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Abstract
Introduction: Overcrowding in the Emergency Department (ED) is one of the major issues that must be addressed
in order to improve the services provided in emergency circumstances and to optimize their quality. As a result, in
order to help the patients and professionals engaged, hospital organizations must implement remedial and preventative measures. Overcrowding has a number of consequences, including inadequate treatment and longer hospital
stays; as a result, mortality and the average duration of stay in critical care units both rise. In the literature, a number
of indicators have been used to measure ED congestion. EDWIN, NEDOCS and READI scales are considered the most
efficient ones, each of which is based on different parameters regarding the patient management in the ED.
Methods: In this work, EDWIN Index and NEDOCS Index have been calculated every hour for a month period from
February 9th to March 9th, 2020 and for a month period from March 10th to April 9th, 2020. The choice of the period
is related to the date of the establishment of the lockdown in Italy due to the spread of Coronavirus; in fact on 9
March 2020 the Italian government issued the first decree regarding the urgent provisions in relation to the COVID19 emergency. Besides, the Pearson correlation coefficient has been used to evaluate how much the EDWIN and
NEDOCS indexes are linearly dependent.
Results: EDWIN index follows a trend consistent with the situation of the first lockdown period in Italy, defined by
extreme limitations imposed by Covid-19 pandemic. The 8:00–20:00 time frame was the most congested, with peak
values between 8:00 and 12:00. on the contrary, in NEDOCS index doesn’t show a trend similar to the EDWIN one,
resulting less reliable. The Pearson correlation coefficient between the two scales is 0,317.
Conclusion: In this study, the EDWIN Index and the NEDOCS Index were compared and correlated in order to
assess their efficacy, applying them to the case study of the Emergency Department of “San Giovanni di Dio e Ruggi
d’Aragona” University Hospital during the Covid-19 pandemic. The EDWIN scale turned out to be the most realistic
model in relation to the actual crowding of the ED subject of our study. Besides, the two scales didn’t show a significant correlation value.
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Introduction
Overcrowding in emergency departments (EDs) is one
of the key challenges in effective hospital administration. Overcrowding in hospital context is described as
"a condition in which the identified need for emergency
care exceeds available resources in the ED", according to
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The American College of Emergency Physicians (ACEP)
Crowding Resources Task Force. When there are more
patients than staffed ED treatment beds and wait times
surpass a tolerable length, this scenario arises in hospital
EDs.
In many nations, overcrowding in emergency departments is a concern, with major ramifications for patient
satisfaction, staff productivity, and the system as a whole,
as well as it represents an increase in expenses [1].
Two aspects of the hospital system that might be crucial, according to Gurol-Urganci et al. [2], are demand
fluctuation and lead-time variability. In fact, one of the
most common reasons of ED overcrowding is the delay in
sending patients to hospital surgical units after they have
been registered and assessed, resulting in individuals
waiting in the ED. Other factors that may contribute to
ED overcrowding include the expanding senior population, the increased number of difficult cases, and patients
with comorbidities [3–5].
ED congestion is also related to a variety of negative
outcomes, including longer treatment durations, preventable medical errors, and the proportion of patients
who leave the ED without receiving a medical evaluation
from a healthcare professional [6].
Many scientific studies from various fields of study
have recently addressed the problem of improving the
quality of healthcare services through the use of managerial, statistical, and modeling tools to address issues
such as prolonged hospital stays, increased waiting times,
appointment scheduling, and other issues[7–20].
Several strategies have been used to increase the efficiency of procedures, healthcare processes in various
hospitals, and logistics and resource management; ranging from Lean and Six Sigma to simulation [7, 8, 15, 21],
many techniques have been used to address the problem
of overcrowding in EDs [22–24].
A considerable number of scientific studies have
addressed this subject in recent years, including contributions from several fields of research [25, 26]. The
fundamental issue is that there is no one standard metric of hospital performance, hence there is no global
standard definition of congestion in emergency departments. The United Kingdom was the first country to
require a few clinical indicators at the national level in
1990 [27]. In 1996, the Department of Health issued
recommendations stating that a patient must be seen
within five minutes of arriving at the hospital [28]. The
Department of Health assessed and compared first-aid
performance, using rapidity in diagnosing the patient’s
condition as a criterion [29]. It implemented the "4-h
rule" in 2004, requiring that 98 percent of patients be
examined and either hospitalized or released within
four hours after arriving at the emergency room.
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Several other clinical indicators were created in the
years that followed. However, Jones and Schimanski
[30] shown in 2010 that the implementation of an ED
time objective and the accompanying huge financial
commitment in the United Kingdom did not result in
a consistent improvement. As a result, the authors cautioned countries interested in replicating the United
Kingdom’s experience. A year later, the Minister of
Health issued a message to all NHS executives on the
Department of Health (DH) website, announcing the
repeal of the 4-h regulation as of April 2011 [31]. In
December 2010, a new set of indexes for evaluating the
performance of EDs was revealed; these indexes were
first applied in April 2011 [27].
There are many indexes of ED crowding identified in
the scientific literature; below we list the main ones:
- four multidimensional indexes: EDWIN [Emergency Department Work Index] [32], READI [Realtime Emergency Analysis of Demand Indicators]
[33], NEDOCS [National ED Overcrowding Study
Index] [38] and NEAT [National Emergency Access
Target] [34]; these scales, EDWIN and NEDOCS
in particular, have shown a high capacity to reflect
the current level of overcrowding in the ED. The
EDWIN score is related to the ESI (Emergency
Severity Index) which determines priority levels
in correlation with clinical conditions to the need
for resources; indeed NEDOCS score is based on
parameters of institutional structures and on activity variables so it evaluate different aspects of patient
management in the ED.
- five input indexes: total capacity of first aid, number of patient arrivals in six hours, ambulance
transport number, number of patients waiting for
medical treatment, and number of patients in the
waiting room;
- three throughput indexes: length of stay in the
emergency department [ED LOS], wait time for a
first appointment, and time spent in waiting room;
- two output indexes: number of patients in the
emergency room and percentage of total beds
occupied.
Following the definition of the indexes, several investigations were done to validate them. To quantify the
effect of crowding on patient satisfaction, Tekwani et al.
[35] performed a survey on a sample of patients released
from the emergency room after an eight-month delay.
The degree of crowding in an ED was measured by the
NEDOCS index before and after the introduction of a
new management tools in the administration of hospital
beds in a research by Todisco [36].
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Several studies have examined the EDWIN and
NEDOCS indexes’ performance in assessing overcrowding. In 2006, Weiss et al. [37] questioned whether the
NEDOCS and EDWIN indexes are equally sensitive and
specific for the problem of overcrowding. The authors
proved that both indexes, particularly the NEDOCS
index, have high accuracy for forecasting emergency
department overcrowding on a sample of 130 patients in
that research. Bernstein et al. [32] compared the results
of the EDWIN index to the results of doctor and nurse
perceptions of emergency department crowding. The
EDWIN index and the staff ’s crowding evaluation were
shown to have a good association in the study.
Despite the fact that the EDWIN and NEDOCS indexes
were developed using distinct approaches, they both seek
to capture the comparable result value of real-time specialists’ opinions on ED crowding and are thus useful
estimate tools.
The aim of this work is to analyze the NEDOCS and
EDWIN values for ED of the "San Giovanni di Dio e
Ruggi d’Aragona" University Hospital (Salerno, Italy) and
to evaluate their effectiveness. In particular, this work is
an extension of the short paper presented at the BECB
Conference in August, 2021 (2021 International Symposium on Biomedical Engineering and Computational
Biology) [38]. More in detail, in the work presented at the
BECB 2021 Conference, an analysis of the overcrowding
indices was carried out by comparing the results obtained
from the processing of the data of the same seven day
period in two different years, 2020 and 2021, pre and
post Covid-19 pandemic, respectively. The aim was to
highlight the different degree of overcrowding due to the
different way of perceiving the need to access the hospital
by the population after one year of pandemic. In order to
study the begin of this trend, in this paper the overcrowding indicators have been registered every hour over two
months periods, from February 9th to March 9th, 2020
and from March 10th to April 9th, 2020. In this way we
want to better assess the direct impact of Covid-19 on ED
overcrowding thanks to the analysis that took place over
two months. Besides, differently from the work presented
at the BECB 2021 Conference, another additional point
that that gives greater texture to this study is the correlation analysis carried out between NEDOCS and EDWIN.

