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Abstract

Background—We developed and validated NLP-PAC, a natural language processing (NLP) 

algorithm based on Predetermined Asthma Criteria (PAC) for asthma ascertainment using 

electronic health records (EHRs) at Mayo Clinic.

Objective—To adapt NLP-PAC in a different health care setting, Sanford Children Hospital 

(SCH) by assessing the external validity of NLP-PAC.

Methods—The study was designed as a retrospective cohort study, which utilized a random 

sample of 2011–2012 Sanford Birth cohort (n=595). Manual chart review was performed on the 

cohort for asthma ascertainment based on PAC. We then used half of the cohort as a training 

cohort (n=298) and the other half as a blind test cohort to evaluate the adapted NLP-PAC 

algorithm. Association of known asthma-related risk factors with the Sanford-NLP algorithm-

driven asthma ascertainment was tested.

Results—Among the eligible test cohort (n=297), 160 (53%) were males, 268 (90%) White, and 

the median age was 2.3 years (range 1.5–3.1). NLP-PAC, after adaptation, and human abstractor 

identified 74 (25%) and 72 subjects (24%) respectively, with 66 subjects identified by both 

approaches. Sensitivity, specificity, positive predictive value and negative predictive value for NLP 

algorithm in predicting asthma status were 92%, 96%, 89%, and 97%, respectively. The known 

risk factors for asthma identified by NLP (e.g., smoking history) were similar to the ones 

identified by manual chart review.
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Conclusions—Successful implementation of NLP-PAC for asthma ascertainment in two 

different practice settings demonstrates the feasibility of automated asthma ascertainment 

leveraging EHR data with a potential to enable large scale, multi-site asthma studies to improve 

asthma care and research.
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Introduction

Asthma is the most common chronic illness in childhood. 1, 2 Asthma poses significantly 

increased risks of serious or common microbial infections in addition to its own 

morbidities.3–11 However, a significant delay in asthma diagnosis frequently occurs, 

delaying timely access to preventive and therapeutic interventions for asthma.12–15

Despite the availability of electronic health records (EHRs), several major barriers remain as 

impediments to research and improved care for asthma leveraging EHR data. Structured data 

(e.g., ICD-9 codes) lack the accuracy to effectively identify and manage asthmatic children 

in real time (e.g., sensitivity 31% with the predetermined asthma criteria as reference).16 

Manual chart reviews for asthma ascertainment are labor-intensive, and thus not feasible to 

apply for large scale studies or clinical practice as a population management tool, although it 

has been widely used for epidemiological studies.17–21 To address these barriers, we, as a 

multidisciplinary research team, developed and validated a natural language processing 

(NLP) algorithm, NLP-PAC, that automatically ascertains asthma status using EHR data 

based on our predetermined asthma criteria (PAC), allowing early identification and 

treatment for asthmatic children.16, 22 Kappa index and agreement for asthma status between 

NLP-PAC and manual chart review were 0.85 and 0.95, respectively, suggesting excellent 

performance.23 At present, the NLP-PAC has not been applied (i.e., adapted) to other 

institutions outside Mayo Clinic (i.e., unknown external validity).

Herein, we aim to investigate the external validity of NLP-PAC, originally developed at 

Mayo Clinic, using a birth cohort at Sanford Children Hospital (SCH) and report our 

findings.

Methods

Study setting

SCH is one of the major health care systems in South Dakota serving the counties of 

Minnehaha and Lincoln. Any child born at SCH is usually followed over time by pediatric 

and family medicine providers who are affiliated with this institution. All routine and acute 

care is documented in the EPIC EHR system that was first implemented in 2011. Unique 

identifiers are assigned to each patient and sub-identifiers are created for each subsequent 

visit. Also, each visit mandates the provider to record a visit-related diagnosis. Having these 

identifiers proved useful for data collection in this study.
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Study design

This is a retrospective cohort study based on a sample of the 2011–2012 SCH Birth cohort 

(n=595). The main aim of this study was to assess external validity of NLP-PAC, which was 

developed and validated at Mayo Clinic Rochester, by adapting the NLP-PAC for the SCH 

HER data. Manual chart review was performed on the cohort for asthma ascertainment 

based on PAC. We then used half of the cohort as a training cohort (n=298) to adapt NLP-

PAC for SCH and the other half served as a blind test cohort to evaluate the adapted NLP-

PAC algorithm. Specifically, using the training cohort, we performed an error-analysis for 

false positives (i.e., NLP indicates yes for asthma, but abstractor (EK) indicates no) and false 

negatives (i.e., vice versa) to revise and refine NLP-PAC through a reiterative process. Then, 

we ran the adapted NLP-PAC on the blind test cohort to assess criterion validity and 

construct validity of the adapted NLP-PAC. Criterion validity was assessed by determining 

concordance of asthma status by PAC between the adapted NLP-PAC and manual chart 

review. Construct validity of the adapted NLP-PAC was assessed by determining the 

association between asthma status ascertained by NLP algorithms and the known risk factors 

for asthma.

