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Emergency department visit volume 
variability
Seung Woo Kang, Hyun Soo Park

Department of Emergency Medicine, Jeju National University Hospital, Jeju, Korea

Objective One of the most important and basic variables in emergency department (ED) opera-
tions is patient visit volumes. This variable is usually predicted on the basis of the average ED 
patient visit volume over a certain period. However, ED patient visit variability is poorly under-
stood. Therefore, we evaluated ED patient visit variability in order to determine if the average 
can be used to operate EDs.

Methods Nationwide ED patient visit data were from the standard emergency patient data of 
the National Emergency Department Information System. The data are transferred automatically 
by 141 EDs nationwide. The hourly ED visit volumes over 365 days were determined, and the 
variability was analyzed to evaluate the representativeness of the average.

Results A total of 4,672,275 patient visits were collected in 2013. The numbers of daily ED pa-
tient visits were widely dispersed and positively skewed rather than symmetric and narrow with 
a normal distribution.

Conclusion The daily variability of ED visit is too large and it did not show normal distribution. 
The average visit volume does not adequately represent ED operation.
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What is already known
To operate emergency department effectively, information on patient visits is 
important. Previously, the average emergency department patient visit volume 
was assumed to be a representative value.

What is new in the current study
We found that the average is not sufficient to describe the emergency depart-
ment patient visit variability. More optimized parameters should be introduced 
for better analysis.
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INTRODUCTION

The maturation of emergency medicine as a specialty has coin-
cided with dramatic increases in emergency department (ED) visit 
rates worldwide.1 Patients who present to EDs often face long 
wait times for treatment; moreover, those who require admission 
wait even longer for an inpatient hospital bed.2 ED timeliness is a 
critical factor affecting the operational performance of the com-
plex processes required to deliver emergency care. Operational 
performance ultimately affects the quality of care, patient safety, 
and operational and financial efficiency.3 Many interventions to 
manage ED crowding have been implemented in order to improve 
the efficiency of ED operation by eliminating waste, reducing 
variability, and increasing flexibility.4,5 The problem remains de-
spite these efforts, because ED crowding is not only a problem 
related with individual EDs, but is rather a reflection of a larger 
supply and demand mismatch in the healthcare system.2 
  In the conceptual model of the ED, previous interventions 
mainly target throughput and output components. ED supply sys-
tems concerning patient care processes and patient disposition 
are manageable; however, the input component, which includes 
any condition, event, or system characteristic that contributes to 
the demand for ED services, is not easily reducible or predictable.2 
Ambulance diversion to other EDs or telephone triage services to 
reduce ED demand have limited effects on the overall emergency 
medical system.3 Furthermore, ED demand at a given time ap-
pears impossible to predict, and there is a lack of analytic re-
search. The input component usually predicts the average ED pa-
tient volume over a certain period, despite the lack of evidence 
indicating that the average is adequately representative of the 
variability of ED patient visits.6-8 
  Efficient operation requires individual EDs to estimate how 
many busy days will occur and can be reduced with additional 
medical resources as well as how often “on-call” resources will be 
needed. Thus, hourly ED visit data should be collected and pro-
cessed to address these questions. Accordingly, processed nation-
wide ED visit data could be used to construct a road map to de-
velop policies for the entire healthcare system from the perspec-
tive of the expanded input-throughput-output conceptual mod-
el.9 Thus, the present study evaluated the daily variability in hour-
ly ED visit volume.

METHODS

Study design and primary outcome
This was a retrospective observational study that aimed to char-
acterize the daily variability of hourly ED visits and evaluate the 

representativeness of the average. We created and analyzed 24 
bar graphs in a histogram of the average hourly ED visit volumes 
over 365 days as well as 24 box-plots of hourly ED visit volume 
over 365 days.
  We analyzed the nationwide ED patient visit time data of the 
National Emergency Medical Center not only to provide informa-
tion about a particular ED, but also to evaluate EDs in general. 
Since 2004, the National Emergency Medical Center in Korea has 
collected standard ED visit patient data including time of visit, 
sex, age, chief complaint, result of disposition, route of visit, vital 
signs, and date and time of discharge from nationwide EDs via an 
automated reporting system, the National Emergency Depart-
ment Information System (NEDIS); it offers these data as a text 
file containing the times of visit of nationwide EDs in 2013.10 

