD vs. CN (sensitivity: 0.8 hocampal segmentations were performed on three inde-
speci city: 0.91, AUC: 0.95), though accuracy decreasgsendent datasets, for which gold standard manual seg-
for AD vs. MCI (AUC: 0.80) and MCI vs. CN (AUC: 0.83)mentations were de ned by a clinician with neuroradiology
(Wu et al., 2025). Leveraging epistemic uncertainty, wexperience, and con rmed by a consultant neuroradiolo-
hypothesise that disagreements between methods desigrgst. The de nition followed an amended version of the
to accommodate atrophy and methods trained purely omarmonised protocol de nition to also include the mbria
healthy individuals will be stronger in the AD cases witfBoccardi and et al., 2015). The three datasets were:
stronger hippocampal atrophy. If con rmed, such disagree-

ment could serve as an additional feature for classi catioADNI dataset : Thirty participants of the Alzheimer's
Disease Neuroimaging Initiative (ADNI) (mean age 76.8 £

1.1 Contributions 7.3 years; 21 male_, 9 female)._ T1-weighted irpages were ac-
quired with voxel sizes approximately 1.2mm00.9 1.3mmO
Our contributions are three-fold. First, we provide a con®.9 1.3mm, varying by acquisition site. One third were
prehensive benchmark of ve heterogeneous hippocampidgnosed with Alzheimer's disease, one third with late mild
segmentation methods, evaluating their accuracy, calibréagnitive impairment, and one third were cognitively normal.
tion, and carbon footprint across two dementia cohorts anMo subjects overlapped with those in the InnerEye training
one epilepsy cohort. From this benchmark, we identify @ataset.
resource-e cient triad InnerEye, FastSurfer, and Hip-
poSeg that matches the full ensemble's Dice performancd-ocal Epilepsy:  Eight patients with temporal lobe epilepsy
while reducing inference GQemissions by approximatelmean age 46.8+24.9 years; 3 male, 5 female). MRI scans
82%, and show that simple averaging of probabilistic ouere acquired using a Siemens Prisma 3T scanner with
puts yields the best integration strategy. Second, we demdi? magnetization-prepared rapid gradient echo (MPRAGE)
strate that uncertainty estimates derived from the triad's$equence and a voxel size of 1.1mmO1.1mmO 1.2mm. Eth-
probabilistic outputs can support automated quality controlcal approval for the research study using this data was
aggregated uncertainty successfully ags gross segmerfizen through the hospital Data Access Process for Re-
tion failures across datasets, and correlates signi cantfgarch (DAP-R ethics, University College London Hospitals
with motion artefact severity, suggesting a mechanism fO#HS Foundation Trust (2024)).
automatically escalating problematic cases for expert review. . )
Third, we investigate the clinical utility of ensemble-deriveb‘Ocal D'eme_n_tla: Twenty-one patients referred to the
uncertainty for disease classi cation, and show that combir‘il—ementla clinic (mean age 7_3'0 * 14'5_; 15 male_, 6 fe-
ing uncertainty metrics with hippocampal volume feature'énale)' MRI scans were acquired on a Siemens Prisma 3T

improves discrimination between cognitively normal an%?fnn%luimg gnll\/zlPRAGEEh:_seclquence Wl'tfh ar:/oxel S'ZehOf
Alzheimer's disease groups. AmmO1.1mmO 1.2mm. Ethical approval for the researc

study using this data was given through the hospital Data
Access Process for Research (DAP-R ethics, University Col-
2. Methods lege London Hospitals NHS Foundation Trust (2024)).
2.1 Segmentation tools For the motion artefact analysis, the publicly available
Five segmentation techniques were chosen to cover di dtovement-Related Artefacts (MR-ART) dataset (Narai
ences in techniques (atlas-based and deep-learning-basetdal., 2022) was used. No ground truth segmentations
and variation in training data (healthy controls, dementiayere available for this dataset.
and epilepsy). An overview is provided in Table 1. Notably,

for ASHS we used the Penn Memory Center 3T ASHS AtlddR-ART: 148 healthy adults (age range 18 75 years,
for T1-weighted MRI (Xie and et al., 2016). median 25.2 years; 53 male, 95 female) with no reported

neurological or psychiatric conditions. MRI scans were ac-
quired on a Siemens Magnetom Prisma 3T scanner using
an MPRAGE sequence with isotropic 1 Mmesolution. For
Five datasets were used to assess the potential bene t@dich participant, three T1-weighted scans were acquired:
including uncertainty measures in three separate contextsie motion-free (Standard), and two with induced head

2.2 Data

617



Oliveira-Stahl et al., 2026

Table 1: Overview of selected hippocampal segmentation tools, their methodology, and the primary clinical cohor
comprising their training data or atlases. Abbreviations: CNN = convolutional neural network; ASD = Autism Spectrum
Disorder.

