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Abstract

Background: Chronic cough (CC) is difficult to identify in electronic health records (EHRs) due to the lack of specific
diagnostic codes. We developed a natural language processing (NLP) model to identify cough in free-text provider
notes in EHRs from multiple health care providers with the objective of using the model in a rules-based CC algorithm
to identify individuals with CC from EHRs and to describe the demographic and clinical characteristics of individuals
with CC.

Methods: This was a retrospective observational study of enrollees in Optum’s Integrated Clinical + Claims Database.
Participants were 18-85 years of age with medical and pharmacy health insurance coverage between January 2016
and March 2017. A labeled reference standard data set was constructed by manually annotating 1000 randomly
selected provider notes from the EHRs of enrollees with > 1 cough mention. An NLP model was developed to extract
positive or negated cough contexts. NLP, cough diagnosis and medications identified cough encounters. Patients
with > 3 encounters spanning at least 56 days within 120 days were defined as having CC.

Results: The positive predictive value and sensitivity of the NLP algorithm were 0.96 and 0.68, respectively, for
positive cough contexts, and 0.96 and 0.84, respectively, for negated cough contexts. Among the 4818 individuals
identified as having CC, 37% were identified using NLP-identified cough mentions in provider notes alone, 16% by
diagnosis codes and/or written medication orders, and 47% through a combination of provider notes and diagnosis
codes/medications. Chronic cough patients were, on average, 61.0 years and 67.0% were female. The most prevalent
comorbidities were respiratory infections (75%) and other lower respiratory disease (82%).

Conclusions: Our EHR-based algorithm integrating NLP methodology with structured fields was able to identify a CC
population. Machine learning based approaches can therefore aid in patient selection for future CC research studies.

Keywords: Cough, Chronic cough, Natural language processing, Electronic health records, Sensitivity and specificity,
Diagnostic test accuracy study

Background

Chronic cough (CC)—defined as daily cough for>8
weeks [1, 2]—is associated with poor health-related
quality of life [3-8]; sleep, work, and activity impair-
ment [3, 6, 7]; and high rates of health care resource
! Center for Observational and Real-World Evidence (CORE), Merck & Co, Inc,, use (HCRU) [6, 7, 9-11]. Many cases are related to
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airway cough syndrome (formerly postnasal drip), and
gastro-esophageal reflux disease; smoking or vaping,
or prescription drugs [10, 11]; and often resolve upon
treatment of the underlying cause. However, a subset
of patients experiences unexplained and/or treatment-
refractory CC [12-15]. Current clinical guidelines
for treating such patients recommend trying a series
of medications; however, most of the people with CC
report insufficient relief from their treatment [16, 17].

Lack of a specific diagnostic code for CC precludes
identification of representative patient populations
from health records. The International Classification of
Diseases (ICD) code for cough is used inconsistently,
and misdiagnosis is common [15]. Most previous stud-
ies have typically relied on general population survey
approaches to identify individuals with CC, or focused
on the subset of individuals referred to specialist cough
clinics. In sample populations identified by these two
methods, CC has been reported to predominantly
affect women, with a peak incidence at > 50 years of age
3, 7, 18-20].

Future CC research and treatment will benefit from
new methods to accurately identify representative
patient populations. Natural language processing (NLP)
approaches to extracting mentions of cough from pro-
vider notes in electronic health records (EHRs) offer an
alternative identification method. We and others have
reported NLP algorithms that identified cough men-
tions from EHRs with a positive predictive value (PPV)
of~97% [17, 20]. Weiner et al. identified 23,371 indi-
viduals with CC using an algorithm that combined
NLP-defined cough mentions with structured data on
medications and diagnosis codes [17]. In our previous
study we developed an NLP algorithm using EHRs from
a single provider’s administrative database [20]. The
study population included individuals with specialist-
diagnosed CC, indicated by an internal CC encounter
code. The NLP algorithm identified additional individuals
with predicted CC from the same database; this clinically
undiagnosed group had lower rates of diagnostic testing
and medication prescriptions than the specialist-diag-
nosed CC group, and higher HCRU [20]. These findings
illustrate the importance of enhanced methods to iden-
tify and characterize CC, to improve its diagnosis and
treatment.

