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BACKGROUND Systematic case identification is critical to
improving population health, but widely used diagnosis code–
based approaches for conditions like valvular heart disease are inac-
curate and lack specificity.

OBJECTIVE To develop and validate natural language processing
(NLP) algorithms to identify aortic stenosis (AS) cases and associ-
ated parameters from semi-structured echocardiogram reports and
compare their accuracy to administrative diagnosis codes.

METHODS Using 1003 physician-adjudicated echocardiogram re-
ports from Kaiser Permanente Northern California, a large, integrated
healthcare system (.4.5 million members), NLP algorithms were
developed and validated to achieve positive and negative predictive
values . 95% for identifying AS and associated echocardiographic
parameters. Final NLP algorithms were applied to all adult echocardi-
ography reports performed between 2008 and 2018 and compared to
ICD-9/10 diagnosis code–based definitions for AS found from 14 days
before to 6 months after the procedure date.

RESULTS A total of 927,884 eligible echocardiograms were identi-
fied during the study period among 519,967 patients. Application
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of the final NLP algorithm classified 104,090 (11.2%) echocardio-
grams with any AS (mean age 75.2 years, 52% women), with only
67,297 (64.6%) having a diagnosis code for AS between 14 days
before and up to 6 months after the associated echocardiogram.
Among those without associated diagnosis codes, 19% of patients
had hemodynamically significant AS (ie, greater than mild disease).

CONCLUSION A validated NLP algorithm applied to a systemwide
echocardiography database was substantially more accurate than
diagnosis codes for identifying AS. Leveraging machine learning–
based approaches on unstructured electronic health record data
can facilitate more effective individual and population management
than using administrative data alone.
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Introduction
Systematic, population-level tracking and management of
chronic diseases is critical to improving individual and pop-
ulation health. However, for many medical conditions, large-
scale identification of affected patient populations is not
feasible unless patients have been prospectively entered
into clinical registries. For example, valvular heart disease
is a common condition affecting millions of persons annu-
ally,1 with most cases identified incidentally as part of cardio-
vascular imaging in asymptomatic patients at various stages
of disease severity. Furthermore, until patients meet clinical
indications for valvular repair or replacement owing to pro-
gression of the valvular disease, they typically undergo serial
surveillance by echocardiography. Once disease severity be-
comes moderate or severe, surveillance is critical to ensure
patients receive appropriate, timely medical and/or surgical
therapy to prevent heart failure and associated complications.

Unfortunately, in the absence of systematic programs to
ensure all patients with valvular heart disease are appropri-
ately followed, it is left to individual physicians to track
and manage these patients, which can be challenging without
adequate resources or follow-up systems in place. To develop
such systems, administrative diagnosis codes are often used
to support population management and quality reporting,
particularly in large healthcare systems or by payor organiza-
tions. However, limitations of diagnosis codes are well
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documented and include inaccuracy (ie, false-positives and
false-negatives) when compared against manual review of
medical records, lack of detail (eg, disease severity), and var-
iable patterns of coding across physicians, practices, and
health systems.2 Newer methods to overcome these chal-
lenges include the application of natural language processing
(NLP) algorithms, which are sophisticated machine-learning
algorithms that can be applied to large volumes of unstruc-
tured free text and semi-structured clinical data (eg, physician
progress notes or radiology reports).3 NLP methods have
been applied to multiple clinical areas involving unstructured
text and big data,4–8 but less often to identify chronic disease
cohorts for population management.9,10 Echocardiography
data contain detailed clinical information but are generally
semi-structured with unstructured free text sections and not
feasible to extract manually on a large scale. NLP methods
offer an opportunity to capture the needed clinical data
from echocardiograms to develop system-level cohorts of
valvular heart disease patients to facilitate more effective in-
dividual and population management.

