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Abstract

Background: Extensive data available in electronic health ree¢EHR) have the potential to
improve asthma care and understanding of factditgeimcing asthma outcomes. However, this
work can only be accomplished when the EHR datavalbr accurate measures of severity,
which at present are complex and inconsistent.

Objective: To create and evaluate a standardized pediathicmasseverity phenotype based in
clinical asthma guidelines for use in EHR-basedtheaitiatives and studies; and to examine the
presence and absence of these data in relaticatisnpcharacteristics.

Methods: We developed an asthma severity computable pheaatyp compared the
concordance of different severity components cbuatimng to the phenotype to trends in the
literature. We used multivariable logistic regressio assess the presence of EHR data relevant
to asthma severity.

Results: The asthma severity computable phenotype perfasmexpected in comparison to
national statistics and the literature. Severigssification for a child is maximized when based
on the long-term medication regimen component amihmzed when based only on the
symptom data component. Use of the severity ph@eatysults in better, clinically-grounded
classification. Children for whom severity could dsxertained from these EHR data were more
likely to be seen for asthma in the outpatienisgttand less likely to be older or Hispanic.
Black children were less likely to have lung fupatitesting data present.

Conclusion: We developed a pragmatic computable phenotyppeddiatric asthma severity that
is transportable to other EHRSs.

Clinical Implication: Ascertainment of asthma severity from the EHR &ble but depends on

intensity of patient engagement in healthcare amdatjraphic characteristics.
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Capsule Summary

We present a pragmatic approach to use electrewilthhrecord (EHR) data to classify pediatric

asthma severity.
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Abbreviations
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Atrtificial intelligence (Al)

National Institutes of Health (NIH)

National Heart, Lung, and Blood Institute (NHLBI)

2007 National Asthma Education and Prevention RrgExpert Panel Report 3 (NAEPP
EPR3)

Global Initiative for Asthma (GINA)

Healthcare Effectiveness Data and Information B&JIS)

International Classification of Diseases codes ()ICD

Percent predicted forced expiratory volume in ceead (FEV1%)

Boston Medical Center (BMC)

Concept Unique Identifier (RxCUI)

Inhaled corticosteroid (ICS)

Informatics for Integrating Biology with the Bedsi®latform at Boston University (BU-i2b2)
Asthma Control Test (ACT)

Patient Health Questionnaire (PHQ)

Natural Language Processing (NLP)
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Introduction

Electronic health records (EHRS) are potentialth ribig data” sources of detailed
longitudinal health information. EHRs are incregbjrused for research to advance therapeutics,
improve patient care, and epidemioldgyDespite the potential opportunities EHR data gmes
to conduct large-scale studies in a timely faslaind at a lower cost than traditional studies,
there are significant challenges in their applmain research, such as data quality (incomplete,
incorrect, and discordafif)standardizatioh and interoperabilify

The data in the EHR may not reflect the underlyisgase that researchers are interested in
studying, but rather the totality of complex patjesinician, and health system interactions and
documentation (or lack theredf.Data in EHRs represent complex visit and docuatant
processes—a concept that has been teinfedned presence®. Thus to study a disease of
interest, researchers must understand the idioggies of the healthcare process that give rise to
the data documented in the EHRliosyncrasies such as the effect of the weekenldospital
admission¥ or treatment options sought by patients varyinglistance from healthcare
facilities'* may or may not be relevant to the disease anEi#R data a researcher is analyzing.
A researcher must first understand the potentadds that result from informed presence, and
only then can such biases be addre$smtcreatively exploitef* using approaches only
recently described in the epidemiological and infatics literature.

Characterizing and defining asthma severity anddtaponents has varied in the clinical
literature, claims-based guidelines, and clinicakfice guideline$™% Idiosyncrasies of asthma
EHR data relevant to severity include: lung funetiesting is often performed on severe
patients; the frequency of interactions with thaltiecare system varies by severity; and

assessment may be clinically subjective given tfias clinical definition of severity. In spite
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of these complexities of standardized ascertainmeasthma severity status from EHR data, it
is important to tackle because asthma severitl)igitegral to an asthma diagnosis and
treatment plan in the clinical setting; 2) a kegmeént of valid and interpretable research; 3)
highly associated with significant economic burdetionally and internationaff§24 4)
relevant to advancing risk prediction of asthmaligity and mortality® 22

