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Study Objectives: We examined the performance of a simple algorithm to accurately distinguish cases of diagnosed obstructive sleep apnea (OSA) and
noncases using the electronic health record (EHR) across six health systems in the United States.
Methods: Retrospective analysis of EHR data was performed. The algorithm defined cases as individuals with ≥ 2 instances of specific International
Classification of Diseases (ICD)-9 and/or ICD-10 diagnostic codes (327.20, 327.23, 327.29, 780.51, 780.53, 780.57, G4730, G4733 and G4739) related to
sleep apnea on separate dates in their EHR. Noncases were defined by the absence of these codes. Using chart reviews on 120 cases and 100 noncases at each
site (n = 1,320 total), positive predictive value (PPV) and negative predictive value (NPV) were calculated.
Results: The algorithm showed excellent performance across sites, with a PPV (95% confidence interval) of 97.1 (95.6, 98.2) and NPV of 95.5 (93.5, 97.0).
Similar performance was seen at each site, with all NPV and PPV estimates ≥ 90% apart from a somewhat lower PPV of 87.5 (80.2, 92.8) at one site. A modified
algorithm of ≥ 3 instances improved PPV to 94.9 (88.5, 98.3) at this site, but excluded an additional 18.3% of cases. Thus, performancemay be further improved by
requiring additional codes, but this reduces the number of determinate cases.
Conclusions: A simple EHR-based case-identification algorithm for diagnosed OSA showed excellent predictive characteristics in a multisite sample from the
United States. Future analyses should be performed to understand the effect of undiagnosed disease in EHR-defined noncases. This algorithm has wide-ranging
applications for EHR-based OSA research.
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BRIEF SUMMARY
Current Knowledge/Study Rationale: A simple case-identification algorithm for obstructive sleep apnea using electronic health record data allows
researchers to leverage the wealth of healthcare data linked to biorepositories. There are limited data on performance of this type of algorithm. Using clinical
chart reviews at six health centers in the United States, we validated an algorithm based on diagnostic codes.
Study Impact: Results demonstrate that an algorithm defining cases as individuals with at least two instances (on separate dates) of diagnostic codes for
sleep apnea in their medical record and noncases as individuals with no codes results in high positive and negative predictive values. This algorithm has
wide-ranging applications, including monitoring quality and utilization metrics, clinical epidemiology, and genetic association studies.

INTRODUCTION

Obstructive sleep apnea (OSA) is characterized by repetitive
episodes of full or partial cessation of breathing and associated
decreases in oxygen saturation during sleep.1 OSA is a common
and treatable condition, yet often remains undiagnosed or un-
treated, and thus carries a large public health burden.2 OSA is
associated with cardiovascular and cerebrovascular diseases,3,4

cancer incidence and mortality,5 neurocognitive deficits and
sleepiness,6 automobile andwork accidents,7,8 and lower quality
of life.9 Therefore, establishing a well-performing algorithm to

identify cases of OSA using readily available clinical data has
clear public health relevance.

The growth of electronic health records (EHRs) in recent
years provides a unique opportunity for large-scale case iden-
tification through the application of automated algorithms and
allows large-scale clinical research and quality improvement
projects using EHR data. To identify patients that are diag-
nosed with the disease of interest, counts of disease-specific
International Classification of Diseases (ICD) diagnostic
codes in the EHR are routinely leveraged. Although some
challenges have been noted,10 these codes have the advantage
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of being universally and readily available, standardized across
health systems, efficient and straightforward to query on large patient
populations, and are indicative of specific clinical judgments.
Because diagnostic codes at times may be applied prematurely to
justify diagnostic testing (ie, presumptive diagnostic coding),
methods to improve case identification include requiringmultiple
instances of codes or combining codes with key clinical infor-
mation (eg, body mass index [BMI], age, sex) and/or codes for
comorbidities related to the primary disease of interest (eg, hy-
pertension, diabetes, cardiovascular diseases). Ultimately, case
identification algorithms can be used for a variety of clinical
and research purposes, including quality and utilization studies,
patient outreach, and clinical study recruitment and outcomes.
However, to ensure that case identification algorithms are ac-
curately capturing the disease of interest, validation studies
evaluating performance characteristics against gold-standard
clinical chart reviews are required.

The current study leveragesEHRdata from six sites throughout
the United States that participate in the Sleep Apnea Genetics
Study to develop and validate a simple, diagnostic code-based
algorithm for identifying cases of diagnosed OSA. Establishing
awell-performing and efficient case identification algorithmhas
important implications for OSA-related research in large bio-
repositories, with potential applications ranging from efficient
patient outreach to performing large-scale genotype-phenotype
association analyses leveraging linked genetic information.