We addressed these challenges by developing and vali-
dating detailed NLP algorithms to accurately identify patients
with aortic stenosis (AS) and associated parameters from
echocardiography reports, and compared the accuracy of
the NLP algorithm to the use of administrative diagnostic co-
des to identify patients with AS in a large, diverse,
community-based population.
Methods
Study population
The study population was derived from members in Kaiser
Permanente Northern California (KPNC), a large, integrated
healthcare delivery system currently providing comprehen-
sive inpatient, emergency department, and outpatient care
for .4.5 million members in 21 hospitals and .255 outpa-
tient clinics across Northern California. The KPNC member-
ship is highly representative of the surrounding local and
statewide population in terms of age, sex, and race/
ethnicity.11

This study was approved by the KPNC institutional re-
view board. Waiver of informed consent was obtained owing
to the nature of the study.
Study sample
We identified all patients aged�18 years who underwent�1
echocardiogram performed as part of usual clinical care be-
tween January 1, 2008 and December 31, 2018 within
KPNC. We excluded patients who were not active health
plan members in KPNC at the time of the echocardiogram
or who had unknown sex.
Outcomes
The primary outcomes were the accuracy of NLP algorithms
for detecting presence of AS, characterizing severity of AS,
and identifying other echocardiographic variables. We also
examined the concordance of identifying the presence of
AS through an NLP algorithm compared to using ICD-9 or
ICD-10 diagnostic codes.
Assembly of development and validation samples
of echocardiogram reports
Echocardiogram reports in KPNC are semi-structured free
text reports written by physicians, with generally 3 sections:
(1) Summary/Impression, (2) Findings, and (3) Measure-
ments. As expected, there is significant variability in the lan-
guage used in echocardiographic reporting across physician
readers, depending on use of free text, health system–wide
standard text phrases, or personal templates that are allowed
within the echocardiogram software application and elec-
tronic health record (EHR). All 21 hospitals used the same
electronic reporting system, the McKesson Cardiology
Echo reporting system, which underwent several upgrades
and updates over the study period, and which offered a
high degree of flexibility for the reading physician
(Supplemental Material).

To develop and validate our NLP algorithms, we created 1
development and 3 distinct validation datasets from echocar-
diogram reports between 2008 and 2018. Each dataset con-
sisted of approximately 50% echocardiograms with AS as
documented by the interpreting cardiologist of the echocar-
diogram, which was confirmed by manual review of the
report by a board-certified cardiologist (M.D.S.). Presence
of AS was defined as the interpreting physician’s written
assessment within the echocardiogram. The remaining 50%
in each dataset included echocardiogram reports without
any AS documented by the interpreting reader, also
confirmed bymanual physician review for the study. To iden-
tify candidate echocardiograms for each dataset, studies from
patients with relevant ICD-9 or ICD-10 (International Clas-
sification of Diseases, Ninth and Tenth Revision) codes for
AS were identified (Supplemental Table 1) for review. All
echocardiograms selected for each dataset were randomly
sampled from across the study period to ensure temporal vari-
ation. For the bicuspid aortic valve (BAV) algorithm, sepa-
rate development and validation datasets were required to
enrich the development and validation datasets with BAV pa-
tients, given the low general prevalence of BAV. We identi-
fied patients with potential BAV based on relevant ICD-9
(746.4) or ICD-10 codes (Q23.1) and a physician reviewer
(M.D.S.) confirmed the presence of BAV, as well as the pres-
ence, absence, and severity of AS based upon the reading
physician’s determination. For all development and valida-
tion datasets (non-BAV and BAV), values of the study’s
associated echocardiogram variables (eg, left ventricular
ejection fraction [LVEF] and hypertrophy [LVH], mean
aortic valve [AV] gradient, etc) were also confirmed via
manual review of echocardiogram reports by a cardiologist
(M.D.S.).



