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Abstract. Precise tumor segmentation is fundamental to neuro-onco-
logical planning and longitudinal monitoring. Existing interactive foun-
dation models exhibit strong generalization capabilities, theoretically en-
abling the segmentation of diverse brain lesion types and sub-regions.
However, they remain ill-suited for this domain due to their reliance on
single-modality inputs and “trigger-happy” behavior—often hallucinating
structures assuming that every user interaction targets a valid lesion. In
this work, we propose SkepticalNet, a native 3D, multi-modal framework
based on nnlnteractive, trained with a skeptical prior. By integrating
a novel background interaction sampling protocol during training, we
enable our model to distinguish between valid and erroneous user guid-
ance. We evaluate this approach on a diverse multi-cohort BraTS dataset
encompassing adult/pediatric gliomas and meningiomas. Our method
significantly outperforms the state-of-the-art nnlnteractive foundation
model, achieving a global mean Dice of 85.9% (vs. 76.3%) while reduc-
ing the annotation burden. Crucially, we demonstrate that the model
learns a context-aware safety profile, effectively suppressing activations
triggered on healthy tissue while preserving the ability to robustly cor-
rect imprecise clicks near tumor boundaries. Inference code and weights
are available at |https://github.com/stathisky-repo/SkepticalNet.
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1 Introduction

Accurate and robust segmentation of brain lesions is a prerequisite for radiother-
apy planning and surgical navigation [3]. While fully automated methods based
on Convolutional Neural Networks (CNNs) and Transformers have achieved
expert-level performance on standard benchmarks [94], they often lack the flex-
ibility to generalize across diverse clinical scenarios. A model trained on adult
glioma typically fails in pediatric or post-treatment cases due to domain shifts in
anatomy and texture. This necessitates a unified tool that bridges these domain
gaps effectively, obviating the need for ensembles of specialist models.
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In the broader landscape of medical image segmentation, the field is shift-
ing towards interactive foundation models. Conventional SAM adaptations [I0J2]
and native 3D frameworks such as SAM-Med3D [I3] and nnInteractive [5] demon-
strate impressive versatility across diverse anatomies. However, these generalist
models face critical limitations when applied to neuro-oncology. First, standard
SAM adaptations rely on 2D slice-wise processing, which ignores 3D volumetric
context and impedes annotation efficiency. Second, existing 3D models typically
process single-channel inputs, discarding the complementary multi-modal infor-
mation (T1, Tlc, T2, FLAIR) essential for distinguishing complex tumor sub-
regions [6]. Most critically, their core generalization mechanism, the “segment
anything” prior, creates a safety paradox. Designed to extract valid structures
from any prompt, these models are inherently agnostic to the biological nature of
the target. Consequently, when applied to pathology segmentation, they exhibit
“trigger-happy” behavior: an erroneous click on healthy tissue forces the model to
segment local anatomical features. While this agnostic capability is a strength in
open-world settings, it manifests as dangerous hallucination (an unconstrained
segmentation response) in clinical workflows strictly limited to pathology, com-
promising safety (the reliable suppression of out-of-context prompts).
Contributions. In this work, we present SkepticalNet, a unified, safety-aware
interactive generalist framework specifically adapted for neuro-oncology. Build-
ing upon nnlnteractive, our contributions are four-fold:

1. Native Multi-Modal 3D Architecture: We introduce a native volumet-
ric architecture that leverages full multi-modal MRI inputs, enabling precise
segmentation of distinct tumor sub-regions (e.g., edema, necrosis, enhancing
tumor) as defined by user intent.

2. Safety-Aware Training: We propose a novel training strategy that utilizes
background interaction sampling to enforce context-awareness. By teaching
the model to validate user prompts against local anatomy via a zero-output
constraint—effectively learning a skeptical prior—we enable the suppression
of activations triggered on healthy tissue, while preserving the intrinsic ca-
pability to correct imprecise interactions near tumor boundaries.

3. Topology-Aware Interaction: We introduce a stochastic pathfinding algo-
rithm that respects the irregular topology of infiltrative brain lesions, provid-
ing a more realistic training signal than standard linear scribble simulations.

4. Extensive Validation: We demonstrate that our method outperforms the
state-of-the-art nnlnteractive foundation framework in both native and fine-
tuned settings across four diverse BraTS benchmarks (Pre- and Post-Treat-
ment Adult Glioma, Meningioma, and Pediatric Glioma), achieving superior
performance with an improved safety profile.

