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Abstract 23 

Background: Extensive data available in electronic health records (EHR) have the potential to 24 

improve asthma care and understanding of factors influencing asthma outcomes. However, this 25 

work can only be accomplished when the EHR data allow for accurate measures of severity, 26 

which at present are complex and inconsistent.  27 

Objective: To create and evaluate a standardized pediatric asthma severity phenotype based in 28 

clinical asthma guidelines for use in EHR-based health initiatives and studies; and to examine the 29 

presence and absence of these data in relation to patient characteristics. 30 

Methods: We developed an asthma severity computable phenotype and compared the 31 

concordance of different severity components contributing to the phenotype to trends in the 32 

literature. We used multivariable logistic regression to assess the presence of EHR data relevant 33 

to asthma severity.   34 

Results:  The asthma severity computable phenotype performs as expected in comparison to 35 

national statistics and the literature. Severity classification for a child is maximized when based 36 

on the long-term medication regimen component and minimized when based only on the 37 

symptom data component. Use of the severity phenotype results in better, clinically-grounded 38 

classification. Children for whom severity could be ascertained from these EHR data were more 39 

likely to be seen for asthma in the outpatient setting, and less likely to be older or Hispanic. 40 

Black children were less likely to have lung function testing data present. 41 

Conclusion: We developed a pragmatic computable phenotype for pediatric asthma severity that 42 

is transportable to other EHRs.  43 

Clinical Implication: Ascertainment of asthma severity from the EHR is viable but depends on 44 

intensity of patient engagement in healthcare and demographic characteristics.   45 
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Capsule Summary 47 

We present a pragmatic approach to use electronic health record (EHR) data to classify pediatric 48 

asthma severity. 49 
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Introduction 82 

 Electronic health records (EHRs) are potentially rich “big data” sources of detailed 83 

longitudinal health information. EHRs are increasingly used for research to advance therapeutics, 84 

improve patient care, and epidemiology1–3. Despite the potential opportunities EHR data present 85 

to conduct large-scale studies in a timely fashion and at a lower cost than traditional studies, 86 

there are significant challenges in their application in research, such as data quality (incomplete, 87 

incorrect, and discordant)4, standardization5, and interoperability6.  88 

 The data in the EHR may not reflect the underlying disease that researchers are interested in 89 

studying, but rather the totality of complex patient, clinician, and health system interactions and 90 

documentation (or lack thereof.)7. Data in EHRs represent complex visit and documentation 91 

processes—a concept that has been termed informed presence8. Thus to study a disease of 92 

interest, researchers must understand the idiosyncrasies of the healthcare process that give rise to 93 

the data documented in the EHR9. Idiosyncrasies such as the effect of the weekend on hospital 94 

admissions10 or treatment options sought by patients varying by distance from healthcare 95 

facilities11 may or may not be relevant to the disease and the EHR data a researcher is analyzing. 96 

A researcher must first understand the potential biases that result from informed presence, and 97 

only then can such biases be addressed12 or creatively exploited13,14 using approaches only 98 

recently described in the epidemiological and informatics literature. 99 

Characterizing and defining asthma severity and its components has varied in the clinical 100 

literature, claims-based guidelines, and clinical practice guidelines15–21. Idiosyncrasies of asthma 101 

EHR data relevant to severity include: lung function testing is often performed on severe 102 

patients; the frequency of interactions with the health care system varies by severity; and 103 

assessment may be clinically subjective given the diffuse clinical definition of severity. In spite 104 
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of these complexities of standardized ascertainment of asthma severity status from EHR data, it 105 

is important to tackle because asthma severity is: 1) integral to an asthma diagnosis and 106 

treatment plan in the clinical setting; 2) a key element of valid and interpretable research; 3) 107 

highly associated with significant economic burden nationally and internationally22–24; 4) 108 

relevant to advancing risk prediction of asthma morbidity and mortality25–28. 109 

To date, relatively few research studies using sophisticated methodologies29–31 applied to 110 

“big data” have been translated into clinical practice with documented improvement in asthma 111 

care32,33. Limitations of EHR data4,34,35 can be mitigated through interdisciplinary collaboration32. 112 

Thus, an aim of our research was to integrate the knowledge and skill base of a team of 113 

clinicians, informaticians, and health scientists to advance pediatric asthma research using EHR 114 

data, with the goal of developing a computable phenotype. A computable phenotype is “a clinical 115 

condition or characteristic that can be ascertained via a computerized query to an EHR system or 116 

clinical data repository using a defined set of data elements and logical expressions so as to be 117 

able to identify patients from clinical data for research purposes”36,37.  Computable phenotyping 118 

is therefore the process used to identify and understand the actual patient population in the EHR 119 

sample under study9,38. A goal of phenotyping is to leverage clinical and informatics knowledge 120 

in such a way that phenotypes are transportable across health systems, thus supporting the scale-121 

up of “big data” health research39.   122 

The objectives of this study are to create a standardized pediatric asthma severity phenotype 123 

that is based in clinical asthma guidelines and to evaluate documentation of visit processes and 124 

patient characteristics that give rise to the presence of these data in the EHR.  The following two 125 

research questions were posed for our second objective: what data are observed for those patients 126 

for whom we can ascertain an asthma severity classification compared to those patients for 127 
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whom we cannot? And among those with severity data, why do some patients have different data 128 

elements related to asthma severity components while others do not (e.g. lung function test, 129 

recorded asthma symptoms)?40 This study extends the current science of mainly binary 130 

phenotypes (e.g. asthmatic versus non-asthmatic)41 by creating a multi-class computable 131 

phenotype for asthma severity. While an asthma computable phenotype exists in the 132 

literature42,43, to our knowledge, no validated and standardized computable phenotype that is 133 

based on clinical asthma guidelines exists for asthma severity20,21.  134 

 135 

  136 
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Methods 137 

The Boston University Medical Campus Institutional Review Board approved The Asthma 138 

Simulation Tool for Housing, Medication, and Social Adversity (ASTHMA) Study in May 2018. 139 

Figure 1 provides a high-level summary of our study design and analyses.  140 

Severity phenotype development  141 

Interdisciplinary team: The asthma severity phenotype presented in Table 1 was iteratively 142 

developed between July 2018 and January 2020 by a team of clinicians, informaticians, and 143 

health scientists using best practices for phenotype development from the National Institutes of 144 

Health (NIH)36.  145 

Basis of asthma severity phenotype definition: Our phenotype is based on clinical guidelines 146 

established in the National Heart, Lung, and Blood Institute (NHLBI) 2007 National Asthma 147 

Education and Prevention Program Expert Panel Report 3 (NAEPP EPR3)44 and supplemented 148 

with the 2019 Global Initiative for Asthma (GINA) Report45. The Classifying Asthma Severity 149 

Table46 outlined in the NAEPP EPR3 reflects the culmination of significant clinical iteration and 150 

expertise and is ideally summarized for translation into an informatics approach (Table 1). Thus, 151 

the NAEPP EPR3 was considered preferential to other approaches (Healthcare Effectiveness 152 