158 Cardiovascular Digital Health Journal, Vol 2, No 3, June 2021
Development and validation of the natural
language processing algorithms
Our goal was to develop a detailed, structured database of
echo data from semi-structured echo reports with free text
sections using NLP, and to compare AS identification using
NLP to using administrative codes alone. The NLP algo-
rithms were developed using I2E software (version 5.4.1;
Linguamatics, Inc, Cambridge, UK), which facilitates rapid
text mining of unstructured EHR data through the creation
of flexible and sophisticated rules-based search algorithms
(Supplemental Material). Unique algorithms were developed
to abstract data for each of the following variables: (1) pres-
ence of native valve AS (ie, interpreting physician’s assess-
ment); (2) severity of AS (ie, physician assessment of mild,
mild-to-moderate, moderate, moderate-to-severe, or severe
AS); (3) AV maximum velocity (AV max, m/s); (4) peak
AV gradient (mm Hg); (5) mean AV gradient (mm Hg); (6)
AV velocity-time integral (AV VTI, cm); (7) left ventricular
outflow tract (LVOT) VTI (cm); (8) LVOT diameter (cm);
(9) AV area (cm2); (10) LVEF (%); (11) end-diastolic volume
(mL); (12) ESV (mL); (13) LVH (ie, mild, mild-to-moderate,
moderate, moderate-to-severe, or severe); (14) presence of
BAV; (15) end-diastolic diameter (cm); and (16) end-
systolic diameter (cm). Echo reports with prosthetic AV
were identified by the presence of AS query and coded as
not having AS (ie, the query is specific for native valve
AS, not prosthetic valve AS or text that may describe
patient-prosthesis mismatch).

Our target positive predictive value (PPV) and negative
predictive value (NPV) values were .95%. For each vari-
able, we refined the initial NLP algorithmwithin the develop-
ment dataset until PPV and NPV of .95% were achieved.
Table 1 Performance of aortic stenosis natural language processing al

Variable Development

PPV
Global aortic stenosis† 100%
Aortic stenosis severity‡ 100%
Aortic valve max velocity† 100%
Left ventricular ejection fraction† 100%
Peak aortic valve gradient† 100%
Mean aortic valve gradient† 99%
Left ventricular hypertrophy‡ 100%
Aortic valve velocity time integral* 100%
Left ventricular outflow tract velocity
time integral*

100%

Left ventricular outflow tract diameter* 100%
Aortic valve area* 100%
End diastolic volume* 100%
End systolic volume* 100%
End diastolic diameter† 100%
End systolic diameter† 100%
Bicuspid aortic valve* 100%

The bicuspid aortic valve natural language processing algorithm used separate d
*These algorithms met specified performance criteria in the first tested validation
confirmation of accuracy.
†Required iteration and testing in 2 validation datasets to meet specified perform
‡Required iteration and testing in 3 validation datasets to meet specified perform
Each algorithm was then tested on the Validation 1 dataset.
If the initial PPV and NPV yielded .95%, the algorithm
was considered finalized. If not, the algorithm was iteratively
refined until PPV and NPV.95%were achieved, then tested
on the next validation dataset, and the process was repeated
until the algorithm achieved PPV and NPV.95% on an un-
tested validation dataset. For additional validation of algo-
rithm accuracy, if an algorithm achieved the target .95%
PPV and NPV on the first validation test, a second validation
was performed on a subsequent validation dataset to further
confirm accuracy of the algorithm. For final confirmation
of accuracy, all completed algorithms were applied to the
full dataset of echocardiograms from the 2008-2018 study
period, and .300 echocardiograms were randomly selected
to confirm PPV remained .95% based on manual review.

Ascertainment of aortic stenosis by diagnosis
codes
Among cohort members, we identified all inpatient, emer-
gency department, and outpatient encounters with an ICD-9
or ICD-10 diagnosis code for AS captured in any diagnosis
position during the study period.

Statistical analysis
Analyses were performed using SAS software, version 9.4
(SAS, Cary, NC). We applied the final NLP algorithm for
identifying AS (ie, based on the echocardiogram’s reading
cardiologist’s assessment of the presence of AS), to all
2008-2018 echocardiogram reports (transthoracic, transeso-
phageal, or stress echo, including full and limited studies)
performed in eligible patients during the study period. We
then compared results to administrative diagnosis
gorithms

dataset results Final validation dataset results

NPV PPV NPV
99% 99% 99%
98% 99% 96%
100% 98% 100%
100% 99% 100%
100% 99% 98%
99% 100% 98%
100% 100% 95%
100% 100% 100%
100% 100% 100%

100% 100% 99%
100% 100% 100%
100% 100% 100%
100% 100% 100%
96% 100% 96%
97% 100% 96%
97% 97% 100%

evelopment and validation datasets enriched for patients with this condition.
set. They were additionally tested in a second validation dataset for further

ance criteria.
ance criteria.



