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Abstract

The proliferation of post-hoc explanation methods in Explainable AI (XAI) has outpaced practitioners’ ability to
assess their reliability. We present a systematic comparative evaluation of eight post-hoc explanation method
families—SHAP (TreeExplainer, KernelSHAP, DeepSHAP), LIME, Permutation Importance, Partial Dependence
Plots (PDP), Accumulated Local Effects (ALE), Layer-Wise Relevance Propagation (LRP), GradCAM, and Counter-
factual Explanations—along six evaluation axes: fidelity, stability, computational cost, scope, model-agnosticity,
and causal interpretability. Experiments on tabular, image, and time-series datasets using ten models reveal
that no single method excels on all axes: SHAP TreeExplainer achieves highest fidelity (¢ = 0.98-0.99) and
deterministic reproducibility (tg = 1.00) for tree models, while LIME, LRP, GradCAM, and Counterfactual
explanations show important stability or fidelity limitations. We provide a decision framework with empirically
motivated benchmark qualification thresholds (¢ > 0.85, 7r > 0.90, 7 > 0.80), where we explicitly distinguish
benchmark qualification—meeting numerical thresholds in controlled experiments—from deployment qualification,
which additionally requires domain, human, and regulatory validation. We further propose semantic enrich-
ment of PEC qualification scores through knowledge graphs, ontology-based trust levels, and FAIR-compliant
explainability profiles—presented as a proposed architecture for the SAGE community.

Keywords
Explainable artificial intelligence, SHAP, LIME, permutation importance, explanation fidelity, explanation stability,
XAI benchmark qualification, knowledge graphs, semantic architectures

1. Introduction

Explainable AI (XAI) has become essential for responsible predictive modeling in high-stakes domains [1,
9, 33]. Practitioners face a fundamental question: which explanation method should they use, and can they
trust its output? Our systematic review of 301 XAl studies [4] indicates that over 98% apply explanations
without evaluating robustness or fidelity. While Formal XAI [21] provides mathematical guarantees,
these certify that an explanation describes model behavior—not that the model is correct—and do not
constitute deployment-level qualification thresholds. Only 3.2% of studies measure both fidelity and
stability [12], and explanation failures remain unaddressed [13]. This gap is not merely academic. In
healthcare, unreliable explanations can lead to incorrect clinical decisions [36, 34]. In finance, misleading
feature attributions can result in discriminatory lending practices [33, 37]. In cybersecurity, unstable
explanations can generate false alerts or miss genuine threats [35]. Rudin [44] has argued that for
high-stakes decisions, interpretable models should replace black boxes entirely; while we agree with
the spirit of this argument, the practical reality is that many domains will continue to use complex
models, making reliable post-hoc explanations essential.

This article addresses the evaluation gap through a systematic comparative evaluation. Contributions:
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A unified six-axis evaluation framework (fidelity, stability, cost, scope, agnosticity, causality);
Quantitative comparison of eight methods on tabular, image, and time-series benchmarks;
Identification of specific failure modes with empirical evidence;

A decision framework with empirically motivated benchmark qualification thresholds;

Multi-method triangulation thresholds (¢ > 0.85, 7r > 0.90, 7,; > 0.80)—necessary but not
sufficient for deployment;

A

6. Semantic enrichment of PEC qualification scores through KGs, ontology-based trust levels, and
FAIR profiles—proposed architecture, implementation as future work.

The remainder of this article is organized as follows. Section 2 reviews related work. Section 3
presents our evaluation framework and benchmark setup. Sections 4-9 detail results for each method.
Section 10 provides the comparative synthesis with benchmark qualification thresholds and a decision
framework. Section 11 proposes semantic enrichment. Section 12 discusses limitations. Section 13
concludes.

Terminology. We distinguish four trust levels: (1) benchmark-qualified—meets numerical thresh-
olds in controlled experiments; (2) method-qualified—validated across datasets and model families;
(3) deployment-qualified—validated in a domain with experts; (4) regulatorily certified—meets le-
gal/regulatory requirements. Our results support level (1) only; deployment qualification and regulatory
certification require additional domain-specific, human-centered, and legal validation beyond the scope
of this paper.

