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Purpose: Previous studies have demonstrated differences in atrial fibrillation (AF) detection
based on data from hospital sources without data from outpatient sources. We investigated
the detection of documented diagnoses of non-valvular AF in a large Israeli health-care
organization using electronic health record data from multiple sources.

Patients and Methods: This was an open-chart validation study. Three distinct algorithms
for identifying AF in electronic health records, differing in the source of their International
Classification of Diseases, Ninth Revision code and use of the associated free text, were
defined. Algorithm 1 incorporated inpatient data with outpatient data and the associated free
text. Algorithm 2 incorporated inpatient and outpatient data regardless of the free text
associated with AF diagnosis. Algorithm 3 used only inpatient data source. These algorithms
were compared to a gold standard and their sensitivity, specificity, positive predictive value
(PPV), and negative predictive value (NPV) were calculated. To establish the gold standard
(documentation of arrhythmia based on electrocardiography interpretation or a cardiologist’s
written diagnosis), 200 patients at highest risk for having non-valvular AF were randomly
selected for open-chart validation by two physicians.

Results: The algorithm that included hospital settings, outpatient settings, and incorporated
associated free text in the outpatient records had the optimal balance between all validation
measures, with a high level of sensitivity (85.4%), specificity (95.0%), PPV (81.4%), and
NPV (96.2%). The alternative algorithm that combined inpatient and outpatient data without
free text also performed better than the algorithm that included only hospital data (82.9%,
95.0%, 81.0%, and 95.6%, compared to 70.7%, 96.9%, 85.3%, and 92.8%, sensitivity,
specificity, PPV, and NPV, respectively).

Conclusion: In this study, involving a comprehensive data collection from inpatient and
outpatient sources, incorporating outpatient data with inpatient data improved the diagnosis
of non-valvular AF compared to inpatient data alone.

Keywords: atrial fibrillation, validation, electronic health records

Introduction

Atrial fibrillation (AF) is a common cardiac arrhythmia, associated with high rates
of stroke, heart failure, and mortality." Many current studies, aiming to identify
patients with AF to study the epidemiology of the disease and improve quality of
care, rely on diagnostic data from administrative sources or electronic health
records (EHR).>™* Using EHR for this purpose has many challenges, such as

5,6

misclassifications, documentation errors, and missing data.”” Extraction and coding
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of unstructured free text associated with diagnosis in the
EHR, when available, may also be an asset or an added
challenge. To our knowledge, there is no consistency in
the way patients with AF are defined using EHR in various
health settings.

Electrocardiographic data (ECG) are important for
establishing a diagnosis of AF.”® Unfortunately, many
EHR databases, based on administrative data, do not
have access to ECG tracings, which limits sensitivity for
AF diagnosis. Previous studies have also demonstrated
differences in AF populations based on accessing EHR
data from hospital sources without access to data from
outpatient sources.” >> In a review published in 2012,*
sixteen algorithms for identification of AF from EHR
were described. While the majority of the algorithms

10-13,16-18,21,23,24

accessed data from hospital sources,

only four used both inpatient and outpatient data,’'***?
and two studies used only outpatient data.'*'> Validation
of different algorithms varied by the data sources, with
lower sensitivity for algorithms based on only one source
of information and higher positive predictive value (PPV)
for algorithms based on hospital records only. Algorithms
also varied by International Classification of Diseases,
Ninth Revision (ICD-9) AF code. In addition, various
studies used different gold standards and different popula-
tions with disparate levels of risk. Differences also
occurred when using EHR data to define incidence as
opposed to prevalence.

The present study aimed to investigate the detection of
documented diagnoses of AF in a health system that had
access to EHR data from inpatient as well as outpatient
sources and from various administrative databases contain-

ing diagnostic information.

Methods

Study Design

This was an open-chart validation study of three distinct
algorithms based on EHR data, each of which differed in
the elements establishing the diagnosis, namely, data
source and free text written by the physician while doc-
umenting the diagnosis. This study has been approved by
Meir medical center review board and Clalit health ser-
vices outpatients review board. No patient consent was
required by the review boards as it is a retrospective
study. Our research complies with the Declaration of
Helsinki and the ethic of patient data confidentiality.

