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Abstract

Objective: For children with asthma, emergency department (ED) visits are common, expensive,

and often avoidable. Though several factors are associated with ED use (demographics,

comorbidities, insurance, medications), its predictability using electronic health record (EHR)

data is understudied.

Methods:Weused a retrospective cohort study design andEHRdata fromone center to examine

the relationship of patient factors in 1 year (2013) and the likelihood of frequent ED use (≥2

visits) in the following year (2014), using bivariate and multivariable statistics. We applied and

compared several machine-learning algorithms to predict frequent ED use, then selected a

model based on accuracy, parsimony, and interpretability.

Results: We identified 2691 children. In bivariate analyses, future frequent ED use was

associated with demographics, co-morbidities, insurance status, medication history, and use of

healthcare resources. Machine learning algorithms had very good AUC (area under the curve)

values [0.66-0.87], though fair PPV (positive predictive value) [48-70%] and poor sensitivity

[16-27%]. Our final multivariable logistic regression model contained two variables: insurance

status and prior ED use. For publicly insured patients, the odds of frequent ED use were 3.1

[2.2-4.5] times that of privately insured patients. Publicly insured patients with 4+ ED visits and

privately insured patients with 6+ ED visits in a year had ≥50% probability of frequent ED use

the following year. The model had an AUC of 0.86, PPV of 56%, and sensitivity of 23%.

Conclusion: Among children with asthma, prior frequent ED use and insurance status strongly

predict future ED use.
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1 | INTRODUCTION

Nearly half of the seven million children with asthma in the United

States (US) visit the emergency department (ED) each year for an acute

exacerbation of their disease.1 These visits are disruptive to children

and their families, and expensive to the US healthcare system. Patients

with poorly controlled severe asthma cost nearly $5000 more per

patient per year compared to average pediatric asthma costs.2Many of

these visits may be avoidable since asthma is an ambulatory care

sensitive condition,3 that is, high quality outpatient care may reduce

the frequency of ED visits.

Thus, a child with asthma who frequently visits the ED is likely to

have limited access to care and/or poor disease control.4 Children at

high risk for future frequent ED use are a vulnerable population who

may benefit from improved outpatient care intervention. For example,

well-implemented care management programs can reduce hospital

use, lower costs, and improve clinical outcomes for children with

chronic diseases.5,6 Care managers work directly with patients to
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coordinate care, answer questions, provide information about

diseases, reconcile medications, and help families navigate the medical

system.7 However, it is unclear whom to target for such interventions.

There are several candidate predictors that are associated with

frequent ED use in children with asthma, such as healthcare utilization

history,8 demographics,9 co-morbidities,10 insurance status,11 medi-

cation history,12 and disease severity.9 Guidelines from the National

Asthma Education and Prevention Program (NAEPP) and the Global

Initiative for Asthma (GINA) summarize evidence for how several of

these risk factors contribute to high resource utilization (such as

frequent ED use, hospitalizations, ICU admissions) and in turn, rising

healthcare costs.10,12 However, it is not clear how accurately these

concepts can be used to predict frequent ED visits using data from

electronic health record (EHR) systems.

In this study, we explored the predictability of frequent ED use

among children with asthma using data from an EHR from onemedical

center. Our approach was twofold. First, we developed and evaluated

several machine-learning algorithms to predict which children will use

the ED two or more times in the next year. Second, we selected and

described the algorithm that was the most parsimonious, interpret-

able, and accurate.

2 | MATERIALS AND METHODS

2.1 | Study design

We performed a retrospective cohort study at one center using

outpatient EHR data from 2013 to predict frequent ED use in 2014

among children with asthma. The Weill Cornell Medical Center

Institutional Review Board approved the study.

2.2 | Potential predictors

Through reviewof the literature and consultationwith experts in health

services research (ZG, LK, EA), pediatric pulmonary medicine (AS),

pediatric emergency medicine (JK), and general pediatrics (ZG, AS, JK,

EA), we generated a list of candidate variables potentially associated

with frequent ED use. These roughly fell into four categories: (i)

demographics; (ii) clinical factors and comorbidities; (iii) medication

history; and (iv) prior healthcare utilization history (Table 1).1,3,4,8–20

2.3 | Inclusion criteria

We included all individuals 18 years of age or younger who were

patients in our center’s outpatient general pediatric and pediatric

pulmonary clinics and who had either a prescription for a short acting

beta agonist21 and/or an ICD-9 code of 493.x (asthma)22 in 2013.