To date, relatively few research studies using stisated methodologiés>'applied to
“big data” have been translated into clinical pieeivith documented improvement in asthma
caré®*® Limitations of EHR dafa®**can be mitigated through interdisciplinary colledtmn.
Thus, an aim of our research was to integrate tlogvledge and skill base of a team of
clinicians, informaticians, and health scientiststivance pediatric asthma research using EHR
data, with the goal of developing a computable phgre. A computable phenotype is “a clinical
condition or characteristic that can be ascertaui@@ computerized query to an EHR system or
clinical data repository using a defined set ohddements and logical expressions so as to be
able to identify patients from clinical data fosearch purpose®™’. Computable phenotyping
is therefore the process used to identify and wetded the actual patient population in the EHR
sample under study® A goal of phenotyping is to leverage clinical anfbrmatics knowledge
in such a way that phenotypes are transportabtsadrealth systems, thus supporting the scale-
up of “big data” health researth

The objectives of this study are to create a statizid pediatric asthma severity phenotype
that is based in clinical asthma guidelines aneMauate documentation of visit processes and
patient characteristics that give rise to the presef these data in the EHR. The following two
research questions were posed for our second olgeathat data are observed for those patients

for whom we can ascertain an asthma severity €lesson compared to those patients for
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whom we cannot? And among those with severity deltg,do some patients have different data
elements related to asthma severity component&wttiers do not (e.g. lung function test,
recorded asthma symptom®)This study extends the current science of maiigry
phenotypes (e.g. asthmatic versus non-asthrffaltig)creating a multi-class computable
phenotype for asthma severity. While an asthma coalgpe phenotype exists in the

42,43

literature™ to our knowledge, no validated and standardizedpritable phenotype that is

based on clinical asthma guidelines exists forraatheverit§*?%



137

138

139

140

141

142

143

144

145

146

147

148

149

150

151

152

153

154

155

156

157

158

159

Peer 9

M ethods

The Boston University Medical Campus InstitutioRaview Board approved The Asthma
Simulation Tool for Housing, Medication, and Sodalversity (ASTHMA) Study in May 2018.
Figure 1 provides a high-level summary of our stddgign and analyses.

Severity phenotype development

Interdisciplinary team: The asthma severity phepetyresented in Table 1 was iteratively

developed between July 2018 and January 2020 é&gma of clinicians, informaticians, and
health scientists using best practices for pheretigvelopment from the National Institutes of
Health (NIHY®.

Basis of asthma severity phenotype definition: Ghenotype is based on clinical guidelines

established in the National Heart, Lung, and Blowditute (NHLBI) 2007 National Asthma
Education and Prevention Program Expert Panel R&uAEPP EPR3Y and supplemented
with the 2019 Global Initiative for Asthma (GINA)eRort>. The Classifying Asthma Severity
Table'® outlined in the NAEPP EPR3 reflects the culminaiid significant clinical iteration and
expertise and is ideally summarized for translatibo an informatics approach (Table 1). Thus,
the NAEPP EPR3 was considered preferential to @pproaches (Healthcare Effectiveness
Data and Information Set (HEDIS) or the Leidy meffid**

Pragmatic approach for replication: We appliedtao§erinciples when building the severity

phenotype: to build upon existing phenotypes, gdailne phenotype in clinical guidelines, and
develop a transportable phenotifd@he phenotype was built on ontologies based amdsird
national reference cod€sThe timescale of the phenotype is one calendar aed the
phenotype indicates the worst severity observeddan any of the EHR data elements in the

given year. This logic was based on the NAEPP E&R@rity guidelines, the clinical expertise
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of the team and literature, and for comparabibtyite time-scale of claims-based asthma
severity algorithms 2%

EHR database & asthma phenotype: We constructatbhake of children (ages 0 to 18) seen at

Boston Medical Center (BMC) from 2003 onward (CHHOB) as an aim of the ASTHMA
Study. BMC, located in Boston, Massachusetts, US#je largest urban safety net hospital in
New England and primarily serves a low-income aimbnity population. CHILD-DB is a

limited dataset that includes individual child gétites from the EHR as well as geospatial data
(e.g. air pollution, census data.) Children in CBIDB were first classified as having asthma by
applying criteria from a published asthma compuatilenotyp® that was iteratively developed
and validated in adults, children (ages 5 and dJ@erd across health institutidhs® Because

the asthma phenotype was created with ICD-9 cadesipdated it to include corresponding
exclusionary ICD-10 codes (Table S1.)