The objectives of this study were to develop and vali-
date an NLP algorithm to identify cough in free-text pro-
vider notes in EHRs in a more heterogeneous data set
drawn from multiple payer and provider networks; to use
it to identify individuals with CC from their EHRs; and
to describe the demographic, clinical, and HCRU charac-
teristics of individuals with CC. High precision/PPV was
prioritized over recall/sensitivity.
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Methods

Study design

This was a retrospective observational study of EHRs
from administrative databases. All data were accessed
in compliance with the United States Health Insurance
Portability and Accountability Act, and no identifiable
protected health information was extracted. All data-
bases used are statistically certified as de-identified and
no electronic or paper copies of medical charts were
available. Informed consent and Institutional Review
Board approval were not required.

Study sample

The study population included individuals registered
in Optum’s Integrated Clinical + Claims Database who
had overlapping periods of enrollment in the Optum
Research Database and the Optum Clinical Database
from January 2016 through March 2019. The integrated
database combines claims information with EHRs and
includes records from~60 provider delivery organiza-
tions in the United States and Puerto Rico. An average
of 45 months of data is included for each of>101 mil-
lion unique individuals, who are enrollees in national
commercial health plans or Medicare Advantage with
Part D (MAPD). These data include details of physician
office visits and hospital stays; medications, procedures,
and diagnoses; and information derived from physician,
radiology, and pathology reports using proprietary NLP
methods.

The study inclusion criteria required enrollment in a
commercial or MAPD plan in the Optum Research Data-
base, with an identification period between January 1,
2016 and March 31, 2017 (Additional file 1: Figure S1).
The earliest observed date of enrollment within these
dates was defined as the index date. Eligible participants
were 18-85 years of age in the index year. Continuous
health plan enrollment, including medical and pharmacy
coverage, was required for >24 months after or includ-
ing the index date. Participants required a patient ID in
the Optum Research Clinical Database, with a clinical
activity period (the period between the earliest and lat-
est observed active dates) that overlapped with the study
identification period. An overlapping observable period
of>24 months in the Optum Research Database and
Optum Research Clinical Database was required. Patients
were excluded if there was evidence of ACE inhibitor use
(written medication order or prescription fill claim) dur-
ing the study period.

Development of a gold-standard data set
There is currently no gold standard for identification
of cough from administrative data and it is unknown
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whether acute cough diagnosis codes are entered con-
sistently. We therefore developed a labeled data set with
which to train, validate, and test an NLP model. Provider
notes were first reviewed to understand the general con-
cepts and complexity of the narrative relating to cough.
Semi-automated pre-annotation was then conducted
using Webanno, a general-purpose tool for the annota-
tion of linguistic structures in free text [21]. Linguistic
cough terms for this pre-annotation phase were included
based on preliminary assessment of their frequency and
co-appearance. The terms used included cough, coughed,
coughing, coughs, cougher, and tussis. Linguistic terms
for expectorate were not included after a preliminary
analysis showed that they rarely occurred in the absence
of a linguistic term for cough.

Patients with > 1 mention of a linguistic term for cough
in any provider note from January 2016 to March 2019
were identified. One thousand documents among the
provider notes of these patients were then randomly
selected for manual annotation. Each document was
annotated by two independent annotators employed by
Optum. A third annotator curated the data and resolved
any conflicts. Each annotator had a background in medi-
cine, clinical research, or health informatics, and clini-
cal proficiency in medical chart review and abstraction.
Inter-annotator agreement was calculated using Krip-
pendorf’s Alpha [22]. The final annotated corpus was
split into a training set (600 documents), validation set
(200), and test set (200).

Development of an EHR-based NLP cough algorithm

The training set of the annotated corpus was used to
develop an NLP algorithm for cough. The NLP algorithm
used supervised machine learning techniques, including
discriminative sequence labeling models (e.g., Condi-
tional Random Field) and classifiers (e.g., Support Vector
Machine, Random Forest) to extract positive mentions
of cough (entity-recognition) and contextual qualifiers
for each mention (classification); examples are provided
in Additional file 1: Table S1. Contextual qualifiers were
also extracted for each mention. For example, text such
as ‘medication may cause cough’ indicates a hypotheti-
cal cough situation, whereas ‘patient denies having a
cough’ indicates negative cough. Further examples are
provided in Additional file 1: Table S2. In the final NLP
model, cough terms were classified and labeled as posi-
tive cough contexts if an approved cough term was pre-
sent and extracted, cough was relevant to the patient, and
the cough context was not negated.

During algorithm development, we performed an
exploratory analysis of the temporality of cough men-
tions, to understand whether the cough was new or ongo-
ing. True historical cough mentions were rare; in almost
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every case where a historical term was used, the cough
was determined to be a current problem. For example,
provider notes that mentioned temporality included
‘Current smoker with history of cough x1 month’ and
‘Patient with history of cough x 5 weeks improving. We
therefore did not include any measure of temporality in
the cough algorithm.

