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Objective. To document erosion in the New York University Emergency Department
(ED) visit algorithm’s capability to classify ED visits and to provide a “patch” to the
algorithm.
Data Sources. TheNationwide Emergency Department Sample.
Study Design. We used bivariate models to assess whether the percentage of vis-
its unclassifiable by the algorithm increased due to annual changes to ICD-9 diag-
nosis codes. We updated the algorithm with ICD-9 and ICD-10 codes added
since 2001.
Principal Findings. The percentage of unclassifiable visits increased from 11.2 per-
cent in 2006 to 15.5 percent in 2012 (p < .01), because of new diagnosis codes. Our
update improves the classification rate by 43 percent in 2012 (p < .01).
Conclusions. Our patch significantly improves the precision and usefulness of the
most commonly used ED visit classification system in health services research.
Key Words. Emergency department visit algorithm, emergency department use,
health services research

The New York University (NYU) Emergency Department (ED) visit algo-
rithm is the most widely used tool for retrospectively assessing the probability
that ED visits are urgent, preventable, or optimally treated in an ED, using
administrative data (Billings, Parikh, and Mijanovich 2000b; Feldman 2010).
Besides being used in or cited by hundreds of studies, the algorithm has been
instrumental in evaluating the impact of at least three major health policy
changes: the Massachusetts health reform law (Miller 2012), the Oregon
Health Insurance Experiment (Taubman et al. 2014), and the expansion of
health insurance to young adults under the Affordable Care Act (Antwi et al.
2015).

The algorithm’s popularity hinges on several factors. First, rising ED
demand and national capacity constraints have prompted calls for more
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research on the ED delivery system (Institute of Medicine 2007) and made the
measurement and reduction of ED use for nonemergent and ambulatory care-
sensitive conditions prominent policy targets ( Joynt et al. 2013; Gandhi,
Grant, and Sabik 2014). Second, employing the algorithm requires only the
primary discharge diagnosis codes from patient visit records, making it the
only comprehensive classification mechanism usable by health services
researchers with limited administrative data. Finally, the algorithm is free for
anyone to download and use.

The clinical precision of the algorithm itself, however, has not kept pace
with its popularity. The algorithmwas created with ICD-9 diagnosis codes that
were current as of 2001. Meanwhile, the ICD-9/ICD-10 Coordination and
Maintenance Committee has released updates to the body of diagnosis codes
every year (Centers for Medicare and Medicaid Services 2014). However, the
algorithmwas not updated to incorporate the new diagnosis codes into its clas-
sification of ED visits. As the new diagnosis codes are applied to ED visits, the
percentage that are unclassifiable by the algorithm increases substantially. The
Washington State Hospital Association noted only 12 percent of its ED visits
were unclassifiable by the algorithm in 2006, but that this number rose to 19
percent by 2009 (Feldman 2010).

As the percentage of unclassifiable ED visits rises, important informa-
tion about changing patterns of ED use is obscured. As the algorithm is used
to evaluate local health system resource use, as well as national- and state-level
health policy changes, there exists a sizable risk for inaccurate evaluation and
suboptimal distribution of system resources. With these concerns in mind, we
created a “patch” to improve the usefulness of the original algorithm for retro-
spective research on ED visit patterns, using ICD-9 codes, for the period span-
ning 2001–2015. Given the landmark health policy changes that have
occurred under the ICD-9 system as part of the Affordable Care Act (ACA)
over the past several years, this patch comes at an especially crucial time in
health services research. To further improve the patch’s utility moving
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forward, we also offer a “beta” version of the patched algorithm for use when
ICD-10 data become available.

In this Methods Brief, we describe how we created the patch and evalu-
ate its effectiveness in improving the sensitivity of the algorithm using a
national sample of ED visits. As supplemental digital content, we provide free
SAS and Stata macros with the new version of the algorithm (see Appendix
SA3 and SA4). We note that although two studies have independently vali-
dated the algorithm based on its ability to differentiate the severity of ED visits
(Ballard et al. 2010; Gandhi and Sabik 2014), other studies have identified
problems with the algorithm due to insufficient sensitivity to changes in ED
utilization patterns ( Jones et al. 2013), lack of responsiveness to changes in
access to ambulatory care alternatives apart from the ED (Lowe and Fu 2008),
and failure to keep up with the evolving practice of emergencymedicine (Feld-
man 2010). Thus, we caution that although our patch extends the generaliz-
ability of the original algorithm to a much larger number of diagnosis codes, it
is not intended to improve upon its construct validity. Specifically, our patch
does not address any potential problems identified in prior studies as to
whether the algorithm is appropriately differentiating the severity of ED visits
or sufficiently responsive to changes in ED utilization patterns.