Table 2 Positive and negative predictive values of natural
language processing algorithm and ICD 9/10 diagnostic codes to
identify aortic stenosis compared with physician manual
adjudication of medical records in the development and validation
datasets

Total echocardiograms in aortic stenosis development and
validation datasets

(N 5 1003) PPV NPV

Identification by ICD 9/10 codes 59% 96%
Identification by NLP algorithm 99% 99%

ICD 9/10 5 International Classification of Diseases, Versions 9 and 10;
NLP 5 natural language processing; NPV 5 negative predictive value;
PPV 5 positive predictive value.
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code–based definitions of AS (ICD-9 or ICD-10 codes)
found from 14 days before to 6 months after the echocardio-
gram date. This allowed for a code-based identification of pa-
tients who may have had known AS before the
echocardiogram, as well as application of new AS diagnosis
codes to the patient’s chart if the echocardiogram identified
incident AS.

We calculated the PPV and NPV of both NLP algorithms
and administrative diagnostic codes to identify AS from the
development and validation datasets using the physician-
adjudicated echocardiogram result as the “gold standard.”
We also calculated and compared the number of echocardio-
grams with AS identified through NLP compared to those
identified using administrative diagnostic codes during the
full 2008-2018 study period. Patients with prosthetic valves
were identified through the validated NLP algorithms and
removed from the analysis of AS ascertainment via NLP vs
administrative diagnostic codes. As a sensitivity analysis,
we examined this concordance in both the ICD-9 and ICD-
10 era, using October 1, 2015 as the transition date to ICD-
10 codes. Finally, we calculated the distribution of AS
severity, using the validated AS severity NLP algorithm,
among those patients with AS identified by NLP but not iden-
tified by administrative diagnostic codes, to determine if AS
cases without associated diagnosis codes reflected mild
through severe disease.
Results
Dataset assembly, accuracy of NLP algorithms, and
baseline characteristics
Among eligible echocardiograms between 2008 and 2018, a
total of 1003 were selected for the development and validation
datasets (210 in the development dataset, 193 in Validation 1
dataset, 300 in Validation 2 dataset, and 300 in Validation 3
dataset, each of which had approximately 50% with AS of
any severity by reading physician assessment, and 50%
without any identified AS). Development and validation of
NLP algorithms for all 16 AS and associated variables were
completed, with final PPV and NPV .95% achieved for
each variable (Table 1 and Supplemental Table 2) Most vari-
ables required iterative testing in 2 validation datasets to ensure
that the initial PPV and NPV met our performance criteria.
Two queries, AS severity and LVH, required 3 iterations of
testing in validation datasets, driven by a higher degree of vari-
ability in how physicians reported these measures. The most
structured variables from echocardiogram reports, such as
AV VTI, LVOT VTI, LVOT diameter, AV area, end-
diastolic volume, and end-systolic volume, met our perfor-
mance criteria after initial development, but we further
confirmed that performance characteristics remained at target
levels by testing in a second validation dataset.

Based on examining accuracy of AS identification from
the 1003 physician-adjudicated echocardiogram reports, the
developed NLP algorithms were more accurate than using
administrative diagnostic codes searched between 14 days
prior to and 6 months after the respective echocardiogram
date, with PPV and NPV for AS identification with NLP be-
ing higher than using diagnostic codes (Table 2). The higher
NPV (96%) than PPV (59%) for identifying AS with codes
indicates there were more false-positives using codes alone
(ie, an ICD-9/10 code for AV disease but no echocardio-
graphic evidence of AS) than false-negatives (ie, no ICD-9/
10 code for an associated echo showing AS) among the
development and validation datasets.