2. Related Work

2.1. XAl Taxonomy and Comparative Studies

Barredo Arrieta et al. [1] provided the foundational XAI taxonomy distinguishing interpretability
(intrinsic) from explainability (post-hoc), recently extended into “XAI 2.0” [7] identifying open chal-
lenges including benchmark qualification. Doshi-Velez and Kim [8] proposed three evaluation levels
(functionally-grounded, human-grounded, application-grounded); Holzinger et al. [9] introduced the
System Causability Scale for medical AL. Murdoch et al. [38] unified interpretability definitions, pro-
viding a conceptual framework that our six-axis evaluation operationalizes quantitatively. The most
relevant benchmark is Bodria et al. [11], who found no single method dominates on all evaluation
axes—a finding our six-axis framework confirms and extends with benchmark qualification thresholds.

2.2. Evaluation, Robustness, and Failure Modes

Adebayo et al. [14] demonstrated that gradient-based explanations fail basic sanity checks. Molnar
et al. [15] identified pitfalls of permutation importance with correlated features. Garuba et al. [16]
documented LIME’s coefficient of variation exceeding 30% while SHAP TreeExplainer achieves perfect
consistency. Nauta et al. [12] found only 3.2% of 300+ studies measure both fidelity and stability.
Lertvittayakumjorn and Toni [13] provided a typology of explanation failures.

2.3. Method Foundations and Benchmark Qualification

Lundberg et al. [17] introduced TreeExplainer for exact computation on tree models. Aas et al. [18]
improved KernelSHAP for dependent features. Karimi et al. [19] surveyed algorithmic recourse, find-
ing that most methods lack causal validity. Guidotti et al. [20] identified the Rashomon effect for
counterfactuals.

Formal XAI. Marques-Silva and Ignatiev [21] established Formal XAI for provably sound expla-
nations. Bassan and Katz [22] extended this to neural networks via formal verification. The VerT
framework [23] and SCA algorithm [24] provide verifiable attributions and probabilistic stability guar-
antees, respectively. However, none proposes the quantitative benchmark qualification thresholds



Table 1
Benchmark datasets with experimental details. Bal. = Majority-class %. Sources: UCI, CIFAR-10, ISIC 2019,
PhysioNet 2012, UCI Electricity.

Type Dataset n P Split Bal. Seed
Adult Cen- 48,842 14 80/20 76% 42
Tab. sus
German 1,000 20 80/20 70% 42
Credit
California 20,640 8 80/20 N/A 42
Hsg.

CIFAR-10 60,000 3x322 83/17 10% 42

Image \cic 2019 25331 3x2242 80/20 67% 42

PhysioNet 40,336 40 70/30 86% 42

T -
5 Electricity 2,000 12 80/20 58% 42

(¢ > 0.85, Tr > 0.90) needed for high-stakes deployment. The NIST AI RMF [39], FUTURE-AI
consortium [40], and Liao et al. [41] provide complementary guidelines but lack quantitative thresholds.

3. Evaluation Framework and Experimental Setup

3.1. Six-Axis Evaluation

Fidelity (¢y): Agreement between explanation’s top-k ranking and ablation-based reference ranking:

¢k(€7 f) _ |t0p-k(§) r]gtop-k(f” (1)

A

where top-k(f) is derived from univariate ablation, k = 5. Important caveat: We use “ablation-based
reference ranking” rather than “ground truth,” because univariate ablation captures marginal importance
but not feature interactions. ¢ can be low either because the explanation is poor or because the ablation
reference is incomplete (see Section 12).

Stability (7r): Consistency via Kendall’s 7 across 50 bootstrap resamples. Note: TreeExplainer’s
Tr = 1.00 reflects deterministic reproducibility (same input — same output), not robustness to input
perturbations. A deterministic method can consistently produce the same explanation while that
explanation is systematically incomplete.

The four qualitative axes complement the quantitative metrics: Computational Cost measures
wall-clock time per explanation; Scope distinguishes global from local methods; Model-Agnosticity
indicates whether a method requires access to model internals; and Causal Interpretability assesses
whether explanations reflect true cause-effect relationships.

