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Abstract Time series forecasting is a critical task that involves analyzing observed time series
data to predict future values. However, when dealing with imbalanced data, model performance can
degrade, leading to biased predictions. Although recent studies have explored various deep learning
techniques and data augmentation methods, many fail to address challenges posed by data imbalance
and the intrinsic characteristics of time series data simultaneously, leaving underlying issues
unresolved. This study proposed a novel approach that could leverage temporal patterns to generate
synthetic samples and extend the scope of early prediction. By identifying key moments that could
effectively distinguish between positive and negative classes, our method enhanced the ability to
predict further into the future. The method proposed in this study demonstrated superior performance
to existing methods and proved the feasibility of early prediction for longer time lags.
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Table 1 Results of Different Imbalanced Data-Handling Methods
Dataset AUC
atase Repeat | SMOTE | B-SMOTE | MBS INOS MBO | T-SMOTE | T-SMOTE+
Wafer 0.9629 09782 0.9760 09793 0.9890 0.9883 0.9992 0.9987
TwoPats 0.8731 0.8333 0.8377 0.8967 0.9077 0.9096 09130 0.9998
Sleaf 0.9295 0.9584 09720 09729 0.9767 0.9823 0.9987 0.9981
Dataset Fl
atase Repeat | SMOTE | B-SMOTE | MBS INOS MBO T-SMOTE | T-SMOTE+
Wafer 0.9349 0.9456 0.9497 0.9553 0.9603 0.9641 0.9756 0.9756
TwoPats 0.6451 0.6521 0.6531 0.6603 0.6716 0.6705 06826 0.9989
Sleat 0.8624 0.9000 09107 0.9207 0.9320 0.9283 0.9484 0.9574
Dataset LI
ase Repeat | SMOTE | B-SMOTE | MBS INOS MBO T-SMOTE | T-SMOTE+
Wafer 09318 0.9461 0.9507 0.9548 0.9669 0.9680 0.9885 09873
TwoPats 0.679 0.7016 07043 0.7136 0.7310 0.7264 0.7487 0.9996
Sleaf 0.9440 09535 09532 0.9632 0.9703 09712 0.9836 0.9842
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