Between 2008 and 2018, we identified 927,884 eligible
echocardiograms within KPNC (Figure 1). All 16 echocar-
diogram algorithms achieved PPV . 95% in over 300
randomly selected echocardiogram reports from the full
2008-2018 dataset. Using our final NLP algorithm for the
presence of AS (based upon the reading physician’s interpre-
tation of the echocardiogram), we classified 104,090 echo-
cardiograms (11.2%) from 53,791 unique patients with AS.
Patients with AS had mean (standard deviation [SD]) age
75.2 (12.2) years; 52.1% were women, 5.2% Black, 8.4%
Asian/Pacific Islander, and 11.1% Hispanic; and had median
(interquartile range) 2 (1–4) echocardiograms per patient dur-
ing the study period. In general, AS patients were signifi-
cantly older, comprised a higher proportion of white/
European patients, and had more echocardiograms per pa-
tient than those without AS (Supplemental Table 3).
Concordance of administrative diagnosis codes
with NLP-based classification of AS and severity
Among 104,090 echocardiograms classified by NLP as hav-
ing AS, only 64.6% (n5 67,297) had a diagnosis code for AS
between 14 days before and 6 months after the echocardio-
gram date (Table 3). Findings were similar when stratified be-
tween the ICD-9 and ICD-10 eras (Supplemental Table 4). In
addition, among the patients with 101,811 echocardiograms
associated with a diagnosis code for AS within the specified
time period before and after the echocardiogram, the PPV for
a diagnosis code–based identification of AS was only 66.1%
using the NLP-based classification as the gold standard, indi-
cating that a codes-based approach did not capture 33.9% of
patients with AS noted on echocardiogram. Of note, among
the 826,073 echocardiograms without a diagnosis code for
AS within the specified time period, the NPV was 95.5%
based on the NLP-based classification for the absence of



Figure 1 Cohort assembly of echocardiograms for adults with aortic stenosis.
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AS, indicating that over our decade-long study period, 4.5%
(n 5 36,793) of all echocardiograms without an associated
AS diagnosis code actually do have AS based upon the
NLP-based classification. Although among the 823,794
echocardiograms classified by NLP as not having AS, 4.1%
(n 5 34,514) had a diagnosis code for AS between 14 days
before and 6 months after the echocardiogram date, this
rate dropped to 1.1% if the most nonspecific ICD-9 code
(424.1), which codes for both aortic stenosis and aortic regur-
gitation, is excluded, suggesting a substantial degree of
misclassification from administrative diagnosis codes.

Further, in the 104,090 echocardiograms with AS byNLP,
there was a broad distribution of AS severity using the NLP
algorithm, and only 4.2% did not have a specific physician-
designated AS severity level (Table 4). The NLP-derived he-
modynamic parameters matched well to the physician-
designated AS severity level. The mean (SD) AV max for
physician-designated mild, mild-moderate, moderate,
moderate-severe, and severe AS were 2.4 m/s (0.4), 2.8 m/s
(0.5), 3.2 m/s (0.5), 3.6 m/s (0.6), and 4.2 m/s (0.8), respec-
tively; the mean (SD) AV mean gradient for
physician-designated mild, mild-moderate, moderate,
Table 3 Application of validated natural language processing algorithm
all adult echocardiograms, 2008–2018

Validated

Positive fo

AS ICD 9/10 codes† Positive for AS 67,297
Negative for AS 36,793
Total echocardiograms, n (row %) 104,090 (1

AS 5 aortic stenosis.
†ICD-9 codes included 395.0, 746.3, 396.2, and 424.1; ICD-10 codes included I06
moderate-severe, and severe AS were 12.9 mm Hg (4.9),
18.3 mm Hg (5.8), 24.5 mm Hg (7.9), 31.5 mm Hg (9.4),
and 43.8 mm Hg (16.0), respectively.

