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IF:

t ∈ [04..06]  is MID-LOW   (Val: -1.7 to  0.5)

t ∈ [10..11]  is LOW              (Val: -2.2 to -1.1)

t ∈ [22..30]  is MID-HIGH  (Val:  0.2 to  1.4)

THEN:

Class = ”0"

Counterfactual: 

closest example 

violating the rule

Beyond Heatmaps: Visualizing Decisions 

in Time Series with Interval Rules 

and Verifiable Counterfactuals



The Gap: 

Local post-hoc XAI vs. Time Series Reality

The Drawbacks of Explanations

Abstract Heatmaps: Show where the model looks, 
but fail to specify what signal values are needed.

The Disagreement Problem: Strong temporal 

autocorrelation (SHAP, LIME) or sparsity optimisation  
(Anchor) causes explainers to conflict.

Domain Disconnect: Domain experts require 

structural shape constraints, not abstract 

importance scores.

What Experts Actually Need

Symbolic Translation: Semi-factual intervals defining 
explicit, stable bounds (Solution: Post-hoc Attribution 

Rules).

Rule Consensus: Formal ambiguity resolution 

mechanisms to filter noise and resolve contradictions 
(Solution: Rule fusion).

"What-If" scenarios:  Support for expert-in-the-loop 

curation (Solution: Verifiable Counterfactuals).



PHAR: Post-hoc Attribution Rules 

for Time Series 
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M. Mozolewski, S. Bobek, and G. J. Nalepa, "Time Series Explainability with Post-hoc 
Attribution Rules, Semi-Factual Intervals and Verifiable Counterfactuals" (2026). 



PHAR: Translating Attributions 

into Semi-Factual Intervals

a

1. // Define Explanation Multisets (across training data)
E   = { |en,f| for all instances n, features f }
Ef = { |en,f| for all instances n, specific feature f }

2. // Feature Selection
IF δ is True:

T = Percentile(E, p)
Select important features F* where |ef| ≥ T

ELSE:
For each f: Tf = Percentile(Ef, p)
Select important features F* where |ef| ≥ Tf

3. // Joint Perturbation & Sampling
FOR 1 to Np:

For each f ∈ F*: 
Sample x'f ~ Uniform(xf - σp * stdf, xf + σp * stdf)

Evaluate model prediction for perturbed sample x'

4. // Interval Derivation
Find stable bounds (lf, uf] for all f ∈ F* preserving
prediction y^

5. // Rule Quality Evaluation
Evaluate bounds on the rule extraction set:
COV  = % of instances satisfying the rule bounds
CONF = % of covered instances matching prediction y^

6. RETURN Rule Rn:
IF:   ⋀{f ∈ F*} : xf ∈ (lf, uf]

THEN: Class = y^ , (CONF, COV)

Algorithm: PHAR Extraction

Inputs: 
x    : Input instance
y^   : Original model prediction for x
e    : Numeric feature attributions 

(e.g., local SHAP/LIME values)
stdf : standard deviations of features in train set

Hyperparameters (tuned via Bayesian optimization):
p   : Percentile threshold
δ   : Boolean flag (Global vs. Local thresholding)
σp : Perturbation scale
Np : Number of perturbation samples

M. Mozolewski, S. Bobek, and G. J. Nalepa, "Time Series Explainability with Post-hoc 
Attribution Rules, Semi-Factual Intervals and Verifiable Counterfactuals" (2026). 



PHAR: Resolving the Rashomon Effect 

via Formal Rule Fusion

b

Algorithm: Rule Fusion Across Explainers

Inputs: 
xi : Input instance
RM : Set of candidate rules for xi from explainers M 

(e.g., {SHAP, LIME, Anchor})
S   : Fusion Strategy (Intersection, Union, Weighted, 

Lasso/ Lasso Global, Best)

1. // Feature Selection & Interval Aggregation
MATCH Strategy S:

CASE 'Best':
RETURN single rule R ∈ RM maximizing metric (e.g., CONF)

CASE 'Intersection':
Ffused = Features present in ALL candidate rules
Boundsf = [ max(lf), min(uf) ] for each f ∈ Ffused