METHODS

Overview and study populations
We performed a retrospective analysis of EHR data from each
of the six institutions participating in the Sleep Apnea Ge-
netics Study, namely Geisinger, Kaiser Permanente Southern
California, Mayo Clinic, Northwestern University, University
of Pennsylvania, and Vanderbilt University Medical Center.
Human subjects research approval was obtained from the in-
stitutional review board at each site.

EHRdatawere independently accessed at each site to identify
study participants aged 18 to 88 years for clinical chart reviews.
An EHR-based algorithm (described in the next paragraphs)
was used to categorize this population into cases of diagnosed
OSA, noncases, and indeterminate cases. The final study cohort
fromwhich a samplewas drawn for algorithm validation at each
site always included some persons who had contributed sam-
ples to a genetic biobank, given the consortium’s goal of uti-
lizing the algorithm toperform future genetic association analyses.
Most of the sites required all patients to have been consented
into genetic repositories, whereas theUniversity of Pennsylvania
included patients from the entire health system, a small pro-
portion of whom were consented into the biobank. A sample of
cases and noncases was chosen from each site for chart review
using a computerized random selection process. The goal of chart
review was to determine whether OSA was diagnosed or not
based on definitive criteria (described in the next paragraphs),
independent from diagnostic codes; we recognize that absence
of a diagnosis (eg, noncases) refers only to current diagnostic
status, as OSA is a progressive and often underdiagnosed

disorder.11The supplementalmaterial contains further details on
each site’s source population and demographic characteristics
of the validation sample.

EHR-based diagnostic case identification algorithm
An EHR-based diagnostic case identification algorithm was
developed after considering the feasibility and generalizability
of various electronic data for identifying diagnosed cases of
sleep apnea. We considered sleep study test results with an
associatedOSAdiagnosis or result (eg, elevated apnea-hypopnea
index); however, there was clearly a great deal of variation in test
result retrieval processes and formatting, which necessitated a
chart review approach in most sites. We also considered positive
airway pressure (PAP) devices and equipment (eg, masks) with
an associated OSAdiagnosis; however, several sites did not have
sufficient data on durable medical equipment orders or dispen-
sations to make this a viable approach. Thus, we chose to test
criteria based solely on instances of ICD-9and ICD-10diagnostic
codes, which are essentially required for clinical care and re-
imbursement. Specifically, we hypothesized that cases could be
defined as any individual with two ormore instances (on separate
dates) of any of the following diagnostic codes (description):
327.20 (Organic sleep apnea, unspecified), 327.23 (Obstructive
sleep apnea [adult, pediatric]), 327.29 (Other organic sleep ap-
nea), 780.51 (Insomnia with sleep apnea), 780.53 (Hypersomnia
with sleep apnea), 780.57 (Sleep apnea [NOS]), G4730 (Sleep
apnea, unspecified), G4733 (Obstructive sleep apnea [adult,
pediatric]) and G4739 (Other sleep apnea). Although some of
these codesmay include central sleep apnea, it was thought that
most of themwould be associatedwith predominantlyOSAand
that it was important not to overly restrict case selection by
avoiding codes that do not differentiate between central and
obstructive. Conversely, we considered that noncases could
be defined as any individuals with zero instances of any of the
listed diagnostic codes in theirmedical record. Individualswith
a single instance of any of the diagnostic codes were classi-
fied as indeterminate and excluded from any further analyses.

Clinical chart review procedures
To determine the accuracy of the proposed EHR-based identi-
fication of OSA, medical records from 120 randomly selected
EHR-defined cases and 100 EHR-defined noncases were man-
ually reviewed by trained experts at each participating site. A
larger number of EHR-positive patients was chosen to main-
tain an adequate number of cases for assessment of alternative
case definitions. Thus, a total of 1,320 randomly chosen par-
ticipants (n = 720 EHR-positive, n = 600 EHR-negative) were
reviewed to provide estimates of performance characteristics.
This sample is similar or larger than validation studies of other
new phenotypes conducted at participating sites through col-
laboration with the eMERGE Network.12

