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The article presents a new simplified model for measuring the resilience of a hospital Emergency Department during a seismic event.
The waiting time is used as performance parameter which is first evaluated using a discrete event simulation model of the Emergency
Department. Then, a metamodel has been developed from the results of the discrete event simulation model for different emergency
codes considering the amplitude of the seismic input and the number of resources available right after the seismic event. Results show
that when an earthquake occurs, generating a seismic wave of injured patients going to the Emergency Department, the maximum
waiting time is approximately |3 h when an emergency plan is not applied. Instead, if the emergency rooms are not functional, due to
earthquake damages, the waiting time increases dramatically and the Emergency Department is no more able to provide a proper ser-
vice to the incoming patients. The proposed Emergency Department model can be used not only to evaluate the performance of
existing hospitals during an emergency, but also to design the proper size of a new Emergency Department in a region.

Keywords

hospital resilience, metamodel, emergency department, discrete event model, health care facility

Introduction

Healthcare facilities are classified as strategic buildings
because during extreme events they play a key role in
the rescue operations and especially the Emergency
Department (ED) that needs to provide immediate
assistance to injuries. Even if the EDs are properly
organized, a modification of the external environment
due to a natural disaster can vary the patients’ arrival
rates and lead to a change in their performance that
could end up in a poor service for all the patients
(Davis et al., 2005). The “patients’ satisfaction” can be
measured using different parameters. Among them, the
most representative parameter is the waiting time (WT)
(Hamby and Fraser, 2004), which can also give an idea
of how busy a hospital is, but it has been also recently
used to measure the response and the capacity of a hos-
pital during an emergency (Cimellaro et al., 2011). In
this case, the performance of the ED is simulated using
a discrete event simulation (DES) model which is a flex-
ible and reliable tool usually adopted by healthcare
decision-makers and managers to allocate and optimize
the hospital resources. However, when an entire region
and its hospital network need to be analyzed, the DES
models become more complicated to use and time-con-
suming; therefore, in this article, it is described how to
derive, from a complex simulation model, a simplified
model called metamodel with a reduced number of

parameters. Limitations apply, because the metamodel
can be used under certain boundary conditions, but the
advantage is that it can be implemented using a spread-
sheet calculation (e.g. in excel) and it can be used by
decision-makers who have to do quick, but reliable
choices during an emergency. The proposed model can
also be used in practice for prioritizing limited resources
during emergency trying to reduce the WT (Luo and
Liu, 2012). In the future, the idea is to extend the hospi-
tal model in an urban network while including also the
travel time of patients arriving at the hospital (Bhaskar
et al., 2011; Zeng and Zhang, 2013).

State-of-art

Several studies of healthcare systems have been pub-
lished recently, and they are mainly focusing on patient
routings and flow processes which are determinant to
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reduce the patient WT in the hospital (Hamby and
Fraser, 2004). Different indicators have been used to
measure the hospital performance (DesHarnais et al.,
1988, 1990). Mainly numerical models are used,
because their use is cheaper, faster, and less disruptive
than manipulating the real-world system (Boxerman,
1996). In particular, DES has been widely used for
modeling healthcare systems since the 1970s. Martin
et al. (2003) studied the elder patients’ admission into a
Geriatric Department and different scenarios to reduce
the WT. Van der Meer et al. (2005) analyzed a case
study with the goal of reducing elective patients’ WTs
for the Department of Orthopedics. Only for a single
specialty, they found that DES models are a good com-
munication tool between hospital administrators and
modelers. However, attempts to model entire hospitals
are rare, because of the difficulty to represent the com-
plexity of the hospital activities within a simulation
model that must be simple (Pidd, 2003). Simplifying
complex systems using proper assumptions is difficult;
therefore, often only parts of the hospital are modeled
(e.g. departments, clinics, etc.). Among them, the ED is
a self-contained system with ecasily observable pro-
cesses, so it is often modeled using DES models. For
example, McGuire (1994) and Samaha et al. (2003) dis-
cussed the use of DES models to compare different
alternative methods to reduce the hospitalization of
patients.Takakuwa and Hiroko (2004) constructed a
simulation model of the ED to observe the patients’
flow and WTs. The reduction of patients’ WT was
made also by analyzing different “what-if” scenarios
(Komashie and Mousavi, 2005). Davies (2007) devel-
oped a computer simulation in which the triage process
was eliminated and a simplified service was obtained
by eliminating queues between patients, which gener-
ally causes an increase in the WT.

