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Emergency departments (EDs) are a critical component of the 
healthcare system, but face growing demand and often have 
inadequate capacity.1 Between 2000 and 2008, hospital-based 

ED visits grew by 15% to 124 million visits, while the total number 
of hospital-based EDs declined.2,3 Most of this increase in ED visits 
can be attributed to increases in visits by publicly insured patients.4 
Further, EDs often serve as primary care providers despite the fact 
that they are not optimally designed to provide this type of care.1 
In response, payers and policy makers have attempted to deter 
nonemergent ED use and increase efficiency using financial incen-
tives. For example, some health insurance plans and state Medicaid 
programs have implemented or increased ED copayments in recent 
years.5,6 Efforts to improve access to primary care may also reduce 
nonemergent ED use. Researchers require reliable tools for classify-
ing emergent and nonemergent ED use in order to evaluate poli-
cies and initiatives designed to improve access to primary care and 
reduce nonemergent use. Application of these methods to assess 
changes in access and reliance on EDs will become even more sa-
lient after implementation of the Patient Protection and Affordable 
Care Act in 2014, when much of the population will gain health 
insurance coverage and the number of publicly insured individuals 
will increase dramatically.7

To this end, we assessed a tool for categorizing ED visits as emer-
gent, by applying each visit to a nationally representative sample of 
ED visits and testing its strength as a predictor of hospital admis-
sion and mortality. Specifically, we used the New York University 
ED Algorithm (EDA). The EDA is based on a full chart review, 
using information on patient complaints, symptoms, vital signs, 
diagnoses, procedures, and ED resource use in order to determine 
the emergent nature of ED visits.8 The EDA could be a useful tool 
to evaluate ED use, but has only been tested in settings with more 
limited generalizability and has not previously been validated using 
a nationally representative sample of ED visits. 

A previous study evaluated the EDA using data on commercial 
and Medicare patients from an integrated delivery system from 1999 

to 2001, and found that patients 
classified as having an emergent 
visit under the EDA were more 
likely to be hospitalized within 1 
day or to die within 30 days than 
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Objectives: Reliable measures of emergency 
department (ED) use are important for studying 
ED utilization and access to care. We assessed the 
association of emergent classification of an ED 
visit based on the New York University ED Algo-
rithm (EDA) with hospital mortality and hospital 
admission.

Study Design: Using diagnosis codes, we ap-
plied the EDA to classify ED visits into emergent, 
intermediate, and nonemergent categories and 
studied associations of emergent status with 
hospital mortality and hospital admissions.

Methods: We used a nationally representative 
sample of patients with visits to hospital-based 
EDs from repeated cross sections of the National 
Hospital Ambulatory Medical Care Survey from 
2006 to 2009. We performed survey-weighted lo-
gistic regression analyses, adjusting for year and 
patient demographic and socioeconomic charac-
teristics, to estimate the association of emergent 
ED visits with the probability of hospital mortality 
or hospital admission. 

Results: The EDA measure of emergent visits was  
significantly and positively associated with 
mortality (odds ratio [OR]: 3.79, 95% confidence 
interval [CI]: 2.50-5.75) and hospital admission 
(OR: 5.28, 95% CI, 4.93-5.66).

Conclusions: This analysis assessed the NYU 
algorithm in measuring emergent and nonemer-
gent ED use in the general population. Emergent 
classification based on the algorithm was strongly 
and significantly positively associated with hospi-
talization and death in a nationally representative 
population. The algorithm can be useful in study-
ing ED utilization and evaluating policies that aim 
to change it.  
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were patients with visits classified as nonemergent.9 Be-
cause the EDA may perform differently among groups of 
patients with limited access to care who are more likely to 
use the ED for nonemergent reasons, such as uninsured 
or Medicaid populations,10,11 results from that study may 
not generalize to other populations. Recent research has 
also shown significant changes in the demographics of ED 
patients over the past decade, so previous results may be 
outdated.4