CASE 'Union':
Ffused = Features present in ANY candidate rule
Boundsf = [ min(lf), max(uf) ] for each f ∈ Ffused

CASE 'Weighted':
Ffused = Features where weighted presence > threshold τ
Boundsf = [ min(lf), max(uf) ] for each f ∈ Ffused

CASE 'Lasso' (Local / Global):
// Local: fits only xi. Global: fits ALL instances.
Encode rule conditions as binary matrix Z
Solve sparse regression: min ||y - Zβ||2 + λ|β|
Ffused = Retain cond. where β !≈0 (intervals merged by union)

2. // Construct Fused Rule (if S is not 'Best')
Rfused: ⋀{f ∈ Ffused} : xf ∈ Boundsf (l, u]

3. // Rule Quality Re-Evaluation
Evaluate Rfused on the rule extraction set :
COV  = % of instances satisfying Rfused bounds
CONF = % of covered instances matching original prediction y^

4. RETURN Fused Rule (with CONF, COV)

M. Mozolewski, S. Bobek, and G. J. Nalepa, "Time Series Explainability with Post-hoc 
Attribution Rules, Semi-Factual Intervals and Verifiable Counterfactuals" (2026). 



PHAR: Local Interval Rules 
and Visualisations
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M. Mozolewski, S. Bobek, and G. J. Nalepa, "Time Series Explainability with Post-hoc 
Attribution Rules, Semi-Factual Intervals and Verifiable Counterfactuals" (2026). 



Verification with Counterfactuals

2

SHAP-2-rule

LIME-2-rule

Anchor

Dataset: ECG200 (univariate), sample 21

Anchor + SHAP-2-rule + LIME-2-rule, fusion = best

with counterfactual sample

M. Mozolewski, S. Bobek, and G. J. Nalepa, "Time Series Explainability with Post-hoc 
Attribution Rules, Semi-Factual Intervals and Verifiable Counterfactuals" (2026). 



Quantitative Evaluation: 

The Sparsity vs. Shape Trade-off
a

Experimental Setup: Evaluated on 43 diverse TS datasets (UCR/UEA) 

using Deep ConvLSTM1D classifiers.

Base Score: Maximizes the trade-off between rule precision (Confidence) 

and generality (Coverage). 

Penalty Constraints: Soft constraints explicitly reject low-quality or overly 

complex logic. 

Optimisation of PHAR extraction

M. Mozolewski, S. Bobek, and G. J. Nalepa, "Time Series Explainability with Post-hoc Attribution Rules, Semi-Factual 
Intervals and Verifiable Counterfactuals" (2026). 

High Fidelity: SHAP-derived interval rules achieved a median CONF of 94%, 

outperforming both native Anchor (87%) and LIME-derived (87%).

Sparsity:

- Anchor yields very sparse rules (median 2.0 features) and relies 

on one-sided bounds. 

- SHAP (median 4.5) and LIME (median 5.4) use more features to create 

precise interval bounds (lf, uf], better specifying temporal segments.



Quantitative Evaluation: The Sparsity vs. 

Shape Trade-off

b

M. Mozolewski, S. Bobek, and G. J. Nalepa, "Time Series Explainability with Post-hoc Attribution Rules, Semi-Factual 
Intervals and Verifiable Counterfactuals" (2026). 

The Rashomon Effect: Different explainers yield conflicting valid 

boundaries. Naively aggregating them (Union) captures shape but causes 

severe rule bloating (median 42.6 features), destroying interpretability.

Fusion strategies: Lasso, Weighted, Best consistently top 

the non-parametric evaluation (Friedman & Nemenyi post-hoc tests).

The "Best" Strategy: Simply selecting the top-performing rule per instance 

achieves the highest median Confidence (97%), with low sparsity (median 

26.0 features).

The Lasso (Local): maintains high fidelity (median Confidence: 94%) 

and Coverage (12%) while keeping cognitive load manageable 

at a median of 6.0 features per rule.



The Gap: 
From Local Explanations to Deployable 
Surrogates

The Drawbacks of Local Extractors

Fragmented Logic: Local extractors provide isolated 

explanations, lacking a cohesive global overview.