When available, true cases were defined using results from
diagnostic polysomnography (PSG) or ambulatory home sleep
tests; these data were available for 72% of confirmed OSA
cases. Cases were confirmed based on the clinician diagnoses
included in the sleep study reports (for example, as based on
the InternationalClassification ofSleepDisorders [ICSD] criteria
of apnea-hypopnea index [AHI] > 5 events/h, regardless of the
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specific criteria used to define hypopneas). When sleep tests
were not available, cases were confirmed based on any of the
following criteria: (1) presence of a diagnosis of OSA either
included in the EHR problem list or from clinician notes citing
evidence from a sleep study, (2) evidence of prescriptions for, or
titration of, continuous positive airway pressure (CPAP, or
auto-CPAP) treatment, and/or (3) evidence of other OSA
treatments or procedures (eg,mandibular advancement device).
Central sleep apnea was acceptable within our defined cases
as long as OSA was also diagnosed. Noncases were primarily
confirmed bymanually searching and reviewing notes to identify
references to: (1) sleep disorders, (2) sleep disturbances, (3)
snoring, (4) CPAP use, and/or (5) sleep tests or the results of a
sleep test (eg, AHI). When these references were identified in a
record, approximately two to three sentences of text surrounding
the occurrence of the word were evaluated to determine if the
context indicated that the individual may be an undiagnosed case
of OSA. For some sites, when PSGs were available for identified
noncases, the absence of OSA was based on clinician confir-
mationof noOSAfromsleep study reports (ie,AHI<5 events/h).
During these chart reviews, information on the electronic and
clinical diagnoses, demographics, and disease severity (when
sleep studies were available) were collected in a standardized
REDCap database.13

To ensure accuracy in case or noncase confirmation from
clinical chart reviewmethods, 10 randomly chosen EHR-defined
cases and 10 randomly chosen EHR-defined noncases were
reviewed by a second independent reviewer at each site using
the same approach. Reliability was assessed by calculating
percentage agreement and kappa coefficients based on clinical
diagnoses determined by the two reviewers.

Statistical analysis
Continuous variables are summarized using means and standard
deviations and categorical variables using frequencies and per-
centages. Variables are compared between cases and noncases
using t tests for continuous variables and chi-square or Fisher
exact tests for categorical variables.

To determine the performance of the EHR-based identifi-
cation algorithm against clinical diagnosis from medical chart
reviews,we calculated appropriatemeasures of positive predictive
value (PPV; the probability that an individual has diagnosed OSA
given they are identified as a case using the EHR-based al-
gorithm) and negative predictive value (NPV; the probability
that an individual does not have diagnosed OSA given they are
identified as a noncase using the EHR-based algorithm). To
understand the variability of each point estimate, we also cal-
culated the 95% exact binomial confidence intervals (95% CIs)
for each proportion. Analyses were performed with all samples
combined and stratified by site. Validity of the algorithm was
defined a priori as values of at least 90% for both NPV and
PPV. If performance for the primary case definition fell below
this a priori criteria, we examined the performance of alter-
native case definitions (eg, at least three instances of diagnosis
codes) to understand the trade-off between case identification
criteria performance characteristics and the number of cases
recategorized as indeterminate. Given the fixed sampling
proportions in our validation study (100 EHR-defined noncases,

120 EHR-defined cases per site), measures of sensitivity and
specificity were calculated indirectly as functions of PPV, NPV,
and assumed disease prevalences.14 Where calculated, P < .05
was considered statistically significant. Statistical analyses
were performed using Stata/SE 14.2 (StataCorp LLC, College
Station, Texas, United States).

RESULTS

Reliability of chart review procedures
To measure the reliability of clinical diagnosis from chart re-
views, 10 randomly chosen EHR-defined cases and 10 ran-
domly chosen EHR-defined noncases were reviewed by two
independent reviewers at each site. A comparison of the clin-
ical diagnoses between the two reviewers resulted in 97.5%
agreement and a kappa coefficient of 0.950 pooled across
sites (Table S1 in the supplemental material). Within each site,
percent agreement between the two independent reviewers
ranged from 95.0% to 100.0% and kappa coefficients ranged
from 0.900 to 1.000. Thus, using the aforementioned chart
review procedures resulted in reliable clinical diagnoses.

Sample characteristics
For validation of the EHR algorithm, 120 individuals identified
as cases and 100 identified as noncases were randomly chosen
from each participating site (n = 1,320 total, 720 EHR-positive
and 600 EHR-negative). Sample characteristics are presented in
Table 1. On average, the validation sample was middle to older
aged (mean ± standard deviation age of 56.0 ± 14.9 years), were
moderately obese (BMI of 33.1 ± 9.0 kg/m2), predominantly
Caucasian (79.3%) and majority female (57.6%). As expected,
there are significant differences in the distribution of demo-
graphic characteristics across sites, underscoring the diversity
of the participating sites (Table 1).

