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a b s t r a c t
Long length of stay and overcrowding in emergency departments (EDs) are two common problems in the
healthcare industry. To decrease the average length of stay (ALOS) and tackle overcrowding, numerous
resources, including the number of doctors, nurses and receptionists need to be adjusted, while a number
of constraints are to be considered at the same time. In this study, an efﬁcient method based on agentbased simulation, machine learning and the genetic algorithm (GA) is presented to determine optimum
resource allocation in emergency departments. GA can effectively explore the entire domain of all 19
variables and identify the optimum resource allocation through evolution and mimicking the survival of
the ﬁttest concept. A chaotic mutation operator is used in this study to boost GA performance. A model
of the system needs to be run several thousand times through the GA evolution process to evaluate
each solution, hence the process is computationally expensive. To overcome this drawback, a robust
metamodel is initially constructed based on an agent-based system simulation. The simulation exhibits
ED performance with various resource allocations and trains the metamodel. The metamodel is created
with an ensemble of the adaptive neuro-fuzzy inference system (ANFIS), feedforward neural network
(FFNN) and recurrent neural network (RNN) using the adaptive boosting (AdaBoost) ensemble algorithm.
The proposed GA-based optimization approach is tested in a public ED, and it is shown to decrease the
ALOS in this ED case study by 14%. Additionally, the proposed metamodel shows a 26.6% improvement
compared to the average results of ANFIS, FFNN and RNN in terms of mean absolute percentage error
(MAPE).
© 2017 Elsevier B.V. All rights reserved.

1. Introduction
Congestion in emergency departments (EDs) has been reported
for decades as a worldwide problem in the healthcare industry
while demand for EDs is increasing [1]. In the U.S. the number of
visits to EDs from 1997 increased up to 23% in a decade, reaching
about 222 visits per minute in 2007 [2]. EDs are complex systems
by nature. They operate 24 h a day, seven days a week, while high
operating costs are causes of budget shortages as EDs are obligated
to attend to any arriving patient. At the same time, an error in their
process may be life threatening.
Resource planning in EDs requires analyzing the whole system
and ﬁnding the most efﬁcient way to allocate resources. Such anal-
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ysis is a challenging task because EDs are stochastic environments
due to the inﬂuence of random variables [3]. For instance, patient
arrival can be inﬂuenced by weather conditions or air pollution [4].
On the other hand, applying trial and error in ED resource planning may result in irreparable consequences. In order to overcome
these issues, decision-makers need to monitor the system at the
operational and tactical levels.
Since it is difﬁcult to model EDs analytically, computer simulations are vastly used as a tool to monitor ED behavior [5–7].
Various computer simulations have already been applied to study
different aspects of EDs. A study by Gul and Guneri [8] provided a
review of simulation applications in normal and disaster conditions
in EDs. Computer simulations allow hospital managers to observe
system behavior and evaluate alternative system scenarios without
interrupting routine operations.
In recent years, combinations of simulation and optimization
techniques have been used in abundance to ﬁnd near-optimum
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values of decision variables in complex systems including the
healthcare industry [8,9]. Ahmed and Alkhamis [10] presented
a discrete simulation combined with optimization to provide a