Study subjects

The study cohort at Mayo Clinic that was utilized for the development and internal 

validation of the original NLP algorithm was previously described in detail in our original 

study.16, 23 Briefly, for the test cohort of Mayo Clinic, we utilized a random sample of 500 

subjects from the Olmsted County Birth Cohort, 1997–2007, who were born after Mayo 

EHR implementation and have had primary care at Mayo Clinic. In the original study, we 

selected study subjects from a birth cohort as a sampling frame to minimize sampling bias. 

Similarly, to assess external validity of NLP-PAC, in this study, we enrolled a birth cohort of 

1,549 children who were born between 11/1/2011 and 10/31/2012 and had at least two well-

child exams at SCH between 11/1/2011 and 10/31/2013. We chose this birth cohort because 

1) the birth cohort has comprehensive medical records during early childhood which is 

important to apply asthma criteria to identify children with asthma (i.e. not by self-report), 

2) SCH started their EHR system in 2011, and 3) having primary care at SCH, ideally for 

longer follow up is necessary to identify children with asthma by capturing all potential 

asthma-related visits from SCH’s EHR.

Predetermined Asthma Criteria (PAC)

Drs. John Yunginger and Charles Reed, renowned researchers and clinicians for asthma at 

Mayo Clinic, developed and validated the original Predetermined Asthma Criteria (PAC) for 

retrospective studies among children and adults based on chart review (Table 1).24 Although 

the PAC was not designed to replace or prompt diagnosing asthma in clinical practice, the 

PAC includes recurrent wheezing symptoms along with other respiratory symptoms (e.g., 

night cough, difficulty in breathing) and airway hyperresponsiveness suggested as key 

symptom indicators for considering a diagnosis of asthma by the National Asthma 

Education and Prevention Program Expert Panel Report-3.25 To our knowledge, these 

criteria are the only existing predetermined criteria for asthma that determines asthma status 

and the index date of incident asthma retrospectively based on medical records. As defined 
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by PAC, most cases of probable asthma (85%) became definite asthma over time, so we 

included both definite and probable asthma for the present study.24, 26 PAC was found to 

have high reliability and extensive epidemiologic work for asthma has used PAC showing 

the excellent construct validity in identifying known risk factors for asthma and asthma-

related adverse outcomes (e.g., microbial infections).26–36

Asthma ascertainment by abstractor and NLP

Asthma status was determined using PAC by an abstractor (EK) using EHR data available 

from birth to the last follow-up date. The development of NLP-PAC was previously 

described in detail.16, 22 Briefly, we first created a rule-based NLP algorithm for PAC 

delineated in Table 1. To determine asthma status by the NLP algorithms, we used a two-

step process, including a text processing component for medical records (finding asthma-

related concepts in text that match the specified criteria) and a patient classification 

component (deciding the asthma status of a patient based on the available evidence from the 

text processing step). NLP-PAC is not a simple keyword search but a combination of rules 

utilizing assertion status (e.g., negation, possible, associated with patient), section constraint 

(e.g., diagnosis), temporal association constraint (e.g., wheezing and coughing should occur 

at the same time), and note types (e.g., exclude notes from unrelated practice settings). For 

example, if NLP-PAC encountered a sentence that stated “no rales or wheezing,” it marked 

that the concept “wheezing” was found but recognized that the patient did not have 

wheezing (i.e., negated rule); a physician diagnosis of asthma was extracted specifically 

from the diagnosis section and asthma diagnosis from the family history section was not 

considered because it is not patient-specific (i.e., section constraint rule).

Adaptation of NLP-PAC for SCH

SCH uses an EPIC EHR system which generates EHR data with different text format, 

section definitions, and note types in practice settings compared to Mayo Clinic. However, 

asthma-related concepts in medical records required for PAC are similar between the two 

institutions that allow an NLP algorithm to be adaptable to SCH once we adjust those 

variations. To adapt NLP-PAC to SCH, we first pre-processed SCH text format (e.g., 

sentence format) to be applicable for NLP-PAC and determined which sections and note 

types needed to be included or excluded through discussion with Mayo and SCH clinicians. 

