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Electronic Health Record (EHR) Screening

Every individual is born with a genetically predetermined
risk of developing a disease over their lifetime.

These initial risks
depending on exposure to risk factors that are frequently
stored within EHRs such as smoking, cholesterol, alcohol,
obesity, high blood pressure and/or, high glucose levels.

Computer algorithms can easily access these information
and estimate risk across entire population, ultimately
informing the case-finding process.
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Ensemble Machine Learning Models (EML)

Figure 1: Four Dimensions of Ensemble Models

Aims & Objective

To assess the
performances of EMLs for screening of
EHRs in order to inform future ML studies

extent, nature

using ensemble methods.

Methods

A scoping review of the literature reporting
the derivation of EMLs for screening of
EHRs. EMBASE and MEDLINE databases
were searched across all years applying a
formal search strategy using terms related
to medical screening, EHR and ML.
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compared to the other fusion strategies.
Parallel EMLs with heterogenous base
learners were rarer and more likely to be
selected as best model than EMLs made
of homogenous base learners. EMLs
with bagging and random feature
selection were not more likely to be
selected as best models.

A hypergeometric test showed that
parallel EMLs with weighted fusion
strategies, XGBOOST, parallel EMLs with
average probability fusion, gradient
boosting and, deep learning were the
less likely to be selected as best models
as many time as observed by chance
alone (p-value < 0.05; Table 4).
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