We next evaluated the distribution of AS severity in echo-
cardiograms that did or did not have an associated diagnosis
code for AS. In the subset of 67,297 echocardiograms that
had both NLP-classified AS and an associated AS diagnosis
code, disease severity was fairly evenly distributed across the
spectrum of severity (ie, mild, moderate, and severe), but
with a rightward shift toward more severe disease compared
to the overall cohort of echocardiograms with AS. Among the
36,793 echocardiograms with NLP-classified AS but without
any associated AS diagnosis code, slightly less than three-
quarters had mild AS, and 18.6% had severity that was
greater than mild. Of all the echocardiograms with moderate
or greater disease severity, 9.8% had no associated diagnostic
code for AS.
Discussion
In our study, we successfully developed and validated algo-
rithms using NLP to extract detailed data elements from
vs administrative diagnosis codes to identify aortic stenosis among

NLP algorithm

Total echocardiograms, n (column %)r AS Negative for AS

34,514 101,811 (11.0)
789,280 826,073 (89.0)

1.2) 823,794 (88.8) 927,884

.0, I06.2, I35.0, and Q23.0.



Table 4 Distribution of severity of aortic stenosis based on natural language processing algorithm applied to echocardiogram reports
between 2008 and 2018, overall and stratified by the presence or absence of administrative diagnosis codes

Severity of aortic stenosis
Overall
N 5 104,090

Diagnostic code for aortic stenosis
N 5 67,297

No diagnostic code for aortic stenosis
N 5 36,793

Mild 44,767 (43.0) 17,290 (25.7) 27,477 (74.7)
Mild-to-moderate 7130 (6.9) 4958 (7.4) 2172 (5.9)
Moderate 22,888 (22.0) 19,049 (28.3) 3839 (10.4)
Moderate-to-severe 6987 (6.7) 6624 (9.8) 363 (1.0)
Severe 17,916 (17.2) 17,457 (25.9) 459 (1.3)
No severity found 4402 (4.2) 1919 (2.9) 2483 (6.7)

Severity of aortic stenosis was based upon interpreting physician assessment of the echocardiogram identified through validated natural language processing
algorithm.
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semi-structured echocardiogram reports with free text sec-
tions within a large, integrated healthcare delivery system.
We applied the validated NLP algorithms to nearly 1 million
echocardiogram reports to identify nearly 54,000 patients
with AS between 2008 and 2018. To understand if case iden-
tification of AS was superior using validated NLP algorithms
compared to traditional case identification using administra-
tive diagnostic codes, we examined the ability of each
method to identify cases of AS in a large, diverse,
community-based population. We found our validated NLP
algorithms were significantly more accurate than using
administrative diagnosis codes for identifying AS.

We found that over 35% of echocardiograms with AS
identified by NLP were performed on patients who did not
have an associated AS diagnosis code up to 14 days before
or 6 months after the procedure. Further, nearly 20% of the
echocardiograms had hemodynamically significant AS (ie,
greater than mild disease by the reading physician’s assess-
ment). Although the majority of echocardiograms without
administrative diagnosis codes were for mild AS, even
mild AS warrants follow-up with an echocardiogram every
3–5 years, per recent clinical practice guidelines.12 The sig-
nificant portion of hemodynamically significant AS cases
lacking codes suggests that codes are inconsistently applied
in AS cases.

In addition, the suboptimal PPV of 66% for administrative
diagnostic codes being associated with an NLP-confirmed
case of AS in the full 2008–2018 dataset may also reflect
that AV disease diagnosis codes are not highly specific for
AS, and instead may be applied in cases of aortic regurgita-
tion, may be mistakenly applied in cases of aortic sclerosis
without stenosis, or may reflect older codes in patients who
previously received AV surgery. While the poor specificity
was worse in the ICD-9 era, PPV was still suboptimal at
76%—indicating a lot of false-positive cases—when exam-
ined in the ICD-10 era (Supplemental Table 4). This lack
of both specificity and sensitivity of AS administrative diag-
nosis codes, coupled with the lack of information on disease
severity, which determines clinical follow-up, makes diag-
nosis codes an inferior method for case ascertainment and
as a tool to guide population management compared to
NLP methods. Incorporating NLP tools into traditional qual-
ity improvement programs could facilitate more effective
individual and population management than relying on
administrative and diagnosis codes alone.