decision-making support system (DSS) in an ED in Kuwait to reduce
waiting time and increase patient throughput. They reported a 28%
increase in patient throughput and a 40% reduction in waiting time.
Cabrera et al. [11] and Taboada et al. [12] presented a DSS using a
pure agent-based model and exhaustive search in an ED in Spain.
Yeh and Lin [13] presented a simulation model combined with the
Genetic Algorithm (GA) to ﬁnd the near-optimum nursing schedule
in an ED in Taiwan. The study reported 43.47% and 43.42% reductions in average queue times.
Selecting a key performance indicator (KPI) in ED simulationoptimization is a controversial subject [14]. There is no rule of
thumb to select a KPI and variety can be found in the literature.
Although all are related to ED crowding and patient satisfaction, the
most commonly used KPIs in this ﬁeld of study include the number of patients who leave without being seen (LWBS) [15–20], the
number of discharged patients [12,20,21,22], length of stay (LOS)
[12,15,20–24], time to see a doctor [15,16,23] and average waiting
time [15,16,20,23–25].
Although optimization-simulation methods have been successfully applied in different ED-related problems, reviewing the past
10 years’ worth of literature shows that a common problem with
these methods is that they are computationally expensive to
explore the entire search space in real-life optimization problems.
In this study, an attempt is made to tackle this problem by applying a robust approximation model to ﬁnd relationships between the
inputs and outputs of the proposed DSS and make the process as
fast as possible while maintaining reliable approximation. This type
of relationship between inputs and outputs is called a “metamodel”
[26].
Metamodels enable researchers to obtain reliable approximate
model outputs without running expensive and time-consuming
computer simulations. Therefore, the process of model optimization can take less computation time and cost. Simulation-based
metamodels enable users to employ these tools in crisis decisionmaking when a case is serious and there is only a very short
response time to manage it [27,28].
Machine learning methods have proven to be efﬁcient in ﬁnding the nonlinear relation between the inputs and outputs of
simulation models. While machine learning, and in particular neural networks, have been successfully employed for constructing
metamodels in recent years, there has not been much effort on
systematically increasing metamodel efﬁciency. The literature has
shown that the performance of neural network-based metamodels
(or predictors in the case of forecasting problems) can be improved,
in some cases drastically, by utilizing an ensemble of different
metamodels based on their individual performances [29]. Nevertheless, the potential of ensemble metamodeling has not been
explored for the problem at hand. In this study, a robust ensemble algorithm is constructed through a systematic method. Three
power machine learning approaches, namely ANFIS, FFNN and RNN
are used to build the ensemble metamodel through two wellknown ensemble approaches: bootstrap aggregating (bagging) and
adaptive boosting (AdaBoost).
In this paper, an agent-based simulation is designed and constructed based on a real case study at an ED in a teaching hospital
in the capital of the second largest Brazilian state by population.
After verifying and validating the computer simulation model, different metamodels are used to ﬁnd the metamodel with less error.
A GA with a chaotic mutation operator is introduced to decrease the
average length of stay (ALOS) in the ED while budget and capacity
are considered the problem constraints.
The remainder of this paper is organized as follows: In Section
2, a detailed description of the case study and the problem deﬁni-