Sample characteristics stratified by EHR-defined status are
presented overall (Table 2) and separately by site (Table S2 in
the supplemental material). Supporting clinical validity of our
proposed EHR algorithm, compared to noncases, patients
identified as cases by the algorithm were older (57.6 ± 12.2
versus 54.1 ± 17.3 years;P < .0001), more obese (BMI of 36.2 ±
9.2 versus 29.3 ± 7.0 kg/m2; P < .0001), and more likely to be
male (48.1% versus 35.5%; P < .0001). Further, when using
age, sex, and BMI to calculate the predicted probability of
OSA based on the Symptomless Multivariable Apnea Prediction
Score15 (Figure 1), clear differences can be seen in the predicted
OSA probabilities; approximately 70% of EHR-defined non-
cases have a predicted OSA probability < 0.2 and only < 3%
have a predicted probability ≥ 0.7. As shown in Table S2, there
are some distinct demographic differences (age, BMI, sex, and
race/ethnicity) when comparing EHR cases and noncases within
each site separately. However, this did not adversely affect
performance of the algorithm (detailed in the next paragraphs).

Algorithm performance
Performance characteristics for our proposed EHR-based OSA
identification algorithm are presented in Table 3 and shown in
Figure 2. Among all included patients, the algorithm showed
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high performance with respect to accurately identifying diag-
nosed OSA cases and noncases, meeting our a priori specified
requirement of all values of PPV and NPV of at least 90%. In
fact, all estimates exceeded 95% in the full sample, including a
PPV (95%CI) of 97.1 (95.6, 98.2) andNPVof 95.5 (93.5, 97.0).
Thus, in our multisite sample, patients screening positive using
our simple algorithmhave a high probability of having diagnosed
OSA and patients screening negative have a high probability of
not having an OSA diagnosis, based on clinical chart reviews.

We also examined within-site performance characteristics
(Table 3 and Figure 2). Nearly all estimates achieved the a
priori threshold of at least 90%, with the exception of a PPV of
87.5 (80.2, 92.8) at Geisinger. To determinewhether alternative
definitions are required, and to understand the relative trade-off
between performance and proportion of indeterminate patients,
we examined changes in PPV and reduction in the number of
cases using more stringent case definitions of three or more or
four or more instances of diagnostic codes (Table 4); NPV
remains constant when changing only the case definition. At
Geisinger, requiring three instances of diagnostic codes increased

the PPV from 87.5 (80.2, 92.8) to 94.9 (88.5, 98.3), but
reclassified 22 patients (18.3%)with exactly two diagnostic code
instances as indeterminate. At other participating sites (Table 4),
comparable or higher PPV were found when requiring ≥ 3
instances of diagnostic codes, with reductions in the number of
determinate cases ranging from 7.5% (at Vanderbilt University)
to 46.7% (at University of Pennsylvania). Similar results were
seen when requiring four or more instances of diagnostic codes,
with a further increase in the number of indeterminate cases
(Table 4) when compared to the original definition, ranging
from 15.8% (at Vanderbilt University) to 79.2% (at University
of Pennsylvania). Thus, when considering alternative defi-
nitions, the relative improvement in PPV should be weighed

Table 2—Demographic characteristics of electronic health
record-based cases and noncases in validation sample.

Measure Noncases
(n = 600)

Cases
(n = 720) P

Male, % 35.5 48.1 < .0001

Age, years 54.1 ± 17.3 57.6 ± 12.3 < .0001

BMI, kg/m2 29.3 ± 7.0 36.2 ± 9.2 < .0001

Race, % < .0001

Caucasian 79.9 78.8

African American 11.3 18.9

Asian 2.2 0.8

Other 6.6 1.4

Hispanic, % 7.5 3.7 .002

Data presented asmean ±standard deviation or%.P values derived from t
test and chi-square or Fisher exact tests comparing noncases and cases.
BMI = body mass index.

Table 1—Demographic characteristics of the validation sample, overall and by site.

Measure All Sites
(n = 1,320)

Geisinger
(n = 220)

KPSC
(n = 220)

Mayo
(n = 220)

NU
(n = 220)

Penn
(n = 220)

Vanderbilt
(n = 220) P

Male, % 42.4 41.4 45.9 58.2 28.6% 32.9 47.3 < .0001

Age, years 56.0 ± 14.9 53.9 ± 14.9 55.4 ± 15.0 63.7 ± 14.3 57.1 ± 11.9 47.4 ± 15.2 58.7 ± 12.7 < .0001

BMI, kg/m2 33.1 ± 9.0 35.4 ± 9.3 31.7 ± 7.1 31.6 ± 7.6 32.4 ± 9.2 34.5 ± 10.6 32.7 ± 8.9 < .0001

Race, % < .0001

Caucasian 79.3 98.2 81.2 97.3 66.3 44.2 85.9

African American 15.6 1.4 6.1 0.5 23.9 52.1 11.4

Asian 1.4 0.5 6.1 0.0 0.5 1.4 0.0

Other 3.7 0.0 6.6 2.3 9.2 2.3 2.7

Hispanic, % 5.4 0.9 23.3 0.5 6.8 1.4 0.0 < .0001

Data presented as mean ± standard deviation or %. P values derived from analysis of variance or chi-square test comparing values among sites. BMI = body
mass index, KPSC = Kaiser Permanente Southern California, NU = Northwestern University, Penn = University of Pennsylvania.

