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ABSTRACT 

The increasing generation of health data presents significant opportunities for advancing healthcare 

research. However, leveraging this potential presents challenges for both researchers, who require 

access to quality data for model development, and clinicians, who rely on timely insights to guide 

interventions and improve patient care. A major challenge is limited access to health data due to 

privacy concerns, which restricts data sharing. While simulation provides a solution to this, existing 

simulation approaches either overestimate model performance or are black boxes, making them 

unsuitable for ablation studies. Another challenge is missing data, as imputation quality can 

significantly impact downstream machine learning (ML) tasks. However, many imputation methods 

assume data are missing completely at random (MCAR), which is often not the case in health data, 

where missingness may be missing at random (MAR) or not missing at random (NMAR). 

 

On the clinical side, ground truth sparsity, such as the lack of frequent assessments of patient 

consciousness in intensive care units (ICUs), limits the ability to monitor patients continuously, 

which is important for timely interventions. In addition, the limited understanding of the underlying 

causal relationship between exposures and outcomes makes it challenging to develop effective 

clinical guidelines. 

 

This thesis addresses these challenges through the following contributions. First, we develop 

methods for simulating realistic time series data with similar performance to real data on ML tasks, 

by augmenting simulated data with data properties (e.g., error and nonstationarity). Second, we 

develop an approach for robustly evaluating missing data imputation methods under real-world 

scenarios across multiple missing mechanisms (MCAR, MAR, and NMAR) and varying 

percentages. Third, we develop a framework for the hourly classification of consciousness in ICU 

patients using physiological signals, enabling more frequent monitoring. Finally, we investigate the 



 

 

 

 
relationship between neonatal glucose exposure and early childhood neurodevelopmental outcomes 

and assess the potential causal effects of hyperglycemia to help inform clinical guidelines. Together, 

these contributions aim to advance health data analysis by addressing key data limitations and 

informing clinical decision-making. 

 
 