Recently, Cimellaro et al. (2010) have developed a
metamodel to study the performance of an ED follow-
ing an earthquake. With respect to the 2011 model, the
proposed one is able to distinguish between different
codes (red, yellow, green, etc.), including also the inten-
sity of the seismic input in the analytical model as addi-
tional parameter. Therefore, the proposed metamodel
has a quadratic shape and not anymore the double
exponential form presented in 2011. These improve-
ments of the model have been possible due to the large
availability of patient’s data provided by a hospital
located in downtown in Turin which has been used as
case study in this example.

A new methodology for evaluating
resilience of healthcare facilities

The term resilience is defined as the capacity of engi-
neering and socio-economic systems to rebound after a

Table |. Percentage of patients arriving to the Emergency
Department in both normal and emergency operating
conditions.

Color code Normal Emergency Number
scenario (%) scenario (%) of patients

Red 0.56 3.70 21

Yellow 16.78 40.10 271

Green 71.19 48.48 224

White 11.47 7.8l 43

severe disaster such as an earthquake (Cimellaro
et al., 2010). A general resilience framework must
consider both technical and organizational dimen-
sions, which are interdependent (Cimellaro et al.,
2014) each other. In literature, the concept of resili-
ence has been applied both in the short-term period,
for example, during hospitals’ emergency, and in the
long-term period, for example, during the reconstruc-
tion phase (Nejat and Damnjanovic, 2012). In this
article, the organizational dimension of resilience R
for an ED is evaluated using the following definition
(Cimellaro et al., 2010).

tor + Tic

_ o)
R= J Tycdt (1)

toE

where T ¢ is the control time of the system and 7o is
the time of occurrence of event E. The functionality O
of the ED is dependent on the patient WT, so the fol-
lowing definition is proposed.

WT(n,a)
max (WT(n = n — 1, )

where n is the number of emergency room (ER); n,,, is
the total number of ERs inside the ED; « is the amplifi-
cation factor of the patient arrival rate; ¢ is the given
instant of time. The WT is evaluated for different color
codes (red, yellow, green, and white) and is then com-
bined together using weight factors p which are propor-
tional to the distribution of the different codes during
the emergency (e.g. Table 1), so the final expression is
given by

WT = p, - WTy + pg - WTy + p, - WT, + p,- WT, (3)

where p,,, p,, p,, and p, are the weight factors of the
white, green, yellow, and red code, respectively. For
simplicity in equation (3), the dependency of the WT
on time ¢, n, and « has been removed. Finally, the WT
according to the different color codes has been defined
as follows
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Figure I. (a) Emergency Department of the hospital located in Turin and (b) plan view with the location of the ED within the

hospital.

WTa(a)
max (WT,(a = 1))) )

WT(t,n, o) = WT,,(n)(

where WT, and WT, are the metamodels of the WT
given later in the article, respectively, in equations (5)
and (10).

DES model

Hospitals are complex dynamic systems where the
organizational dimension is interdependent with the
physical dimension at different levels. These interde-
pendencies are more evident after extreme events like
earthquakes when there is an increase in the patient
flow and parts of the hospital might not be functional
due to structural and non-structural damage, generat-
ing an interaction between the performance limit states
of the different components (Cimellaro and Reinhorn,
2011). In these cases, typical performance indicators
(e.g. the quality of treatment, the value of treatment,
the WT, the patient expectation on emergency admis-
sion, etc.) might be difficult to measure and they might
generate error in the evaluation of the system response.
Several models are available in the literature to charac-
terize these complex hospital operations that are sum-
marized in a Multidisciplinary Center for Earthquake
Engineering Research (MCEER) report (Cimellaro
et al., 2009). Among all, the DES models are valuable
tools for modeling the dynamic operation of complex
systems, such as a hospital during an emergency situa-
tion. In particular, the use of DES models in combina-
tion with other models is becoming a common practice
in several fields where new hybrid frameworks and
architectures are presented (Alvanchi et al., 2011).