Tool Method Training Data / Atlas References

ASHS (AS) Atlas-based (Multi-atlas)  Healthy controls, MCI (Xie and et al., 2016)

HippoSeg (HI)  Atlas-based (Multi-atlas) Healthy controls, Epilepsy  (Vos and et al., 2020)(Winston et al., 20
FreeSurfer (FR) Atlas-based (Probabilistic) Healthy controls, AD (Fischl, 2012)

FastSurfer (FA) Deep learning (CNN) Healthy controls, AD, ASD (Henschel et al., 2020)

InnerEye (IN) Deep learning (CNN) Healthy controls, MCI, AD  (Schroder et al., 2026)(Microsoft, 2024)

motion of increasing severity (HeadMotionl: 5 nods; Headata by increasing diversity in the participant cohort, and
Motion2: 10 nods during acquisition). Each scan wa® provide data concerning the diagnosis and progression
assigned a clinical quality score by experienced neuroradidl-Alzheimer's disease to the scientic community. For
ogists who were blind to the acquisition condition; followingip-to-date information, see adni.loni.usc.edu.

the original dataset de nition, scans were rated on a three-

point scale re ecting image quality from the point of view of

- . . - . 2.3 Processin
clinical diagnostic use, as clinically good (score 1), medium g

(score 2), or bad (score 3), with bad-quality images consigterence for the ADNI dataset and MR-ART was performed
ered unusable for clinical diagnostics (see supplementary g, 5 high-performance computing (HPC) cluster. For car-
S5). Of these, 100 participants across all three conditiorsyp, footprint benchmarking, the data was processed on
were included in the analysis. a dedicated node equipped with 4 NVIDIA GTX 1080 Ti
GPUs, an Intel Xeon E5-2640 v4 CPU (2.40GHz), and
For the Alzheimer's disease classi cation experiment, @4GB of RAM, with no concurrent jobs from other users.
separate, larger ADNI cohort was used. No ground truthihe local hospital data was processed entirely on a local
manual segmentations were available for this cohort. MacBook Pro (Intel Core i5-5257U CPU @ 2.70 GHz, with
8GB of memory) due to data sharing limitations in ethics.
ADNI Classi cation Cohort: 150 participants from the  For fair comparison, same software versions were installed
Alzheimer's Disease Neuroimaging Initiative (ADNI), strabn the cluster and on the local machine. An older ver-
ied by diagnosis: 50 cognitively normal (CN), 50 withsion of FreeSurfer (v6.0.0) was selected to accommodate
mild cognitive impairment (MCI), and 50 with Alzheimer'sthe memory constraints of the local machine. FastSurfer
disease (AD) (mean age 73.0 + 7.5 years, range 56 90; 7§2.3.3) was run from a Docker image on the local machine,
male, 75 female). Baseline T1-weighted MRI scans were agrd via Singularity (v3.8.5-2.el7) on the reserved cluster
quired across multiple ADNI sites using MPRAGE (n=12%o0de. ASHS (v2.0.0, July 2018) was run natively on the
and inversion recovery spoiled gradient echo (IR-SPGRgpective host system. Because epilepsy can cause uni
n=21) sequences. Voxel sizes varied across sites, Wdlferal hippocampal atrophy the left and right hippocampi
about half of them acquired at 1.001.001.0mm isotropigvere processed separately to avoid averaging out potential
and the remainder at 1.0 1.200.87 1.2500.87 1.25mm. dj erences in segmentation performance. This separation
allows for evaluating whether some methods underperform
The ADNI data used in the preparation of this articlespeci cally on the atrophied side. Energy consumption and
were obtained from the Alzheimer's Disease Neuroimagitigne to completion was tracked with the Python package
Initiative (ADNI) database (adni.loni.usc.edu). The ADNICodecarbon (v2.8.3). Carbon tracking was performed in
was launched in 2003 as a public-private partnership, led byachine mode on the dedicated cluster node, using the
Principal Investigator Michael W. Weiner, MD. The originaUnited Kingdom country-level grid intensity estimate avail-
goal of ADNI was to test whether serial magnetic resonanable to CodeCarbon for the location of the datacenter. The
imaging (MRI), positron emission tomography (PET), othereported values therefore represent inference emissions only,
biological markers, and clinical and neuropsychological asluding CPU, GPU, and RAM energy during runtime,
sessment can be combined to measure the progressioranfl do not include model training, data storage or trans-
mild cognitive impairment (MCI) and early Alzheimer's diser, hardware manufacturing, or other lifecycle emissions.
ease (AD). The current goals include validating biomarkexSodeCarbon recorded a power usage e ectiveness (PUE) of
for clinical trials, improving the generalisability of ADNIL.O, so no additional data-centre cooling or infrastructure
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overhead was included. No additional pre-processing partially in ated by selection on the same data. The Local
the scans was performed prior to segmentation with thBementia and Local Epilepsy datasets were not used for

