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Abstract. The Dice similarity coefficient (DSC) is the default quality
gate for cardiac MRI segmentation, yet clinical decisions depend not on
overlap but on derived measurements, such as ejection fraction (EF) and
ventricular volumes. We ask whether a high Dice actually guarantees
that these downstream measurements are clinically reliable. Using a sin-
gle frozen 2D U-Net trained on ACDC and deployed without refitting
on the held-out ACDC test set (n=50) and the external multi-vendor
M&Ms cohort (n=320; Siemens/Philips/GE/Canon), we define a silent-
failure rate: among cases with conventionally high overlap (DSC > 0.90),
the fraction whose derived measurement exceeds a literature-derived re-
peatability benchmark. Right-ventricular ejection fraction (RVEF) shows
a silent-failure rate of 0.52 (95% CI 0.34-0.69) on ACDC and 0.41
(0.28-0.56) on M&Ms, despite mean RV Dice of 0.887 and 0.826, re-
spectively. The effect is observed in a pooled external cohort spanning
four scanner vendors and persists across convolutional and transformer
segmentation architectures. By contrast, LVEF, LVEDV, and LVSV are
protected in-distribution, meaning that their observed silent-failure rates
are near zero (< 0.02), although LVESV is not; under shift, LV pro-
tection degrades noticeably. A mechanism analysis argues against catas-
trophic cancellation (end-diastolic and end-systolic errors are positively
correlated) and instead identifies a systematic, same-sign volume bias to
which the unsigned Dice is structurally blind, and which becomes more
one-directional under shift. We conclude that a high Dice must not be
used as a stand-alone safety gate for RV function, and that segmentation
quality assurance should be reported against the clinical endpoint, not
overlap alone.
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1 Introduction

Automated segmentation of the cardiac chambers from cine MRI is rarely the
clinical endpoint in itself. It is an intermediate step: the segmentation yields
quantitative measurements, i.e., ejection fraction, ventricular volumes, myocar-
dial mass, and it is these that inform diagnosis, risk stratification, and ther-
apy [19,2]. Yet the dominant metric for validating and monitoring such models
is the Dice similarity coefficient (DSC), the go-to gate for whether a segmen-
tation is “good enough” to trust. This embeds a silent assumption, that high
Dice implies a clinically reliable measurement, that is rarely tested and easy to
doubt: DSC is unsigned (treating over- and under-segmentation alike) and agnos-
tic to where errors fall, whereas a derived measurement such as EF is a signed,
ratio-valued functional. A model can therefore achieve excellent overlap while
unequal directional errors at ED and ES shift EF beyond a repeatability-derived
benchmark.

Community efforts have catalogued the pitfalls of overlap metrics in the ab-
stract [13,20], and automated CMR EF is known to disagree across vendors and
algorithms [4, 7]. Missing is a direct, quantified answer to a deployment question:
conditional on high Dice, how often does the derived measurement still fail, and
for which measurements? We provide it, both in-distribution and under realistic
multi-vendor shift.

Contributions.

1. We define a silent-failure rate: the probability that a derived cardiac mea-
surement exceeds a literature-derived repeatability benchmark given that
the underlying segmentation has high Dice, and estimate it with case-level
confidence intervals across eight biventricular volume and function measure-
ments.

2. Using a single frozen model deployed on the ACDC held-out test set and
the external four-vendor M&Ms cohort, we show that right-ventricular ejec-
tion fraction silently fails in a large fraction of high-Dice cases (0.52 on
ACDC; 0.41 on M&Ms). This signature persists across four segmentation ar-
chitectures spanning convolutional and transformer designs, whereas LVEF,
LVEDV, and LVSV, but not LVESV, are protected in-distribution.

3. We provide a mechanism analysis that argues against difference amplification
(catastrophic cancellation) and instead attributes the effect to a systematic
same-sign volume bias invisible to the unsigned Dice, a bias that becomes
more one-directional under distribution shift.