Table 1
Manchester Triage System (MTS).
Priority level

Color

Safe time until ﬁrst medical visit

Immediate
Very urgent
Urgent
Standard
Non-urgent

Red
Orange
Yellow
Green
Blue

Immediately
Up to 10 min
Up to 60 min
Up to 120 min
Up to 240 min

tion are presented. The proposed metamodel approaches and GA
are introduced in Section 3. The results from the simulation-based
metamodeling approach, a comparison with other methods and
the optimization results are given in Section 4. Finally, Section 5
presents the conclusions and future works.
2. Risoleta Tolentino Neves emergency department
2.1. System description
Risoleta Tolentino Neves Hospital (RTNH) is a teaching hospital
in the capital of Minas Gerais state of Brazil, Belo Horizonte. The ED
of RTNH operates 24/7 and receives 162 patients a day on average.
The ED contains different sections: pediatrics, orthopedics, suturing, yellow zone and emergency rooms (surgical and clinical). Each
of these sections provides services for patients based on their problems. The yellow zone and clinical emergency respectively received
the most and least patients among all sections, with 44% and 5% of
all patients in the ﬁrst half of 2016. The main resources in this ED
are as follows:
1.
2.
3.
4.
5.

Receptionists
Triage nurses
Doctors
Nurses
Nurse technicians

At one time, 2 receptionists, 1 triage nurse, 22 doctors, 5 nurses
and 29 nurse technicians are working in the ED. Fig. 1 demonstrates the ﬂow of patients in the ED. The procedure starts with
patient arrival to the department. Patients may arrive by themselves, by ambulance, or in police custody. All patients except for
those in police custody must visit a receptionist to register their
personal information. Subsequently, they go to a triage nurse in
the triage room. In the triage room, the patient’s acuity is checked
based on the Manchester Triage System (MTS). MTS categorizes
patients into ﬁve categories: red, orange, yellow, green and blue
[30]. Red is for patients with the highest acuity (most urgent) and
Blue is for patients with the lowest acuity (least urgent). Patients
in police custody can omit registration and go directly to the triage
room. Table 1 shows the levels of patient propriety based on MTS.
Following triage, patients wait for the availability of the section
where they need to be treated. Except for the suturing section, all
sections contain beds. Patients in any section might go to the laboratory or X-Ray section for further examination and later return to
their relevant section. After treatment in each section, the patient
may leave the department or, depending on necessity, they go to the
observation room. The process in the ED begins with registration
for admission and concludes when the patient is released.
2.2. Simulation model
To simulate the mentioned system, an open-source multi-agent
modeling environment is used, namely NetLogo 5.3.1 [31]. In order
to make a reliable ED simulation model, data collection is needed.
The main data collection elements in this simulation are as follows:
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Fig. 1. Flow of patients at the emergency department of the Risoleta Tolentino Neves Hospital.

Table 2
Service/treatment time in each emergency department section.
No

Section

Distribution (min)

1
2
3
4
5
6
7
8
9

Admission
Triage Room
Suturing
Yellow zone
Orthopedics
Pediatrics
Surgical emergency
Clinical emergency
Lab and X-Ray

Uniform (3, 6)
Uniform (3, 5)
Triangular (15, 20, 40)
Triangular (10, 20, 25)
Triangular (5, 10, 15)
Triangular (10, 15, 30)
Triangular (10, 15, 30)
Triangular (10, 20, 30)
Triangular (15, 30, 45)

of error was less than 5% of the average mean while the simulation
computation time was tractable.
2.3. Veriﬁcation and validation
Fig. 2. Patient arrival to the Emergency Department.

the amount of time each service takes (e.g. admission, triage, laboratory, etc.), patient arrival rate and the number of each type of
patients in the ED. From January 2016 to May 2016 around 24000
data were collected and analyzed to achieve proper model inputs.
One-fourth of the gathered data were used for model validation
and 75% served as input to create the model. The patient arrival to
the ED is a non-homogenous Poisson process with a rate (t) and
24 intervals as demonstrated in Fig. 2, where (t) is the estimated
function of patient arrival per hour. Data analysis showed that 44%
of patients go to the yellow zone, 30% go to the orthopedics section, 7.8% go to pediatrics and 7% go to surgical emergency, while
the suturing section and clinical emergency rates are 6.2% and 5%
respectively. Table 2 shows the length of service/treatment in each
section, which is estimated by distribution.
To eliminate any bias at the beginning of the simulation, the
model was run for 4320 min (3 days) and 100 replications. The ﬁrst
2880 min (2 days) were set as the warm-up period to make the simulation reach steady state and the remaining time was selected as
the study period to collect the results. The conﬁdence interval to
compare the simulation results with actual results was set at 95%
(a = 0.05). For all performance metrics, the error margin of each conﬁdence interval was calculated by trial and error. To approximate
the number of replications, this process continued until the margin

Veriﬁcation and validation are two of the most signiﬁcant steps
in any model simulation. Veriﬁcation entails verifying whether the
simulation model works as it should. In fact, veriﬁcation deals with
creating the model correctly. In comparing the animation created
in our simulation with the ED routine, the district coordinator of
hospital services and the hospital manager veriﬁed the current version of the simulation model and conﬁrmed that the output of this
simulation can represent a real case study.
Validation concerns building the right model. Therefore, by calibrating the model, comparing its behavior with actual system
behavior and repeating this process, the simulation model can be
improved until it is acceptable. In this process, a set of data that
was not used to create the simulation was used to prove that the
simulation model is an accurate representation of a real case study.
To validate the simulation model, the total time that patients spent
in the ED was extracted from the Emergency Department Information System (EDIS) and compared with the total length of stay
from the simulation (Table 3). The comparison validates there were
no signiﬁcant differences between the results obtained using the
simulation model for the length of stay of patients in different
ED sections and those from the real system (95% conﬁdence level,
a = 0.05). Moreover, the simulation throughput for a week was 1112
while the throughput for the real system was 1120. This is also
shows the simulation was validated.
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Table 3
Comparison of length of stay from simulation and the emergency department information system.
No

