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Abstract 
Cardiac magnetic resonance (CMR) automation can accelerate ventricular analysis, but model outputs often 
fail to expose recognizable measurements and auditable decision logic under domain shift. In this work, we 
introduce a post-hoc audit framework that maps image-derived representations to 28 CMR variables through 
a regularized transition matrix and converts supported semantics into conflict-aware production rules. The 
evaluated formal representation is a deterministic 128-dimensional image-mask descriptor baseline with 
training-only tertile discretization. Experimental evaluation used 150 Automated Cardiac Diagnosis Challenge 
(ACDC) cases and an untouched 100-case Multi-Centre, Multi-Vendor and Multi-Disease cohort. On held-out 
ACDC, mean training-SD-normalized root-mean-square error (RMSE) was 0.767 ± 0.246; correlations for 
global end-diastolic wall thickness, left ventricular ejection fraction, right ventricular ejection fraction, and left 
ventricular end-diastolic volume were 0.928, 0.863, 0.815, and 0.710, respectively. A measured-semantic 
classifier achieved 0.860 accuracy and 0.861 macro-F1. The 200-rule layer achieved 0.640 coverage, 0.360 
abstention, and 0.644 non-abstained balanced accuracy. External SD-normalized RMSE increased 2.25-fold to 
1.726 ± 1.177. The results support semantic auditing while identifying domain shift, rule sparsity, orientation 
sensitivity, and the need for prospective expert validation. 
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1. Introduction 

Cardiovascular magnetic resonance (CMR) provides reproducible quantitative information on 
ventricular anatomy and function, but clinically valid interpretation remains dependent on 
acquisition quality, segmentation, post-processing conventions, and measurement definitions. 
Artificial intelligence (AI) can accelerate acquisition and image analysis and may extend CMR toward 
richer phenotyping [1]. A recent translational review nevertheless identifies dataset design, external 
validation, deployment, multidisciplinary oversight, and regulation as persistent barriers to routine 
CMR AI [2]. These requirements are reinforced by standardized CMR acquisition protocols [3] and 
post-processing recommendations that formalize ventricular volumes, ejection fractions, myocardial 
mass, and related indices [4]. Public benchmarks have established strong technical foundations. ACDC 
demonstrated that deep models can jointly support cardiac structure segmentation and disease 
classification, while also exposing residual variability across structures and diagnoses [5]. The Multi-
Centre, Multi-Vendor and Multi-Disease (M&Ms) challenge subsequently showed that scanner, vendor, 
center, and disease heterogeneity remains a major source of domain shift [6]. However, predictive 
performance alone does not provide an auditable account of how image-derived evidence corresponds 
to recognizable clinical measurements. A systematic review of cardiovascular imaging XAI found 
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substantial methodological diversity but continuing limitations in clinically meaningful validation [7]. 
Human-centered analysis further shows that transparency must be defined relative to intended users 
and evaluated in context rather than assumed from an explanation visualization [8]. The problem 
under consideration is therefore the absence of a reproducible chain connecting formal image-
derived representations, clinician-facing CMR semantics, and explicit symbolic evidence. Human-in-
the-loop healthcare research supports exposing domain knowledge as intermediate evidence [9], 
whereas calibration studies show that confidence values from modern neural networks cannot be 
treated automatically as reliable probabilities [10]. Early-stage clinical-AI reporting guidance 
accordingly requires intended-use boundaries, validation evidence, uncertainty, and human 
oversight [11]. This requirement is consistent with the broader argument that high-stakes systems 
should use inspectable reasoning components whenever their assumptions are adequate [12]. The 
goal of this study is to improve the auditability of CMR analysis by translating fixed image-derived 
representations into clinician-facing semantic measurements and conflict-aware production rules. 
The objective of the study is to construct and evaluate a leakage-controlled post-hoc audit pipeline 
on internal ACDC data and an untouched external M&Ms cohort while explicitly separating audit-
layer validity from deep-feature validity. The major contributions are: 

• A patient-aligned formal semantic interface with feature-level quality control, provenance 
tracking, and explicit exclusion of unsupported semantic targets. 

• A regularized transition from 128 deterministic image mask descriptors to 28 CMR variables, 
evaluated by feature-specific reconstruction error, association, and external-domain 
degradation. 

• A conservative rough-set-style rule layer that records exact evidence, conflicting 
consequents, missing prerequisites, physician-predicate alignment, and reason-coded 
abstention. 

The remainder of this paper reviews related work in Section 2, presents the methodology in 
Section 3, reports the experimental findings in Section 4, discusses their implications and limitations 
in Section 5, and concludes the study in Section 6. 