2 Related Work

Critiques of segmentation metrics. The Metrics Reloaded framework [13, 20]
systematises how overlap metrics mislead, especially for small or thin structures,
and Dice is further shown to be unreliable under uncertain, small, or empty ref-
erences [18]. These establish in general terms that Dice is an imperfect proxy;
we add a direct empirical quantification tied to specific clinical endpoints and
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to distribution shift. Label-free quality control via reverse classification accu-
racy [21] predicts overlap without references, but targets DSC itself rather than
the clinical endpoint which is the very quantity we show DSC fails to certify.
Overlap and volumetric accuracy. Volumetric error is closer than overlap
to the clinical quantities reported from segmentations, but EF is not a single-
frame volume: it is a ratio of EDV and ESV. High per-frame overlap can therefore
coexist with clinically relevant EF error when signed ED/ES errors are correlated
or systematically biased. Our contribution is to quantify this conditional failure
rate directly for CMR endpoints, where the clinical question is not whether Dice
is high, but whether the derived measurement remains within its benchmark.
Failure and mis-estimation detection. A growing literature distinguishes
failure detection from OOD detection, arguing that what matters operationally
is whether a prediction is wrong, not whether the input is atypical [12, 22, 23].
We share this aim but take the derived measurement, not pixel accuracy, as the
unit of failure which behaves qualitatively differently.

Reliability of automated CMR function. Biventricular function from CMR
has been benchmarked against experts and across vendors [5,4, 7], with inter-
vendor and inter-algorithm variability a known concern. The M&Ms challenge [5]
and its RV-focused successor M&Ms-2 [14] target multi-vendor generalisation,
with nnU-Net [11] the strongest reported solution. We use M&Ms not to bench-
mark a method but to test whether overlap quality certifies downstream RV
function under the vendor shift the dataset was built to expose.

3 Materials and Methods

3.1 Model and Training

We train a single 2D U-Net (monai.networks.nets.UNet, MONAI 1.5.2 [6];
not DynUNet; encoder channels 32-64-128-256-512, strides 2, two residual units
per stage, instance normalisation, dropout 0.1) on the ACDC training set. In-
put slices are resampled in-plane to 1.25x1.25 mm, centre-cropped/padded to
256 %256, and z-score normalised per slice. We optimise a combined Dice—cross-
entropy loss with Adam (learning rate 1073, cosine annealing) for up to 100
epochs and batch size 16. The 100 training patients are split 85/15 (stratified
by diagnostic group; split seed 42). Validation LVEF MAE is evaluated every
five epochs, and the checkpoint attaining the minimum is retained for each ar-
chitecture. All retained checkpoints are frozen before test evaluation, with no
fine-tuning, re-training, or re-calibration.

Three further backbones, namely SegResNet [16], Attention U-Net [17], and
SwinUNETR [10], use the same data split, preprocessing, objective, optimisa-
tion schedule, and checkpoint-selection rule. SwinUNETR uses TF32 and mixed
precision, whereas the convolutional models use FP32. They appear in Tables 1
and 3 and are analysed in Sec. 4.5.
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3.2 Data

ACDC (in-distribution). The 50 held-out ACDC [3] test patients (IDs 101-
150), spanning the five diagnostic groups, are used as the in-distribution cohort.
M&Ms (external shift). All 320 annotated M&Ms patients are used as an ex-
ternal cohort acquired on four scanner vendors (Siemens n=95, Philips n=125,
GE n=50, Canon n=>50) and spanning multiple pathologies. M&Ms uses the op-
posite LV/RV label convention to ACDC; predictions and references are mapped
explicitly to the corresponding structures before evaluation. Volumes are com-
puted on the common processed grid with identical voxel scaling for predictions
and references, mirroring the in-distribution pipeline.

Data use. Both cohorts are publicly available for research under their respective
challenge data-use agreements. ACDC and M&Ms were released by their organ-
isers as fully anonymised data with ethical approval obtained by the original
acquiring institutions; the present work is a secondary analysis of these public
datasets and required no additional ethical approval.