respective tool. triad selection and therefore provide the held-out assessment
of cross-domain segmentation performance and calibration.
2.4 Uncertainty quanti cation For each triad and for the full ensemble, the nal prediction

. . .mask was obtained via majority voting. Performance was as-
For each voxel, uncertainty was quanti ed as sample vari- . . S
. . . sessed in terms of DSC, ECE, and estimated,@thissions.
ance, mutual information (MI), and predictive entropy (PE L
o . L he expected calibration error (ECE) of each sub-ensemble
across the winning triad's pI’ObabI|IStIlg outputs. Sample
1

variance was calculated afar. = T 2 was approximated by interpreting the number of votes from
. o YPIL t=1 v y_ V7 the T = 3 ensemble members as discrete con dence levels.
with the mean predictioy v = + =1 Yvit. A\/Iutual infor-

Speci cally, if n models predicted the class hippocampus for
mation was dened aMly = HPv) ¢ &1 H(Put): a voxely, the ensemble con dence was de ned g = n,
and predictive entropy a®Ey = H@v) = P v10GPv  For the winning triad, minor changes to their code were in-
(1 p v)log(1 p v), wherepy = T 1 P Pu is the troduced to enable saving of the probabilistic outputs. The
predicted probability for voxeV from tool t, and T is the gjevant amended scripts are publicly available on GitHub:

number of segmentation tools. Figure 1 presents Conyps://github.com/zfdiwkm/multi-software-uncertainty.
dence maps for all three uncertainty quanti cation (UQ)

metrics for a high-pice ex_amp_le (a) and a low-Dice €%-5 1 Ensemble integration strategy

ample (b). Uncertainty calibration was evaluated by the

expected calibration error (ECE), witiM = 15 bins of Next, we compared di erent strategies for integrating the
equal bin-width. To not have larger hippocampi have a dipredictions of the best-performing triad to assess their im-
proportionate in uence, ECE was calculated as the averag@ct on segmentation accuracy and uncertainty calibration.
of the per-hippocamsz ECE values. For each hippocampiisese ensemble strategies were: (1) simple averaging of the
we computedECE = M_, ’Bnm’ jacc(Bm) conf(B )j, output probabilities from each ensemble member (denoted
where B, represents the set of indices of voxels withs 'Ensemble Averaged' in the results), (2) weighting each
con dence values falling into birn. We additionally re- prediction by the model's con dence ("Ensemble Weighted'),
port adaptive ECE (AECE), replacing equal-width protand (3) assigning each voxel to the prediction of the most
ability bins with R = 15 equal-mass bins obtained bycon dent model in a winner-takes-all approach ("Ensemble
sorting voxgs by, and splitting them into quantiles: Triage'). Due to non-normality of studied distributions,
AECE = % 51:1 jacc(Bm) conf (Bm)j. This reduces Friedman tests were performed to assess signi cant di er-
sensitivity to sparsely populated bins in segmentation, whee@ce in performance. To account for multiple comparisons,
most voxels are near-certain background. To assess clgssalues were adjusted with the Holm-Bonferroni method.
speci ¢ calibration, we also computed AECE separately fétesource consumption was estimated in terms of duration
true foreground y = 1) and true background ¥ = 0) voxels, and CQ expenditure for each method and each subject.
denotedAECEy and AECE g, and averaged these met-

rics across hippocampi. To con rm robustness to the bin 6 Uncertainty-based quality control

count, we repeated the analysis ov@r2 10; 15; 20; 30; 50

and veri ed that the tool ranking remained stable. We investigated whether ensemble-derived uncertainty can
support automated quality control, both by identifying
2.5 Ensemble performance & calibration unreliable segmentation outputs and by agging low image