In this article, the DES model of an ED located
in Turin, Italy has been developed to show the
implementation issues of the proposed approach. The
hospital has been selected due to the large availability
of patient’s data which has allowed developing a
refined analytical model of the ED. The hospital is
located in downtown and contains 17 units in total
(Figure 1).

It was built in 1881, but several buildings were
added during the twentieth century and nowadays, it
covers an overall surface of 52,827 m>. In this study,
only the ED which is located in the building 17 has
been modeled (Figure 1). Similarly to all EDs, the
patients are divided in four color codes, according to
the type of injury, using a procedure called
“triage.” Red codes (emergency) are patients with at
least one of the vital functions compromised and their
life is at risk. Yellow codes (urgency) have a partial
impairment, but there is not an immediate risk for life.
Green codes (minor urgency) have injuries that do not
affect the vital functions while White codes (no
urgency) are all patients who do not really need to be
in the ED. Following this distinction, the ED itself is
then divided into three main areas. An emergency area
is located immediately in front, where the ambulance
stops and contains two rooms in which the red codes
are stabilized (Figure 2). In the parallel corridor, there
is yellow and green codes’ area, which contains five
ERs. White codes are observed in their own ER, dur-
ing the working hours; or they have to wait until yel-
low and green patients’ ERs are available. Inside the
ED, there are also recovery rooms in which the
patients can rest before being discharged or sent in
another part of the hospital (Figure 1).
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Figure 3. DES model of the Emergency Department, extract from ProModel software (Price, 1999).

A DES model has been developed to evaluate the
performance of the ED during the emergency, which is
shown in Figure 3. The model is implemented using a
commercial software called ProModel (Price, 1999)
and defining the parameters needed such as the
patients’ arrival rate, the paths through the ED, the
locations (rooms) where patients are treated, the pro-
cessing times, and the procedures that take place in

each location, as well as all the resources involved (e.g.
nurses, doctors, etc.).

The model has been analyzed using the patient arri-
val rate both in normal and emergency operating con-
ditions right after the seismic event. Several
assumptions have been made in the DES model to sim-
plify the analysis of the ED. The main assumption is
that the hospital structural and non-structural parts
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Figure 4. Probability of occurrence of patients’ arrival rates divided into weekdays and weekend for (a) red code patients and

(b) white code patients.

remain undamaged, so the difference between the nor-
mal operating conditions and the emergency operating
conditions is based on a higher patients’ arrival rate.
Moreover, it is assumed that even after an extreme
event, the organizational system remains the same, so
there is no emergency plan in the ED. This is an unrea-
listic assumption because usually during an emergency,
if there is an emergency plan, it is activated and the
configuration of the system changes, but this option is
not considered in this work. The current research
wants to focus on how the system could react to an
extreme event while remaining in normal operating
condition mode, without changing the initial proper-
ties of the simulated model. Another assumption is
that the patients are divided according to the code
from the beginning, while in reality the injury code is
determined once the patients have the first treatment
at “triage.” Moreover, the possibility to change the
injury code during the treatment in the ED is also
simulated; however, the code changes in the same
point for all the codes during the analysis.

Input data analysis

The input data needed to calibrate the numerical model
have been extracted by the hospital registers. They are
the patients’ arrival rate to the ED, the ED flow charts,
the procedures inside the different rooms, as well as the
personnel (known as resources) (Boginski et al., 2007)
needed for each action.

The patients who arrive to the ED have been
divided according to their code and their respective
arrival rates (Y1, 2005) have been determined. Figure 4
shows the arrival rate for two types of code, known as
the probability of having a fixed number of patients
arriving during the day, divided by the injury codes
and in weekdays and weekend.
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Figure 5. Patient daily arrival cycle.

The distribution of the patients’ arrivals in a day is
defined by the arrival cycle (Figure 5) which represents
the percentage of daily patients who arrive at a given
instant of the day.

