2610.14152v1 [eess.IV] 9 Oct 2026

arxiv

Beyond Gate Weights: Decision-Level
Interpretation of Radiomics—Image Feature Fusion
for RCC Classification

Yuan Liang!?, Sourav Bhattacharjee?, and Abraham Campbell®

! Research Ireland Centre for Research Training in Machine Learning
2 School of Veterinary Medicine, University College Dublin, Dublin, Ireland
3 School of Computer Science, University College Dublin, Dublin, Ireland
yuan.liang@ucdconnect.ie

Abstract. Gate coefficients describe how a fusion layer weights inter-
mediate features, but they do not necessarily reflect the magnitude of
branch contributions at the classifier output. We investigate this dis-
tinction in a fixed 3D MedVAE-radiomics model for clear cell versus
non-clear cell renal cell carcinoma classification from contrast-enhanced
CT. Because the model uses a linear classification head, the binary deci-
sion logit can be decomposed exactly into a gated image term, a direct
radiomics term, and a bias. We define effective radiomics dominance
as the direct radiomics term’s share of the summed absolute non-bias
branch contributions and compare it with structural radiomics weighting.
Internally, mean structural radiomics weighting was 0.823, whereas mean
effective radiomics dominance was 0.148, with a modest case-wise associ-
ation (p = 0.290). The gated image term retained substantially stronger
discriminative ranking information than the direct radiomics term. The
same structural-to-effective discrepancy was observed in exploratory ex-
ternal evaluation. Branch-targeted permutation, integrated-gradient, and
Shapley-style analyses further identified radiomics descriptors influencing
the direct radiomics term. Because radiomics also generates the gate,
the gated image term remains radiomics-dependent, so additive branch
contribution should not be interpreted as total input influence. These
findings show that structural gate weighting and decision-level branch
contribution represent distinct aspects of gated feature fusion and should
be interpreted separately.

Keywords: Feature fusion - Gated fusion - Interpretability - Radiomics
- Medical imaging

1 Introduction

Renal cell carcinoma (RCC) is a major urological malignancy for which preoper-
ative subtype characterisation is clinically relevant. Clear cell RCC (ccRCC) and
non-clear cell RCC differ in prognosis and management, while their appearances
can overlap on contrast-enhanced computed tomography (CT) [3]. Radiomics
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describes tumour shape, intensity distribution, and texture through predefined
measurements [1]. CT radiomics has been investigated for distinguishing ccRCC
from non-clear cell RCC [19]. Learned image representations offer another descrip-
tion of tumour appearance, including transferable latent features from medical
image encoders such as MedVAE [18].

Gated fusion adaptively weights intermediate feature branches [2]. Gate coeffi-
cients have also been used to interpret modality emphasis in clinical prediction. For
example, Sun et al. analysed softmax self-gating weights across electronic-health-
record time windows and complemented this analysis with integrated-gradient
attribution [14]. Such approaches motivate a distinction between weighting at the
fusion layer and contribution to the final decision. The latter additionally depends
on feature magnitudes, their directions, and downstream classifier weights. When
radiomics generates the gate, it influences both its own branch and the weighting
of the image branch, so direct additive contribution and total input dependence
are distinct quantities.

The interpretation of attention coefficients has been debated in relation to
other measures of model behaviour [9,21]. Kobayashi et al. analysed transformed-
vector norms alongside attention weights, obtaining a different account of in-
formation aggregation in Transformers [10]. Although attention and the gated
classifier studied here have different architectures, this work motivates examining
weighted features and their downstream effects. In medical imaging, specifying
the model quantity being interpreted helps establish the relevance of an analysis
to clinical questions [4].

We study a fixed 3D MedVAE-radiomics gated classifier through three com-
plementary analyses: decomposition of its decision logit, comparison of structural
and effective branch weighting, and feature attribution targeted to its direct ra-
diomics term. Internal and exploratory external evaluation assess discrimination,
directional agreement, and radiomics feature sensitivity. Together, these analyses
connect gate behaviour to signed classifier-level contributions and provide a
focused investigation of radiomics—image fusion in RCC.