3.2. Benchmark Datasets

Preprocessing: Tabular: one-hot encoding, z-score, median imputation. Image: resize, ImageNet
normalization, augmentation (p = 0.5). Time-series: padded to 48 steps, per-channel standardization,
5-fold stratified CV.

Models: 10 models across three families: Interpretable (Logistic/Ridge Regression, Decision Tree,
EBM [10]); Ensemble (Random Forest, XGBoost, LightGBM, CatBoost); Deep (MLP, CNN/ResNet-18,
LSTM). Scope limitation: Image experiments use ResNet-18 only; conclusions about neural methods
should not be over-generalized.

Protocol: 50 runs per method, Wilcoxon signed-rank with Bonferroni correction. Code: https://
github.com/pec-framework/xai-benchmark. Data: https://doi.org/10.5281/zenodo.20546322 [46]. Demo:
https://xai-benchmark-article.streamlit.app/.
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Table 2
SHAP evaluation results (mean £ SD over 50 resamples).

Variant Family Fidelity Stability Time (s)
TreeExplainer  Tree 0.98-0.99 1.00* 0.3-0.8
KernelSHAP Any 0.76-0.88  0.71-0.85 45-280

DeepSHAP Neural ~ 0.69-0.74  0.62-0.68 8-15

*Deterministic reproducibility, not input-perturbation robustness.

Table 3
LIME evaluation results (mean &+ SD over 50 resamples).

Data Model  Fidelity Stability Time (s)

Tabular Ridge 0.78 0.68 0.12
Tabular XGBoost 0.72 0.58 0.15
Tabular MLP 0.65 0.45 0.18
Image CNN 0.58 0.39 0.52
Time- LSTM 0.63 0.47 0.22
series

4. SHAP (SHapley Additive exPlanations)

SHAP [2] assigns each feature an importance value based on Shapley values from cooperative game
theory:

SN(|F| = |S] = 1)!
¢ = Z IS "}-", b [fSu{j}(XSU{j})_fS(XS) (2)
SCFA\{5} '

SHAP satisfies three axioms: local accuracy, missingness, and consistency. TreeExplainer provides
exact polynomial-time computation for tree models (O(T LD?) complexity), eliminating sampling
variance entirely. KernelSHAP approximates Shapley values for any model using weighted linear
regression (O(mp?) per instance). DeepSHAP combines DeepLift’s propagation rules with Shapley
aggregation for neural networks, but the theoretical guarantees of exact Shapley values do not hold.
Failure modes: (1) Contribution # causation—Shapley values quantify marginal contribution, not
causal effect [31]; (2) Correlated features destabilize KernelSHAP allocations when |corr| > 0.7, with
attribution variance increasing by up to 40%; (3) Background data choice affects absolute SHAP values
significantly, though relative rankings remain more stable; (4) DeepSHAP lacks theoretical Shapley
guarantees, as the composition of DeepLift propagation rules does not satisfy the Shapley axioms.

5. LIME (Local Interpretable Model-agnostic Explanations)

LIME [3] explains a prediction f (x) by approximating f locally with an interpretable model g € G:
§(x) = argmin £(f, g, mx) + Q(9) 3)

where £ measures approximation error in the locality defined by 7k, and €2 penalizes model com-
plexity. LIME achieves moderate fidelity on tabular data with interpretable models (0.78 for Ridge)
but significantly lower for complex models (0.58 for CNN). Stability is consistently the lowest among
all methods, with coefficients of variation exceeding 30% for feature rankings. Fidelity ¢=0.58-0.78;
stability 77,=0.39-0.68 (lowest); top-5 features change in 43% of runs.

Failure modes: (1) Instability—top-5 features change in 43% of runs on Adult Census with XGBoost;
(2) Locality violation—the linear surrogate often has R? < 0.5, indicating the local approximation is
poor; (3) Out-of-distribution perturbations create unrealistic samples, especially for categorical features;
(4) Feature selection randomness across runs due to sampling variability.



Table 4
PDP vs. ALE on correlated features (mean + 95% Cl).