2. Related Works 

Automated CMR analysis depends first on reliable segmentation and quality control (QC). nnU-Net 
established a strong self-configuring biomedical segmentation baseline by adapting preprocessing, 
architecture, training, and post-processing to each dataset [13]; however, segmentation performance 
alone does not expose downstream clinical reasoning. Gonzales et al. integrated predicted 
segmentation quality into a deep ensemble for accountable cardiac MRI processing [14], directly 
motivating QC gates but not a semantic-to-symbolic audit chain. Janik et al. analyzed learned 
concepts in an ACDC segmentation model [15], showing that internal representations can be 
interrogated without producing patient-level rules. MiMICRI generates domain-centered 
counterfactual cardiac images by manipulating segmented structures and evaluates them with 
medical experts [16]; this improves semantic relevance but remains case-specific. Medical-imaging 
XAI reviews provide a broader methodological context. Van der Velden et al. distinguish multiple 
XAI families and emphasize evaluating explanation behavior rather than visual appearance 
alone [17]. Borys et al. provide a clinically oriented analysis of saliency methods and their 
limitations [18]; such maps localize influence but do not directly quantify CMR semantics. Nauta et 
al. show that XAI evaluation has often relied on anecdotal evidence and argue for explicit 
quantitative criteria [19]. Bienefeld et al. identify systematic differences between clinician and 
developer mental models of explainability [20], supporting physician-facing representations rather 
than developer-defined latent explanations. Jin et al. report that commonly used heatmap methods 



did not reliably satisfy clinical requirements in a multimodal imaging task [21], further motivating 
auditable evidence beyond saliency. Concept-based methods move explanations closer to human 
semantics. Concept bottleneck models introduce an explicit intermediate concept layer that supports 
intervention and inspection [22], but they generally require concept supervision and architectural 
integration. TCAV provides a post-hoc alternative by measuring model sensitivity to user-defined 
concept directions [23]. TCAV quantifies conceptual relevance without yielding a global symbolic 
decision policy. The present framework follows a transition-matrix lineage. Our original work on this 
topic introduced transition matrices as visual-analytics mappings between formal and interpretable 
feature spaces [24]. Barmak et al. adapted this mapping to healthcare features understandable to 
domain experts [25]. SEMTRA subsequently combined global semantic transition with discretization 
and rough-set rule induction [26]; the current CMR study narrows that framework to patient-level 
auditability and uses training-only tertiles of full WEDD. Rough-set theory supplies lower 
approximations and boundary regions for inconsistent decision tables [27], while reject-option 
theory formalizes withholding a decision when evidence is insufficient [28]. For transition 
evaluation, Mean absolute error (MAE) provides a directly interpretable absolute-error summary and 
complements root-mean-square error (RMSE) [29]. Pearson correlation measures linear 
association [30], but association alone cannot establish agreement and should be reported with 
absolute error, bias, and uncertainty. 

In summary, the literature leaves a specific gap: existing CMR pipelines address segmentation, 
QC, local explanation, concepts, or counterfactuals, whereas transition-based work provides 
semantic mappings without a CMR-specific externally tested audit protocol. The proposed 
contributions address these omissions by combining patient-level provenance, measured CMR 
semantics, leakage-controlled transition fitting, feature-level QC, conflict-aware rough rules, explicit 
abstention, physician-style predicate alignment, and external-domain assessment in one 
reproducible research pipeline. 

3. Methods 

The method is a post-hoc audit layer that preserves a patient-level chain from native cine images 
and masks to a fixed formal representation, reconstructed measurements, symbolic states, rule 
provenance, conflict, and reason-coded abstention. The methodological outline is organized as 
follows: Section 3.1 defines the representation interface and scope; Section 3.2 specifies cohorts, 
splits, and QC; Section 3.3 formalizes the transition; Section 3.4 defines discretization and rule 
inference; Section 3.5 specifies predicate alignment; and Section 3.6 defines the evaluation protocol. 

3.1. Approach Structure and Scope 

In the reported experiments, the formal matrix 𝑨 ∈ ℝ𝑚×128 is not produced by a trained deep 
encoder. It is generated deterministically from end-diastolic (ED) and end-systolic (ES) cine images 
and masks. For background, left-ventricular (LV) blood pool, right-ventricular (RV) blood pool, and 
LV myocardium, the extractor computes phase-specific intensity statistics and occupancy; for the 
three cardiac labels it also retains ED occupancy, ES occupancy, and their difference. The resulting 
57 descriptors are mapped to 128 coordinates by a fixed Gaussian projection seeded by 20260611, 
with the first 32 coordinates preserving direct channels. This baseline was chosen to isolate the audit 
layer; the same interface can accept a frozen learned encoder in future work. No orientation 
normalization or rotational augmentation was applied in the reported descriptor extraction. 

