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T he New York University Emergency Department Algorithm 

(NYU-EDA) is widely used to classify emergency department 

(ED) visits.1,2 This measurement tool’s development occurred 

in the late 1990s and was based on 5700 ED discharge abstracts 

from 6 hospitals in the Bronx, a borough of New York City. The 

NYU-EDA probabilistically classified 659 diagnosis codes from 

the International Classification of Diseases, Ninth Revision, Clinical 

Modification (ICD-9-CM). The original NYU-EDA mapped only about 

5% of all ICD-9-CM diagnosis codes. We propose an algorithm that 

remedies this shortfall and classifies nearly all ED visits.

The NYU-EDA has been applied in health services research 

studies to identify emergent visits that required ED care.3,4 Several 

studies have focused on nonemergent and primary care–treatable 

ED visits and evaluated emergent and nonemergent utilization 

patterns to assess the impact of healthcare reforms.5-11 Estimates of 

proportions of nonemergent visits have ranged between 17% and 

49%. One study looked at primary care–sensitive (PCS) visits (ie, 

emergent visits that are potentially avoidable and nonemergent 

and primary care–treatable visits) and found that up to 50% of ED 

visits were PCS in a statewide all-payer claims database with 92% 

of ED visits classified.12

Evidence for the validity of the NYU-EDA has grown over 2 

decades. Emergent visits were associated with total charges and 

increased likelihood of death and inpatient hospitalization directly 

from the ED and within 30 days from a previous visit.10,13-15 However, 

researchers and emergency medicine clinicians have cautioned 

against using visit classifications based solely on discharge 

diagnoses for interventions aimed at reducing unnecessary visits 

or for denying payment. First, underlying differences in morbidity 

and access to care may, to some degree, account for utilization 

patterns that would be detected by an ED visit classification algo-

rithm. Second, there are reasons for visits on the individual level 

that may be appropriate for ED utilization, which can differ from 

discharge diagnoses that categorize the encounter as nonemergent. 

For example, patients who are experiencing chest pain and come 

to the ED for evaluation are not necessarily inappropriately using 

the ED. ED visit classifications are useful tools for understanding 
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ABSTRACT

OBJECTIVES: Analyses of emergency department 
(ED) use require visit classification algorithms based on 
administrative data. Our objectives were to present an 
expanded and revised version of an existing algorithm and 
to use this tool to characterize patterns of ED use across US 
hospitals and within a large sample of health plan enrollees.

STUDY DESIGN: Observational study using National 
Hospital Ambulatory Medical Care Survey ED public use files 
and hospital billing data for a health plan cohort.

METHODS: Our Johns Hopkins University (JHU) team 
classified many uncategorized diagnosis codes into existing 
New York University Emergency Department Algorithm 
(NYU-EDA) categories and added 3 severity levels to the 
injury category. We termed this new algorithm the NYU/
JHU-EDA. We then compared visit distributions across these 
2 algorithms and 2 other previous revised versions of the 
NYU-EDA using our 2 data sources.

RESULTS: Applying the newly developed NYU/JHU-EDA, we 
classified 99% of visits. Based on our analyses, it is evident 
that an even greater number of US ED visits than categorized 
by the NYU-EDA are nonemergent. For the first time, we 
provide a more complete picture of the level of severity 
among patients treated for injuries within US hospital EDs, 
with about 86% of such visits being nonsevere. Also, both the 
original and updated classification tools suggest that, of the 
38% of ED visits that are clinically emergent, the majority 
either do not require ED resources or could have been 
avoided with better primary care.

CONCLUSIONS: The updated NYU/JHU-EDA taxonomy 
appears to offer cogent retrospective inferences about 
population-level ED utilization.
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the healthcare needs of populations, not the medical needs of 

individual patients.16-19

A team of Johns Hopkins University (JHU) emergency medicine 

physicians and health services researchers has further updated 

and expanded the NYU-EDA using their best clinical judgment and 

diagnosis aggregations from the Adjusted Clinical Groups (ACG) 

System.20 In this revised JHU version of the NYU-EDA (or NYU/

JHU-EDA for short) we undertook 3 significant modifications and 

improvements to the original version and updates undertaken by 

other teams. First, rather than assigning ICD codes probabilistically, 

we classify each ED visit into 1 of 11 categories. Second, rather than 

placing all injuries into 1 category, we subcategorize injuries into 

3 severity levels: nonsevere injuries, severe injuries, and severe 

injuries that are likely to require inpatient admissions. Third, we 

significantly expand the classification of ICD codes.

In this article, we describe the updated NYU/JHU-EDA, and, using 

data from a federal survey of US hospital EDs and a large claims 

database from multiple health plans, we compare results of our 

revised tool with the original NYU-EDA and 2 earlier modifications 

developed by Johnston et al and Ballard et al.2,13

The first objective of this article is to offer a description and first-

stage assessment of our ED classification algorithm. The second 

goal is to use this methodology to offer an account of use patterns 

of American EDs based on a representative sample of patients 

visiting hospital EDs and a large national sample of health plan 

enrollees. In addition to describing our new measurement tool, 

our analysis adds to the literature on how Americans use EDs and 

will offer insights into how health plans and other organizations 

might use classification algorithms to gain an understanding of 

how populations make use of hospital EDs.