Figure 1—Predicted OSA probabilities in EHR-defined
cases and noncases.

The predicted probability of OSA calculated using the Symptomless
Multivariable Apnea Prediction Score, a function of age, body mass index,
and sex,15 is presented among EHR-defined cases (EHR+) and noncases
(EHR-). Results show the clinical validity of the algorithm, with a clear skew
of noncases toward the lower predicted OSA probabilities. Approximately
70% of noncases have a predictedOSA probability below 20%, suggesting
a low likelihood of undiagnosed OSA among a majority of the EHR-defined
noncases, and less than 5% have a predicted OSA probability above 60%.
EHR = electronic health record, OSA = obstructive sleep apnea.
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against the clear reduction in defined cases. Ultimately, a
definition of at least two instances appears optimal at nearly
all sites.

Sensitivity and specificity estimates derived from observed
PPV and NPV and assumed prevalence values are presented in
Figure 3 for OSA prevalences ranging from 15% to 50%; data
from the Wisconsin Sleep Cohort suggest an OSA prevalence
(defined as AHI ≥ 5 events/h) of 17.4% among middle-aged
women and 33.9% among middle-aged men.16 As assumed
OSA prevalence increases, estimated sensitivity increases and
specificity decreases. Among the full sample, our algorithm achieves
a sensitivity of 77.7% and specificity of 99.5% at the assumed
prevalence of 17.4% in women and a sensitivity of 90.9% and
specificity of 98.6% at the assumed prevalence of 33.9% in men.

DISCUSSION

OSA is a common condition, and the full consequences of OSA
and its treatments (eg, positive airway pressure therapy) are still
under investigation. Many research and clinical applications
leveraging existing EHR databases can be enhanced by vali-
dated case identification criteria. Based on our evaluation of the
performance of an algorithmusing instances of diagnostic codes
for sleep apnea in the EHR, individuals and populations with
diagnosed OSA can be accurately identified at six clinical sites
in the United States. Across all sites, the simple algorithm of
ICD-9/ICD-10 diagnostic codes for sleep apnea on at least two
separate dates in an individual’s health record produced positive
and negative predictive values over 95% for diagnosed OSA.
Similarly high performance of this algorithm was found within
each site; one site (Geisinger) with a slightly lower PPV achieved
performance similar to other sites by requiring one additional
instance of a diagnosis code (eg, on at least three different dates).
However, this alternative definition resulted in a higher pro-
portion of indeterminate diagnoses, highlighting the importance
of considering the appropriate balance between accuracy and
sample size. This case identification algorithm has potential
wide-ranging applications.

The proposed algorithm has utility for both clinical and re-
search purposes. Clinical applications includemonitoring quality
and utilizationmetrics, and risk assessmentwith triage of patients
for targeted services, including outreach from population health
care programs. For example, clinical managers can utilize the
algorithm to track patients in their health systems who have
OSA and assess their disease outcomes (eg, cardiovascular or
metabolic comorbidities) before and after diagnosis. This type
of longitudinal tracking is particularly relevant at institutions
with stable patient populations, such asGeisinger, where there
is less than 1%migration of patients out of the system per year
(https://www.geisinger.edu/research/research-and-innovation/
resources). This application will be further strengthened by
obtaining data on ongoing treatment (eg, PAP).Metrics on PAP
adherence and efficacy (eg, h/night, residual AHI, mask leak)
can now be obtained remotely from modern machines,
allowing application of data analytical strategies to evaluate
temporal changes in adherence.17–20

Clinicians can also use this algorithm to identify those
“noncases” most likely to have undiagnosed OSA. In our
sample, most noncases had low probability of OSA using the
Symptomless Multivariable Apnea Prediction Score, based on
age, sex, and BMI.15 However, a small proportion of noncases
(2.9%) had a high probability ofOSA (ie,≥0.7). These noncases
at high risk could be identified, contacted, and further studied
to determine whether they have undiagnosed OSA. This
identification of noncases at high risk of OSA can also be
combined with other data in the EHR to inform future stud-
ies targeting OSA as a modifiable risk factor for preven-
tion of other adverse outcomes. For example, OSA may
accelerate progression of neurodegeneration.21,22 Thus, early

Table 3—Performance characteristics of the electronic
health record algorithm overall and within each site.