Methods
Data collection

This is a prospective study of the evaluation techniques of ED overcrowding applied on the case study
of the Emergency Department of “San Giovanni di Dio
e Ruggi d’Aragona” University Hospital. The NEDOCS
and the EDWIN indexes have been calculated every

Page 3 of 11

hour for a month period from February 9th to March
9th, 2020 and for a month period from March 10th
to April 9th, 2020. The choice of the period is strictly
related to the date of the establishment of the lockdown in Italy due to the spread of Coronavirus; in fact
on 9 March 2020 the Italian government issued the first
decree regarding the urgent provisions for upgrading of
the National Health Service in relation to the COVID19 emergency [39]. For this reason, in order to better
understand the trend of the phenomenon that involved
the ED departments we choose to study overcrowding
indexes during a month before and a month after the
start of the pandemic emergency in Italy.
All values for the EDWIN and NEDOCS models have
been calculated using data available for download form
the hospital’s triage system database in order to not
involve any patient contact.
The EDWIN model

The
EDWIN
index
(Emergency
Work Index) is defined as [35]

Department

ni ∗ ti
Na ∗ (BT − BA )
i

where ni is the number of patients in the emergency
room in the i-th triage category, ti is the triage category
(scale of 1 to 4, where 4 is the gravest), Na is the number
of physicians on duty, BT is the number of treatment beds
and BA is the number of patients in the ED.
In this study has been assigned a number to the
patients in the ED based on the corresponding category
of triage; ti is 1 for patients with the white code, 2 for
patients with the green code, 3 for patients with the
yellow code and 4 for patients with the red code. The
number of treatment beds located in the ED is 25 while
the number of attending doctors is 3.
The number of patients for each triage category
for each day of the period considered for the study is
shown in Tables 1 and 2.
Already from a preliminary analysis of the data relating to the numbers of patients for each triage category,
it is possible to see a noticeable difference in turnout
between the two periods under consideration; access
to the ED for mild symptoms (green category of triage) decreased from a medium of 194,43 patients per
day to a medium of 57,13 patients per day, which means
a 70,61% reduction. Using the EDWIN and NEDOCS
overcrowding indexes, the expected result must be consistent with the data presented so far, showing values
that will drastically decrease during the second period
of time considered in our study.
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Table 1 Number of patients for triage category from February 9th to March 9th, 2020
Data