2.4 | Predictor variables

Data for each patient included (i) demographic variables (age, sex, race

and ethnicity, home zip code aggregated to geographic regions, type of

insurance, and an identified primary care physician in the EHR (yes/no));

(ii) prior use of health services (number of ED, inpatient, and outpatient

visits); (iii) clinical factors (Body Mass Index (BMI), IgE blood test,

sensitization to common aeroallergens, and the presence of comorbid

conditions); and (iv) medication prescription orders in the EHR. We

aggregated ICD-9 codes into several comorbidities (appendix B), aswell

an overall measure of medical complexity in children (Pediatric Medical

Complexity Algorithm; PMCA).19

2.5 | Outcome

The commonly used threshold for “frequent ED use” of four or more

visits23–25 was rare in our data (1.5% of patients). Thus, we defined

frequent ED use as two or more (2+) all-cause ED visits in 2014. We

focused on all ED visits rather than visits related to asthma. Our goal

was to identify vulnerable individuals for enrollment into an

intervention to improve outpatient care. We reasoned that frequent

ED use, irrespective of cause, was a sufficiently compelling marker of

vulnerability that would appeal to clinicians, administrators, and

patients alike.

2.6 | Bivariate analysis

We investigated associations between predictor variables in 2013 and

frequent all-cause ED visits in 2014. We compared continuous

variables with the Wilcoxon test (due to skewed distributions), and

categorical variableswith the chi-square test. For categorical variables,

we provide odds ratios and 95% confidence intervals as measures of

effect size.

2.7 | Predictive modeling strategy

It was not clear a priori which algorithm would best predict frequent

ED use. We selected a variety of algorithms in order to explore the

overall predictability of ED use, to generate multiple candidate models

for review, and to overcome potential limitations of regression, such as

missing data, large numbers of variables, non-linear relationships, and

unusual distributions commonly seen in healthcare data. These

algorithms included (i) logistic regression with the best subsets

algorithm for 1, 2, and 3 variables; (ii) LASSO (least absolute shrinkage

and selection operator) logistic regression; (iii) CART (classification and

regression tree); (iv) Random Forests; and (v) SVM (support vector

machines). Additional information about these techniques appears in

appendix A.

2.8 | Evaluation of models

We randomly selected individuals into a training set and test set of

equal size. Next, we evaluated the predictive ability of models on the

test set using the following criteria: (i) area under the receiver

operating curve (AUC); (ii) calibration (appendix A); (iii) classification

error; (iv) sensitivity; and (v) positive predictive value (PPV).26 We

qualified AUC, sensitivity, and PPV as follows: <0.55 poor, 0.56-0.69

fair, 0.7-0.79 good, 0.8-0.89 very good, and 0.9-1 excellent. We

qualified calibration as follows: 0-4% excellent, 5-9% very good,

10-14% good, 15-20% fair, and >20% poor.26
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TABLE 1 Bivariate relationship between selected patient characteristics in year 1 (2013) and frequency of ED use in year 2 (2014), among 2691
children with asthma

Patient characteristics in year 1
0 or 1 visits in year 2
(N = 2507)

2 or More visits in year 2
(N = 184) P-value

Odds ratio
(95% CI)

Age

Age 6 (3-11) 6 (3-11) ns -

Sex

Female 996 (40%) 87 (47%) 0.05 1.36 (1.01-1.84)

Race

White 940 (37%) 30 (16%) <0.001 Ref

Black 323 (13%) 36 (20%) 3.49 (2.12-5.79)

Asian 151 (6%) 3 (2%) 0.62 (0.14-1.78)

American Indian/Alaskan 0 (0%) 5 (3%) 15.6 (4.64-47.1)

Other 696 (28%) 93 (50%) 4.17 (2.76-6.47)

Declined 354 (14%) 17 (9%) 1.50 (0.80-2.73)

Unknown 43 (2%) 0 (0%) 1.45 (0.23-5.04)

Ethnicity

Not hispanic 1461 (58%) 80 (43%) <0.001 Ref

Hispanic 520 (21%) 69 (38%) 2.42 (1.72-3.39)

Declined 421 (17%) 19 (10%) 0.82 (0.48-1.34)