3.3 Derived Measurements and Repeatability-Derived Benchmarks

From each segmentation we derive eight biventricular volume and function mea-
surements per patient, end-diastolic and end-systolic volume, ejection fraction,
and stroke volume for both ventricles. For each measurement we use a literature-
derived repeatability benchmark: left ventricular smallest-detectable-change val-
ues from Moody et al. [15] and right ventricular interstudy-reproducibility val-
ues from Grothues et al. [9]. These are LVEF 6 EF-points, LVEDV 13mL, and
LVESV 7mL; the RV benchmarks are relative to the reference value (RVEDV
6.2%, RVESV 14.1%, and RVEF 8.3%), with stroke-volume benchmarks propa-
gated from their constituent volumes. In particular, Trygr,; = 0.083| RVEF s 4|,
not a fixed threshold of 8.3 EF-points. A measurement fails when |[mprea — Mye|
strictly exceeds its benchmark. RVEF is prognostically important in right-heart
disease [1], motivating endpoint-level evaluation. Because the LV and RV values
originate from different reproducibility studies, populations, and acquisition eras,
they are treated as clinical anchors rather than diagnostic decision boundaries;
Sec. 4.3 also tests a common absolute EF threshold.

3.4 Silent-Failure Rate

For a measurement m we condition on conventionally high segmentation quality,
DSCgtruct(m) = 0.90, and define the silent-failure rate as the fraction of high-Dice
cases for which m fails:

SF(m) = Pr[ |Mpred — Mref| > Tim | DSCytruct(m) > 0.90}. (1)

Here DSCgiruct is a patient-level 3D Dice, not a mean of per-slice values: ED
and ES hard-label slices are stacked into separate volumes, Dice is computed
over each complete volume, and the two phase scores are averaged with equal
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weight. RVEDV, RVESV, RVEF and RVSV therefore all condition on the same
RV score, and the threshold is inclusive. Slices empty in both prediction and
reference contribute no voxels to either numerator or denominator. We refer
to this submitted definition as the mean-phase gate. As a sensitivity analysis,
we also require min(Dgp, Drg) > 0.90 and report the fraction of the complete
cohort retained by this phase-strict gate. We report SF with Wilson 95% CIs,
valid for the small high-Dice subgroups that arise under shift, and complement
it with Dice-as-detector AUROC: the ability of (—DSC) to rank measurement
failures.

3.5 Mechanism Analysis

To probe mechanism, we report ED-ES volume-error correlation, signed RVESV
error, and its signed-to-absolute ratio, ARVESV/|ARVESV|, and decompose
signed RVEF error exactly into EDV and ESV contributions. For reference EDV
and ESV D, S and their signed prediction errors dp,dg, the contributions are
100S60p/[D(D+6ép)] and —100ds/(D+dp); their sum is the patient-level signed
RVEF error.

4 Results

4.1 Segmentation Accuracy and Derived-Measurement Error

Table 1 reports, per architecture, RV cavity Dice and the per-patient LVEF and
RVEF error as median [IQR], a summary robust to the occasional degenerate
segmentation that inflates a mean. Segmentation quality is moderate-to-high and
stable across architectures (mean RV Dice 0.79-0.89), yet the median RVEF error
is large: for the baseline, roughly 5 EF-points in-distribution and 7 under shift.
RVEF error consistently exceeds LVEF error in every model, at least twofold
in-distribution and 1.2-1.7x under shift.

4.2 Silent-Failure Rates Across Measurements

Table 2 reports the silent-failure rate per measurement; the RVEF pattern is
consistent across cohorts. Under the endpoint-specific benchmarks, RVEF is
the worst-protected measurement: among high-Dice cases it still fails in
14/27 cases on ACDC (0.52, CI 0.34-0.69) and 18/44 on M&Ms (0.41, 0.28-
0.56), and the effect remains elevated in the pooled external four-vendor cohort.
LVEF, LVEDV, and LVSV are protected in-distribution, here meaning
observed rates < 0.02 on ACDC, whereas LVESV remains an exception at 0.19
[0.10, 0.33]. Under shift, LV protection degrades across the board: every
LV endpoint shows an increased silent-failure rate on M&Ms.

Consistent with this, Dice-as-detector AUROC for ranking measurement fail-
ures is strong for LVEF (0.979 ACDC, 0.794 M&Ms) but weak for RVEF (0.677,
0.650): Dice therefore ranks measurement failures less effectively for RVEF than
for LVEF in these cohorts.



