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Abstract. Segmentation models for lung cancer on CT can achieve
strong performance yet remain brittle to clinically relevant morphological
and textural variations, with failures more prevalent in certain pheno-
types. We introduce a counterfactual stress-testing framework that makes
this brittleness measurable and actionable. We learn a conditional 3D
tumour generator that produces identity-preserving counterfactual CT
crops and corresponding pseudo-label masks by intervening on a com-
pact set of radiomic “parent” features. Sweeping each feature across its
empirical quantiles produces Counterfactual Robustness Curves (CRCs)
for a baseline segmentation model, highlighting the feature regimes in
which performance collapses. We define hard regimes as CRC regions
where performance falls below a user-defined threshold and use them to
select counterfactuals for targeted fine-tuning. On a publicly available
CT cohort, CRCs expose consistent failure regions for small volumes,
low sphericity, and high fractal dimension. Counterfactual fidelity anal-
ysis confirms that interventions achieve the intended feature changes
with limited drift in non-target features. Targeted counterfactual fine-
tuning guided by CRCs improves test segmentation performance com-
pared with classical data augmentation and unconditional generative
sampling. Code is available at https://github.com/AinkaranSanthi/
counterfactual-stress-testing-lung-segmentation
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1 Introduction

Lung cancer remains the world’s leading cause of cancer-related mortality. CT
underpins its staging, radiotherapy planning, and disease surveillance [4]. In ra-
diotherapy, accurate definition of the gross tumour volume is clinically critical
because substantial inter-observer contouring variability can lead to inadequate
target coverage or unnecessary irradiation of healthy tissue, increasing toxicity
[26,27]. Automatic segmentation can reduce workload and improve reproducibil-
ity, but safe deployment depends on robustness to the wide range of tumour
phenotypes encountered in routine practice.
⋆ Joint first authors.
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Deep learning dominates lung cancer segmentation on CT, with 3D U-Net-
based models delivering the strongest benchmark performances [17,10]. However,
mean Dice score can conceal brittle behaviour, as performance collapses for cer-
tain imaging phenotypes including very small lesions and those with poorly
defined tumour boundaries, which can arise from peritumoural ground glass
opacification, or adjacent anatomical structures with similar attenuation charac-
teristics, such as atelectatic lung, pleura or mediastinal structures. [13]. Generic
robustness evaluations are important but do not necessarily isolate which tumour
attributes drive failure [11].

Radiomics provides a compact language for clinically interpretable attributes
such as size, boundary complexity, and texture heterogeneity [14]. If we could
intervene on such descriptors within an individual patient context; changing only
the tumour attribute while preserving surrounding anatomy; we could construct
controlled distribution shifts to stress-test segmentation models mechanistically.

Contributions. 1. We introduce a counterfactual stress-testing framework
for lung tumour segmentation that intervenes on clinically interpretable radiomic
parents while preserving the individual patient context. This yields identity-
preserving counterfactual crops with pseudo-label masks. We summarize robust-
ness using Counterfactual Robustness Curves (CRCs) evaluated over deciles. 2.
We propose CRC-guided repair via hard mining of failure-inducing counterfac-
tuals and benchmark it against four other augmentation based methods.

2 Background and Related Work

Robustness in medical segmentation is often pursued via domain generalization
and synthetic transformations [7,12]. Deep stacked transformations (BigAug)
combine intensity and geometric augmentations to mimic unseen domains [31].
However, these do not target clinically meaningful tumour attributes (size, com-
pactness, texture heterogeneity). Generative modelling offers an alternative by
mixing synthetic images sampled from noise with real data. In CT, Generative
adverserial Networks (GANs) have been used to augment contrast and appear-
ance variation to improve robustness across scanners and acquisition protocols
[23]. While this increases diversity, it often fails to preserve patient anatomy,
limiting its utility for probing individual-level failure modes [9].

Stress testing reframes evaluation as mapping a model’s performance under
controlled shifts rather than relying on a single test set [22,28]. Current robust-
ness frameworks quantify sensitivity to noise, motion and other corruptions, but
the resulting failure modes are rarely clinically interpretable [3,24,25].