Review of Previous Approaches for Classifying 
ED Visits

The original NYU-EDA first classifies common primary ED discharge 

diagnoses as having varying probabilities of falling into each of the 

4 following categories: (1) nonemergent; (2) emergent, primary care 

treatable; (3) emergent, ED care needed, and preventable or avoid-

able with timely and effective ambulatory care; and (4) emergent, 

ED care needed, and not preventable.1 The original NYU system 

categorizes certain diagnoses separately and directly into 5 additional 

categories: injuries, psychiatric conditions, 

alcohol related, drug related, or unclassified.

The adaptation by Ballard et al sums the 

NYU-EDA probabilities for nonemergent and 

emergent primary care–treatable visits and 

compares this sum with the total probability 

of the emergent, ED care needed categories.13 

Depending on the larger of the 2 resultant 

likelihoods, visits are classified as nonemergent 

or emergent, or as intermediate when there is 

an equal probability of being nonemergent or 

emergent. The Ballard et al method classifies 

visits into 1 of 8 categories, which have been shown to be a good 

predictor of subsequent hospitalization and death within 30 days 

of an ED visit.13

After 2001, the NYU-EDA was not updated, and newly added 

diagnosis codes were not classified. In 2018, Johnston and colleagues 

identified new codes that are “nested” within previously classified 

diagnoses and applied the original probabilistic weights to these 

codes.2 New diagnoses that remained unclassified were “bridged” to 

already weighted codes using ICD-based condition groupings from 

the Agency for Healthcare Research and Quality Clinical Classification 

System.21 Instances in which a new diagnosis mapped to several 

codes with different weights were resolved in favor of a code most 

likely to represent an unavoidable emergent visit.2 Because assigned 

weights sum to 1, both the original NYU-EDA and the update by 

Johnston et al describe a collection of ED visits by averaging weights.

We took a different approach to update, enhance, and expand the 

NYU-EDA method. We did not use probabilities but rather assigned 

primary discharge diagnoses to single classes and uniquely clas-

sified each ED visit. For codes that had been previously included 

in the original NYU-EDA, we based our updated assignments on 

the category with the highest probability. We resolved cases of 

equally high probabilities among multiple categories by giving 

preference to the emergent, ED care needed category.

METHODS
Data Sources

To build our revised methodology, we combined ED encounter 

data from the National Hospital Ambulatory Medical Care Survey 

(NHAMCS) from the period of 2009 to 2013. We used data from the 

2014 survey for validation.22 The reason for an ED visit is present in 

NHAMCS data and contained mainly signs and symptom diagnoses, 

but it was not present in claims. We used discharge diagnoses only 

and thus retained a key characteristic of the NYU-EDA and previous 

revised versions. Second, we extracted hospital ED claims from 

a large health insurance plan database. We obtained health plan 

claims data from QuintilesIMS (Plymouth Meeting, Pennsylvania 

[on November 6, 2017, the name of the organization changed to 

IQVIA]). The claims extract spanned the same time period (2009-

2013) and included 14 commercial health plans; 6 of these plans 

TAKEAWAY POINTS

 › There is renewed interest in understanding emergency department (ED) use patterns in 
populations, both because of increased use associated with healthcare reform and as private 
payers seek to stem their rising ED spending.

 › To assess the appropriateness of ED use at the population level, validated classification 
methods that use available administrative data will be required.

 › Our analysis using an updated classification suggests that an even greater number of ED 
visits than previously categorized are nonemergent.

 › Health plans and other organizations might use ED visit classification algorithms to gain 
an understanding about how populations make use of hospital services.
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also had Medicaid and Medicare managed care 

enrollees. The database consisted of patient 

enrollment data, ICD-9-CM diagnoses, hospital 

revenue center codes, procedures coded with 

Current Procedural Terminology (CPT), and 

plan-allowed amounts for medical services.

Following the literature, we identified ED 

visits in the claims database through the pres-

ence of revenue center codes (0450-0459, 0981) 

and CPT codes for evaluation and management 

(EM) services in the ED (99281-99285).23,24 We 

resolved instances in which facility and profes-

sional claims indicated different primary 

diagnoses by prioritizing facility bills. Our 

rationale for giving diagnoses on facility bills 

priority over professional bills for the same visit 

is that facility bills relate more closely to the final 

discharge record, whereas some professional 

claims may contain preliminary diagnoses.

Development of the NYU/JHU EDA

We applied the Johns Hopkins ACG system 

to help categorize diagnoses that were not 

included in the original NYU-EDA method. The 

system assigns diagnoses found in claims or 

encounter data to 1 of 32 Aggregated Diagnosis 

Groups (ADGs) (ie, morbidity types with similar 

expected need for healthcare resources).25,26 

The ACG system also maps diagnoses to 1 of 

282 Expanded Diagnosis Clusters (EDCs) (ie, 

clinically homogeneous groups of diagnoses).

To help expand the scope of the NYU-EDA 

visit classification to more diagnoses, we 

formed “clinical classification cells” for ICD 

codes falling within combinations of ADGs and EDC clusters. Each 

unique cell was reviewed and categorized by our clinician team of 

3 practicing emergency physicians (K.P., D.M.R, and Dr Alan Hsu).