Data Source

In Israel, all citizens are registered for basic health care
from any of the four payer-provider health funds. Payment
amount for the health insurance is determined according to
income, and every patient has the right to change provider
with no explanation or any conditions. Clalit Health
Services (Clalit), the largest integrated payer-provider
health-care organization in Israel, provides total medical
care, primary care, specialty care, and hospitalization cov-
erage, to approximately 52% (over 4.2 million members)
of the population. Membership turnover within Clalit is
around 1% annually, facilitating long follow-up with the
ability to identify many incident cases. Clalit has an exten-
sive EHR data warehouse that contains data from multiple
administrative and clinical sources, including inpatient and
outpatient diagnoses (based on ICD-9 codes), billing
codes, pharmacy data, medical procedures and chronic
disease registries. In addition, in the outpatient setting,
each diagnosis code is automatically associated with
a supportive text, which may be entered by the physician.
This supportive text becomes part of the retrievable diag-
nostic information and is available at Clalit’s EHR data
warehouse. By utilizing in-house automatic anonymous
queries, all structured (ie, ICD-9 codes) and unstructured
(ie, diagnosis associated free text) information are
extracted and analyzed. These automatic queries enable
the capture of a wide range of terminology, acronyms
and abbreviations, and the use of this information to con-
firm individuals with or without a selected disease in the
ICD-9 data set.

Process

Three separate algorithms for detection of documented
diagnoses of AF in Clalit’s EHR data warehouse were
defined and compared to a gold standard, established by
open-chart reviews by two physicians. Based on the most
valid algorithm (CRI’s AF algorithm), all Clalit members
aged>40 years who had >2 years of continuous member-
ship in Clalit and documentation of AF diagnosis through
31 December 2015 were identified.

Establishing the Gold Standard

Utilizing an in-house predictive model to identify members
with AF, 200 patients at the 20% highest risk quartile and
who had been treated in two (of 14) major Clalit medical
centers, including both in-patient and clinic visits, were ran-
domly selected for establishing the gold standard based on
open-chart reviews (see Supplementary 1, e-Tables 1-3 for
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Table | Source of Information for the Three AF Algorithms

Algorithm Data Source 1 2 3
Community: Supporting free text v

Community: ICD-9 codes v v

Hospital: ICD-9 codes v v v

Note: Check marks represent the specific source of information that was used for
each algorithm.

Abbreviations: AF, atrial fibrillation; ICD-9, International Classification of
Diseases, ninth revision.

more information). This method enabled the recognition of
both positive and negative diagnoses.

Open-chart reviews of the 200 clinic records were car-
ried out by two physicians, a cardiologist and an internist.
An individual was considered as an AF patient if he/she had
documentation of arrhythmia based on ECG interpretation
or cardiologist’s explicit and detailed written diagnoses. In
case of disagreement between the two physicians, the chart
was re-opened by the cardiologist to determine the final
diagnosis. This review established the gold standard of
identifying AF.

Table 2 Characteristics of Individuals with Atrial Fibrillation®

Individuals Clalit Members
Identified as Aged >40 with
Having AF Documented AF
Based on Open- | (n=174,188)
Chart Review
(n=41)
Age (years)
4044, n (%) 0 1555 (0.9)
45-54, n (%) 0 8957 (5.1)
55-64, n (%) 8 (4.0) 22,342 (12.8)
65-74, n (%) 76 (38.0) 43,679 (25.1)
75-84, n (%) 91 (45.5) 62,541 (35.9)
85+, n (%) 25 (12.5) 35,114 (20.2)
Mean (SD) 76.7 (6.5) 74.7 (11.5)
Median (IQR) 76 (72-80) 76 (68-83)
Sex, n (%)
Male 131 (65.5) 82,671 (47.5)
Female 69 (34.5) 91,517 (52.5)
Comorbidity, n (%)
Hypertension 41 (100) 134,627 (77.3)
Ischemic stroke 3(7.3) 18,112 (10.4)
Ischemic heart disease | 100 (50.0) 87,406 (50.2)
Diabetes 59 (29.5) 57,581 (33.1)

Note: *As of date of AF diagnosis.
Abbreviations: Clalit, Clalit Health Services; AF, atrial fibrillation; SD, standard
deviation; IQR, interquartile range.

Table 3 Validity and Accuracy Measurements of the Three
Different Algorithms Based on Different Data Sources

Algorithm
| 2 3
Data Inpatient: ICD-9 codes Inpatient: ICD- | Inpatient:
source Outpatient: ICD-9 9 codes ICD-9
codes and supporting Outpatient: codes
free text ICD-9 codes
Sensitivity | 85.4% 82.9% 70.7%
Specificity | 95.0% 95.0% 96.9%
PPV 81.4% 81.0% 85.3%
NPV 96.2% 95.6% 92.8%

Abbreviations: PPV, positive predictive value; NPV, negative predictive value.

