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ABSTRACT 

Apparent gains from adaptive fusion of synthesised contrast-enhanced T1-weighted (T1ce) MRI may reflect unequal 
label budgets, global calibration, or meta-model flexibility rather than genuinely spatial routing. We stress-tested this 
mechanism in two separately locked 16-seed studies using procedural phantoms and a 32-pair counterfactual control. 
Study 1 compared a restricted spatial router (QGate-MRI-R) with ungated synthesis-assisted segmentation, label-
matched controls, and balanced logistic stacking. Study 2 introduced factorised acquisition shifts, alternative stackers, 
case-mean and histogram-preserving shuffled weights, and a target-only exposure test. In Study 1, QGate reduced in-
distribution macro Brier loss versus ungated synthesis by 2.56 × 10⁻⁵ (Holm-adjusted p = 0.0269), but balanced logistic 
stacking performed better in distribution and synthesis with 20 additional labels achieved lower shifted Brier loss. None 
of the six Study 2 comparisons was significant after Holm adjustment; both locality tests had adjusted p = 0.0551. 
Across-seed variation in mean regional weights greatly exceeded within-map spatial variation, although the design did 
not separate fitting variability from regenerated case composition. Target-only exposure reduced PSNR by 12.22 dB 
while all 640 case-level invariance checks passed, and identical-observable pairs established construction-specific 
bounds of 0.25 for ET Brier loss on the ambiguity support and 2/3 for paired ET Dice. These findings support a 
mechanism stress test, not robust spatial-routing or clinical claims. 

Keywords: Missing-Modality MRI; Brain-Tumour Segmentation; T1ce Synthesis; Spatial Routing; Distribution Shift; 
Procedural Phantoms; Identifiability 

1 INTRODUCTION 

Multimodal magnetic resonance imaging (MRI) provides complementary anatomical and pathological information for 
brain-tumour segmentation. T1-weighted imaging contributes structural detail, T2-weighted and fluid-attenuated 
inversion recovery (FLAIR) images emphasise water-rich abnormality and oedema, and contrast-enhanced T1-
weighted imaging (T1ce) highlights enhancement associated with blood-brain-barrier disruption. This 
complementarity underlies the whole-tumour (WT), tumour-core (TC), and enhancing-tumour (ET) targets used in the 
Brain Tumor Segmentation benchmarks [1, 2]. A complete modality set is not always available, however. T1ce may be 
omitted because of restrictions on contrast administration, shortened protocols, motion-related rejection, incomplete 
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archival transfer, or differences between acquisition sites. Missingness can therefore remove task-relevant evidence 
while also introducing a distribution shift relative to the data used for model development. 

Research on incomplete multimodal segmentation has produced several complementary strategies. Shared or modality-
invariant representations allow a model to aggregate whichever inputs are present; hetero-modal variational models 
combine completion with segmentation; region-aware and transformer-based fusion methods preserve cross-modal 
structure; and masked representation learning exposes a model to missing inputs during training [3–11]. Explicit 
synthesis is another attractive strategy because it restores the expected input configuration, creates an image that can 
be inspected independently, and can support more than one downstream task [12–15]. Its weakness is error 
propagation: a generator can smooth a small enhancing focus, displace an edge, or create a plausible but incorrect local 
pattern. Global image metrics may change little even when such an error affects a small lesion or boundary substantially. 

This distinction separates reconstruction fidelity from decision utility. Fidelity asks whether the generated image 
resembles the target under intensity or structural metrics such as mean absolute error, peak signal-to-noise ratio, or 
structural similarity. Utility asks whether using that image improves the downstream segmentation. The two are related 
but not interchangeable. A synthetic image can be visually convincing yet harmful to a classifier, while an imperfect 
image can retain a stable contrast cue that is useful to the task. Uncertainty propagation and adaptive fusion have 
consequently been proposed as safeguards [16–22]. These methods are important advances, but an uncertainty map is 
not automatically a map of downstream benefit: ensemble members may agree on the same systematic error, and a 
moderately uncertain region may still contain useful complementary information. 

A spatial router is intended to address this problem by retaining an available-only branch and selectively mixing it with 
a synthesis-assisted branch. Nevertheless, an observed performance gain does not by itself demonstrate that useful local 
evidence was routed to the correct voxels. A routed model may have received more labels than its comparator, exploited 
correlations specific to one generator, or benefited from the flexibility of a second-level model. A visually detailed weight 
map may also function mainly as a case-level or region-global coefficient. Stacked generalisation is therefore an essential 
comparator because it can learn stable relations between branch outputs without requiring a spatial-locality 
interpretation [23]. Calibration work similarly shows that probability quality and thresholded overlap can rank the 
same methods differently [24–26]. Mechanism-level evaluation must consequently equalise label budgets, compare 
flexible and restricted fusion rules, and test the spatial arrangement of the weights rather than only their aggregate 
performance. 

Procedural digital phantoms are useful for such tests because they provide exact labels and allow acquisition factors to 
change while anatomy is held fixed [27–30]. The same case can be exposed to one artefact at a time; a learned weight 
map can be replaced by its mean or shuffled while its histogram is preserved; and the unobserved target can be changed 
without altering the inputs available to a deployed missing-modality model. Phantoms also permit exact observable 
collisions in which two samples share identical T1, T2, and FLAIR inputs but differ in hidden enhancement. These 
operations support falsification tests that are difficult to construct retrospectively. Their scope is necessarily limited: 
procedural anatomy and authored artefacts cannot establish patient-level accuracy, scanner generalisation, safety, or 
clinical benefit. 