2 Methodology

2.1 Network Architecture and Multi-Modal Adaptation

Our model builds upon the nnlInteractive framework [5], which utilizes a 3D resid-
ual U-Net backbone. While the native implementation processes an 8-channel
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input (1 image + 7 interaction guidance maps), we modify the first convolutional
layer to accept an 11-channel input comprising four MRI modalities (T1, Tlc,
T2, FLAIR) and the original interaction channels. To leverage the generalized
representations of the pretrained model, we initialize this expanded layer by repli-
cating the weights of the original image channel across the four new modality
channels, scaling each by a factor of 1/4. This normalization preserves the ex-
pected magnitude of initial feature activations, ensuring training stability while
treating all modalities as equally weighted inputs during the initial phase.

2.2 Context-Aware User Simulation and Safety-Aware Training

Unlike standard fully automated segmentation, where the output space is fixed,
our interactive model must adapt to varying user intents. In neuro-oncology,
lesions manifest as complex hierarchies of pathology-specific compartments—
ranging from atomic sub-regions (e.g., edema, necrosis, resection cavities) to
composite structures (e.g., whole tumor, tumor core). To support this flexibility
across diverse datasets, we formulate the training objective as a binary segmen-
tation task where the target class ciqrge: dynamically samples either an atomic
or a composite sub-region. This ensures all possible classes per-sample are su-
pervised throughout training, seamlessly resolving user intent. To mitigate class
imbalance, we explicitly bias this sampling toward minority classes.

Standard interactive training protocols typically simulate user prompts solely
on error regions (where prediction # ground truth). While effective for refining
segmentation boundaries, this approach biases the model towards foreground-
only supervision, depriving it of explicit signals from healthy tissue. To mitigate
this and improve clinical reliability, we propose a hybrid sampling strategy where
each training iteration is stochastically assigned to either Foreground Super-
vision (p = 0.75) or Background Supervision (p = 0.25). The variable p de-
notes the branching probabilities governing our stochastic training tree (Fig. .
All such ratios were experimentally optimized via grid search on the validation
set to maximize segmentation accuracy and robustness to invalid prompts.

Foreground Supervision. In this mode, the model focuses on segmenting a
valid lesion sub-region (Fig. [1} Left). For the initial step (where no prediction
exists), a positive prompt (point, bounding box, scribble, or lasso) is simulated
on the ground truth mask. In subsequent iterations, corrective interactions are
generated based on the current error map:

— Error Region Selection: A False Positive (FP) or False Negative (FN)
component is sampled with a probability proportional to its volume. This
prioritizes significant morphological errors while maintaining the diversity of
the training signal.

— Interaction Placement: Once a component is selected, an interaction type
is chosen and placed according to the spatial priors defined in nnInteractive.

— Negative Reinforcement: Distinct from standard error-correction proto-
cols, we introduce a probability (p = 0.10) of placing a negative prompt
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Fig. 1. Overview of the proposed hybrid Safety-Aware interactive training protocol.
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within the proximal background adjacent to the lesion. This simulates a ra-
diologist explicitly excluding confounding anatomy (e.g., vessels or resection
cavities) to reinforce boundary constraints, even in the absence of a current
prediction error.

Background Supervision. To prevent the “trigger-happy” behavior common
in interactive models, we introduce a Safety-Aware training branch (Fig.
Right). In this mode, the target output is explicitly defined as an empty mask,
enforcing a zero-output constraint. Our sampling strategy is conditioned on the
current prediction state:

— Scenario A: Proactive Prevention. For clean predictions (no false pos-
itives), we simulate interactions to reinforce hallucination robustness. Sam-
pling is restricted to regions > 4 voxels from the tumor boundary. Assuming
1 mm isotropic resolution, this 4 mm margin aligns with standard 2-5 mm
radiotherapy uncertainty buffers used to account for microscopic extension
[I1], defining a clinically unambiguous healthy zone.

1. Adversarial Positive Prompts (p = 0.70): A positive prompt is
placed on healthy tissue. The model is penalized for any non-zero output,
effectively learning a skeptical prior that prioritizes local image features
over user guidance when the two conflict (e.g., accidental clicks).

2. Contextual Negative Prompts (p = 0.30): A negative prompt is
placed on healthy tissue to reinforce the association of negative con-
straints with non-target anatomy.