Counterfactual reasoning answers “what if” questions by modelling interven-
tions within a structural causal model (SCM) [19]. Deep SCMs extend this to
images by learning a generative mechanism that supports the full abduction–
intervention–prediction cycle, enabling counterfactual inference at scale while
preserving the semantics of interventions [18]. Recent theory further links coun-
terfactual identifiability to dynamic optimal transport, showing that when the
learned generator is equivalent to the time-1 map of a dynamic OT flow, the in-
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Fig. 1. Overview of our Counterfactual Stress-Testing Framework. (A)
Tumour-centered CT crops and masks are summarized by a set of radiomic parents.
(B) An SCM generates image–mask pairs from radiomic features (parents), enabling
identity-preserving counterfactuals via abduction–intervention–prediction. (C-D) A
conditional flow model with mini-batch optimal transport learns an invertible map-
ping between noise and data. (E) Decile-wise interventions on each parent produce
CRCs; low-performing counterfactuals are used for targeted fine-tuning to improve ro-
bustness under controlled distribution shifts.

duced transport is vector-monotone and almost-everywhere bijective [21]. These
properties make abduction unique, so reusing the same sampled exogenous noise
across interventions yields identifiable, identity-preserving counterfactuals [21].

3 Methods

We study the robustness of a lung-cancer segmenter under controlled, clinically
interpretable shifts. Given a tumour-centred CT crop I and mask M , the model
fθ predicts M = fθ(I). We extract radiomic parents r with PyRadiomics [30]
using a compact morphology/texture set: volume, sphericity, fractal dimension,
mean Hounsfield unit (HU), HU standard deviation, and a first order wavelet
entropy feature that captures fine-scale textural heterogeneity. We then generate
identity-preserving counterfactual crops by intervening on one parent; keeping
patient-specific factors fixed then evaluating how fθ responds along these shifts.
A summary of our method is shown in Figure 1.

3.1 Counterfactual image generation

We model paired outputs S = [I,M ] (normalized HU crop I and binary mask M)
with a Markovian SCM of the form; U ∼ PU , U ⊥⊥ r, and S = Gϕ(U, r), where
U captures patient-specific exogenous factors (background anatomy, acquisition
idiosyncrasies) and r ∈ RK is the vector of radiomic parents.
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Fig. 2. Example counterfactual stress test for one case. The first column is the factual
crop. Subsequent columns are counterfactuals generated by changing one radiomic
parent at a time (header shows the parent and ∆ from factual). The CT crop (top
row), generator-derived counterfactual mask (second row; used as a pseudo-label), and
the nnU-Net prediction (dashed red boundary, third row) are shown. Bottom panels
plot the corresponding individual CRCs with a Dice = 0.7 reference line.

Interventions and counterfactuals. To intervene on a single parent we
write do(rj = v) and form rcf by copying r and setting its jth entry to v (all
other entries unchanged). The counterfactual output is Scf = Gϕ(U, r

cf), i.e., we
keep the same exogenous noise U and change only the targeted parent value.

Abduction–intervention–prediction. Given a factual sample (S, r), we
(i) abduce Û by inverting the generator, Û = G−1

ϕ (S, r), (ii) intervene by forming
rcf , and (iii) predict Scf = Gϕ(Û , rcf).

Conditional flow parameterization. We parameterize Gϕ as the time-1
map of a conditional ODE:

dSt

dt
= vϕ(St, t, r), t ∈ [0, 1], S0 = U, S1 = S. (1)

For fixed r, integrating Eq. (1) forward maps S0 7→ S1, while integrating the
same ODE backward from S1 recovers S0 or equivalently U for abduction.

Flow-matching training. We train vϕ using flow matching [15,16]. Given
paired endpoints (S0, S1), sample t ∼ U [0, 1] and set St = (1 − t)S0 + tS1 with
target displacement Wt = S1 − S0, which we regress the conditional velocity to:

L(ϕ) = E
[
∥vϕ(St, t, r)−Wt∥22

]
. (2)
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Table 1. Counterfactual fidelity on the validation dataset (mean over cases and
deciles). We report fidelity for the generated image (I) and mask (M). ρ is Spear-
man rank correlation (higher is better). MSE and drift are mean±SD (lower is better).
Mask metrics are reported only for shape parents.

