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Abstract. Medical image segmentation models commonly binarize voxel-
wise scores using a fixed threshold, such as 0.5. However, this heuris-
tic provides no finite-sample guarantee against clinically consequential
under-segmentation, particularly in 3D lesion segmentation, where le-
sions are sparse relative to the background. We propose Conformal Le-
sion Segmentation (CLS), a model-agnostic post-processing framework
for controlling voxel-level false-negative risk. Given a user-specified FNR
tolerance € and violation probability a, CLS uses a held-out calibra-
tion set to compute, for each case, the smallest mask-expansion parame-
ter for which the voxel-level FNR does not exceed €. A finite-sample-
corrected conformal quantile of these critical values is then used to
determine a global binarization threshold. Under exchangeability, CLS
guarantees that a new test case satisfies the prescribed FNR tolerance
with probability at least 1 — a. Because the critical parameter is cho-
sen as the smallest feasible expansion, CLS also limits the associated
increase in false positives, although FPR is not itself formally controlled.
We evaluate CLS on six 3D-LS benchmarks across five backbone mod-
els, demonstrating its superior statistical validity and predictive perfor-
mance, and providing potential guidance for deploying risk-aware seg-
mentation models in real-world clinical applications. Code can be found
at https://github.com/binyutan/CLS.

Keywords: 3D lesion segmentation - Conformalization.

1 Introduction

Recent advances in deep learning and computer vision [7] have enabled nu-
merous automated medical image segmentation models for modalities such as
CT and MRI [18,22], achieving expert-level performance across diverse clini-
cal tasks [27]|. Despite these gains, current models typically depend on a fixed,
heuristic threshold (i.e., 0.5) to delineate target structures from background,
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Fig. 1: Overview of the CLS framework.

lacking statistically valid guarantees for critical safety metrics such as the false
negative rate (FNR) [12]. This limitation compromises their trustworthiness in
risk-sensitive clinical environments, where robust risk control is essential [18].
In particular, under-segmentation can cause the model to either incompletely
delineate lesion boundaries or entirely miss lesions, resulting in pathological re-
gions being missed and thus left untreated [15,29]. For instance, in early-stage
tumor screening, missing lesions smaller than 5 mm can have serious conse-
quences for patient outcomes, as false negatives directly compromise diagnostic
and therapeutic decisions [16,17]. These concerns highlight the need for statis-
tically grounded segmentation frameworks, especially in challenging scenarios
such as 3D lesion segmentation (3D-LS) [19,9].

Split (inductive) conformal prediction (SCP) [20,5,25] has recently emerged
as a principled solution to address these shortcomings. SCP offers distribution-
free, model-agnostic guarantees on ground-truth coverage, assuming data ex-
changeability. This framework reserves a held-out calibration set to compute
nonconformity scores that quantify the discrepancy between model predictions
and ground-truth labels. By computing the quantile of these scores at a user-
specified risk level « as the test-time selection threshold, SCP then constructs a
prediction set for each test sample ensuring that the true label is included with
probability at least 1 — «. While SCP has demonstrated strong performance in
classification settings [1], its adaptation to segmentation for controlling per-case
voxel-level FNR has received limited attention.

In this paper, we introduce Conformal Lesion Segmentation (CLS), a novel
extension of SCP to image segmentation, which constrains the test-time voxel-
level FNR (V-FNR) to lie below a user-specified tolerance € with high probability
1 — «, while maintaining a low V-FPR. As shown in Figure 1, CLS builds upon a
pretrained segmentation model and focuses on designing a task-specific noncon-
formity score that reflects lesion-level false negative risk under the given FNR
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constraint. Specifically, for each calibration sample, CLS identifies the maximum
binarization threshold 1 —t such that the V-FNR remains below the target toler-
ance €. The collection of these per-sample critical thresholds over the calibration
set forms a distribution of nonconformity scores, from which CLS computes
the approximate 1 — a quantile to determine a statistically calibrated test-time
threshold. This calibrated threshold ensures, with probability at least 1 —«, that
the FNR on unseen test examples remains within the user-defined tolerance ¢.