METHODS

Creation of the Original NYU EDAlgorithm

In 1999, with the assistance of a panel of ED physicians, researchers at NYU
categorized ED visits from six hospitals in the Bronx, NY, into one of the fol-
lowing four categories: (1) nonemergent; (2) emergent, primary care treatable;
(3) emergent, ED care needed, but preventable/avoidable; and (4) emergent,
ED care needed, not preventable/avoidable (Billings, Parikh, and Mijanovich
2000b). Visits due to injury, mental health, alcohol use, or substance use were
carved out into their own four separate categories. From these classifications,
the authors compiled a set of probabilistic weights to be applied to ED dis-
charge data using the primary discharge ICD-9 diagnosis codes to determine
the percent of ED use attributable to each of the eight categories (Billings, Par-
ikh, and Mijanovich 2000b). ED visits with diagnosis codes that are not
mapped to any of the eight categories default to unclassified. For example, an
ICD-9 code of 0340 (streptococcal sore throat) has the following probabilities:
nonemergent, 66 percent; emergent, primary care treatable, 28 percent; emer-
gent, ED care needed, 6 percent; emergent, ED care needed, not preventable/
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avoidable, 0 percent. For a detailed explanation of how the authors created
the algorithm, see Billings, Parikh, andMijanovich 2000b.

Creation of the Patch

For the patch, our aim was to assign the probabilistic weights from the
original algorithm to all new ICD-9 codes introduced since the algo-
rithm’s creation. First, we connected each of the new codes to the most
clinically similar diagnosis codes that existed in the original algorithm.
Then, we assigned the weights from the most similar original codes to
the new codes. We did this in two stages. In the first stage, we figured
out how many of the new ICD-9 codes nest neatly into one of the orig-
inal codes (i.e., code “07812, plantar wart” was created in 2008, but falls
under the umbrella of code “0781, viral warts,” which was listed in the
original algorithm). In these cases, the original probability weights were
applied to the new code by the existing algorithm. In the second stage,
we took the remaining new ICD-9 codes that were not classified by the
existing algorithm and connected them to original ICD-9 codes via a
“bridge.” The bridge, in this case, was the Clinical Classifications Soft-
ware (CCS) distributed by the Agency for Healthcare Research and
Quality (AHRQ), which we describe in the next section.

Data

Our primary data source for this analysis was the Nationwide Emergency
Department Sample (NEDS) provided by the Healthcare Cost and Utilization
Project (2016). The NEDS is released each calendar year, and in 2012, con-
tained ED discharge data on 31 million ED visits at 950 hospitals in 30 states.
The NEDS is a stratified, 20 percent cluster sample and includes all ED visits
of the hospitals sampled in a given year, along with weights to generate
national estimates (Healthcare Cost and Utilization Project 2016). The unit of
analysis is an ED visit, and each record contains primary ICD-9 discharge
diagnosis codes. We used data for the 7 years of 2006–2012 and computed
national estimates using ED visit discharge weights.

We also used annual data files released by the ICD-9 Coordination and
Maintenance Committee (Centers for Medicare and Medicaid Services 2014).
These contain a complete list of the valid ICD-9 diagnosis codes for each year,
allowing for identification of annual diagnosis code changes from 2001
through the last ICD-9 release in October of 2014.
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We used AHRQ’s CCS software as a bridge between the original and the
new ICD-9 codes. This software “rolls up” the diagnosis codes into broader
categories, following a four-level hierarchical system (Elixhauser, Steiner, and
Palmer 2014). For example, an ICD-9 code of 40200 (malignant hypertensive
heart disease without heart failure) would be classified under “hypertensive
heart and/or renal disease” (level 4) in the most specific of the four levels, then
collapsed up to “hypertension with complications and secondary hyperten-
sion” (level 3), “hypertension” (level 2), and “diseases of the circulatory sys-
tem” (level 1), in turn.

We classified all of the ICD-9 codes from the original algorithm
into their CCS categories, and we did the same with all of the newly
introduced codes. Then, we matched the original and new codes based
on the most clinically similar and granular CCS category available, and
assigned the new codes the weights from the original codes in the same
CCS category.