Data and Information Set (HEDIS) or the Leidy method)20,21. 153 

Pragmatic approach for replication: We applied a set of principles when building the severity 154 

phenotype: to build upon existing phenotypes, ground the phenotype in clinical guidelines, and 155 

develop a transportable phenotype36. The phenotype was built on ontologies based on standard 156 

national reference codes47. The timescale of the phenotype is one calendar year and the 157 

phenotype indicates the worst severity observed based on any of the EHR data elements in the 158 

given year. This logic was based on the NAEPP EPR3 severity guidelines, the clinical expertise 159 
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of the team and literature, and for comparability to the time-scale of claims-based asthma 160 

severity algorithms19–21. 161 

EHR database & asthma phenotype: We constructed a database of children (ages 0 to 18) seen at 162 

Boston Medical Center (BMC) from 2003 onward (CHILD-DB) as an aim of the ASTHMA 163 

Study. BMC, located in Boston, Massachusetts, USA, is the largest urban safety net hospital in 164 

New England and primarily serves a low-income and minority population. CHILD-DB is a 165 

limited dataset that includes individual child attributes from the EHR as well as geospatial data 166 

(e.g. air pollution, census data.) Children in CHILD-DB were first classified as having asthma by 167 

applying criteria from a published asthma computable phenotype43 that was iteratively developed 168 

and validated in adults, children (ages 5 and older), and across health institutions42,43. Because 169 

the asthma phenotype was created with ICD-9 codes, we updated it to include corresponding 170 

exclusionary ICD-10 codes (Table S1.) 171 

Asthma severity phenotype: We defined severity (detailed in Table 1) on an annual basis 172 

(calendar year) according to the NAEPP EPR3, specifically the “Classifying Asthma Severity 173 

Table”46. The phenotype is a deterministic rule-based algorithm for children ages 5 to 18 and 174 

based on the following EHR data elements that align with the NAEPP EPR3 components of 175 

impairment for asthma severity: 1) prescribed asthma medications (Rx), 2) International 176 

Classification of Diseases codes (ICD-10), 3) percent predicted forced expiratory volume in one 177 

second (FEV1%) as a measure of lung function, and 4) asthma symptoms. Since the range of 178 

FEV1% values for intermittent and mild persistent are the same (>80%) according to NHLBI 179 

guidelines, the risk component of severity was integrated into the phenotype for these categories: 180 

annual corticosteroids were used to distinguish intermittent (0-1/year) from mild persistent (≥ 181 
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2/year). Asthma severity was assigned to asthmatic children in CHILD-DB based on the 182 

following EHR data elements and the logic outlined in Table 1: 183 

Rx: Medications prescribed to children with an asthma ICD-9 or ICD-10 code recorded in their 184 

chart were extracted from CHILD-DB. Medications were matched to generic or tradename for 185 

asthma medications obtained from the 2017 NAEPP EPR3 and 2019 GINA Report (Table S2), 186 

flagged, and the associated medication Concept Unique Identifiers (RxCUIs) from the RxNorm48 187 

ontology were identified. For all asthma medications except inhaled corticosteroids (ICSs), the 188 

RxCUI codes were categorized according to the medication class listed in Table S2. For ICSs, 189 

the medication instruction data field was also extracted to determine whether a patient was on a 190 

low, medium or high daily dose. Using the dosage indicated by the RxCUI code, the 191 

administrations per day that were mined from instructions, and the patient’s age, we determined 192 

the associated severity classification (Table S3).  193 

ICD-10: ICD-10 diagnosis codes conveying asthma severity (listed in Table 1) were identified 194 

(primary, secondary, admitting, or problem list.)  195 

FEV1%: The lowest FEV1% lab value in a given year was identified in accordance with the 196 

NAEPP ERP3 guidelines. The number of RxCUI codes for a systemic corticosteroid in a year 197 

was used to differentiate intermittent and mild persistent asthma since both are defined as <80% 198 

in the NAEPP ERP3.  199 

Symptoms: Asthma symptom data were available until 2015 when BMC transitioned from GE 200 

Centricity to Epic EHR software. Symptom data were collected in HDID fields (GE Centricity 201 

EHR software specific codes) as structured data or free-text, which were coded to correspond to 202 

a severity (e.g. “every day not all the time” in the structured HDID field is coded as severe.) 203 
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Informatics work was conducted in Microsoft SQL Server 2008 as part of the Informatics for 204 

Integrating Biology with the Bedside Platform at Boston University (BU-i2b2)49. 205 

In summary, severity was defined, per NAEPP EPR3 as the worst severity observed 206 

based on any of the four EHR data elements in the given year. For subjects who did not have 207 

severity ascertained, there was no EHR data element available in any of the four data elements 208 

(Rx, ICD-10, FEV1% and symptom severity). 209 

Data analyses 210 

Sample for analysis: A sample of the most recent five years of data (2013-2017) was 211 

created. There were 5,047 asthmatic children (contributing 14,054 patient-years) seen at BMC 212 

classified according to the Afshar et al (2018)43 asthma phenotype during this time. A random, 213 

independent sample consisting of one year of data per patient was compiled for analysis (5,047 214 

patients contributing 5,047 patient-years). The Mantel-Haenszel chi-square test was used to 215 

assess the relationship between increasing severity and patient, visit, and documentation 216 

characteristics.  217 

Phenotype evaluation: The distribution of asthma severity among children at BMC 218 

produced by the asthma severity phenotype was qualitatively compared to what has been 219 

documented in the literature. Concordance assessments appropriate for paired, ordinal data were 220 

conducted (Weight Kappa & McNemar Test of Direction of Change) to determine agreement 221 

and direction of change between pair-wise comparisons of the different EHR data elements (Rx, 222 

ICD-10, FEV1%, symptoms.)    223 

Influence of informed presence: To answer our questions about what data are observed 224 

and why 40, we applied multivariable logistic regression models associating dependent variables 225 

(severity ascertainment, the presence of long term Rx regimen, the presence of ICD-10 severity, 226 
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the presence of a lung function test, the presence of symptom data) with independent variables 227 

(sex, age, race/ethnicity, language spoken at home, number of years active, number of visits per 228 

year, asthma care during the year.) For the four models where EHR data elements were the 229 

outcome, data were restricted to patients for whom NHLBI severity was ascertained, ascertained 230 

severity was included as an independent variable, and if needed, data were restricted to the 231 

timeframe in which that element was available. Bivariate associations between dependent and 232 

independent variables that were statistically significant at p<0.05 (chi-square test results) were 233 

entered into the multivariable logistic regression models. Candidate model variables were 234 

removed from the multivariable models using backward selection (p<0.05). Analyses were 235 

conducted in SAS 9.4 and using the Marginal Homogeneity Program v.1.250.  236 

  237 
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Results 238 

Severity phenotype 239 

Table 1 details the computable phenotype algorithm and Tables S1-S3 provide 240 

standardized guidance and codes to implement the phenotype on EHR data. When the severity 241 

phenotype was applied to our random sample of independent severity-years, severity was 242 

ascertainable for about half our random sample (n=2,461) (Table 2). For those patients for whom 243 

severity could be ascertained in our random sample, 80% of patients had Rx data, 50% had ICD-244 

10 data, 26% had FEV1% data, and 17% had symptom data relevant to severity in a given year. 245 