Additionally, we refined the assertion identification to correctly handle some different 

negation patterns used in SCH, which will in turn enhance the NLP text processing 

performance. For example, for “wheezing, none recently,” where wheezing is negated by 

negation keywords “none recently,” this negation pattern was not defined in the original 

NLP-PAC but added when applied to SCH.

Other variables—The known risk factors for asthma such as a family history of asthma, a 

history of allergic rhinitis or eczema, maternal smoking during pregnancy, passive smoking 

after birth, and breastfeeding as well as tympanostomy tube insertion and Streptococcus 

pyogenes infection during study follow-up period, which are known to be associated with 

asthma,37, 38 were collected by abstractor (EK).
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Statistical analysis

Performance of the adapted NLP-PAC as of the last follow-up date was assessed for criterion 

validity (manual chart review as a gold standard) with regard to kappa index, agreement rate, 

sensitivity, specificity, positive predictive value, and negative predictive value. Logistic 

regression models were utilized to assess the association between known risk factors for 

asthma and asthma status based on each ascertainment criteria (construct validity). All 

analyses were performed using JMP statistical software package (Ver 10; SAS Institute, Inc, 

Cary, NC).

Results

Characteristics of study subjects

Among eligible 297 study subjects (i.e., test cohort), 160 (53%) were males, 268 (90%) 

White, and the median age at last follow-up date was 2.3 years (IQR 2.0–2.6 and range 1.5–

3.1). 37 children (12%) had a family history of asthma, and 12 (4%) and 69 (23%) had 

allergic rhinitis and eczema, respectively. 24 subjects (8%) had physician diagnosis of 

asthma during the study period.

Concordance in asthma status between the adapted NLP-PAC and manual chart review 
(criterion validity)

The results are summarized in Table 2. The NLP algorithm identified 74 subjects (25%) 

meeting PAC while manual chart review identified 72 (24%) subjects with 66 identified by 

both approaches. Kappa index and agreement for asthma status between NLP algorithm and 

manual chart review were 0.87 and 0.95, respectively suggesting excellent agreement. 

Sensitivity, specificity, positive predictive value, and negative predictive value for the 

algorithm against asthma status ascertained by manual chart review were 92%, 96%, 89%, 

and 97%, respectively. Most error of the adapted NLP-PAC was due to incorrect negation of 

asthma-related concepts.

Association of asthma status determined by the adapted NLP-PAC and manual chart 
review in relation to the known risk factors and outcomes for asthma (construct validity)

The known risk factors for asthma identified by NLP were almost the same as the ones 

identified by the abstractor (Table 3). Children with asthma determined by NLP compared to 

those without had higher odds of having a family history of asthma, a history of allergic 

rhinitis and eczema, maternal smoking during pregnancy, and passive smoking after birth 

(p<.05 in each). Asthma status by manual chart review also showed similar results with 

regard to the association with known risk factors for asthma, except eczema with marginal 

significance (OR (95%CI), p-value: 1.5 (0.8–2.7), p=.17). The association of asthma status 

with no history of breastfeeding approached to significance (OR (95%CI), p-value: 0.5 (0.2–

1.1), p=.12 for NLP, and 0.5 (0.2–1.0), p=.07 for manual chart review). Children with NLP-

identified asthma had more than three times higher odds of Streptococcus pyogenes upper 

respiratory infection and tympanostomy tube insertion rate, which is found to be similar 

among those with manual chart review-defined asthma status.
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Discussion

We demonstrated automated asthma ascertainment based on EHR data leveraging NLP is 

feasible across multiple sites. Previous research has been limited by inconsistent asthma 

definitions and ascertainment processes, which impact biological precision and obscure the 

true biological heterogeneity of asthma status and prognosis. The use of specific asthma 

ascertainment criteria and the associated NLP algorithm in multi-site studies will reduce the 

heterogeneity of asthma ascertainment and improve biological precision in detecting true 

epidemiologic findings.

Difficulty of accurately determining asthma status is a significant impediment to population-

based asthma research, as suggested by the 2014 NIH-led Joint Workshop for Birth 

Cohorts.39 Inconsistent results have been reported in genome-wide association studies 

(GWAS),40–42 clinical trials,43, 44 and studies addressing heterogeneity of asthma.45–49 A 

recent National Heart Lung Blood Institute workshop discussed the core and supplementary 

predictor and outcome variables for asthma research,50 but left asthma criteria, 

ascertainment processes, and choice of sampling frames undefined, thus permitting 

inconsistent practices in ascertaining asthma and selecting study samples to continue. To 

address this challenge, we developed and validated an NLP algorithm for asthma status at 

Mayo Clinic,16, 22 and demonstrated external validity (generalizability) at SCH in this study. 