Site PPV NPV

All participants 97.1 (95.6, 98.2) 95.5 (93.5, 97.0)

Geisinger 87.5 (80.2, 92.8) 95.0 (88.7, 98.4)

KPSC 100.0 (97.0, 100.0) 99.0 (94.6, 100.0)

Mayo Clinic 100.0 (97.0, 100.0) 98.0 (93.0, 99.8)

NU 98.3 (94.1, 99.8) 90.0 (82.4, 95.1)

Penn 99.2 (95.4, 100.0) 97.0 (91.5, 99.4)

Vanderbilt 97.5 (92.9, 99.5) 94.0 (87.4, 97.8)

Data presented as estimate (95% exact confidence interval). KPSC =
Kaiser Permanente Southern California, NPV = negative predictive value,
NU = Northwestern University, Penn = University of Pennsylvania, PPV =
positive predictive value.

Figure 2—Performance characteristics of primary EHR-
based OSA identification algorithm.

Performance characteristics (PPV and NPV) against gold-standard
clinical chart review for an EHR-based OSA case definition of two or
more ICD-9/ICD-10 diagnostic codes related to OSA is shown overall and
at each participating site. CI = confidence interval, EHR = electronic health
record, ICD = International Classification of Diseases, KPSC = Kaiser
Permanente Southern California, NPV = negative predictive value, OSA =
obstructive sleep apnea, Penn = University of Pennsylvania, PPV =
positive predictive value.
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identification and treatment of OSA in patients at increased risk
of neurodegenerative disorders (eg, Alzheimer disease) could
provide therapeutic benefits. This needs to be assessed in
future studies.

Beyond these immediate clinical applications, the case
identification algorithm can be combinedwith data in the EHR to
enhance research projects. When combined with available in-
formation on treatment adherence (noted previously), outcomes
among OSA cases adherent to PAP compared to those who are
not can be analyzed. These analyses can then be combined
with EHR data to predict the subsets of patients in whom OSA
was diagnosed likely to demonstrate the greatest benefits of
treatment. By applying the algorithm to health systemswith large
biobanks and genotype data, as in the currentmanuscript, genetic
analyses (eg, genome-wide association studies) can be applied
without the need to recruit new patients, thereby considerably
reducing the cost of such studies. Moreover, the actual raw sleep
study data can be obtained among patients with an OSA diag-
nosis, thereby permitting additional analytical strategies. For
example, quantitative endpoints can be extracted from sleep
study data to conduct genetic association analyses of disease
severity measures that complement association testing with
EHR-based case/noncase status.

Case identification criteria for anEHR-based algorithm serve a
different purpose than OSA screening tools, of which a number
currently exist.15,23–25 Screening tools are developed to deter-
mine the likelihood of disease and help stratify patients into risk
groups for clinical decisions about testing for sleep apnea and are
useful for a variety of other purposes. In research, the probability
of having a diagnosed condition can be used in combination with
a case identification algorithm such as the one proposed here to
adjust analyses of case-control status, to match diagnosed cases
to similar but as-yet undiagnosed noncases, or to select low-risk
patients among all potential noncases (therebyminimizing the
proportion of undiagnosed disease). A limitation to using
screening tools is that useful symptom data may be difficult to
extract from the medical record on a large scale and may be
unavailable in patients not already suspected to have the
disease of interest.

Ultimately, theproposedEHR-based algorithmshowed strong
performance at each site, albeit with some variation. If a specific
target performance characteristic is desired, it is advisable to
perform a validation study in each unique source population. For
example, the addition of a single instance of a diagnosis code at
Geisinger increased the PPV from 87.5 to 94.9%. However, this
7% to 8% improvement in PPV came at the cost of a nearly 20%

Table 4—PPV and remaining cases for alternative electronic medical record case definitions.