For classification cells with ICD codes that were not previously classi-

fied with NYU-assigned probabilities, 2 of our clinicians independently 

assigned an ED visit class. After differences among approximately 35% 

of all manual assignments were reconciled and finalized by the third 

clinician, we developed majority class assignments for the remaining 

diagnoses within classification cells. Relatively uncommon diagnoses 

within cells that contained only codes without any original NYU-EDA 

weights or any manually assigned diagnosis remained unclassified. 

Using this approach, our NYU/JHU-EDA currently classifies 10,723 

ICD-9-CM and 74,329 International Classification of Diseases, Tenth 

Revision, Clinical Modification (ICD-10-CM) codes (eAppendix Tables 

1 and 2 [eAppendix available at ajmc.com] provide examples of 

common ICD codes in each NYU/JHU-EDA category).

To help us assign severity levels to ACG-based classification 

cells consisting of injury-related diagnoses, we used CPT codes for 

EM services associated with ED visits and further assessed whether 

visits resulted in an inpatient admission. EM codes classify severity 

from minor (99281) to high with immediate threat to life or physi-

ologic function (99285). We counted the number of nonsevere injury 

visits (99281-99283) and the number of severe injury visits (99284, 

99285) in our health insurance claims data sets. Based on the larger 

of the 2 counts, each of our injury diagnosis clusters was classified 

as being either nonsevere or severe. A subset of severe injury visits 

was identified as likely to require inpatient hospitalization based on 

a greater than 50% likelihood of cases being admitted. All injury ICD 

clusters that were so assigned into 1 of 3 severity levels underwent 

a final clinical review by our clinician team. A graphic overview 

of the final classification categories of our revised NYU/JHU-EDA 

grouping taxonomy is presented in the Figure.

Statistical Analysis

We conducted pairwise comparisons of visit distributions among 

the 4 EDA versions applied to NHAMCS and health plan data and 

FIGURE. NYU/JHU-EDA Applied to NHAMCS 2009-2013: Percentage Distribution Across 
151,453 Total ED Visits

ED indicates emergency department; NHAMCS, National Hospital Ambulatory Medical Care Survey; NYU/
JHU-EDA, Johns Hopkins University revised/expanded version of the New York University Emergency 
Department Algorithm.
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computed Cramér’s V measure of association. Cramér’s V is a 

number between 0 and 1 that indicates how strongly 2 categorical 

variables are associated. It is based on Pearson’s χ2 statistic and 

computed as follows:

V = ( χ2/n )
min(c−1,r−1)

where n is the grand total of ED visits, c is the number of columns 

in a classification table, and r is the number of visit classes. The P 

value for the significance of V is the same as for Pearson’s χ2 statistic.

V values greater than 0.30 suggest that 2 EDAs produce dissimilar 

distributions across visit categories. We label 2 EDA visit distributions 

as similar for V values in the range from 0.1 to 0.3, and values less 

than 0.10 indicate strong similarity between 2 EDAs.27 We performed 

our analyses in SAS 9.4 (SAS Institute; Cary, North Carolina).

RESULTS
The nationally representative NHAMCS data set included 151,453 

ED visits that occurred in a sample of US acute care hospitals from 

2009 to 2013. Characteristics of patient visits are shown in the left 

column of Table 1. Using our health plan database, we identified 

10,453,465 ED visits made by 4,404,608 insured individuals. As 

summarized in the right column of Table 1, 65% of visits in this 

insured sample were billed to commercial (nongovernmental) 

insurers compared with 29% in NHAMCS.

Table 2 compares our new classification with the original NYU 

methods and 2 other earlier revisions. This table indicates that the 

proportion of nonemergent visits in NHAMCS ranged from about 

20% for the NYU-EDA and Johnston methods to 44% for the Ballard 

method, which combined nonemergent visits and visits that are 

emergent and primary care treatable into the single nonemergent 

category. Using our NYU/JHU-EDA classification methodology, the 

proportion of nonemergent visits was 34% for the 2009-2013 period 

and 36% in “reserved” 2014 validation data (eAppendix Table 3).

Our revised classification has a higher rate of nonemergent visits 

than the original NYU method and the closely aligned Johnston update, 

although the rate is lower than the modified approach by Ballard 

et al. Our method’s increased assignment into this category is due 

both to the large number of previously unclassified diagnosis codes 

placed here and to the decrease in the percentage in the ED needed 

but preventable emergent category due to our class assignment, 

rather than the probabilistic approach used by the original NYU and 

Johnston methodologies. Statistical analysis indicated similar visit 

distributions for the NYU-EDA and Johnston methodologies and 

differences between these 2 methods and Ballard (eAppendix Table 4).

In the remainder of the results, we make use of our NYU/

JHU-EDA both to present results that will help validate the new tool 

and to more fully characterize the patterns of ED use within each 

of the 2 large study databases. Table 3 indicates similarities and 

differences among the distributions of visit classifications across 

4 payer types within the federal survey of US hospital EDs. We find 

a lower emergent visit rate for Medicaid and self-pay patients and 

a greater emergent visit rate for Medicare patients. Also, we find a 

comparatively higher injury rate, of mostly nonsevere nature, for 

commercially insured patients.