#patients in white category of
triage

#patients in green category of
triage

#patients in yellow category of
triage

#patients in
red category of
triage

09/02

7

208

51

3

10/02

16

234

75

2

11/02

6

225

49

6

12/02

18

258

56

6

13/02

11

251

70

5

14/02

16

219

61

3

15/02

20

292

68

4

16/02

9

237

61

1

17/02

24

291

64

5

18/02

13

267

70

5

19/02

4

284

64

12

20/02

2

242

72

3

21/02

1

241

69

6

22/02

13

216

47

4

23/02

2

179

38

4

24/02

7

21

48

2

25/02

8

174

47

1

26/02

12

163

56

4

27/02

7

172

52

2

28/02

12

170

46

3

29/02

5

207

42

7

01/03

4

170

48

8

02/03

17

207

52

2

03/03

10

155

48

3

04/03

3

168

51

3

05/03

9

135

31

4

06/03

5

147

50

5

07/03

10

110

39

1

08/03

7

85

22

2

09/03

3

105

35

3

The NEDOCS model

The NEDOCS index (National ED Overcrowding Study
Index) compiled by Weiss et al. [40] in 2004 is defined as
(
)
)
Brdg
TP
+ 13.4 ∗ (Vent)
+ 600 ∗
EDBds
HBds
(
)
+ 0.93 ∗ LongAdmt + 5.64 ∗ (LBT )

−20 + 85.8 ∗

(

where the variables are as follows:

• TP: Total number of patients present in the emergency room
• ED Bds: Total number of beds in the ED
• Brdg: Total number of patients waiting for treatment
• H Bds: Number of accredited hospital beds
• Vent: The number of patients undergoing respiratory
care

• Long Admt: Longest wait time (in hours) for
patients awaiting treatment
• LBT: Waiting time of the last patient called from
the waiting room (door-to-bed)
The number of accredited beds of “San Giovanni di
Dio e Ruggi d’Aragona" University Hospital of Salerno
is 642, while the total number of beds in the ED is 25.
The analysis of other parameters has been carried out
day by day, hour by hour.
Pearson correlation coefficient
The Pearson correlation coefficient is a measure of the
linear dependence between two random variables (realvalued vectors). Historically, it is the first formal measure
of correlation and it is still one of the most widely used
measure of relationship. The Pearson correlation coefficient of two variables x and y is formally defined as the
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Table 2 Number of patients for triage category from March 10th to April 9th, 2020
Data

#patients in white category of
triage

#patients in green category of
triage

#patients in yellow category of
triage

#patients in
red category of
triage

10/03

5

83

33

4

11/03

4

84

38

1

12/03

2

92

36

1

13/03

5

66

39

3

14/03

6

81

29

0

15/03

1

40

26

2

16/03

4

56

30

4

17/03

7

62

23

1

18/03

3

66

20

4

19/03

1

63

23

2

20/03

2

68

22

6

21/03

0

49

23

2

22/03

2

47

33

5

23/03

6

55

21

3

24/03

1

56

22

5

25/03

3

54

21

2

26/03

1

47

32

4

27/03

3

54

23

6

28/03

3

53

23

3

29/03

2

32

23

5

30/03

3

49

24

4

31/03

2

43

29

1

01/04

0

47

27

1

02/04

9

45

21

2

03/04

3

59

29

2

04/04

4

52

25

0

05/04

0

45

27

0

06/04

4

63

25

6

07/04

1

44

26

5

08/04

7

60

24

6

09/04

3

56

32

5

covariance of the two variables divided by the product of
their standard deviations (which acts as a normalization
factor) and it can be equivalently defined by [41]:



yi − y
(xi − x)
 
r = 
2

yi − y
(xi − x)2


where
x = n1 N
i=1 xi denotes the mean of x and
1 N
y = n i=1 yi denotes the mean of y.
The coefficient rxy ranges from − 1 to 1 and it is invariant to linear transformations of either variables. The PCC
gives an indication on the strength of the linear relationship between the two random variables x and y. The sign
of the correlation coefficient is positive if the variables are
directly related and negative if they are inversely related.

If rxy = 0, then x and y are said to be uncorrelated. The
closer the value of |rxy| is to 1, the stronger the measures closeness to a linear relationship. This is because the
association measure reflects the tendency of changes for
each pair of corresponding expression levels in the two
profiles. The Pearson correlation coefficient measures the
similarity of the changes in the expression levels of two
profiles. Specifically it measures the strength of the linear
relationship between two profiles [42].