Asthma severity phenotype: We defined severitydited in Table 1) on an annual basis

(calendar year) according to the NAEPP EPR3, spallif the “Classifying Asthma Severity
Table™®. The phenotype is a deterministic rule-based #hyarfor children ages 5 to 18 and
based on the following EHR data elements that aligh the NAEPP EPR3 components of
impairment for asthma severity: 1) prescribed astihmedications (Rx), 2) International
Classification of Diseases codes (ICD-10), 3) petrpeedicted forced expiratory volume in one
second (FEV1%) as a measure of lung function, arag#hma symptoms. Since the range of
FEV1% values for intermittent and mild persistera the same (>80%) according to NHLBI
guidelines, the risk component of severity wasgrdaeed into the phenotype for these categories:

annual corticosteroids were used to distinguisérinittent (0-1/year) from mild persistent (
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2lyear). Asthma severity was assigned to asthmhtidren in CHILD-DB based on the
following EHR data elements and the logic outlimed able 1:

Rx: Medications prescribed to children with an asth@ia-9 or ICD-10 code recorded in their
chart were extracted from CHILD-DB. Medications wenatched to generic or tradename for
asthma medications obtained from the 2017 NAEPP3ERT 2019 GINA Report (Table S2),
flagged, and the associated medication Conceptudnidentifiers (RxCUIs) from the RxNofth
ontology were identified. For all asthma medicasiexcept inhaled corticosteroids (ICSs), the
RxCUI codes were categorized according to the nad¢idic class listed in Table S2. For ICSs,
the medication instruction data field was also@oted to determine whether a patient was on a
low, medium or high daily dose. Using the dosagkceated by the RxCUI code, the
administrations per day that were mined from ingtams, and the patient’'s age, we determined
the associated severity classification (Table S3).

ICD-10: ICD-10 diagnosis codes conveying asthma severgied in Table 1) were identified
(primary, secondary, admitting, or problem list.)

FEV1%: The lowest FEV1% lab value in a given year wasftified in accordance with the
NAEPP ERP3 guidelines. The number of RxCUI codesfeystemic corticosteroid in a year
was used to differentiate intermittent and mildge&tent asthma since both are defined as <80%
in the NAEPP ERP3.

Symptoms: Asthma symptom data were available until 2015 wWBBIC transitioned from GE
Centricity to Epic EHR software. Symptom data wawkected in HDID fields (GE Centricity
EHR software specific codes) as structured dafeeertext, which were coded to correspond to

a severity (e.g. “every day not all the time” ire thtructured HDID field is coded as severe.)
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Informatics work was conducted in Microsoft SQL\B#r2008 as part of the Informatics for
Integrating Biology with the Bedside Platform atdBan University (BU-i2bZ.

In summary, severity was defined, per NAEPP EPRBeasvorst severity observed
based on any of the four EHR data elements initheng/ear. For subjects who did not have
severity ascertained, there was no EHR data eleavailible in any of the four data elements
(Rx, ICD-10, FEV1% and symptom severity).

Data analyses

Sample for analysis: A sample of the most recesmst years of data (2013-2017) was

created. There were 5,047 asthmatic children (dmriing 14,054 patient-years) seen at BMC
classified according to the Afshar et al (20%&sthma phenotype during this time. A random,
independent sample consisting of one year of dat@atient was compiled for analysis (5,047
patients contributing 5,047 patient-years). The tdBHaenszethi-square test was used to
assess the relationship between increasing serityatient, visit, and documentation
characteristics.

Phenotype evaluation: The distribution of asthmeessy among children at BMC

produced by the asthma severity phenotype wastgtiadily compared to what has been
documented in the literature. Concordance assessrappropriate for paired, ordinal data were
conducted (Weight Kappa & McNemar Test of DirectadrChange) to determine agreement
and direction of change between pair-wise compasigd the different EHR data elements (RX,
ICD-10, FEV1%, symptoms.)

Influence of informed presence: To answer our dorestabout what data are observed

and why*®, we applied multivariable logistic regression miedessociating dependent variables

(severity ascertainment, the presence of long Rxmegimen, the presence of ICD-10 severity,
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the presence of a lung function test, the presehsgmptom data) with independent variables
(sex, age, race/ethnicity, language spoken at hooreber of years active, number of visits per
year, asthma care during the year.) For the foutetsovhere EHR data elements were the
outcome, data were restricted to patients for whisth. Bl severity was ascertained, ascertained
severity was included as an independent variablkjfaneeded, data were restricted to the
timeframe in which that element was available. Bate associations between dependent and
independent variables that were statistically $icgunt at p<0.05 (chi-square test results) were
entered into the multivariable logistic regressmodels. Candidate model variables were
removed from the multivariable models using backlselection (p<0.05). Analyses were

conducted in SAS 9.4 and using the Marginal HomeiggrProgram v.1.2.
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Results