The three most common combinations of EHR data elements relevant to asthma severity 246 

accounted for two-thirds of the patients with severity data: 28% had Rx and ICD-10 data, 26% 247 

had Rx data only, and 12% had Rx, ICD-10, and FEV1% data. The more “complete” a patient’s 248 

severity data, the more years a patient was active during the study period, and the more visits a 249 

patient had in the year, the more severe their asthma was documented to be (Table 2). While 250 

differences in race/ethnicity and age existed across levels of severity, there were no significant 251 

differences in sex and language spoken at home (Table 2).   252 

Phenotype evaluation 253 

Overall distribution: The asthma severity computable phenotype produces a similar 254 

distribution in comparison to nationally representative and inner-city pediatric populations. Our 255 

study estimated 45% intermittent and 55% persistent asthmatics, as compared with 40% and 60% 256 

respectively in a national study51. A sample of children from the National Cooperative Inner-City 257 

Asthma Study (of which BMC is a member) were found to be approximately 40% intermittent, 258 

15% mild persistent, and 45% moderate or severe persistent17. Our study had a similar 259 

distribution (45% intermittent, 17% mild persistent, and 37% moderate or severe persistent).  260 
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Concordance and direction of change analyses: Table 3 summarizes the results of 261 

assessments of pairwise comparisons between the four different EHR data elements that 262 

correspond to components of asthma severity, which can be compared with similar assessments 263 

from the clinical and claims literature15–19. While categorization based on Rx and ICD-10 show 264 

moderate agreement, there is minimal agreement for all other pairwise comparisons (Table 3, 265 

weighted kappa). In regards to direction of change, severity based on Rx is generally more 266 

severe than when based on ICD-10, which is generally more severe than when based on FEV1%, 267 

which is generally more severe than when based on symptom data (Table 3, McNemar Test). 268 

These findings agree with the clinical literature on asthmatic children that asthma severity 269 

classified by symptoms does not correlate well with FEV1% categorization18,19,52 and that 270 

classification is more severe when based on lung function and symptoms compared to symptoms 271 

only17. Our results also agree with the claims-based literature, which finds that claims-based 272 

approaches categorize asthmatic patients as more severe compared to lung function measures16 273 

or symptom-based approaches15. Claims-based approaches can be considered loosely comparable 274 

to Rx and ICD-10 severity. 275 

Influence of informed presence 276 

Children for whom severity could be ascertained compared to children for whom severity 277 

could not were more likely to be: seen for asthma in the outpatient setting in a calendar year, 278 

younger (ages 5-11), White (compared to Hispanic), seen for any reason two or more times in a 279 

calendar year, and continually active patients for the five year period (Table 4). Among patients 280 

for whom severity could be ascertained, the presence of lung function test data, ICD-10 data, Rx 281 

data, and symptom data varied most by disease severity and asthma care pattern during the year. 282 

Asthma care pattern during the year was positively correlated with lung function data and ICD-283 
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10 data, whereas Rx data and symptom data were negatively correlated with asthma care pattern 284 

during the year. Severity was also positively correlated with lung function, ICD-10 and Rx data 285 

presence, but was negatively correlated with symptom data (Table 4). Symptom data and Rx data 286 

were positively correlated with healthcare frequency or duration, whereas ICD-10 data and lung 287 

function test data were not. Symptom data were positively correlated with all racial/ethnic groups 288 

relative to White children with Black and Other races attaining statistical significance; except for 289 

Hispanic children, lung function data were negatively correlated with all racial/ethnic groups 290 

relative to White, with Black race attaining statistical significance (Table 4).   291 

 292 

 293 

 294 

  295 

  296 
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Discussion 297 

We created a clinically based and transportable41 computable phenotype for pediatric asthma 298 

severity based on EHR data because documentation of asthma severity in a standardized manner 299 

in the EHR is not common practice nor are clinical guidelines consistently implemented. 300 

Knowledge and selection of asthma clinical guidelines53, implementation53–55, and adherence to 301 

use of such guidelines54,55 by clinicians as well as a clear referral pathways from primary care to 302 

asthma specialists55 remain current challenges. We have documented an approach through which 303 

“big data” from the EHR can contribute to pediatric asthma research that is low-cost, 304 

standardized, leverages existing data, and does not add to clinician or clinical staff burden.  305 

Overall, the computable phenotype produces a distribution and behaves as expected in 306 

comparison to the literature and national statistics. As anticipated, children for whom severity 307 

could be ascertained were characteristically different in terms of their healthcare use and data 308 

documented, and ascertainment was also less likely among older and Hispanic children. Lastly, 309 

asthma severity based on different severity components (i.e. ICD-10 versus FEV1%) leads to 310 

different severity classifications for the same patient when using EHR data. This lack of 311 

concordance has been shown to be the case for clinical research and claims data as well16,19.  312 

Disparities: Black children are four times more likely to suffer from severe persistent asthma 313 

compared to White children56; moreover, in our analysis they were less likely to have 314 

documentation of severity based on lung function testing in their EHR. Racial/ethnic differences 315 

in clinical documentation of asthma severity classification is a recognized barrier to eliminating 316 

racial disparities53 and may be an indicator of structural racism in health care. Our analyses of a 317 

largely urban, Black, pediatric population also highlight challenges outlined in the growing “big 318 

data” health disparities literature57. Fitzpatrick et al (2019) found Blacks were less likely to 319 
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receive outpatient care for asthma58. Our study corroborates their findings: 1) we found Black 320 

children were more likely to have symptom data and less likely to have lung function testing; 2) 321 

lung function testing, but not symptom data, was positively and significantly associated with 322 

being seen for asthma in the outpatient setting. Uncovering such trends can inform clinical care 323 

management plans, interventions, and policies to reduce disparities.  324 

Clinical practice: The strength of the asthma severity computable phenotype is that it 325 

circumvents issues related to inconsistent documentation of asthma severity components and the 326 

use of varying asthma severity definitions by clinicians. The computable phenotype for asthma 327 

severity could be implemented as a clinically relevant and impactful population management 328 

tool, much like the patient-administered Asthma Control Test (ACT) score or the clinically-329 

administered Patient Health Questionnaire (PHQ -2 or PHQ-9) for depression screening. The 330 

value of the ACT and PHQ are that they are standardized tools; the computable severity 331 

phenotype can identify the most severe asthmatics to target for intervention, with the added 332 

advantage that it can be automatically generated from existing EHR data. This application of the 333 

phenotype is valuable for EHR-based decision support and population health.  334 

Research: The influence of informed presence on data in the EHR relevant to asthma severity 335 

varies largely by disease severity, being seen for asthma, and being seen in the outpatient setting. 336 

This has significant implications in terms of what research questions are appropriate or not 337 

appropriate within EHR-based data analyses for pediatric asthma. For example, a traditional 338 

study may be better suited to conclude the true association between changes in FEV1% and ER 339 

visits for asthmatics since FEV1% is documented mainly for moderate and severe persistent 340 

asthmatics in the EHR. On the other hand, a longitudinal analysis of EHR data may be well-341 
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suited to advance our understanding of asthma remission and the evolution of illness trajectories 342 

(e.g. can patients “outgrow” asthma?)   343 

Clinical research: A clinical research area of particular importance that EHR data may be 344 

ideally suited for is risk prediction of adverse events (exacerbations, death.) In regards to 345 

designing novel studies for risk prediction, the presence and absence of data in the EHR due to 346 

the healthcare process itself can be predictive of health status or adverse events13,14. Asthma 347 

exacerbations are a significant contributor to morbidity and mortality across all levels of 348 

severity59, and the variation in the presence and absence of EHR asthma severity components 349 

could be exploited for risk prediction. The computable phenotype could contribute to 350 

differentiating risk factors for exacerbations across severity levels26 or be linked to omics data to 351 

further elucidate clinically-relevant asthma phenotypes60.  352 

Epidemiological research: While statistical methods are well established to conduct valid and 353 

unbiased studies (i.e. methods for the common missingness patterns such as missing completely 354 

at random (MCAR) and missing at random (MAR)), the concept of informed presence when it 355 

comes to EHR data automatically disqualifies most traditional statistical methodologies since 356 