Unknown 105 (4%) 16 (9%) 2.78 (1.52-4.81)

Borough of New York

Manhattan 1149 (46%) 76 (41%) <0.001 Ref

Bronx 303 (12%) 33 (18%) 1.64 (1.06-2.50)

Brooklyn 327 (13%) 19 (10%) 0.87 (0.51-1.44)

Queens 336 (13%) 48 (26%) 2.16 (1.46-3.15)

Staten island 24 (1%) 0 (0%) 0.00 (0.00-2.26)

Other 368 (15%) 8 (5%) 3.28 (0.14-0.65)

Insurance type

Private 1749 (70%) 59 (32%) <0.001 Ref

Public 635 (25%) 122 (66%) 5.69 (4.13-7.92)

Unknown 123 (5%) 3 (2%) 0.72 (0.17-1.99)

PCP identified in EHR

Has PCP 1980 (79%) 130 (71%) <0.01 Ref

Does not have PCP 16 (1%) 0 (0%) 0.00 (0.00-3.54)

Unknown 511 (20%) 54 (29%) 1.60 (1.14-2.23)

Encounters year 1

ED Visits 0 [0 - 0] 1 [0.75 - 3] <0.001

Inpatient visits 0 [0 - 0] 0 [0 - 1] <0.001

Outpatient visits 3 [1 - 6] 6 [3 - 11] <0.001

Other visits 0 [0 - 0] 0 [0 - 0] ns

PMCA

No chronic disease 1306 (52%) 67 (36%) <0.001 Ref

Chronic disease 795 (32%) 72 (39%) 1.76 (1.25-2.49)

Medically complex 277 (11%) 42 (23%) 2.95 (1.95-4.42)

Other 129 (5%) 3 (2%) 0.47 (0.02-2.23)

BMI

Normal 2080 (83%) 158 (86%) <0.01 Ref

(Continues)
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TABLE 1 (Continued)

Patient characteristics in year 1
0 or 1 visits in year 2
(N = 2507)

2 or More visits in year 2
(N = 184) P-value

Odds ratio
(95% CI)

Overweight 123 (5%) 8 (5%) 0.86 (0.38-1.67)

Obese 72 (3%) 11 (6%) 2.01 (0.99-3.71)

Unknown 232 (9%) 7 (3%) 0.40 (0.17-0.80)

IgE test

Normal 47 (2%) 3 (2%) ns Ref

Abnormal 54 (2%) 6 (3%) 1.74 (0.43-8.60)

Not Sent 2406 (96%) 175 (95%) 1.14 (0.41-4.72)

Psychiatric comorbidities

Anxiety 1 (0.03%) 1 (0.5%) ns 13.69 (0.54-347)

Depression 12 (0.5%) 2 (1%) ns 2.28 (0.35-8.46)

Medical comorbidities

Allergic rhinitis 415 (16%) 39 (21%) ns 1.35 (0.93-1.96)

Bronchiolitis 213 (8.5%) 15 (8%) ns 0.95 (0.55-1.65)

Bronchitis 17 (1%) 0 (0%) ns 0.00 (0.00-3.31)

Bronchopulmonary dysplasia 69 (3%) 7 (4%) ns 1.39 (0.63-3.08)

Chronic bronchitis 4 (0.2%) 0 (0%) ns 0.00 (0.00-20.8)

Cystic fibrosis 0 (0%) 0 (0%) ns 0.00 (0.00-0.00)

Decreased tone 10 (0.4%) 2 (1%) ns 2.74 (0.60-12.6)

Eczema 156 (6%) 18 (10%) 0.05 1.63 (0.97-2.72)

Increased tone 23 (1%) 5 (3%) <0.05 3.06 (1.13-8.03)

Pneumonia 132 (5%) 17 (9%) <0.05 1.83 (1.07-3.11)

Premature birth 35 (1%) 3 (2%) ns 1.17 (0.35-3.84)

Vocal cord dysfunction 11 (0.4%) 3 (2%) <0.05 3.76 (1.04-13.6)

Technology dependence

Gastrostomy tube 40 (1.5%) 9 (5%) <0.01 3.17 (1.51-6.64)

Tracheostomy 38 (1.5%) 7 (4%) <0.05 2.57 (1.13-5.83)

Allergies

Animal 253 (12%) 16 (9%) ns 0.84 (0.49-1.44)

