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Abstract. Child-Pugh (CP) grading, a widely used clinical standard
for therapeutic decision-making in hepatocellular carcinoma, integrates
biochemical and clinical markers to assess hepatic reserve. Estimating
CP grade from routinely acquired contrast-enhanced CT (CECT) may
provide opportunistic, complementary imaging evidence and facilitate
investigation of associations between structural imaging phenotypes and
clinically assessed hepatic reserve. However, inferring CP-related func-
tional status from structural imaging requires overcoming a fundamen-
tal structure–function semantic gap. Because CP grade is determined
by multiple biochemical and clinical factors, its imaging manifestations
are heterogeneous and deeply entangled. Conventional Multiple Instance
Learning (MIL) architectures do not explicitly decouple these complex
representations, making them susceptible to associative shortcut learn-
ing rather than capturing stage-relevant pathological patterns. To ex-
plicitly model this structure-function mapping, we propose SLICE-MIL,
a spatial-logical framework for ordinal evidence disentanglement. Struc-
turally, an anatomical mask-guided mechanism explicitly decouples the
entangled intra- and extra-hepatic features. Functionally, a hierarchi-
cal evidence disentanglement module employs representation-level coun-
terfactual ablations to anchor stage-specific semantics, encouraging the
decoupled representations to align with the progression logic of CP de-
terioration. Multicenter validation demonstrates that explicitly bridging
this semantic gap mitigates reliance on spurious correlations, substan-
tially improving cross-domain robustness and interpretability. The code
is publicly available at https://github.com/cutecattutu/SLICE-MIL.
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1 Introduction

Accurate assessment of hepatic reserve guides therapeutic decisions in hepatocel-
lular carcinoma management [1]. As the clinical standard for risk stratification
[2], the Child-Pugh (CP) grade is a multi-source systemic metric integrating
biochemical markers (albumin, bilirubin, and prothrombin time) and clinical
symptoms (ascites and encephalopathy). Consequently, the visual manifesta-
tions of CP decompensation on contrast-enhanced CT (CECT) are heteroge-
neous and entangled, encompassing localized intra-hepatic parenchymal remod-
eling and downstream extra-hepatic sequelae. Estimating CP grade from CECT
provides an exploratory setting for examining how structural imaging pheno-
types relate to clinically assessed hepatic reserve[3,4]. This task nevertheless
presents an inherent structure–function semantic gap, motivating representation
mappings that disentangle grade-relevant visual evidence while limiting reliance
on spurious associations [5].

Conventional deep learning for medical imaging scans typically relies on
slice-level 2D CNNs or volumetric 3D architectures. However, assigning patient-
level CP grades to individual 2D slices introduces substantial label noise [3,4,6],
while 3D CNNs may face a strict resolution-context trade-off, where memory-
constrained downsampling obscures fine-grained parenchymal textures [7]. Moti-
vated by computational pathology [8,9], we treat each CECT scan as a “bag” and
its slices as “instances.” This formulation matches patient-level CP supervision:
it avoids assigning the bag label to every slice, accommodates variable-length
scans, and selectively aggregates heterogeneous evidence. We therefore formu-
late CP grading as a weakly supervised MIL task and compare representative
MIL architectures. However, applying conventional MIL to multi-source physio-
logical decompensation exposes two incompatibilities.

Spatial feature entanglement. Clinically, intrinsic functional reserve is
dictated by intra-hepatic parenchymal remodeling [10], whereas extra-hepatic
signs (e.g., ascites, splenomegaly) are downstream systemic sequelae [11]. Con-
ventional spatially-agnostic MIL encoders tend to confound these signals, cap-
turing spurious co-occurrences rather than discrete morphological origins.

Associative shortcut learning. Most MIL models compress a bag into a
single global embedding z and learn an unconstrained K-way classifier p(y | z).
This treats stages as independent labels, lacks semantic anchoring to stage-wise
incremental evidence, and encourages shortcut features that correlate with la-
bels but are not stage-specific pathology [12]. For progressive, cumulative de-
compensation, this entangles baseline and incremental cues in z and degrades
generalization under domain shift.

We propose SLICE-MIL (Fig. 1), a spatial-logical framework with two phases:
structural isolation and semantic anchoring. ADDA decouples intra- and extra-
hepatic signals, then orthogonal filtration and residual routing separate the com-
pensated basis S0 (CP-A phenotype and grade-irrelevant artifacts) from patho-
logical increments (E1,E2). Since unconstrained routing is semantically under-
determined (Table 2), we add semantic anchoring via representation-level coun-
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Fig. 1. SLICE-MIL. ADDA decouples intra-/extra-hepatic queries. Orthogonal de-
composition and routing isolate the compensated(CP-A) basis (S0) from pathological
increments (E1,E2). Semantic Anchoring applies counterfactual ablations to regular-
ize dominance-ordered staging logic.

terfactual ablations, enforcing a dominance order E2 ≻ E1 ≻ S0 consistent with
decompensation pathophysiology [1].