Severity phenotype

Table 1 details the computable phenotype algordhohTables S1-S3 provide
standardized guidance and codes to implement thegbype on EHR data. When the severity
phenotype was applied to our random sample of ieddgnt severity-years, severity was
ascertainable for about half our random sample @63 (Table 2). For those patients for whom
severity could be ascertained in our random sandfi of patients had Rx data, 50% had ICD-
10 data, 26% had FEV1% data, and 17% had sympttarelavant to severity in a given year.
The three most common combinations of EHR dataesirelevant to asthma severity
accounted for two-thirds of the patients with séyetata: 28% had Rx and ICD-10 data, 26%
had Rx data only, and 12% had Rx, ICD-10, and FE\d&¥a. The more “complete” a patient’s
severity data, the more years a patient was adtiviag the study period, and the more visits a
patient had in the year, the more severe theinastias documented to be (Table 2). While
differences in race/ethnicity and age existed acl®gels of severity, there were no significant
differences in sex and language spoken at homddab

Phenotype evaluation

Overall distribution: The asthma severity computable phenotype produsesikar
distribution in comparison to nationally represéintaand inner-city pediatric populations. Our
study estimated 45% intermittent and 55% persiststitmatics, as compared with 40% and 60%
respectively in a national stutlyA sample of children from the National Cooperatinner-City
Asthma Study (of which BMC is a member) were fotmthe approximately 40% intermittent,
15% mild persistent, and 45% moderate or sevewigtent’. Our study had a similar

distribution (45% intermittent, 17% mild persisteand 37% moderate or severe persistent).
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Concordance and direction of change analyses: Table 3 summarizes the results of
assessments of pairwise comparisons between théiftarent EHR data elements that
correspond to components of asthma severity, wtachbe compared with similar assessments
from the clinical and claims literature™®> While categorization based on Rx and ICD-10 show
moderate agreement, there is minimal agreemeiatifother pairwise comparisons (Table 3,
weighted kappa). In regards to direction of chaisgeerity based on Rx is generally more
severe than when based on ICD-10, which is geyaralre severe than when based on FEV1%,
which is generally more severe than when basegmpt®m data (Table 3, McNemar Test).
These findings agree with the clinical literatureasthmatic children that asthma severity
classified by symptoms does not correlate well Wi\/1% categorizatiofi*®°?and that
classification is more severe when based on lungtion and symptoms compared to symptoms
only*’. Our results also agree with the claims-baserhtfitee, which finds that claims-based
approaches categorize asthmatic patients as meeeeseompared to lung function meastites
or symptom-based approacie€laims-based approaches can be considered lousiyarable
to Rx and ICD-10 severity.

Influence of informed presence

Children for whom severity could be ascertained jgarad to children for whom severity
could not were more likely to be: seen for asthmthe outpatient setting in a calendar year,
younger (ages 5-11), White (compared to Hispas&gn for any reason two or more times in a
calendar year, and continually active patientgHerfive year period (Table 4). Among patients
for whom severity could be ascertained, the presehtung function test data, ICD-10 data, Rx
data, and symptom data varied most by diseaseiseard asthma care pattern during the year.

Asthma care pattern during the year was positigelyelated with lung function data and ICD-
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10 data, whereas Rx data and symptom data werdivedgaorrelated with asthma care pattern
during the year. Severity was also positively daiezl with lung function, ICD-10 and Rx data
presence, but was negatively correlated with symptata (Table 4). Symptom data and Rx data
were positively correlated with healthcare frequeorcduration, whereas ICD-10 data and lung
function test data were not. Symptom data weretipebi correlated with all racial/ethnic groups
relative to White children with Black and Othereaattaining statistical significance; except for
Hispanic children, lung function data were negdyiverrelated with all racial/ethnic groups

relative to White, with Black race attaining statal significance (Table 4).
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Discussion

We created a clinically based and transporfalsiemputable phenotype for pediatric asthma
severity based on EHR data because documentat@mstioha severity in a standardized manner
in the EHR is not common practice nor are clingaidelines consistently implemented.
Knowledge and selection of asthma clinical guidefif) implementatior? > and adherence to
use of such guidelings> by clinicians as well as a clear referral pathwiagm primary care to
asthma specialistsremain current challenges. We have documentegmach through which
“big data” from the EHR can contribute to pediaagthma research that is low-cost,
standardized, leverages existing data, and doesdaltio clinician or clinical staff burden.

Overall, the computable phenotype produces a ldigidn and behaves as expected in
comparison to the literature and national stassts anticipated, children for whom severity
could be ascertained were characteristically dffiemn terms of their healthcare use and data
documented, and ascertainment was also less Bkebng older and Hispanic children. Lastly,
asthma severity based on different severity compisn@e. ICD-10 versus FEV1%) leads to
different severity classifications for the samdgrattwhen using EHR data. This lack of
concordance has been shown to be the case faratleisearch and claims data as ¥efl