This study improves on previous research in a num-
ber of ways. We applied the EDA to a national sample 
of hospital-based ED visits. We used the same criteria 
to assess the EDA as the previous study, but improve 
on it by using it in a nationally representative sample 
of all insurance groups in order to examine its general-
izability to the US population, while previous research 
focused on privately insured and Medicare populations 
in a managed care context. Finally, we used several years 
of more recent data—from 2006 to 2009—while the pre-
vious study used data from 1999 to 2001. Similar to pre-
vious work, we examined the association between EDA 
categorization and hospital mortality or hospital admis-
sion, controlling for observed patient demographic and 
socioeconomic factors.

METHODS
Data and Sample Selection

We used a nationally representative sample of visits 
to hospital-based EDs at noninstitutional, general, and 
short-stay hospitals (excluding Federal, military, and Vet-
erans Administration hospitals) located in the 50 states 
and the District of Columbia, from repeated cross sec-
tions of the 2006 to 2009 National Hospital Ambulatory 
Medical Care Survey (NHAMCS). EDs within hospitals 
were randomly selected using a 4-stage probability design 
and surveyed over a randomly selected 4-week period 
each year. The sampling unit was the visit, with a target 
sample of 100 visits per ED sampled. Visit-level informa-
tion was reported by hospital staff.12 Our sample inclu-
ded 117,477 ED visits with nonmissing primary diagnosis 

codes, representing a population of 
about 420 million. We used patient 
age, sex, and race, and socioeconomic 
indicators for the patient’s zip code, 
including median household income 
and urban-rural classification, as con-
trols. We recoded the expected source 
of payment into private insurance, 
Medicare, Medicaid/State Children’s 

Health Insurance Program (SCHIP), self-pay/charity, and 
other insurance categories.

Classification of Emergent ED Visits Using the EDA
We applied the EDA to the NHAMCS data to catego-

rize ED visits as emergent or nonemergent. The EDA used 
the primary International Classification of Diseases, Ninth 
Revision diagnosis code at discharge for each visit and as-
signed the probability of the visit being: (1) nonemergent 
(NE); (2) emergent but treatable in a primary care setting 
(E-PCT); (3) emergent/ED care required, but preventable 
or avoidable if appropriate ambulatory care had been re-
ceived (E-PA); and (4) emergent/ED care required and not 
preventable or avoidable (E-NPA). The EDA also sepa-
rately assigned primary diagnosis codes to categories for 
injury, mental health, alcohol, and drug-related diagno-
ses. For about 16% of diagnosis codes, the EDA was not 
able to assign a visit to any classification category due to 
missing or uncommon primary diagnosis codes.13

Following Ballard et al, we categorized ED visits into 
3 levels: emergent, intermediate, and nonemergent.9 We 
classified a visit as emergent if the sum of the probabilities 
of E-NPA and E-PA were greater than 50%. We classified a 
visit as nonemergent if the sum of the probabilities of NE 
and E-PCT were greater than 50%. Visits where the sum 
of the probabilities of E-NPA and E-PA or the sum of the 
probabilities of NE and E-PCT equaled exactly 50% were 
categorized as intermediate. We also conducted a sensitiv-
ity analysis of probability thresholds at 75% and 90%, fol-
lowing other work using the EDA.14

Statistical Model
To estimate the association of emergent and inter-

mediate ED visit classification based on the EDA with 
mortality and hospitalization, we estimated logistic 
regression models, using NHAMCS complex survey 
weights. The 2 main outcome variables of interest were 
dichotomous indicators for whether an individual died 
(either on arrival to the ED, in the ED, or after being 
hospitalized) and whether the patient was admitted to 
the hospital from the ED. All models controlled for indi-

Take-Away Points
The New York University Emergency Department (ED) Algorithm is a powerful tool that 
can be used to classify ED visits.

n	 Researchers are in need of methods to categorize ED visits as emergent and non-
emergent. 

n	 Public and private decision makers may use the algorithm to evaluate the impact of 
policies that alter ED utilization when information on diagnosis codes is available.
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the sample that could be classified into 1 of the 3 lev-
els, 24.1% of visits were categorized as emergent, 1.9% as 
intermediate, and 74.0% as nonemergent, using the 50% 
probability threshold.