Chemical 19 (0.8%) 3 (2%) ns 2.17 (0.63-7.40)

Cockroach 47 (2%) 8 (4%) <0.05 2.37 (1.10-5.11)

Drug 294 (12%) 27 (15%) ns 1.29 (0.84-1.98)

Dust 140 (6%) 14 (8%) ns 1.39 (0.78-2.46)

Food 506 (20%) 42 (23%) ns 1.17 (0.81-1.67)

Fungus 5 (0.2%) 0 (0%) ns 0.00 (0.00-14.9)

Herbal 12 (0.5%) 0 (0%) ns 0.00 (0.00-4.92)

Latex 13 (0.5%) 2 (1%) ns 2.10 (0.47-9.41)

Mold 1574 (62%) 102 (55%) <0.05 0.74 (0.54-0.99)

Other 111 (4.4%) 9 (5%) ns 1.11 (0.55-2.22)

Pollen 115 (5%) 11 (6%) ns 1.32 (0.69-2.50)

Seasonal 20 (0.7%) 2 (1%) ns 1.36 (0.31-5.89)

Trees 1663 (66%) 109 (59%) 0.06 0.73 (0.54-1.00)

Medications prescribed

Asthma medication device 565 (23%) 54 (29%) <0.05 1.43 (1.02-1.98)

Inhaled drug combination 76 (3%) 8 (4%) ns 1.45 (0.69-3.06)

(Continues)
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2.9 | Model selection

We selected a final model based on parsimony (ie, small number of

variables), accuracy, and interpretability. We operationalized parsi-

mony to mean four or fewer variables, interpretability to mean that our

research team clearly understood the meaning of each included

variable, and accuracy to mean that the AUC was within 0.02 of the

best performing model.

2.10 | Threshold selection

A predictive model can be tuned to emphasize sensitivity or PPV by

adjusting the threshold used to identify individuals for intervention.

We created a table to illustrate the potential tradeoffs of using

different thresholds. For each threshold, we report the number of

individuals that would be enrolled, the number correctly predicted to

have 2+ ED visits in year 2, the PPV, and the sensitivity. We also

report the mean and total number of ED visits by the selected

cohort.

2.11 | Statistical software

We used the R software (version 3.1.1)27 with additional packages

detailed in appendix A.

3 | RESULTS

Description of cohort

We identified 2691 patients. The median age was 6 [Interquartile

Interval: 3-11]. Sixty percent were male. A plurality (36%) was White,

13%wereBlack orAfricanAmerican, 6%Asian, and1%American Indian

or Alaska National. A large group (29%) fell into the category “Other

Combinations not Described.” Nearly half (46%) lived in Manhattan,

40% in other boroughs of New York City, and the remaining 14% lived

outside New York City. Nearly a quarter (22%) had Hispanic, Latin, or

Spanish origin. Two thirds (67%) had private insurance, 28% were

publicly insured, and the remaining 5% were unknown.

TABLE 1 (Continued)

Patient characteristics in year 1
0 or 1 visits in year 2
(N = 2507)

2 or More visits in year 2
(N = 184) P-value

Odds ratio
(95% CI)

Inhaled rescue 2274 (91%) 177 (96%) <0.05 2.59 (1.20-5.58)

Inhaled steroids 1037 (41%) 82 (45%) ns 1.14 (0.84-1.54)

Leukotrienes 294 (12%) 22 (12%) ns 1.02 (0.64-1.62)

Cromolyn 4 (0.2%) 2 (1%) <0.05 6.87 (1.25-37.7)

Oral steroids 528 (21%) 43 (23%) ns 1.14 (0.80-1.63)

Other medications 1848 (74%) 157 (85%) <0.001 2.07 (1.36-3.20)

ns, not significant. All values are either Median [Inter-quartile Range] or N (% of patients within the category of ED use in Year 2).
P-values and Odds Ratios (95%CI) determined by Pearson correlation for continuous variables (using ED visits in year 2 as a continuous variable) and
chi-square test for categorical variables.