Disparities: Black children are four times moreelikto suffer from severe persistent asthma
compared to White childréf) moreover, in our analysis they were less likeljave
documentation of severity based on lung functistirtg in their EHR. Racial/ethnic differences
in clinical documentation of asthma severity clfisaiion is a recognized barrier to eliminating
racial disparitie¥’ and may be an indicator of structural racism ialtiecare. Our analyses of a
largely urban, Black, pediatric population alsohtight challenges outlined in the growing “big

data” health disparities literatdfeFitzpatrick et al (2019) found Blacks were leksly to



320

321

322

323

324

325

326

327

328

329

330

331

332

333

334

335

336

337

338

339

340

341

Peer 18

receive outpatient care for asttitha@ur study corroborates their findings: 1) we fowBlack
children were more likely to have symptom data lasd likely to have lung function testing; 2)
lung function testing, but not symptom data, wasitpeely and significantly associated with
being seen for asthma in the outpatient settingoMering such trends can inform clinical care
management plans, interventions, and policiesdoae disparities.

Clinical practice: The strength of the asthma s&veomputable phenotype is that it

circumvents issues related to inconsistent docuatientof asthma severity components and the
use of varying asthma severity definitions by dians. The computable phenotype for asthma
severity could be implemented as a clinically ralgvand impactful population management
tool, much like the patient-administered Asthma t@anrest (ACT) score or the clinically-
administered Patient Health Questionnaire (PHQ 2HQ-9) for depression screening. The
value of the ACT and PHQ are that they are stamzkeddools; the computable severity
phenotype can identify the most severe asthmatitarget for intervention, with the added
advantage that it can be automatically generated &xisting EHR data. This application of the
phenotype is valuable for EHR-based decision sugpat population health.

Research: The influence of informed presence oaidahe EHR relevant to asthma severity
varies largely by disease severity, being seeadgtirma, and being seen in the outpatient setting.
This has significant implications in terms of whasearch questions are appropriate or not
appropriate within EHR-based data analyses forgtediasthma. For example, a traditional
study may be better suited to conclude the truecéstion between changes in FEV1% and ER
visits for asthmatics since FEV1% is documentechiydor moderate and severe persistent

asthmatics in the EHR. On the other hand, a lodgial analysis of EHR data may be well-



342

343

344

345

346

347

348

349

350

351

352

353

354

355

356

357

358

359

360

361

362

363

364

Peer 19

suited to advance our understanding of asthma semnigind the evolution of illness trajectories
(e.g. can patients “outgrow” asthma?)

Clinical research: A clinical research area ofipatar importance that EHR data may be

ideally suited for is risk prediction of adverseepts (exacerbations, death.) In regards to
designing novel studies for risk prediction, thegamce and absence of data in the EHR due to
the healthcare process itself can be predictieeafth status or adverse evéntd Asthma
exacerbations are a significant contributor to ridhtyp and mortality across all levels of
severity®, and the variation in the presence and absengeiBf asthma severity components
could be exploited for risk prediction. The compnaphenotype could contribute to
differentiating risk factors for exacerbations asgeverity levef§ or be linked to omics data to
further elucidate clinically-relevant asthma phgpet®.

Epidemiological research: While statistical methadswell established to conduct valid and

unbiased studies (i.e. methods for the common ngssiss patterns such as missing completely
at random (MCAR) and missing at random (MAR)), tbacept of informed presence when it
comes to EHR data automatically disqualifies mititional statistical methodologies since
EHR data are not missing at random (NMAR). Our gtsftbwed increasing asthma severity and
the number of EHR data elements with severity (lagacompleteness of severity data) were
associated, and there were racial/ethnic and loaa#thutilization pattern disparities in the EHR
data elements recorded relevant to severity. Bhi®nsistent with the broader literature, which
shows that more complete records in EHRs are biaseatd sicker patients®?or certain
populations (older, femal®)

Studies like ours are important to discover whigesingness mechanisms exist as a result of

informed presence NMAR patterns so researcheraddress these patterns in traditional
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analyse%'?%*

and develop novel studies that creatively expgl@tnature of EHR data. The
epidemiological and informatics literatures areibping to coalesce to create interdisciplinary
solutions for “big data” health reseaf¢fi*® Both literatures have demonstrated approaches
through which bias can be mitigated in EHR studiasging from the simple (adjusting for the
number of health encount&ter accounting for the context in which laborateegults are
collected) to utilizing a general framework to guide theemsH°.

Limitations. There are a number of limitations tor ork. This was an evaluation of a
computable phenotype and not a validation studyiléM@lidation by clinically assessed (“gold
standard”) chart review is a component of buildangalid computable phenotype, our study
emphasized the impact of unstandardized and inst@miEHR data. The ICD-10 code
indicating severity was assigned by the cliniciagisg the patient and can therefore be
considered a reflection of clinically assessed sydending confidence to our findings, but
future work should incorporate chart review as yéement prior to widespread utilization.