Results
The values of the EDWIN index obtained after the analysis of the data available from February 9th to March 9th
are displayed in Fig. 1, reporting different colours for each
of the 30 days of the considered period. In order to better
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interpret the scatter plot obtained, it is necessary to take
into account that an EDWIN score less than 1,5 represents an operational but manageable ED, an EDWIN score
between 1,5 and 2 represents a busy ED, and an EDWIN
value more than 2 represents an overcrowded ED.
The values of the EDWIN index obtained after the
analysis of the data available from March 10th to April
9th are displayed in Fig. 2, reporting different colours for
each of the 31 days of the considered period.
The values of the NEDOCS index are given in Fig. 3 and
Fig. 4 for the two considered periods, respectively, with
distinct colours for each day, as with the EDWIN index.
In order to better interpret the scatter plot obtained, it is
necessary to take into account that values of the NEDOCS
index between 0 and 50 indicate a regular ED condition,
values between 50 and 101 suggest busy, values between
101 and 140 indicate overcrowding, values between 141
and 180 indicate extreme overcrowding, and values > 180
imply disaster.
Finally, the Pearson correlation coefficient has been
calculated considering as first variable the EDWIN
scores obtained hour per hour from 9th February to 9th
April, 2020 and as second variable the NEDOCS scores
obtained hour per hour from 9th February to 9th April,
2020. The result obtained is shown below:

Fig. 1 Edwin Index Values from February 9th to March 9th
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r = 0,317,531.

Discussion
In this work, an overcrowding measure was implemented extrapolating data from the management software of the "San Giovanni di Dio e Ruggi d’Aragona"
University Hospital of Salerno in order to evaluate the
effectiveness of EDWIN and NEDOCS indexes. The
present examination extended and enhanced a prior
study that has been presented at the BECB conference
in August 2021. Specifically, in this work we considered
a longer period of time, thus improving the accuracy of
the evaluation, and we conducted a more accurate analysis on the possible correlation between the two considered indexes, assessing which of them best reproduced
the actual condition of the Emergency Department in
the University Hospital [36].
It is possible to observe the scatter plots of EDWIN values obtained by the analysis of the ED data from February 9th to March 9th, 2020 in Fig. 1 and the ED data from
March 10th to April 9th, 2020 in Fig. 2. As expected, in
the second scatter plot the EDWIN index scale shrinks
dramatically, with the order of magnitude dropping
from 101 to 1
 0–1, from a maximum point between 16
and 18 (Fig. 1) to a maximum point between 0,6 and 0,7

Colella et al. BMC Emergency Medicine

(2022) 22:181

Page 7 of 11

Fig. 2 Edwin Index Values from March 10th to April 9th

Fig. 3 Nedocs Index Values from February 9th to March 9th

(Fig. 2). The evidence that can be demonstrated is that
the EDWIN index follows a trend consistent with the
situation of the first lockdown period in Italy, defined by

extreme limitations imposed by the central government
owing to the breakout of the Covid-19 epidemic. In particular, the Ministry of Health advised that in the event of
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Fig. 4 Nedocs Index Values from March 10th to April 9th

symptoms or doubts, people should stay at home rather
than going to the emergency department or doctor’s
offices; instead, they should call their own family doctor,
paediatrician, or doctor on phone [43]. Certainly, during the lockdown, telemedicine consultations were used
wherever feasible to prevent entrance to the emergency
department, save for clinical or therapeutic purposes.
Despite the fact that the EDWIN index scale has shrunk,
the 8:00–20:00 time frame remains the most congested,
with peak values between 8:00 and 12:00.
We would expect to see a similar trend for NEDOCS
index values as well observing the scatter plots of
NEDOCS values obtained by the analysis of the ED data
from February 9th to March 9th, 2020 in Fig. 3 and the
ED data from March 10th to April 9th, 2020 in Fig. 4.; on
the contrary, in NEDOCS index charts it isn’t possible to
observe the same contraction of the order of magnitude.
This phenomenon can be associated with the fact that
it is calculated using different parameters than EDWIN
index. The order of magnitude of index value doesn’t
show a severe contraction, hovering around 1
 02.
Also as regards the analysis of overcrowding by time
bands, it is not possible to clearly distinguish the most
crowded times from the scatter plots in Fig. 3 and Fig. 4,
except for peaks between 08:00 and 12:00 and between
17:00 and 22:00 during the period from March 10th to
April 9th. Thanks to the ability of the EDWIN index to
reproduce the real context that occurred in hospitals during the period considered, our study is an effective tool

to measure the situation in the Emergency Department
before and after the Covid period, representing a novelty
compared to previous studies. In addition, the ability of
this index to predict the status of overcrowding could
be used as a support to detect those time periods most
touched by crowding and then distribute the necessary
medical resources appropriately. Moreover, unlike previous studies, our analysis recorded the state of the ED
considering separately for each day the situation in intervals of one hour over a period of two months, increasing
the sensitivity of the forecast.
Another result obtained by this study regards the
correlation analysis carried out between EDWIN and
NEDOCS indexes. As shown in paragraph 3, the value
of the correlation coefficient is 0,317: the positive sign
means that the variables are directly related but the value
of the Pearson coefficient suggests that measures are far
from having a linear relationship between each other.
This means that, in the same overcrowded circumstance,
they could assume different values 
that do not fully
reflect the real observed situation.
Overcrowding in the ED has become an increasingly
significant public health problem produced by several
factors both internal and external to the hospital facility. Insufficient beds, staff lack are just a few examples of internal deficiencies that could generate this
issue [44]. In addition to these as anticipated, external
causes such as increasing patient volume or complexity of cases treated, contribute [35]. This is the situation