EHR data are not missing at random (NMAR). Our study showed increasing asthma severity and 357 

the number of EHR data elements with severity data (i.e. completeness of severity data) were 358 

associated, and there were racial/ethnic and healthcare utilization pattern disparities in the EHR 359 

data elements recorded relevant to severity. This is consistent with the broader literature, which 360 

shows that more complete records in EHRs are biased toward sicker patients61,62 or certain 361 

populations (older, female)63.  362 

Studies like ours are important to discover which missingness mechanisms exist as a result of 363 

informed presence NMAR patterns so researchers can address these patterns in traditional 364 
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analyses8,12,64 and develop novel studies that creatively exploit the nature of EHR data. The 365 

epidemiological and informatics literatures are beginning to coalesce to create interdisciplinary 366 

solutions for “big data” health research8,13,40. Both literatures have demonstrated approaches 367 

through which bias can be mitigated in EHR studies, ranging from the simple (adjusting for the 368 

number of health encounters64 or accounting for the context in which laboratory results are 369 

collected65) to utilizing a general framework to guide the research40.  370 

Limitations. There are a number of limitations to our work. This was an evaluation of a 371 

computable phenotype and not a validation study. While validation by clinically assessed (“gold 372 

standard”) chart review is a component of building a valid computable phenotype, our study 373 

emphasized the impact of unstandardized and inconsistent EHR data. The ICD-10 code 374 

indicating severity was assigned by the clinician seeing the patient and can therefore be 375 

considered a reflection of clinically assessed severity, lending confidence to our findings, but 376 

future work should incorporate chart review as a key element prior to widespread utilization. 377 

In developing the severity phenotype, the time-scale of the phenotype (one calendar year) 378 

was a pragmatic choice and aligns with other population level, administrative timescales (i.e. 379 

HEDIS); however, other time-scales may be more clinically appropriate. The team was also 380 

guided by the NAEPP EPR3’s definition for asthma severity that is relevant to research: “For 381 

population-based evaluations, clinical research, or subsequent characterization of the patient’s 382 

overall severity, asthma severity can be inferred after optimal therapy is established by 383 

correlating levels of severity with the lowest level of treatment required to maintain control.” 384 

Thus, our study assumed the documented long-term asthma medication regimen was the 385 

treatment required to maintain control. Additionally, this study was conducted at a single 386 

institution and not across multiple institutions/EHRs. While the phenotype was constructed 387 
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largely from structured EHR data (versus unstructured EHR data), this limitation may not exist at 388 

other institutions to which this phenotype can be transported (i.e. those institutions may have the 389 

infrastructure and resources to leverage unstructured data through Natural Language Processing 390 

(NLP).) Lastly, while the proportion of asthmatics for whom we could classify severity may 391 

seem low, it is important to note that in the sample assessed, 40% of asthmatic patients did not 392 

receive care for asthma in the year their severity was assessed.  393 

Our study demonstrates the impact of visit and documentation processes on pediatric asthma 394 

severity at New England’s largest safety net hospital. Our pragmatic approach to classifying 395 

asthma severity can advance clinical practice and future research using EHR data. 396 

 397 

Acknowledgements 398 

We would like to thank the pediatric patients of BMC without whom this research would not 399 

have been possible, Robyn Cohen, MD along with her team at BMC Pulmonary Function 400 

Laboratory, Sara Thomas of BMC Child Health Informatics Lab, and Michael Peer for his SQL 401 

expertise. This work was supported by the National Institute of Environmental Health Sciences 402 

(T32ES014562, 5R01ES027816). 403 

  404 

Jo
urn

al 
Pre-

pro
of



Peer 22 
 

References 405 

1.  Casey JA, Schwartz BS, Stewart WF, Adler NE. Using Electronic Health Records for 406 

Population Health Research: A Review of Methods and Applications. Annu Rev Public 407 

Health [Internet]. 2016 Mar 18 [cited 2018 Aug 7];37(1):61–81. Available from: 408 

http://www.annualreviews.org/doi/10.1146/annurev-publhealth-032315-021353 409 

2.  Schinasi LH, Auchincloss AH, Forrest CB, Roux AVD. Using electronic health record 410 

data for environmental and place based population health research : a systematic review. 411 

Ann Epidemiol [Internet]. 2018;28(7):493–502. Available from: 412 

https://doi.org/10.1016/j.annepidem.2018.03.008 413 

3.  Cowie MR, Blomster JI, Curtis LH, Duclaux S, Ford I, Fritz F, et al. Electronic health 414 

records to facilitate clinical research. Clin Res Cardiol [Internet]. 2017 Jan [cited 2018 415 

Aug 7];106(1):1–9. Available from: http://www.ncbi.nlm.nih.gov/pubmed/27557678 416 

4.  Weiskopf NG, Weng C. Methods and dimensions of electronic health record data quality 417 

assessment: Enabling reuse for clinical research. J Am Med Informatics Assoc. 418 

2013;20(1):144–51.  419 

5.  Nordo AH, Levaux HP, Becnel LB, Galvez J, Rao P, Stem K, et al. Use of EHRs data for 420 

clinical research: Historical progress and current applications. Learn Heal Syst [Internet]. 421 

2019 Jan 1 [cited 2020 May 27];3(1):e10076. Available from: 422 

http://doi.wiley.com/10.1002/lrh2.10076 423 

6.  De Moor G, Sundgren M, Kalra D, Schmidt A, Dugas M, Claerhout B, et al. Using 424 

electronic health records for clinical research: The case of the EHR4CR project. J Biomed 425 

Inform. 2015 Feb 1;53:162–73.  426 

7.  Hripcsak G, Albers DJ. Next-generation phenotyping of electronic health records. J Am 427 

Jo
urn

al 
Pre-

pro
of



Peer 23 
 

Med Informatics Assoc [Internet]. 2013 Jan 1 [cited 2020 May 12];20(1):117–21. 428 

Available from: https://academic.oup.com/jamia/article-lookup/doi/10.1136/amiajnl-2012-429 

001145 430 

8.  Goldstein BA, Phelan M, Pagidipati NJ, Peskoe SB. How and when informative visit 431 

processes can bias inference when using electronic health records data for clinical 432 

research. J Am Med Informatics Assoc [Internet]. 2019 Nov 15 [cited 2020 Apr 433 

14];26(12):1609–17. Available from: https://academic.oup.com/jamia/article-434 

abstract/26/12/1609/5573796 435 

9.  Hripcsak G, Albers DJ. Next-generation phenotyping of electronic health records. J Am 436 

Med Informatics Assoc. 2013;20(1):117–21.  437 

10.  Chen YF, Boyal A, Sutton E, Armoiry X, Watson S, Bion J, et al. The magnitude and 438 

mechanisms of the weekend effect in hospital admissions: A protocol for a mixed methods 439 

review incorporating a systematic review and framework synthesis. Syst Rev. 2016 May 440 