In developing the severity phenotype, the timeesoalthe phenotype (one calendar year)
was a pragmatic choice and aligns with other pdjmrdevel, administrative timescales (i.e.
HEDIS); however, other time-scales may be moraadity appropriate. The team was also
guided by the NAEPP EPR3’s definition for asthmeesity that is relevant to research: “For
population-based evaluations, clinical researclsutssequent characterization of the patient’s
overall severity, asthma severity can be inferféer @ptimal therapy is established by
correlating levels of severity with the lowest legétreatment required to maintain control.”
Thus, our study assumed the documented long-teirmasmedication regimen was the
treatment required to maintain control. Additiogiathis study was conducted at a single

institution and not across multiple institutionsf&$1 While the phenotype was constructed



388

389

390

391

392

393

394

395

396

397

398

399

400

401

402

403

404

Peer 21

largely from structured EHR data (versus unstretdttEHR data), this limitation may not exist at
other institutions to which this phenotype canramdported (i.e. those institutions may have the
infrastructure and resources to leverage unstredtdata through Natural Language Processing
(NLP).) Lastly, while the proportion of asthmatics whom we could classify severity may
seem low, it is important to note that in the samgdsessed, 40% of asthmatic patients did not
receive care for asthma in the year their severéy assessed.

Our study demonstrates the impact of visit and dwtation processes on pediatric asthma
severity at New England’s largest safety net hatp@ur pragmatic approach to classifying

asthma severity can advance clinical practice atud research using EHR data.
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Table 1. Asthma severity phenotype algorithm for pediatatignts ages 5-18

Persistent Component Final annual
annual severity
Category basis Intermittent severity select most
9o Mild Moderate Severe select most severe from
severe from previous
row(s) column
Presence of Step 1 Step 2 Step 3 Step 4 or more | Rx severity PHENOTYPE:
AnnuallLong- medication medication medication medication
term Rx’s*® regimen: regimen: regimen: regimen: National
Heart, Lung,
SABA only low dose ICS | low dose ICS | medium dose and Blood
AND LABA, ICS AND Institute
OR LTRA, LABA, LTRA, (NHLBI)
theophylline, or| theophylline, or criteria
cromolyn, (age 12 and up| (age 12 and up severity
LTRA, or only: zileuton) | only: zileuton)
theophylline
OR OR
medium dose | high dose ICS
ICS
OR
age 12 and up
only:
omalizumal
Presence of J45.2x Mild J45.3x Mild J45.4x J45.5x Severe | ICD-10
AnnualICD-10 intermittent persistent Moderate persistent severity
asthma... asthma... persistent asthma...
asthma...
Minimum >80 FEV1% >80 FEV1% 60-80 <60 FEV1%
AnnualFEV1% | & & severity
& # Annual 1 orless 2+ steroid
Corticosteriod® | steroid
SABA use for <2 days/week| > 2 days/ Daily throughout the | Symptom
symptom week but not day severity
controf® daily and not
more than
once on any
day
Symptoms® <2 days/week| > 2 days/ Daily throughout the
week but not day
daily
Nighttime < 2x/month 3-4x/month > 1x/week but| often 7x/week

awakening due td

symptomg®

not nightly

Abbreviations:

Medication prescription (RX)
Short-acting betaagonists (SABA)
Inhaled Corticosteroid (ICS)

Leukotriene receptor antagonists (LTRA)

Long-acting betaagonists (LABA)

Percent predicted forced expiratory volume in 1
second (FEV1%)

Table 2. Sample characteristics by asthma severity ascerainfrom EHR over 5-year period
(n=5,047 patients)




No severity Severity ascertained MH
ascertained (n=2,461) chi-
Intermittent Mild Moderate Severe square
persistent | persistent | persistent p-
value***
n 2,586 1,115 423 447 476
Male (vs female) 1,490 (58%) 608 (55%) 236 (56% 230 (52%) 274 (58%)0.19
Age: 5to 11 (vs 12 to 18) 1,205 (47%) 594 (53%) 288 (68% 235 (53%) 352 (74990.0001
Race/ethnicity 0.009

Asian 70 (3%) 25 (2%) 15 (4%) 6 (1%) 6 (1%

Black 1,479 (57%) 637 (57%) 219 (52%) 260 (58%)57 $54%)

Hispanic 134 (5%) 22 (2%) 7 (2%) 11 (2% 13 (3%)

Not Recorded 634 (25%) 329 (30% 135 (32%) 1724P | 148 (31%)

Other 43 (2%) 15 (1%) 5 (1%) 3 (1%) 3 (1%

White 226 (9%) 87 (8%) 42 (10%) 46 (10%) 49 (10%)
English spoken at home (vs not | 1,975 (76%) 849 (76%) 318 (75% 315 (70%) 375 (79%) 0.58
English)