Colella et al. BMC Emergency Medicine

(2022) 22:181

that had to be dealt with in the COVID-19 era where
all resources were focused on the treatment of this new
disease causing severe effects on the population. Its
spread, however, especially in the early months, was not
uniform. In some places, there was no overflow but on
the contrary, a massive decrease was observed, reaching
up to -50% of the admission rate [45]. Kurt et al. [46]
in their study highlight and analyze this reduction predicting, in addition, a more critical situation in the near
future due to patients with worse prognoses. The fear of
contagion, the obligation to limit movements and the
blocking of activities in elections have led patients to
tolerate slight symptoms that could cause some potentially fatal conditions to be missed in a timely manner,
forcing them to present to emergency services with a
worse prognosis. Similar studies have also been conducted in Italy, the reference country for this study,
demonstrating the danger of this phenomenon [47].
In addition to this, the reduction in accesses could be
attributable to a reduction in other seasonal infections
due to self-isolation or to a more appropriate use of the
ED, limiting accesses for non-relevant pathologies [48].
In fact, for many patients, the emergency department is
the place to do several tests together, free of charge and
without waiting lists [49].
Now that the most critical situation seems to be over, it
is good to analyze what happened in order to learn a lesson. The hospital under our study was not affected in the
first months under analysis by a COVID-19 patient flow
and, therefore, offers important insights in this area.
In our work, in fact, it addresses the issue of the impact
of COVID-19 on ED accesses not by basing it on a simple statistical analysis, but by validating it through a validated methodology well known in the literature as that of
indices. Indices, in fact, serve to quantitatively describe a
perception of overcrowding by converting a set of data,
organizational and clinical, into a single objective and
directly comparable number [50]. To this, we add the
comparison of two different methodologies (EDWIN
and NEDOCS) by concluding with a correlation study
between the two results, which is still a poorly covered
topic in the literature [51]. The choice of this time interval is due to a desire to understand how this phenomenon changed as soon as the nation and especially the
government became aware of an uncontrolled spread of
the virus and put in place significant corrective measures,
such as lockdown.
From this study, appropriately integrated with the clinical variables of the patients treated, there will be a significant clinical and especially organizational impact.
Indeed, it will be possible to put in place internal corrective measures affecting the organization of work or
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reorganizing staff and especially external ones by improving the health education of users to avoid inappropriate
access, as well as an expansion of the prehospital role
of primary care and better access to alternative health
services.
However, our work is not without limitations. In fact, it
is a single-center study that does not allow generalization
of the results obtained, based on a limited observation
time without including clinical data of treated patients
that could offer important discussion points of the phenomenon analyzed.

Conclusions
The research presented in this study contributes to a better understanding of congestion and the current status of
the emergency department. The findings reveal that the
two scales, the EDWIN and the NEDOCS, have different outcome variables of ED overcrowding. In particular,
knowing a priori the condition of Emergency Departments in Italy during the periods under study, we can
better evaluate the capacity of EDWIN and NEDOCS
indexes to forecast ED’s overcrowding condition. This
strategy might be used to identify times of day when the
ED is particularly busy and hence deploy the required
healthcare resources. Future development of this study
could foresee the enlargement of the sample of data to
be analyzed in order to make the results more and more
accurate; in fact one of the limitations of this study could
be the limited period of time considered for data analysis. Besides, it could be interesting comparing the results
of the data analysis from dataset belonging to different
hospital structures in order to understand the dynamics
that led to crowding peaks. From our study, however, we
can affirm that EDWIN score represents a more coherent solution to represent ED overcrowding; therefore
with respect to the parameters taken into consideration
in the evaluation of the NEDOCS score, the number of
patients in the emergency room per triage category, the
number of physicians on duty, the number of treatment
beds and the number of patients in the ED represent the
most significant parameter to take into account. Besides,
the results obtained by the correlation analysis between
EDWIN and NEDOCS scales suggest that there is not a
sufficiently significant degree of dependence between
them. In conclusion, we can confirm that EDWIN scale
demonstrate good discrimination for foreseeing ED
overcrowding, which proves the validity of this index as
methodologies for overcrowding measurement. This type
of approach could represent a mean for the management
of the hospital thanks to which to organize resources and
foresee any critical situations on the basis of previous
knowledge.

Colella et al. BMC Emergency Medicine

(2022) 22:181

Abbreviations
ED: Emergency Department; ACEP: American College of Emergency Physicians; DH: Department of Health; LOS: Length Of Stay; EDWIN: Emergency
Department Work Index; READI: Real-time Emergency Analysis of Demand
Indicators; NEDOCS: National ED Overcrowding Study Index; NEAT: National
Emergency Access Target; PCC: Pearson Correlation Coefficient.
Acknowledgements
Not applicable.
Authors’ contributions
GI conceptualized the paper, AB and MT provided content expertise, YC analyzed the patients’ data and was a major contributor in writing the manuscript,
DDL interpreted the analysis results, FA oversaw overall evolution of manuscript concept. All authors read and approved the final manuscript.
Funding
No funders supported this publication.
Availability of data and materials
The dataset generated and analyzed during the current study is not publicly
available due the hospital privacy policies. The hospital structure has given
availability to the use of anonymized data for scientific research purposes
but not for disclosure. Following a formal request, we obtained anonymized
data for research purposes. For this reason, the dataset is available from the
corresponding author.