Defining Potential Algorithms for AF Detection in
Clalit EHR Data Warehouse
Based on information in Clalit’s EHR data warehouse,
three separate algorithms, differing in the source of their
ICD-9 code and use of the associated supportive text, were
defined (Table 1). Algorithm 1 incorporated inpatient and
outpatient data. Specifically, individuals were considered
to have AF if they had at least one documentation of AF
from hospital records based on ICD-9 codes (427.3x
[427.3, 427.31 and 427.32]) or outpatient records, based
on both ICD-9 codes and supportive text that was asso-
ciated with the documented diagnosis. By using automatic
anonymous query, the supportive text that is associated
with the documented diagnosis in Clalit’s data warehouse
was automatically extracted and analyzed and the rele-
vance for AF diagnosis was evaluated. This differs from
the validation process which involved open-chart review
of all the textual material. Phrases considered as relevant
for AF diagnosis included “Atrial Fibrillation” or “Atrial
Flutter” as a sole expression, or with additional informa-
tion including: auricular, rapid, slow, paroxysmal, convert
to sinus, chronic, permanent, persistent, Coumadin treated,
status post, post cardioversion (D/C), recurrent, along
with year of diagnosis. Phrases that ruled out a definitive
diagnosis of AF included: suspected AF, AF ruled out,
AF?, and tachycardia. Records with a relevant code and
free text for AF diagnosis, as well as records with missing
ICD-9 codes but with relevant text, were considered as an
AF diagnosis. Records with a relevant code for AF but text
that did not support a definitive diagnosis of AF were not
considered as documentation of AF diagnosis.

Algorithm 2 incorporated inpatient and outpatient data
regardless of the free text associated with AF diagnosis.
Specifically, individuals were considered as AF patients if

Clinical Epidemiology 2020:12

submit your manuscript

479

Dove


http://www.dovepress.com
http://www.dovepress.com

Reges et al

Dove

they had at least one documentation of AF in hospital
records or in the outpatient records — based on ICD-9
codes only without supportive free text. Records with
missing ICD-9 codes but relevant text were not included
in this Algorithm.

data
Individuals were considered as having AF if they had at

Algorithm 3 wused only inpatient source.
least one documentation of AF in hospital records based
on ICD-9 codes.

These three algorithms were compared to the gold stan-
dard. The added effect of incorporating outpatient informa-
tion to inpatient was evaluated, and the algorithm with the
optimal balance between all validation measures (sensitivity,
specificity, positive predictive value (PPV), and negative

predictive value (NPV)) was selected as CRI’s AF algorithm.

Identification of Individuals with AF Diagnosis in
Clalit Data Warehouse

In order to provide Clalit’s policy makers further valid
evidence regarding AF to appropriately target interventions,
all individuals aged >40 years who had >2 years of contin-
uous membership in Clalit and documentation of AF diag-
nosis in Clalit’s EHR through 31 December 2015 were
identified based on CRI’s AF algorithm. The date of the
first documentation of AF was considered as the individual
patient’s index diagnosis date. The source of the first AF
documentation was considered as an individual patient’s
index diagnosis source (inpatient or outpatient). Patients
were classified as having a newly incident AF case if they
had, after 2 years of continuous membership without an AF
diagnosis, a first documentation of AF in either a hospital,
as a primary or secondary diagnosis, or in the outpatient
setting that included text suitable for new AF case. Patients
who had a first documentation of AF in a hospital as a past
diagnosis, as well as patients who had a first documentation
of AF in the outpatient setting that included suitable text for
a previous AF diagnosis, were classified as prevalent cases.
Mortality during the 2 years after index diagnosis was
evaluated. Recurrent documentations of AF diagnosis
were evaluated only for patients who survived at least
2 years following the index diagnosis.

Baseline Measurements

Baseline measurements as of index diagnosis included age
(years), sex (male, female), and diagnosis of ischemic
heart disease, ischemic stroke, hypertension, and diabetes.
Comorbidity variables were evaluated based on any doc-
umentation prior index date.

Statistical Analysis

Descriptive statistics (totals, proportions, means [standard
deviation], and medians [interquartile range]) were used to
present socio-demographic and clinical characteristics as
of index diagnosis for individuals who were selected for
open-chart validation and diagnosed with AF and for all
individuals aged >40 years with documented AF in Clalit’s
EHR. For each algorithm, the following measurements
were calculated: sensitivity (the proportion of actual
patients with AF who were correctly identified as positive
by the algorithm), specificity (the proportion of patients
without AF who were correctly identified as negative by
the algorithm), positive predictive value (PPV, proportion
of patients identified as positive by the algorithm who
actually had AF), and negative predictive value (NPV,
proportion of individuals identified as not having AF by
the algorithm who did not have AF).