The test data set was used to evaluate the performance
of the NLP cough model in extracting cough contexts
and classifying positive and negative cough contexts
against the gold standard annotated corpus. The success
criterion was set at a precision/PPV value of >0.90 based
on the gold standard held-out test set.

Development of an EHR-based chronic cough algorithm
The date of each unique positive NLP cough mention was
recorded. Outpatient cough encounters were identified
from EHRs, from ambulatory interactions (office or clinic
visits), day surgery, home visits, and urgent care encoun-
ters that included a diagnosis code for cough (ICD-10
R0O5). We also recorded medication orders in the EHR
data; relevant cough medications contained benzonatate
or dextromethorphan. Expectorants containing guaifen-
esin, other mucoactive agents, and codeine agents were
excluded as these medications are not specific to cough.
The dates of outpatient encounters and medication
orders were recorded, with a maximum of one per cat-
egory per day for each individual.

The CC algorithm defined CC as>3 positive cough
encounters within 120 days, with >56 days between the
first and last qualifying encounter. Any combination of
three encounter types (NLP cough mentions, diagnosis
codes, written medication orders) within the qualify-
ing period was included. The date of the third qualifying
encounter (the eligibility date) was recorded.

A sensitivity test was performed by supplementing
cough encounters identified from EHRs with encoun-
ters identified from claims data. The dates of all claims
for prescription fills for cough medications (as above), as
well as cough diagnosis codes (ICD-10 R05) in outpatient
claims, were recorded, with a maximum of one per per-
son per day. The CC algorithm applied to this expanded
set of cough encounter data used the same rules outlined
above.

Characteristics of patients with chronic cough

Socio-demographic information was obtained from
EHRs. Comorbidities during the 24-month observation
period were defined using the Agency for Healthcare
Research and Quality’s Clinical Classifications Software
[23]. All-cause health care costs were obtained from
claims data and computed as averaged per patient per
month (PPPM) values during the 24-month observation
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period. Costs included the combined health plan and
patient paid amounts and were labeled as pharmacy or
medical, with the latter category comprising inpatient,
emergency room, and ambulatory care. Costs were
adjusted using the annual medical care component of the
United States consumer price index to reflect inflation
between 2016 and 2018 [24]. To assess all-cause HCRU,
binary indicators and counts of all-cause ambulatory
visits, emergency room visits, inpatient admissions, and
pharmacy claims were computed for the full 24-month
observation period and presented as PPPM values.

Analysis
True positive (TP), false positive (FP), true negative (TN),
and false negative (FN) results were used in the calcu-
lation of study metrics. Sensitivity /recall was defined
as the TP rate, or the proportion of positive or negative
cough mentions correctly identified by the NLP model:
TP/(TP+EN). Precision / PPV was defined as the pro-
portion of patients labeled as positive or negative for
cough by the NLP model that were correctly identi-
fied: TP/(TP+FP). F1, the harmonic mean of precision
and recall, was computed as (2 x (precision x recall)/
(precision + recall)).

Descriptive statistics were used to quantify the preva-
lence of CC and the demographic characteristics of
patients with CC.

Results

Participants

The final sample comprised 327,423 individuals (Addi-
tional file 1: Figure S2).

Natural language processing cough model

Manual annotation of 1000 documents randomly
selected from among the records of individuals with>1
cough mention identified 1718 individual cough con-
texts. Inter-annotator agreement was calculated with an
a of 0.89.

Table 1 Cough model performance metrics on the held-out test set
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The performance of the final NLP algorithm on the
held-out test data set is summarized in Table 1. The
precision of the NLP model for extracting cough con-
texts was 0.98, and the precision for classifying positive
and negative cough mentions was 0.96 in both cases.
Recall for extracting cough mentions was 0.98; recall for
positive and negative cough contexts was 0.68 and 0.84,
respectively. The F1 scores were 0.98 for extracting cough
contexts, 0.80 for classifying positive cough mentions,
and 0.89 for classifying negative cough mentions.

EHR-based chronic cough algorithm

The algorithm identified 291,326 individual cough
encounters from the full EHRs of 327,423 plan enrollees;
128,467 individuals had > 1 cough encounter during the
observation period. A majority (53%) of these encoun-
ters were identified via NLP positive cough mentions in
provider notes alone, while 36% were identified through
diagnosis codes and/or written medication orders, and
11% through a combination (Fig. 1A).