Measure PDP ALE

Fidelity (all features)  0.68  0.79
Fidelity (Jcorr| > 0.5) 0.55 0.83
Fidelity (corr] > 0.7)  0.42  0.81
Stability 097  0.96
Cost per feature (s) 0.3 0.4

6. Permutation Importance

Permutation Importance [28] measures the increase in prediction error when feature j’s values are
randomly permuted: . .
I; = E[L(Y, f(x™))] — E[L(Y, f(x))] )

It achieves the highest stability (7r=0.91-0.98) among model-agnostic methods and lowest cost
(0.01-0.1s per instance). Fidelity ¢=0.70-0.88.

Failure modes: (1) Correlated features inflate importance—permuting one feature creates unrealistic
data points when features are correlated, artificially inflating the importance of both the permuted
feature and its correlates; (2) Global only—no instance-level explanations; (3) No interaction effects
captured; (4) High variance at small n—Strobl et al. [32] recommend conditional permutation for
correlated features.

7. Partial Dependence Plots and Accumulated Local Effects

PDP [29] visualizes the marginal effect of feature j:

n

PD;(z) = % > flx) (5)

i=1

PDP assumes feature independence—it marginalizes over the marginal distribution of features, which
creates unrealistic data points when features are correlated. This produces misleading results when
correlations exceed |corr| > 0.5. Stability 77=0.95-0.99 (nearly deterministic).

ALE [30] addresses PDP’s correlation bias by computing local differences:

x
ALE)(0) = | EOF(X,. X-5)|X; = 2)ds ©
Trmin
Fidelity ¢=0.68-0.85, consistently higher than PDP when features are correlated.

PDP achieves ¢=0.55-0.75 and 73=0.95-0.99 (nearly deterministic), but produces misleading results
when feature correlations exceed |corr| > 0.5. ALE achieves ¢=0.68-0.85 and 72=0.92-0.99, consistently
superior for correlated features (Table 4). We recommend ALE over PDP whenever feature correlations
exceed |0.3|. Shared failure modes: (1) Both are global—no instance-level explanations; (2) Second-
order effects unreliable for n < 500; (3) Neither provides feature importance rankings.

8. Layer-Wise Relevance Propagation and GradCAM

LRP [25] decomposes a neural network output by propagating relevance backward through layers,
satisfying >, R; = f(x). Different propagation rules (e-rule, y-rule, 2T -rule) produce different
explanations. Fidelity ¢=0.55-0.72; stability 7r=0.58-0.81; different rules disagree on 35-60% of top-5
features.



GradCAM [26] uses gradient information flowing into the final convolutional layer:

C
LS, qcan = ReLU (Z af - A’“) ,af = % Z Z gjk (7)
k i ij

Fidelity ¢=0.45-0.65 (lowest among all methods); stability 77=0.52-0.74. Adebayo et al. [14] demon-
strated that gradient-based explanations fail basic sanity checks: after random weight randomization,
GradCAM'’s correlation with the original explanation is 7=0.67 (CIFAR-10) and r=0.58 (ISIC).

Scope limitation: Results based on ResNet-18 and one LSTM; conclusions about neural methods should
not be over-generalized without broader evaluation.

9. Counterfactual Explanations

A counterfactual explanation identifies the minimal change ¢ to input x that alters the prediction:
0" = argmin||ofo + Aol st fx+08) # f(x) (8)

Fidelity ¢=0.40-0.70 (actionability); stability 77r=0.35-0.65 (lowest); cost 0.5-5s per instance.

Failure modes: (1) Non-uniqueness—multiple counterfactuals can exist for the same prediction
(Rashomon effect [20, 27]), making it unclear which one to present; (2) Plausibility issues—the minimal
change may produce unrealistic or infeasible data points; (3) Causal insensitivity—without structural
causal models, counterfactuals may suggest changes that are impossible in the real world [19].

10. Comparative Synthesis

Having examined each method family individually, we now synthesize the results across all eight families
and six evaluation axes. This section provides a unified quantitative comparison, visual synthesis, five
key findings, benchmark qualification thresholds with derivation rationale, multi-method triangulation,
and a decision framework for practitioners.

10.1. Quantitative Summary

Table 5 presents the comprehensive comparative evaluation across all eight method families and ten
models, reporting best—worst ranges for fidelity (¢), stability (7r), computational cost, scope, model-
agnosticity, causal interpretability, and benchmark qualification status. The results confirm that no
single method excels on all axes simultaneously, and that the gap between top-tier and lower-tier
methods is substantial.

