Evaluation of Electronic Medical Record Artificial Intelligence Screening Tools for Undiagnosed OSA
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Introduction

Background

The STOP-BANG is a concise, simple and widely adopted obstructive sleep
apnea (OSA) screening tool. However, it has limited predictive ability and is
susceptible to subjective reporting bias.

Artificial Intelligence (Al) methodologies can be utilized together with existing
data in electronic medical records (EMRs) to create new screening tools to
increase diagnostic sensitivity and facilitate discovery of preclinical OSA
phenotypes.

Previous work has shown that EMR and demographic variables have
predictive power to various AHI severities. We look to investigate this
relationship over two independent datasets with reference to the STOPBANG
survey, the clinical standard for OSA screening.

As OSA severity is best defined by the continuous AHI value, we report Al
model performance over three disease severity thresholds 5, 15, and 30.
These different OSA severity sub-group analysis allows us to investigate EMR
based variable predictiveness over different OSA severities. Additionally, we
report the top-5 random forest GINI feature importance's for each of the
models to approximate which features have stronger predictive performance
to the output OSA severity target.

Methodology

The study comprised two independent retrospective sleep study datasets: 1)
Type Il HSATS (N=5583) and, 2) Type | polysomnograms (N=1037). The first
dataset was the Sleep Heart Health Study (SHHS) collected by the National
Health Lung & Blood Institute (NHLBI). Of the 5583 sleep studies included in
the analysis, x were male and y were female. The second dataset (Dataset2)

The first dataset contained 90 EMR based metadata variables and the second
dataset contained 54 EMR based metadata variables. Two random forest
models were trained to detect OSA diagnostic thresholds (AHI> 5, AHI>15,
and AHI>30) over two different screening models: STOP-BANG and Common
Clinical Data Set (CCDS)-OSA (all metadata variables simulating EMR CCDS
standard). Additionally, as a reference for current OSA screening standard of
care, the output scores from STOP-BANG (STOP-BANG score) and Epworth
Sleepiness Scale (ESS score) were analyzed using the same methodologies.
STOP-BANG outputs a value between 0 and 8 and ESS outputs a value
between 0 and 24. We simply divide each questionnaire score by the
maximum value to achieve a value between 0 and 1 as an input to ROC
analysis.

Receiver Operator Characteristic curve (ROC) analysis was performed for all 4
input types: STOP-BANG score, ESS score, STOP-BANG random forest, and
EMR random forest. Each input type was analyzed over each AHI severity
threshold 5, 15, and 30. We report ROC Area Under the Curve (AUC) as the
primary metric for OSA severity predictive power.

Results

CCDS-OSA ROC-AUC exceeded STOP-BANG score ROC-AUC for both sleep
study collections for all AHI severity thresholds. Additionally, STOP-BANG
random forest ROC-AUC exceeded STOP-BANG score ROC-AUC for both sleep
study collections for all AHI severity thresholds. Further, STOP-BANG random
forest marginally exceeded CCDS-OSA ROC-AUC in SHHS dataset for AHI>5,
AHI>15, and AHI>30 and in Dataset2 for AHI>5. Additionally, ESS was
observed to have low predictive performance ROC-AUC < 0.56 over each
dataset at all three AHI severities.

Additionally, we analyzed the Gini feature importance ranking of the trained
CCDS-0OSA model and the STOP-BANG random forest model to evaluate which
variables showed highest predictive value of OSA.
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Conclusion

This study shows that while STOP-BANG contains data critical to OSA
screening, a variety of other EMR-based parameters can improve
performance of OSA detection. Even further, leveraging non-linear
relationships between the 8 STOP-BANG survey questions showed increased
ROC-AUC performance suggesting that even the most standardly collected
clinical variables can benefit from utilizing basic Al methodologies.

Al-based EMR screening can provide a critical tool for more systematic and
accurate screening of undiagnosed sleep apnea.

Nationwide standards facilitating patient EMR data interoperable health
information exchange, particularly the United States Core Data for
Interoperability (USCDI CCDS), holds promise to foster broad clinical and
research opportunities.

Resulting data sharing will allow application of Al screening tools at the
population health scale with ubiquitous, existing EMR data to improve
population sleep health.

Future Work

+ Test for repeatability with CCDS dataset collected from real world
health system EMR archive

+ Test against other primary diagnostic indices. For example ODI 3%,
ODI 4%, TST, ect.
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