The measured semantic matrix 𝑩 ∈ ℝ𝑚×28 contains LV/RV end-diastolic volume (EDV), end-
systolic volume (ESV), stroke volume (SV), ejection fraction (EF), LV myocardial volumes and mass, 
LV RV SV discrepancy, ED/ES wall thickness and wall thickening, chamber areas, compactness, 
eccentricity, and LV long-axis length. Accordingly, left-ventricular ejection fraction (LVEF), right-
ventricular ejection fraction (RVEF), left-ventricular end-diastolic volume (LVEDV), and right-



ventricular end-diastolic volume (RVEDV) denote the corresponding chamber-specific measures 
used below. The transition 𝑻 ∈ ℝ128×28 reconstructs 𝐵̂; eligible semantics are discretized into 𝑆, and 
the rulebook 𝑅 returns one auditable consequent or a typed abstention. Transition coefficients are 
regularized associations, not causal effects or diagnostic criteria. 

Figure 1: Post-hoc CMR audit architecture. Training-only measured semantics supervise the 
transition; held-out inference exposes reconstructed semantics, rule provenance, conflict, and 
abstention without refitting. 

3.2. Datasets, Splits, and Quality Control 

ACDC supplied 150 annotated studies in five balanced categories. A fixed patient-disjoint split 
assigned 85 cases to training, 15 to validation, and 50 to final testing. The external branch contained 
100 M&Ms cases selected once with seed 20260611. Validation, test, and external rows were excluded 
from every fitted imputation statistic, clipping limit, scaler, regularization choice, transition 
coefficient, discretization cut, classifier parameter, and rule. Stable `sample_id` values linked each 
matrix row to its source image, mask, metadata, and label. QC checked readability, ED/ES pairing, 
label domains, voxel spacing, nonempty LV/RV/myocardial masks, plausible volume/EF ranges, finite 
features, and exact 𝑨 𝑩 row identity. Feature-level failures blocked only dependent semantics and 
predicates; high/moderate findings entered manual-review triage with basal, mid-ventricular, and 
apical overlays. Automated triage identifies cases requiring review but does not constitute expert 
adjudication. The use of explicit quality prediction is consistent with recent accountable CMR 
segmentation work [14]. 

3.3. Phase 1: Formal-to-Semantic Transition 

All preprocessing was learned from the 85 training rows: semantic missing values were median-
imputed, targets were clipped to their training 1st 99th percentiles, formal columns were 
standardized, and semantic columns were centered. With standardized 𝑨z, centered 𝑩c, and ridge 
penalty , the transition minimizes the objective in Equation (1): 

𝑇𝜆 = 𝑇
‖𝐴𝑧𝑇 − 𝐵𝑐‖𝐹

2 + 𝜆‖𝑇‖𝐹
2 . (1) 

The implementation uses the standard closed-form ridge solution in Equation (2): 



𝑇𝜆 = (𝐴𝑧
𝑇𝐴𝑧 + 𝜆𝐼)−1𝐴𝑧

𝑇𝐵𝑐 . (2) 

For a held-out standardized row 𝒂z, reconstruction is defined in Equation (3): 

𝑏̂(𝑎) = 𝑎𝑧𝑇𝜆 + 𝜇𝐵
𝑇 . (3) 

Five-fold stratified cross-validation was restricted to training data and searched 𝜆 ∈

{10−6, 3 × 10−6 , … ,30,100}; each fold refitted all preprocessing. Candidates were ranked by 
validation RMSE and then MAE, with solutions within 0.1 % of the minimum favoring the larger 
penalty. The selected  = 3, feature order, projection checksum, preprocessing state, and 128 × 28 
transition were frozen before validation, test, and external inference. 

3.4. Phase 2: Discretization, Rough Granulation, and Inference 

The current experimental release does not implement the full Weighted Entropy Density 
Discretization (WEDD) optimizer. Instead, each eligible semantic feature j is discretized by training-
only tertiles 𝑞𝑗,1 3⁄  and 𝑞𝑗,2 3⁄ , frozen before held-out inference according to Equation (4): 

𝑠𝑗(𝑏) = {

𝑏 ≤ 𝑞𝑗,1 3⁄ ;

𝑞𝑗,1 3⁄ < 𝑏 ≤ 𝑞𝑗,2 3⁄ ;

𝑏 > 𝑞𝑗,2 3⁄ .
 