We evaluate CLS on six 3D-LS benchmarks utilizing five popular 3D med-
ical image segmentation models. Empirical results demonstrate that CLS con-
sistently enforces the FNR constraint within the predefined tolerance e at the
user-specified risk level a.. By rigorously calibrating the test-time threshold, CLS
achieves significantly lower FNR on both presence-level and voxel-level compared
to those obtained employing a heuristic threshold of 0.5 across all datasets. Be-
yond FNR control, we further examine how predicted region sizes vary across
models and risk levels, offering a practical and interpretable tool for benchmark-
ing uncertainty-aware segmentation models.

Our main contributions are summarized as follows:

— We propose Conformal Lesion Segmentation (CLS) that extends SCP to
binary segmentation settings, addressing a clinically driven risk objective:
bounding the probability that per-case voxel-level FNR exceeds a user-
specified tolerance via a single calibrated post-processing threshold, while
preserving standard binary mask output.

— We derive novel nonconformity measures from false negative risk-constrained
critical thresholds, facilitating statistically rigorous segmentation with FNR
control and inherently low FPR.

— We introduce prediction compactness as an auxiliary metric that comple-
ments V-FNR, P-FNR, and V-FPR, summarizing the spatial footprint re-
quired to achieve a given FNR tolerance and enabling interpretable compar-
ison of backbone conservativeness under risk-controlled calibration.

2 Method

2.1 Notations and Problem Formulation

Formally, the dataset is partitioned into three disjoint subsets: a training set
Dsrain, a calibration set Dy, and a test set Dieqr. Since SCP is model-agnostic,
we first fit a segmentation model f(-) on Dy qin. Given a 3D image x; € RP*XHXW,
the model outputs a confidence map 3; = f(x;) € [0, 1]P>*#*W where each voxel
value denotes the predicted probability of lesion presence. The corresponding
ground-truth annotation is a binary mask y; € {0, 1}P*H*W,

For a decision threshold ¢ € [0, 1], the predicted lesion region is defined as

Maski(t) = {(d, h7w) € le : f(xi)(d,h,w) Z 1-— t} s (1)

where (2,, C Z? denotes the spatial index set of z;. Voxels with confidence scores
above 1 — t are classified as lesion, and the remainder as background.
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Fig. 2: Distributions and Voxel-level FNR/FPR Loss vs. ¢

As discussed above, heuristically adopting a fixed decision threshold 1—¢ (e.g.,
0.5) provides no formal control over false negative risk. Figure 2a illustrates the
average distribution of output probabilities produced by the Med3D model [§]
on the KiTS21 dataset [13]|, where a large fraction of lesion voxels (label = 1)
receive predicted probabilities below 0.5. Figure 2b further shows the distribution
of voxel-level FNR (V-FNR) across models, with presence-level FNR (P-FNR)
annotated; notably, many samples exhibit V-FNR = 1, indicating complete lesion
miss. Consistently, as shown in Figure 2c-2d, at the conventional threshold ¢ =
0.5, the average V-FNR (0.6023) is nearly two orders of magnitude larger than
the average V-FPR (0.0082), revealing a strong bias toward false negatives. These
results demonstrate that a fixed threshold is inadequate across samples.

Our objective is therefore to learn a statistically valid threshold 1 — ¢ from
a calibration set Deq; = {(z;,y;)},_, such that the test-time false negative risk
is bounded by a user-specified tolerance ¢ with high probability, while keeping
false positives low:

Pr(R(f)<e) > 1-a, (2)

where R() denotes the FNR on unseen test samples, and a controls the allowable
violation probability.

2.2 Conformal Lesion Segmentation

Exchangeable data distribution. As a foundational yet non-restrictive as-
sumption, we posit that the n calibration samples {(z;, )}, and each test
point (Tiest, Yrosy) I Diest are exchangeable, which underlies the theoretical va-
lidity of SCP-based approaches [2].

To align the nonconformity score with the underlying false negative risk,
we define a threshold-dependent voxel-level FNR-specific loss function for each
calibration data point:

H (d,hyw) €2, H

L?NR(t) 1 |MaSki(f) Ny’ 1 F@) (anw)y 21—t Yl g nw) =1 ©)
71 {(@nw) e 2y, =1}

where y;‘( dhow) 18 the ground-truth label at voxel (d, h,w) and a lower loss in-

dicates that a larger fraction of the ground-truth lesion voxels are successfully
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identified by the model. Analogously, we define a threshold-dependent voxel-level
FPR-specific loss function:

(dsh,w) €2y,
_ [Mask;(t) N (1 —y)| Hf(””i)w»h«w)Zl*t’ yf(d,h,m:o}’

1= ;] ’{(CL how) € QUi = 0}

;@)

A lower loss indicates a lower proportion of ground-truth background voxels
being erroneously identified as lesions.