2 Methods

2.1 Cohorts and Image Preprocessing

The internal cohort comprised 396 patients from KiTS23, a collection of contrast-
enhanced abdominal CT scans with kidney and renal tumour annotations [8].
Multifocal cases were excluded to avoid ambiguity between patient histology and
the analysed lesion. The binary endpoint was ccRCC (Y = 1) versus non-clear
cell RCC (Y = 0). A fixed stratified patient-level split assigned 237 patients to
training (168 ccRCC, 69 non-clear cell RCC), 99 to validation (70 and 29), and
60 to internal testing (42 and 18). Classifier parameters were fitted on training
data, and validation data were used for checkpoint and classification-threshold
selection. The held-out test partition was used only for final evaluation and was
not used for model fitting.
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CT images and masks were reoriented to RAS and resampled to 1.0-mm
isotropic spacing, using linear interpolation for images and nearest-neighbour
interpolation for masks. Intensities were clipped to [—150,200] HU. The learned
image branch used tumour-centred crops with a 12-voxel contextual margin.
Nonzero image voxels were z-score normalised per volume, followed by padding or
centre cropping to 96 x 96 x 96 voxels. Radiomics extraction used HU-scale images
without this image z-score normalisation. For radiomics, multiple annotations of
the same lesion were combined by STAPLE [20].

The external TCGA /AIMI cohort comprised 41 cases, including 39 ccRCC and
two non-clear cell RCC cases. Cases were drawn from the TCGA-KIRC, TCGA-
KIRP, and TCGA-KICH collections, using AIMI DICOM-SEG annotations
[11,17]. Cohort construction retained expert-corrected masks or masks with the
highest available expert quality score. External cases were not used to fit the
classifier, select radiomics features, estimate training normalisation statistics, or
select the checkpoint or classification threshold. The external cohort was used
for exploratory evaluation of the fixed model.

2.2 Radiomics Representation

PyRadiomics was used to extract shape, first-order, and texture features [16],
with reference to IBSI feature definitions [23]. Shape features were computed on
the original tumour region. First-order and texture features were computed on
original and Laplacian-of-Gaussian (LoG) images with o € {1,2,3} mm, using a
fixed discretisation bin width of 25 HU. The initial set contained 386 features.

The inherited pipeline first required inter-annotator ICC(3,1), a two-way
mixed-effects consistency measure [13], of at least 0.75. Features below the 20th
percentile of median absolute deviation (MAD) were then removed, followed by
greedy Pearson-correlation filtering at |r| > 0.95. Average-linkage hierarchical
clustering used distance 1 — |r| and a cut threshold of 0.2, retaining the feature
with the largest MAD from each cluster. The classifier analysed here used the
resulting fixed 73-feature representation. Feature-wise z-score statistics were
estimated from the 237 training patients and applied unchanged to the validation,
internal test, and external cohorts.

2.3 Gated Classifier and Model Development

The image branch used the volumetric MedVAE encoder [18]. Its latent tensor
was flattened and linearly projected to fing € R°'2. The 73-feature radiomics
vector was independently projected to f..q € R5'2. A radiomics-conditioned
multilayer perceptron, with dimensions 512 — 256 — 512, a hidden ReL.U, and
an output sigmoid, produced the feature-wise image gate:

g = O'(WQ ReLU(Wlfmd + a1) + ag) . (1)
The fused representation and two-class linear head were

h:ngimg+ (1 _g) O frad, (2:0721)T = Wash + b, (2)
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where ® denotes element-wise multiplication. A projected dimension is a learned
mixture of input features, not an individually identifiable radiomics descriptor.

Model development used partial fine-tuning, class-weighted cross-entropy,
Adam, and a batch size of 2. Training augmentation comprised independent
flips along two spatial axes (probability 0.5 each), random 90-degree rotations
(0.2), and affine rotations/scaling (0.2; rotation range 0.1 radians and scale range
0.1 per axis). Validation and evaluation preprocessing were deterministic. The
learning rate was halved after five epochs without improved validation AUC;
early stopping used patience 15, and the checkpoint with the highest validation
AUC was retained. All contribution analyses used this fixed checkpoint and its
unscaled scores.