Section

Actual time

Simulation time

Conﬁdence
interval (95%)

1
2
3
4
5
6

Suturing
Yellow zone
Orthopedics
Pediatrics
Surgical emergency
Clinical emergency

196.45
412.46
180.45
310.72
438.76
487.41

202.4
401.3
192.6
318.8
442.6
498.1

[180.35–212.25]
[361.10–429.92]
[177.32–199.47]
[286.65–342.54]
[401.21–471.52]
[462.12–513.68]

2.4. Resource allocation problem
As mentioned previously, ED resources are extremely restricted.
Therefore, the aim of this study is to aid ED managers to allocate
their resources in the best way so as to minimize ALOS subject to the
problem constraints, which are capacity and budget. The problem
can be written as follows:
Min Z = f (X1 , X2 , . . ., Xn ) ,

(1)

S.t


i

Ci Xi ≤ B,

(2)

j=1

Fig. 3. Process of creating a metamodel.

lj ≤ Xj ≤ uj for j = 1, 2, . . ., 5,

(3)

Xj integer for j = 1, 2, . . ., 5.

(4)

In Eq. (1), Z stands for the total ALOS in the ED and (X1 , X2 , . . .,
Xn ) are decision variables. In fact, Z has no analytical form and it
is the output of the simulation model mentioned in previous sections when the decision variables change. The cost of each resource
and the budget are denoted by Ci and B respectively. Table 4 illustrates that the capacity levels have an upper bound (ui ) and lower
bound (li ), which are the maximum and minimum capacity levels
with a baseline value for the resources in the current ED situation. It
should be noted that the same nurses cover three sections, including the yellow zone, orthopedics and pediatrics therefore, later in
this paper only one variable is considered.

It should be noted that a metamodel is acceptable only when it
does not upset the validity of the simulation. As already mentioned,
metamodels provide approximate outputs, meaning that a ﬁtting
error should be added to Eq. (5) to make it suitable to represent a
metamodel. By adding a ﬁtting error, Eq. (5) should change to Eq.
(7) where εapproximation (x) is the ﬁtting error.
minf̂ (x) + εapproximation (x)

(7)

xε

3.2. The proposed metamodel

(6)

The literature indicates that any artiﬁcial intelligence approach
like ANN or ANFIS has its own advantages. Hence, each can
outperform the others in a particular task, something that is welldocumented for regression tasks in [32,33]. Therefore in this study,
an ensemble of different algorithms is applied to increase metamodel efﬁciency.
Three well-known machine learning algorithms were constructed and combined through two recognized methods, namely
bagging and Adaboost, to determine the best possible metamodel
for this task. A conventional feedforward neural network (FFNN),
an adaptive neuro-fuzzy inference system (ANFIS) and a recurrent neural network (RNN) were tested. Overall, eight ensemble
algorithms were constructed in this study. Fig. 3 demonstrates a
schematic of the process of creating a metamodel.

In Eq. (5), x and  stand for the design space and a vector of
design space, respectively, and the objective function value is f(x).
The inherent randomness of simulation output is added to Eq. (5) by
adding randomness to the equation. In Eq. (6), gi (x) represents the ith
constraints of the problem and n is the total number of constraints.
In fact, a metamodel focuses on the relationships between simulation inputs and outputs. The metamodel uses these relationships
to approximate the outputs based on the given inputs. In general,
the inputs are achieved through the Design of Experiments (DOE)
method. The main goal of a metamodel is to make a complex system simpler in reasonable time and with affordable cost. Therefore,
metamodel output can be used instead of running a simulation.