The monotonicity of the FNR-specific loss with respect to ¢ is immediate
from its definition, as also illustrated in Figure 2c. Leveraging this property, we
then develop the nonconformity score as

t; = argt:Lfrglég)Se LIPR(t) = inf {t : V' > ¢, LINR() < ¢}, (5)
which represents the lowest feasible decision threshold for each calibration sample
under which the false negative proportion remains within the specified tolerance
e. This critical point ¢; minimizes the predicted lesion area Mask;(¢;) to mini-
mize the false positive rate and enhance precision subject to the risk constraint.
Subsequently, we sort all nonconformity scores {¢;}?_; on the calibration set in

ascending order such that t; < --- <t,, and compute their w

g o WSO [0 ar ) “

quantile:

n n

Theorem 1 (Statistically rigorous FNR constraint). Suppose the given test in-
stance (Tiest, Ygost) aNd (T3, Y) )i=1,... n are exchangeable, we employ t as the test-
time decision threshold and the resulting predicted lesion region is Masksest(t).
Then the false negative proportion Lisg® (£) satisfies

Pr (LN} (f) <e) > 1-a. (7)

test

This is the same property of risk control as Eq. (2). We emphasize that this is
a marginal, per-test-sample guarantee: for any single exchangeable test instance,
the probability of FNR exceeding ¢ is at most «. It does not imply that the
empirical compliance rate (ECR) over every finite test partition must exceed
1 — a. Below, we establish its statistical rigor.
Proof of Theorem 1. Under the condition that ¢,—;,... ,, are in ascending order, t

can be reformulated as f = t, [a-aatm1 = t[(1—a)(14n)]- By the definition of ¢;,
if LENR (£) < e, it can obtain > t;eq. Since (21,y}), - ,(xn,y:), (Ttest Yiost)
are supposed to be exchangeable, it has Pr (tjest < t;) = i1~ Finally, it can

obtain

(-0)4n] g

Pr(Linf (f) <€) =Pr (£ > tyest) = " >

test

This completes the proof of Theorem 1 and establishes the statistical validity of
the test-time decision threshold.
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Fig. 3: Test-time ECR results on six datasets utilizing five segmentation models.

3 Experiments

3.1 Experimental Settings

Datasets. We consider six fully annotated 3D medical segmentation datasets
from the ULS23 Segmentation Challenge [9], each covering a different anatomical
region or organ system: KiTS21 [13], LiTS [6], NIH-LN ABD [21]|, LIDC-IDRI
[4], MDSC-Colon [3], and MDSC-Pancreas [3].

Backbone Models. We employ five representative 3D medical image seg-
mentation models with diverse architectural designs, each fine-tuned to main-
tain a comparable parameter scale: Med3D[8], nnUNet[14], UNETR][11], Swin-
UNETR][10], and SAM-Med3D[23].

Evaluation Metrics. We check whether the empirical compliance rate
(ECR) [2], defined as the proportion of test samples whose FNR-specific loss
is controlled below ¢, exceeds 1 — . We use the presence-level FNR (P-
FNR), which measures the proportion of samples where lesions are completely
missed (voxel-level FNR = 1), alongside V-FNR and V-FPR for comprehen-
sive assessment. To quantify spatial precision under risk control, we introduce
prediction compactness (PC): the ratio of predicted lesion voxels to total
image voxels. Under the FNR below ¢ constraint, true positive volume is guar-
anteed; thus, lower PC implies fewer false positives, yielding lower FPR and
higher Dice. PC provides an efficient, interpretable metric for comparing spatial
efficiency across models and risk levels a.

3.2 Empirical Evaluations

We fix the calibration-test split ratio at 0.5 by default. Each experimental group
is evaluated over 100 random splits.

Statistical Validity of CLS. We first validate the statistical rigor of Theo-
rem 1. As illustrated in Figure 3, thresholds calibrated via Eq. (6) consistently
control test-time ECR under target levels across all six 3D-LS datasets and
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Table 1: Test-time V-FNR and P-FNR on KIT'S21 using heuristic (¢ = 0.5) and
CLS-calibrated thresholds at varying tolerance levels (g).