Chronic cough (>3 cough mentions within a 120-day
period, with > 56 days between the first and last qualify-
ing record) was identified in 4818 patients (1.5% of the
sample). Thirty-seven percent of this group were quali-
fied using NLP-identified positive cough mentions in pro-
vider notes alone, 16% by diagnosis codes and/or written
medication orders alone, and 47% through a combination
of both provider notes and diagnosis codes/medications
(Fig. 1B). Among patients identified as having CC, the
mean number of cough encounters per patient during the
24-month observation period was 8.9 (range 3—147).

We performed a sensitivity analysis by supplementing
the EHR-based CC algorithm with available claims data
for prescription fills for cough medications and cough
diagnosis codes during the 24-month observation period.
Among 327,423 individual enrollees, 250,889 had>1
cough encounter, with a total of 571,223 cough encoun-
ters. Using this larger set of encounters, the expanded

Concept Model type Precision (PPV)* Recall (Sensitivity)" F1* Support®
Cough mention Entity recognition 0.98 0.99 0.99 341
Positive cough mention Classification 0.96 0.68 0.80 179
Negative cough mention Classification 0.96 0.84 0.89 86

Positive Predictive Value (PPV)

*Precision (PPV) indicates how well the model correctly identifies the desired cough context. PPV =true positives/(true positives + false positives)

* Recall (Sensitivity) indicates how well true positive cough contexts have been captured from provider notes. Recall =true positives/(true positives + false negatives)

* F1 represents the harmonic mean of precision and recall and identifies the relative impacts of false positives and false negatives on the interpretation of the model’s

performance. F1=(2 x (precision x recall)/(precision + recall))

$ Support represents the number of occurrences of the cough concept in the test set
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Fig. 1 Proportion of A cough encounters and B individuals with chronic cough identified from electronic health records, diagnosis codes/written
medication orders, or a combination of both methods. EHR, electronic health record; NLP, natural language processing. Panel (A), individuals with
cough encounters (N=291,326). Panel (B), individuals with chronic cough (N=_8861)

algorithm identified 8861 individuals with CC (2.7% of
the sample).

Characteristics of individuals with chronic cough

The 4818 individuals identified as having CC from their
EHRs had a mean (standard deviation, SD) age of 61.0
(15.3) years. Additional demographic characteristics are
summarized in Table 2. Two-thirds the CC individu-
als were female, and almost half were > 65 years of age.
The most prevalent comorbidities were other lower res-
piratory disease (81.5%), respiratory infections (74.6%),
disorders of lipid metabolism (62.2%), other connective

tissue disease (61.7%), and diseases of the heart (58.6%;
Table 2).

Overall, 96.9% of individuals with CC had >1 ambu-
latory health care visit over the 24-month observation
period, 96.4% used a pharmacy service, 58.3% had>1
emergency room visit, and 27.9% had>1 inpatient
stay (Table 3). The mean (SD) PPPM HCRU during
the study period was 3.18 (2.97) pharmacy fills, 2.37
(2.31) ambulatory visits, 0.12 (0.26) emergency room
visits, and 0.02 (0.05) inpatient stays, with a mean (SD)
inpatient stay of 18.66 (29.63) days. The mean (SD)
total health care cost was $1931 ($4281) PPPM, for an
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Table 2 Demographic characteristics and comorbidities of
individuals with chronic cough
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Table 3 All-cause health care resource use among individuals
with chronic cough

Characteristic Individuals with All-cause HCRU Individuals with HCRU counts, PPPM
chronic cough chronic cough Mean (SD)
(N=4818) (N=4818)
N (%) N (%)

Age group (years) Ambulatory visit 4666 (96.9) 237 (2.31)
18-39 508 (10.5) Office visit 4624 (96.0) 1.29(1.12)
40-44 207 (4.3) Hospital outpatient visit 4281 (88.9) 1.09 (1.85)
45-49 324 (6.7) Emergency room visit 1(58.3) 0.12(0.26)
50-54 432 (9.0) Hospital inpatient visit 1342 (27.9) 0.02 (0.05)
55-59 505 (10.5) Pharmacy 4644 (96.4) 3.18(2.97)
60-64 501 (104) HCRU, health care resource use; PPPM, per patient per month; SD, standard

=65 2341 (48.6) deviation

Sex
Female 3215 (66.7) o . .