Duration of HCU (# years active) 0.0007

1 685 (26%) 246 (22%) 111 (2694) 121 (27%) 1 (Z5%)

2 640 (25%) 263 (24%) 99 (23%) 109 (24%) 94 (2026)

3 472 (18%) 177 (16%) 72 (17%) 68 (15%) 70 (15%)

4 372 (14%) 169 (15%) 53 (13%) 47 (11%) 71 (15%)

5 417 (16%) 260 (23%) 88 (21%) 102 (23%) 120 (P5%

Total HCU (approx. quartiles: # <0.0001
visits/year)

Q1 (30%): 1 visit 1,106 (43%) 242 (22% 84 (209%) 63 (14%) 48 (10%)

Q2 (20%): 2 visits 517 (20%) 231 (21% 82 (19%) 9 (I8%) 80 (17%)

Q3 (30%): 3-5 visits 655 (25% 381 (34% 153%36 | 164 (37%)| 165 (35%

Q4 (20%): 6-45 visits 308 (12% 261 (23% 104905 | 141 (32%)| 183 (38%

Type of asthma specific HCU <0.0001

Seen in OP for asthma* 325 (13% 773 (69%) 3784y | 390 (87%)| 434 (91%

Seen in ER and/or IP only for 470 (18%) 170 (15%) 66 (16%) 43 (10%) 30 (6%)
asthma*

No visit for asthma in the year 1,791 (69%0) 172%) 32 (8%) 14 (3%) 12 (3%)

# EHR elements with data (i.e. <0.0001
completeness of severity data)

1 0 (0%) 722 (65%) 158 (37% 98 (229%) 75 (16%)

2 0 (0%) 368 (33%) 225 (53% 235 (53%) 191 (4Q%)

3 0 (0%) 25 (2%) 38 (9%) 109 (24%) 205 (43Pb)

4 0 (0%) 0 (0%) 2 (<1%) 5 (1%) 5 (1%)

Severity data present in specific EHR element
Rx — long term regimen present 0 (0%) 735 (66%) 377 (89%) 391 (87%) 471 (99%%0.0001
(vs not)
ICD-10 severity** present (vs 0 (0%) 414 (37%) 243 (57%) 283 (63%) 302 (63006%0.0001
not)
FEV1% present (vs not) 0 (0%) 133 (12%) 70 (17%) 182 (41%) 253 (53P6¥0.0001
Symptoms present** (vs not) 0 (0%) 251 (23%) 40 (9%) 59 (13% 66 (149%)<0.0001

Notes: *Seen in the outpatient setting for asthn@P5 IP & ER; OP & ER; OP & IP; OP only. Seen in &fl/or
IP only for asthma = ER & IP; ER only; IP only
**|CD-10 asthma codes with severity indication warglemented in 2015 and the EHR form used to kcor
asthma symptom data was discontinued in 2015




***MH test is inclusive of no severity ascertainedtegory

Abbreviations:

MH: Mantel-Haenszel
HCU: healthcare use

OP: outpatient visit

IP: inpatient visit

ER: emergency room visit



Table 3. Concordance and direction of change of pair-w@aparisons of EHR data elements
representing asthma severity

# patients with data in
both EHR elements

Weighted Kappa

McNemar Test of Direction of
Change Interpretation*

Rx & ICD -1C** 1,00z 0.46 (0.42,0.5( Rx severity> ICD-10 severit

Rx & FEV1% 50z 0.05 (0.01,0.0¢ Rx severity> FEV1% severit

Rx & symptoms** 227 0.07 (0.02,0.1: Rx severity> symptom severit
ICD-10** & FEV1% 34: 0.02 +0.04,0.07 ICD-10 severity> FEV1% severit
ICD-10** & 34 0.09 +0.070.25) ICD-10 severity> symptom severi
symptoms**

FEV1% & 114 -0.11 +0.18-0.04 | FEV1% severity> symptom severi
symptoms**

Notes: * The McNemar Test of Direction of Changa ison-parametric test used to evaluate changes in
directionality of paired data. In this case, iticates whether the proportion of patients in the feverity
levels differed when based on a different EHR @d#¢anent. ">" is interpreted as “generally highearh
(e.g. for the first result, severity based on Rgeserally higher than when severity is based @+10.)