Page 10 of 11

5.
6.
7.
8.

9.

10.
11.

12.

Declarations
Ethics approval and consent to participate
The authors declare that all methods were performed in accordance with the
Declaration of Helsinki. The institutional review board of “San Giovanni di Dio e
Ruggi d’Aragona” University Hospital has approved the study. The institutional
review board of “San Giovanni di Dio e Ruggi d’Aragona” University Hospital
waived informed consent because of the anonymous nature of study.
Consent for publication
Not applicable.

13.

14.

Competing interests
The authors declare that they have no competing interests.
Author details
1
Department of Electrical Engineering and Information Technologies,
University of Naples “Federico II”, Naples, Italy. 2 “San Giovanni Di Dio E Ruggi
d’Aragona” University Hospital, Salerno, Italy. 3 Department of Public Health,
University of Naples “Federico II”, Naples, Italy. 4 Interdepartmental center
for research in healthcare management and innovation in healthcare (CIRMIS),
University of Naples “Federico II”, Naples, Italy.

15.

Received: 28 February 2022 Accepted: 27 October 2022

16.
17.

References
1. Di Somma S, Paladino L, Vaughan L, Lalle I, Magrini L, Magnanti M. Overcrowding in emergency department: an international issue. Intern Emerg
Med. 2015;10(2):171–5. https://doi.org/10.1007/s11739-014-1154-8.
2. Gurol-Urganci, I., de Jongh, T., Vodopivec-Jamsek, V., Atun, R., Car, J.:
Mobile phone messaging reminders for attendance at healthcare
appointments. Cochrane Database Syst. Rev. CD007458 (2013). https://
doi.org/10.1002/14651858.CD007458.pub3
3. Amodio E, et al. Emergency department performances during overcrowding: the experience of the health protection agency of Brianza.
AIMS Public Health. 2018;5(3):217–24. https://doi.org/10.3934/publicheal
th.2018.3.217.
4. Shojaei E, Wong A, Rexachs D, Epelde F, Luque E. Investigating Impacts
of Telemedicine on Emergency Department Through Decreasing

18.

19.
20.
21.

Non-Urgent Patients in Spain. IEEE Access. 2020;8:164238–45. https://doi.
org/10.1109/ACCESS.2020.3019667.
King DM, Vakkalanka JP, Junker C, Harland KK, Nugent AS. Emergency
Department Overcrowding Lowers Patient Satisfaction Scores. Acad
Emerg Med. 2021;28(3):363–6. https://doi.org/10.1111/acem.14046.
Bernstein SL, et al. The effect of emergency department crowding on
clinically oriented outcomes. Acad Emerg Med Off J Soc Acad Emerg
Med. 2009;16(1):1–10. https://doi.org/10.1111/j.1553-2712.2008.00295.x.
Improta G, et al. Lean thinking to improve emergency department throughput at AORN Cardarelli hospital. BMC Health Serv Res.
2018;18(1):914. https://doi.org/10.1186/s12913-018-3654-0.
Ponsiglione, A. M., Romano, M., & Amato, F. (2021, September). A
finite-state machine approach to study patients dropout from medical
examinations. In 2021 IEEE 6th International Forum on Research and
Technology for Society and Industry (RTSI) (pp. 289–294). IEEE.
Strada A, Bravi F, Valpiani G, Bentivegna R, Carradori T. Do health care
professionals’ perceptions help to measure the degree of overcrowding in the emergency department? A pilot study in an Italian University
hospital. BMC Emerg Med. 2019;19(1):47. https://doi.org/10.1186/
s12873-019-0259-9.
Ponsiglione AM, Amato F, Romano M. Multiparametric Investigation of
Dynamics in Fetal Heart Rate Signals. Bioengineering. 2022;9(1):8.
G. Improta et al., ‘Evaluation of Medical Training Courses Satisfaction:
Qualitative Analysis and Analytic Hierarchy Process’, in 8th European
Medical and Biological Engineering Conference, Cham, 2021, pp.
518–526. doi: https://doi.org/10.1007/978-3-030-64610-3_59.
Cesarelli G, Montella E, Scala A, Raiola E, Triassi M, Improta G. DMAIC
Approach for the Reduction of Healthcare-Associated Infections in the
Neonatal Intensive Care Unit of the University Hospital of Naples ‘Federico II’. In: Jarm, T., Cvetkoska, A., Mahnič-Kalamiza, S., Miklavcic, D. (eds)
8th European Medical and Biological Engineering Conference. EMBEC
2020. IFMBE Proceedings, vol 80. Springer, Cham; 2021. https://doi.org/10.
1007/978-3-030-64610-3_48.
Improta G, Converso G, Murino T, Gallo M, Perrone A, Romano M. Analytic
Hierarchy Process (AHP) in dynamic configuration as a tool for Health
Technology Assessment (HTA): the case of biosensing optoelectronics in
Oncology. Int J Info Technol Decis Making (IJITDM). 2019;18(05):1533–50.
Arianna Scala, Ilaria Loperto, Rosa Carrano, Stefano Federico, Maria
Triassi, and Giovanni Improta. 2021. Assessment of proteinuria level in
nephrology patients using a machine learning approach. In 2021 5th
International Conference on Medical and Health Informatics (ICMHI
2021). Association for Computing Machinery, New York, NY, USA, 13–16.
DOI:https://doi.org/10.1145/3472813.3472816
Teresa Angela Trunfio, Arianna Scala, Anna Borrelli, Michele Sparano,
Maria Triassi, and Giovanni Improta. 2021. Application of the Lean Six
Sigma approach to the study of the LOS of patients who undergo
laparoscopic cholecystectomy at the San Giovanni di Dio and Ruggi
d’Aragona University Hospital. In 2021 5th International Conference on
Medical and Health Informatics (ICMHI 2021). Association for Computing
Machinery, New York, NY, USA, 50–54. DOI:https://doi.org/10.1145/34728
13.3472823
Yazdi M, Zandieh M, Haleh H. A Mathematical Model for Scheduling Elective Surgeries for Minimizing the Waiting Times in Emergency Surgeries.
Int J Eng. 2020;33(3):448–58. https://doi.org/10.5829/ije.2020.33.03c.09.
Munavalli JR, Rao SV, Srinivasan A, van Merode G. Integral patient scheduling in outpatient clinics under demand uncertainty to minimize patient
waiting times. Health Informatics J. 2020;26(1):435–48. https://doi.org/10.
1177/1460458219832044.
Cocchi D, et al. Improving patient waiting time of centralized front office
service in a regional hub hospital using the discrete event simulation
model. Technol Health Care. 2020;28(5):487–94. https://doi.org/10.3233/
THC-191813.
Ponsiglione AM, Cosentino C, Cesarelli G, Amato F, Romano M. A Comprehensive Review of Techniques for Processing and Analyzing Fetal Heart
Rate Signals. Sensors. 2021;21:6136. https://doi.org/10.3390/s21186136.
Cesarelli M, Romano M, Bifulco P, Improta G, D’Addio G. An application
of symbolic dynamics for FHRV assessment. Stud Health Technol Inform.
2012;180:123–7.
G. Improta et al., ‘Agile six sigma in healthcare: Case study at santobono
pediatric hospital’, Int. J. Environ. Res. Public. Health, vol. 17, no. 3, 2020,
doi: https://doi.org/10.3390/ijerph17031052.