To assess the level of resource use within each classification level, 

we use our health plan data to present the average cost of the ED 

visit and the proportion admitted as inpatients. Table 4 shows the 

average total visit cost, defined as payment, and inpatient admission 

percentages for all classes. The resource use in most classes is as 

might be expected, with nonemergent and primary care–treatable 

emergent visits and nonsevere injuries having less resource use 

than other categories. It is also interesting to note that the less 

common psychiatric, alcohol and substance use, and unclassified 

categories were expensive and had a high rate of hospitalization.

DISCUSSION
There is renewed interest in understanding ED use patterns in 

populations, both because of increased use associated with the 

access-enhancing Affordable Care Act (ACA) and also as private 

payers seek to stem their rapidly rising ED spending.28 To assess 

acuity of ED use at the population level, validated classification 

TABLE 1. Characteristics of the ED Visit Data Sets

  NHAMCS
Health Plan 

Cohorta

Number of ED visits 151,453 10,453,465

Number of ED patients Not available 4,404,608

Age in years at time of visit, mean (SD) 37.4 (24.0) 34.7 (22.4)

Age groups in years, n (%)

0-17 33,479 (22.1) 2,763,801 (26.5)

18-64 94,819 (62.6) 6,661,615 (63.7)

≥65 23,155 (15.3) 1,028,049 (9.8)

Gender, n (%)

Female 82,874 (54.7) 5,945,643 (56.9)

Male 68,579 (45.3) 4,507,822 (43.1)

Census region, n (%)

Midwest 34,954 (23.1) 3,764,988 (36.0)

Northeast 34,601 (22.8) 3,817,545 (36.5)

South 52,486 (34.7) 1,026,065 (9.8)

West 29,412 (19.4) 1,844,867 (17.7)

Payer type, n (%)

Private/commercial 44,381 (29.3) 6,836,218 (65.4)

Medicaid 41,809 (27.6) 3,098,217 (29.6)

Medicare 27,363 (18.1) 519,030 (5.0)

Worker’s compensation/other 17,160 (11.3) –

Self-pay/uninsured 20,740 (13.7) –

ED indicates emergency department; NHAMCS, National Hospital Ambulatory 
Medical Care Survey.
aQuintilesIMS (Plymouth Meeting, PA) claims data from 2009-2013 for 
commercial, Medicaid, and Medicare managed care enrollees.

Data source: NHAMCS, 2009-2013.
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TABLE 2. Comparison of the NYU/JHU-EDA With Other ED Algorithms, NHAMCS 2009-2013

ED Visit Class

NYU-EDA Johnston Ballard NYU/JHU-EDA

Sum % Sum % Count % Count %

Nonemergent 29,782 19.66 31,592 20.86 66,674a 44.02 51,220 33.82

Emergent 60,480 39.93 67,544 44.60 21,769a 14.37 58,170 38.40

Emergent, primary care treatable 31,230 20.62 33,866 22.36 – – 30,963 20.44

Emergent, ED needed: preventable/avoidable 10,005 6.61 10,914 7.21 – – 6868 4.53

Emergent, ED needed: not preventable/avoidable 19,245 12.71 22,764 15.03 – – 20,339 13.43

Intermediate – – – – 1819 1.20 – –

Injury 33,940 22.41 33,956 22.42 33,940 22.41 33,949 22.42

Injury, nonsevere – – – – – – 29,252 19.31

Injury, severe – – – – – – 4488 2.96

Injury, very severe and inpatient admission likely – – – – – – 209 0.14

Psychiatric 4997 3.30 5397 3.56 4997 3.30 5038 3.33

Alcohol use 2083 1.38 2083 1.38 2083 1.38 1746 1.15

Drug use 377 0.25 377 0.25 377 0.25 714 0.47

Unclassified 19,794 13.07 10,504 6.94 19,794 13.07 616 0.41

Total 151,453 100 151,453 100 151,453 100 151,453 100

ED indicates emergency department; NHAMCS, National Hospital Ambulatory Medical Care Survey; NYU-EDA, New York University Emergency Department 
Algorithm; NYU/JHU-EDA, Johns Hopkins University revised/expanded version of the NYU-EDA.
aBallard’s algorithm combines nonemergent visits with visits that are emergent and primary care treatable into a single nonemergent category; it has a single 
emergent, ED needed category, and it is the only algorithm with an intermediate category. We summed probabilities assigned to visit classes by the NYU-EDA and 
Johnston methods and counted visits assigned to classes by the Ballard and NYU/JHU-EDA methods. Please see the references for descriptions of the NYU-EDA 
and the Johnston and Ballard algorithms. 

Data source: NHAMCS, 2009-2013. Analysis is unweighted.