— Scenario B: Reactive Correction. If the model fails to suppress an input
(generating a hallucination), a negative prompt is placed directly on the false
positive region. We constrain these corrective clicks to be strictly contained



SkepticalNet for Interactive Segmentation 5

within healthy tissue (GT = 0) to avoid conflicting supervision near the
lesion boundary. This acts as a second line of defense, teaching the model to
reliably suppress explicit hallucinations based on user feedback.

This dual-mode strategy ensures that accidental or noisy interactions do not
result in confusing false positives, establishing a robust clinical safety profile.

2.3 Topology-Aware Scribble Generation

Brain lesions frequently exhibit irregular, non-convex morphologies (e.g., C-
shaped resection cavities) where standard line scribbles are prone to inadver-
tently traversing healthy tissue. This introduces erroneous signals that can com-
promise training. To mitigate this, we replace the default linear interpolation
of nnInteractive with a Topology-Constrained Stochastic Walk (TCSW)
algorithm. Given a start and a target point within the foreground of a single 2D
slice, TCSW generates a path strictly constrained to the lesion mask by itera-
tively selecting the 8-connected neighbor that minimizes the geodesic distance to
the target. To simulate human motor variance, uniform stochastic noise is added
to the geodesic distance map prior to each pathfinding step, enforcing different
minimal connecting paths. This ensures scribbles remain topologically valid yet
realistically imperfect.

3 Experimental Setup

3.1 Datasets and Preprocessing

We evaluate our method on four distinct benchmarks from the BraTS challenge
[TUT2187], covering a diverse range of clinical scenarios: Pre-Treatment Glioma
(N = 1251), Post-Treatment Glioma (N = 1621), Meningioma (N = 1000), and
Pediatric Glioma (N = 99). Note that N refers to the number of MRI acquisi-
tions (timepoints), and a single patient may possess multiple longitudinal scans.

Data Splitting and Preprocessing. To ensure rigorous evaluation, each
dataset was partitioned into training (70%), validation (10%), and test (20%)
sets. We enforced a strict patient-wise split, ensuring that all longitudinal time-
points from a single patient are assigned to the same partition to prevent data
leakage. Additional stratification was employed to enforce the proportional rep-
resentation of rare tumor sub-classes across all data subsets. Preprocessing was
limited to standard z-score normalization of intensity values per modality.

Balanced Sampling Strategy. Given the significant imbalance in dataset
sizes (e.g., 99 Pediatric vs. 1621 Post-treatment samples), standard uniform sam-
pling would cause the model to underfit minority domains. To mitigate this, we
employ a Balanced Dataloader which independently draws each sample from
one of the four datasets with equal probability (25%), ensuring fully stochastic
batch compositions without fixed allocations per domain. To prevent overfitting
on frequently re-sampled minority cases, we apply aggressive spatial and in-
tensity augmentations (e.g., elastic deformations, gamma, and Gaussian noise),
ensuring robust input diversity.
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3.2 Training Protocol

The model was trained for a total of 500 epochs using the Adam optimizer with
an initial learning rate of 1 x 10~%. To allow the input weights (initialized via
the replication strategy described in Sec. to adapt to the specific contrast
properties of the multi-modal data without destabilizing the pretrained back-
bone, we employed a linear warmup phase for the first 25 epochs. Subsequently,
a Cosine Annealing scheduler was applied to gradually decay the learning rate
to a minimum of 1 x 1076, All experiments were conducted on a single NVIDIA
A100 GPU (40GB VRAM) using a batch size of 2 samples per iteration.

4 Experiments and Results

4.1 Quantitative Performance

We evaluate segmentation performance on the held-out test set across all tumor
sub-classes, utilizing a simulated interaction policy with a maximum budget of 8
clicks (interactions) per target. We benchmark against two baselines: the official
pre-trained nnInteractive (Native) model (representing off-the-shelf general-
ist performance) and a single-modality fine-tuned variant (FT-T1c) trained on
our BraTS dataset. The latter serves as a controlled baseline to isolate gains
attributable strictly to multi-modal integration. All reported improvements over
baselines are statistically significant (Wilcoxon signed-rank test, p < 0.01).

