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Motivation: Explainable Artificial Intelligence (XAI)

• Modern deep learning models achieve strong predictive performance, but their 

decision-making processes are often difficult to interpret.

• Explainable artificial intelligence (XAI) methods such as SHAP, LIME, and Grad-

CAM have been proposed to provide human-understandable explanations for 

model predictions.

• Trustworthy AI systems are increasingly important in real-world applications, 

especially in high-stakes domains such as healthcare, and autonomous driving. 



Motivation: XAI for Online Time Series Monitoring

• In online time series monitoring, explaining prediction changes between nearby 

time steps is more important than explaining a single prediction.

• For example, in sepsis monitoring, clinicians require explanations for both 

improvement (90% → 75%) and deterioration (50% → 75%), even if the final 

prediction is the same (75%).

• Existing XAI methods are mostly designed for single-time predictions and cannot 

adequately explain temporal prediction changes.
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Motivation: XAI for Online Time Series Monitoring

• A patient’s risk may rise from 10% at 𝑇1 to 90% at 𝑇2, then decrease to 70% at 𝑇3. 

Clinicians want to explain the recovery from 𝑇2 → 𝑇3.

• Existing XAI methods explain only the prediction at 𝑇3, often still highlighting 

features responsible for the earlier deterioration at 𝑇2.

• Our Delta-XAI framework instead explains prediction changes between consecutive 

time steps, such as 𝑇1 → 𝑇2 and 𝑇2 → 𝑇3.



Proposed Method: Adopting Static XAI to Prediction Changes

• We formalize explanations for prediction change in online time series monitoring 

by introducing a prediction difference wrapper that unifies existing 14 single-time 

XAI methods and enables them to directly explain temporal prediction changes.

• For linear and complete methods such as SHAP and Integrated Gradients, 

explanations for prediction change reduce to differences of single-time 

attributions.



Proposed Method: Background of Integrated Gradients (IG)

• Integrated Gradients (IG) uses linear interpolation from baseline; intermediate 

points can be Out-of-Distribution (OOD) region.

• IG also fails to consider temporal dependencies; it merely scales the input.
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Proposed Method: Shifted Window Integrated Gradients (SWING)

• We extend Integrated Gradients (IG) to explain prediction changes by integrating 

along temporally shifted windows rather than static input-baseline pairs.

• SWING uses recent past observations as realistic baselines and follows piecewise-

linear historical paths to reduce off-manifold artifacts.

• By combining retrospective baseline selection, dual-path integration, and 

historical integration, SWING produces temporally consistent explanations while 

preserving key theoretical properties.



Proposed Evaluation Metrics

• Area-based ranking quality: AUPD/AUPP aggregate CPD/CPP over all prefixes, 

evaluating whether highly ranked features consistently affect predictions.

• Macro-level temporal dynamics: MPD/MPP first aggregate attribution scores 

across nearby online windows to capture evolving explanations.

• Magnitude-aware attribution quality: Corr. measures whether attribution 

magnitudes align with actual prediction changes after feature removal.



Experiments: Main Table

• SWING consistently outperforms existing XAI methods.



Experiments: Ablation Study

• Each component contributes to reliable prediction-change explanations.



Experiments: Qualitative Analysis

• SWING is not only accurate, but also provides clinically coherent explanations.



Conclusion

• We formulate explanations for prediction change in online time series monitoring 

and adapt 14 existing XAI methods through a unified prediction wrapper with 

tailored evaluation metrics. 

• We propose SWING, which extends IG with historical integration paths to capture 

temporal dynamics, mitigate OOD effects, and preserve key theoretical properties. 

• Extensive experiments show that SWING consistently outperforms state-of-the-art 

time series XAI methods across diverse benchmarks, backbones, and metrics.
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