21;5(1):1–11.  441 

11.  Kelly C, Hulme C, Farragher T, Clarke G. Are differences in travel time or distance to 442 

healthcare for adults in global north countries associated with an impact on health 443 

outcomes? A systematic review. Vol. 6, BMJ Open. BMJ Publishing Group; 2016. p. 444 

e013059.  445 

12.  Phelan M, Bhavsar N, Goldstein BA. Illustrating Informed Presence Bias in Electronic 446 

Health Records Data: How Patient Interactions with a Health System Can Impact 447 

Inference. eGEMs (Generating Evid Methods to Improv patient outcomes) [Internet]. 448 

2017 Dec 6 [cited 2020 Apr 24];5(1):22. Available from: 449 

https://egems.academyhealth.org//article/10.5334/egems.243/ 450 

Jo
urn

al 
Pre-

pro
of



Peer 24 
 

13.  Agniel D, Kohane IS, Weber GM. Biases in electronic health record data due to processes 451 

within the healthcare system: Retrospective observational study. BMJ. 2018 Apr 30;361.  452 

14.  Sharafoddini A, Dubin JA, Maslove DM, Lee J. A new insight into missing data in 453 

intensive care unit patient profiles: Observational study. J Med Internet Res. 2019 Jan 454 

1;21(1):e11605.  455 

15.  Cabana MD, Slish KK, Nan B, Clark NM. Limits of the HEDIS Criteria in Determining 456 

Asthma Severity for Children. Pediatrics [Internet]. 2004 [cited 2019 Mar 7];114(4). 457 

Available from: www.ncqa.org/Programs/HEDIS/ 458 

16.  Birnbaum HG, Ivanova JI, Yu AP, Hsieh M, Seal, B.Emani S, Rosiello R, et al. Asthma 459 

Severity Categorization Using a Claims-Based Algorithm or Pulmonary Function Testing. 460 

J Asthma. 2009;46(1):67–72.  461 

17.  Stout JW, Visness CM, Enright P, Lamm C, Shapiro G, Gan VN, et al. Classification of 462 

Asthma Severity in Children: The contribution of pulmonary function testing. Arch 463 

Pediatr Adolesc Med [Internet]. 2006 Aug 1 [cited 2019 Mar 7];160(8):844. Available 464 

from: http://archpedi.jamanetwork.com/article.aspx?doi=10.1001/archpedi.160.8.844 465 

18.  Kuntz KM, Kitch BT, Fuhlbrigge AL, Paltiel AD, Weiss ST. A novel approach to 466 

defining the relationship between lung function and symptom status in asthma. J Clin 467 

Epidemiol [Internet]. 2002 Jan 1 [cited 2019 Mar 7];55(1):11–8. Available from: 468 

https://www.sciencedirect.com/science/article/pii/S0895435601004127?via%3Dihub 469 

19.  Bacharier LB, Strunk RC, Mauger D, White D, Lemanske RF, Sorkness CA. Classifying 470 

Asthma Severity in Children. Am J Respir Crit Care Med [Internet]. 2004 Aug 15 [cited 471 

2018 Aug 1];170(4):426–32. Available from: 472 

http://www.atsjournals.org/doi/abs/10.1164/rccm.200308-1178OC 473 

Jo
urn

al 
Pre-

pro
of



Peer 25 
 

20.  Jacob C, Haas JS, Bechtel B, Kardos P, Braun S. Assessing asthma severity based on 474 

claims data: a systematic review. Eur J Heal Econ [Internet]. 2017 [cited 2019 Jun 475 

7];18(2):227–41. Available from: 476 

https://link.springer.com/content/pdf/10.1007%2Fs10198-016-0769-2.pdf 477 

21.  Al Sallakh MA, Vasileiou E, Rodgers SE, Lyons RA, Sheikh A, Davies GA. Defining 478 

asthma and assessing asthma outcomes using electronic health record data: a systematic 479 

scoping review. Eur Respir J [Internet]. 2017;49(6):1–8. Available from: 480 

http://dx.doi.org/10.1183/13993003.00204-2017 481 

22.  Bahadori K, Doyle-Waters MM, Marra C, Lynd L, Alasaly K, Swiston J, et al. Economic 482 

burden of asthma: A systematic review. Vol. 9, BMC Pulmonary Medicine. 2009.  483 

23.  Suruki RY, Daugherty JB, Boudiaf N, Albers FC. The frequency of asthma exacerbations 484 

and healthcare utilization in patients with asthma from the UK and USA. BMC Pulm Med 485 

[Internet]. 2017 Dec 27 [cited 2020 Jan 30];17(1):74. Available from: 486 

http://bmcpulmmed.biomedcentral.com/articles/10.1186/s12890-017-0409-3 487 

24.  Flórez-Tanus Á, Parra D, Zakzuk J, Caraballo L, Alvis-Guzmán N. Health care costs and 488 

resource utilization for different asthma severity stages in Colombia: a claims data 489 

analysis. World Allergy Organ J [Internet]. 2018 [cited 2020 Jan 30];11:26. Available 490 

from: https://linkinghub.elsevier.com/retrieve/pii/S1939455118301820 491 

25.  Song WJ, Lee JH, Kang Y, Joung WJ, Chung KF. Future risks in patients with severe 492 

asthma [Internet]. Vol. 11, Allergy, Asthma and Immunology Research. Korean Academy 493 

of Asthma, Allergy and Clinical Immunology; 2019 [cited 2020 Sep 18]. p. 763–78. 494 

Available from: /pmc/articles/PMC6761069/?report=abstract 495 

26.  Sears MR. Can we predict exacerbations of asthma? Am J Respir Crit Care Med 496 

Jo
urn

al 
Pre-

pro
of



Peer 26 
 

[Internet]. 2019 Feb 15 [cited 2020 Sep 18];199(4):399–400. Available from: 497 

www.atsjournals.org. 498 

27.  Tibble H, Tsanas A, Horne E, Horne R, Mizani M, Simpson CR, et al. Predicting asthma 499 

attacks in primary care: Protocol for developing a machine learning-based prediction 500 

model. BMJ Open [Internet]. 2019 Jul 1 [cited 2020 Sep 18];9(7):e028375. Available 501 

from: http://bmjopen.bmj.com/ 502 

28.  Eisner MD, Yegin A, Trzaskoma B. Severity of asthma score predicts clinical outcomes in 503 

patients with moderate to severe persistent asthma. Chest [Internet]. 2012 [cited 2020 Sep 504 

18];141(1):58–65. Available from: https://pubmed.ncbi.nlm.nih.gov/21885725/ 505 

29.  Mehta N, Devarakonda M V. Machine learning, natural language programming, and 506 

electronic health records: The next step in the artificial intelligence journey? Vol. 141, 507 

Journal of Allergy and Clinical Immunology. Mosby Inc.; 2018. p. 2019-2021.e1.  508 

30.  Juhn Y, Liu H. Artificial intelligence approaches using natural language processing to 509 

advance EHR-based clinical research. J Allergy Clin Immunol. 2020 Feb 1;145(2):463–9.  510 

31.  Messinger AI, Luo G, Deterding RR. The doctor will see you now: How machine learning 511 

and artificial intelligence can extend our understanding and treatment of asthma. Vol. 145, 512 

Journal of Allergy and Clinical Immunology. Mosby Inc.; 2020. p. 476–8.  513 

32.  Haider S, Custovic A. Breaking Down Silos in Asthma Research: The Case for an 514 

Integrated Approach.  515 

33.  Gianfrancesco MA, Tamang S, Yazdany J, Schmajuk G. Potential Biases in Machine 516 

Learning Algorithms Using Electronic Health Record Data. Vol. 178, JAMA Internal 517 