Segmentation Accuracy (Table 1}, Top). SkepticalNet yields the highest
accuracy across all datasets, achieving a global mean Dice of 85.9% compared
to 76.3% (Native) and 81.9% (FT-Tlc). The performance advantage is most
distinct in the Post-Treatment cohort, where our multi-modal approach outper-
forms the FT-T1c baseline by +4.9 points (82.7% vs. 77.8%) and the Native
baseline by +12.2 points (82.7% vs. 70.5%). This confirms that single-modality
models are effectively blind to specific tumor sub-regions that lack distinct con-
trast signatures. The global median Dice (90.6%) notably exceeds the mean,
indicating robust performance across the majority of cases rather than just a
few outliers. In the Meningioma cohort, our method effectively matches human
inter-rater reliability with a median Dice of 95.4%.

Interaction Efficiency (Table [1, Bottom). Beyond raw accuracy, Skep-
ticalNet noticeably reduces the annotation burden. We report the Success Rate
(SR)—the percentage of cases that reach a high-precision target (Dice > 0.90)
within the budget—and the average clicks required for those successful cases.
Our model achieves a global SR of 55.3%, nearly double that of the Native
baseline (30.3%) and substantially higher than the FT-T1c model (39.6%) while
requiring fewer clicks (2.0 vs. 2.6 vs. 2.3). In Post-Treatment cases, the baselines
fail to reach the precision threshold in more than 75% of cases, whereas our
method maintains a viable workflow with an SR of 42.2%. Furthermore, in the
challenging Pediatric cohort, our method reduces the click burden by over 50%
(1.8 vs. 4.0) and simultaneously improves the success rate (32.2% vs. 21.1%).
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Table 1. Quantitative Performance. Top: Segmentation Accuracy (Dice %). We report
Mean (Median). Bottom: Interaction Efficiency for high-precision tasks (Dice > 0.90).
We report Average Clicks (Success Rate %). Best results in bold.

Method‘ Glioma—Pre‘ Glioma—Post‘ Men. ‘ Ped. H Global Avg
Segmentation Accuracy: Mean (Median) Dice %
Native | 80.5 (85.9) | 705 (75.5) | 83.6 (92.0) | 73.9 (81.4) || 76.3 (82.5)
FT-Tlc 84.7 (89.6) 77.8 (81.6) 88.0 (93.6) 77.2 (84.8) 81.9 (86.8)
Ours | 87.9 (92.2)| 82.7 (88.3) | 90.7 (95.4)| 80.1 (86.8)| 85.9 (90.6)
Efficiency: Clicks (Success Rate %) for Target Dice > 0.90
Native 2.9 (35.0%) | 3.3 (14.3%) | 2.0 (60.4%) | 4.2 (20.0%) || 2.6 (30.3%)
FT-Tlc | 2.4 (50.0%) | 2.9 (21.4%) | 1.7 (67.9%) | 4.0 (21.1%) || 2.3 (39.6%)
Ours | 1.9 (63.5%)| 2.6 (42.2%) | 1.5 (76.0%)| 1.8 (32.2%)|| 2.0 (55.3%)

4.2 Safety Analysis: Skeptical Suppression

To isolate the impact of our skeptical training protocol, we benchmark against
a Standard Baseline (an identical 4-modal architecture trained without back-
ground supervision) by simulating positive interactions on healthy tissue. We
consider two spatial regimes: (1) Distal (> 4 voxels from tumor), an unambigu-
ous non-target zone where positive prompts are clearly invalid; and (2) Proxi-
mal (< 4 voxels), a spatially ambiguous zone where the model must distinguish
between noise and imprecise targeting. We employ two metrics to quantify safety:
the Activation Rate (AR), defined as the frequency of non-empty mask gen-
eration; and the Target Precision (Piqrger = |P N G|/|P|), measuring the pre-
cision of the predicted non-empty mask P relative to the ground truth tumor
G, to distinguish true hallucinations from snaps to valid pathology.

Distal Regime: Global Suppression. As shown in Table [2] the base-
line exhibits “trigger-happy” behavior, generating activations in 98.9% of distal
interactions. The moderate precision (Piqrget = 60.8%) indicates that these pre-
dictions often drift toward distant pathologies, but are spatially unconstrained,
resulting in substantial hallucinations. SkepticalNet drastically reduces this risk,
achieving a Global AR of just 1.5%. This confirms that the model successfully
learns a zero-output prior for unsupported signals on healthy tissue.