The patients’ flow chart was determined both by
interviews with personnel and by hospital statistical
data. The different paths that a patient could follow
after entering in each room are determined. Then, it is
possible to determine the percentage of patients follow-
ing a certain path in the ED or that modify their emer-
gency code due to a progress or exasperation of their
injury, by analyzing the hospital statistics data. The
resources involved in each process as well as the time
table of the personnel are also used to extract the cali-
bration data. In summary, the resources employed and
simulated in the ED are seven doctors, nine nurses,
four assistants, and two health workers.
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Figure 6. Arrival rates for Northridge earthquake and arrival
rate scaled with respect to PGA and Modified Mercalli Intensity.

Patient arrival rate seismic input

The data used as input in the model is the patient arri-
val rate collected in a Californian hospital during 1994
Northridge earthquake. The pattern of the Northridge
arrival rate is given in the paper of Cimellaro et al.
(2011); however, the arrival rate in this article has been
scaled to adjust to an earthquake with a return period
of 2500 years, assuming a nominal life for a building
of strategic importance of 100 years according to the
Italian seismic standards (NTC-08, 2008). Therefore,
the patient arrival rate was first scaled using the peak
ground acceleration (PGA) corresponding to the loca-
tion of the Mauriziano hospital in Turin (Figure 6).
However, the scaling procedure based on the PGA has
some limitations, because it does not take into account
the population density and the urbanization level,
which represents an important index for the evaluation
of the effect of an earthquake and for the calculation
of the number of patients arriving in a hospital.
Therefore, a second scaling procedure based on the
Modified Mercalli Intensity (MMI) scale was selected,

mentioned above. In fact, the MMI scale ranges from
I (no felt) to XII (total destruction) and it is able to
quantify the direct effects of an earthquake in terms of
human lives and structural damage. Figure 6 shows
the plot of Northridge arrival rates in a 3-day window,
but opportunely scaled with respect to the ratio
between the PGA and the MMI values to obtain the
corresponding arrival rate in Turin. The patient arrival
rate of Northridge earthquake was selected, because it
is the only documented event (McArthur et al., 2000;
Peek-Asa et al., 1998; Stratton et al., 1996) where
patient arrival rate was collected. In fact, data collec-
tion during an emergency such as an earthquake is a
low priority activity, so it is very difficult to find real
data. Then, the seismic arrival rate was divided into
different color codes following a similar distribution
proposed by Yi (2005) shown in Table 1.

Simulation results of the DES model

The indicator that has been used to evaluate the
response of the ED is the WT which is the time the
patients wait before being treated. First, the model has
been run in normal operating conditions and has been
calibrated by comparing the real data given by the hos-
pital staff with the numerical results obtained by the
simulations (Figure 7).

After the calibration of the model, Monte Carlo
simulations were run by performing 13-day simulation
several times in order to collect enough data to
approach the problem statistically. The average WT is
plotted in Figure 8, for yellow, green, and white codes,
respectively, where it is shown that the WT increases
when the earthquake strikes and goes back to the ini-
tial value after 3 days of emergency period.

Metamodel

The DES model that has been built is a simplification
of the real-world system and gives an idea of how com-

because it takes into account all the features  plex the ED is. Although the DES models are valuable
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Figure 7. Comparison of real versus experimental simulated data for (a) yellow codes, (b) green codes, and (c) white codes.
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Figure 8. Waiting time for (a) yellow codes, (b) green codes, and (c) white codes, under seismic input.
tools for hospital modeling, they face many challenges.
First, they are time-consuming because they require 3500 ¢ ' ' ' ]
multiple analyses to have statistically acceptable 3000 - :;?
results. Furthermore, it is often necessary to model a E LA ——— n=2 ]
. . . . £ £ ° - ]
network of hospitals to perform simulation at regional 2500 ¢ ™, n=3
level, especially when the resilience of a region affected g 2000 F _.i \--.‘ ]
by an earthquake wants to be evaluated. In this case, it £ 1500 : ! \ ]
is necessary to run multiple analyses on multiple hospi- = F i '-\ ]
tals to estimate the network capacity, but the DES 1000 £ § % ]
models are computationally demanding. For these rea- s00 i % b
sons, there is a need to create a simpler model, called ; 39 ]
. . . . 0 L - n 1 n n o Aoty > X, e | bl
metamodel, whose purpose is s1mglat1ng the ‘ED using 0 5000 10000 15000 20000
a reduced number of variables which can be integrated fime (min)

with less effort into other decision support systems.