Our study demonstrated the NLP algorithm can be adapted in a different care setting with 

comparable performance which will enable us to standardize asthma definitions.

Criteria-based asthma ascertainment is helpful for identifying patients with undiagnosed 

asthma despite recurrent asthma symptoms. However, with a large-scale study, manual chart 

review for applying asthma criteria is time-consuming, inefficient, and sometimes 

inaccurate, especially for patients with a large volume of medical records. Alternatively, 

billing codes (e.g. ICD 9 or 10) with poor sensitivity have been used to identify people with 

asthma, resulting in missing those with undiagnosed asthma, especially children less than 3 

years old for whom clinicians may be reluctant to label such children with asthma.16, 27 

Among 72 subjects who met PAC in this study, only 24 had a physician diagnosis of asthma 

(33%). Given the younger age of the cohort (median age 2.3 years (IQR 2.0–2.6 and range 

1.5–3.1)), this may not be surprising, but this is one of the reasons why children this age are 

often not included in large-scale asthma studies.51, 52 Criteria-based NLP algorithm for 

asthma will help identify children with recurrent asthma symptoms regardless of age on a 

population level. Asthma status defined by NLP algorithms at Mayo Clinic and SCH showed 

significant association with known risk factors for asthma such as family history of asthma 

or allergic rhinitis. While PAC is a useful clinical decision support tool for a clinician in 

identifying children with potential cases of asthma, it does not replace clinician’s clinical 

judgment for asthma diagnosis in which clinicians might disagree with case definition of 

asthma by NLP for certain patients.

We demonstrated that NLP-PAC, originally developed at Mayo Clinic, can be adapted to 

another health care setting and that the adapted NLP-PAC is effective (compared to manual 

chart review) in ascertaining asthma status. The major effort for this project was for manual 

chart review. After pre-processing medical records into a common format, the effort taken to 
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adapt NLP-PAC for SCH was to apply the algorithm on a cohort and then perform error-

analysis to identify missing patterns. Roughly, apart from the project leadership, 1 medical 

informatics staff (0.1 FTE) at Mayo Clinic and 1 IT specialist (0.05 FTE) at Sanford 

Children’s Hospital were involved with the process adapting the original NLP algorithm for 

SCH for about six months. This is much less effort than developing and validating the 

original system (approximately 1 year with 0.3 FTE of the same medical informatician). 

There was no significant barrier to apply the existing NLP algorithm developed by Mayo 

into SCH although there are variations of text format, section definitions, and note types 

between two institutions, resulting in some discrepancies between NLP and abstractor. 

Those variations were able to be handled appropriately through adjusting text format, and 

reconciling section and note type differences by mutual communication between the two 

institutions. It will be worth it to make the adapting process to other institutions more 

efficient given potentials and benefits of using the once developed or adapted NLP algorithm 

regarding asthma research and practice with the least cost and effort compared to manual 

chart review. Currently, we are investigating the possible mechanisms to implement this 

algorithm at Mayo Clinic and other institutions.

NLP used in health care systems has evolved to aid clinical decision making of health care 

providers by providing easily accessible health-related information.53 However, NLP use in 

respiratory care is limited to extracting an individual clinical finding or risk factor (e.g., 

pulmonary function test, smoking status),54, 55 not a patient classification by applying 

complex criteria (i.e., deciding asthma status based on available evidence) beyond a text 

processing component (i.e., finding evidence text in EHRs to match specified criteria). To 

our knowledge, our validated NLP algorithm is the first and only algorithm to identify 

asthma status by applying asthma criteria.

The main strength of this study is a demonstration of the NLP-PAC algorithm adaptability 

across institutions. Another strength is using a birth cohort with medical records of early 

childhood available, which makes it comprehensive to apply criteria to EHR for asthma 

ascertainment. Challenges of this study include identifying and consolidating EHR data 

variations between two institutions in a cohesive manner for an NLP algorithm. Also, 

sharing EHR documents between two health care enterprises required some technical and 

administrative effort, which may also be required applying this algorithm to other health 

care institutions. The portability issue between two different institutions using the same 

EHR system (e.g., EPIC) might not require the same level of validation process as that for 

two different EHR systems. However, it would be still necessary to perform some validation 

including chart annotation by abstractor followed by error-analysis for false positives and 

false negatives whenever this algorithm is implemented in a new practice setting. But once 

the algorithms is validated at a new practice setting, it will be much more efficient and cost-

effective to run the algorithm to identify the PAC-met patients in almost real-time, compared 

to manual chart review as our study finding suggested. Lastly, while the PAC has been used 

for adult studies successfully and there is potential for using NLP-PAC in adults, this NLP-

PAC algorithm has not yet been applied to an adult cohort. So, different approaches may be 

warranted to be developed for studies including adults who may have some portion of non-

EHR charts (i.e., paper charts).