10.2. Visual Synthesis

Figures 1-3 provide complementary visual perspectives on the comparative results. The radar chart
(Figure 1) reveals the multi-axis trade-offs: TreeExplainer dominates fidelity and stability but is restricted
to tree models; LIME and Counterfactual explanations span the opposite end with high agnosticity but
low reliability. The fidelity and stability bar charts (Figures 2 and 3) highlight the performance tiers and
the position of each method relative to the benchmark qualification thresholds (¢ > 0.85, 7g > 0.90).

10.3. Five Key Findings

Finding 1: No single method excels on all axes. SHAP TreeExplainer achieves the highest fidelity
and stability for tree models but is not model-agnostic. LIME is the most flexible but the least stable.
This fundamental trade-off motivates multi-method triangulation.

Finding 2: Stability varies dramatically. The gap between the most stable (TreeExplainer, Tp =
1.0) and least stable (Counterfactual, 7r = 0.35) spans nearly a factor of 3.



Table 5
Comparative evaluation (best-worst across datasets; 95% Cl £0.02-0.05 for ¢, 0.01-0.03 for 7). BQ =
Benchmark Qualified (¢ > 0.85, 7 > 0.90): necessary but not sufficient for deployment.

Method Fidelity Stability Cost(s) Scope Agnostic Causal BQ?
TreeExplainer 0.98-0.99 1.00* 0.3-0.8 Both Nof No Yes
KernelSHAP 0.76-0.88  0.71-0.85  45-280 Both Yes No Limited
DeepSHAP 0.69-0.74  0.62-0.68 8-15 Both No No No
LIME 0.58-0.78 0.39-0.68  0.1-0.5 Local Yes No No
Perm. Imp. 0.70-0.88 0.91-0.98 0.01-0.1 Global Yes No Partial
PDP 0.55-0.75  0.95-0.99 0.1-1 Global Yes No Limited
ALE 0.68-0.85 0.92-0.99 0.1-0.4  Global Yes No Limited
LRP 0.55-0.72  0.58-0.81 0.1-0.5 Local No No No
GradCAM 0.45-0.65 0.52-0.74 0.01-0.1  Local No No No
Counterfactual  0.40-0.70  0.35-0.65 0.5-5 Local Yes Partial No

*Deterministic reproducibility. TSupports RF, XGB, LGBM, CatBoost.

TreeExplainer
KernelSHAP
LIME

Perm. Imp.
PDP

ALE

LRP

GradCAM

Six-Axis Evaluation of Post-Hoc Explanation Methods

SEREERE

Agnosticity

Figure 1: Six-axis radar comparison. TreeExplainer dominates fidelity and stability but is not model-agnostic.

Finding 3: Correlated features plague multiple methods. PDP, Permutation Importance, and
KernelSHAP all produce unreliable explanations when feature correlations exceed |corr| > 0.5.

Finding 4: Neural methods show low benchmark qualification. On ResNet-18, LRP and
GradCAM achieve fidelity < 0.72 and stability < 0.82. GradCAM fails basic sanity checks. However,
this finding is limited to the architectures tested.

Finding 5: No method provides causal explanations. Shapley values quantify contribution, not
causation. Counterfactual methods come closest but require structural causal models rarely available in
practice.



Fidelity Scores Across Post-Hoc Methods
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Figure 2: Fidelity scores. Green dashed line = benchmark qualification threshold (¢ > 0.85).

Stability Scores Across Post-Hoc Methods
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Figure 3: Stability scores (Kendall 7). Green dashed line = benchmark threshold (77 > 0.90).

10.4. Benchmark Qualification Thresholds: Derivation and Rationale

We propose empirically motivated thresholds: ¢ > 0.85, 7p > 0.90, 7y > 0.80.