Table 2 presents summary statistics for the analysis 
sample. Patients with ED visits in the sample had an av-
erage age of 37 years and were more likely to be female, 
white, have Medicaid or SCHIP as a primary payer, and 
live in an urban area. About 15% of patients were either 
admitted or died on arrival to the ED, in the ED, or in the 
hospital after an ED-associated visit. 

Analysis of Emergent ED Visits Using the EDA
Table 3 presents logistic regression results estimating 

the association between EDA visit classification and the 
outcome variables, mortality, and hospital admission. 
We found that emergent ED visit classification was posi-
tively and significantly associated with mortality (odds 
ratio [OR]: 3.79, P <.01) and with ED-related hospitaliza-
tion (OR: 5.28, P <.01), relative to nonemergent classi-
fication. Intermediate classification was also positively 
associated with mortality (OR: 2.16, P = .12) and with 
ED-related hospitalization (OR: 4.14, P <.01), relative to 
nonemergent status. The results on the control variables 
were as expected. Older patients, males, and patients 
with public insurance or self-pay/charity as the pri-
mary payer (vs private insurance) were associated with 
significantly higher probabilities of ED-associated death 
and hospitalization. The findings regarding publicly in-
sured and self-pay ED visits were consistent with other 
research that has shown these patient populations have 
poorer health and higher inpatient mortality than the 
privately insured.17-19

vidual characteristics, including age, gender, race (white, 
Black, other race); payment source (private, Medicare, 
Medicaid/SCHIP, self-pay/charity, other); socioeco-
nomic indicators at the patient zip code level, including 
low median household income and urban location; and 
survey year. The covariates in the model were selected 
because they are known to be associated with hospital-
ization and health outcomes.15,16

RESULTS
Table 1 presents the breakdown of ED visits as clas-

sified by the EDA. We were able to classify 73,076 of 
111,970 total ED visits into the emergent, intermediate, 
and nonemergent categories. This represented a popu-
lation of about 260 million ED visits. The remaining 
ED visits (38,894) were classified into injury (32,149), 
drug (304), alcohol (1718), and mental health (4723). We 
were not able to classify about 16% of ED visits using 
the EDA, which is similar to the percentage of diagnosis 
codes that are uncommon and could not be classified 
as reported by the developers of the EDA.13 We limited 
our analysis sample to patients with diagnosis codes that 
could be classified into emergent, intermediate, and non-
emergent. We hypothesized that patients with ED visits 
classified as emergent would have a higher probability 
of mortality and hospitalization. Like Ballard et al, we 
excluded visits categorized as drug, alcohol, or mental 
health, since they may have been emergent but were less 
clearly associated with mortality or hospitalization.9 In 
addition, we excluded visits categorized as injury since 
they may have been justifiably emergent, but had a 
low probability of mortality or hospitalization. Within 

n Table 1. Classification of NHAMCS ED Visits According to the EDA

Variable Sample Size Population Size Share of Classifiable Visits

Analysis sample

  Emergent 17,614 63,232,575 16.1%

  Intermediate 1389 5,053,723 1.2%

  Nonemergent 54,073 193,416,346 49.2%

Excluded Visits

  Injury 32,149 114,189,048 29.1%

    Drug 304 740,213 0.2%

  Alcohol 1718   5,140,097  1.3%

  Mental health 4723 11,281,639 2.9%

Total 111,970 393,053,641 100.0%

ED indicates emergency department; EDA, emergency department algorithm; NHAMCS, National Hospital Ambulatory Medical Care Survey.  
A total of 20,552 observations could not be classified by the EDA.
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Specification Checks
We performed 2 specification checks to test the sensitiv-