The present work combines two separately locked procedural studies and one deterministic analytic control. The 
original 16-seed experiment compared QGate-MRI-R with ungated synthesis-assisted segmentation, equal and global 
fusion, synthesis-uncertainty weighting, balanced logistic stacking, additional-label controls, and descriptive test-label-
selector and full-modality references under an in-distribution generator and a separately authored generator-B shift. 
Because its evidence was mixed, a separately locked 16-seed extension used paired factorised acquisition changes, 
stronger logistic comparators, and locality-removal controls. A T1ce-only exposure experiment tested whether 
reconstruction metrics could change while the complete deployable path remained invariant, and 32 exact identical-
observable pairs established construction-specific limits when hidden ET evidence was absent from all available inputs. 
The two statistical studies retained separate Holm families and were not pooled as an effective sample of 32 seeds. 

This study examined whether the original QGate result survived label-budget controls and generator shift; whether 
QGate exceeded ungated synthesis-assisted segmentation or a signed logistic regret blend under a separately locked 
compound acquisition shift; and whether native spatial weights improved Brier loss beyond case-mean or histogram-
preserving shuffled weights. The exposure and counterfactual controls tested whether reconstruction fidelity is a 
sufficient surrogate for deployable utility and what limit follows when distinct hidden ET states produce the same 
observed modalities. The aim was an auditable mechanism test, not a universal fusion rule or clinically validated MRI 
algorithm. 
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2 MATERIALS AND METHODS 

The investigation comprised three evidence layers. Study 1 was the completed original experiment, identified as MAX 
in the locked protocol, and was locked before its 16 final master seeds. Study 2 was a separately designed factorised 
extension, locked after software-only development runs and before 16 new final seeds. The third layer was an exact 32-
pair counterfactual construction that verified deterministic bounds and was not part of either statistical family. One 
complete training seed, including regenerated training partitions, fitted models, calibration, and testing, was the 
independent unit for both inferential studies. The two 16-seed sets were analysed separately and never treated as a 
pooled n = 32 sample. 

Table 1 defines the inferential role and admissible scope of each evidence layer. 

Table 1: Evidence layers, inferential roles, and scope limits. 

Layer Evaluation material Inference Admissible scope 

Study 1 (MAX 
protocol) 

16 seeds; 640 ID + 640 OOD 
cases 

12 Holm tests Comparative behaviour under generators 
A/B 

Factorised 
extension 

16 new seeds; 40 cases × 13 
conditions 

6 Holm tests Acquisition factors, locality controls, 
stronger stackers 

Counterfactual 32 exact equal-prior pairs No hypothesis 
test 

Observable-collision bound for fixed 
input-only methods 

The independent unit for both statistical layers was one complete training pipeline. Counterfactual pairs verified a theorem under a defined 
construction rather than estimating a population effect. 

Figure 1 summarises the three evidence layers and their separation. 

 

Figure 1: Three evidence layers and their non-pooled information flow. Study 1 and Study 2 used separate 
locks and separate sets of 16 training seeds. The 32-pair analytic control was outside both statistical families 

and was not treated as additional replication. 

2.1 Procedural phantoms and data partitions 

Each sample was a 96 × 96 two-dimensional brain-like phantom with a supplied brain mask, nested WT, TC, and ET 
labels, and aligned T1-, T2-, FLAIR-, and T1ce-like channels. Generator A varied ellipse-based anatomy, tumour 
geometry, tissue contrast, Rician-like noise, smooth multiplicative bias, blur, and weak ghosting. Generator B was 
separately authored and altered anatomy, topology, contrast, resolution, bias, motion, stripe, noise, and registration 
rules. It is described as an out-of-distribution (OOD) generator-B shift rather than an external cohort, site, or clinical 
validation set. The construction enabled exact labels and controlled pairing but did not model realistic three-
dimensional anatomy, scanner physics, skull-stripping error, or patient heterogeneity. 

Study 1 generated 40 locked generator-A in-distribution (ID) cases and 40 locked generator-B OOD cases per seed, with 
four balanced severities and ten cases per domain and severity. Study 2 instead generated 40 clean severity-zero 
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generator-A base cases per seed and copied each anatomy and label set across 13 prespecified conditions. These paired 
copies allowed individual artefacts and dropouts to be studied without changing the underlying case. 

Per final seed, both studies regenerated 48 paired cases for synthesis training, 48 distinct cases for base segmentation, 
12 cases for router or stacker fitting, and eight cases for calibration. The available-only and unconditional synthesis 
branches therefore used 48 segmentation-labelled cases, while QGate and supervised second-level models accessed 20 
additional labelled cases. Additional-label controls were retrained on the same 48+20 segmentation-label budget. The 
separate 48 synthesis-training cases provided paired modality examples and were not counted as segmentation labels. 

Table 2 details labelled-data access and the fairness role of every comparator family. 

Table 2: Label budgets and comparator fairness. 

Method family Labelled cases per seed Fairness role 

Available only / synthesis 48 base Frozen branch comparators 

QGate-MRI-R 48 base + 12 meta + 8 calibration 68 labels across components 

Balanced / natural stackers 48 + 12 + 8 Same second-level budget as QGate 

Signed regret blend 48 + 12 + 8 Same budget; signed branch features 

Available +20 / synthesis +20 68 base-equivalent Label-matched retraining controls 

Test-label selector / full anchor Test labels / observed T1ce Descriptive references only 

QGate and every supervised stacker shared the same 12 meta and eight calibration cases. The +20 controls isolated the effect of additional 
segmentation supervision beyond the frozen 48-label branches. 