TABLE 3. The NYU/JHU-EDA Applied to NHAMCS 2009-2013, by Type of Payer

ED Visit Class

Total Sample Percentage Distribution by Type of Payer

Count % Commercial Medicaid Medicare Self-pay

Nonemergent 51,220 33.82 31.22 39.43 28.53 35.54

Emergent 58,170 38.40 38.10 35.81 49.59 34.41

Emergent, primary care treatable 30,963 20.44 20.51 22.44 18.00 21.29

Emergent, ED needed: preventable/avoidable 6868 4.53 3.65 4.11 8.03 3.58

Emergent, ED needed: not preventable/avoidable 20,339 13.43 13.94 9.26 23.56 9.54

Injury 33,949 22.42 27.05 18.66 17.29 23.38

Injury, nonsevere 29,252 19.31 23.62 16.57 12.95 20.64

Injury, severe 4488 2.96 3.29 2.02 4.05 2.64

Injury, very severe and inpatient admission likely 209 0.14 0.13 0.06 0.29 0.11

Psychiatric 5038 3.33 2.21 4.12 3.31 3.38

Alcohol use 1746 1.15 0.75 0.98 0.62 2.15

Drug use 714 0.47 0.28 0.58 0.24 0.74

Unclassified 616 0.41 0.39 0.42 0.42 0.40

Total 151,453 100 100 100 100 100

ED indicates emergency department; NHAMCS, National Hospital Ambulatory Medical Care Survey; NYU/JHU-EDA, Johns Hopkins University revised/expanded 
version of the New York University Emergency Department Algorithm.

Data source: NHAMCS, 2009-2013. Analysis is unweighted.
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algorithms that can use available secondary administrative data 

will be required. Although the original NYU-EDA and its previous 

versions have a demonstrated ability to differentiate among visits, 

the algorithm required updating to be sufficiently sensitive to new 

ICD codes and changes in healthcare utilization.

A team of emergency medicine physicians and health services 

researchers has further updated and expanded the NYU-EDA using 

clinical judgment and diagnosis classification tools from the Johns 

Hopkins Adjusted Clinical Groups system. In the NYU/JHU-EDA 

updated version, each visit is classified into only 1 of 11 categories, 

and unlike previous versions of the NYU-EDA, injuries are categorized 

into 3 severity levels. Also, by assigning each ED visit into a single 

category, rather than assigning probabilities related to multiple 

categories, the algorithm is likely to be more practical to managers 

and analysts wishing to assess acuity or need for emergency services 

across their population or organization. Additionally, the updated 

algorithm classifies 99% of visits, a significantly higher percentage 

than previous versions.

We used publicly available NHAMCS ED discharge data to 

categorize national visit distributions based on 3 previous versions 

of the NYU algorithm—the original NYU-EDA and the revisions of 

Johnston et al and Ballard et al—as well as our newly developed 

revision. In comparing the resulting output, it is relevant to 

remember that Johnston et al provide a “patch” for the NYU-EDA, 

and the algorithm of Ballard et al combines nonemergent visits 

with visits that are emergent and primary care treatable to form a 

single nonemergent category. Our comparative analysis indicates 

that the ED visit distributions from the NYU-EDA and Johnston 

algorithms are more similar to each other than to the profile 

based on the Ballard method. The visit distribution from the NYU/

JHU-EDA likewise shows more similarity to Johnston and the 

original NYU-EDA method than to Ballard’s revision. Differences 

between the NYU/JHU-EDA and original NYU-EDA and Johnston 

visit distributions were largest among nonemergent and unclassi-

fied categories. Furthermore, the NYU/JHU-EDA method exhibits 

plausible differences among visit distribution profiles within 

different types of payers and the uninsured. A health plan cohort 

provided validation of the NYU/JHU-EDA in terms of costs of visits 

and inpatient admission from the ED.

The intended use of the NYU/JHU-EDA is to enable inferences 

about access to primary care by studying patterns of ED use. In this 

context, some researchers and analysts use the related concept of 

PCS visits, which combines the 3 categories of emergent visits that 

require ED resources but are potentially avoidable with ambulatory 

care, emergent and primary care–treatable visits, and nonemergent 

visits. Applying the PCS concept using the NYU/JHU-EDA method, 

we find that the proportion of PCS visits is 58% in our 2 data sets 

compared with 50% in an earlier study.12

This article adds a revised NYU ED visit classification algorithm 

to the literature and confirms findings of previous studies that 

have used related algorithms to study utilization of ED services 

in populations. Our findings suggest that the NYU/JHU-EDA is 

potentially suitable as a tool for analyses of ED utilization in 

various population-oriented contexts, including an assessment 

of the impact of Medicaid expansion on ED use following the 

implementation of the ACA.

Limitations

Our study has several limitations. First, similar to previous versions, 

our algorithm is not a gold standard for classifying individual ED 

TABLE 4. Hospital Visit Cost and Percentage Hospitalized by NYU/JHU-EDA Categories, Health Plan Claims Data 2009-2013

ED Visit Class

Health Plan Cohort Cost of Hospital Visit, $
Inpatient Admission 

From ED, %

Count % Mean SE % SE

Nonemergent 3,213,566 30.74 1344 2 2.97 0.01

Emergent 4,452,251 42.59 3920 6 14.53 0.02

Emergent, primary care treatable 2,446,442 23.40 2278 5 6.59 0.02

Emergent, ED needed: preventable/avoidable 428,236 4.10 4669 18 25.14 0.07

Emergent, ED needed: not preventable/avoidable 1,577,573 15.09 6262 13 23.95 0.03