(4) 

This quantile scheme is a documented approximation to the WEDD stage described in the parent 
framework [26]; consequently, no result in this paper is claimed to validate full WEDD or to show 
superiority over alternative discretizers. 

The discretized training table is treated as a rough-set decision system [27]. Cases sharing the 
same eligible condition states form an indiscernibility granule; a granule enters the lower 
approximation only when its members share one consequent. Rules have the form shown in 
Equation (5): 

𝑟: ⋀
𝑗∈𝑅𝑟

[𝑠𝑗 = 𝑣𝑗] ⇒ 𝑑 = 𝑦𝑟. (5) 

The release retains at most three antecedents, support of at least three training cases, and 
confidence of at least 0.60. Exact compatible rules fire at inference. If severe QC, unstable 
reconstruction, a missing prerequisite, no match, or contradictory consequents are present, the 
output follows Equation (6): 

𝑜(𝑥) = {
[𝜌(𝑥)], Γ(𝑥) = 1,

𝑦, Γ(𝑥) = 0 𝑌(𝑥) = {𝑦},
 

(6) 

where 𝜌(𝑥) records the reason; soft similarity never overrides this guard. 

3.5. Physician-Style Predicates and Similarity 

The predicate library represents cine-supported proxies for dilated and hypertrophic 
cardiomyopathy, abnormal RV or arrhythmogenic right ventricular cardiomyopathy (ARVC)-like 
morphology/function, myocardial-infarction remodeling, conservative normality, and review 
triggers. Tissue characterization, noncompaction, inflammatory or infiltrative disease, flow-
dependent valvular disease, and complex congenital anatomy remain unsupported when required 
sequences or measurements are absent. For physician predicate 𝑃𝑦 and eligible rule 𝑅𝑖 , similarity is 
defined in Equation (7): 

(𝑃𝑦 , 𝑅𝑖) = {0,∑

𝑗

𝑤𝑗𝜑𝑗
(𝑃𝑦 , 𝑅𝑖)

∑𝑗 𝑤𝑗
− 𝛾𝑐𝐶𝑖 − 𝛾𝑚𝑀𝑖 − 𝛾𝑢𝑈𝑖 + 𝛾𝑎𝐴𝑖}, 

(7) 



where 𝜙𝑗 ∈ [0,1] is feature compatibility, 𝑤𝑗  is clinical weight, and 𝐶𝑖 , 𝑀𝑖 , 𝑈𝑖 , 𝐴𝑖 encode conflict, 
missing evidence, instability, and safe abstention. 

The best match is the maximum-similarity rule satisfying support, confidence, prerequisite, and 
validity gates; no missing prerequisite can be compensated by a high similarity score. 

3.6. Outcomes and Statistical Protocol 

MAE and RMSE use standard definitions [29]; Pearson correlation follows the conventional product-
moment definition [30]. To compare targets measured in mL, percentage points, mm, g, and 
dimensionless units, RMSE was normalized by the ACDC-training standard deviation 𝑠𝑗,tr, as defined 
in Equation (8): 

𝑗 = 𝑗 𝑠𝑗,⁄ . (8) 

Equation (8) is used only for across-target aggregation; mixed-unit MAE/RMSE means are 
descriptive. Feature-level reporting included Pearson/Spearman correlations, signed bias, Bland
Altman limits, 1,000-resample bias-corrected and accelerated (BCa) 95 % confidence intervals (CIs) 
for MAE, and Benjamini Hochberg false-discovery-rate control at 0.05. 

A median-imputed, standardized multinomial logistic regression trained on measured 𝑩 served 
as a transparent comparator. Expected calibration error (ECE) used ten equal-mass confidence bins 
as in Guo et al. [10]. Rule evaluation reported coverage (at least one fired consequent), typed-
abstention rate, conflict among covered cases, and balanced accuracy plus macro-F1 on non-
abstained cases; coverage and abstention were always reported with selective accuracy to avoid 
inflated interpretation. Fixed seeds governed partitioning, external-case selection, projection, 
bootstrapping, and perturbation sampling. 