Medicine. American Medical Association; 2018. p. 1544–7.  518 

34.  Tasker RC. Why Everyone Should Care About ”Computable Phenotypes”. Pediatr Crit 519 

Jo
urn

al 
Pre-

pro
of



Peer 27 
 

Care Med [Internet]. 2017 [cited 2019 Aug 12];18(5):489–90. Available from: 520 

http://www.ncbi.nlm.nih.gov/pubmed/28475533 521 

35.  Verheij RA, Curcin V, Delaney BC, McGilchrist MM. Possible Sources of Bias in 522 

Primary Care Electronic Health Record Data Use and Reuse. J Med Internet Res. 2018 523 

May 29;20(5):e185.  524 

36.  Richesson R, Smerek M, Rusincovitch S, Zozus MN, Chaudhuri PS, Hammond WE, et al. 525 

Electronic Health Records-Based Phenotyping Resource Chapter [Internet]. NIH 526 

Collaboratory: Living Textbook of Pragmatic Clinical Trials. 2014 [cited 2019 Jun 26]. 527 

Available from: https://rethinkingclinicaltrials.org/resources/ehr-phenotyping 528 

37.  Richesson RL, Hammond WE, Nahm M, Wixted D, Simon GE, Robinson JG, et al. 529 

Electronic health records based phenotyping in next-generation clinical trials: a 530 

perspective from the NIH Health Care Systems Collaboratory. J Am Med Informatics 531 

Assoc [Internet]. 2013 Dec [cited 2019 Jun 26];20(e2):e226–31. Available from: 532 

http://www.ncbi.nlm.nih.gov/pubmed/23956018 533 

38.  Banda JM, Seneviratne M, Hernandez-Boussard T, Shah NH. Advances in Electronic 534 

Phenotyping: From Rule-Based Definitions to Machine Learning Models. Annu Rev 535 

Biomed Data Sci [Internet]. 2018 Jul 20 [cited 2019 Jun 20];1(1):53–68. Available from: 536 

https://www.annualreviews.org/doi/10.1146/annurev-biodatasci-080917-013315 537 

39.  Kirby JC, Speltz P, Rasmussen L V, Basford M, Gottesman O, Peissig PL, et al. PheKB: a 538 

catalog and workflow for creating electronic phenotype algorithms for transportability. J 539 

Am Med Informatics Assoc [Internet]. 2016 Nov [cited 2019 Mar 7];23(6):1046–52. 540 

Available from: http://www.ncbi.nlm.nih.gov/pubmed/27026615 541 

40.  Haneuse S, Daniels M. A General Framework for Considering Selection Bias in EHR-542 

Jo
urn

al 
Pre-

pro
of



Peer 28 
 

Based Studies: What Data are Observed and Why? eGEMs (Generating Evid Methods to 543 

Improv patient outcomes). 2016 Aug 31;4(1):16.  544 

41.  Hripcsak G, Albers DJ. High-fidelity phenotyping: Richness and freedom from bias. Vol. 545 

25, Journal of the American Medical Informatics Association. 2018.  546 

42.  Pacheco JA, Avila PC, Thompson JA, Law M, Quraishi JA, Greiman AK, et al. A highly 547 

specific algorithm for identifying asthma cases and controls for genome-wide association 548 

studies. AMIA . Annu Symp proceedings AMIA Symp [Internet]. 2009 Nov 14 [cited 549 

2019 Mar 7];2009:497–501. Available from: 550 

http://www.ncbi.nlm.nih.gov/pubmed/20351906 551 

43.  Afshar M, Press VG, Robison RG, Kho AN, Bandi S, Biswas A, et al. A computable 552 

phenotype for asthma case identification in adult and pediatric patients: External 553 

validation in the Chicago Area Patient-Outcomes Research Network (CAPriCORN). J 554 

Asthma [Internet]. 2018;55(9):1035–42. Available from: 555 

https://doi.org/10.1080/02770903.2017.1389952 556 

44.  National Heart, Lung, and Blood Institute (NHLBI). Expert Panel Report 3: Guidelines for 557 

the Diagnosis and Management of Asthma (EPR-3) [Internet]. [cited 2020 May 20]. 558 

Available from: https://www.nhlbi.nih.gov/health-topics/guidelines-for-diagnosis-559 

management-of-asthma 560 

45.   Global Initiative for Asthma (GINA). A Pocket Guide for Health Professionals (for 561 

Adults and Children Older than 5 Years) [Internet]. 2019 [cited 2020 May 20]. Available 562 

from: www.ginasthma.org. 563 

46.   National Heart, Lung, and Blood Institute (NHLBI). Asthma Care Quick Reference: 564 

Diagnosing and Managing [Internet]. [cited 2020 May 20]. Available from: 565 

Jo
urn

al 
Pre-

pro
of



Peer 29 
 

https://www.nhlbi.nih.gov/files/docs/guidelines/asthma_qrg.pdf 566 

47.  Ontologies | i2b2 [Internet]. [cited 2020 May 20]. Available from: http://sites.bu.edu/bu-567 

i2b2/intro-to-i2b2/ontologies/ 568 

48.  National Library of Medicine. RxNorm [Internet]. [cited 2020 Jun 19]. Available from: 569 

https://www.nlm.nih.gov/research/umls/rxnorm/index.html 570 

49.  i2b2 [Internet]. [cited 2020 May 15]. Available from: http://sites.bu.edu/bu-i2b2/ 571 

50.  Uebersax JS. User guide for the MH program (vers. 1.2). Statistical Methods for Rater 572 

Agreement website [Internet]. 2006 [cited 2020 May 15]. Available from: https://john-573 

uebersax.com/stat/mh.htm 574 

51.  Zahran HS, Bailey CM, Qin X, Moorman JE. Assessing asthma severity among children 575 

and adults with current asthma. J Asthma. 2014;51(6):610–7.  576 

52.  Schifano ED, Hollenbach JP, Cloutier MM. Mismatch between asthma symptoms and 577 

spirometry: Implications for managing asthma in children. J Pediatr [Internet]. 2014 Nov 1 578 

[cited 2020 Sep 21];165(5):997–1002. Available from: https://pubmed-ncbi-nlm-nih-579 

gov.ezproxy.bu.edu/25175496/ 580 

53.  Anarella JP, Wagner VL, McCauley SG, Mane JB, Waniewski PA. Eliminating 581 

Disparities in Asthma Care: Identifying Broad Challenges in Quality Improvement. Am J 582 

Med Qual [Internet]. 2017 Nov 1 [cited 2020 Sep 21];32(6):598–604. Available from: 583 

http://journals.sagepub.com/doi/10.1177/1062860616682587 584 

54.  Wechsler ME. Managing asthma in primary care: putting new guideline recommendations 585 

into context. Mayo Clin Proc [Internet]. 2009 Aug [cited 2020 Sep 21];84(8):707–17. 586 