) _ quality cases.
Segmentation performance was evaluated using the Dice

Slmlla_rlty Coe cient (DSC) gn'd the 95th percentlle Haus-2.6.1 Silent failure detection
dor distance (HD95), predictive uncertainty with sample

variance, mutual information, and entropy, while uncertaintyVe evaluated whether hippocampus-wide aggregated un-
calibration was evaluated in terms of expected calibratiazertainty could serve as a predictor of low-quality seg-
error. As initial benchmarking, the ve individual segmentamentations. To this end, uncertainty values were aggre-
tion methods, all possible triads formed from them, and thgated across the region of interest (ROI), de ned as the
full ensemble of ve methods were compared on the ADNinion of predicted segmentations with a one-voxel mar-
dataset. The same ADNI dataset was therefore used botfin. Morphological dilation was performed once, with
to identify the best-performing triad and to report its ADNIscipy.ndimage.binary_dilation with a square connec-
performance. Consequently, any performance advantaijgty = 1 (6 connected kernel). The hippocampi with the

of the selected triad over other sub-ensembles on ADNighest uncertainty were excluded, and the resulting impact
should be interpreted as an in-sample estimate that may lme segmentation performance was assessed to determine
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Figure 1: Visualisation of uncertainty maps. Uncertainty quanti ed as sample variance, mutual information, and
predictive entropy, all min-max normalised. Dark red line represents the gold standard boundary. Top row: High-Dic
example. Bottom row: Low-Dice example.

the method's suitability for preventing silent failures. Theespectively). For each subject, uncertainty values were av-
threshold for exclusion was determined through the followraged across hippocampi within each quality category prior
ing steps: (A) classifying all predictions into “correct' oto testing. P-values were adjusted for multiple comparisons
“failed' segmentations, with failed segmentations de nedsing the Holm-Bonferroni method, applied across all six
here as DSC < 0.82 or HD95 > 2.5 mm; (B) performing apairwise tests (3 metrics 2 comparisons).

strati ed split of predictions into a validation set (30%) and

a test set (70%); (C) conducting a grid search to identifyy 7 Uncertainty for Alzheimer's disease classi cation

the optimal threshold per dataset and metric by maximis- ] ) )
ing the F1-score: and (D) applying the identi ed optimalwe investigated whether ensemble-derived uncertainty could
threshold to the rileld—out test data improve classi cation of Alzheimer's disease from hippocam-

pal features. From the ADNI baseline strati ed cohort, 150
subjects were selected with balanced representation across
diagnostic groups (50 were cognitively normal, 50 with mild
We further assessed whether uncertainty correlates with igcpgnitive impairment, and 50 with Alzheimer's disease).
age quality in the presence of motion artefacts. Using thdippocampal volumes were extracted from each segmenta-
MR-ART dataset, uncertainty metrics were computed fotion method and normalised by intracranial volume (ICV),
each hippocampus and grouped by the image quality scavith ICV estimates provided by HIPPOSEG. Voxel-wise
(1 = good, 2 = medium, 3 = bad) assigned by expert neuuncertainty metrics (sample variance, mutual information,
roradiologists. To test for a monotonic relationship betweeand predictive entropy) were aggregated as the mean across
quality score and uncertainty, a within-subject permutatiorthe hippocampal ROI for each hemisphere, then averaged
test was performed (10,000 permutations), using Speaeross hemispheres to yield subject-level features. This
man's rank correlation as the test statistic. Quality scorecalar aggregation was chosen to keep the feature space
labels were permuted within each subject to preserve theall relative to the cohort size and to reduce the risk of
repeated-measures structure. Pairwise comparisons (Scower tting that would be introduced by higher-dimensional

2 vs 1; Score 3 vs 2) were conducted using Wilcoxon signsgatial uncertainty features. Age and sex were included
rank tests on the subset of subjects with scans in botls covariates. To assess the discriminative power brought
categories being compared (n = 37 and n = 43 subjectby uncertainty estimates we compared models including