For perturbation  on the fixed 12-case set Q, the relative formal-space change is defined as 
follows: 

𝛥𝐴(𝜏) =
1

|𝑄|
∑

𝑥∈𝑄

‖𝑎(𝜏𝑥) − 𝑎(𝑥)‖2
‖𝑎(𝑥)‖2 + 𝜀

. 
(9) 

Equation (9) normalizes descriptor drift by the unperturbed formal-vector magnitude for each 
case. The corresponding mean absolute semantic change across the 28 reconstructed targets is 
defined as follows: 

𝛥𝐵(𝜏) =
1

28|𝑄|
∑

𝑥∈𝑄

‖𝑏̂(𝜏𝑥) − 𝑏̂(𝑥)‖1. 
(10) 

Equation (10) measures aggregate semantic drift after the frozen transition. The exploratory 
transformations were 5 % intensity scaling, one-pixel translations on each in-plane axis, and a 2° 
rotation. Because 𝛥𝐵 in Equation (10) mixes units, it ranks sensitivity only. The reported release 
deliberately leaves images in their dataset-native orientation; based on the perturbation test, 
prospective implementations should canonicalize image orientation from spatial metadata before 
descriptor extraction and, when learned encoders are used, evaluate small-angle rotational 
augmentation on training data only. 

Overall, Algorithm 1 specifies the semantic-transition and conflict-aware CMR audit pipeline. 

Algorithm 1: Semantic-transition and conflict-aware CMR audit pipeline. 



Input: Patient-disjoint ACDC training/validation/test partitions; external M&Ms cohort; paired 
ED/ES cine images, masks, metadata, and labels. 

1. Validate and lock cohorts. Verify data integrity, patient independence, QC conditions, and 
𝑨 𝑩 row alignment; then freeze all held-out cohorts. 

2. Fit the semantic transition. Learn preprocessing and 𝜆 on training data only, estimate 𝑻λ 
using Equations (1) and (2), and reconstruct held-out semantics using Equation (3). 

3. Discretize eligible semantics. Map valid semantic features to symbolic states using the frozen 
training tertiles defined in Equation (4). 

4. Induce production rules. Form rough-set granules and retain compact rules satisfying the 
support and confidence constraints in Equation (5). 

5. Perform guarded inference. Fire compatible rules and apply Equation (6) to return either a 
single admissible consequent or a reason-coded abstention. 

6. Align clinical predicates. Match supported physician-style predicates to eligible rules using 
Equation (7) and the required evidence checks. 

7. Evaluate semantic fidelity. Report feature-wise errors and the normalized error defined in 
Equation (8), together with correlation, bias, uncertainty, and external-shift evidence. 

8. Assess perturbation robustness. Measure formal-space and semantic drift on the fixed 
perturbation subset using Equations (9) and (10). 

Output: Frozen transition 𝑻λ, reconstructed semantics 𝐵̂, symbolic states 𝑆, rulebook 𝑅, audit 
reports, and reason-coded outputs 𝑜(𝑥). 

4. Results 

Results follow the audit chain: cohort/QC integrity in Section 4.1, semantic reconstruction in 
Section 4.2, transparent classification and rule behavior in Section 4.3, predicate alignment in 
Section 4.4, perturbation sensitivity in Section 4.5, and comparison with published ACDC systems in 
Section 4.6. 

4.1. Cohort and QC Evidence 

All 250 records retained stable identifiers and exact 𝑨 𝑩 order. ACDC contained 85 training cases 
(56.7 %), 15 validation cases (10.0 %), and 50 test cases (33.3 %); all 100 M&Ms cases were external 
only. All 20 programmed semantic-matrix gates passed. The workflow generated 53 ACDC and 65 
M&Ms overlay panels. Manual-review triage contained 92 cases across the combined 250-case 
cohort; this is unresolved review workload, not 92 confirmed segmentation errors or completed 
expert validation. Table 1 summarizes the cohort and release-level QC evidence. 

Table 1 
Cohort and release-level QC evidence for the experiments. The final two rows explicitly state 
whether values are per cohort or combined. 

Audit item ACDC M&Ms Scope / interpretation 

Patient-level cases 150 100 ACDC: 85/15/50 train/validation/test; 
M&Ms: external only. 

Semantic validation checks 10/10 10/10 All programmed gates passed. 



Native overlay panels 53 65 ED/ES image mask panels generated. 

Semantic targets per case 28 28 Same semantic schema evaluated in 
each cohort. 

Pending manual-review cases   92 total across ACDC + M&Ms; dataset-
specific split was not used. 

4.2. Semantic Reconstruction Across Datasets 

Across 28 targets, mean training-SD-normalized RMSE was 0.510 ± 0.148 in training, 0.814 ± 0.409 in 
validation, 0.767 ± 0.246 on held-out ACDC, and 1.726 ± 1.177 on external M&Ms. Table 2 summarizes 
these unit-normalized aggregate errors. External NRMSE was 2.25 times the ACDC-test value, 
demonstrating substantial domain shift. Figure 2 shows the descriptive mixed-unit MAE/RMSE 
means; only NRMSE supports across-target comparisons. 

Table 2 
Aggregate transition reconstruction over 28 targets. RMSE and MAE means combine units and are 
descriptive only. 