2.2 Synthesis, segmentation, routing, and comparators 

The missing-T1ce synthesiser was an extremely randomised tree regressor with 36 trees, maximum depth 18, minimum 
leaf size three, and maximum-feature fraction 0.78 [31]. Its mean prediction supplied synthetic T1ce, and normalised 
dispersion across trees supplied a tree-dispersion proxy rather than a validated uncertainty estimate. Available-only 
and synthesis-assisted segmenters used 52 trees, maximum depth 22, minimum leaf size two, maximum-feature 
fraction 0.80, balanced class weighting, and 70 sampled pixels per class per subject. QGate fitted separate WT, TC, and 
ET regret regressors with 64 trees, maximum depth 17, minimum leaf size eight, and maximum-feature fraction 0.82. 
Fourteen router features represented dispersion, entropy, confidence, unsigned disagreement and margins, binary 
disagreement, synthetic-image gradient and local standard deviation, and normalised dispersion. Direct signed branch 
probabilities, raw class vectors, raw synthetic intensity, local mean, and coordinates were excluded. Predicted regret 
was converted to a synthesis weight through a gain-restricted monotone sigmoid. Regional outputs were projected to 
preserve the ET–TC–WT nesting constraint, and final class labels were obtained by argmax. 

Comparators included the two frozen branches, equal averaging, a calibration-set global convex blend, synthesis-
dispersion weighting, balanced logistic stacking, additional-label available and synthesis controls, a test-label branch 
selector, and an observed-T1ce reference. The synthesis branch used without routing served as the ungated synthesis-
assisted baseline. The extension added a natural-prevalence stacker and a signed logistic regret blend with the same 12 
+ 8 second-level labels as QGate. The test-label selector was an unattainable choice between only the available and 
synthesis branches and was not a universal ceiling. The observed-T1ce model was a full-information reference rather 
than a missing-modality method. QGate weights were continuous blend coefficients and were not interpreted as 
calibrated probabilities of benefit. 

2.3 Factorised acquisition conditions and locality controls 

Table 3 summarises the prespecified factorised acquisition conditions. 

The 13 conditions were clean input; seven isolated artefacts comprising Rician noise, smooth bias, gamma contrast, 
anisotropic resolution, motion ghosting, periodic striping, and inter-modality misregistration; three single-modality 
dropouts; one compound available-input shift; and a T1ce-only exposure control. The locality pool contained only the 
seven one-factor artefacts. Each native weight map was compared with its case-specific regional mean and with a 
within-brain spatial permutation that preserved its histogram. Clean, compound, dropout, and exposure cases were 
excluded from the prespecified locality pool. The shuffle tested the implemented permutation and did not preserve 
spatial autocorrelation or smoothness. The exposure analysis failed if any observed input or asserted available, 
synthesis, QGate, or stacker prediction differed from clean. 
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Table 3: Prespecified factorised acquisition conditions. 

Condition group Prespecified construction 

Clean Unchanged severity-zero generator A 

Single artefacts Rician noise; smooth bias; gamma contrast; anisotropic resolution; motion ghosts; periodic 
stripes; intermodal misregistration 

Dropouts T1, T2, or FLAIR set to zero; descriptive only 

Compound available 
shift 

Moderate fixed combination of all seven single-artefact families 

T1ce-only exposure Observed T1/T2/FLAIR bitwise unchanged; only true unobserved T1ce translated 

 

2.4 Outcomes, statistical analysis, and reproducibility 

Segmentation outcomes were Dice, 95th-percentile Hausdorff distance (HD95), Brier loss, and 15-bin expected 
calibration error (ECE) for WT, TC, and ET, together with macro averages [33]. Reconstruction outcomes were brain-
masked peak signal-to-noise ratio (PSNR), structural similarity index (SSIM), mean absolute error (MAE), and root-
mean-square error (RMSE) [32]. Router diagnostics included case-level average precision for the positive-regret 
indicator, regret-prediction error, mean regional synthesis weight, and within-map standard deviation. Average 
precision denotes the scikit-learn average_precision_score rather than trapezoidal area under a precision–recall curve. 

Within each study, two-sided Wilcoxon signed-rank tests were applied to seed-level paired effects [34]. Study 1 
controlled one 12-comparison family, and Study 2 controlled a separate six-comparison family by the Holm procedure 
[35]. Positive effects always favoured QGate: QGate minus comparator for Dice and comparator minus QGate for Brier. 
Confidence intervals were unadjusted 95% intervals from 10,000 seed-level bootstrap resamples [36], whereas 
inferential decisions used Holm-adjusted p values. Development seeds were excluded. Protocols, scripts, final seeds, 
output schemas, and multiplicity families were locked before final execution, and aggregation verified stored hashes 
and row counts before manuscript generation. 

2.5 Identical-observable counterfactual control 

The deterministic negative control generated 32 equal-prior pairs with bitwise-identical observed T1, T2, and FLAIR 
arrays, identical WT and TC masks, and two disjoint equal-volume ET supports encoded only in hidden T1ce. Any 
deterministic missing-T1ce method restricted to the observed inputs must return the same output for both members 
because it observes the same X. On the union of the disjoint supports, the equal-prior probability minimising Brier loss 
is 0.5, yielding an exact ambiguity-support lower bound of 0.25. For a shared deterministic hard prediction, set algebra 
gives a maximum paired-mean and worst-member ET Dice of 2/3. These construction-specific bounds do not apply to 
the true-T1ce reference and are not universal clinical ceilings. 