Injury 2,397,595 22.94 1984 6 3.81 0.01

Injury, nonsevere 2,025,387 19.38 1128 3 0.85 0.01

Injury, severe 352,289 3.37 5768 29 17.88 0.06

Injury, very severe and inpatient admission likely 19,919 0.19 22,093 332 56.09 0.35

Psychiatric 247,050 2.36 2708 12 14.41 0.07

Alcohol use 59,557 0.57 2867 29 16.71 0.15

Drug use 25,961 0.25 2141 24 15.61 0.22

Unclassified 57,485 0.55 8911 111 31.26 0.19

Total 10,453,465 100 2672 3 8.62 0.01

ED indicates emergency department; NYU/JHU-EDA, Johns Hopkins University revised/expanded version of the New York University Emergency Department 
Algorithm; SE, standard error.

Source: QuintilesIMS (Plymouth Meeting, PA) claims data for 2009-2013 from health insurance plans.
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visits. Our emergency medicine clinicians reviewed only a subset 

of ICD diagnoses using their clinical judgment and preexisting 

assignments to adjacent codes. To expand the scope of the NYU/

JHU-EDA to a larger number of diagnoses, we made visit category 

assignments based on greatest likelihoods within clusters of ICD 

codes describing closely related diagnoses. Second, the NYU/

JHU-EDA uses primary discharge diagnoses only, which are often 

proxied by first diagnoses on health plan claims, and thus tends 

to focus on severe conditions, not other co-occurring conditions 

that could affect visit acuity. Third, our large sample of managed 

care health plan members was not fully representative of the US 

population. Fourth, our study involved a small panel of practicing 

emergency medicine doctors and assignments remained largely 

subjective. Fifth, we created an ICD-10-CM version of the NYU/

JHU-EDA with the help of General Equivalence Mappings from CMS.29 

General Equivalence Mappings enabled us to transition our work 

on ICD-9-CM codes to ICD-10-CM, and additional clinical review 

will be needed to remove any inconsistencies regarding visit class 

assignments. Although our new methodology uses ICD-10-CM codes, 

further validation will be needed with recent data sets.

CONCLUSIONS
The ED visit classification tools in this study are intended for 

retrospective analysis of populations. Users of these tools should 

be mindful that the original NYU-EDA—and by extension, our 

revision—“was designed as a tool for health services researchers to 

make inferences about access to primary care by studying patterns 

of [ED] use.”17 We believe the results for our updated version support 

the conclusion that, like the original version and previous revi-

sions, the NYU/JHU-EDA will also be a useful tool that will enable 

researchers, managers, and policy makers to make cogent inferences 

about the levels of acuity of ED utilization and healthcare needs 

within a population. n
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eAppendix Table 1. Examples of Common ICD-9-CM Diagnoses in each Category of the Johns Hopkins University Revised / 

Expanded New York University Emergency Department Visit Classification Algorithm (NYU/JHU-EDA) 

ED Visit class ICD-9-CM diagnosis Diagnosis description  
Non-emergent 462 

465.9 
599.0 
724.2 
729.5 
780.60 
784.0 

Acute pharyngitis 
Acute upper respiratory infections of unspecified site 
Urinary tract infection, site not specified 
Lumbago 
Other unspecified back disorders 
Fever, unspecified 
Headache 

Emergent, primary care 
treatable 

382.9 
466.0 
490 
786.59 
789.06 
789.09 

Unspecified otitis media 
Acute bronchitis 
Bronchitis, not specified as acute or chronic 
Other chest pain 
Abdominal pain, epigastric 
Abdominal pain, other specified site 

Emergent, ED needed - 
preventable / avoidable 

250.80 
276.51 
345.90 
491.21 
493.92 
590.80 
780.39 

Diabetes with other specified manifestations, type II or unspecified type, not uncontrolled 
Dehydration 
Epilepsy, unspecified, without mention of intractable epilepsy 
Obstructive chronic bronchitis with (acute) exacerbation 
Asthma, unspecified type, with (acute) exacerbation 
Pyelonephritis, unspecified 
Other convulsions 

Emergent, ED needed - not 
preventable / avoidable 

592.0 
592.1 
646.83 
780.2 
785.1 
786.05 
786.50 

Calculus of kidney 
Calculus of ureter 
Other specified complications of pregnancy, antepartum condition or complication 
Syncope and collapse 
Palpitations 
Shortness of breath 
Chest pain, unspecified 



Injury, non-severe 844.9 
845.00 
847.0 
847.2 
883.0 
920 
959.01 

Sprain and strains of unspecified site of knee and leg 
Sprain of ankle, unspecified site 
Sprain of neck 
Sprain of lumbar 
Open wound of finger(s), without mention of complication 
Contusion of face, scalp, and neck except eye(s) 
Head injury, unspecified 

Injury, severe 802.0 
850.5 
807.01 
824.8 
850.0 
850.9 
998.11 

Closed fracture of nasal bones 
Concussion with loss of consciousness of unspecified duration 
Closed fracture of one rib 
Unspecified fracture of ankle, closed 
Concussion with no loss of consciousness 
Concussion, unspecified 
Hemorrhage complicating a procedure 