6 E. Gionanidis et al.

Table 1. Per-architecture RV cavity Dice and derived-measurement error for the
in-distribution ACDC test set (n=50) and the external multi-vendor M&Ms cohort
(n=320). The RV Dice column reports mean per-patient RV cavity Dice; the LVEF
and RVEF columns report the median [interquartile range| of the per-patient absolute
EF error in EF-points, robust to a small number of degenerate segmentations that
inflate a mean. Moderate-to-high, stable RV Dice coexists with clinically large RVEF
error in every architecture, and RVEF error consistently exceeds LVEF error.

Cohort  Architecture RV Dice LVEF RVEF

ACDC 2D U-Net 0.887  2.1[0.8,3.7] 5.3 [2.8, 7.4]
SegResNet 0.847 1.8 [0.7,34] 5.5 2.1, 9.7
Attention U-Net  0.889  1.2[0.5,3.4] 4.2[2.2, 8.2
SwinUNETR 0.847  3.0[1.2,6.2] 6.4 (2.3, 9.7]

M&Ms 2D U-Net 0.826  4.2[2.0,7.2] 7.2[3.8, 12.5]
SegResNet 0.789 4.2 [1.8,8.0] 7.0 [3.4,13.3]
Attention U-Net 0.844 4.3[2.1,7.3] 5.1[2.3,9.5]
SwinUNETR 0.792 4.7 [2.6,7.8] 6.8 [2.8, 11.9]

Table 2. Silent-failure rates under the submitted mean-phase Dice gate, with Wilson
95% Cls. Count columns report failures/accepted cases.

ACDC (n=50) M&Ms (n=320)
Measurement ~ Failures/n SF [95% CI] Failures/n SF [95% CI]
RVEF 14/27  0.52 [0.34, 0.69]  18/44  0.41 [0.28, 0.56]
RV SV 8/27 0.30 [0.16, 0.48 9/44 0.20 [0.11, 0.35
RVEDV 5/27 0.19 [0.08, 0.37 16/44 0.36 [0.24, 0.51
RVESV 4/27 0.15 [0.06, 0.32 13/44 0.30 [0.18, 0.44
LVESV 8/42 0.19

] ]
000,03 |
[0.10,0.33]  45/141  0.32[0.25, 0.40]
LVEF 1/42 0.02 [0.00, 0.12] ]
[ ] ]
[ ] ]

19/141  0.13 [0.09, 0.20
LVEDV 0/42 0.00 [0.00, 0.08 33/141  0.23[0.17, 0.31
LV SV 0/42 0.00 [0.00, 0.08 26/141  0.18 [0.13, 0.26

4.3 Sensitivity Analyses

Scaling the endpoint-specific EF benchmarks from 0.5x to 1.5x preserves the
higher RVEF rate in both cohorts. Requiring both ED and ES Dice to reach
0.90 reduces the U-Net result from 14/27 to 8/17 on ACDC and from 18/44 to
6/21 on M&Ms, but coverage falls to 17/50 and 21/320. Under a common 6-EF-
point threshold among patients passing both ventricular gates, RV/LV failures
are 5/22 versus 0/22 on ACDC but 7/32 versus 7/32 on M&Ms. Thus, the high-
Dice RVEF vulnerability is robust, whereas a universal external RV /LV ordering
is not.
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4.4 Per-Vendor Subgroup Analysis

A natural question is whether RVEF silent failure varies across external vendor
subgroups. Conditioning on high Dice and splitting by vendor leaves small sub-
groups (high-Dice RVEF counts 6, 25, 2, and 11 for Siemens, Philips, GE, and
Canon), with elevated but wide, overlapping rates: 4/6 (0.67), 9/25 (0.36), 1/2
(0.50), and 4/11 (0.36). We therefore do not claim a vendor gradient: the pooled
external estimate remains elevated, but these data cannot resolve a vendor or-
dering.

4.5 Robustness Across Architectures

To assess whether the finding is specific to the baseline U-Net, we repeat the
submitted mean-phase analysis for the three additional backbones. RVEF silent
failures recur in every architecture and cohort (Table 3). Because the models
share data, preprocessing, and evaluation, and accept different patient subsets,
this is a shared-protocol robustness check rather than independent replication
or a direct model ranking.

Table 3. RVEF silent-failure rates under the submitted mean-phase Dice gate across
four 2D backbones, with Wilson 95% CIs. Count columns report failures/accepted
cases.