TABLE 2 Evaluation of predictive modeling techniques on a test set of 1346 patients

Technique
# of
variables AUC

Calibration
(%)

Classification error
(%)

Sensitivity
(%)

PPV
(%) Variables

Logistic 1 0.84 13 5.9 27 59 (1) ED visits in Year 1

Regression 2 0.86 13 5.9 23 56 (1) ED visits in year 1

(2) Type of insurance

Best subsets 3 0.86 14 6.1 23 56 (1) ED visits in year 1,

(2) Type of insurance,

(3) Cromolyn use

LASSO 2 0.87 20 5.8 16 70 (1) ED visits in year 1,

(2) Type of insurance

Random forests all (52) 0.83 4.1 6.4 19 52 All

CART 2 0.66 15 6.6 24 48 (1) ED visits in year 1,

(2) Type of insurance

Support vector
machines

all (52) 0.81 14 6.0 19 62 All
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3.1 | Prevalence of frequent ED users

There were 184 (6.8%) frequent ED users (2+ visits) during Year 2

(2014) among the 2691 individuals in the full dataset.

3.2 | Bivariate associations between predictors
and frequent ED use

Several potential predictor variables were significantly associatedwith

frequent ED use in Year 2 (2014) (Table 1). Girls had a 1.36 [95%

confidence interval 1.01-1.84] times higher odds to be frequent ED

users compared to boys. Race and ethnicity were also associated with

frequent ED use. Compared with Whites, Blacks had higher odds of

frequent ED use (3.5 [2.1-5.8]), as did those with “Other” race (4.2

[2.8-6.5]). Hispanics had higher odds (2.4 [1.7-3.4]) as did those with

“Unknown” ethnicity (2.8 [1.5-4.8]). All five children with American

Indian/Alaskan race were frequent ED users. Living in areas of New

York City with lower median incomes was associated with higher odds

of frequent ED use (Bronx [1.6 [1.06-2.5]) and Queens [2.2 [1.5-3.2]],

comparedwithManhattan). Individuals with public insurance had a 5.7

[4.1-7.9] times higher odds of frequent ED use than individuals with

commercial insurance. Other factors associated with ED use were

medical complexity, obesity, and multiple health care visits (ED,

outpatient, or inpatient) in the baseline year; a history of increased

tone (representative of neuromuscular disease), eczema, pneumonia,

vocal cord dysfunction, technology dependence (gastrostomy tube or

tracheostomy), and allergies to cockroaches. Among specific allergies

reviewed, sensitivities to mold, or tree pollen was less common among

frequent ED users. Finally, frequent ED users were more likely to have

received prescriptions for asthma medication devices such as spacers

and nebulizers, inhaled rescue drugs, mast cell stabilizers, and

medications for other diseases (Table 1).

3.3 | Predictability of frequent ED use

When we applied the predictive algorithms, the AUC ranged from

0.81-0.87 formost algorithms, indicating very good predictability. (The

performance of CARTwas fair [AUC 0.66]). The PPVswere fair to poor

(48-70%). Sensitivity was uniformly poor (16-27%). Calibration was

fair to good (13-20%), with the exception of Random Forests,

which had excellent calibration (4.1%). Classification error ranged

from 5.8-6.6%. (Table 2)

TABLE 3 Logistic regression model for frequent ED Use (2+ Visits in
2014)

Baseline probability, private insurance,
zero ED visits in 2013 (95%CI) 2.2 (1.7-3)%

Factor Odds ratio (95%CI)

Private insurance Ref

Public insurance 3.11 (2.17-4.45)

Unknown insurance 0.42 (0.11-1.62)

Each ED visit in 2013 2.22 (1.97-2.51)

21 of 182

29 of 165

20 of 1541

25 of 442

20 of 71

9 of 56

12 of 19

17 of 20

12 of 30

3 of 3

7 of 10

2 of 14

3 of 9 1 of 3
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FIGURE 1 Relationship between number of ED visits in year 1 and probability of frequent ED use in year 2, stratified by insurance type.
The x-axis denotes the number of ED visits in baseline Year 1. The y-axis denotes the corresponding proportion of patients (%) who were
frequent ED users in the following year. Red data is for children with public insurance, blue for children with private insurance. Each point is
annotated “a of b,”; a is the number of individuals who visited the ED two or more times in year 2 (2014), b is the number of individuals who
visited the ED the given number of times in year 1 (2013). The solid curve is the best fit from the logistic regression model in Table 3. Error
bars are the 95% confidence interval of the binomial distribution of the observed proportion
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3.4 | Selection of final predictors

Two predictors consistently appeared in the algorithms: (i) Number

of ED visits in Year 1; and (ii) Type of Insurance (Table 2). Our final

model included only these two variables, satisfying our parsimony

criterion. Our research team indicated clear understanding of these

concepts, satisfying our interpretability criterion. A generalized

linear model with a logit link (ie, a logistic regression model) with

these two variables had high AUC (0.86), good calibration (13%), fair

PPV (56%), though poor sensitivity (23%). The classification error

was 5.9%, which was among the most accurate values. The AUC was

within 0.01 of the best performing model (0.87), satisfying our

criteria of accuracy.