3 RESULTS 

3.1 Original locked experiment 

All 16 final pipeline runs completed successfully, providing 640 ID and 640 generator-B OOD test phantoms. Five of the 
12 prespecified comparisons were Holm-significant: two favoured QGate and three favoured a comparator. The full 
family is reported in Table 4, while Table 5 and Figure 2 summarise the principal macro outcomes and paired effects. 

In-distribution macro Dice and macro Brier were 0.962602 and 0.00143570 for QGate, 0.962133 and 0.00146126 for 
ungated synthesis-assisted segmentation, 0.965062 and 0.00095991 for balanced logistic stacking, and 0.963021 and 
0.00141031 for synthesis with 20 additional labels. Relative to ungated synthesis, QGate reduced ID macro Brier by 
0.00002556 (unadjusted 95% CI 0.00000884 to 0.00004765; Holm-adjusted p = 0.0269), while its Dice increment did 
not survive correction. Balanced logistic stacking was better in distribution for both endpoints. Under generator B, 
QGate macro Dice and Brier were 0.823242 and 0.00729959. QGate exceeded the stacker only in shifted Dice by 
0.044605 (Holm-adjusted p = 0.0007), whereas shifted Brier did not differ. Synthesis with 20 additional labels achieved 
lower shifted Brier than QGate by 0.0001685 (Holm-adjusted p = 0.0242). The original study therefore did not support 
general QGate superiority. 
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Table 4: Complete original 12-test primary family. 

Domain Comparator Metric Effect 95% CI Holm p Result 

ID Synthesis Dice +0.0004695 0.0001516 to 
0.0008273 

0.0916 Not significant 

ID Synthesis Brier +0.0000256 0.0000088 to 
0.0000477 

0.0269 QGate 

ID Balanced stacker Dice -0.0024597 -0.0035357 to -
0.0012222 

0.0131 Balanced logistic 
stacker 

ID Balanced stacker Brier -0.0004758 -0.0005127 to -
0.0004442 

0.0004 Balanced logistic 
stacker 

ID Synthesis +20 
labels 

Dice -0.0004188 -0.0009145 to 
0.0000618 

0.9248 Not significant 

ID Synthesis +20 
labels 

Brier -0.0000254 -0.0000592 to 
0.0000097 

0.5607 Not significant 

OOD Synthesis Dice +0.0004969 -0.0004190 to 
0.0013275 

0.6487 Not significant 

OOD Synthesis Brier +0.0000266 -0.0000244 to 
0.0000747 

0.9248 Not significant 

OOD Balanced stacker Dice +0.0446051 0.0330824 to 
0.0557834 

0.0007 QGate 

OOD Balanced stacker Brier +0.0000635 -0.0003377 to 
0.0004645 

0.9799 Not significant 

OOD Synthesis +20 
labels 

Dice -0.0008848 -0.0029309 to 
0.0015060 

0.9248 Not significant 

OOD Synthesis +20 
labels 

Brier -0.0001685 -0.0002508 to -
0.0000836 

0.0242 Synthesis +20 labels 

Positive effects favour QGate: QGate minus comparator for Dice and comparator minus QGate for Brier. Confidence intervals are unadjusted; 
inference uses Holm-adjusted p values. 

 

Table 5: Original core macro outcomes 

Domain Method Macro Dice (95% CI) Macro Brier (95% CI) 

ID Synthesis 0.962133 (0.960080-0.964012) 0.00146126 (0.00141575-0.00150629) 

ID QGate-MRI-R 0.962602 (0.960724-0.964346) 0.00143570 (0.00139484-0.00147738) 

ID Balanced logistic stacker 0.965062 (0.962636-0.967132) 0.00095991 (0.00092036-0.00100571) 

ID Synthesis +20 labels 0.963021 (0.960939-0.964851) 0.00141031 (0.00135602-0.00146769) 

OOD Synthesis 0.822745 (0.813871-0.831997) 0.00732618 (0.00696937-0.00764199) 

OOD QGate-MRI-R 0.823242 (0.814726-0.832096) 0.00729959 (0.00695495-0.00761790) 

OOD Balanced logistic stacker 0.778637 (0.765841-0.792219) 0.00736314 (0.00689287-0.00782960) 

OOD Synthesis +20 labels 0.824127 (0.814575-0.833274) 0.00713105 (0.00683601-0.00739843) 

Entries are seed means with unadjusted 95% bootstrap confidence intervals. Lower Brier is better. 

Figure 2 displays the prespecified seed-level effects for the two locked Holm families. 
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Figure 2: Prespecified seed-level effects in the two separately locked Holm families. Effects are oriented so 
positive values favour QGate. Diamonds indicate Holm-significant comparisons; confidence intervals are 

unadjusted 95% seed-bootstrap intervals. The families are displayed together for audit but were not pooled. 

3.2 Router behaviour in Study 1 

Table 6 reports regional router weights and benefit-ranking diagnostics. 

Table 6: Original router weight and benefit-ranking diagnostics. 

Region ID mean w ID within SD OOD mean w OOD within SD ID AP OOD AP 

WT 0.6647 0.0128 0.6682 0.0251 0.741 0.654 

TC 0.8170 0.0062 0.8187 0.0180 0.813 0.740 

ET 0.8588 0.0047 0.8595 0.0093 0.788 0.742 

AP denotes case-level average precision for the benefit indicator. Mean weight and within-map standard deviation refer to the calibrated synthesis 
weight. 