Feature Image I Mask M

ρ ↑ MSE↓ Drift↓ ρ ↑ MSE↓ Drift↓

Volume 0.91 0.15±0.07 0.17±0.06 0.93 0.10±0.05 0.17±0.05
Sphericity 0.92 0.17±0.08 0.19±0.07 0.94 0.13±0.06 0.18±0.06
Fractal dim. 0.85 0.29±0.12 0.26±0.09 0.88 0.22±0.10 0.20±0.07
Mean HU 0.90 0.11±0.05 0.12±0.04 – – –
HU std 0.82 0.23±0.10 0.19±0.07 – – –
Wavelet entropy 0.91 0.26±0.11 0.11±0.04 – – –

Minibatch OT couplings. Naïve flow matching pairs noise and data end-
points independently, which can encourage curved trajectories and make reverse-
time inversion not monotonic. Instead, within each minibatch we compute an
optimal-transport (OT) coupling between S0 and data endpoints under a quadratic
cost [29,20]. Let µ0 and µ1 denote the empirical minibatch distributions over
(S0, S1). We solve

π⋆ = arg min
π∈Π(µ0,µ1)

E(S0,S1)∼π

[
∥S0 − S1∥22

]
, (3)

and sample paired endpoints (S0, S1) ∼ π⋆ when forming the flow-matching
targets in Eq. (2). This OT pairing encourages the learned ODE to follow a
dynamic-OT style displacement path, yielding a counterfactual transport that
is monotone and rank-preserving (and therefore invertible) under the conditions
studied in [21]. Consequently, reverse-time integration corresponds to a unique
abduction map leading to identifiable counterfactuals.

3.2 Counterfactual stress testing and CRC-guided repair

For each parent rj , we choose intervention values from the deciles of its training
distribution, q ∈ {0.1, . . . , 1.0}. We evaluate the nnUNet on each counterfactual
image and compute Dice against the corresponding generator mask pseudo-label.

Counterfactual robustness curves (CRCs) summarise robustness under these
controlled interventional shifts. Due to the counterfactual identifiability of our
model we can compute an individual level CRC plot from a single case, reveal-
ing patient-specific sensitivity. At the population level, we aggregate individual
CRCs across cases to identify cohort-wide failure regimes and their severity.

For CRC-guided repair (CF-hard), we pool counterfactuals across parents
and deciles and mark a sample as hard if the baseline model’s Dice falls below
a fixed threshold τ (we use τ = 0.7). In our validation stress test (100 cases, 6
radiomic features, 10 deciles), we yielded 319 hard counterfactuals. We fine-tune
nnU-Net on the original training cases augmented with these 319 samples. To
isolate the effect of hard mining, we fine-tune on the same number of counterfac-



6 A Santhirasekaram et al.

=-0.06
q=0.10

=0
q=0.19

=+0.05
q=0.30

=+0.10
q=0.40

=+0.15
q=0.50

=+0.19
q=0.60

=+0.24
q=0.70

=+0.29
q=0.80

=+0.34
q=0.90

=+0.50
q=1.00

Fig. 3. Wavelet-entropy decile sweep around one case showing second column (factual)
with a wavelet entropy value on the 0.19 quantile. Columns correspond to interventions
at quantiles q ∈ {0.1, . . . , 1.0} of the wavelet-entropy distribution. The counterfactual
images (top row), generator-derived masks (middle), and nnU-Net predictions (bottom;
dashed red) illustrate sensitivity to texture variation.

Table 2. Stress-test summary by feature quintiles (0–20% to 80–100%). Cells report
baseline Dice (mean ± 1 SD). Values with mean Dice < 0.7 (failure regions) highlighted.