Dataset Split SD-NRMSE RMSE mean MAE mean 

ACDC Train 0.510 ± 0.148 33.18 26.49 

ACDC Validation 0.814 ± 0.409 58.42 46.49 

ACDC Test 0.767 ± 0.246 51.65 38.64 

M&Ms External 1.726 ± 1.177 85.35 69.81 

 

Transition reconstruction error by evaluation split 

 

Figure 2: Transition reconstruction error by split. Bars are descriptive mixed-unit means. 

Held-out ACDC fidelity was strongly target-dependent. Global ED wall thickness had r = 0.928, 
LVEF 0.863, RVEF 0.815, RVEDV 0.766, and LVEDV 0.710, whereas LV myocardial mass was 0.517. 
Table 3 reports the corresponding feature-level errors, correlations, and uncertainty. 

Table 3 
Held-out ACDC transition results (n = 50); intervals are 1,000-resample BCa 95 % CIs for MAE. 

Target RMSE MAE (95 % CI) Pearson r Bias 

Global ED wall thickness (mm) 0.83 0.59 (0.46 0.79) 0.928 0.11 

LVEF (percentage points) 11.38 9.17 (7.52 11.16) 0.863 1.93 

RVEF (percentage points) 8.87 7.52 (6.33 8.91) 0.815 3.56 

LVEDV (mL) 5.86 4.88 (4.02 5.75) 0.710 2.12 

RVEDV (mL) 9.75 6.37 (4.89 9.19) 0.766 3.13 

LV myocardial mass ED (g) 4.60 3.83 (3.17 4.58) 0.517 1.46 

 
 

 
 

 
 

 
 

 
 
 
 
 
 
 
 
 

 
 



Figure 3 visualizes the high-impact correlations. LVEF MAE was 9.17 percentage points despite 
high correlation, so threshold-near rule antecedents require guarding. LVEDV had MAE 4.88 mL and 
bias 2.12 mL, illustrating that low mean bias does not guarantee patient-level fidelity. 

 

Figure 3: Held-out ACDC Pearson correlations for clinically high-impact semantic targets. 

External failure was concentrated in scale-sensitive targets. M&Ms wall thickness remained 
comparatively stable (r = 0.816, RMSE 0.99 mm), whereas LVEF and RVEF correlations fell to 0.670 
and 0.584. LVEDV bias changed from 2.12 to 136.0 mL and myocardial-mass bias from 1.46 to 
96.6 g. These targets therefore require external recalibration or exclusion before rule inference. 

4.3. Transparent Classification and Symbolic Audit 

The measured-semantic comparator classified 43 of 50 held-out ACDC cases correctly (accuracy and 
balanced accuracy 0.860), with macro-F1 0.861 and one-vs-rest macro area under the receiver 
operating characteristic curve (AUROC) 0.973. Table 4 reports the comparator metrics and row-
bootstrap uncertainty. 

Table 4 
Transparent classifier performance on measured ACDC semantics. ECE uses ten equal-mass bins. 

Split Accuracy Bal. acc. Macro-F1 AUROC ECE n 

Validation 0.933 0.933 0.931 1.000 0.103 15 

Test 0.860 0.860 0.861 0.973 0.179 50 

 

The 95 % CIs were 0.76 0.94 for accuracy, 0.75 0.95 for balanced accuracy, 0.75 0.94 for macro-
F1, and 0.947 0.993 for AUROC. ECE increased from 0.103 in validation to 0.179 on test data. The 
200-rule layer covered 32 of 50 test cases (0.640) and abstained on 18 (0.360). On non-abstained cases, 
balanced accuracy was 0.644 and macro-F1 0.612; covered-case conflict was 0.313, and 0.560 of all 
test cases encountered at least one conflicting rule during resolution. Table 5 reports the selective 
rulebook metrics. 

Table 5 
Rulebook performance. Balanced accuracy and macro-F1 are computed over non-abstained cases. 

Split Coverag
e 

Abstain Bal. acc. Macro-
F1 

Conflict Conf. 
seen 

n 

Train 0.565 0.435 1.000 1.000 0.229 0.565 85 

Validation 0.667 0.333 1.000 1.000 0.300 0.533 15 

Test 0.640 0.360 0.644 0.612 0.313 0.560 50 

      
 

 

 

 

 

 

 

 



Figure 4 contrasts the semantic comparator with rulebook outcomes. 

 

Figure 4: Held-out classifier and rulebook outcomes. Coverage and abstention accompany rule 
accuracy to prevent selective-performance inflation. 