Derivation rationale. These thresholds are empirically motivated, not theoretically derived, based on
three considerations: (1) Performance gap analysis: Methods cluster into tiers; TreeExplainer (¢=0.98—
0.99) and PI (¢=0.88—-0.98) consistently outperform others; the gap to the next tier is >0.10 in fidelity and
>0.06 in stability. The threshold ¢ > 0.85 separates the top tier from methods with substantial fidelity
degradation, while 7 > 0.90 excludes methods with notable instability. (2) Practical significance:
¢ = 0.85 means >4/5 top-ranked features agree with the ablation reference—a minimum for practical
reliance on explanations. 7r = 0.90 means >90% reproducibility. (3) Literature alignment: The fidelity
threshold aligns with “substantial agreement” in feature selection stability literature [12] and reliability
analysis conventions.

Important caveats. (a) These thresholds are not universal constants; they should be calibrated
for specific domains: medical applications may require ¢ > 0.95, while exploratory analysis may
tolerate ¢ > 0.75. (b) The ablation-based reference for fidelity has known limitations (Section 12).
(c) Meeting these thresholds constitutes benchmark qualification—a necessary but not sufficient condition
for deployment in high-stakes settings.



Decision Framework: Method Selection by Application Context

Tabular +
Tree Models

TreeExplainer

Tabular +
Any Model

Image GradCAM + Occlusion
Data

Time-Series KernelSHAP + ALE
Data

High-Stakes

(Certification) Triangulation (=3 methods)

Figure 4: Decision framework. Green: benchmark-qualified (¢ > 0.85, Tr > 0.90); yellow: caution; red: not BQ.

10.5. Multi-Method Triangulation

We propose triangulation as a reliability strategy: for each instance, generate explanations &7, &2, &3
from three independent methods and compute:

1
Tiri = 5(712-1-7234—713) ©)

On our benchmarks, triangulation (TreeExplainer + LIME + Permutation Importance) achieves 1i; > 0.8
for 71% of instances. The 29% with 7, < 0.5 correspond to boundary cases with highly nonlinear
decision boundaries. Important caveat: Method agreement does not guarantee correctness [15].
Methods can agree for wrong reasons—for example, multiple methods may agree on feature rankings
because they are all influenced by the same correlation structures. Triangulation is a necessary but not
sufficient reliability check. For high-stakes decisions, complement with domain expert review, causal
analysis, and regulatory compliance.

10.6. Decision Framework for Method Selection
Based on our evaluation:

+ Tabular data + tree models: Use TreeExplainer (exact, stable, benchmark-qualified). Supplement
with Permutation Importance for global overview and ALE for effect visualization.

« Tabular data + any model: Use KernelSHAP for local explanations, ALE for global effects,
Permutation Importance for quick rankings. Verify stability with 50+ bootstrap runs.

+ Image data: GradCAM provides visual intuition but must be cross-validated. Do not use as the
sole explanation method.

« Time-series data: KernelSHAP with time-aware perturbations for local explanations, ALE for
feature effects over time.

« High-stakes decisions: Multi-method triangulation is mandatory. Use at least SHAP + LIME +
Permutation Importance. Flag instances with 7, < 0.5 as uncertain. Full deployment qualification
requires domain review and regulatory compliance.

Only TreeExplainer and Permutation Importance (with ALE for visualization) currently meet bench-
mark qualification thresholds for tabular data with tree models. From benchmark qualification
to deployment qualification: meeting these thresholds indicates faithful and stable outputs under
controlled conditions. Deployment in high-stakes settings requires: (a) domain expert evaluation;
(b) human studies; (c) regulatory compliance; (d) ongoing monitoring,.

11. Toward Semantic XAl Qualification

This section proposes semantic enrichment of PEC qualification—connecting quantitative evaluation
to SAGE 2026 themes of governed and explainable semantic architectures. The core idea is that



raw numerical scores, while necessary, are insufficient for trust decisions in high-stakes domains.
Knowledge graphs provide structured, semantically rich, and interoperable representations that can
support automated reasoning, provenance tracking, and regulatory compliance.

PEC trust scores 77 € [0,1] can be mapped to semantic trust levels via the PEC On-
tology (PEC-O). PEC-O defines seven core classes (ExplanationMethod, ModelFamily,
DatasetType, BenchmarkResult, TrustLevel, QualificationGrade, ValidationProtocol)
and six object/datatype properties (hasFidelity, hasStability, hasTrustScore,
hasQualificationGrade, evaluatedOn, validatedBy). Three qualification grades are encoded
as OWL classes: pec:GradeA (rr > 0.90, benchmark-qualified), pec:GradeB (0.80 < 7 < 0.90,
conditionally qualified), pec:GradecC (7r < 0.80, not qualified).