Feature Q1 Q2 Q3 Q4 Q5

Volume 0.62±0.12 0.74±0.09 0.81±0.06 0.84±0.05 0.86±0.04
Sphericity 0.58±0.13 0.71±0.10 0.80±0.07 0.83±0.06 0.84±0.05
Fractal dim. 0.84±0.05 0.82±0.06 0.78±0.08 0.65±0.11 0.61±0.12
Mean HU 0.85±0.06 0.77±0.09 0.80±0.08 0.69±0.12 0.49±0.16
HU std 0.78±0.08 0.81±0.07 0.80±0.07 0.73±0.10 0.64±0.12
Wavelet entropy 0.78±0.08 0.82±0.07 0.83±0.06 0.74±0.10 0.67±0.11

tuals (319) sampled uniformly from the full counterfactual pool. We term this
process random counterfactual sampling (CF-rand) as an ablation experiment.

We compare CF-hard to three baselines. BigAug [31] applies a strong com-
position of intensity and geometric transformations. GAN-Aug [23] generates
synthetic crops by sampling U ∼ PU without abduction and conditioning on
randomly sampled parent vectors. Rad-OS [6,8] performs radiomics-stratified
oversampling by binning each parent into quintiles and sampling inversely to bin
frequency. For fairness, each method uses the same additional sample budget as
CF-hard (322 extra samples for training)

4 Experiments and Results

4.1 Implementation details

All models were implemented in PyTorch and trained on two NVIDIA A100
GPUs (40,GB). We train the segmentation model on 322 cases from the NSCLC-
Radiogenomics dataset, with 100 cases retained for validation [2]. CRC stress
testing and checkpoint selection are performed on this validation set, and final
segmentation results are reported on 144 cases from the independent NSCLC-
Radiomics dataset [1]. The validation set spans the tumour radiomic distribution
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Fig. 4. Population-level CRCs on the validation dataset. Left/middle: cohort-
aggregated CRCs (mean dice ± 1 SD) for wavelet entropy and volume interventions.
Right: method comparison under a fractal-dimension intervention, showing how train-
ing strategies affect robustness across interventional quantiles.

used for CRC stress testing: volume 46–129,cm3, sphericity 0.33–0.80, fractal
dimension 2.38–2.78, mean HU −20 to 118, HU SD 35–199, and wavelet en-
tropy 2.1–6.9. The counterfactual generator is trained on 1,472 in-house tumour-
centred CT crops with expert masks. Segmentation uses 3D nnU-Net trained
using stochastic gradient descent with polynomial LR decay (LR 10−2, weight
decay (WD) 3×10−5, momentum 0.99, batch size 2, 1,000 epochs). We tuned LR,
WD, and Dice threshold (τ ∈ {0.65, 0.70, 0.75}), plus method-specific settings
for BigAug and Rad-OS, selected by mean validation Dice. The generator is a
BigGAN-style conditional 3D U-Net with self-attention [5], conditioned on par-
ents via FiLM (Feature-wise Linear Modulation) and cross-attention. We train
with AdamW (LR 2×10−4, WD 10−4), batch size 100, for 300,000 steps, and use
a fixed-step Euler solver (50 steps) for sampling and reverse-time abduction.

4.2 Evaluation protocol and metrics.

For counterfactual fidelity, we re-extract radiomic parents on each counterfac-
tual and report (i) MSE between intended and achieved feature values (z-scored
within the training distribution), (ii) Spearman correlation across deciles, and
(iii) non-target drift (mean absolute z-score change across non-intervened par-
ents). For stress testing, we evaluate segmentation with Dice similarity coeffi-
cient and 95th percentile Hausdorff distance (HD95) on the independent test
and summarise results as mean ± 1 SD across cases.

4.3 Counterfactual fidelity and mask plausibility

Table 1 reports counterfactual fidelity for both the generated image Ĩ and
mask M . For image-based interventions, the generator shows strong rank agree-
ment between the target level and the feature re-measured on counterfactuals
(ρ = 0.82–0.92), with low MSE and modest non-target drift. Fidelity is highest
for volume, sphericity, mean HU and wavelet entropy, while fractal dimension and
HU standard deviation are less controlled, consistent with boundary complex-
ity and intra-tumour heterogeneity being harder to change without perturbing
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Table 3. Independent test-set segmentation after training across different
augmentation-based methods compared to the base nnU-Net. Dice is higher-is-better;
HD95 is lower-is-better.