The parameters of the metamodel must be corre-
lated to the hospital characteristics, such as the number
of beds, the number of doctors, the efficiency of the
ERs, and so on. The current research is proposing a
metamodel which can distinguish between the various
color codes, improving previous existing models (Y1,
2005), which are based on a single type of patient for
the ED. The main output parameter is the WT. Several
scenarios have been considered which can be grouped
based on the amplitude of the seismic input and the
level of damage of the ED which is described by the
number of non-functional ERs. Finally, two equations
for the ED have been proposed which have been deter-
mined using curve fitting procedures.

Since there are no historical data of the ED under
emergency, a sensitivity analysis is used not only for
calibrating the simulations, but also for estimating the
aleatoric uncertainties of the variables in the model.
First, a sensitivity analysis has been performed by clos-
ing the ERs one by one (n), assuming that the struc-
tural damage in the ER makes them non-functional.
The increase in the WT for the yellow codes due to the
closure of n ERs is shown in Figure 9. Figure 9 shows
that by closing the ERs, the WT increases and in par-
ticular for n = 2 and n = 3, the WT curves are very
close. This behavior can be explained because one of
the ERs is open only some hours a day during

Figure 9. Waiting time of the yellow code in the DES model
for different damage states where n is the number of non-
functional emergency rooms.

weekdays and it is closed all day during the weekends,
so its presence does not affect the WT of the yellow
codes. After fitting different equations to the data
shown in Figure 9, the following equation has been
selected

1

T =
WT(tm) a(n) + b(n)t>5 + (c(n)/12) G)
with
(n) = : (6)
) T 44455522 — 3725.6162n
1
bin) = 7
) 9.5429351 X 10'! + 7.354141 X 10'%n @
1
c(n) = (8)

2.3885795 X 1075 + 3.0610773 X 10~°n

where WT,(t, n) is the WT in minutes, ¢ is the time in
minutes, and # is the number of non-functional ERs.
The comparison between the numerical results and the
analytical model is shown in Figure 10. By observing
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Figure 10. Experimental data versus equation (4) using the parameter c(n) in equations (8) and (9), for (a) n = 0, (b) n = I,

(c)n=2,and (d)n = 3.

Figure 10, the model in equation (5) using the para-
meter ¢(n) in equation (4) has a good fitting for all the
n values except for n = 3. As aforementioned (Figure
9), for the value of n = 2 and n = 3, the WT curves
for the experimental data are very similar. When fitting
the parameter c¢(n) in equation (8), a difference between
the experimental values and the analytical model is
observed which brings to overestimate the experimen-
tal values for n = 3. Therefore, another equation for
the parameter c(n) has been proposed in order to mini-
mize these discrepancies

9.1144666 + 1.5318346 X ™" )

The results of the model in equation (5) using the
parameter c¢(n) in equation (9) are also shown in Figure
10. The comparison of the W1T{(t, n) for both equations
shows that equation (9) fits better for » = 1 and
n = 2 although for n = 3 there are still some diver-
gences between the simulated values and the analytical
model.

c(n)=-e

Table 2. r* values of equation (10) for different earthquake
intensities.

Scaling factor «

0.9977
0.8384
0.8305
0.8524
0.8577
0.8840
0.9919

o hAhWPN—O

Sensitivity of the WT to the seismic input

The seismic input has also an impact on the patient
WT that needs to be analyzed in detail. The seismic
arrival rate has been amplified proportionally perform-
ing an incremental dynamic analysis (IDA) using the
seismic arrival rate given in Figure 6. The scaling fac-
tors adopted for the analysis are listed in Table 2.
Monte Carlo simulations have been performed and the
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Figure | 1. Experimental data versus analytical model for (a) « = 1.0, (b) a = 1.6, and (c, d) residual plots.

average WT for each scaling factor has been consid-
ered as target for the analytical model used to fit the
experimental results.

