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ABSTRACT 
 

Large amounts of healthcare data are being generated through medical records and patient-generated data; 
however, the unique nature of these health datasets creates computational challenges that make machine 
learning and causal inference difficult. As data collected from individual patients solely depend on patient 
care, it creates a challenging scenario where different patients can have different variables measured, which 
for causal discovery leads to confounding and lack of generalization. Further, while simulation addresses a 
core challenge of evaluating algorithms as it has ground truth and can be shared without privacy concerns, 
current models either provide overly optimistic estimates of performance on machine learning tasks or do 
not allow for ablation studies into how data properties affect performance due to their black box nature, 
limiting their wide application in health. 
 
In this thesis, I tackle these challenges by developing new methods for (i) data simulation that generates 
simulated data with similar performance to real data and allows for greater control over the kinds of data 
properties encoded in them [1] and (ii) learning causal models when we have multiple time series datasets 
with partially overlapping variable sets [2]. In addition, this thesis also focuses on addressing application-
specific problems by helping clinicians better monitor patient health by introducing new techniques for 
classifying consciousness using only continuously recorded physiological signals [3] and helping individuals 
with type 2 diabetes better track their eating occasions by adapting a simulation-based approach to meal 
detection [4]. 
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