o Table 4 All-cause health care costs for individuals with chronic

Region

cough
Northeast 677 (14.1)
Midwest 2297 (47.7) All-cause cost type Individuals with
chronic cough
South 1362 (28.3) (N=4818)
West 480 (10.0) Mean (SD)*
Other 2(0.0)

Comorbiditiest Total health care $1931 (4281)
Other lower respiratory disease 3926 (81.5) Medical $1450 (3749)
Respiratory infections 3595 (74.6) Ambulatory $771(1813)
Disorders of lipid metabolism 2996 (62.2) Office visit $221 (448)
Other connective tissue disease 2974 (61.7) Hospital outpatient $550(1712)
Diseases of the heart 2824 (58.6) Emergency room $62(171)
Hypertension 2808 (58.3) Inpatient $468 (2804)
Non-traumatic joint disorders 2774 (57.6) Other medical $150 (764)

Eye disorders 2687 (55.8) Pharmacy 5481 (1440)
Other nutritional, endocrine, and metabolic 2550 (52.9) *All values are in US dollars and represent costs per patient per month; SD,
disorders standard deviation

Other skin disorders 2534 (52.6)

*Northeast: Connecticut, Maine, Massachusetts, New Hampshire, New Jersey,
New York, Pennsylvania, Rhode Island, Vermont. Midwest: lllinois, Indiana, lowa,
Kansas, Michigan, Minnesota, Missouri, Nebraska, North Dakota, Ohio, South
Dakota, Wisconsin. South: Alabama, Arkansas, Delaware, District of Columbia,
Florida, Georgia, Kentucky, Louisiana, Maryland, Mississippi, North Carolina,
Oklahoma, South Carolina, Tennessee, Texas, Virginia, West Virginia. West: Alaska,
Arizona, California, Colorado, Hawaii, Idaho, Montana, Nevada, New Mexico,
Oregon, Utah, Washington, Wyoming. Other: American Samoa, Armed Forces,
Commonwealth of the Northern Mariana Islands, Federated State of Micronesia,
Guam, Marshall Islands, Palau, Puerto Rico, Virgin Islands

T Comorbidities were as defined by the Agency for Healthcare Research
and Quality’s Clinical Classifications Software Refined (CCSR) for ICD-10-CM
Diagnoses [23].

average annual cost of $23,172 per patient (Table 4).
Medical costs were higher than pharmacy costs ($1450
[3749] versus $481 [$1440] PPPM), with ambulatory
visits making the largest contributions to the former
category at $771 ($1813) PPPM.

Figure 2 depicts the distribution of dates on which
individuals first qualified as having CC, 56-120 days

after the first qualifying cough encounter. The mean
(SD) gap between first and third qualifying encounter
was 67.72 (35.07) days.

Discussion

In this study we created a rules-based algorithm to iden-
tify individuals with CC. This was achieved by develop-
ing an NLP model that can identify and classify cough
contexts from provider notes in EHRs. The models were
tuned to favor precision over recall. Our model had high
precision—i.e., a low false positive rate—and exceeded
our success criteria. The model also had high recall—i.e.,
a low false negative rate—for extracting cough mentions,
satisfactory recall for positive cough contexts, and good
recall for negative cough. The F1 score, an assessment of
the relative impacts of false positives and false negatives
on the interpretation of the model’s performance, was
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balanced for extracting cough contexts and for classifying
positive cough mentions.

A chronic cough algorithm that combined free-text
NLP cough model output with structured EHR data
was successfully deployed to identify CC. Cough men-
tions identified by NLP were useful in identifying 84%
of the individuals who qualified as experiencing CC
using the EHR algorithm. Weiner et al. reported that
74% of individuals with CC were identified from pro-
vider notes alone and 15% from diagnosis codes and
medication orders alone, compared to correspond-
ing values of 37% and 16% for our algorithm [17]. The
two studies used similar methodologies that generated
comparable PPVs. These findings suggest that rules-
based algorithms integrated with NLP approaches can
be reliably used to identify CC with sufficient flexibil-
ity to permit their use across health care systems that
use different methods to capture and record cough con-
cepts in provider notes and diagnostic fields.

We successfully replicated and expanded on previous
work to develop algorithms for cough and CC, using a
more heterogeneous data set comprising information
from multiple provider networks [17, 20]. Our sensitiv-
ity analysis demonstrated that integrating the outputs
of the EHR-based CC algorithm with available claims
data could almost double the number of individuals
identified as having CC. Nevertheless, all subsequent
analyses were performed using the results of the EHR-
based cough model alone. Although the expanded
algorithm identified additional individuals with CC, it

was not possible to ascertain whether cough diagno-
sis codes in claims data reflected current or historical
diagnoses; any carry-through from before the study’s
observation period would introduce false positives.