Clinical Integrity of the Patch

We took several steps to safeguard the patch’s clinical integrity and useful-
ness. If a new code mapped to multiple original codes sharing the same
CCS category but with differing probability weights, then we adopted an
approach suggested by Dowd et al. (2014), assigning the weights which
gave the highest likelihood of “emergent, ED care needed, not pre-
ventable/avoidable.” Further ties were broken by assigning weights giving
the highest likelihood of the following, in sequence: (1) ED use that is
“emergent, ED care needed, preventable/avoidable”; (2) ED use that is
“emergent, primary care treatable”; (3) ED use that is “nonemergent.” Put
another way, if a new code could be mapped to several original codes with
different weights, we erred on the side of clinical caution by assigning to it
the probability weights from the original code that was most likely to repre-
sent an unavoidable, true emergency.

We also had a practicing ED physician conduct a manual review of all
new ICD-9 codes with 80 or more ED visits in the NEDS during 2006–2012
(nearly 700 codes, representing 99.8 percent of all ED visits for new ICD-9
codes not classified by the original algorithm). In cases where the clinician
deemed a patch-assigned probabilistic weight to be of an insufficient severity
level, we erred on the side of clinical caution by reassigning that weight to the
“emergent and not preventable” category.
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Assessing the Role of New ICD-9 Codes in the Increase in Unclassified ED Visits over
Time

To assess whether the overall percentage of unclassified ED visits increased
over time, we generated descriptive statistics for this outcome for the esti-
mated universe of all ED visits in the United States from 2006 to 2012. We
used chi-square tests and bivariate linear regression to assess whether the per-
centage of unclassified ED visits increased each year. Second, we tested
whether the new ICD-9 codes added in or after 2001 were responsible for the
observed increase in overall unclassified ED visits. For this analysis, we used
bivariate models to test (1) whether there was a significant increase in the year-
over-year trend in unclassified ED visits with new ICD-9 codes but not a simi-
lar increase in visits with the old codes; (2) whether there was a greater proba-
bility of an ED visit being unclassified if its primary discharge diagnosis was a
new instead of an old ICD-9 code.

Evaluating the Patch’s Utility

We tested the effectiveness of our patch by applying it to the estimated uni-
verse of all ED visits in the United States described above and performed
McNemar’s test to determine whether the updated algorithm yields a statisti-
cally significant improvement in the rate of unclassified visits over time.

A“Beta” Version of the Patch for ICD-10 Codes

We created a “beta” version of our patch for ICD-10 by linking the
ICD-9 codes in the patched algorithm to ICD-10 codes using the 2016
General Equivalence Mappings system developed by the Centers for
Medicare and Medicaid Services (2016). We tested the beta version in a
simulated national dataset of ED visits coded with 2016 ICD-10 primary
discharge diagnosis codes. We applied both the beta version of our
patch to this simulated dataset as well as the original version of the
NYU algorithm previously mapped to ICD-10 codes by the NYU Wag-
ner Graduate School of Public Service (2016). We performed McNe-
mar’s test to determine whether the ICD-10 version of our algorithm
yields a statistically significant improvement in the rate of unclassified
visits over the original version. (For more details on how we linked
ICD-9 to ICD-10 codes and on how we simulated a dataset of ED
visits with ICD-10 codes, see Appendix SA2.)
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RESULTS

Figure 1 displays the NYU ED algorithm, along with the average estimated
rates for each outcome for all U.S. ED visits from 2006 to 2012. Overall,
14 percent of visits are unclassified by the original NYU algorithm during
this period. Table 1 shows that the percentage of unclassified ED visits has
risen significantly from 11.2 percent in 2006 to 15.5 percent in 2012
(p < .01). During this same time period, an estimated 50.8 million national
ED visits (5.7 percent of the total) had a primary discharge diagnosis code
that was one of the 2,024 new ICD-9 codes added since the last update to
the NYU algorithm. We find a significant (p < .01) increase in unclassified
ED visits with the new ICD-9 codes as the primary discharge diagnosis of
record but not in unclassified ED visits with the old ICD-9 codes. In addi-
tion, we find that ED visits with the new ICD-9 codes have a significant
(p < .01) and substantially greater probability of being unclassified than ED
visits with the old codes.
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Only 188 (9.3 percent) of the new ICD-9 diagnosis codes added on or
after 2001 nested within existing codes and were already classified by the orig-
inal NYU algorithm. Using the CCS technique, we then matched 1,805 (89.2
percent) of the new ICD-9 diagnosis codes to the NYU weights of clinically
similar old ICD-9 codes in the original algorithm. Our manual clinical review
identified 21 (1.2 percent) of these diagnosis codes to be of higher severity than
the NYUweights to which they were assigned, and we updated the weights for
these 21 codes to 100 percent “emergent, ED care needed, not preventable.”
These 21 codes only accounted for 0.06 percent of the unweighted total ED
visits during 2006–2012. At the end of the process, we successfully linked
1,805 new diagnosis codes that were previously unclassified to the existing
NYU probabilistic weighting system; 31 (1.5 percent) of the new ICD-9 codes
could not be linked and are left in the default category of unclassified. These
31 codes that could not be linked only accounted for 0.0003 percent of the
unweighted total ED visits during 2006–2012.

