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Ensemble learning

 Idea: Combine predictions from multiple models → better accuracy & robustness

 Why it works:
 Reduces variance & bias
 Captures diverse data patterns

 Common approaches:
 Bagging – parallel, variance reduction (e.g., Random Forest)
 Boosting – sequential, bias reduction (e.g., XGBoost, AdaBoost)
 Stacking – meta-learning on predictions of base models
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Stacking — Inner Working & Advantages

Data

Prediction PredictionPrediction

Pooling 
function

Ensemble 
Prediction

Model type 
A

Model type 
B

Model type 
C

Stacking How it works:
• Train multiple diverse base models on the same dataset

• Each base model produces predictions for all samples

• Create a new dataset from these predictions

• Train a meta-learner on this new dataset to make final predictions

 Key idea:
• Meta-learner combines complementary insights
• Learns to weight base models’ outputs for better accuracy

 Advantages:
• Combines strengths of heterogeneous models (not limited to same model family)

• Captures complementary patterns in data & strengths of diverse models

• More flexible and more powerful in complex problems beyond bagging or boosting

• Proven effective across domains: healthcare, finance, NLP, etc.

• More flexible than Bagging (reduces variance) and Boosting (reduces bias).



Stacking — Limitations

 Learning space issues:
• Meta-learner input = base models’ predictions

• May be insufficiently informative if :

• predictions are limited in diversity

• Base models are highly correlated or redundant

 Transparency challenges:
• Meta-learner and base models often “black boxes”

• Hard to trace how predictions are derived

• Complex interactions between models make feature contribution unclear
• Low interpretability → reduced trust and accountability Data
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XStacking: Explanation-Guided Stacked Ensemble Learning

 Goal: Improve predictive effectiveness of the learning space and stacking model interpretability

 Inspiration: 
• Like in human decision-making:

We don’t just consider people’s recommendations — we consider why they made them
• Human decision-making uses rationales & explanations

 Key Idea:
• Build a stacking ensemble guided by explanations, not just final predictions
• Mimic human reasoning: combines both outputs and rationales of base models
• Use feature importance (e.g., Shapley values) from each base classifier
• Concatenate explanations from all base models → enriched learning space
• Train meta-learner using explanations form base learners
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XStacking: Explanation-Guided Stacked Ensemble Learning

 Pipeline:
• Train multiple base classifiers on original data

• Generate predictions' explanations for each sample

• Concatenate explanations → build new enriched dataset

• Train stacking meta-learner on enriched input

 Benefits:
• Captures complementary knowledge from diverse models

• Provides richer, more informative input for meta-learner

• Bridges gap between accuracy and interpretability



Experimental study



Datasets

• 29 datasets from PMLB benchmark

• 17 classification, 12 regression tasks

• Varied domains: categorical, ordinal,
and continuous features

• Train/test split: 70% / 30%

Predictive Models

 Base learners:

•Tree-based: Decision Trees

•Linear: Logistic / Linear Regression

•Neural: Multilayer Perceptrons

 Meta-Learners:
• SVM 
• XGBoost

Baseline

• Traditional Stacking (Scikit-learn)

• Same datasets, same setup

• Assess improvement from 
explanation-based learning space

XStacking: Explanation-Guided Stacked Ensemble Learning
 Experimental study
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XStacking: Explanation-Guided Stacked Ensemble Learning
 Experimental study: research questions

 RQ1 (Effectiveness) — How effective is XStacking for classification and regression tasks?

 RQ2 (Efficiency) — How computationally efficient is XStacking?

 RQ3 (Explainability) — How explainable are the results produced by XStacking?



XStacking: Explanation-Guided Stacked Ensemble Learning
 Experimental study: Effectiveness of XStacking (RQ1)

Table 1. Comparison of XStacking and baseline performance 
in regression tasks based on MSE.

Table 2. Comparison of XStacking and baseline performance 
in classification tasks based on Accuracy.

 Wilcoxon signed-rank test: performance between traditional stacking and 
XStacking is statistically significant (p < 0.01) in terms of accuracy across 
all datasets. 



XStacking: Explanation-Guided Stacked Ensemble Learning
 Experimental study: Computational Efficiency of XStacking (RQ2)

Dataset properties Meta-learner Stacking XStacking

D<15 | m<1700
SVM 4,14 1012,83

XGBoost 7,81 947,04

D>15 | m>1700
SVM 608,87 3740

XGBoost 611,02 3250

Table 3. Comparison of the average runtime, in seconds, of the XStacking method 
against the state-of-the-art stacking ensemble learning.

 SHAP-based explanations → added computational overhead. 

 Trade-off: Slightly longer runtime Ensured interpretability.



XStacking: Explanation-Guided Stacked Ensemble Learning
 Experimental study: Explainability and reliability of XStacking (RQ3)

 Case 1: All Base Models Have High Accuracy (IRIS Dataset)

 Context
•Base learners: MLP (0.9523), LR (0.9619), DT (0.9714).
•Accuracy is consistently high across all models.

 SHAP Insights
•Petal length and petal width dominate across all models.
•Meta-learner aligns with base model rankings.
•Equal contributions → balanced feature importance in meta-
model.

 Implication
•When base models perform similarly well,
→ Meta-learner combines insights without bias toward one model.

•Features importance remains stable across learners.



XStacking: Explanation-Guided Stacked Ensemble Learning
 Experimental study: Explainability and reliability of XStacking (RQ3)

 Case 2: Base Models Have Very Different Accuracies (CAR Dataset)

 Context
•Base learners: DT (0.69), LR (0.79), MLP (0.99).
•Performance varies greatly.

 SHAP Insights
•MLP dominates meta-model feature importance due to very 
high accuracy.
•LR provides supplementary linear insights.
•DT’s contribution is minimal (low accuracy).

 Implication
•When base models have unequal accuracies,
→ Meta-learner assigns greater weight to the best performing 
models.

•Interpretability reflects performance-driven weighting.



Conclusion & Future works

 What we proposed

• XStacking: Enhances stacked ensemble learning
with explanation guided meta-earning.

• Integrates SHAP-based explanations directly
into stacking.

 Key outcomes

• Higher accuracy than traditional stacking.

• Built-in interpretability at both base and meta-
model levels.

• Scales to diverse datasets & model families.

 Why it matters

• Enables transparent & trustworthy ensemble 
learning.

• Facilitates debugging and feature-level insights.

• Suitable for research & real-world applications.

 Future directions

• Speed up explanations’ computation for large-
scale ensembles.

• Extend to deep learning & gradient-based 
attributions.
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