All McNemar results were significant at p < 0.05
**|CD-10 asthma codes with severity indication warglemented in 2015 (backdating of ICD-10 codes is
possible in the system) and the EHR form useddorteasthma symptom data was discontinued in 2015




Table 4. The influence of informed presence on severitgdainment and data elements
relevant to asthma severity

Multivaria ble Models
Odds Ratio (95% confidence interval)

Severity Long term Rx ICD-10 severity | Lung function Symptom data
ascertained regimen present | present versus | test present present versus
versus not versus not not* versus not** not***

Total n 5,047 2,461 1,625 2,461 836
Data Present 2,461 1,974 1,179 638 378
Not Present 2,586 478 446 1,823 458

Age: 5to 11 1.66 (1.42,1.94)

(vs 12 to 18)

Race/ethnicity
Asian 0.76 (0.43,1.34 0.53 (0.22,1.3D) 1.683(5.27)
Black 0.97 (0.73,1.28 0.47 (0.32,0.69)| 2.37 (1.26,4.48)
Hispanic 0.47 (0.29,0.77) 1.40 (0.62, 3.20 2.08 (0.84,5.11)
Not Recorded 1.08 (0.80,1.46) 0.69 (0.47,1.03)..62 (0.83,3.18)
Other 0.61 (0.29,1.27 0.66 (0.21,2.0556.91 (1.90,18.41
White Reference Reference Reference

# years active
1 Reference Reference
2 1.02 (0.82, 1.27 0.94 (0.59,1.49)
3 0.81 (0.64,1.04 0.92 (0.54, 1.58)
4 0.95(0.73,1.24 1.91 (1.18,3.10)
5 1.30 (1.01,1.66) 2.41 (1.54,3.79)

# visits/year
1 visit Reference Reference
2 visits 1.40(1.12,1.75)| 1.20 (0.86,1.68)

3-5 visits 1.60 (1.30,1.97) 1.52 (1.13,2.06
6-45 visits 1.62 (1.27,2.07) 1.85 (1.33,2.58

Asthma care

during year™
Seen in OP for 0.40 (0.27,0.58) 253 (97,663) 12 (5,29) | 1.34(0.83,2.15)

asthma

OP,IP & ER 102 (31,334)
OP & ER 46 (32,68)
OP& IP 49 (27,89
OP only 39 (32,47)
Not seen in OP 1.64 (0.98,2.75) 26 (10,67) 0.27 (0.06, 1.27), 0.13(0.05,0.35)
for asthma
ER& IP 13 (7,24)
ER only 4 (3,5
IP only 11 (8,15)
No visit for Reference Reference Reference Reference Reference
asthma

Severity N/A
Intermittent Reference Reference Reference Beter
Mild 4.63 (3.31,6.48) 2.53 (1.50,4.26) 1.31 (0.92,1.86)| 0.29 (0.18,0.46)
Moderate 4.18 (3.05,5.71) 4.08 (2.26,7.36) 4.27 (3.17,5.769.48 (0.31,0.73)
Severe 57 (23,139) 8.65 (3.60,20.8]1) 6.76(5.05,9.05) (@M28,0.62)

Notes:Bold: p<0.05
*|CD-10 asthma codes with severity indication wienplemented in late 2015 so data reflected is for
2016-2017



** _ung function test present means that there awasg function test done and there is a recorded
FEV1% in the patient’s record

***the EHR form used to record asthma symptom deaa discontinued in 2015 so data reflected is for
2013-2014

A n the first column (severity ascertained versaslogistic model), the variable “Asthma care dgri
year” is made up of 8 categories: from the refeeerategory of “No visit for asthma” up to “OP, IP &
ER”; however, for the remaining models, the varaislcollapsed into 3 categories: No visit for asdh
Not seen in OP for asthma, and Seen in OP for asthm






Figure 1. Flow chart of study design and analyses

Constructed a database (CHILD-DB) containing chitdr
seen at Boston Medical Center from 2003 onward

A 4
Translated the “Classifying Asthma Severity Ta*® into a deterministi
rule-based algorithm to create our asthma seveuityputable phenotype

(Table 1)
Severity was defined as the worst severity obsebasgd on any of the Phenot
following EHR data elements in a given year: enotype
L Development &
Medications Application

ICD-10 diagnosis codes (informatics)

Lung function (FEV1%)

Symptoms

\ 4
Applied theasthma computab
phenotyp& and our severity

computable phenotype to CHILD-DB]

A 4
Created a random, independent samp
patient-years for phenotype evaluation analysep
(Table 2)
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Phenotype Performance Analys Informed Presence Analys

Qualitatively compared to literature | [ Question 1: What data are observed for
those patients for whom we can
ascertain an asthma severity Phenotype
clasglflcatlon compared to those L Evaluation
patients for whom we cannot? (analyses)

Concordance assessments of EHR dp
elements
(Table 3)

Results: Logistic regression model
(Table 4, column 2)

Question 2: Among those with severity
data, why do some patients have
different data elements related to

asthma severity components while
others do not?

Results: 4 logistic regression models
(Table 4, columns 3-6)