Mean QGate synthesis weights for WT/TC/ET were 0.6647/0.8170/0.8588 in distribution and 0.6682/0.8187/0.8595 
under generator B. Corresponding within-map standard deviations were only 0.0128/0.0062/0.0047 and 
0.0251/0.0180/0.0093. Average precision was 0.741/0.813/0.788 in distribution and 0.654/0.740/0.742 under 
generator B; because positive-class prevalence was not reported, these values are interpreted descriptively. The small 
spatial variation suggested that calibrated weighting was already close to region-global. 

Figure 3 summarises regional router diagnostics in distribution and under generator B. 
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Figure 3: Original regional router diagnostics under in-distribution and generator-B shifted data. Scores, 
calibrated weights, and benefit labels have distinct meanings. Diagnostic discrimination alone does not 

establish that spatial placement improves the outcome. 

3.3 Factorised falsification extension 

3.3.1 Primary family 

All 16 final pipeline runs and 8,320 paired case-condition evaluations were completed, and every prespecified exposure 
invariance check passed. None of the six extension comparisons was Holm-significant. The complete family is shown in 
Table 7; compound outcomes and condition-specific behaviour are reported in Table 8 and Figures 4 and 5. 

Table 7: Complete extension six-test primary family. 

Context Comparator Metric Effect 95% CI Raw p Holm p 

Compound Synthesis Dice -0.00024492 -0.00061967 to 0.00011915 0.1297 0.2886 

Compound Synthesis Brier +0.00002501 0.00000597 to 0.00004509 0.0290 0.1160 

Compound Signed regret blend Dice -0.00010937 -0.00073530 to 0.00064462 0.0962 0.2886 

Compound Signed regret blend Brier +0.00000315 -0.00000427 to 0.00001479 0.4954 0.4954 

Pooled artefacts Case-mean QGate Brier +0.00002147 0.00000845 to 0.00003950 0.0092 0.0551 

Pooled artefacts Shuffled QGate Brier +0.00002174 0.00000844 to 0.00003967 0.0110 0.0551 

Positive effects favour QGate. The two locality intervals excluded zero before multiplicity adjustment, but both Holm-adjusted p values were 0.0551. 
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Table 8: Compound available-input shift: selected descriptive outcomes. 

Method Macro Dice (95% CI) Macro Brier (95% CI) 

Synthesis 0.903082 (0.899757-0.906410) 0.00339356 (0.00330661-0.00347535) 

QGate 0.902837 (0.899411-0.906173) 0.00336856 (0.00329296-0.00343870) 

Case-mean QGate 0.902878 (0.899586-0.906190) 0.00337612 (0.00329563-0.00345153) 

Shuffled QGate 0.902890 (0.899522-0.906164) 0.00337614 (0.00329601-0.00345198) 

Signed regret blend 0.902947 (0.899553-0.906119) 0.00337170 (0.00329082-0.00344676) 

Natural stacker 0.895603 (0.892156-0.898669) 0.00306985 (0.00298157-0.00317357) 

Balanced stacker 0.896610 (0.893194-0.900018) 0.00307627 (0.00298618-0.00317306) 

Synthesis +20 0.904261 (0.900866-0.907642) 0.00332994 (0.00325270-0.00339942) 

Intervals are unadjusted 95% seed-bootstrap confidence intervals. Only the four prespecified QGate compound comparisons in Table 7 are 
inferential. 

Under the compound shift, QGate macro Dice was 0.902837 versus 0.903082 for ungated synthesis-assisted 
segmentation, an effect of −0.00024492 (Holm-adjusted p = 0.2886). Macro Brier was 0.00336856 versus 0.00339356, 
an improvement of 0.00002501 that did not remain significant after adjustment (Holm-adjusted p = 0.1160). QGate was 
statistically indistinguishable from the signed logistic regret blend on both endpoints. Natural and balanced stackers 
achieved lower Brier but lower Dice, whereas synthesis with 20 additional labels had the highest displayed Dice. 
Rankings therefore depended on both condition and endpoint. 

Under FLAIR dropout, all 15 methods had a macro Dice of zero. This shared simulator-specific collapse requires 
diagnostic investigation of channel scaling, class probabilities, and prediction frequencies; the dropout result is 
therefore not used for comparative inference. 

Figure 4 compares selected methods across the factorised acquisition conditions. 
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Figure 4: Factorised-condition performance across methods. The one-factor acquisition stresses reveal 
heterogeneous failure modes but do not decompose the original generator-B shift. Dropouts and descriptive 

secondary comparisons were not added to the primary family. 

Figure 5 shows the prespecified qualitative audit for the fixed seed and case. 
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Figure 5: Prespecified qualitative reconstruction and segmentation audit for final seed 145967623, test case 
0. The seed, case, and conditions were fixed before outcome inspection. The panel illustrates clean, 

compound, T1-dropout, and T1ce-only exposure inputs and is not evidence of population performance. 

3.3.2 Locality analysis 

Across the seven pooled single-artefact conditions, native QGate weights reduced macro Brier relative to case-mean 
weights by 0.00002147 (unadjusted 95% CI 0.00000845 to 0.00003950; raw p = 0.0092; Holm-adjusted p = 0.0551) 
and relative to histogram-preserving shuffled weights by 0.00002174 (0.00000844 to 0.00003967; raw p = 0.0110; 
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Holm-adjusted p = 0.0551). The effect directions and unadjusted intervals were compatible with a small local 
contribution, but repeatable locality was not established under the completed multiplicity family. 