ACDC (n=50) M&Ms (n=320)
Architecture Failures/n RVEF SF [95% CI] Failures/n RVEF SF [95% CI]
2D U-Net 14/27 0.52 [0.34, 0.69] 18/44 0.41 [0.28, 0.56]
SegResNet 8/14 0.57 [0.33, 0.79] 13/33  0.39 [0.25, 0.56]
Attention U-Net ~ 11/27 0.41 [0.25, 0.59] 21/79 0.27 [0.18, 0.37]
SwinUNETR /17 0.41 [0.22, 0.64] 14/42 0.33 [0.21, 0.48]

4.6 Mechanism: Signed Bias versus Difference Amplification

ED and ES RV volume errors are positively correlated (0.39 ACDC; 0.70 M&Ms),
so independent, oppositely signed phase errors are not the dominant explanation.
The dominant signed bias is positive RVESV error: mean signed RVESV error is
+3.79mL on ACDC and +7.45 mL on M&Ms, positive in 19/27 and 36/44 high-
Dice cases, respectively (Fig. 1b). The signed-to-absolute error ratio increases
from 0.45 on ACDC to 0.86 on M&Ms, consistent with a more one-directional
bias under shift. Exact decomposition localises this further: mean EDV contri-
butions are +0.52/ +1.25 EF-points on ACDC/M&Ms, whereas mean ESV con-
tributions are —2.43/ — 3.95, yielding mean signed RVEF errors of —1.91/—2.70
EF-points. The signed volume-bias explanation is therefore refined as an ESV-
dominated cross-phase imbalance: Dice encodes neither error direction nor the
relative ED/ES balance.
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Fig. 1. Mechanism. (a) On M&Ms, high RV Dice does not bound RVEF error: cases
passing the 0.90 gate can still exceed the RVEF benchmark. (b) Signed RVESV er-
ror within the high-Dice subgroup; positive errors predominate (19/27 ACDC; 36/44
M&Ms), consistent with the ESV-dominated negative RVEF contribution quantified
in Sec. 4.6.

5 Discussion

Our central finding is narrow but practically important: a high Dice does not
certify right-ventricular ejection fraction. In a substantial fraction of high-Dice
cases, RVEF lies outside its repeatability-derived benchmark, in-distribution, in
a pooled external four-vendor cohort, and across four architectures including
a transformer. The mechanism is mundane but dangerous: a systematic, direc-
tional volume bias that an unsigned overlap metric cannot see, and that becomes
more one-directional under distribution shift. The phase-strict sensitivity and
exact decomposition refine rather than alter this interpretation: failures remain
when both ED and ES Dice exceed 0.90, and the ESV contribution dominates
the signed RVEF error.
Implications. Gate on the clinical endpoint, not Dice alone. Where reference
measurements are unavailable at deployment, our results caution rather than
solve: a useful monitor must be sensitive to directional endpoint error, not merely
to low overlap or generic uncertainty (e.g. MC-dropout [8]). This points to a
directional-bias-aware monitor rather than a generic confidence score.
Exploratory stratification by diagnosis showed particularly large positive
signed RVESV error in DCM-labelled high-Dice cases (ACDC: +11.0 mL, n=8;
M&Ms: +8.3 mL, n=17). Point estimates varied in magnitude and, in some small
diagnostic subgroups, in sign, suggesting that a single pooled bias correction may
be insufficient.
Limitations. Absolute rates are model- and benchmark-specific. The four back-
bones share training data, preprocessing, checkpoint selection, and evaluation,
so the architecture analysis is not independent replication and does not include
controlled seed uncertainty. All models are 2D, and both cohorts are retrospec-
tive public datasets. Finally, strict gates produce small accepted subsets, and
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the different LV/RV benchmark constructions limit claims of a universal cross-
ventricular ordering.

6 Conclusion

Overlap accuracy and clinical reliability are not the same thing, and for the
right ventricle they can come apart sharply. Across an in-distribution cohort,
a pooled external cohort spanning four vendors, and four segmentation archi-
tectures, RVEF exceeded its repeatability-derived benchmark in a substantial
fraction of high-Dice cases. The effect is associated with a signed RV volume
bias to which Dice is blind. Quality assurance for cardiac function should there-
fore be expressed against the derived clinical measurement, not overlap alone.
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