Our contributions are:

– Structural isolation: We propose ADDA to separate intra/extra-hepatic
features via anatomy-gated queries, reducing cross-regional confounding.

– Semantic anchoring: We introduce representation-level counterfactual ab-
lations to enforce dominance-ordered semantics, yielding an ordinal regular-
izer for MIL.

– Clinical utility: SLICE-MIL provides a robust framework for CECT-based
Child-Pugh estimation and achieves the best performance among the evalu-
ated MIL baselines.

2 Methodology

SLICE-MIL sequentially disentangles spatial and ordinal evidence. ADDA sep-
arates heterogeneous regions, while orthogonal filtration, residual routing, and
representation-level interventions organize stage-specific increments.

2.1 Spatial Disentanglement: Anatomy-Driven Dual-Query
Attention

Standard self-attention projects all tokens into a single unconstrained query sub-
space (Q=XWQ), potentially entangling intra-/extra-hepatic distributions and
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promoting spurious cross-regional co-occurrences[13]. To address this, we replace
standard self-attention in Swin Stage 4 with Anatomy-Driven Dual-Query At-
tention (ADDA).

Given the intermediate sequence X ∈ RN×D, the liver and extrahepatic
masks are adaptively average-pooled to the Stage-4 feature resolution of 7 × 7,
yielding soft regional masks Min,Mex ∈ [0, 1]N×1. Used only as coarse regional
guidance for query construction, these masks reduce dependence on precise
anatomical boundary delineation. The two regions are projected through sep-
arate query transformations:

QComb = (X⊙Min)WQA + (X⊙Mex)WQB (1)

Under globally shared key-value projections (K=XWK , V=XWV ), the at-
tention output is Softmax(QCombK

⊤/
√
dk)V. Mathematically, the disjoint masks

render Eq. 1 a piecewise affine transformation, projecting heterogeneous regions
into distinct query subspaces. Retrieving from a shared dictionary (K,V) acts
as a structural regularization, mitigating query distribution collapse and con-
straining the instance embeddings Hi to preserve spatially decoupled signals for
the subsequent logical routing.

2.2 Logical Disentanglement: Orthogonal Filtration and Residual
Routing

While ADDA isolates the spatial origins of pathological signals, we formal-
ize their ordinal contributions to staging via an explicit latent decomposition
(Fig. 2). It summarizes the computational dependencies among the disentangled
latent components and should not be interpreted as a causal DAG. The instance
embeddings Hi are decomposed into three functionally isolated components: a
CP-A basis HS0 (CP-A phenotype), an early evidence pool HE1 (pathology driv-
ing CP-A→B), and a severe evidence pool HE2 (pathology driving CP-B→C).

X Hi

HS0

Hres

E1

E2

YFADDA

P

I−P
GE1

GE2

do(E1=0)

do(E2=0)

Fig. 2. Logical Dependency Graph of SLICE-MIL. ADDA produces spatial em-
beddings Hi. The projector P isolates the basis HS0, while routing gates GEj extract
ordinal evidence components. Cross marks denotes a representation-level do-operation
implemented by ablating the selected component.

Null-Space Basis Decomposition (NSBD). To isolate the endogenous basis,
we define a learnable matrix B ∈ RD×r. Performing a reduced QR decomposition
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(B=UR) yields an orthonormal basis U ∈ RD×r such that U⊤U = Ir. We then
construct a rank-r orthogonal projector P=UU⊤ [14]. The spatial embeddings
F, stabilized by a zero-initialized residual Adapter, are decomposed into the
basis subspace and its orthogonal complement:

HS0 = FP, Hres = F(I−P) (2)

This structural idempotency mathematically guarantees token-wise orthogonal-
ity: ⟨hS0,n,hres,n⟩ = 0,∀n. By projecting HS0 into the null-space of pathological
increments, we explicitly preclude information leakage, forcing residuals to cap-
ture only stage-specific variance.
Context-Modulated Residual Routing (CMRR). Local pathological to-
kens are inherently myopic; disambiguating early versus severe decompensation
requires macroscopic context. We introduce a global-to-local feedback loop to
dynamically route the residual manifold Hres into stage-specific evidence pools.