Results

Open-Chart Validation

Of the 200 charts reviewed by two physicians, 41 (20.5%)
were identified as having AF. Main characteristics of these
individuals are described in Table 2.

A comparison between the three different AF algorithms
with physician’s definition (gold standard) is presented in
Table 3. Algorithm 1, which defined AF diagnosis based on
information from the hospital (using ICD-9 codes) and out-
patient settings (using ICD-9 codes and supportive free text)
provided the optimal balance between all validation mea-
sures, with a high level of sensitivity (85.4%), specificity
(95.0%), PPV (81.4%), and NPV (96.2%). Algorithm 2,
which was also based on information from the hospital and
outpatient settings but did not include text validation of
outpatient records, provided a lower level of sensitivity
(82.9%), same level of specificity (95.0%), and similar
levels of PPV (81.0%) and NPV (95.6%). Algorithm 3,
which included ICD-9 codes from the hospital setting only,
reached 85.3% PPV, but had the lowest level of sensitivity
(70.7%). For policy planning, additional results were exam-
ined according to algorithm 1.

Documentation of AF Diagnosis in Clalit’s

EHR

Based on Algorithm 1, there were 174,188 individuals aged
>4() years (mean, SD: 74.7, 11.15) who were identified with
AF in the Clalit data warehouse (according to hospital and
outpatient records as of 31 December 2015). Of these,
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47.5% were males and 77.3%, 10.4%, 50.2%, and 33.1%
had history of hypertension, ischemic stroke, ischemic heart
disease, and diabetes, respectively. Compared to these
patients, individuals who were identified as having AF
based on open-chart review were more likely to be male
and with history of hypertension (Table 2). For 95,980
patients, the source for first documentation of AF was
from hospital records (as a sole source of information or
with additional documentation in the outpatient records).
For 78,208 patients, the index diagnosis source was from
the outpatient records only. With respect to records from
outpatient sources, 73,889 individuals were defined as hav-
ing AF based on a relevant ICD-9 code together with text
that was suitable for AF diagnosis, and 4319 patients were
recognized as having AF based on supportive text only.
There were 1590 patients with ICD-9 codes indicating AF
but with text that ruled out a definitive diagnosis of AF.
These individuals were not considered as having AF.

During the 2 years after index diagnosis, 47,835
patients with AF died. Of 126,353 patients who were
labelled as having AF and survived 2 years after the
index diagnosis, 108,803 (86%) had at least one recurrent
documentation after the initial documentations, with more
documentation in the outpatient setting [mean (standard
deviation): 3.5 (5.4)] compared to in the hospital [mean
(standard deviation): 1.8 (3.0)].

Incident versus Prevalent Cases

Of 174,188 individuals with a documentation of AF in
Clalit’s EHR, 171,222 were classified as newly incident
AF cases; of these, 94,420 patients had first documentation
of AF in a hospital as a primary or secondary diagnosis, and
76,802 had a first documentation of AF in the outpatient
setting (that included text suitable for new AF diagnosis
[atrial fibrillation, atrial flutter, rapid AF, slow AF, parox-
ysmal AF, AF converted to sinus, AF — post D/C]). The
remaining 2966 patients diagnosed with AF were classified
as prevalent cases; 1560 had a first documentation of AF in
a hospital as a past diagnosis, and 1406 had a first docu-
mentation of AF in the outpatient setting (that included text
suitable for old AF [chronic AF, permanent AF, persistent
AF, Warfarin treated, status post (s/p) AF, and recur-
rent AF]).

Discussion

The present study utilizes an extensive hospital and out-
patient EHR system and evaluated the validity of three
algorithms differing on the sources utilized in establishing

AF diagnosis and on use of free text that describe the
written diagnosis. The major difference in the respective
algorithms was the origin of diagnosis (hospital versus
outpatient). The broadest of the three algorithms, which
included both hospital and outpatient settings and incorpo-
rated associated free text in the outpatient records, was
shown to be the most valid system. This algorithm was the
most sensitive and with high level of PPV and NPV when
assessed in an open-chart validation by a cardiologist and
an internist, based on codes and text and review of
archived ECGs and Holter reports when available.