Inference-Time Conflicts: Post-hoc rules are 
not true surrogates; they frequently overlap and 

contradict each other on new data.

Explainer Lock-in: Relying on a single induction 

method limits flexibility and yields suboptimal 

boundaries.

The Open-Box Solution

Global Glass-Box: Aggregating instance-level rules 

into a unified, auditable surrogate (Solution: Open-

Box).

Explicit Resolution: Inference-time mechanisms to 
systematically determine the final prediction 

(Solution: Resolution Modes).

Agnostic Integration: Seamlessly importing logic 

from diverse SOTA sources like PHAR, LUX, or Anchor 

(Solution: Modular Architecture).



Open-Box: Explainer-Agnostic 

Global Surrogate
Inference-Time Resolution Modes

• Resolves overlapping rules on unseen data via explicit resolution 

policies (Score-based Selectors; Geometric Selectors; Voting).

M. Mozolewski, S. Bobek, and G. J. Nalepa, "Open-Box: Extracting Interpretable 
Rules from any classifiers” (2026),  Submitted to IEEE Access. 

Open-Box

• Aggregates local rules (PHAR, LUX, Anchor, ...) into Global Surrogate.

• Resolves overlapping rules on unseen data via explicit inference 

policies (e.g., highest confidence).



Evaluation: OpenML Benchmarks 

& Industrial Case Study
Coal Mine Case Study (9 classes)

• Expert Rules: 61.5% accuracy, Black-Box (LightGBM): 88.4% accuracy.

• Local Extractors (Accuracy): 

● LUX: 87.8% (with linear formulas e.g., A < B*c1 + c2) 

● PHAR: 83.3%     ● Anchor: 82.7%    ● EXPLAN: 51.1%    ● LORE: 48.5%

• Open-Box Surrogate (LIME-based): 88.0%.

• Result: Extracted tacit domain knowledge experts missed.

OpenML

• Experimental Setup: 37 curated datasets. Strict 60/30/10 data split (Training / 

Rule Extraction / Hold-out evaluation).

• Model Baselines: Compared canonical white-boxes (Decision Tree, Logistic 

Regression, k-NN) against black-boxes (LightGBM, MLP, Random Forest, 

FlowVectorClassifier).

• Results: The surrogate achieved near-saturated coverage 99%) and high 

covered accuracy (90%) on the unseen hold-out sets. 

• Geometric Selectors should be used for models of high Accuracy. 

The "White-Box" Illusion

M. Mozolewski, S. Bobek, and G. J. Nalepa, "Open-Box: Extracting Interpretable Rules from any 
classifiers” (2026),  Submitted to IEEE Access. 



The Gap: 
Standard Counterfactuals vs. Clinical Reality

The Drawbacks of Standard CFs 

in Healthcare

Physiological Unreality: Standard counterfactuals 

apply dense, global changes, creating unrealistic and 

clinically implausible signals.

Temporal Misalignment: Explanations often ignore 

the natural rhythms of biological signals, leading to 

mismatched phases (e.g., broken heartbeats).

Clinical Disconnect: Abstract, slow-to-generate 

perturbations fail to support rapid, expert-driven 
medical diagnosis.

The Sparse ECG Solution

Targeted Sparsity: Modifying only critical segments 

guided by SHAP-derived interval rules to preserve 

natural morphology (Solution: Sparse 

Counterfactuals).

Physiological Alignment: Using DTW clustering to 
extract real prototypes and strictly align them to the 

patient's R-peaks (Solution: Prototype Alignment).

Actionable & Fast: Near real-time (< 1s) generation of 

physiologically valid scenarios designed for 

interactive clinical platforms (Solution: Expert-

Informed Design).



Sparse ECG Counterfactuals

CF: CD -> HYP
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• PTB-XL: 12-lead ECG, 5 diagnostic classes: NORM, MI, STTC, CD, HYP.

• Validity: 81.3% overall success in flipping predictions (98.9% for MI).