Table 9 separates across-seed variation from within-map spatial variation. 

Table 9: Mean synthesis weights: across-seed and within-map variation. 

Condition Region Mean weight Between-seed SD Mean within-map SD 

Clean WT 0.5965 0.3972 0.0050 

Clean TC 0.9133 0.1823 0.0010 

Clean ET 0.9073 0.1555 0.0009 

Compound WT 0.5962 0.3972 0.0099 

Compound TC 0.9134 0.1821 0.0050 

Compound ET 0.9075 0.1551 0.0058 

T1 dropout WT 0.6124 0.4024 0.0340 

T1 dropout TC 0.9148 0.1798 0.0132 

T1 dropout ET 0.9083 0.1533 0.0093 

Each row first averages case-level diagnostics within a complete training seed. Between-seed standard deviation combines fitted-model, 
regenerated case-composition, and generator variability; within-map standard deviation describes spatial variation inside a case. 

On clean cases, mean WT/TC/ET weights were 0.5965/0.9133/0.9073, with between-seed standard deviations of 
0.3972/0.1823/0.1555 but mean within-map standard deviations of only 0.0050/0.0010/0.0009. Compound within-
map values remained 0.0099/0.0050/0.0058, and even T1 dropout increased them only to 0.0340/0.0132/0.0093. 
Across-seed variation in mean regional weights was therefore much larger than within-map spatial variation; because 
each seed regenerated fitted models and evaluation cases, this contrast does not isolate model-fitting instability from 
case-composition or generator variability. 

Figure 6 compares native QGate weights with the two locality-removal controls. 
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Figure 6: Locality audit using native, case-mean, and histogram-preserving shuffled QGate weights. The 
controls preserve the amount of synthesis weighting while removing local placement. The two pooled Brier 

comparisons did not meet the Holm-corrected threshold. 

Figure 7 shows that the fixed-case weight maps had narrow dynamic ranges, consistent with the aggregate within-map 
diagnostics. 
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Figure 7: Prespecified QGate weight maps for final seed 145967623, test case 0. Maps are shown for the same 
fixed case across selected conditions. Their narrow dynamic ranges are consistent with the aggregate within-

map diagnostics. 

3.3.3 Stronger stacker controls 

Natural-prevalence and signed-regret logistic constructions separated class balancing, feature signing, and calibration 
restriction. On the compound shift, natural and balanced direct stackers achieved lower Brier than QGate but lower 
Dice, while the signed regret blend tracked QGate closely. Across individual conditions, rankings changed. The evidence 
therefore concerns endpoint- and shift-specific trade-offs rather than an intrinsic advantage of tree routing over logistic 
meta-models. 

Figure 8 compares QGate with the stacker variants across factorised conditions. 
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Figure 8: QGate and stacker variants across factorised conditions. The figure is descriptive outside the two 
prespecified QGate-versus-signed-regret compound tests. Lower Brier can coexist with lower thresholded 

Dice. 

3.4 Exposure and identifiability controls 

3.4.1 T1ce-only exposure 

The exposure control changed only the hidden true T1ce target. Observed T1, T2, and FLAIR were bitwise identical to 
clean, so the synthesiser input, synthetic image, available-only prediction, synthesis-assisted prediction, QGate weights 
and output, and stacker outputs were forced to remain unchanged. Reconstruction fidelity nevertheless decreased 
because the unchanged synthetic image was compared with a translated target. The observed-T1ce anchor changed 
because it alone consumed the perturbed channel. 

Table 10 reports the exact target-only exposure audit. 

Table 10: T1ce-only exposure control. 

Quantity Clean Exposed Change / audit 

Synthesis PSNR (dB) 29.229 17.007 -12.222 

Synthesis SSIM 0.908679 0.758501 -0.150177 

Observed-T1ce reference macro Dice 0.999519 0.865601 -0.133918 

Observed-T1ce reference macro Brier 0.00011142 0.00274392 +0.00263249 

True-T1ce MAE from clean 0 by definition 0.058447 Target changed 

Deployable invariance checks 640/640 expected 640/640 passed 640/640 passed 

Change is exposed minus clean. The 640 entries are case-level invariance checks across 40 cases and 16 final seeds. 

PSNR decreased by 12.22 dB and SSIM by 0.150 while all 640 deployable invariance checks passed. This constructed 
control shows that a reconstruction metric can change even when there is no computational path from the altered target 
to the deployed prediction. 

Figure 9 summarises the target-only exposure control. 
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Figure 9: T1ce-only exposure control separating reconstruction fidelity from deployable segmentation utility. 
Only the hidden true T1ce and the observed-T1ce anchor changed. All asserted missing-T1ce prediction paths 

remained bitwise invariant for every case and seed. 

3.4.2 Identical-observable ET ambiguity 

All 32 counterfactual pairs passed the exact identity, equal-volume, and disjointness checks. Available modalities 
matched bitwise with maximum absolute difference zero, WT and TC were identical, and each hidden ET alternative 
contained 54–99 pixels. For a common probabilistic prediction, the ambiguity-support Brier lower bound was 0.25; 
after normalisation over each brain, the whole-brain ET bound ranged from 0.006239 to 0.011480. A shared binary 
hard prediction has a corresponding ambiguity-support Brier minimum of 0.50. The maximum paired-mean and worst-
member ET Dice for a shared deterministic prediction was 2/3. 