The proposed analytical model is the following

1

WT,(t, a) = 10
) = G+ e + gy Y
with
d(a) : (11)
o) =
(= 130662.61 /) + 354373.19 X & @
1
ela) = 12 12
(2.8903288 X 10™/a) — 7.8398432 X 10 X ¢~
(12)
fla) = £8:9580246 Ina + (10938463 /') (13)

Equation (10), with its 90% confidence interval
bound, and the residuals plots for the scale factors
a = 1.1and « 1.6 are shown in Figure 11. The r*
values of equation (10) for the different scaling factors

of the seismic input show good agreement with the
experimental data as shown in Table 2.

Finally, the analytical WT model given in equation
(10) is shown in Figure 12 for the different amplifica-
tion factors of the seismic input.

For all the different o values, the error between the
experimental data and the analytical model at the peak
value is given in Table 3.

The highest error at the peak is 20.55% obtained
for a 1.6, but in general the proposed metamodel
shows good agreement with the experimental results.

Simulation results of the metamodel

The metamodels proposed in the previous paragraph
are then combined using equation (4). The comparison
of the WT for different number of ERs closed and for
different intensity of the seismic input is shown in
Figure 13.

By applying equation (2), using the numerical result
of both the DES model and the metamodels provided



Table 3. Error between the experimental and analytical model
in equation (10) evaluated at the peak value.

Scale factor « Error (%)

17.27
4.60
17.68
8.48
0.8l
797

I
l.
l.
l.
l.
l.
K 0.55

U hAhWN—O

in the previous paragraph is possible to obtain the
functionality Q of the ED with different damage levels
that are shown in Figure 14.

By assuming a control period 77~ = 18,000 min, it
is possible to evaluate the different resilience R values
using equation (1). The resilience values are given in
Table 4, where it is shown a good agreement between
the experimental results of the DES model and the ana-
lytical metamodel with errors around 1%.
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Figure 12. Experimental data versus equation (10) for (a) @ = 1.0, (b) & = I.1, (c) @ = 1.4,and (d) @ = |.5.
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Figure 13. Patient waiting time for the yellow code assuming
different numbers of shut down emergency rooms and for
different patient arrival rates.

Concluding remarks

Strategic buildings such as hospitals have a critical role
in our society and this is the reason why they must
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Figure 14. Functionality of the Emergency Department: (a) experimental results using the DES model versus and (b) analytical

metamodel.

Table 4. Resilience evaluation for the experimental and the
analytical proposed models.

Number of operating Expt. (%) Analy. (%) Error (%)
rooms not functional

| 94.68 94.07 0.63

2 78.37 78.00 0.47

3 63.43 64.31 1.38
remain operational during catastrophic events.

Therefore, modeling the hospital from the organiza-
tional point of view is becoming essential. In literature,
several studies are beginning to include also the orga-
nizational dimension in their models and are identify-
ing the main parameters which should be used to
describe the hospital organizational performance. In
this article, the ED of an Italian Hospital has been
analyzed while its performance has been measured
using an indicator, the patient WT.

The ED has been modeled in detail using a DES
model, which contains all the resources (doctors,
nurses, etc.), locations (ER, waiting rooms, etc.),
patients, and so on. Finally, the model has been tested
using a seismic wave of patient arrival rates corre-
sponding to an earthquake of given intensity.
However, building a comprehensive model such as a
DES model is time-consuming; therefore, a simplified
model called metamodel has been developed which
takes into account the difference between the patient
emergency codes. Different scenarios have been con-
sidered which take into account the amplitude of the
seismic input and the number of resources available

right after the seismic event. Sensitivity of the WT ver-
sus the structural damage caused by the earthquake
and toward the amplitude of the seismic input has also
been investigated. Results show that when an earth-
quake corresponding to 2% probability of exceedance
in 50 year strikes, the average peak patient WT is
approximately 13 h. This result is based on the
assumption that the incoming patients increase; there
is no structural damage; and no application of the
emergency plan. Instead, if the assumption of struc-
tural damage is released, the average WT increases
exponentially by generating the disservice of the ED.
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