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Time series data is prevalent in our daily lives appearing in various applications including 
the Internet of Things (IoT), medicine, climate, biology, etc. Processing this vast flow of data 
is not a neat process and missing values often appear, which can drastically hinder the 
quality of downstream applications. Several imputation algorithms exist to reconstruct these 
missing values, each with a different accuracy/efficiency trade-off. Existing libraries 
implement a few categories of imputation algorithms, and are not easy to extend. 
Additionally, they fall short of providing explanation of the imputation results. 
 
In this thesis, we bridge this gap and introduce ImputeGAP, a comprehensive framework 
specifically designed for advanced imputation algorithms in time series data. By 
incorporating datasets from diverse domains such as neuroscience, medicine, climate 
science, and energy, the framework supports various patterns of missing data and provides 
multiple evaluation metrics. Moreover, ImputeGAP enables AutoML parameter optimization, 
feature extraction, and feature impact analysis with SHAP. The framework is built for easy 
integration of new algorithms, datasets, and evaluation metrics, enhancing its flexibility and 
adaptability. ImputeGAP provides a comprehensive environment for testing and identifying 
the most suitable algorithm category for a given dataset and specific patterns of missing 
data. This thesis draws particular emphasis on addressing artifacts within neuroscience 
datasets, such as EEG data, and offers a straightforward solution to the missing data 
problem through imputation repair. 
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