Injury, severe and 
inpatient admission likely 

801.01 
852.01 
852.20 
852.21 
860.0 
997.49 
997.5 

Closed fracture of base of skull, with no loss of consciousness 
Subarachnoid hemorrhage following injury, with no loss of consciousness 
Subdural hemorrhage following injury, unspecified state of consciousness 
Subdural hemorrhage following injury, with no loss of consciousness 
Traumatic pneumothorax without mention of open wound into thorax 
Other digestive system complications 
Urinary complications, not elsewhere classified 

Psychiatric 295.90 
296.20 
296.80 
298.9 
300.00 
300.01 
311 

Unspecified schizophrenia, unspecified 
Major depressive affective disorder, single episode, unspecified 
Bipolar disorder, unspecified 
Unspecified psychosis 
Anxiety state, unspecified 
Panic disorder without agoraphobia 
Depressive disorder, not elsewhere classified 

Alcohol use 291.81 
303.00 
303.01 
303.90 
305.00 
305.01 
V70.4 

Alcohol withdrawal 
Acute alcoholic intoxication in alcoholism, unspecified 
Acute alcoholic intoxication in alcoholism, continuous 
Other and unspecified alcohol dependence, unspecified 
Alcohol abuse, unspecified 
Alcohol abuse, continuous 
Examination for medicolegal reasons 



Drug use 292.0 
304.00 
305.20 
305.50 
305.60 
305.70 
305.90 

Drug withdrawal 
Opioid type dependence, unspecified 
Cannabis abuse, unspecified 
Opioid abuse, unspecified 
Cocaine abuse, unspecified 
Amphetamine or related acting sympathomimetic abuse, unspecified 
Other, mixed, or unspecified drug abuse, unspecified 

Please contact the authors for information about obtaining a full list of ICD codes. 
 

  



eAppendix Table 2. Examples of Common ICD-10-CM Diagnoses in each Category of the Johns Hopkins University Revised / 

Expanded New York University Emergency Department Visit Classification Algorithm (NYU/JHU-EDA) 

ED Visit class ICD-10-CM 
diagnosis Diagnosis description  

Non-emergent J02.9 
J06.9 
K52.9 
N39.0 
R11.2 
R50.9 
R51 

Acute pharyngitis, unspecified 
Acute upper respiratory infection, unspecified 
Noninfective gastroenteritis and colitis, unspecified 
Urinary tract infection, site not specified 
Nausea with vomiting, unspecified 
Fever, unspecified 
Headache 

Emergent, primary care 
treatable 

B34.9 
J18.9 
J20.9 
J40 
R10.9 
R07.89 
R10.13 

Viral infection, unspecified 
Pneumonia, unspecified organism 
Acute bronchitis, unspecified 
Bronchitis, not specified as acute or chronic 
Unspecified abdominal pain 
Other chest pain 
Epigastric pain 

Emergent, ED needed - 
preventable / avoidable 

E86.0 
G40.909 
J45.901 
J44.1 
N10 
N12 
R56.9 

Dehydration 
Epilepsy, unspecified, not intractable, without status elepticus 
Unspecified asthma with (acute) exacerbation 
Chronic obstructive pulmonary disease with (acute) exacerbation 
Acute pyelonephritis 
Tubulo-interstitial nephritis, not specified as acute or chronic 
Unspecified convulsions 

Emergent, ED needed - 
not preventable / 
avoidable 

N20.0 
N20.1 
M54.9 
R00.2 
R06.02  
R07.9 
R55 

Calculus of kidney 
Calculus of ureter 
Dorsalgia, unspecified 
Palpitations 
Shortness of breath 
Chest pain, unspecified 
Syncope and collapse 



Injury, non-severe S01.01XA 
S09.90XA 
S16.1XXA 
S39.012A 
S93.401A 
T78.40XA 

Laceration without foreign body of scalp, initial encounter 
Unspecified injury of head, initial encounter 
Strain of muscle, fascia and tendon at neck level, initial encounter 
Strain of muscle, fascia and tendon of lower back, initial encounter 
Sprain of unspecified ligament of right ankle, initial encounter 
Allergy, unspecified, initial encounter 

Injury, severe S02.2XXA  
S06.0X0A 
S06.0X1A 
S06.0X9A 
S13.9XXA 
T18.128A 
T81.4XXA 

Fracture of nasal bones, initial encounter for closed fracture 
Concussion without loss of consciousness, initial encounter 
Concussion with loss of consciousness of 30 minutes or less, initial encounter 
Concussion with loss of consciousness of unspecified duration, initial encounter 
Strain of joints and ligaments of unspecified parts of neck, initial encounter 
Food in esophagus causing other injury, initial encounter 
Infection following a procedure, initial encounter 

Injury, severe and 
inpatient admission likely 

S22.080A 
S22.31XA 
S22.32XA 
S22.41XA 
S22.42XA 
S32.019A 
S32.029A 

Wedge compression fracture of T11-T12 vertebra, initial encounter for closed 
fracture 
Fracture of one rib, right side, initial encounter for closed fracture 
Fracture of one rib, left side, initial encounter for closed fracture 
Multiple fractures of ribs, right side, initial encounter for closed fracture 
Multiple fractures of ribs, left side, initial encounter for closed fracture 
Unspecified fracture of first lumbar vertebra, initial encounter for closed 
fracture 
Unspecified fracture of second lumbar vertebra, initial encounter for closed 
fracture 