Available from: http://www.ncbi.nlm.nih.gov/pubmed/19648388 587 

55.  Majellano EC, Clark VL, Winter NA, Gibson PG, McDonald VM. Approaches to the 588 

Jo
urn

al 
Pre-

pro
of



Peer 30 
 

assessment of severe asthma: Barriers and strategies [Internet]. Vol. 12, Journal of Asthma 589 

and Allergy. Dove Medical Press Ltd.; 2019 [cited 2020 Sep 21]. p. 235–51. Available 590 

from: /pmc/articles/PMC6712210/?report=abstract 591 

56.  Ramsey CD, Celedón JC, Sredl DL, Weiss ST, Cloutier MM. Predictors of disease 592 

severity in children with asthma in Hartford, Connecticut. Pediatr Pulmonol. 593 

2005;39(3):268–75.  594 

57.  Breen N, Berrigan D, Jackson JS, Wong DWS, Wood FB, Denny JC, et al. Translational 595 

Health Disparities Research in a Data-Rich World. Heal Equity [Internet]. 2019 Nov 1 596 

[cited 2020 May 12];3(1):588–600. Available from: 597 

https://www.liebertpub.com/doi/10.1089/heq.2019.0042 598 

58.  Fitzpatrick AM, Gillespie SE, Mauger DT, Phillips BR, Bleecker ER, Israel E, et al. 599 

Racial disparities in asthma-related health care use in the National Heart, Lung, and Blood 600 

Institute’s Severe Asthma Research Program. J Allergy Clin Immunol [Internet]. 2019 601 

[cited 2020 May 12];143:2052–61. Available from: 602 

https://doi.org/10.1016/j.jaci.2018.11.022 603 

59.  FitzGerald JM, Barnes PJ, Chipps BE, Jenkins CR, O’Byrne PM, Pavord ID, et al. The 604 

burden of exacerbations in mild asthma: a systematic review. ERJ Open Res [Internet]. 605 

2020 Jul 1 [cited 2020 Sep 18];6(3):00359–2019. Available from: 606 

https://doi.org/10.1183/23120541.00359-2019 607 

60.  De Meulder B, Tching Chi Yen R, Li C-X, Wheelock A, Chung KF, Adcock I, et al. U-608 

BIOPRED accessible handprint: combining omics platforms to identify stable asthma 609 

subphenotypes. In: European Respiratory Journal [Internet]. European Respiratory Society 610 

(ERS); 2018 [cited 2020 Sep 21]. p. OA3578. Available from: 611 

Jo
urn

al 
Pre-

pro
of



Peer 31 
 

https://erj.ersjournals.com/content/52/suppl_62/OA3578 612 

61.  Rusanov A, Weiskopf NG, Wang S, Weng C. Hidden in plain sight: Bias towards sick 613 

patients when sampling patients with sufficient electronic health record data for research. 614 

BMC Med Inform Decis Mak [Internet]. 2014 Jun 11 [cited 2020 Apr 14];14(1):51. 615 

Available from: http://bmcmedinformdecismak.biomedcentral.com/articles/10.1186/1472-616 

6947-14-51 617 

62.  Hripcsak G, Albers DJ, Perotte A. Parameterizing time in electronic health record studies. 618 

[cited 2020 May 12]; Available from: https://academic.oup.com/jamia/article-619 

abstract/22/4/794/1746126 620 

63.  Weber GM, Adams WG, Bernstam E V., Bickel JP, Fox KP, Marsolo K, et al. Biases 621 

introduced by filtering electronic health records for patients with “complete data.” J Am 622 

Med Informatics Assoc. 2017 Nov 1;24(6):1134–41.  623 

64.  Goldstein BA, Bhavsar NA, Phelan M, Pencina MJ. Controlling for Informed Presence 624 

Bias Due to the Number of Health Encounters in an Electronic Health Record. Am J 625 

Epidemiol [Internet]. 2016 Dec 1 [cited 2020 May 12];184(11):847–55. Available from: 626 

http://www.ncbi.nlm.nih.gov/pubmed/27852603 627 

65.  Pivovarov R, Albers DJ, Sepulveda JL, Elhadad N. Identifying and mitigating biases in 628 

EHR laboratory tests. J Biomed Inform. 2014 Oct 1;51:24–34.  629 

 630 

 631 

 632 

 633 

 634 

  635 

Jo
urn

al 
Pre-

pro
of



Peer 32 
 

Figure 1. Flowchart of study design and analyses  636 

Jo
urn

al 
Pre-

pro
of



 

 

Table 1. Asthma severity phenotype algorithm for pediatric patients ages 5-18 

Category basis Intermittent 

Persistent Component 
annual 
severity 

select most 
severe from 

row(s) 

Final annual 
severity 

select most 
severe from 

previous 
column 

Mild Moderate Severe 

Presence of 
Annual Long-
term Rx’s46 

Step 1 
medication 
regimen: 
 
SABA only 

Step 2 
medication 
regimen: 
 
low dose ICS 
 
OR 
 
cromolyn, 
LTRA, or 
theophylline 

Step 3 
medication 
regimen: 
 
low dose ICS 
AND LABA, 
LTRA, 
theophylline, or 
(age 12 and up 
only: zileuton) 
 
OR 
 
medium dose 
ICS 

Step 4 or more 
medication 
regimen: 
 
medium dose 
ICS AND 
LABA, LTRA, 
theophylline, or 
(age 12 and up 
only: zileuton) 
 
OR 
 
high dose ICS 
 
OR  
 
age 12 and up 
only: 
omalizumab 

Rx severity PHENOTYPE: 

National 
Heart, Lung, 
and Blood 
Institute 
(NHLBI) 
criteria 
severity 

 

Presence of 
Annual ICD-10 

J45.2x Mild 
intermittent 
asthma… 

J45.3x Mild 
persistent 
asthma… 

J45.4x 
Moderate 
persistent 
asthma… 

J45.5x Severe 
persistent 
asthma… 

ICD-10 
severity 

Minimum 
Annual FEV1%  
& # Annual 
Corticosteriods46 

>80 FEV1% 
& 
1 or less 
steroid 

>80 FEV1% 
& 
2+ steroid 

60-80 <60 FEV1% 
severity 

SABA use for 
symptom 
control46 

≤ 2 days/week > 2 days/ 
week but not 
daily and not 
more than 
once on any 
day 

Daily throughout the 
day 

Symptom 
severity 

Symptoms46 ≤ 2 days/week > 2 days/ 
week but not 
daily 

Daily throughout the 
day 

Nighttime 
awakening due to 
symptoms46 

≤ 2x/month 3-4x/month > 1x/week but 
not nightly 

often 7x/week 

Abbreviations: 
Medication prescription (Rx) 
Short-acting beta2-agonists (SABA) 
Inhaled Corticosteroid (ICS) 

Leukotriene receptor antagonists (LTRA) 
Long-acting beta2-agonists (LABA) 
Percent predicted forced expiratory volume in 1 
second (FEV1%) 

Table 2. Sample characteristics by asthma severity ascertainment from EHR over 5-year period 
(n=5,047 patients) 
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 No severity 
ascertained 

 

Severity ascertained  
(n=2,461) 

MH  
chi-

square 
p-

value*** 

Intermittent Mild 
persistent 

Moderate 
persistent 

Severe 
persistent 

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: 5 to 11 (vs 12 to 18) 1,205 (47%) 594 (53%) 288 (68%) 235 (53%) 352 (74%) <0.0001 
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%) 257 (54%)  
  Hispanic 134 (5%) 22 (2%) 7 (2%) 11 (2%) 13 (3%)  
  Not Recorded 634 (25%) 329 (30%) 135 (32%) 121 (27%) 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 
English) 