Site PPV Remaining Cases

At least 2 diagnostic code instances

All participants 97.1 (95.6, 98.2) 720 (100.0)

Geisinger 87.5 (80.2, 92.8) 120 (100.0)

KPSC 100.0 (97.0, 100.0) 120 (100.0)

Mayo Clinic 100.0 (97.0, 100.0) 120 (100.0)

NU 98.3 (94.1, 99.8) 120 (100.0)

Penn 99.2 (95.4, 100.0) 120 (100.0)

Vanderbilt 97.5 (92.9, 99.5) 120 (100.0)

At least 3 diagnostic code instances

All participants 98.4 (97.0, 99.3) 573 (79.6)

Geisinger 94.9 (88.5, 98.3) 98 (81.7)

KPSC 100.0 (96.5, 100.0) 105 (87.5)

Mayo Clinic 100.0 (96.4, 100.0) 102 (85.0)

NU 100.0 (96.1, 100.0) 93 (77.5)

Penn 98.4 (91.6, 100.0) 64 (53.3)

Vanderbilt 97.3 (92.3, 99.4) 111 (92.5)

At least 4 diagnostic code instances

All participants 99.0 (97.6, 99.7) 488 (67.8)

Geisinger 98.9 (94.0, 100.0) 90 (75.0)

KPSC 100.0 (96.2, 100.0) 95 (79.2)

Mayo Clinic 100.0 (96.2, 100.0) 96 (80.0)

NU 100.0 (95.5, 100.0) 81 (67.5)

Penn 96.0 (79.6, 99.9) 25 (20.8)

Vanderbilt 97.0 (91.6, 99.4) 101 (84.2)

PPV presented as estimate (95% exact confidence interval). Remaining cases presented as n (%). KPSC = Kaiser Permanente Southern California,
NU = Northwestern University, Penn = University of Pennsylvania, PPV = positive predictive value.
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reduction in thenumberof determinate cases.The reduction in the
number of determinate cases was even more pronounced at the
University of Pennsylvania, where 47% and 79% of EHR-
defined cases became indeterminate when requiring at least
three and at least four instances of diagnostic codes, respectively.
This likely reflects the fact that the Hospital of the University of
Pennsylvania has a large proportion of patients receiving ter-
tiary care and procedures, which results in less opportunity for
ongoing care and repeated coding for a given individual. Ulti-
mately, requiring only two instances of diagnostic codes resulted
in a high PPV and NPV in this validation study. However, site-
specific differences highlight the importance of validating al-
gorithmperformance across different health systems, particularly
those that may have unique characteristics not well captured at
institutions in the current study.When choosing which criteria to
implement, the relative value of potentially moderate improve-
ments in PPV against large reductions in determinate cases
should be carefully considered.

The benefit of usingmultiple OSA-related codes is supported
by a recent study examining the validity of administrative data
for identification of OSA prior to diagnostic testing.26 Among
patients referred for sleep testing, Laratta et al demonstrated that
an algorithm of two outpatient billing claims or one hospital
discharge code identifying OSA in the 2 years prior to testing
had a PPV of 74.8%, but an NPV of only 18.3%, for detecting
cases defined as a respiratory disturbance index ≥ 5 events/h.26

The PPV of the algorithm was improved to 90.5% with the
additional criteria of codes for OSA-related comorbidities
(diabetes, hypertension, stroke, or acute myocardial infarc-
tion). Key differences between this prior study and the current
analysis, which likely account for differences in performance

characteristics (particularlyNPV), are the study population and
more restricted timeframe. In particular, Laratta et al studied
patients who had been referred for diagnostic testing between
2005 and 2007 and excluded patients with previous diagnosis
or prior diagnostic testing. Thus, the sample was enriched for
patients with undiagnosed OSA at higher risk of OSA. Con-
versely, our study includes a broad sample of patients from
multiple health systems. In addition, the diagnostic algorithm
used by Laratta et al focused on codes from the 2 years prior to
diagnostic testing, rather than using the full medical history (as
in the current study). Ultimately, although the analysis sample
and timeframe used by Laratta et al were more limited in scope
than the current study, the observation of high PPVwhen using
multiple diagnostic codes supports the validity of the algorithm
proposed here. In addition, data fromLaratta et al26 suggest that
inclusion of diagnostic codes for OSA-related comorbidities
(which are readily available in EHR-linked biorepositories) may
present an alternative approach to improving PPV.

Although the described algorithm performswell with respect
to identifying diagnosed cases, OSA is a progressive disorder
that is often underdiagnosed and unrecognized.11 The influence
of undiagnosed OSA on case identification algorithms has been
discussed extensively with respect to surgical patients.27,28

Using EHR data in the 2 years prior to surgery among pa-
tients referred for preoperative PSG, McIsaac et al concluded
that the use of single diagnostic codes (or their combination) is
inadequate for identifying patients with OSA.28 Although this
concern is valid, the magnitude of the problem may be over-
stated when focusing on surgical patients referred for PSG, as
opposed to the general health system population (as in the
current results). In particular, samples referred for testing are

Figure 3—Site-specific sensitivity and specificity of primary EHR-based OSA identification algorithm.

