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Data scientists face numerous, unique challenges when building machine learning models for healthcare. 

Most health data collected is never used for building predictive models that are 
integrated in clinical settings – only 15% of hospitals use machine learning for 
even limited purposes.1

These challenges include managing missing data, accounting for rare outcomes, tracing changes in patient health and 
eligibility over time, and representing multiple distinct events as singular episodes of care. Further, data scientists 
must validate and explain model accuracy in a healthcare context to promote adoption. To build models that are 
successfully integrated in clinical settings, data scientists need AutoML tools specifically designed for healthcare.


AutoML With ClosedLoop

AutoML (Automated Machine Learning) For Healthcare
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Product Brief

ClosedLoop.ai, which placed first out of 300+ teams in the CMS AI Health Outcomes Challenge, has AutoML 
capabilities that are purpose-built to handle messy healthcare data and streamline model development from 
preprocessing to validation. Built-in model explainability reports leverage patent-pending Factor Evidence™ 
technology and cover everything from population-level statistics to individual patient histories. Further, AutoML is 
seamlessly integrated with ClosedLoop’s Enterprise Healthcare Feature Store (EHFS) and ML Ops to support data 
scientists with an automated end-to-end ML pipeline. 



Accelerated Preprocessing and Training

AutoML provides healthcare data scientists a comprehensive set of preprocessing capabilities. This includes natural 
language embeddings to transform clinical notes and other free text data into meaningful features. Data scientists can 
also quickly address data coverage challenges with automatic imputation of missing data. They can easily handle time 
series data by setting dynamic index dates, lookback periods, and prediction windows for model features and 
outcomes. 


When defining model populations, data scientists can set parameters to sample patients multiple times during the 
training period, ensuring they’ve accounted for changes in conditions over time. They can leverage intelligent 
train/test split capabilities, including stratified and grouped sampling. Moreover, data scientists can accurately predict 
rare outcomes, such as adverse drug events, through automated reweighting of highly unbalanced datasets. 

Best-in-Class Model Accuracy and Validation

Data scientists can rapidly experiment and develop accurate, production-ready 
models with automated train/test and validation capabilities that enable them to:

Maximize accuracy, using XGBoost with cross-validation and hyperparameter 
optimization by default.


Extend beyond traditional ROC/AUC and precision/recall curves for model 
validation. ClosedLoop’s Outcome Capture Curve visualizes the proportion of an 
outcome captured at specific risk score thresholds, enabling data scientists to 
explain model accuracy in a population health context.


View side-by-side accuracy comparisons for models using different feature 
sets to predict the same outcome.



Change in Patient's Risk Factors Over Time

Why it Matters for AI-Enabled Healthcare Organizations (HCOs)
Healthcare is evolving rapidly, and the efficiency and explainability afforded by an end-to-end ML system is 
paramount for HCOs to keep pace and to leverage the ever-increasing amounts of data. AutoML is an essential 
component of these systems and HCOs must ensure their AutoML tools are purpose-built and designed to support:



For HCOs to realize the benefits of AutoML, their tools must provide robust support for healthcare. ClosedLoop's 
AutoML is purpose-built to provide HCOs with the healthcare-specific capabilities they need to succeed.


AutoML offers comprehensive versioning and automatically tracks each of the parameters, along with the specific 
feature versions used, for every model. Data scientists can easily identify when outdated features are in use or when 
algorithmic bias occurs and retrain models with the click of a button. 
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Industry-Leading Explainability 

Data scientists can gain comprehensive insight into model results for populations and individual patients. They can 
delve into top contributing factors – the clinically relevant features which have the greatest impact on predictions – to 
better understand what drives risk across the model population. Patent-pending Shapley Value Significance Testing™ 
technology allows data scientists to dig deeper and isolate the top contributing factors for individual patients, 
enabling them to identify specific factors such as a change in their resting heart rate or their inpatient admission 
history. With Factor Evidence™, such factors can be traced back to the raw data and reveal the exact dates, 
diagnoses, tests, and procedures in the patient's history. All of these insights can be viewed in a single longitudinal 
report, providing clinicians with an extensive view into how a patient’s risk factors have changed over time. 

Healthcare-Specific Data and Contexts – AutoML tools must account for healthcare nuances to ensure efficient 
preprocessing and optimize model accuracy. 


Robust Explainability to Drive Adoption and Impact – ML models can only generate value if they are adopted by 
clinical stakeholders. To this end, AutoML tools must provide explainability reports which establish trust in model 
results. This includes supporting clinical audit requirements with code-level (e.g., ICD-10, CPT, NDC) explanations.


Successful Deployments – AutoML tools must be integrated with data preparation and ML Ops to quickly 
progress models beyond the experimentation phase. Inherent integration with HIPAA compliant data storage is 
necessary to facilitate model use in production. AutoML tools should also have HITRUST and SOC 2 certification 
to further ensure data security.