2.4 Decision-Level Branch Decomposition

Because the fused representation is followed by a linear classification head, the
binary decision logit can be decomposed exactly into additive terms associated
with the two gated branches. Let w = Wg 1 — Wy o and b = beis,;1 — beis 0. The
ccRCC versus non-clear cell RCC logit difference is

z=z—2=w h+b  p=o(z). (3)
Substituting the gated representation from Eq. (2) gives
Cimg = W' (8O fimg),  Craa = W' ((1 - 8) O fraa), (4)
such that
2 = Cimg + Craa + b. (5)

We refer to Cimg as the gated image term and C,a.q as the direct radiomics term.
Both are conditional on the radiomics-generated gate, so this is a decomposition
into computational branch terms rather than an allocation of total input influence.
For the saved-output analysis, C.,q was reconstructed from the fixed model
weights and standardised radiomics inputs, and Cimg was recovered as z —Craqg —b
from the saved class logits.

For each case, structural radiomics weighting was defined as

Siad =1 — Zg], d=>512. (6)

This quantity describes the average structural weighting assigned to radiomics at
the fusion layer. Effective radiomics dominance was defined as

‘ CVrad l

Dipja= ——"F77—.
o |Cimg| + |Crad|

(7)
D,.q measures the relative magnitude of the direct radiomics term among the
two non-bias additive branch terms. Values closer to zero indicate dominance
of the gated image term, while values closer to one indicate dominance of the
direct radiomics term. Because absolute values are used, contribution direction
was analysed separately as described below.
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2.5 Discrimination and Directional Behaviour

We evaluated AUC and average precision (AP) for z, Cimg, and Ciaq, with
larger values oriented toward ccRCC and no post-hoc score reversal. Spearman
correlation quantified the association between Sy.q and D..4.

Directional agreement was defined by CimgCraqa > 0, conflict by CimgCraa < 0,
and a neutral case by a zero product. These signs describe additions to the
ccRCC logit, not separate branch classifications. For error-rate comparisons, the
full prediction was classified using a threshold selected by maximising Youden’s
index on the validation set [22] and then held fixed across evaluation cohorts.
We summarised conflict frequency and compared full-model error rates and D,..q
distributions between agreement and conflict groups.

2.6 Radiomics Feature Attribution

Feature attribution targeted the direct radiomics term F'(x) = Cpaq(x), where
x is the standardised 73-feature radiomics vector. Repeated permutation im-
portance was the primary analysis [7]. Each feature was independently shuffled
across patients 200 times, separately within each evaluation cohort, while the
radiomics projection and radiomics-conditioned gate were recomputed after each
perturbation. Importance was quantified by the mean decrease in AUC and AP
of Ciaq; negative values denote improved discrimination after permutation.

Integrated gradients [15] and a Monte Carlo Shapley-style analysis [12,5] were
complementary methods, computed separately within each cohort. Both used the
zero standardised-feature vector, corresponding to training-set feature means, as
the reference. Integrated gradients were approximated using 64 equally spaced
right-endpoint evaluations along the straight-line path to each patient’s feature
vector; absolute attributions were then averaged across patients. The Shapley-
style analysis sampled 64 random orders of all 73 features. Starting from the
reference, each feature was replaced by its patient-specific value, and its marginal
change in C.,q was recorded. Absolute marginal changes were averaged over
orders and patients. This magnitude summary differs from taking the absolute
value of each patient’s order-averaged Shapley estimate.

2.7 Statistical Analysis

AUC/AP 95% confidence intervals (Cls) were the 2.5th and 97.5th percentiles
from 1,000 class-stratified patient bootstrap replicates [6]. Paired differences used
identical resampled patients for the compared scores. These intervals condition
on the observed class counts and fixed model. Spearman CIs used 1,000 ordinary
patient bootstrap replicates. Error-rate comparisons used Fisher’s exact test,
and Dy,q distributions were compared using the two-sided Mann—Whitney test.
Comparisons were unadjusted for class composition or other covariates. All tests
were exploratory and were not corrected for multiple comparisons.

For feature permutation, the 2.5th—97.5th percentile range of the 200 score
decreases summarised variability across random shuffles of the fixed cohort.
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These ranges quantify permutation variability, whereas patient bootstrap Cls
quantify patient-sampling uncertainty conditional on the specified resampling
design. Neither incorporates uncertainty from training or feature selection.