Psychiatric F20.9 
F29  
F31.9  
F32.9 
F41.0 
F41.1 
F41.9 

Schizophrenia, unspecified 
Unspecified psychosis not due to a substance or known physiological condition 
Bipolar disorder, unspecified 
Major depressive disorder, single episode, unspecified 
Panic disorder [episodic paroxysmal anxiety] 
Generalized anxiety disorder 
Anxiety disorder, unspecified 



Alcohol use F10.10 
F10.120 
F10.129 
F10.20 
F10.220 
F10.229 
F10.239 

Alcohol abuse, uncomplicated 
Alcohol abuse with intoxication, uncomplicated 
Alcohol abuse with intoxication, unspecified 
Alcohol dependence, uncomplicated 
Alcohol dependence with intoxication, uncomplicated 
Alcohol dependence with intoxication, unspecified 
Alcohol dependence with withdrawal, unspecified 

Drug use F11.10 
F11.20 
F11.23 
F12.10 
F14.10 
F15.10 
F19.10 

Opioid abuse, uncomplicated 
Opioid dependence, uncomplicated 
Opioid dependence with withdrawal 
Cannabis abuse, uncomplicated 
Cocaine abuse, uncomplicated 
Other stimulant abuse, uncomplicated 
Other psychoactive substance abuse, uncomplicated 

Please contact the authors for information about obtaining a full list of ICD codes. 
 

  



eAppendix Table 3. Comparison of Johns Hopkins NYU/JHU-EDA Visit Classification with other Emergency Department 

Algorithms; NHAMCS 2014 (weighted) 

ED Visit Class 
NYU-EDA Johnston  Ballard NYU/JHU-EDA 

Sum % Sum % Count % Count % 
Non-emergent 29,645,248  21.30 31,468,360  22.61  66,465,210*  47.74  50,692,666  36.42  
Emergent 57,189,921  41.09  64,499,726  46.34  18,692,890*  13.43  54,297,990  39.01  
- Emergent, Primary Care Treatable 30,653,830  22.02  33,278,169 23.91 - - 29,624,824 21.28 
- Emergent, ED Needed - Preventable/Avoidable 8,952,085  6.43  9,926,894 7.13 - - 6,172,823 4.43 
- Emergent, ED Needed - Not Preventable/Avoidable 17,584,506  12.63  21,294,663 15.30 - - 18,500,343 13.29 
Indeterminate - - - - 1,686,569 1.21 - - 
Injury 28,262,288  20.30  28,262,288  20.30  28,262,288  20.30  28,265,468  20.31  
- Injury, Non-severe - - - - - - 24,535,400 17.63 
- Injury, Severe - - - - - - 3,614,315 2.60 
- Injury, Very Severe & Inpatient Admission Likely - - - - - - 115,753 0.08 
Psychiatric  2,838,794  2.04  3,210,207  2.31  2,838,794  2.04  2,990,510  2.15  
Alcohol Use 1,826,710  1.31  1,826,710  1.31  1,826,710  1.31  1,580,654  1.14  
Drug Use 374,175  0.27  374,175  0.27  374,175  0.27  620,231  0.45  
Unclassified 19,054,912  13.69  9,551,082  6.86  19,054,912  13.69  745,029  0.54  

Total 139,192,548 100 139,192,548 100 139,192,548 100 139,192,548 100 
Notes: *Ballard’s algorithm combines non-emergent visits with visits that are emergent, primary care treatable into a single non-emergent category; 
it has a single emergent, ED needed category, and it is the only algorithm with an intermediate category. We summed probabilities assigned to visit 
classes by the NYU-EDA and Johnston methods, and counted visits assigned to classes by the Ballard and NYU/JHU-EDA methods. Please see the 
manuscript references for descriptions of the NYU-EDA, and Johnston and Ballard algorithms.  
Data Source: National Hospital Ambulatory Medical Care Survey (NHAMCS), 2014 dataset. Analysis uses NHAMCS weights. 

 



eAppendix Table 4. Statistical Comparisons of Emergency Department Algorithm Distributions; NHAMCS 2009-2013 

 
NYU-EDA Johnston Ballard NYU/JHU-EDA 
𝜒2 V 𝜒2 V 𝜒2 V 𝜒2 V 

NYU-EDA - - 3,980.8 0.145 32,327.3 0.425 26,900.3 0.367 
Johnston 3,980.8 0.145 - - 39,749.5 0.460 15,048.6 0.269 
Ballard 32,327.3 0.425 39,749.5 0.460 - - 40,196.6 0.451 
NYU/JHU-EDA 26,900.3 0.367 15,048.6 0.269 40,196.6 0.451 - - 
Notes: We used seven categories for the comparison of EDAs: non-emergent, emergent, injury, psychiatric, 
alcohol use, drug use, and unclassified. All 𝜒2 and V values were significant at p = 0.0001. 
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