Models Med3D UNETR SAM-Med3D
€ V-FNR P-FNR V-FNR P-FNR V-FNR P-FNR
t = 0.5 (Fixed by default)
0.5058 0.2741 0.5573 0.2545 0.4835 0.1575

t = ¢ calibrated at the risk level of 0.2

0.1 0.0533 0.0210 0.0576 0.0159 0.0469 0.0000

0.3 0.1654 0.0419 0.1693 0.0553 0.1779 0.0257

0.5 0.3211 0.0975 0.3528 0.0815 0.2995 0.0825
ResNet nnUNet UNETR Swin-UNETR SAM-Med3D

.| Mean FNR: 0.506
® | Mean FPR: 0.015

9 Mean FNR: 0.519
0.
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Fig. 4: Voxel-level FNR-FPR distribution before and after calibration.

five pretrained segmentation models. Notably, Theorem 1 provides a marginal
guarantee for each individual test sample; ECR is an empirical average over a
finite test partition and is not itself guaranteed to exceed 1 — « on every split.
Accordingly, occasional ECR values falling slightly below 1 — « across the 100
random splits do not contradict the conformal guarantee but reflect the inherent
variability of finite-sample empirical estimates [2,26,28,24].

Comparison with Heuristic Thresholding. As presented in Table 1, under
a fixed threshold of 0.5, all three pretrained segmentation models exhibit sub-
stantially high test-time FNRs (both voxel-level and presence-level) on KiTS21.
Notably, the P-FNR remains alarmingly high across models, indicating that a
non-trivial proportion of lesions are completely missed, which poses substantial
clinical risk in safety-critical settings. By contrast, CLS derives statistically rigor-
ous thresholds under a user-specified risk level (e.g., @ = 0.2), yielding consistent
reductions in FNR across all models and V-FNR tolerance levels ¢.
Multi-metric Trade-off. Figure 4 illustrates the expected trade-off between
false negatives and false positives. Under the heuristic threshold of 0.5, many
cases lie in the high-FNR, low-FPR region, including complete lesion misses. CLS
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shifts the distribution toward substantially lower FNR, at the cost of an increase
in FPR caused by the enlarged predicted masks. Importantly, CLS selects the
smallest threshold expansion required by its calibration criterion, thereby limit-
ing, rather than eliminating, the accompanying increase in false positives. These
results show that CLS prioritizes clinically important false-negative control while
retaining an interpretable FNR-FPR trade-off.

Prediction Compactness as a Risk-aware Benchmark. To characterize
performance beyond FNR control, we evaluate PC on the KiTS21 dataset across
five segmentation models under varying risk levels. As shown in Figure 5a, higher
« leads to less conservative and more spatially compact predictions. Moreover,
flatter curves indicate that the calibrated mask size is relatively insensitive to
the chosen risk level, whereas steeper curves indicate stronger sensitivity. PC can
therefore be interpreted as a measure of spatial efficiency and risk sensitivity.
Robustness to Calibration-Test Split Ratios. To assess the robustness of
CLS under varying calibration data availability, we evaluate its performance us-
ing different calibration-test split ratios. As shown in Figure 5b, CLS maintains
strict control of the test-time ECR across all proportions, even when only 10%
of the data is reserved for calibration. These results highlight a critical advan-
tage of CLS: statistical guarantees remain valid even in imbalanced calibration
settings—a desirable trait for scalable and trustworthy deployment of risk-aware
medical Al systems.

4 Conclusion

In this paper, we propose CLS, a risk-controlled lesion segmentation framework
that constructs an FNR-aware nonconformity score and derives statistically rig-
orous decision thresholds via conformal calibration. Unlike heuristic threshold-
ing, CLS consistently enforces test-time FNR control while maintaining low FPR
across diverse 3D-LS benchmarks, substantially reducing under-segmentation
and complete lesion omission in safety-critical clinical settings. Beyond reliabil-
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ity, we introduce prediction compactness, an interpretable auxiliary metric for
quantifying spatial precision and uncertainty under formal risk constraints. We
further show that CLS remains effective with limited calibration data. Overall,
CLS provides a principled and practical foundation for uncertainty-aware seg-
mentation with statistical guarantees, bridging theoretical rigor and real-world
clinical reliability. We note that the exchangeability assumption underlying CLS
may be weakened by scanner or protocol variations, temporal drift, and cross-
institutional deployment; future work should incorporate domain-shift detection
or site-specific recalibration to maintain validity under such distribution changes.
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