3 Results and Discussion

3.1 Discrimination of the Decomposed Scores

The gated image term retained discrimination close to the full classifier, whereas
the radiomics branch term showed substantially weaker ranking performance
(Table 1). Internally, paired bootstrap analysis gave a full-minus-image AUC
difference of —0.017 (95% CI —0.042 to 0.000), compared with 0.308 (95% CI
0.165-0.468) for the full-minus-radiomics difference. These results indicate that
substantially more of the observed discriminative ranking information was carried
by the gated image term than by the radiomics branch term, without establishing
superiority or equivalence between the gated image term and the complete
classifier.

Table 1. Discrimination of the full score and the gated branch terms. Parentheses
contain class-stratified patient bootstrap 95% CIs, conditional on the fixed model.
ccRCC prevalence was 0.700 internally and 0.951 externally.

Cohort  Score AUC (95% CI) AP (95% CI)

Internal Full score 0.827 (0.710-0.923) 0.922 (0.867-0.967)
Cimg 0.844 (0.738-0.938) 0.928 (0.877-0.972)
Crad 0.519 (0.352-0.689) 0.720 (0.629-0.833)

External Full score 0.782 (0.641-0.897) 0.988 (0.979-0.995)
Cime 0.756 (0.615-0.872) 0.987 (0.978-0.993)
Craa 0.462 (0.000-0.974) 0.926 (0.862-0.999)

The same qualitative pattern was observed externally, although the estimates
were exploratory given the positive-enriched cohort (Table 1).

The discrimination of Ciyg should not be interpreted as the performance of an
independently trained image-only model. The image representation was learned
within the fusion model, and its weighting remains conditioned on radiomics
through the gate. The branch-score analysis therefore characterises additive
terms within the intact classifier rather than the effect of removing either feature
branch.

3.2 Structural Weighting versus Effective Contribution

Mean structural radiomics weighting S;.q was 0.823 internally, whereas mean
effective radiomics dominance D;,q was 0.148. The corresponding external means
were 0.815 and 0.078 (Fig. 1A). Thus, strong structural weighting toward ra-
diomics coexisted with a substantially smaller radiomics share of the absolute
net additive branch terms.
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Fig. 1. Structural and effective radiomics weighting. (A) Distributions by cohort and
true class. (B) Case-wise association, coloured by full-model correctness at the validation-
selected threshold. Spearman 95% CIs use ordinary patient bootstrap resampling. The
diagonal denotes numerical equality. Both branch terms retain radiomics-conditioned
gating.

Structural radiomics weighting showed a modest rank association with effective
radiomics dominance internally (p = 0.290, 95% CI 0.041-0.516). The external
correlation estimate was smaller and remained uncertain (p = 0.086, 95% CI
—0.220 to 0.400; Fig. 1B).

Structural weighting and effective contribution describe different stages of the
model computation. Gate coefficients scale intermediate representations, whereas
the branch terms additionally incorporate feature values, classifier weights, and
cancellation across dimensions. Gate weighting alone is therefore insufficient
to infer output-level branch contribution. At the same time, a small radiomics
branch term does not imply that the classifier is independent of radiomics because
radiomics also determines the gate applied to the image branch.

The distinction observed here is consistent with previous work showing that
learned weighting coefficients alone may incompletely characterise downstream
model outputs. Kobayashi et al. demonstrated that incorporating the norms
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of transformed representations can change the interpretation obtained from
attention weights alone [10]. Although attention and gated feature fusion are
different mechanisms, both motivate examining weighted representations rather
than coefficients in isolation. Here, the analysis additionally incorporates the final
classifier weights to quantify signed contributions to the binary decision logit.
These branch terms depend on projected feature values, gate coeflicients, classifier
weights, and cancellation across dimensions. Moreover, radiomics influences the
gated image term through g, so a small direct radiomics contribution does not
imply limited total radiomics influence. Gate statistics and classifier-level branch
terms therefore provide complementary, rather than interchangeable, descriptions
of fusion behaviour.

3.3 Directional Agreement and Conflict

Conflict occurred in 28.3% of internal cases and 34.1% of external cases (Table 2).
Internally, conflict cases showed a numerically higher error rate than agreement
cases, but neither error rates nor the distribution of D,,q differed significantly
between groups (Fisher’s exact p = 0.530; Mann-Whitney p = 0.682). External
comparisons likewise showed no clear differences (Fisher’s exact p = 1.000;
Mann—Whitney p = 0.967).