Proximal Regime: Intent Recognition. In the proximal zone, the be-
havior of the two models diverges. While the baseline indiscriminately segments
local pathological structures in 100% of cases, SkepticalNet exhibits sophisti-
cated context-awareness by differentiating between prompt types:

— Dense Prompts (Bbox, Lasso): The model identifies these as invalid
prompts. Since their region encloses no tumor, the model suppresses the
output (AR =~ 2.6%), prioritizing visual evidence over erroneous guidance.

— Sparse Prompts (Point, Scribble): The model interprets these as im-
precise targeting attempts. It retains a high activation rate (= 70%) and
achieves a high Target Precision (Ptarget ~ 89%), indicating robust bound-
ary correction (snapping) to the valid pathology.
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Table 2. Safety analysis in Distal (> 4 voxels) and Proximal (< 4) regimes. We report
global metrics alongside interaction-specific breakdowns (Sparse vs. Dense).

Method Distal (Safety) | Proximal (Robustness)
AR | Prarget T| AR Prarget T
Baseline (Global) 98.9% 60.8% |100.0% 85.6%
Ours (Global) 1.5% — 36.3% 86.5%
Sparse (Point/Scribble) | 1.9% — 70.1% 88.6%
Dense (Bbox/Lasso) 1.1% — 2.6% 84.5%

This behavior aligns with clinical intuition: the model enforces strict feature vali-
dation for dense prompts (rejecting empty regions), while retaining the flexibility
to correct “near-miss” clicks (sparse prompts) to the adjacent pathology.

5 Discussion

In this work, we addressed the limitations of interactive foundation models in
neuro-oncology, confirming that “one size fits all” approaches struggle with the
specific safety and radiological challenges of brain tumor segmentation.

Safety through Context-Awareness. A critical barrier to deploying in-
teractive Al is the “trust gap”. Standard models, driven by foreground-only sam-
pling, exhibit a bias to segment something—even on healthy tissue—violating
the clinical “Do No Harm” principle. Our proposed skeptical training strategy
drastically reduces this risk (AR < 2%) by teaching the model a zero-output
prior for background interactions. This ensures that the network acts as a re-
liable partner that rejects accidental or erroneous guidance rather than a tool
that requires constant supervision against hallucinations.

The Necessity of Multi-Modal Context. Comparisons with single-moda-
lity baselines highlight a fundamental physical constraint: geometry alone cannot
compensate for missing contrast. While T'lc-based models can identify enhancing
cores, they inherently lack the signal information to unambiguously separate
non-enhancing regions (e.g., edema or resection cavities) from healthy tissue.
SkepticalNet leverages complementary signals (e.g., FLAIR/T2) to resolve these
ambiguities, resulting in substantial gains in complex cohorts (+4.9% Dice on
Post-Treatment). This confirms that for comprehensive tumor volumetry, multi-
modal integration is not a luxury, but a requirement.

Efficiency and Survivorship Bias. A superficial analysis might suggest
that the Native baseline is relatively efficient (2.6 clicks) for Dice > 0.90. How-
ever, this metric suffers from massive survivorship bias. In this setting, the base-
line fails in ~70% of cases, effectively filtering out complex lesions and skewing
efficiency calculations toward simple targets. In contrast, our model doubles the
Success Rate (55.3%) while averaging fewer clicks (2.0). This indicates that our
method is not only faster but fundamentally more robust, successfully resolving
the complex pediatric and post-treatment cases where generalist models fail.
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Limitations and Future Work. While 4-sequence mpMRI is the standard-
of-care, our fixed 11-channel input restricts missing-modality resilience. Addi-
tionally, validation is currently limited to pre-processed BraT$S datasets. Future
work must evaluate generalizability to unstandardized artifacts, tiny lesions (e.g.,
brain metastases), and extra-cranial applications. Finally, user studies are needed
to validate our framework’s real-world impact on radiologist contouring time.

6 Conclusion

We presented SkepticalNet, a safety-aware, multi-modal interactive segmentation
framework specifically tailored for neuro-oncology. By enforcing skeptical behav-
ior via a novel background interaction protocol, we achieved superior accuracy
and efficiency compared to generalist baselines. Our findings demonstrate that
domain-specific adaptation is essential to mitigate hallucinations in foundation
models, providing a robust solution to accelerate clinical tumor volumetry.

Disclosure of Interests. The authors have no competing interests to declare that
are relevant to the content of this article.
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