According to the final model, the probability that a child with

private insurance and no ED visits in 2013 will visit the ED 2 or more

times in 2014 is 2.2% [1.7-3]. The odds of frequent ED use are 3.1

[2.2-4.5] higher if the child has public insurance, and 2.2 [2-2.5] times

higher for each ED visit in 2013 (Table 3).

3.5 | Current versus future ED visits,
stratified by insurance

Visual inspection of the data suggested a nearly linear relationship

between EDuse in year 1 (2013) and the probability of two ormore ED

visits in year 2 (2014), with different slopes depending on the

insurance type (Fig. 1). Among the publicly insured, individuals with 4+

ED visits in 2013 had 50% or higher probability of frequent ED use (2+

visits) in 2014 (Fig. 1). Seventeen out of twenty patients with 4+ ED

visits in 2013 had 2+ visits in 2014. However, among the privately

insured, the threshold was higher: individuals with 6+ ED visits in 2013

had 50% or higher probability of 2+ visits in 2014 (Fig. 1). All three

children with 6+ ED visits in 2013 were also frequent ED users (2+

visits) in 2014.

3.6 | Threshold selection table

A threshold selection table (Table 4) illustrates the expected

pattern of future ED use in groups of different sizes. For example, a

care management team with the capacity for 80 publicly insured

patients would enroll children with three or more ED visits in the

prior year (ie, a threshold of 3). Without intervention, the enrolled

cohort of 79 individuals would be expected to visit the ED 281

times (mean of 3.6 visits per enrollee). Of the 79, 48 would be

expected to be frequent ED users (ie, a PPV of 61%). However, the

group of 79 would only include 39 of 122 expected frequent ED

users (ie, a sensitivity of 39%).

4 | DISCUSSION

4.1 | Summary

We found several clinical, demographic, and healthcare utilization factors

that were significantly associated with future frequent ED use. We

developed a parsimonious, interpretable, and accurate predictive model

to identify children at high risk for future frequent ED use, based on prior

ED visit history and insurance status. This simple, two-variablemodel had

a high AUC (0.86), good calibration (13%), fair PPV (56%), though poor

sensitivity (23%). Its performance was similar to more sophisticated

multivariable models and machine learning techniques. Publicly insured

patients with 4+ ED visits and privately insured patients with 6+ ED visits

in a year had ≥50% probability of frequent ED use in the following year.

TABLE 4 Threshold selection table for care management enrollment recommendations

# ED visits in year 1 (score
threshold)

# to
enroll

“Hits” (pts with 2+ ED
visits in year 2)

PPV
(%)

Sensitivity
(%)

Total # of ED visits
in year 2

Mean # of ED visits per
enrollee in year 2

Public insurance

6 20 17 85 14 89 4.5

5 30 24 80 20 109 3.6

4 49 36 73 30 185 3.8

3 79 48 61 39 281 3.6

2 150 68 45 56 391 2.6

1 315 97 31 80 527 1.7

0 757 122 16 100 1026 1.4

Private insurance

6 3 3 100 5 32 10.7

5 6 4 67 7 37 6.2

4 15 7 47 12 41 2.7

3 29 9 31 15 71 2.4

2 85 18 21 31 157 1.8

1 267 39 15 66 291 1.1

0 1808 59 3 100 1906 1.1
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4.2 | Comparison to published literature

Our bivariate analysis found associations between frequent ED use and

several potential predictor variables, including race, insurance status,

geography, insurance type, medical complexity, and history of frequent

healthcare visits (ED, inpatient, and outpatient visits). Many of these

results are consistent with past findings, summarized in the literature

cited in the NAEPP and GINA guidelines.10,12 A 2001 California study

found that African American and Latino children are more likely to visit

the ED for asthma thanWhite non-Hispanic children.9 Insurance status

is, to some degree, a marker of socioeconomic status, and has been

linked to increases in asthma-related EDvisits,9,16 aswell as poor access

to pediatric subspecialists.28 In New York City, geographic areas (Bronx

inparticular) areassociatedwithhigher ratesofenvironmental exposure

to household aeroallergens, which can exacerbate asthma.29 Medical

complexity is associated with increased use of health services,

particularly in the ED.30 Finally, in general, frequent EDuse is associated

with frequent use other health services, both in a general31 as well as in

an asthma population.8

Interestingly, the percentage of frequent ED users in our study

cohort (6.8%) was lower than that of other published studies.