• Stability: Temporal stability (robustness to small time shifts) improved 

by 43% vs. unaligned prototypes (0.5304 vs 0.7593).

• Speed: Pre-computed prototypes enable real-time generation

(< 1 second).

• Expert Validation: Cardiology experts provided positive initial feedback 

on clarity, readability, and reduced cognitive load.

Step A: PHAR: Interval rules to identify the most critical ECG segments.

Step B: DTW & Prototypes: Extracts real-patient medoids as class prototypes 

via Dynamic Time Warping (DTW) distances and Multi-Dimensional Scaling 

(MDS) clustering.

For a new query:

Step C: R-peak Alignment: Temporally warps the prototype to match the query 

ECG’s exact cardiac rhythm.

Step D: Sparsity Optimization: Iteratively swaps minimal critical segments 

(highlighted by SHAP) towards the prototype to successfully flip the prediction.

1

A

B
C D

PHAR Sample 2157, led I



The Gap: 
Abstract Attributions vs. Anatomical Reality

The Drawbacks of Current ECG XAI

Abstract Localization: Standard 12-lead heatmaps 
highlight abstract waveform fluctuations, forcing 

clinicians to mentally map them to physical heart 

structures.

Spatial Model Degradation: Training models directly 

on 3D spatial data (CineECG) degrades predictive 
accuracy and yields incoherent, noisy explanations.

Attribution Instability: Gradient-based temporal 

heatmaps frequently collapse (e.g., at the isoelectric 

line) or fade across low-amplitude features.

The Cross-Modal Solution

Anatomical Projection: Projecting 1D feature 
importance directly onto the 3D CineECG ventricular 

model for intuitive spatial reasoning (Solution: Cross-

Modal Mapping).

Best of Both Worlds: Using a robust 12-lead model 

as the primary feature extractor, inheriting its high 
accuracy while gaining 3D explanatory clarity 

(Solution: 12-Lead to 3D Transfer).

Spatial Regularization: The 3D anatomical 

integration acts as a natural filter, smoothing temporal 

noise and presenting a cohesive pathological region 

(Solution: Anatomical Filtering).



Validating CineECG via Cross-Modal XAI

K. Dobiczek & M. Mozolewski (equal contribution), S. Bobek, M. Szafarczyk, P. van 
Dam, and G. J. Nalepa, "Validating the Clinical Utility of CineECG 3D Reconstructions 
through Cross-Modal Feature Attribution" (2026), Submitted to ICCS.

The Goal: Validating feature attributions against clinical 
ground truth (expert annotations).

[Expert Annotation Platform]

Models: ResNet on 8,000 temporally aligned 12-lead and 

CineECG records (normal/healthy vs abnormal). 

The Performance Gap: Standard 12-lead models 

(83.1% Acc) beat direct 3D CineECG training 

(79.1% Acc).

The Solution: Mapping 1D temporal attributions 

(Integrated Gradients) directly onto the 3D anatomy.

XAI validation: cardiologists blindly annotated 20 
independent test cases to define binary ground-truth 

masks. 

Spatial Regularization: 3D projection filters temporal 

noise, increasing alignment with experts (Dice: 0.47 

→ 0.56)
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noise, increasing alignment with experts (Dice: 0.47 

→ 0.56)



Best XAI method: Integrated Gradients

K. Dobiczek & M. Mozolewski (equal contribution), S. Bobek, M. Szafarczyk, P. van 
Dam, and G. J. Nalepa, "Validating the Clinical Utility of CineECG 3D Reconstructions 
through Cross-Modal Feature Attribution" (2026), Submitted to ICCS.

• Integrated Gradients (IG) yields the best spatial overlap when projected to 3D space (Dice: 0.47 vs 0.56; IoU: 0.32 vs 0.40). 

• Perturbation methods (LIME, Kernel SHAP) obtained lower scores regardless of the modality



Best XAI modality: mapping 12-led ECG 

to Cine3D

K. Dobiczek & M. Mozolewski (equal contribution), S. Bobek, M. Szafarczyk, P. van 
Dam, and G. J. Nalepa, "Validating the Clinical Utility of CineECG 3D Reconstructions 
through Cross-Modal Feature Attribution" (2026), Submitted to ICCS.