ity of our results (full results available upon request). First, 
we estimated conditional logit models with year-specific 
ED fixed effects in order to control for any unobserved 
time-invariant ED-specific differences (such as staffing 
and resources) and to examine within-ED differences in 
hospitalization and mortality. Results from these models 
were very similar to our baseline models for both mortal-
ity (OR: 3.52, 95% confidence interval [CI]: 2.58-4.80) and 
hospital admission (OR: 5.22, 95% CI, 4.96-5.50). Second, 
following Ballard et al, we repeated our analyses using dif-
ferent probability thresholds (75% and 90%) for the ED 
measures in order to check the sensitivity of our results.9 
In these models, visits were categorized as intermediate 
if the probability they were emergent was between 25% 
(10%) and 75% (90%). The results for our emergent vari-
able represent the comparison of visits with a predicted 
probability of being emergent of 75% (90%) or greater with 
visits with a predicted probability of being emergent of 
25% (10%) or less, thus we expect the ORs to increase, but 
be in the same direction as our baseline results. We found 
that this is generally the case, with ORs for our mortal-
ity outcome of 6.11 (95% CI, 3.73-10.02) and 4.90 (95% CI, 
2.16-11.15) for the 75% and 90% cutoffs, respectively. Simi-
larly, ORs for our admission outcome are 8.35 (95% CI, 
7.60-9.17) and 11.26 (95% CI, 9.83-12.92) for the 75% and 

90% cutoffs, respectively. All specification checks support 
our main finding that emergent visit status is significantly 
associated with hospital admission and death.

DISCUSSION
This analysis evaluated methods for classifying ED visits 

as emergent, using the EDA in a nationally representative 
sample of ED visits, and found that measures based on the 
EDA were significantly associated with mortality and ED-
associated hospitalizations. The magnitude of association 
of emergent classification with hospitalization and mortal-
ity were similar to, but larger than, those from Ballard et 
al, who used data from privately insured individuals in a 
single integrated delivery system.9 The difference may be 
due to the fact that our sample included both the Medicaid 
and uninsured populations, and was not restricted to pri-
vately insured and Medicare patients in an integrated deliv-
ery system, who are likely to have better access to care. In 
addition, our sample excluded visits categorized as injury, 
which may also explain our larger result. Further, our re-
sults suggest that the EDA can be used to categorize visits as 
emergent and nonemergent by researchers when informa-
tion is available on diagnosis codes but not on triage time 
(eg, claims data) or when a full chart review is not possible.

There were a few limitations to our approach. In cat-
egorizing visits using the EDA, there may have been some 

n Table 2. Descriptive Statistics for Sample of NHAMCS ED Visits, 2006 to 2009

Variable Mean Standard Deviation

Age 37.44 (23.31)

Male 41.78% (46.75%)

Black 25.46% (41.30%)

Other race 3.98% (18.53%)

Medicare 15.95% (34.71%)

Medicaid/SCHIP 29.94% (43.42%)

Self-pay/charity 16.70% (35.35%)

Other insurance 2.81% (15.67%)

Low median household income in patient‘s zip code 33.78% (44.84%)

Urban classification of patient‘s zip code 81.34% (36.93%)

Died 0.31% (5.25%)

Hospitalized 14.52% (33.40%)

2007 22.41% (39.53%)

2008 24.90% (40.99%)

2009 27.53% (42.34%)