Published rates include 32% in a group of Latino children32 and

17% in a group of Medicaid beneficiaries.33 It is unclear if our low rate

is due to factors related to our population (ie, the racial, ethnic, or

insurancemakeup) or health system (ie, access to primary and specialty

care), or if we have underreported ED use due to high levels of

fragmented care in New York City (ie, people seek care in multiple

health systems).34,35

4.3 | Simplicity

Our final model had only two variables, consistent with our previous

work demonstrating that simple predictive models can be just as

accurate as more complex ones.26 It is unclear why there was little

additional predictive information from variables apart from insurance

status and prior ED visits. It is possible that many of these variables

were statistically collinear, or in the causal pathway between insurance

status, prior ED use, and future ED use.

4.4 | Electronic health records as a data source

Our work demonstrates that EHRs can be a valuable source of data for

pediatric asthma research. Many health services research studies use

discharge data from statewide or national databases.36 Such publicly

available databases have notable strengths: relatively low data collection

costs compared to medical record abstraction or surveys, information on

uninsured patients not available from third party payers, and greater

reliability than self-reported medical expenditures. However, there are

inconsistencies inhowproviders, governmentagencies, andpayers report

specific data elements. Additionally, theremay be hospital-specific errors

in data reporting that can lead to data quality problems.

EHRs have several advantages over administrative databases. In

addition to billing codes, EHRs contain detailed clinical information

such as test results, severity of illness, behavioral risk factors, and free

text within clinical notes.37 In our study, many significant variables that

were extracted from the EHR are not typically reported in

administrative data such as BMI, and allergic sensitization. Further-

more, EHR data is more readily translatable into action, as the data can

be used for clinical decision support.

4.5 | Implications for clinical care and care
management

Our results have implications for clinical practice. We described an

easily implemented decision rule that care management programs can

use to enroll patients for enhanced outpatient services. Although

many of the bivariate associations do not appear in the final model,

they provide deeper insight into the kinds of interventions that might

be effective for frequent ED users. For example, children with asthma

who are dependent on technologies (a comorbidity) such as gastro-

stomy or tracheostomy tubes may require more involved clinical

interventions, such as incorporation of pulmonology consultation into

a medical complexity clinic. Other factors, such as access to care, may

be amenable to health services interventions such as care manage-

ment or increased social work staffing. There is likely a spectrum of

reasons why selected children frequently use the ED7—thus it is

important that care managers tailor plans for each enrolled individual.

4.6 | Limitations

Several limitations merit discussion.

First, our data only captures ED visits to onemedical center, which

may have caused undercounting of ED visits and limited generalizabil-

ity. People in NewYork City frequently usemultiple centers for care,38

and thus we likely underestimated overall ED use in our popula-

tion.38,39 In the future, gathering health utilization data from regional

health information exchanges may provide a more comprehensive

picture of each child’s ED visits. Additionally, the generalizability of

these predictions is unclear. Since our source of data is one medical

center, it is unknown howwell our model would work at other centers.

Second, we were unable to operationalize certain concepts that

are likely important in asthma care. Concepts like asthma severity or

insecure housing typically appear in free text rather than in

structured fields within an EHR system. Successful operationaliza-

tion of these concepts by using natural language processing might

improve predictive accuracies. In addition, we were unable to

accurately calculate the ratio of controller to total asthma medicine

usage, which has been associated with ED use.12 Future work that

merges EHR data with pharmacy data may allow assessment of this

concept.