2.6.2 Motion artefact detection
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individual and combined uncertainty estimates to a modé@Fig. 3). For Dice-based outlier detection (Dice < 0.82),
based only on volumetric input. Classi cation methodsntropy achieved the highest performance with 91.7% recall
included logistic regression, Random Forest, and suppairid 44.2% precision, while variance and mutual information
vector machine classi ers, with 505 repeated strati ecboth achieved 83% recall with 35% precision. For HD95-
k-fold cross-validation (25 total folds). Three binary cladased outlier detection (HD95 > 2.5mm), entropy again
si cation tasks were evaluated: CN vs AD, CN vs MChperformed best with 88.9% recall and 40.6% precision, com-
and MCI vs AD. Performance was assessed using the apaged to variance and mutual information achieving 55.6%
under the receiver operating characteristic curve (AUC) anecall with 28.9% and 30.6% precision, respectively.
balanced accuracy. Statistical comparison of feature sets

against the volume-only baseline was performed using a p&e2.2 Motion artifact detection

mutation test (10,000 permutations), with 95% con denceA - N tonic relationshi b d betw
intervals estimated via bootstrap resampling. sighi cant monotonic relationship was obsefved between

image quality score and uncertainty across all three metrics
(permutation test,p < 0:01; Spearman = 0:30 0:36).

3. Results Pairwise comparisons showed that uncertainty was signif-
icantly higher for clinically unusable scans (score 3) com-
pared to medium quality scans (score 2) for all metrics

3.1.1 Benchmarking cost and performance (Wilcoxon signed-rankp < 0:05, Holm-adjusted; Fig. 5).

The ensemble consisting of InnerEye, FastSurfer, and Hzngever, the di erence between good (score 1) and medium

poSeg produced segmentations at the same level of accur §,ore ﬁ) quzht;r/] scans was not S|gn|.chanrtl)(—|0 '18). En-
as an ensemble consisting of all ve softwares, while s p-Py showe the s_tror?gest © ect, W't. t © argesF corre-
stantially reducing carbon emissions (from 4.65 kg to O. tion coe cient _( = 0:36) and most signi cant pairwise
kg COxeq for processing the 30 ADNI patients) and retain- < onc® (p < 0:002).

ing a comparably well-calibrated uncertainty measure (Fi
2). For the remainder of the paper, any mention of Triad

3.1 Ensemble performance & calibration

g.'?) Uncertainty for Alzheimer's disease classi cation

will therefore refer to this speci ¢ ensemble. Adding uncertainty metrics to hippocampal volume features
_ _ did modestly improve classi cation of Alzheimer's disease.
3.1.2 Ensemble integration strategy For CN vs AD classi cation, the volume-only baseline (total

Simple mean averaging of the ensemble members' prog‘gr_acranial volume (TIV)-normalized bilateral hippocampal

bilistic outputs yielded the highest Dice performance acro¥§!ume with age and sex covariates) achieved an AUC
all datasets (Fig. 3p < 0:05 after Holm-Bonferroni cor-©f 0-81 £ 0.04. The best-performing model (Full_mean,

rection). For HD95, no signi cant di erence was observedodistic regression) achieved AUC 0.87 + 0.03, representing

between the mean ensemble and other ensemble integratfi"0dest improvement of +0.06 (permutation test, p <
strategies on the epilepsy dataset. On the Local Demdh901; Fig. 6). In practlcg! terms, using the FuII_megn
tia dataset, the mean ensemble did not signi cantly di offeature set led to one additional subject (out of 49) being

from InnerEye, while it signi cantly outperformed all othe/cOr"ectly identi ed as AD and four additional subjects (out
methods (Fig. 3, p < 0:05, Holm-Bonferroni corrected). of 48) being correctly identi ed as CN (Fig. 7). Adding any
individual uncertainty feature to volume (Vol+UQ variants)

provided no benet over volume alone (AUC O, p >
0.05). For CN vs MCI (baseline AUC 0.73) and MCI vs
The averaged probabilistic output by the Triad memberap (baseline AUC 0.70) classi cations, uncertainty features
produced the best calibrated con dences, with an ECE @bnsistently were unable to improve predictive performance
0.05 across all three datasets (Fig. 4). The second mogfupplementary gures S1 to S4).

calibrated segmentation method was HippoSeg, with an
ECE slightly higher than 0.05 averaged across all datas%s.