Sample size 73,076

Population size 261,702,644

ED indicates emergency department; NHAMCS, National Hospital Ambulatory Medical Care Survey; SCHIP, State Children’s Health Insurance 
Program.
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measurement error in determining if a visit is truly emer-
gent. For example, some diagnoses may have been appro-
priately categorized as emergent, but were not associated 
with death or hospital admission (eg, a broken leg). We 
attempted to address this possible issue by excluding ED 
admissions for injury. Another limitation to our research 
was that we were only able to observe mortality and hos-
pital admission as a direct admit from the ED, but not able 
to observe subsequent mortality or hospital admission 
within a limited time frame after the ED visit. Further, we 
used a blunt measure of hospital admission in order to 
directly compare our results with Ballard et al,9 which may 
not necessarily reflect severity in cases where hospitaliza-
tions resulted in shorter lengths of stay or were less acute. 
Finally, thresholds for hospital admission may have dif-
fered by payer type or other subjective patient characteris-
tics. EDs may serve as a gateway through which to admit 
patients who do not have access to care through other 
channels due to their insurance status or other socioeco-
nomic factors. This question is beyond the scope of this 
paper and requires further research. 

This study demonstrated that the EDA can be used to 
identify ED visits associated with mortality and hospital-
ization. Classifying ED visits as emergent or nonemergent 

has been a shortcoming of the literature on ED use. The 
EDA is increasingly being used at the state and local lev-
els20-23 and, despite its limitations, the EDA has the poten-
tial to be a useful tool for understanding patterns of use 
and assessing the effects of policies and programs aimed 
at reducing nonemergent ED use. While the developers of 
the EDA have cautioned that the algorithm would not be 
appropriate to use for making individual reimbursement-
based decisions, and recent research has supported this 
assessment,24 it can be applied to assess overall trends in 
ED use and to study how interventions and policies may 
affect these trends. For example, it has been used by re-
searchers studying how new programs providing primary 
care for the uninsured affected ED use among these partic-
ular patient populations.20,21 In such contexts, where ad-
ministrative data are available to assess how a program or 
policy change affected utilization, the EDA can be useful. 

With the implementation of health reform, there will 
be major changes in the number of uninsured, the distri-
bution of insurance coverage types, the payment and or-
ganization of healthcare providers, and other aspects of 
the healthcare system that could affect the way various 
patient populations utilize the ED. It will be important 
to have tools to classify ED visits and to test the success 

n Table 3. Association Between EDA Measures and Mortality and Hospital Admission Outcomes

Variables Died  Hospitalized

Emergent 3.791a (2.499-5.751) 5.279a (4.928-5.655)

Intermediate 2.163 (0.825-5.672) 4.144a (3.407-5.041)

Age 1.064a (1.054-1.074) 1.037a (1.035-1.039)

Male 2.244a (1.651-3.050) 1.184a (1.105-1.268)

Black 1.316 (0.849-2.038) 0.971 (0.879-1.074)

Other race 0.895 (0.427-1.875) 1.075 (0.893-1.295)

Medicare 2.240a (1.236-4.060) 1.330a (1.193-1.482)

Medicaid/SCHIP 2.670a (1.534-4.646) 1.104c (0.993-1.229)

Self-pay/charity 1.774 (0.661-4.763) 0.744a (0.646-0.857)

Other insurance 7.907a (3.061-20.42) 1.001 (0.754-1.330)

Low median household income in patient‘s zip code 1.265 (0.875-1.829) 1.026 (0.927-1.134)

Urban in patient's zip code 1.688c (0.997-2.858) 1.451a (1.223-1.722)

2007 1.237 (0.800-1.913) 0.940 (0.808-1.094)

2008 1.236 (0.803-1.903) 1.001 (0.870-1.151)

2009 1.224 (0.753-1.990) 0.859b (0.747-0.987)

Sample size 73,076 73,076

Population size 261,702,644 261,702,644

EDA indicates emergency department algorithm; SCHIP, State Children’s Health Insurance Program.  
Cells present odds ratios, with 95% confidence intervals in parentheses. 
aP <.01. 
bP <.05. 
cP <.1.
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of interventions and policies designed to alter ED utili-
zation and improve access to alternative sources of care. 
We have shown that the conclusions of earlier research 
validating the EDA in the context of managed care also 
hold when a nationally representative sample of ED visits 
is examined, suggesting that the EDA is a useful tool for 
health services and policy researchers.
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