Third, though our model identifies a cohort of individuals at risk for

frequent ED use, it is unclear which of these individuals specifically would

benefit from intervention. Because asthma is an ambulatory care sensitive

condition, it is reasonable to expect that improved outpatient care would

reduce ED use. However, identification of high risk individuals does not

necessarily identify which individuals will benefit by such interventions.40

Finally, the definition of asthma we used to identify patients (a

prescription for a short acting beta agonist and/or an ICD-9 code of

493.x) has limitations. It may include false positives (ie children with
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neuromuscular disease who use albuterol to improve airway clearance

or young children with wheezing for reasons such as bronchiolitis) as

well as false negatives, due to undercoding of asthma.22 Inclusion of

children who received an Albuterol prescription may be confounded

by children to whom the medication was incorrectly prescribed.

Finally, even though the number of children with other chronic

respiratory diseases that can present with wheezing, such as cystic

fibrosis, neuromuscular disease, and chronic bronchitis, was small, we

may have introduced a degree of misclassification by not excluding

them from the final analysis.

5 | CONCLUSION

Childrenwith asthmawho frequently visit the ED are likely to continue

doing so, though the likelihood depends on insurance type.
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APPENDIX A

Logistic Regression: Best Subsets. We created 1, 2, and 3-variable

models using the best subsets algorithm and logistic regression. This

technique identifies the best-fitting regression model by examining all

combinations of predictor variables that are specified. This technique

is computationally feasible for large numbers of variables, when the

total the number of allowed predictor variables is restricted to a

smaller number.41

Regularized Logistic Regression: Lasso. The LASSO (Least

Absolute Shrinkage and Selection Operator) is a regression method

that involves penalizing the absolute size of regression coefficients as

they grow too large. By constraining the sum of the absolute values of

the estimates, some of the parameter estimates become zero, thereby

limiting the number of variables in the final model. The LASSO requires

a parameter λ, which we determined via cross-validation within the

training set.41,42

Decision Trees: We used two decision tree algorithms. CART

(Classification and Regression Tree) algorithm constructs and prunes a

decision tree automatically.43 Since our outcome variable is binary, we

used the classificationmethod in the algorithm. RandomForests builds

a series of trees using random subsets of the training data.44 When a

new example is introduced, each tree of the Random Forest “votes” on

the outcome. The outcome with the majority vote is the final

prediction.

Geometric: Support vector machines is a supervised learning

model based on geometric principles. The algorithm represents

every example, belonging to one of two categories, as a point in

space such that examples of either category are separated by a clear

gap that is as wide as possible. When a new example is introduced

the predicted outcome is determined based on which side of the gap

it appears.45

Definition of Calibration: We defined “calibration” as a measure-

ment of the error between predicted probability and observed

proportion, calculated as follows:

1. Split the individuals into 5 groups, based on evenly distributed bins

of predicted probability (ie, 0-20%, 20-40%, etc).

2. Calculate the mean absolute difference between the predicted

probability and the observed proportion of frequent ED use, across

these five groups.

Statistical Packages. We used the following packages in R:

“gdata,”46 “randomForest,”44 “rpart,”43 “rpart.plot,”47 “glmnet,”41

“ROCR,”48 “caret,”49 “e1071,”45 “ggplot2,”50 “data table,”51 “leaps,”52

“stats,”53 “pROC,”54 and “epictools.”55

APPENDIX B

List of comorbidities and corresponding ICD-9 codes

aInstead of bronchiolitis obliterans, we created a Chronic

Bronchitis category.
bWe created two categories for neuromuscular disease—in-

creased tone and decreased tone.

Condition ICD-9 code

Psychiatric comorbidities

Anxiety 300

Depression 296.2, 296.3, 296.5, 300.4, 309.0,
311

Medical comorbidities

Allergic rhinitis 477.9

Bronchiolitis 466.1

Bronchitis 466.0, 490

Broncho-pulmonary
dysplasia

496, 518.89, 770.7, 748.6

Chronic bronchitisa 491.x

Cystic fibrosis 277

Decreased Toneb 779.89, 781.3, 358.x, 359.x, 335.x

Eczema 692.9

Increased toneb 342.x, 343.x

Pneumonia 480-488

Premature birth 765.0, 765.1, 765.21-765.27

Vocal cord dysfunction 478.3, 478.5

IgA Deficiency 279.01

Gastroesophageal reflux
disease

530.81

Technology dependence

Gastrostomy tube 536.40-536.42, 536.49, V44.1,
V55.1

Tracheostomy 312, 312.1, 312.9, V44.0, V55.1
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