These exploratory comparisons show that the two signed branch terms can
reinforce or oppose one another within individual predictions. However, the
results provide limited evidence that contribution conflict identifies difficult cases
or that radiomics plays a corrective role. Establishing such a role would require a
direct intervention on the radiomics-mediated pathway rather than comparison
of signed branch terms alone.

Table 2. Directional agreement and conflict. Errors refer to the full classifier at the
fixed validation-selected threshold. Mean and median effective radiomics dominance are
reported for each group.

Cohort  Relation n Errors/n (%) Mean D,aqa Median Dyaq

Internal Agreement 43 11/43 (25.6) 0.128 0.086
Conflict 17 6/17 (35.3) 0.198 0.043
External Agreement 27 7/27 (25.9) 0.060 0.035
Conflict 14 4/14 (28.6) 0.112 0.039

3.4 Radiomics Feature Attribution

The largest internal mean permutation-AUC decrease for C,,q was associated
with LoG (¢ = 3 mm) GLSZM GrayLevelNonUniformityNormalized (AAUC
0.043, AAP 0.041). The same feature ranked first under both integrated-gradient
and Shapley-style attribution, showing consistent prominence across the three
complementary attribution analyses (Fig. 2).
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Fig. 2. Internal feature attribution to Ciaq. The 12 leading features by mean
permutation-AUC decrease appear in a common row order. (a) Mean AUC decreases
and central 95% ranges across 200 within-cohort permutations; ranges describe shuffle
variability rather than patient-sampling Cls. (b) Mean absolute integrated gradients.
(c) Mean absolute order-wise marginal increments, averaged over 64 feature-addition
orders and patients. Panels (b) and (c) are in logit units. LoG scales are in mm.

The external permutation ranking differed, with LoG (¢ = 1 mm) first-order
Skewness showing the largest mean AUC decrease. Given the small number of ex-
ternal non-clear cell RCC cases, this difference should be interpreted descriptively
rather than as evidence of a reproducible shift in feature importance.

The three attribution methods characterise different properties of C,,q. Per-
mutation importance measures changes in branch-score discrimination, whereas
integrated gradients and the Shapley-style analysis quantify reference-relative
changes in the branch logit. Since perturbing radiomics also changes the gate
applied to the image representation, these rankings should be interpreted as
sensitivity of the radiomics branch term rather than importance for the complete
classifier.

3.5 Scope and Limitations

This study characterises one fixed classifier and one internal split. The decom-
position is exact for its additive fusion and linear head, while its interpretation
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is conditional on the chosen branch representation. The dominance ratio con-
cerns net non-bias terms: cancellation within each branch occurs before taking
absolute values, and direction is assessed separately. It is therefore a branch-level
description rather than a causal allocation of information sources.

The small, positive-enriched external cohort limits generalisation. Resam-
pling only two observed non-clear cell RCC cases cannot represent population
heterogeneity, and the external association estimate remains uncertain. High
external AP must also be interpreted relative to the high ccRCC prevalence.
Differences in case mix and segmentation could affect transportability, but their
individual effects were not isolated. Group comparisons were unadjusted, and
attribution estimates depend on the chosen perturbations and reference. Uncon-
ditional shuffling and reference-based feature combinations may depart from the
joint distribution of correlated radiomics measurements. These analyses support
computational interpretability; biological interpretation and clinical utility would
require additional validation.

4 Conclusion

This study shows that gate inspection and decision-level decomposition answer
different interpretability questions in gated radiomics—image feature fusion. In the
analysed RCC classifier, strong structural weighting toward radiomics coexisted
with a substantially smaller radiomics branch contribution at the classifier output,
while the gated image term retained most of the observed discriminative ranking
information. Because the gated image term remains conditioned on radiomics,
these findings should not be interpreted as evidence that the radiomics input is
dispensable. Instead, they distinguish structural weighting, additive branch con-
tribution, and total input dependence as related but non-equivalent descriptions
of model behaviour. Reporting gate statistics together with classifier-weighted
branch terms therefore provides a more precise account of gated-fusion behaviour.
Future work should examine whether this structural-to-effective discrepancy
persists across other fusion architectures and use intervention-based analyses to
quantify total input dependence in larger and more balanced external cohorts.
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