Colella et al. BMC Emergency Medicine

(2022) 22:181

22. A. Harper and N. Mustafee, ‘A Hybrid Modelling Approach Using Forecasting and Real-Time Simulation to Prevent Emergency Department
Overcrowding’, in 2019 Winter Simulation Conference (WSC), Dec. 2019,
pp. 1208–1219. doi: https://doi.org/10.1109/WSC40007.2019.9004862.
23. R. R. Thapa, M. Bhuiyan, A. Krishna, and P. W. C. Prasad, ‘Application of RFID
Technology to Reduce Overcrowding in Hospital Emergency Departments’, in Advances in Information Systems Development, Cham, 2018,
pp. 17–32. doi: https://doi.org/10.1007/978-3-319-74817-7_2.
24. Hussein NA, Abdelmaguid TF, Tawfik BS, Ahmed NGS. Mitigating overcrowding in emergency departments using Six Sigma and simulation: A
case study in Egypt. Oper Res Health Care. 2017;15:1–12. https://doi.org/
10.1016/j.orhc.2017.06.003.
25. Improta G, Romano M, Di Cicco MV, Ferraro A, Borrelli A, Verdoliva C,
Triassi M, Cesarelli M. Lean thinking to improve emergency department throughput at AORN Cardarelli hospital. BMC Health Serv Res.
2018;18(1):914. https://doi.org/10.1186/s12913-018-3654-0.PMID:30509
286;PMCID:PMC6276250.
26. Converso G., Improta G., Mignano M., Santillo L.C.,"A simulation approach
for agile production logic implementation in a hospital emergency unit",
"Communications in Computer and Information Science","532","623","634",,
"https://doi.org/10.1007/978-3-319-22689-7_48".
27. Department of Health.The NHS Plan: A plan for investment. A plan for
reform.HMSO; 2000. Available online from: https://www.bsuh.nhs.uk/libra
ry/wp-content/uploads/sites/8/2020/09/The-NHS-plan-2000.pdf.
28. Edhouse JA, Wardrope J. Do the national performance tables really indicate the performance of accident and emergency departments? J Accid
Emerg Med. 1996;13:123–6.
29. Department of Health. The patient’s charter hospital and ambulance
services comparative performance guide. London: Central Office of
Information; 1994.
30. Jones P, Schimanski K. The four hour target to reduce emergency department “waiting time”: a systematic review of clinical outcomes. Emerg
Med Australas. 2010;22:391–8.
31. Hughes G. Four hour target for EDs: the UK experience. Emerg Med
Australas. 2010;22:368–73.
32. Bernstein SL, Verghese V, Leung W, Lunney AT, Perez I. Development and
validation of a new index to measure emergency department crowding.
Acad Emerg Med. 2003;10:938–42.
33. Reeder TJ, Garrison HG. When the safety net is unsafe: real-time assessment of the overcrowded emergency department. Acad Emerg Med.
2001;8(11):1070–4.
34. Baggoley C, Owler B, Grigg M, Wellington H, Monaghan M, Hartley-Jones
J. Expert panel review of elective surgery and emergency access targets
under the national partnership agreement on improving public hospital
services. Report to the Council of Australian Governments, 30; 2011.
35. Tekwani KL, Kerem Y, Mistry CD, Sayger BM, Kulstad EB. Emergency
department crowding is associated with reduced satisfaction scores in
patients discharged from the emergency department. West J Emerg
Med. 2013;14:11–5.
36. Todisco C. Overcrowding and clinical risk in emergency departments. A
model for the reduction in NEDOCS: preliminary results. Acta Biomed.
2015;86:170–5.
37. Weiss SJ, Ernst AA, Nick TG. Comparison of the national emergency
department overcrowding scale and the emergency department work
index for quantifying emergency department crowding. Acad Emerg
Med. 2006;13:513–8.
38. Improta G, Colella Y, Vecchia AD, Borrelli A, Russo G, Triassi M. Overcrowding in emergency department: a comparison between indexes. In 2021
International Symposium on Biomedical Engineering and Computational
Biology (BECB 2021). Assoc Comput Machinery NY, USA, Artic. 2021;35:1–
4. https://doi.org/10.1145/3502060.3503643.
39. Prime Minister’s Decree (March 9, 2020) (GU n.59 del March 8, 2020).
Available online from: https://www.ic4pestalozzi.edu.it/wp-content/
uploads/2020/03/DPCM-8-marzo-2020.pdf.
40. S. J. Weiss et al., ‘Estimating the Degree of Emergency Department
Overcrowding in Academic Medical Centers: Results of the National ED
Overcrowding Study (NEDOCS)’, Acad. Emerg. Med., vol. 11, no. 1, pp.
38–50, Jan. 2004, doi: https://doi.org/10.1197/j.aem.2003.07.017.
41. Rodgers SJL, Nicewander WA. Thirteen ways to look at the correlation
coefficient. Am Stat. 1988;42:59–66.