First, we distill the holistic residual context Cres ∈ R1×D via Gated Attention
Pooling [15]:

Cres =

N∑
n=1

anhres,n, an =
exp(w⊤mn)∑N
j=1 exp(w

⊤mj)
(3)

where mn = tanh(V1hres,n) ⊙ σ(V2hres,n) suppresses non-informative tokens
(V1,V2 ∈ RL×D, w ∈ RL×1).

Next, we regress affine parameters [γ;β] = MLP(Cres) to dynamically re-
calibrate token-level residuals via FiLM [16]: H̃res = LN(Hres) ⊙ (1 + γ) + β.
Continuous gating matrices GEj = σ(MLPj(H̃res)) then execute dense soft-
routing into additive increments:

HEj = (H̃res ⊙GEj)Σj , j ∈ {1, 2} (4)

with channel-wise capacity calibration Σj = diag(Sj). Rather than imposing
rigid algebraic priors, we rely on gradient-driven intervention objectives to su-
pervise this functional disentanglement.

2.3 Semantic Anchoring via Counterfactual Intervention

While NSBD ensures structural separation, the routing remains semantically ag-
nostic. Inspired by the intervention of structural causal models(SCM) [17,18], we
introduce representation-level do-operations on the disentangled evidence com-
ponents. Unlike an SCM, our framework does not specify observable causal vari-
ables, structural equations, or a causal DAG. Specifically, do(Ej = 0) denotes
replacing a selected evidence component with zero before global pooling. These
operations construct counterfactual latent representations and provide clinically
guided ordinal regularization.

The isolated components are additively fused, allowing the attention mech-
anism to dynamically recalibrate over the active evidence manifold. Formally,
we generate counterfactual bag features z

(k)
cf by zeroing specific evidence pools,

subject to logically shifted targets Ỹ (k):
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– Case 1 (do(E2 = 0)): z
(1)
cf = AttnPool(HS0 + HE1), Ỹ (1) = min(y, 1).

Mathematically caps progression at CP-B.
– Case 2 (do(E1 = 0)): z(2)cf = AttnPool(HS0 + HE2), Ỹ (2) = y · I(y ̸= 1).

Enforces dominance-ordering: E1 is strictly necessary for early progression
(y=1), yet E2 remains independently sufficient to override into CP-C (y=2).

– Case 3 (do(E1∧E2=0)): z(3)cf = AttnPool(HS0), Ỹ
(3) = 0. Strictly anchors

the null-space col(P) to the CP-A basis.

Optimization Objective. Let LCE denote the class-weighted cross-entropy.
Operating over the factual state zfact=AttnPool(HS0+HE1+HE2) and coun-
terfactual variants, the joint objective is:

Ltotal = LCE

(
Head(zfact), y

)
+ λcf

3∑
k=1

LCE

(
Head(z(k)cf ), Ỹ (k)

)
(5)

This explicitly coerces the routing gates to strip redundant correlations from
Hres, ensuring E1 and E2 encode genuinely stage-specific, ordinal functional
increments.

3 Experiments

3.1 Dataset and Implementation Details

We retrospectively curated a multi-center cohort of 767 portal venous phase[19]
CECT scans. 5The exclusion criteria were applied to reduce major factors that
could confound CP assessment: (1) severe imaging artifacts; (2) history of mas-
sive hepatectomy, liver transplantation, or TIPS; (3) concurrent non-hepatic
comorbidities independently interfering with CP indicators; (4) missing serolog-
ical records. Liver parenchyma and effective body contour masks were extracted
via TotalSegmentator [20] and verified by expert radiologists.

The cohort is institutionally partitioned into an internal discovery set (N =
566; CP-A/B/C = 241/211/114; 5-fold CV) and a strictly isolated external test
set (N = 201; CP-A/B/C = 55/102/44). External metrics report mean±std
across five models from internal CV. We employ a Swin-Tiny backbone [21] ini-
tialized with ImageNet-1K weights, optimized end-to-end via AdamW for 100
epochs. The counterfactual weight is λcf = 0.5. Quadratic Weighted Kappa
(QWK) serves as the primary metric, rigorously penalizing non-adjacent mis-
classifications.

5 This retrospective study was approved by the Ethics Committee of Tongji Hospital,
Tongji Medical College, Huazhong University of Science and Technology (No. TJ-
IRB202407064). The requirement for written informed consent was waived because
only de-identified data were used.
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Table 1. Comparison with representative MIL methods(mean±std). Bold/underline:
best/2nd. Methods without an asterisk utilize the ResNet-50 backbone. Methods de-
noted with an asterisk (*) utilize our proposed ADDA-Swin-T backbone.