Data analysis
The ED visit patient data were divided into 24 hours and 365 days 
according to visit time, and a 365×24 data table was construct-
ed. The 8,760 values in the resultant data table were analyzed by 
descriptive statistics to create bar graphs showing the means and 
95% confidence intervals as well as box plots to present the 
hourly and daily characteristics of ED visit variability for compari-
son with the bar graphs. For the statistical analysis of the repre-
sentativeness of the means, the Shapiro-Wilk test was performed 
to test the normality of the distribution of the hourly ED visit vol-
ume over 365 days; skewness and kurtosis were also calculated.
  The text file including ED visit time data were collected and 
converted to comma separated value format by using Microsoft 
Excel 2010 (Microsoft Corp., Redmond, WA, USA). The graphs 
were created and statistical analysis was performed by using R 
version 3.1.3 developed by the R Foundation for Statistical Com-
puting (R Development Core Team, 2005, http://www.R-project.
org). The study protocol and exemption from informed consent 
were approved by the institutional review board of the Jeju na-
tional University Hospital.

RESULTS

In 2013, the NEDIS annual report stated 4,919,181 patients visited 
141 EDs in 16 provinces nationwide (Table 1).10 However, as the in
formation transmission rate to the NEDIS was approximately 94%, 
the available text file contained the arrival times of 4,672,275 
patients in 2013.10 
  The bar graphs and box plots of EDs nationwide are shown in 
Figs. 1 and 2, respectively. The hourly visit pattern in one day show
ed a bimodal distribution with peaks from 10:00 to 11:00 and 
20:00 to 21:00. The period with the lowest visits was 02:00 to 



152 www.ceemjournal.org 

Variability in emergency department visit

08:00. The box plots (Fig. 2) of the ED visit volume at each time 
showed upside-skewed interquartile ranges rather than a sym-
metric distribution in addition to the median volume.
  In contrast to the nationwide ED graph, the single ED graphs 
showed a similar bimodal distribution of hourly visit volume in 
one day. However, the skewness and kurtosis of box plots of sin-
gle EDs were smaller than those of nationwide EDs (Figs. 3, 4).
  Statistically, the inter-day difference of hourly visit volumes 
was too large to assume a normal distribution despite the large 
dataset (P<0.05). Furthermore, both the nationwide and individ-
ual ED data were right skewed (upside skewed) and widely dis-
persed (Tables 2, 3). 

DISCUSSION

The bimodal feature of the average hourly ED patient visit volumes 
identified in the present study is similar to the findings of previous 
studies.11,12 The authors of those studies assumed there was no 

Table 1. Patient visit volumes of EDs nationwide in 2013

Province Population Studied ED count ED visit volume

A 10,143,645 30 1,287,020
B 3,527,635 8 218,802
C 2,501,588 5 199,492
D 2,879,782 7 294,589
E 1,472,910 6 127,455
F 1,532,811 5 191,596
G 1,156,480 2 72,835
H 12,234,630 29 1,147,841
I 1,542,263 6 163,565
J 1,572,732 4 119,577
K 2,047,631 6 198,958
L 1,872,965 6 148,868
M 1,907,172 5 108,036
N 2,699,440 10 275,902
O 3,333,820 7 238,221
P 593,806 5 126,424
Total 51,019,310 141 4,919,181

Data from National Emergency Medical Center. Annual report 2013 [Internet]. 
Seoul: National Emergency Medical Center; 2014.10