Chronic cough, as identified by our model, was present
in 1.5% of the sample population. This is lower than pre-
vious prevalence estimates of ~5% from general popula-
tion surveys, but similar to the 1.04% prevalence reported
in our previous work on NLP-mediated identification of
CC from administrative data [6, 7, 20]. The generalizabil-
ity of our sample population to the overall US population
is unknown. The chronic cough population we identified
had a mean age of 61 years and was 67% female, similar
to the findings of previous NLP studies by Weiner et al.
(54 years, 61% female) and Zeiger et al. (57 years, 68%
female) [17, 20]. The female preponderance of CC has
been consistently reported in populations identified
using various methods, and may be related to sex-specific
differences in cough reflex sensitivity [19, 25, 26]. Analy-
sis of the eligibility dates on which patients qualified as
having CC suggest a seasonality effect, consistent with
acute respiratory infections as common etiological fac-
tors for CC, as well as previous reports that cold air is a
common cough trigger [27-32].

Lower respiratory disease and respiratory infections
were the most prevalent categories of comorbidity
among individuals with CC. The ‘other lower respira-
tory disease’ category includes the ICD-10 diagnosis
code for ‘cough’ (R05), which was used by the algorithm
to help identify CC in some members of the sample
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population; this category might therefore be over-rep-
resented in our sample. The ‘respiratory infections’
category includes postnasal drip (ICD-10 code R0982),
which is a common cause of CC [33, 34]. The CHEST
guidelines suggest that asthma, gastroesophageal reflux
disease, nonasthmatic eosinophilic bronchitis and
upper airway cough syndrome are the common causes
of CC. The diverse comorbidities experienced by indi-
viduals with CC in our sample reflect the heterogeneity
of disease etiology in this population, highlighting the
need for effective new diagnosis and treatment strate-
gies for CC.

Individuals with CC used substantial amounts of health
care resources, consistent with previous reports [3, 9,
20]. The study definition of CC required >3 ambulatory
health care visits within a 120-day period, which might
have selected for individuals who frequently seek medical
care. The age and high comorbidity burden of our sam-
ple population might also have contributed to the high
rates of HCRU we observed. Individuals with CC often
undergo several rounds of diagnostic testing and special-
ist referrals for their condition, and many are prescribed
various medications with low rates of long-term benefits
[6, 7, 10, 11, 16, 20, 35, 36]. The high medical and phar-
macy costs identified in the current study may reflect
similar experiences with unsuccessfully seeking medical
care for CC. The health care costs we calculated did not
include patient-paid costs of over-the-counter medica-
tions, which are commonly used by individuals with CC
[16, 35]. Thus, this study might provide conservative esti-
mates of the economic burden of CC. Further detailed
analysis of all-cause and cough-specific HCRU and asso-
ciated costs in the study population is needed.

A strength of the current study is that the EHR data-
base used aggregated comprehensive clinical and demo-
graphic data for>100 million enrollees, from a network
of 140,000 providers, and is therefore more nation-
ally representative than any single-provider US system.
Robust annotation was integrated with NLP technology
to obtain clinical cough concepts from provider notes.
The structure of this database is also different to that
of the databases used in previous studies of NLP-based
identification of CC; the success of NLP cough model in
this heterogeneous data set demonstrates generalizability
of this methodology.

This study has some limitations. The gold stand-
ard data set we developed to train the NLP algorithm
used annotated provider notes, which might not be as
accurate as chart reviews. In addition, cough encoun-
ters and diagnoses might not be recorded consistently
across providers and provider networks. It is possi-
ble that some of the patients qualified as experiencing
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CC based on >3 cough mentions within a 56-120-day
period had in fact experienced independent occur-
rences of acute cough. Finally, this study only validated
the NLP model for capturing cough; further research is
needed to validate the CC algorithm.

Conclusions

In conclusion, a rules-based CC algorithm incorporat-
ing provider notes, diagnosis codes, and medication
information was useful in identifying individuals with
CC from EHRs, and in identifying characteristics of the
condition such as seasonality and comorbidities. Inte-
grating EHR-based CC algorithms with supplemental
information such as claims data can identify additional
CC patients, although the accuracy of such data has not
yet been rigorously determined. Using NLP methods to
identify individuals with CC from EHRs can facilitate
new insights into the unmet needs of this population.
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