Table 11 defines the deterministic method families covered by the collision bounds. 

Table 11: Applicability of the exact counterfactual bounds. 

Method family Inference mapping True T1ce 
observed? 

Construction-specific bound 

Available-only f(X) No ET Brier on ambiguity support ≥ 0.25; 
paired ET Dice ≤ 2/3 

Synthesis-
assisted 

g(X, synthesis(X)) No ET Brier on ambiguity support ≥ 0.25; 
paired ET Dice ≤ 2/3 

QGate-MRI-R router(X, synthesis(X), branch 
outputs) 

No ET Brier on ambiguity support ≥ 0.25; 
paired ET Dice ≤ 2/3 



International Journal of Science and Research Archive, 2026, 20(03), 980–1001 

996 

Logistic stacking stacker(branch outputs 
derived from X) 

No ET Brier on ambiguity support ≥ 0.25; 
paired ET Dice ≤ 2/3 

Full-modality 
reference 

h(X, true T1ce) Yes Not applicable 

The bounds apply to deterministic implementations, or fixed predictive distributions, whose inference uses only the identical observed inputs and 
no hidden channel or distinguishing metadata. 

Figure 10 shows the first prespecified identical-observable pair and its hidden alternatives. 

 

Figure 10: Exact identical-observable counterfactual pair and hidden ET alternatives. Observed T1, T2, and 
FLAIR and the WT/TC masks are identical, while the equal-volume hidden ET/T1ce supports are disjoint. The 

visual is the first prespecified pair from the 32-pair final run. 

3.5 Claim boundaries supported by the evidence 

Table 12 summarises the claim boundaries established by the complete evidence. These decisions are restricted to the 
procedural generators, fitted models, label budgets, and locked controls used here; they do not extend to clinical MRI. 
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Table 12: Evidence-supported claim boundaries. 

Claim Decision Controlling evidence 

QGate broadly outperforms 
synthesis 

Rejected Mixed original family; extension compound 
Dice/Brier not Holm-significant 

QGate improves original ID 
probabilistic accuracy 

Narrowly supported ID Brier versus ungated synthesis significant; label-
matched +20 comparison not significant 

QGate robustly localises synthesis 
benefit 

Not established Both locality tests Holm-adjusted p = 0.0551; 
within-map SD small; across-seed means variable 

Direct stacking is generally 
inferior 

Rejected Best original ID outcomes; lower compound Brier in 
extension; Dice failures were condition-specific 

Reconstruction fidelity 
determines utility 

Not sufficient under 
target-only control 

Fidelity decreased while all deployable predictions 
remained bitwise invariant 

Routing can recover unobserved 
ET without evidence in X 

Impossible under the 
defined collision 

ET Brier on ambiguity support ≥ 0.25 and paired ET 
Dice ≤ 2/3 

Method is clinically ready Unsupported No patients, 3D networks, sites, scanners, 
prospective data, or clinical outcomes 

Here, ‘unsupported’ and ‘not established’ denote outcomes of completed locked analyses, not missing analyses. 

4 DISCUSSION 

The principal finding is that the separately locked extension did not establish the proposed spatial-routing mechanism. 
None of its six prespecified tests remained significant after Holm correction. Under the compound shift, the small 
numerical Brier reduction did not establish corrected superiority, and Dice did not favour QGate. Native maps showed 
small unadjusted Brier advantages over case-mean and shuffled counterparts, but both locality comparisons narrowly 
missed the familywise threshold. These results do not prove that local structure has no effect, but repeatable voxelwise 
benefit was not established by the completed experiment. 

The extension does not invalidate the original in-distribution Brier result. That improvement over ungated synthesis-
assisted segmentation remains supported within the original 12-test family, but its interpretation is narrower than a 
spatial-locality claim. QGate accessed 20 second-level labels beyond the frozen 48-label synthesis branch, and the label-
matched synthesis +20 comparison was not significant in distribution. A calibrated regional blend can therefore 
improve probabilistic loss without providing a valid map of where a synthetic image is useful. 

The comparison with stacking also separates performance from mechanism. The balanced logistic stacker performed 
best in distribution but had markedly lower Dice under generator B, while its shifted Brier was statistically 
indistinguishable from QGate. That Dice difference is relevant for the tested shift, yet it does not show that a restricted 
tree router is generally superior to stacked generalisation. In the extension, natural and balanced stackers produced the 
lowest compound Brier among supervised fusion methods shown, while synthesis with additional labels produced the 
highest displayed Dice. Probability quality and thresholded overlap therefore answer different questions. 

The learned weight structure reinforces this interpretation. Seed-level aggregate weights varied much more than 
weights within individual maps. Because each seed regenerated training partitions and evaluation cases, the study 
cannot attribute this difference solely to fitted-model instability. Combined with the case-mean and shuffled controls, 
the most defensible description in this simulator is a predominantly region-global blend with, at most, weakly 
suggestive local refinement. 

The exposure control clarifies why reconstruction metrics should not be treated as automatic surrogates for 
downstream utility. A target-only perturbation reduced PSNR by 12.22 dB while every deployed missing-T1ce input 
and prediction remained identical. Under this constructed perturbation, reconstruction fidelity was therefore not a 
sufficient surrogate for deployable utility. Claims linking PSNR or SSIM to segmentation should identify which variables 
changed and demonstrate downstream effects in a paired design. 