Page 11 of 11

42. Haomiao Zhou, Zhihong Deng, Yuanqing Xia and Mengyin Fu, “A new
sampling method in particle filter based on Pearson correlation coefficient”, Neurocomputing, http://dx.doi.org/https://doi.org/10.1016/j.
neucom.2016.07.036
43. Ministero della Salute - Direzione Generale della Prevenzione Sanitaria,
‘Circolare n. 7942 - Indicazioni ad interim per un utilizzo razionale delle
protezioni per infezione da SARS-CoV-2 nelle attività sanitarie e sociosanitarie (assistenza a soggetti affetti da COVID-19) nell’attuale scenario
emergenziale SARS-COV-2’. Mar. 27, 2020. Accessed: Jun. 30, 2021.
[Online]. Available: https://www.certifico.com/component/attachments/
download/17627
44. Santos E, et al. “The effects of emergency department overcrowding on
admitted patient outcomes: a systematic review protocol.” JBI Evidence
Synthesis. 2016;14(5):96–102.
45. Bouillon-Minois JB, Raconnat J, Clinchamps M, Schmidt J, Dutheil F. Emergency Department and Overcrowding During COVID-19 Outbreak; a Letter to Editor. Archives of academic emergency medicine. 2021;9(1):e28.
https://doi.org/10.22037/aaem.v9i1.1167.
46. Nazli GK, Celal G. "How has Covid‐19 pandemic affected crowded emergency services? Int J Clin Pract. 2020;74(12):e13624.
47. Pellegrini M, Roda M, Lupardi E, Di Geronimo N, Giannaccare G, Schiavi
C. The impact of COVID-19 pandemic on ophthalmological emergency
department visits. Acta ophthalmologica. 2020;98(8):e1058–e1059.
https://doi.org/10.1111/aos.14489.
48. Andrea S, et al. “Changing admission patterns in paediatric emergency departments during the COVID-19 pandemic.” Arch Dis Child.
2020;105(7):704–6.
49. Davide P, et al. “A COVID-19 outbreak’s lesson: Best use of the paediatric
emergency department.” Acta Paediatr. 2020;109(9):1903–4.
50. Kamini R, et al. “National Emergency Department Overcrowding Study
tool is not useful in an Australian emergency department.” Emerg Med
Australas. 2006;18(3):282–8.
51. Giovanni I, et al. “A case study to investigate the impact of overcrowding
indices in emergency departments.” BMC Emerg Med. 2022;22(1):1–9.

Publisher’s Note

Springer Nature remains neutral with regard to jurisdictional claims in published maps and institutional affiliations.

Ready to submit your research ? Choose BMC and benefit from:

• fast, convenient online submission
• thorough peer review by experienced researchers in your field
• rapid publication on acceptance
• support for research data, including large and complex data types
• gold Open Access which fosters wider collaboration and increased citations
• maximum visibility for your research: over 100M website views per year
At BMC, research is always in progress.
Learn more biomedcentral.com/submissions