The three algorithms yielded comparable specificities
(>95%) and NPV (>93%), demonstrating that they all had
good ability to rule out an AF diagnosis, and to correctly
label AF status. They mainly differed with respect to
sensitivity, with better performance when including out-
patient sources. This is, however, a critical difference
when the aim is to find candidates for an intervention. In
2012, Jensen et al* published a review of studies describ-
ing validated algorithms for identifying patients at risk for
incident AF. Of 281 published articles, they identified 16
unique studies. Of these, 10 used only hospital data, two
used only outpatient data, and only four used combined
data sources. Most of these studies relied on ICD-9 coded
data and only one study attempted to define incident cases.
They demonstrated considerable variability in the sensitiv-
ity of the algorithms reported, ranging from 56.9% to
87.7%. The PPV yielded by the three algorithms, ranged
from 81.4% (broadest algorithm) to 85.3% (inpatients
only), lower than some previous studies.’*?’ Sundboll
et al evaluated PPVs of cardiovascular diagnosis in the
Danish National Patient Registry and reported PPV of 95%
for atrial fibrillation or flutter. False information in the data
warchouse may be a result of either misdiagnosis or
a problem in the transfer of the diagnosis from the
patient’s chart into the data warehouse.

With advances in computer technologies, the capability
of text analysis has recently been added as an adjunct in the
construction of algorithms for defining cardiovascular
conditions.” In the current study, the additional analysis of
the free text fields that described AF diagnosis in the EHR
yielded modest improvement in PPV and NPV (Table 3).
This suggests that at present, diagnostic coding, which incor-
porates present and historical data from both outpatient and
hospital settings without unstructured free text, may be suffi-
cient to provide reliable AF case detection. This observation
is quite consistent with that of Wang et al,>” who examined
seven different algorithms utilizing different elements and
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found that combining outpatient and hospital diagnoses
yielded an optimal model. The validation of these simpler
algorithms is important as broad datasets may not be avail-
able to all potential users. In fact, in many insurance claims
data sets and health-care sites, free text information and/or
applicable automatic algorithms to extract and analyze free
text are not available. Having said this, despite the modest
contribution of textual analysis to the validity of AF defini-
tion, it is possible that free text analysis may have more
significance for other disease entities.

Previous studies used populations with different levels
of risk in order to facilitate the testing of potential algo-
rithms. While some studies have been based on the general
population, others have focused on high-risk AF patients,
specifically, the elderly, hospitalized patients or those man-
ifesting strokes, and individuals with heart disease, hyper-
tension or other associated conditions. The validation
dataset utilized for the chart reviews in the current study
was defined as individuals at the highest risk by a five
block stepwise logistic model. Despite the impact of uti-
lizing such a select population, which may increase the
PPV, this created an ideal sub-population with high num-
bers of patients with AF for open-chart validation. In
addition, this approach provided the ability to estimate
specificity and NPV which is often difficult in electronic
data validation studies because of the challenge in identi-
fying true negatives.

The creation and validation of the CRI’s AF algorithm
enabled Clalit’s policy makers to identify all individuals
(174,188) with a documentation of AF in Clalit’s EHR.
This is an important asset when considering newer and
more costly interventions. The extremely low annual turn-
over in Clalit facilitated adequate follow up over a long
period to identify new cases (171,222).

A major strength of the present study is the large stable
population and the availability of free text in the outpatient
records both of which combined to give more precise
categorization between prevalent and incident AF. In addi-
tion, by choosing our validation sample from a population
identified initially as high risk, we were able to measure
both true positives and negatives.

This study also had some limitations. First, similar to
most previous studies, the current study focused on valida-
tion of algorithms for identifying prevalent AF rather than
incident AF. Despite this, the availability of free text
associated with a written diagnosis enabled us to utilize
free text associated with the outpatient records and by
better identifying first events to distinguish true incidence

and prevalence. Second, it was feasible to open and review
only 200 charts. Therefore, the study population was
selected from a list of individuals at highest risk. This
method enabled the recognition of both positive and nega-
tive diagnoses. However, the performance metrics reported
in this study represent the validation of the algorithms for
a high-risk population and not for the general population.
It is possible that different bounds could be achieved in
broader patient populations. Third, individuals were
selected for open-chart review only if they had been trea-
ted in two of 14 major Clalit medical centers. Although
these medical centers include ambulatory clinic visits, the
primary care clinics may be underrepresented. Therefore,
this study focused on evaluating the added effect of incor-
porating outpatient information to inpatient and refrained
from presenting an algorithm for the outpatient records
only. Lastly, although Clalit is the largest health provider
in Israel and the membership in one of the four health
providers is not affected by the payment for the health
insurance, the results of this study might not be represen-
tative for the entire population of atrial fibrillation patients
in Israel.

Conclusion

In summary, the present study demonstrates the importance
of combining inpatient and outpatient records for identifica-
tion of individuals with AF in EHR data. Among individuals
at highest risk for having non-valvular AF, incorporating
outpatient records in the algorithm, in addition to inpatient
records, may significantly contribute to increase sensitivity
with a relatively small decrease in PPV.
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