These values materially limit practical utility: the rulebook is not a standalone classifier and is 
not suitable for clinical deployment. Its present value is selective auditability showing exactly 
where sparse antecedents agree, conflict, or fail to support a decision. The perfect training/validation 
non-abstained scores therefore reflect selective, over-specific granules rather than reliable 
generalization. 

4.4. Predicate Alignment and Unsupported Evidence 

The strongest admissible similarity was 0.9008 for abnormal RV/ARVC-like morphology or 
function, followed by hypertrophic cardiomyopathy (0.8564), myocardial-infarction remodeling 
(0.8250), and dilated cardiomyopathy (0.7858). Table 6 reports the admissible predicate evidence. 

Table 6 
Physician-predicate alignment and evidence status 

Predicate family Evidence status Best similarity 

Abnormal RV/ARVC proxy cine-mask proxy 0.9008 

Hypertrophic cardiomyopathy proxy cine-mask proxy 0.8564 

Myocardial-infarction remodeling proxy cine proxy 0.8250 

Dilated cardiomyopathy proxy cine-mask proxy 0.7858 

Valvular disease volume review review proxy 0.7825 

Congenital candidate review research approximation 0.6842 

Conservative normal-state filter research filter 0.5462 

Restrictive/noncompaction/inflammatory/infiltrativ
e 

unsupported Unmatched 

 

Figure 5 visualizes the corresponding similarity scores. Valvular and congenital proxies remained 
review-only. Restrictive cardiomyopathy, noncompaction, inflammatory disease, and infiltrative 
disease were unmatched because cine masks lack the required tissue-characterization evidence; the 
abstention guard prevented similarity from manufacturing unsupported disease claims. 
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Figure 5: Maximum weighted similarity between physician-style predicates and eligible production 
rules; unsupported predicates are not forced to match. 

4.5. Perturbation Diagnostics 

All 48 case transformation runs completed. Table 7 summarizes the four perturbation conditions. 

Table 7 
Exploratory perturbation summary over 12 sampled cases; semantic change is a mixed-unit mean. 

Perturbation Relative formal 
change 

Semantic change Mask-count change 

Intensity scale 5 % 1.1 × 10^-8 8.8 × 10^-6 0 

Translation x, 1 px 0.002591 0.622935 0 

Translation y, 1 px 0.002135 0.545662 0 

Rotation, 2° 0.053114 9.821420 0.000470 

The 5 % intensity scaling was numerically negligible, and one-pixel translations produced small 
formal changes with semantic changes of 0.623 and 0.546. By contrast, a 2° rotation produced relative 
formal change 0.0531 and mixed-unit semantic change 9.8214, about 20 25 times and 16 18 times 
the corresponding translation responses. Mask-count change remained 0.000470, indicating 
orientation sensitivity of the descriptors rather than gross label loss. Because only 12 cases were 
tested and semantic change mixes units, this is a diagnostic warning rather than a clinical tolerance. 
The result directly supports canonical orientation normalization before deterministic descriptor 
extraction and, for future learned encoders, training-only rotational augmentation; neither 
mitigation is retroactively claimed for the present metrics. 

4.6. Quantitative Comparison with ACDC State-of-the-Art Systems 

Table 8 provides task-aware error and diagnostic-accuracy context rather than a leaderboard claim. 
The proposed diagnostic accuracy was 0.100 below Khened and 0.060 below Isensee. LVEDV MAE 
(4.88 mL) was comparable to the reported 4.20 and 5.10 mL, but LVEF MAE (9.17 points) was 
substantially worse than 2.50 and 2.10 points. Mass MAE was lower descriptively, yet the correlation 
comparison below shows that this did not imply comparable patient-level fidelity. Table 9 separately 
reports correlation, bias, and audit metrics. Bernard et al. [5] evaluated systems that jointly optimized 
segmentation-derived clinical indices and five-class diagnosis on the official challenge protocol, 
whereas the present audit uses an independent 85/15/50 split and a deterministic formal 
representation. 

      
 



Table 8 
Task-aware quantitative context on ACDC test cases. MAE units are mL, percentage points, 
percentage points, and g, respectively. Dashes indicate unreported audit outputs. 

System Source Diag. 
acc. 

LVEDV 
MAE 

LVEF 
MAE 

RVEF 
MAE 

Mass 
MAE 

Rule 
cov./B

A 

Khened challenge 
system 

[5] 0.960 4.20 2.50 5.30 6.30 /  

Isensee challenge 
system 

[5] 0.920 5.10 2.10 4.70 7.30 /  

Proposed transition + 
semantic baseline 

This 
study 

0.860 4.88 9.17 7.52 3.83 0.640 

/ 0.644 

Table 9 
ACDC clinical-index correlation and signed bias. EF bias is in percentage points, LVEDV bias in mL, 
and mass bias in g. Audit metrics are coverage/abstention/conflict. 