• Mapping 12-led attributions to 3D space directly improves alignment with cardiologists (Dice: 0.56 vs 0.47; IoU: 0.40 vs 0.32)

• The anatomical 3D model successfully acts as a natural noise filter for temporal attributions.



Best agreement for Abnormal cases

& where model does not agree

K. Dobiczek & M. Mozolewski (equal contribution), S. Bobek, M. Szafarczyk, P. van 
Dam, and G. J. Nalepa, "Validating the Clinical Utility of CineECG 3D Reconstructions 
through Cross-Modal Feature Attribution" (2026), Submitted to ICCS.

• Pathology: Higher alignment on Abnormal cases (Dice: 0.59) than Normal cases (0.53). Focal anomalies are easier to localize than healthy signals.

• Disagreement: Mapped 3D explanations align better with clinical experts when the model classifies incorrectly (Dice: 0.57 vs 0.50).

• Debugging: Cross-modal mapping correctly isolates pathological morphology, even when the model's final classification head fails.



Summary

M. Mozolewski & B. Bayrak (equal contribution), K. Bach, and G. J. Nalepa, "From Prototypes to Sparse ECG Explanations: SHAP-Driven Counterfactuals for Multivariate Time-Series Multi-class 
Classification" (2026), Information Systems Frontiers. DOI: 10.1007/s10796-026-10711-9.

M. Mozolewski, S. Bobek, and G. J. Nalepa, "Time Series Explainability with Post-hoc Attribution Rules, Semi-Factual Intervals and Verifiable Counterfactuals" (2026). 

M. Mozolewski, S. Bobek, and G. J. Nalepa, "Open-Box: Extracting Interpretable Rules from any classifiers” (2026),  Submitted to IEEE Access. 

K. Dobiczek & M. Mozolewski (equal contribution), S. Bobek, M. Szafarczyk, P. van Dam, and G. J. Nalepa, "Validating the Clinical Utility of CineECG 3D Reconstructions through Cross-Modal 
Feature Attribution" (2026), Submitted to ICCS.
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Summary

Key Takeaways

PHAR: Translated abstract numeric heatmaps into 

continuous, semi-factual interval rules and visualises them 

with countervatulas. 

Open-Box: Fused fragmented local rules into a deployable 

global model, delivering interpretable explanations and 
matching black-box fidelity in industrial applications.

Prototype-Driven ECG Counterfactuals: Leveraged 
prototypical parts and SHAP and R-peak alignmen to 

generate sparse, actionable explanations for multivariate 

ECG classification.

CineECG: Proved that 3D anatomical projection acts as a 

natural noise filter, boosting alignment with clinical experts.

M. Mozolewski & B. Bayrak (equal contribution), K. Bach, and G. J. Nalepa, "From Prototypes to Sparse ECG Explanations: SHAP-Driven Counterfactuals for Multivariate Time-Series Multi-class 
Classification" (2026), Information Systems Frontiers. DOI: 10.1007/s10796-026-10711-9.

M. Mozolewski, S. Bobek, and G. J. Nalepa, "Time Series Explainability with Post-hoc Attribution Rules, Semi-Factual Intervals and Verifiable Counterfactuals" (2026). 

M. Mozolewski, S. Bobek, and G. J. Nalepa, "Open-Box: Extracting Interpretable Rules from any classifiers” (2026),  Submitted to IEEE Access. 

K. Dobiczek & M. Mozolewski (equal contribution), S. Bobek, M. Szafarczyk, P. van Dam, and G. J. Nalepa, "Validating the Clinical Utility of CineECG 3D Reconstructions through Cross-Modal 
Feature Attribution" (2026), Submitted to ICCS.

Future Work

Interactive Curation: Implementing literal-level importance

scoring to actively guide domain experts during manual rule 

refinement.

Clinical Validation: Positive preliminary feedback 

establishes a strong baseline, but large-scale clinical trials 

are needed. 

High-Stakes Deployment: Scaling the unified framework for 

continuous clinical trials and dynamic industrial monitoring. 
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