Sensitivity and specificity of theEHR-basedOSAcasedefinitionof twoormore ICD-9/ICD-10diagnostic codes related toOSA is shownoverall andat eachparticipating site
as a function of PPV, NPVand assumed prevalence. EHR = electronic health record, ICD =, International Classification of Diseases, KPSC = Kaiser Permanente
Southern California, NPV = negative predictive value, OSA = obstructive sleep apnea, Penn = University of Pennsylvania, PPV = positive predictive value.
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likely at higher baseline risk for OSA and thus greatly enriched
for patients with undiagnosed disease. As discussed, it is also
likely the reliance on single occurrences of diagnostic codes,
rather than multiple instances, reduces accuracy because codes
are at times applied prematurely to justify diagnostic testing (ie,
PSG). Similarly, leveraging the entire health record may in-
crease accuracy compared to relying on a2-yearwindowprior to
surgery or PSG. Ultimately, limitations caused by misclassi-
fication bias should be recognized and accounted for (eg, by
controlling for known risk factors) and future analyses should
be performed to understand the effect of undiagnosed disease
in EHR-defined noncases using the current algorithm (eg, by
performing sleep testing in a random subset). Although there
are undoubtedly some noncases with or who will eventually
present with OSA in our sample, almost 70% of EHR-defined
noncases had predicted OSA probabilities below 20% based
on the Symptomless Multivariable Apnea Prediction Score,15

suggesting a low likelihood of OSA in most noncases.
Our study has some limitations. As discussed, noncases are

simply patients in whom OSA has not been diagnosed, and the
NPV pertains to evidence of diagnosis rather than true absence
of disease. Given that male sex is a risk factor for OSA, it is
feasible that physicians are more likely to suspect sleep apnea
in males, which could lead to a higher proportion of undiag-
nosed OSA among females.29 Our study populations were
drawn and validated independently at six different institutions.
Thus, there may have been some differences in the assembly of
the underlying validation samples. Data were generally enriched
for or restricted to thosewho contributed a genetic sample at each
site. These individuals may have been more educated, more
involved in their own health care, or enriched for other disorders
(eg, cardiovascular disease, cancer, and type II diabetes) if data
were genotyped by investigators interested in research pertaining
to specific conditions. However, the algorithm performed well at
the University of Pennsylvania, which leveraged patients from
the entire health system. Moreover, patients were required to
have at least 1 year of enrollment/participation in the health
system; this could exclude patients with frequent changes in
health insurance or providers. Clinical chart reviews were
necessarily performed by different individuals at each of the
participating sites with access to details in the electronic
medical records. Although common guidelines were used,
this could lead to some variation in the approaches to vali-
dation of case or noncase status. However, our approach
showed high reliability when comparing a random sample of
clinical diagnoses between two independent reviewers at
each site. Despite these potential differences, we were able
to show similar and well-performing predictive characteris-
tics at each site, further highlighting the utility of the pro-
posed algorithm. Although our study sites had a diversity
of source populations from which validation samples were
drawn, results may not generalize as well to other types of
health systems, such as less integrated health systems or
safety-net systems that include more uninsured or vulnera-
ble patients. Most participants included in this validation
study were Caucasian and, thus, results may be less gener-
alizable to other ethnic groups. Additional validation may be
required to fully understand algorithm performance when

expanding the definition proposed here to any new insti-
tution, but in particular at those institutions known for
unique patient characteristics.

CONCLUSIONS

In this study, we developed and validated a simple EHR-based
algorithm for the identification of diagnosed cases of OSA, and
conversely, undiagnosed noncases. The algorithm, which re-
lies solely on instances of ICD-9/ICD-10 diagnostic codes, had
excellent performance and was easy to apply across various
institutions.A simple adjustment to the required number of code
instances can be used to increase the PPV, albeit at the expense
of the number of determinate cases. Although future research is
needed to evaluate the effect of undiagnosedOSA among EHR-
defined noncases, this case identification algorithm can be used
to enhance a number of current research applications, including
defining cases and noncases in existing genetic biorepositories
for analyses of genetic associations. The algorithm may also be
of use to other clinical investigators, clinicians, and population
health caremanagers. Ultimately, the future applications of this
simple case-identification algorithm are widespread, under-
scoring its potential utility.

ABBREVIATIONS

AHI, apnea-hypopnea index
BMI, body mass index
CI, confidence interval
CPAP, continuous positive airway pressure
EHR, electronic health record
ICD, International Classifications of Disease
NPV, negative predictive value
OSA, obstructive sleep apnea
PAP, positive airway pressure
PPV, positive predictive value
PSG, polysomnography
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