1,975 (76%) 849 (76%) 318 (75%) 315 (70%) 375 (79%) 0.58 

Duration of HCU (# years active)      0.0007 
  1      685 (26%) 246 (22%) 111 (26%) 121 (27%) 121 (25%)  
  2 640 (25%) 263 (24%) 99 (23%) 109 (24%) 94 (20%)  
  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 (25%)  
Total HCU (approx. quartiles: # 
visits/year) 

     <0.0001 

  Q1 (30%): 1 visit 1,106 (43%) 242 (22%) 84 (20%) 63 (14%) 48 (10%)  
  Q2 (20%): 2 visits 517 (20%) 231 (21%) 82 (19%) 79 (18%) 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%) 104 (25%) 141 (32%) 183 (38%)  
Type of asthma specific HCU       <0.0001 
  Seen in OP for asthma* 325 (13%) 773 (69%) 325 (77%) 390 (87%) 434 (91%)  
  Seen in ER and/or IP only for 
asthma* 

470 (18%) 170 (15%) 66 (16%) 43 (10%) 30 (6%)  

  No visit for asthma in the year 1,791 (69%) 172 (15%) 32 (8%) 14 (3%) 12 (3%)  
# EHR elements with data (i.e. 
completeness of severity data) 

     <0.0001 

  1 0 (0%) 722 (65%) 158 (37%) 98 (22%) 75 (16%)  
  2 0 (0%) 368 (33%) 225 (53%) 235 (53%) 191 (40%)  
  3 0 (0%) 25 (2%) 38 (9%) 109 (24%) 205 (43%)  
  4 0 (0%) 0 (0%) 2 (<1%) 5 (1%) 5 (1%)  

Severity data present in specific EHR element   
Rx – long term regimen present 
(vs not) 

0 (0%) 735 (66%) 377 (89%) 391 (87%) 471 (99%) <0.0001 

ICD-10 severity** present (vs 
not) 

0 (0%) 414 (37%) 243 (57%) 283 (63%) 302 (63%) <0.0001 

FEV1% present (vs not) 0 (0%) 133 (12%) 70 (17%) 182 (41%) 253 (53%) <0.0001 
Symptoms present** (vs not) 0 (0%) 251 (23%) 40 (9%) 59 (13%) 66 (14%) <0.0001 

Notes: *Seen in the outpatient setting for asthma = OP, IP & ER; OP & ER; OP & IP; OP only. Seen in ER and/or 
IP only for asthma = ER & IP; ER only; IP only 
**ICD-10 asthma codes with severity indication were implemented in 2015 and the EHR form used to record 
asthma symptom data was discontinued in 2015 
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***MH test is inclusive of no severity ascertained category

Abbreviations:  
MH: Mantel-Haenszel  
HCU: healthcare use 
OP: outpatient visit 
IP: inpatient visit 
ER: emergency room visit 
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Table 3. Concordance and direction of change of pair-wise comparisons 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 -10**  1,002 0.46 (0.42,0.50) Rx severity > ICD-10 severity 

Rx & FEV1%  502 0.05 (0.01,0.09) Rx severity > FEV1% severity 

Rx & symptoms**  227 0.07 (0.02,0.12) Rx severity > symptom severity 

ICD-10** & FEV1%  343 0.02 (-0.04,0.07) ICD-10 severity > FEV1% severity 

ICD-10** & 
symptoms** 

34 0.09 (-0.07,0.25) ICD-10 severity > symptom severity 

FEV1% & 
symptoms** 

114 -0.11 (-0.18,-0.04) FEV1% severity > symptom severity 

Notes: * The McNemar Test of Direction of Change is a non-parametric test used to evaluate changes in 
directionality of paired data. In this case, it indicates whether the proportion of patients in the four severity 
levels differed when based on a different EHR data element. ”>” is interpreted as “generally higher than” 
(e.g. for the first result, severity based on Rx is generally higher than when severity is based on ICD-10.) 
All McNemar results were significant at p < 0.05 
**ICD-10 asthma codes with severity indication were implemented in 2015 (backdating of ICD-10 codes is 
possible in the system) and the EHR form used to record asthma symptom data was discontinued in 2015 
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Table 4. The influence of informed presence on severity ascertainment and data elements 
relevant to asthma severity 

 Multivaria ble Models 
Odds Ratio (95% confidence interval) 

Severity 
ascertained 
versus not 

Long term Rx 
regimen present 
versus not 

ICD-10 severity 
present  versus 
not* 

Lung function 
test present  
versus not** 

Symptom data 
present versus 

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: 5 to 11  
(vs 12 to 18) 

1.66 (1.42,1.94)     

Race/ethnicity      
  Asian 0.76 (0.43,1.34)   0.53 (0.22,1.30) 1.65 (0.43,6.27) 
  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) 1.62 (0.83,3.18) 
  Other 0.61 (0.29,1.27)   0.66 (0.21,2.05) 5.91 (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 
asthma 

 0.40 (0.27,0.58) 253 (97,663) 12 (5,29) 1.34 (0.83,2.15) 

    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 
for asthma 

 1.64 (0.98,2.75) 26 (10,67) 0.27 (0.06, 1.27) 0.13 (0.05,0.35) 

    ER & IP 13 (7,24)     
    ER only 4 (3,5)     
    IP only 11 (8,15)     
  No visit for 
asthma  

Reference  Reference Reference Reference Reference 

Severity N/A     
  Intermittent  Reference Reference Reference Reference 
  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 (3.17,5.76) 0.48 (0.31,0.73) 
  Severe   57 (23,139) 8.65 (3.60,20.81) 6.76 (5.05,9.05) 0.41 (0.28,0.62) 

Notes: Bold: p<0.05 
*ICD-10 asthma codes with severity indication were implemented in late 2015 so data reflected is for 
2016-2017 
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** Lung function test present means that there was a lung function test done and there is a recorded 
FEV1% in the patient’s record 
***the EHR form used to record asthma symptom data was discontinued in 2015 so data reflected is for 
2013-2014 
^^In the first column (severity ascertained versus not logistic model), the variable “Asthma care during 
year” is made up of 8 categories: from the reference category of “No visit for asthma” up to “OP, IP & 
ER”; however, for the remaining models, the variable is collapsed into 3 categories: No visit for asthma, 
Not seen in OP for asthma, and Seen in OP for asthma     
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Figure 1. Flow chart of study design and analyses 

 

 

Phenotype 
Development & 

Application 
(informatics) 

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

Applied the asthma computable 
phenotype43 and our severity 

computable phenotype to CHILD-DB 

Created a random, independent sample of  
patient-years for phenotype evaluation analyses  

(Table 2) 

Phenotype Performance Analyses  

Qualitatively compared to literature 

Concordance assessments of EHR data 
elements  
(Table 3)  

Informed Presence Analyses 

Question 1: What data are observed for 
those patients for whom we can 

ascertain an asthma severity 
classification compared to those 
patients for whom we cannot? 

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) 

Translated the “Classifying Asthma Severity Table”46 into a deterministic 
rule-based algorithm to create our asthma severity computable phenotype 

(Table 1)  

Severity was defined as the worst severity observed based on any of the 
following EHR data elements in a given year: 

Medications 

ICD-10 diagnosis codes 

Lung function (FEV1%) 

Symptoms 

 

 

Phenotype 
Evaluation 
(analyses) 
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