Baseline(nnU-Net) BigAug GAN-Aug Rad-OS CF-Rand CF-hard(Ours)

Dice (mean±SD) 0.77±0.11 0.81±0.09 0.80±0.09 0.78±0.10 0.81±0.11 0.84±0.08
HD95 (mm, mean±SD) 8.7±5.5 7.2±4.6 7.5±4.8 8.1±5.1 6.9±4.7 5.6±3.8

correlated radiomic features. The mask channel tracks volume, sphericity and
fractal-dimension interventions with ρ = 0.88–0.94 and low MSE (0.10–0.22) at
modest drift (0.17–0.20), including lower drift than the image channel for fractal
dimension. The observed non-target drift should be interpreted as finite-sample
and finite-capacity error, not perfect parent isolation. In particular, minibatch
OT with batch size 100 cannot exactly recover the population dynamic-OT cou-
pling, so leakage between correlated radiomic features is expected. To assess
identity preservation outside the tumour, we computed background preservation
on the overlapping non-tumour region after removing both factual and counter-
factual masks. Background MSE was 0.03±0.01 and background SSIM was 0.89,
supporting that patient-specific context is largely preserved. Visually, counter-
factual images and masks remain spatially coherent across intervention levels
preserving background lung anatomy (Figures 2 and 3), supporting their use as
pseudo-labels for CRC stress testing and CRC-guided repair.

4.4 Counterfactual Robustness Curves

Our CRCs probe nnU-Net robustness under controlled radiomic shifts, reveal-
ing failure modes at both the individual and population levels (Figures 2–4).
For morphology, Dice improves with larger volume and degrades with reduced
sphericity or more irregular boundaries (higher fractal dimension), matching the
quintile trends in Table 2. Texture shifts shows Dice degradation for low-density,
high-heterogeneity tumours even when shape is fixed, as clearly seen under mean
HU where reduced HU yields faint lesions (Figure 2) and low Dice in the lowest
quintiles (Table 2). Cohort CRCs highlight that method differences concentrate
in the extreme quantiles where the baseline falls below Dice = 0.7, and CRC-
guided repair consistently raises performance in these tail regimes (Figure 4).

Table 3 compares test-set Dice before and after retraining for each strat-
egy. Augmentation and oversampling baselines yield modest gains, consistent
with broadly distributed extra data. In contrast, CRC-guided repair (CF-hard)
produces the largest improvement because added samples are concentrated in
counterfactual regimes where the baseline fails, rather than spread across easy
and hard phenotypes. This targeted sampling increases exposure to extreme in-
tervention quantiles where CRCs drop sharply, improving test Dice. CF-hard
improves boundary accuracy, reducing HD95 from 8.7±5.5,mm to 5.6±3.8,mm.
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5 Discussion

We introduce an individual-level counterfactual stress-testing framework for lung
tumour segmentation and showed how it can be used to repair brittle models.
CRCs complement standard domain-shift evaluation by identifying which clin-
ically interpretable tumour attributes drive degradation and the severities at
which these failures emerge. Our counterfactuals preserve background anatomy,
isolating the effect of the intervened radiomic parent. A key limitation is that
counterfactual masks are pseudo-labels, so residual generator bias can propa-
gate into repair. More broadly, we intervene on a fixed set of radiomic parents
and generate counterfactuals from tumour-centred crops, which may miss failure
sources that depend on wider context. The repair procedure also depends on the
hardness threshold and the number of mined counterfactuals, which can affect
the balance between improving difficult regimes and maintaining performance
on easier cases. Future work will explore principled strategies for selecting and
weighting counterfactuals during repair (e.g., curriculum sampling or threshold-
free objectives) to reduce sensitivity to pseudo-label quality.
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