3.1.3 Uncertainty calibration

InnerEye (ECE 0:08) and FastSurfer in particular (ECE Discussion
0:16) were less well-calibrated. The current study comprehensively evaluated ensembles of
heterogeneous hippocampal segmentation methods, and
3.2 Uncertainty-based quality control proposes the triad of InnerEye, FastSurfer, and HippoSeg

as the optimal combination for achieving high segmentation
performance while minimising resource cost and maintaining
Applying dataset-speci ¢ uncertainty thresholds demomood calibration. This ensemble signi cantly outperformed

strated varying e ectiveness across UQ metrics and datasetl individual methods, while also producing well-calibrated

3.2.1 Silent failure detection
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Figure 2: Balance between accuracy, £€@mission, and uncertainty calibration. Benchmarking on ADNI dataset,
processed on dedicated node on HPC cluster. Error bars indicate bootstrapped con dence intervals. Winning Tria
Innereye + FastSurfer + HippoSeg, achieving comparable performance to full ensemble, while reducing computation
cost by approximately 82%. Abbreviations: HI = HippoSeg, FA = FastSurfer, FR = FreeSurfer, IN = InnerEye, AS =
ASHS. AECE values colour-coded with lower values in brighter green.

uncertainty estimates across three independent datasetsalysis, which may be particularly relevant in resource-
We demonstrated that aggregating ensemble-derived wonstraint hospital settings. This comparison should be
certainty values can be useful for catching low-quality preiterpreted as a within-study inference benchmark on a
dictions, highlighting the potential for reliable uncertaintyxed hardware and energy-mix setting, rather than as a

estimation to reduce the risk of silent failures in a clinicdull lifecycle carbon assessment or as a comparison with
setting. Further, we showed that uncertainty measures isubstantially larger models. The approximately 82% reduc-
crease as image quality degrades due to motion artefadien re ects the exclusion of the two most computationally

opening up the possibility of utilising uncertainty for qualityexpensive tools, ASHS and FreeSurfer, relative to the ve-

control. tool ensemble on the ADNI-30 benchmark. Other e cient
paradigms, including lightweight or parameter-e cient ar-
4.1 Ensemble performance & computational cost chitectures such as neural cellular automata, may o er

] ) ) . further reductions and could be valuable components of
In our experiment assessing the computational cost of 'nf‘ﬁrj’ture ensembles. Further, our comparison of ensemble

ence with a multi-software ensemble, we showed that thﬁtegration strategies showed that simple mean averaging

choice of ensemble members can have a strong impact 9trmed best, consistent with prior ndings by Miiller
both performance and C®emissions. While previous studét al. (2022).

ies have often focused on the computational cost of training

(Selvan et al., 2022), the cost of inference should also be _ _

considered due to its recurring nature. Architectural and-2 Yncertainty-based quality control

design choices have been systematically shown to strongly | sijant failure detection

in uence the computational cost that accrues over time

(Prajwal et al., 2025), and the results of our experimenDur nding that aggregated uncertainty can be used to
further underscore the importance of benchmarking £Qletect silent failures is in line with previous reports in the
emissions and identifying the best-performing compromititerature (Hoebel et al., 2019) (Sander et al., 2020). A
between resource cost and performance in medical imdgeitation of the presented UQ-based failure detection is
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Figure 3: Segmentation performance comparison. Ensemble (Triad) = InnerEye + FastSurfer + HippoSeg. a) Dice

score comparison. Mean averaging signi cantly outperformed all other methods. b) Hausdor Distance comparisor

Blue background: Silent failure detection. Entropy-based Itering caught 92% of failed segmentations (de ned

as cases with DS& 0.82; see Methods Section 2.6.1). The aggregated uncertainty from the Ensemble Average

was used to discard the most uncertain hippocampi, resulting in 35% excluded predictions when using entropy, a
26% exclusions with variance and mutual information (averaged across datasets). * indicates signi cant di erence ftc

Ensemble Averaged.

the modest precision of 40%, which may translate into of silent failure detection to further reduce the clinician
a high review burden for clinicians. However, comparalideirden. More broadly, the rate of segmentations agged
approaches show similar trade-o s. For example, Specktdor manual review, which has been reported as up to 48%
Fadida et al. (2025) trained a separate deep learning modal previous work by Ng et al. (2023), and up to 35% in
for quality control and reported recall and precision of 0.7dur experiment, motivates further research into uncertainty-
and 0.55, respectively, for fetal brain segmentations. In obased failure detection that creates smaller overhead for
experiment, the entropy-based detector achieved high rectik reviewing clinician.