ED, emergency department.
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Fig. 1. The average hourly visit volume with 95% confidence intervals 
of nationwide emergency department (ED) according to visit times in 
2013.
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Fig. 3. The average hourly visit volume with 95% confidence intervals 
of one emergency department (ED) according to visit times in 2013.
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Fig. 2. Visit times of nationwide emergency departments (EDs) in 2013. 
The daily variation of hourly visits in a year of nationwide EDs.
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Fig. 4. Visit times of individual emergency departments (EDs) in 2013. 
The daily variation of hourly visits in a year of one ED (2013).
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significant variability in visits over 365 days at a given time of day; 
therefore, the average was used as the representative value. How-
ever, the box plots showed positively skewed and widely dispersed 
distributions of visit times and this causes the more-frequent “low 
visit volume days” to decrease the average, consequently masking 
the less-frequent “high visit volume days.” In the case of a given 
ED with a visit volume similar to that shown in Fig. 4 (with a vol-
ume difference of approximately 1.6 patients per hour between 
the 1st quartile and average), an ED operator who prepares the ED 
expecting the average ED visit volume may experience 1.6 more 
patients per hour in three months (25%) in a given year. Unfortu-
nately, the unbounded positive range also indicates that ED crowd
ing cannot be completely prevented in cases such as disasters. 
Therefore, “permissive busy ED days” should be determined in or-
der to prevent excessive waste of medical resources. Accordingly, 
further simulation studies will allow us to predict how much more 
medical resources might be needed to reduce the number of busy 
days below a particular percent in a year.
  The features of the box plots presented herein may differ from 
those of other emergency medical systems with different socioeco-
nomic situations and emergency medical service utilization habits. 
Furthermore, as patient visit volumes can change over time, the 

Table 2. Skewness, kurtosis, and normality of the distribution of hourly 
nationwide emergency department patient visit volumes

Time Skewness Kurtosis Shapiro-Wilk test P-value

1 0.78042 3.797448 0.960829 <0.05

2 1.044187 4.778892 0.944757 <0.05

3 0.975646 4.765419 0.951092 <0.05

4 0.936456 4.13346 0.949906 <0.05

5 0.982596 4.711342 0.951594 <0.05

6 1.045561 4.24744 0.933705 <0.05

7 1.586856 6.237132 0.874597 <0.05

8 2.085974 8.66038 0.798833 <0.05

9 2.015533 7.143919 0.744704 <0.05

10 2.146164 7.867818 0.690205 <0.05

11 2.387513 9.595485 0.663227 <0.05

12 2.266942 8.834264 0.69089 <0.05

13 1.932458 6.932239 0.741465 <0.05

14 1.616581 4.893624 0.745781 <0.05

15 1.666196 5.403175 0.745152 <0.05

16 1.513102 4.848528 0.767458 <0.05

17 1.356479 4.330698 0.790227 <0.05

18 1.335169 4.499183 0.829125 <0.05

19 1.252993 4.133825 0.849254 <0.05

20 1.083121 3.95945 0.917805 <0.05

21 1.022187 4.117709 0.934925 <0.05

22 0.847581 4.056204 0.959112 <0.05

23 0.861803 3.970081 0.957433 <0.05

24 0.715088 3.916872 0.972531 <0.05

Table 3. Skewness, kurtosis, and normality of the distribution of hourly 
patient visit volumes at individual emergency departments

Time Skewness Kurtosis Shapiro-Wilk test P-value

1 0.504972 2.623897 0.934153 <0.05

2 0.344041 2.691325 0.927917 <0.05

3 0.909751 4.048702 0.888703 <0.05

4 1.067029 4.342416 0.865747 <0.05

5 0.891327 3.653524 0.875443 <0.05

6 0.831205 3.158926 0.863741 <0.05

7 0.706727 2.943521 0.890265 <0.05

8 1.257117 5.726697 0.888624 <0.05

9 0.754747 3.989155 0.946088 <0.05

10 0.81667 4.631885 0.950402 <0.05

11 0.554688 3.130892 0.965915 <0.05

12 0.770079 4.317239 0.95373 <0.05

13 0.884146 4.757388 0.945048 <0.05

14 0.574378 3.171003 0.963394 <0.05

15 1.257715 6.201206 0.918434 <0.05

16 0.624008 3.061558 0.956064 <0.05

17 0.801788 3.676728 0.944638 <0.05

18 0.635857 3.299813 0.957029 <0.05

19 0.584441 2.880888 0.953532 <0.05

20 0.543809 3.340312 0.966608 <0.05

21 0.689478 3.306855 0.951212 <0.05

22 0.358093 2.939101 0.968227 <0.05

23 0.592459 3.352529 0.95641 <0.05

24 0.5825 3.015797 0.944147 <0.05

annual change should be taken into consideration.1 Nevertheless, 
the box plots verify the daily variability of ED visit volumes.
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