Wi et al. Page 7

J Allergy Clin Immunol Pract. Author manuscript; available in PMC 2019 January 01.

A
uthor M

anuscript
A

uthor M
anuscript

A
uthor M

anuscript
A

uthor M
anuscript



For different prevalence of asthma by NLP between the two health care systems (24% at 

Sanford vs. 31% at Mayo), potential systemic differences between the two sites could be 

speculated in addition to different age distribution of different cohorts (median age 2.3 years 

(range: 1.5–3.1) for SCH vs. 11.5 years (range: 4.7–17.9) for Mayo Clinic) as the 

availability of EHR documents and their contents which are resources for applying the PAC 

are dependent upon the patient age. Although it is hard to define the degree of source of 

heterogeneity in difference in prevalence of asthma in two sites, it could be due to actual 

difference in asthma prevalence, practice (clinician) difference (e.g., pattern of using the 

term of wheezing, dictating vs. typing) or EHR system difference (e.g. sectionizing).

In conclusion, successful implementation of automated asthma ascertainment based on EHR 

leveraging NLP into two health care settings was feasible by establishing viable and 

cohesive multidisciplinary teamwork. This NLP algorithm for asthma research and care has 

strong potential for automated chart review which enables large-scale population studies, 

timely asthma diagnosis, a reduction in the delay of asthma diagnosis, has possibility of real-

time asthma surveillance in clinical practice, and thus, will improve overall asthma care as a 

population management tool.
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Highlights

1. What is already known about this topic?

A natural language processing (NLP) algorithm for asthma ascertainment based on 

predetermined asthma criteria (PAC) leveraging EHR data, NLP-PAC, provides an 

opportunity for early identification and treatment for children with asthma in one 

institution.

2. What does this article add to our knowledge?

We successfully adapted the algorithm to ascertain asthma in a different care setting with 

much less effort and demonstrated external validity and adaptability.

3. How does this study impact current management guidelines?

Automated asthma ascertainment based on EHR will enable large scale, multi-site asthma 

studies to improve asthma care and research by minimizing methodological heterogeneity 

stemming from different asthma ascertainment processes.
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Table 1

Predetermined Asthma Criteria

Patients were considered to have definite asthma if a physician had made a diagnosis of asthma and/or if each of the following three conditions 
were present, and they were considered to have probable asthma if only the first two conditions were present:

1 History of cough with wheezing, and/or dyspnea, OR history of cough and/or dyspnea plus wheezing on examination,

2 Substantial variability in symptoms from time to time or periods of weeks or more when symptoms were absent, and

3 Two or more of the following:

• Sleep disturbance by nocturnal cough and wheeze

• Nonsmoker (14 years or older)

• Nasal polyps

• Blood eosinophilia higher than 300/uL

• Positive wheal and flare skin tests OR elevated serum IgE

• History of hay fever or infantile eczema OR cough, dyspnea, and wheezing regularly on exposure to an antigen

• Pulmonary function tests showing one FEV1 or FVC less than 70% predicted and another with at least 20% 
improvement to an FEV1 of higher than70% predicted OR methacholine challenge test showing 20% or greater 
decrease in FEV1

• Favorable clinical response to bronchodilator

Patients were excluded from our previous study if any of these conditions were present:

• Pulmonary function tests that showed FEV1 to be consistently below 50% predicted or diminished diffusion capacity

• Tracheobronchial foreign body at or about the incidence date

• Hypogammaglobulinemia (IgG less than 2.0 mg/mL) or other immunodeficiency disorder

• Wheezing occurring only in response to anesthesia or medications

• Bullous emphysema or pulmonary fibrosis on chest radiograph

• PiZZ alpha1-antitrypsin

• Cystic fibrosis

• Other major chest disease such as juvenile kyphoscoliosis or bronchiectasis FVC forced vital capacity; FEV1, forced expiratory 
volume in 1 sec.
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