Method Internal (CV) External Test

QWK↑ AUC↑ Acc↑ QWK↑ AUC↑ Acc↑

ABMIL [15] .652±.119 .780±.074 .650±.093 .449±.099 .731±.059 .531±.049
CLAM [22] .628±.122 .773±.073 .661±.059 .392±.158 .699±.100 .513±.078
TransMIL [8] .656±.049 .804±.036 .661±.070 .487±.034 .760±.015 .516±.049
ACMIL [9] .602±.181 .759±.097 .630±.163 .427±.128 .721±.082 .506±.066
MambaMIL [23] .611±.050 .767±.045 .643±.063 .490±.037 .754±.023 .557±.052
SLICE-MIL .774±.021 .873±.029 .744±.028 .603±.040 .796±.041 .626±.018

ABMIL* .806±.019 .872±.014 .767±.013 .586±.045 .813±.013 .610±.036
CLAM* .815±.011 .888±.012 .772±.017 .638±.024 .829±.011 .637±.015
TransMIL* .810±.018 .880±.007 .769±.022 .592±.050 .823±.016 .612±.032
ACMIL* .818±.016 .891±.012 .785±.025 .579±.062 .830±.019 .628±.041
MambaMIL* .813±.018 .883±.010 .779±.020 .610±.029 .826±.003 .616±.026
SLICE-MIL* .835±.009 .916±.008 .799±.014 .683±.040 .859±.005 .687±.019

Table 2. Ablation of key components. Baseline employs Swin-T as the feature encoder
and ABMIL as the aggregator. Blank cells indicate the use of baseline components. All
metrics are higher-better.

Model ADDARouteLcf
Internal (CV) External

QWK AUC Acc QWK AUC Acc

Baseline .761±.03 .854±.04 .736±.05 .554±.04 .759±.07 .561±.06
+ADDA ✓ .806±.02 .872±.01 .767±.01 .586±.05 .813±.01 .610±.04
+Route ✓ .795±.02 .876±.02 .753±.02 .569±.09 .773±.01 .576±.02
+Anchor ✓ ✓ .812±.02 .897±.01 .781±.03 .638±.03 .834±.02 .648±.03
Full ✓ ✓ ✓ .835±.01 .916±.01 .799±.01 .683±.04 .859±.01 .687±.02

3.2 Results and Ablation

Table 1 shows substantial external performance degradation for several spa-
tially agnostic MIL methods(e.g., CLAM’s QWK drops by 37.6%). This cross-
domain gap is consistent with sensitivity to source-specific variation and mo-
tivates spatially differentiated representation learning. Among the evaluated
methods, SLICE-MIL achieves the highest external QWK of 0.683. The ADDA-
Swin-T variants also exhibit consistent external improvements across different
MIL aggregators. Together with the controlled ablation in Table 2, these results
support the use of region-specific query encoding before global aggregation.

Table 2 shows complementary contributions from structural separation and
semantic constraints. Routing without Lcf yields relatively high external vari-
ability (σ = 0.088), whereas adding Lcf reduces variability and improves perfor-
mance, supporting its role as an ordinal regularizer. The full model achieves the
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Fig. 3. Spatial activation heatmaps (rows: CP-A/B/C; cols: CT, Liver Query, Ab-
domen Query, Liver Attn, Abdomen Attn).
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Fig. 4. t-SNE of disentangled subspaces (external set).

best internal and external results, indicating the joint benefit of spatial guidance,
residual routing, and semantic anchoring.

3.3 Visualization and Interpretability

Anatomical Disentanglement. Fig. 3corroborates our anatomy-driven dual-
query design: the Liver Query emphasizes intra-hepatic remodeling, whereas
the Abdomen Query highlights extra-hepatic signs such as ascites, suggesting
reduced spatial mixing before MIL aggregation.
Topological Alignment with Disease Logic. Figure 4 shows substantial
grade overlap in HS0, gradual ordering in E1, and clearer separation of compen-
sated and decompensated cases in E2. These patterns are consistent with the
intended ordinal semantics of the learned components.



SLICE-MIL for Child-Pugh Grading 9

4 Conclusion

SLICE-MIL combines anatomy-driven attention and counterfactual anchoring
for CECT-based Child-Pugh grading, improving cross-domain performance among
the evaluated MIL methods. Limitations include the lack of broader 2.5D/3D
comparisons, untested robustness to systematic segmentation failures. CECT-
only estimation is intended as complementary imaging evidence and cannot re-
place standard multi-source CP assessment. Future work will use longitudinal
multimodal data to investigate causal relationships between biochemical indica-
tors and structural imaging phenotypes.
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