(91.7%) at the cost of lower precision (44.2%), agging

up to 35% of cases for manual review. This means that,2 2 Motion artifact detection

in a cohort of 100 scans, approximately 35 segmentations

would require inspection, of which roughly 15 would be tru¥/Nilé deep-learning methods for MRI segmentation can be

failures (de ned in section 2.6.1 as DSC < 0.82 or HDg#nore robust to motion-induce_d artefacts than traditional_
> 2.5mm) and 20 would be false alarms. The e ciency?PProaches, undersegmentation due to low image quality
advantage of such a system therefore depends on the raifgn@ins an issue (Kemenczky et al., 2022). Shaw et al.
between the time required to review and correct a aggetf021) Proposed a cascading student teacher CNN to pre-
automatic segmentation and the time required for full/ict uncertainty maps speci c to di erent artefact sources,
manual annotation. Moreover, uncertainty maps can blgcludmg motion. They aggregate the predicted artefact

helpful in the correction phase by highlighting the region%ncerta'nty Into a scalar.QC score and shqw I cor_relates
with high uncertainty to the clinician. While automaticStrongly with human ratings of segmentation quality on
segmentation with manual corrections can thereby be timgal-world low-quality scans (Spearmar= ~ 0:745). This

e cient compared to fully manual segmentation (SanderS consistent with our nding that uncertainty increases

etal., 2020), future work should aim to improve the precisiol/th degraded image quality. The stronger association re-
ported by Shaw et al. (2021) might re ect the bene t of
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Figure 4: Reliability diagram. The averaged ensemble (Triad) achieved the best calibration (AECE = 0.05) across ¢
datasets. a) ADNI dataset. b) Local Epilepsy dataset. c¢) Local Dementia dataset. Black axes: calibration curve.
Blue axis: distribution of con dence scores. Stacked bars show the percentage of voxels in each con dence bin for th
respective segmentation software. Analysis includes union of predicted segmentations with a one-voxel margin.

Figure 5: Uncertainty correlation with image quality. Uncertainty increased signi cantly with motion artefact severity
(Spearman = 0:300:36, p < 0:01). Each point represents one hippocampus (n = 180, 164, and 280 for scores 1
2, and 3, respectively). Quality scores were assigned by expert neuroradiologists, with 1 = good, 2 = medium, and
= bad. Uncertainty values are min-max normalized across all observations. * indicates signi cant pairwise di erence
(Wilcoxon signed-rank, p < 0.05, Holm-adjusted).

a model architecture speci cally designed to predict ud-3 Uncertainty for Alzheimer's disease classi cation
certainty. Future work could further evaluate uncertainty

against task-quality endpoints rather than scan-quality I&regarding the utility of ensemble-derived uncertainty for

bels. downstream classi cation, adding uncertainty metrics to
hippocampal volume features did modestly improve discrim-
ination between CN and AD subjects. Previous work by
Philps et al. (2025) also showed that incorporating uncer-
tainty into a downstream clinical task can improve classi er
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Figure 6: CN vs. AD classi cation: AUC improvement over baseline with 95% CI5¥epeated strati ed cross-validation).
Combining volume with all uncertainty metrics improved CN vs. AD classi cation by +0.06 AWG(0:001). Y-axis

(top to bottom): Vol _ensemble_mean = baseline (TIV-normalized bilateral hippocampal volume); Full_LR/Full_mean

= all features (volumes + uncertainty metrics, L/R separate or averaged); Vol+UQ variants = volume combined
with uncertainty; Vol_all_tools_mean = per-tool volumes; Vol LR_separate = left/right volumes; Vol _raw_mean =
unnormalized volume; UQ variants = uncertainty only (variance, mutual information), aggregated by mean/sum/max
over ROI or whole image. All volume-based sets include age and sex as covariates.

Figure 7: Confusion matrices for CN vs. AD classi cation using logistic regression. The Full_mean model reclassi e
ve additional subjects compared to the baseline with volume alone. a) Baseline Vol _ensemble_mean: TIV-normalise
hippocampal volume with age and sex covariatéd) C = 0:811, andBAcc = 0:753 b) Full_mean: volumes combined
with voxel-wise uncertainty metrics. AUC = 0:872, and BAcc = 0:804.
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performance. In contrast to the present study, they not from incorporating uncertainty in the training process,
only aggregated uncertainty maps into a scalar value bwthich future work might want to explore.

also derived additional spatial features, such as the num- _ _
ber of connected uncertainty components. Future work Ve further did not compare ensemble disagreement

could investigate whether extracting more complex featurdéth alternative post-hoc, model-agnostic approaches, such

from uncertainty maps further increases the added value 8F emperature scaling (Guo et al., 2017) or conformal
uncertainty for classi cation tasks. prediction. Conformal methods for semantic segmentation

can transform model outputs into set-valued predictions
with statistical risk or coverage guarantees, providing a
principled alternative to ensemble disagreement as a proxy
On the topic of uncertainty decomposition it has to bdor uncertainty (Mossina et al., 2024). These guarantees
noted that the current study does not make strong claimgequire a representative held-out calibration set and rely on
about the type of uncertainty captured by the presentedxchangeability between calibration and test data. Future
methods. Traditionally, uncertainty is separated in aleatoriwork should directly compare these approaches in terms
and epistemic uncertainty, where ensemble-derived unagfrcalibration, failure detection, robustness to distribution
tainty metrics are viewed to focus more on the epistemghift, and computational cost.