Table 2: Effect of the ICD-10 Version of the Patch on Classification of
Simulated EDVisits with 2016 ICD-10 Discharge Diagnosis Codes

ICD-10 Version
of Patched ED
Algorithm

ICD-10 Version
of Original NYU
EDAlgorithm

Total National ED visits
Weighted, (000s)† 128,809 128,809
Unweighted, (000s) 29,799 29,799

Classification of Simulated ICD-10 EDVisits
Unclassified ED visits (%)* 8.1 18.8
Emergent EDNNP 16.1 12.2
Emergent EDNP 7.5 6.4
Emergent PCT 22.9 20.2
Nonemergent 20.8 19.2
Injury related 20.9 19.6
Mental health 2.6 2.4
Alcohol related 0.9 0.9
Drug related 0.2 0.2

*Difference in percentage of ED visits unclassified between our patch and the original version is
significant (p < .01, McNemar’s test of correlated percentages). Note that the ICD-10 version of
the original NYU algorithm assigns some ED visits a weight of “partially unclassified.” For the
purposes of McNemar’s test, we counted such visits as unclassified only if the probability weight
was ≥0.50 for unclassified.
†Calculated from the Nationwide Emergency Department Sample (NEDS) for 2012 using visit
weights on ED visits with nonmissing ICD-9 codes that mapped to ICD-10 codes (96% of sample).
EDNNP, ED care needed and not preventable/avoidable; EDNP, ED care needed and pre-
ventable/avoidable; PCT, primary care treatable.
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As shown in Table 1, when we apply the patched algorithm to the same
universe of national ED visits, we find that 8.9 percent of visits are now unclas-
sified in the year 2012. This represents a 6.7 percentage point reduction in
unclassified visits (p < .01), equivalent to a 43 percent improvement over the
original algorithm. This pattern is similar for each year included in our analy-
sis. Furthermore, the percentage of ED visits that are unclassified in our
patched version of the algorithm is no longer increasing year over year, but
remains relatively constant from 2006 to 2012. (For more information on the
effect of our patch on the classification of ED visits across all eight NYU ED
algorithm categories, see Table S1.)

When we apply the ICD-10 version of our algorithm to a simulated
national dataset of ED visits using 2016 ICD-10 codes, we find that 8.1 percent
of visits are unclassified (Table 2). In contrast, 18.8 percent of such ICD-10-
coded ED visits are unclassified by the original algorithm. This represents a
10.7 percentage point reduction in unclassified visits (p < .01).

CONCLUSION

Despite its widespread popularity in the health services research discipline,
the NYU ED algorithm has not been updated since 2001, resulting in ever-
increasing percentages of ED visits that are unclassifiable by the algorithm.
An up-to-date version of the algorithm is an essential health services research
tool, in light of the ACA and other major changes to the health policy land-
scape that have occurred over the past 15 years. To this end, we have created a
patch that substantially reduces the number of ED visits unclassifiable by the
algorithm and have provided an additional “beta” version for use with ICD-
10 data as it becomes available. We note that the patch is intended only to
broaden the external validity of the original algorithm, and not intended to
improve its accuracy. As such, we urge health services researchers to use the
patch in accordance with guidelines set forth by its authors (Billings, Parikh,
andMijanovich 2000a).
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Appendix SA4. Patched NYU ED Algorithm for ICD-10 with SAS
and Stata Macros (as Three Text Files): (a) Text File #1: patched_ed_
algo_weights_icd10.txt, (b) Text File #2: sas_code_for_patched_ed_
algo_icd10.txt, and (c) Text File #3: stata_code_for_patched_ed_
algo_icd10.txt

Table S1. Classification of all ED Visits* before and after Update.
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