The identical-observable construction supplies a stronger information boundary. When two hidden ET states produce 
the same observed modalities, every deterministic synthesiser, router, stacker, or segmenter restricted to those 
modalities must return the same prediction. Greater complexity can change priors or average behaviour but cannot 
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recover sample-specific evidence absent from the input. The 0.25 ambiguity-support Brier lower bound and 2/3 paired 
Dice ceiling are statements about the defined equal-prior collision, not universal limits for clinical MRI. 

These findings complement missing-modality and uncertainty research by shifting emphasis from whether a router 
changes a benchmark score to whether an experiment isolates the claimed mechanism [3, 16, 17, 23]. Related learning-
to-defer formulations likewise formalise routing among multiple experts [38]. A robust evaluation should lock an 
unseen shift, use complete training pipelines as the inferential unit, equalise labelled-data access, include flexible and 
restricted second-level comparators, remove spatial structure while preserving weight distributions, and state the 
actual information path. Procedural phantoms are useful for these operations, but they remain a preliminary 
mechanism test rather than patient validation. 

A deployment choice also cannot be inferred from one headline metric. In the original experiment, a user prioritising 
in-distribution Dice or Brier would select stacking; one prioritising generator-B Dice would avoid that stacker; and one 
prioritising shifted Brier would select synthesis with additional labels. Under the factorised compound shift, stackers 
had the lowest displayed Brier while additional-label synthesis had the highest Dice. These simulator-specific trade-offs 
are valuable for designing later validation, not for prescribing clinical use. 

Limitations 

This study used two-dimensional procedural phantoms with simplified anatomy, pathology, labels, and acquisition 
physics. It included no patients, clinical sites, scanners, reader studies, prospective workflow, or clinical outcomes; 
consequently, no inference about clinical performance, safety, or patient benefit is warranted. Tree-based synthesis and 
segmentation were selected for transparent CPU reproducibility rather than contemporary three-dimensional accuracy, 
and rankings may change with neural architectures or patient-trained representations. Artefact magnitudes and the 
compound condition were authored rather than sampled from real site, scanner, protocol, or demographic distributions. 
Pairing each condition to the same anatomy strengthens attribution within the simulator but is not external validation. 

The experimental scope was restricted to missing T1ce, one WT/TC/ET hierarchy, fixed meta-training and calibration 
sizes, and deterministic inference. Other missingness patterns, label structures, budgets, and stochastic rules require 
separate evaluation. Study 2 was designed after Study 1 but locked separately before its 16 final seeds; the studies must 
not be pooled. The locality effects had unadjusted intervals excluding zero but Holm-adjusted p values of 0.0551. The 
implemented shuffle did not preserve spatial smoothness, and repeated or blockwise permutations were not evaluated. 
More seeds might change precision, yet the prespecified completed result remains non-significant after multiplicity 
correction. No prospective power analysis, equivalence margin, or multiplicity-adjusted confidence intervals were 
reported; the unadjusted intervals are therefore descriptive and non-significance is not evidence of equivalence. 

The target-only exposure experiment demonstrates metric-utility decoupling for a deliberately constructed 
perturbation and does not estimate its clinical frequency. Likewise, the counterfactual theorem proves a bound under 
exact observable identity but does not estimate collision prevalence in patient data. The test-label selector is an 
unattainable choice between two branches only and is not a universal ceiling, while the observed-T1ce model is a full-
information reference rather than a deployable missing-modality method. 

Reporting transparency 

Table 13 records reporting items based on the Checklist for Artificial Intelligence in Medical Imaging (CLAIM) and the 
corresponding applicability boundaries. 

Table 13: CLAIM-oriented reporting applicability for this non-clinical simulation study. 

Reporting item Status Implementation / boundary 

Clinical intended use Not claimed Procedural mechanism benchmark only 

Data source / eligibility Not applicable to 
patients 

Procedural generators only; no patient eligibility criteria 

Reference standard Exact simulator 
labels 

WT/TC/ET generated with each phantom 

Train/validation/test 
separation 

Reported 48/48/12/8 fitting partitions; test disjoint 

External validation Not performed Generator B and artefacts are authored shifts, not external 
cohorts 
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Sample size Reported 16 seeds per study; no pooling; 32 counterfactual pairs 

Performance measures Partly reported Primary macro Dice/Brier shown; complete prespecified 
outcomes require a supplement 

Uncertainty / multiplicity Reported Seed bootstrap CIs; Wilcoxon; separate Holm families 

Failure analysis Partly investigated FLAIR collapse, locality controls, exposure, and collisions; 
collapse requires diagnosis 

Code and reproducibility Package described Repository URL/DOI and version identifier are not reported 

Items requiring patient enrolment, clinical sites, scanners, reader studies, or workflow evaluation are reported as not applicable or not performed 
rather than implied by phantom results [37]. 

5 CONCLUSION 

Across two separately locked 16-seed phantom studies and a 32-pair analytic control, QGate did not demonstrate robust 
spatial routing of synthesised T1ce information. Its original in-distribution Brier advantage over ungated synthesis-
assisted segmentation was small and did not establish a voxelwise mechanism; none of six extension comparisons 
survived Holm correction. Across-seed variation in mean weights exceeded within-map spatial variation, but the design 
did not isolate fitted-model variability from regenerated case composition. Target-only exposure and identical-
observable controls further showed that reconstruction fidelity need not track deployable utility and that unobserved 
evidence imposes construction-specific limits. The main contribution is a transparent framework for falsifying routing 
claims before patient-level validation, not evidence of clinical readiness or general QGate superiority. 
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