NLP has been used for various clinical applications,
including identification of postoperative surgical13,14 and
critical care complications,15 identification of specific radio-
graphic findings (eg, pulmonary nodules from radiology re-
ports),16 medication extraction from clinical notes,17

improvement of clinical prediction models,18 and identifica-
tion of clinical conditions (eg, pneumonia,19,20 heart fail-
ure21). However, the use of NLP to identify cases of
valvular heart disease and assess its severity is rare and has
been infrequently done.22,23 No published study has demon-
strated the superiority of an NLP-based approach compared
to using traditionally used administrative diagnostic codes
across multiple coding eras.23

Use of NLP methods for improving both research and
clinical quality of care has been discussed for decades,9,24

but despite the widespread implementation of EHR systems
and rapid expansion in availability of unstructured data, it
has a limited role within most healthcare delivery systems.
Despite the maturation and integration of NLP-based
methods in other industries, integration of NLP has been
slow in healthcare. However, recent initiatives by several
large technology companies attempting to expand their foot-
print into healthcare may accelerate this integration.25,26

Although some routine tracking of conditions27 or proced-
ures28,29 exists for quality or regulatory reporting purposes
using various approaches, most medical conditions are not
routinely identified and assessed from the clinically rich
data in EHRs using validated methods. In a systematic review
to identify examples where NLP or other text-mining
methods were used to conduct more precise case detection
beyond structured codes, 67 studies published between
2000 and 2015 for 41 different clinical conditions were
found, none of which included valvular heart disease,10

though proof-of-concept data exist30 and more recent efforts
have successfully queried and abstracted echocardiography
data on a larger scale.22 One possible explanation is that
echocardiography reports have been less well integrated
into EHRs, making them difficult to query.

In our study, we developed and validated machine
learning–based methods applied to semi-structured echocar-
diogram report data to identify patients across the spectrum
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of disease severity for the most common adult cardiac
valvular condition. Using NLP methods, we comprehen-
sively identified AS patients from echocardiography reports.
Systematically incorporating NLP tools into quality improve-
ment programs could facilitate more cost-effective individual
and population management for AS rather than relying on
administrative diagnosis codes alone,31 which can misclas-
sify individuals and do not provide detailed information on
disease severity.

Our study has certain limitations. While we studied echo-
cardiogram reports derived from a large, diverse population
receiving care within an integrated healthcare delivery sys-
tem, the operating characteristics of our NLP algorithms
and administrative diagnosis codes for identification of AS,
and discrepancies between the 2 methods, may vary in other
health systems. However, given the lack of detail for valvular
conditions among current administrative diagnosis codes,
NLP-based case identification has many advantages, such
as identifying disease severity, which is not noted in the cur-
rent diagnosis code classification scheme, as well as identi-
fying the accompanying echo parameters that contribute to
a patient’s overall course and prognosis (ie. AV velocity,
mean AV gradient, LVEF). In addition, given the broad
time period examined and the large number of reading cardi-
ologists within our healthcare system, our NLP algorithms
likely capture a diversity of text combinations to describe
AS that would be applicable to other health systems. All pa-
tients were members of KPNC at the time of echocardiogram,
and KPNC has low overall annual attrition (loss of member-
ship) rates of 2%–3%, and lower rates among older persons
(age .65 years), who comprise the majority of AS patients.
Despite this, some patients identified with AS by NLP may
not have had the opportunity to have an AS diagnosis code
applied to their medical record owing to membership cancel-
lation, no further follow-up visits, etc; but given our low attri-
tion rates and high rates of access to care, these possibilities
likely did not meaningfully bias the results.
Conclusion
In conclusion, our study demonstrates the ability of NLP to
accurately identify and characterize the severity of AS from
semi-structured and unstructured echocardiogram reports
and supports the potential value of NLP to enhance quality
improvement and research efforts for this condition. Future
studies leveraging NLP-derived data to evaluate the associa-
tion between severity of AS and clinical outcomes, along
with identifying predictors of AS progression, will further
advance personalized and population-based care strategies
to optimize surveillance and treatment of adults with this
common valvular heart condition.
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