uncertainty. Changes in image quality - themselves in- _ . .

creasing aleatoric uncertainty - can however also present a While AECE is more suitable for skewed con dence
distribution shift that may then result in higher ensembldistributions than standard ECE, it still has important limi-
disagreement if the resulting discrepancy to the trainingt'onS (Nixon et al., 2019). AECE can remain sensitive to
data varies between the ensemble members. Conseque &chmce of bln count, .WhICh. was addressed in the current
the ensemble derived metrics (entropy, variance, and myerk by evaluating multiple bin counts. Moreover, collaps-

tual information) cannot be easily mapped onto aleatorit!d model calibration into a single value risks concealing
or epistemic origin. patterns of over- and undercon dence across con dence

ranges, as errors can cancel out within individual bins.

4.4 Uncertainty decomposition

4.5 Limitations Lastly, in the classi cation experiment, voxel-wise uncer-

Several limitations of this study should be acknowledgd@inty maps were aggregated into a single scalar value per
First, the sample sizes were relatively small, particularly fBiPPocampus, thereby discarding spatial patterns of uncer-
the local epilepsy dataset (n=8), which limits the generalid@inty. This loss of spatial information may partly explain
ability of the ndings. Second, with respect to identifyingthe mixed ndings in the experiment on disease group clas-
the optimal ensemble members, it should be noted that thd cation, and future work could investigate whether more
triad was selected and evaluated on partly overlapping dagg@mplex uncertainty features that incorporate spatial struc-
(ADNI dataset), which may have introduced selection bigire carry additional discriminative value for downstream
Third, the use of FreeSurfer v6.0.0 may have introduced@nical tasks.

potential confound when comparing FreeSurfer against the

other methods, as performance di erences may partly re ecj 6 Conclusion

version-speci ¢ e ects rather than the underlying algorithm
alone. Fourth, we did not evaluate the broader family of

uncertainty-aware segmentation models, such as Probabil@-condusmn’ the evaluated triad-ensemble o ers a prac-

tic U-Net, PhiSeg, variational inference-based methods, g(ﬁal compromise between segmentatlon accuracy, uncer-
tainty calibration, and computational cost, reducing GO

stochastic segmentation networks. These approaches may. 7 . b imately 820 d to the full
capture spatially structured segmentation ambiguity morg"1>S10Ns Dy approximately o compared 1o the ull ve-
ethod ensemble. Entropy-based uncertainty aggregation

directly than post hoc ensemble disagreement. Future work id ol hanism f . tential
should compare this pragmatic ensemble-based approap(fﬂv' €S a USelUl mechanism Tor agging potential segmen-

against specialised probabilistic architectures. Another Iirﬁfglon fallures. F]?r d dov;/ns;[.ream cJI[!nlcaI E[a?kst, uncer_talnty
tation of the present work is that it focuses exclusively oR OWs promise for detecting motion artefact severity, as

post-hoc methods for uncertainty estimation. The adva vell as adding modest improvements in predictive power in

tage of post-hoc methods is that the ensemble memb rézhe:mers clatss_l cat(ljon._ Fl(;tlfjretwork \tM” |n':/estt_|gli';1ti rrlzre
can be replaced easily, should better segmentation mod&RMPIex uncer ainty derived features to potentially further

become available, which potentially makes these metho! _class_i cation, as wel as Incorporating Iongitudina_l data,
more attractive for clinical translation due to ease of i t9 mvestlgat:e Te photentlal of UQ-supported detection of
plementation as well as future-proo ng. However, it i Ippocampal atropny.

acknowledged that segmentation robustness might bene-
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Figure S2: Confusion matrices for CN vs. MCI classification using logistic regression. a) Baseline Vol_ensemble_mean:
TIV-normalised hippocampal volume with age and sex covariates. AUC = 0.691, and BAcc = 0.650. b) Full_mean:
volumes combined with voxel-wise uncertainty metrics. AUC = 0.660, and BAcc = 0.638.
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