SHACL validation enforces these grades:

pec:GradeAShape a sh:NodeShape ;
sh:targetClass pec:BenchmarkResult ;
sh:property [ sh:path pec:hasFidelity ;
sh:minInclusive 0.85 ] ;
sh:property [ sh:path pec:hasStability ;
sh:minInclusive 0.90 ]

RDF representation of a benchmark qualification result:

pec:TreeExplainer-RF-XGBenchmark
pec:hasFidelity "0.98"AAxsd:float ;
pec:hasStability "1.00"AAxsd:float ;
pec:hasTrustScore "0.99"AAxsd:float ;
pec:hasQualificationGrade pec:GradeA ;
pec:evaluatedOn pec:TabularDataset ;
prov:wasDerivedFrom pec:BenchmarkDataset ;
dct:source <https://doi.org/10.5281/zenodo.20546322>

This enables: (1) SPARQL queries across XAI qualification results; (2) provenance tracking via
W3C PROV [42]; (3) interoperability using PEC-O; (4) automated SHACL validation. FAIR-compliant
profiles [43] ensure Findable, Accessible, Interoperable, and Reusable qualification reports.

Implementation status: PEC-O and SHACL are proposed as architecture; full OWL implementa-
tion, SPARQL endpoint deployment, and evaluation with domain experts are planned as future work.
The proposed architecture aligns with the SAGE 2026 themes of governed and explainable semantic
architectures, enabling automated compliance checking against qualification thresholds.

12. Limitations and Scope

(1) Ablation reference is not ground truth. Univariate ablation captures marginal importance, not
interactions. ¢ is a reference agreement metric, not absolute correctness.

(2) Benchmark qualification # deployment qualification. Our thresholds indicate controlled-
experiment performance. Deployment requires: (a) domain expert validation; (b) human studies;
(c) regulatory compliance; (d) ongoing monitoring. We deliberately use “benchmark qualification”
rather than “certification” to avoid overstating scope.

(3) Thresholds are empirically motivated. Based on gap analysis, practical significance, and
literature alignment—not theoretical derivation. Require domain-specific calibration.

(4) Limited architecture coverage. Image: ResNet-18 only. Neural method conclusions should not
be over-generalized without broader evaluation.

(5) Triangulation agreement # correctness. Methods can agree for wrong reasons (e.g., shared
sensitivity to correlation structures).

(6) PEC-O and SHACL are proposed, not evaluated. Full implementation and validation planned
as future work.



13. Conclusion

No single method provides faithful, stable, efficient, and causal explanations. TreeExplainer is most
benchmark-qualified for tree models (¢=0.98-0.99, Tr=1.0), but its guarantees do not extend to other
architectures. LIME is too unstable for standalone benchmark qualification (75=0.39-0.68). Neural
methods (LRP, GradCAM) show low benchmark qualification in our experiments (¢ < 0.72, 7p < 0.82),
though this finding is limited to the architectures tested. PDP and Permutation Importance produce
misleading results with correlated features, while ALE provides a principled correction. Multi-method
triangulation is necessary but not sufficient. Benchmark qualification thresholds (¢ > 0.85, 7 > 0.90)
provide a necessary minimum; deployment requires additional validation. PEC qualification can be
semantically enriched through knowledge graphs, OWL trust levels, and FAIR profiles.

Three practical implications follow. First, practitioners should never rely on a single explanation
method for high-stakes decisions. Second, XAI benchmark qualification must set minimum thresholds
(¢ > 0.85, Tr > 0.90). Third, causally grounded explanation methods remain an urgent open problem.

Future work: (1) Extend to Transformers, GNNs; (2) develop and evaluate PEC-O; (3) human-
grounded evaluation; (4) SPARQL endpoint; (5) causal grounding. The PEC framework has been
operationalized for food security [5], validated across three domains [6], and extended with formal
auditing [45].
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