System LVEF 
r/bias 

RVEF 
r/bias 

LVEDV 
r/bias 

Mass r/bias Audit 
metrics 

Isensee ACDC system 0.991/+0.5 0.925/ 3.0 0.997/+1.5 0.986/ 4.0 / /  

Khened ACDC system 0.989/ 0.5 0.858/ 2.2 0.997/+0.6 0.990/ 2.9 / /  

Proposed transition and 
rule audit 

0.863/ 1.93 0.815/+3.56 0.710/ 2.12 0.517/ 1.46 0.640 / 0.360 / 
0.313 

The audit transition trailed the published systems in all four listed correlations; in particular, mass 
correlation was 0.517 versus 0.986 0.990 despite smaller mean bias. Different splits and objectives 
preclude a controlled ranking. The contribution is therefore complementary: explicit semantic 
reconstruction, external-failure evidence, conflict, abstention, and rule provenance rather than 
diagnostic superiority. 

5. Discussion 

The study demonstrates an auditable chain from native CMR images and masks to deterministic 
formal descriptors, reconstructed measurements, symbolic conditions, and selective rule outputs. 
This chain should not be conflated with an evaluation of deep latent representations: the current 
formal space is handcrafted and deterministic. The transition is intentionally linear and inspectable, 
but its coefficients remain associations rather than causal physiological effects. This restraint is 
consistent with clinical XAI evidence showing that visually plausible attribution maps can fail 
requirements for truthfully representing model decision processes and decision quality [21]. Three 
limitations of this study should be highlighted. First, semantic fidelity is target- and domain-
dependent, with substantial deterioration on external M&Ms data; scale-sensitive volume and mass 
targets require recalibration or exclusion before external rule use. Second, the reported discretizer is 
a training-quantile approximation, not the complete WEDD optimizer, so full WEDD requires a 
direct leakage-controlled ablation against quantiles and alternative discretizers. Third, the rule 

-abstained balanced accuracy materially limit practical utility. 
The rulebook should therefore be interpreted only as a selective audit artifact that exposes supported, 
conflicting, and unsupported evidence; it is neither a diagnostic classifier nor a clinically validated 
decision-support system. The perturbation experiment identifies a specific engineering weakness 
rather than a generic robustness claim. A 2° rotation caused the largest change while mask counts 
were nearly preserved, implicating orientation-sensitive descriptors. Prospective revisions should 
canonicalize orientation from image spatial metadata before deterministic extraction and evaluate 
small-angle rotational augmentation when a learned encoder is trained. The current results were not 



recomputed after such a change, avoiding a post-hoc claim unsupported by the reported experiment. 
Manual-review triage is also incomplete, and cine-only data cannot support tissue, flow, or complex 
congenital conclusions. The next validation stage should attach the same audit layer to frozen high-
performing CMR encoders on common patient splits, compare full WEDD with the current quantile 
approximation, perform vendor-aware recalibration, complete expert QC adjudication, and 
prospectively test whether provenance, conflict, and abstention improve clinician decisions. These 
steps align the work with evidence that clinicians prioritize contextual clinical plausibility in XAI 
and with early-stage clinical-AI evaluation principles. 

6. Conclusion 

This study evaluated a transition-matrix and conflict-aware rule layer on 150 ACDC and 100 external 
M&Ms cases. The reported formal representation is a deterministic image mask descriptor baseline 
rather than a trained deep encoder, and the discretization stage uses frozen training tertiles rather 
than full WEDD. On held-out ACDC, mean SD-NRMSE was 0.767 ± 0.246; LVEF, RVEF, and LVEDV 
correlations were 0.863, 0.815, and 0.710. The measured-semantic comparator achieved 0.860 
accuracy and 0.861 macro-F1. The 200-rule layer provided 0.640 coverage, 0.360 abstention, 0.313 
conflict, and 0.644 non-abstained balanced accuracy, which restricts its present role to selective 
auditing. External SD-NRMSE increased 2.25-fold to 1.726 ± 1.177, and the rotation diagnostic 
exposed orientation sensitivity. Accordingly, the current evidence supports transparent failure-
aware auditing, not autonomous diagnosis or completed clinical validation. Future work should 
evaluate frozen deep encoders on common splits, implement and ablate full WEDD, canonicalize 
orientation and test rotation-aware training, complete expert adjudication, and assess the audit 
outputs prospectively with clinicians. 
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