3.2.1. Feedforward neural network (FFNN)
A feedforward neural network contains three principal elements: input, output and hidden layers. Each constitutive unit
(artiﬁcial neuron) is connected to other neurons in each layer. This
connection is mathematically represented by the measure of the
connection (weight) between two nodes in the network. In order
to minimize the error function, these weights are changed in different steps of the learning process. The learning process eventually
leads to the model being able to deal with any unknown sets of
data. To select the weights in this artiﬁcial neural network (ANN),
the Levenberg–Marquardt algorithm (LMA) is implemented. Fig. 4

3. Metamodel-based optimization
3.1. Problem deﬁnition
The problem is considered a stochastic simulation-based optimization problem. This type of problems can be expressed
mathematically as follows:
minf (x) + εrandomness (x)

(5)

xε

s.t.
gi (x) ≤ 0i = 1, 2, . . ., n
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Table 4
Capacity levels and relative cost of resources in each section.
Section

Resources

Upper bound

Baseline value

Lower bound

Cost (cost unit)

Reception
Triage Room
Laboratory and X-Ray
Suturing

Receptionist (x1 )
Triage Nurse (x2 )
Laboratory Technicians (x3 )
Doctors (x4 )
Nurse Technicians (x5 )
Nurses (x6 )
Doctors (x7 )
Nurse Technicians (x8 )
Nurses (x9 )
Doctors (x10 )
Nurse Technicians (x11 )
Nurses (x12 )
Doctors (x13 )
Nurses Technicians (x14 )
Nurses (x15 )
Doctors (x16 )
Nurse Technicians (x17 )
Nurses (x18 )
Doctors (x19 )
Nurse Technicians (x20 )
Nurses (x22 )

3
3
3
3
3
1
5
6
1
6
5
1
4
4
1
6
5
2
4
7
2

2
1
3
1
1
1
3
4
1
4
3
–
2
2
–
4
3
1
2
5
1

1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1
1

0.45
0.75
0.6
2.9
0.75
1.1
2.9
0.75
1.1
2.9
0.75
1.1
2.9
0.75
1.1
2.9
0.75
1.1
2.9
0.75
1.1

Yellow zone

Orthopedics

Pediatrics

Surgical emergency

Clinical emergency

Fig. 4. Diagram of a typical feedforward neural network with one hidden layer.

exhibits different parts of a simple feedforward neural network
with one hidden layer.
3.2.2. Recurrent neural network (RNN)
In a conventional ANN, it is assumed that all inputs are independent of each other and hence sequential information is not utilized.
Recurrent neural networks (RNNs) are an extension of feedforward
networks where each layer has a recurrent connection with a tap
delay associated with it. This allows the network to have an inﬁnite
dynamic response to time series input data [34]. The term “recurrent” refers to the ability of these networks to do the same task
for every element of a sequence. To put it in perspective, RNNs are
having a memory to capture and use the information about the
previous calculations.
In this study, layer recurrent neural network (LRN) as a variant of
RNNs are utilized. Such a recurrent network uses a feedback loop
with a single delay. All layers have this feedback loop except for
the last layer. LRN is an enhancement of the network previously
presented by Elman [35]. In this study, backpropagation, similar to
that of FFNN, is used for training the RRN.
3.2.3. Adaptive neuro-fuzzy inference system (ANFIS)
ANFIS architecture beneﬁts from both fuzzy logic and artiﬁcial
neural networks [36]. The abilities of ANFIS have been proven in dif-

ferent areas of research, including time-series forecasting [37,38],
stock market forecasting [39,40] and reducing the bullwhip effect
in supply chains [41,42]. In ANFIS, a fuzzy inference system (FIS) is
built and a backpropagation algorithm or a combination of a backpropagation algorithm with a least squares method is implemented
to adjust the membership function parameters. This adjustment
enables ANFIS to learn from the data available in the model.
Similar to neural networks, ANFIS is constructed from a network
of input and output layers, where hidden layers connect the input
and output layers. These layers are in fact membership functions
and other related parameters.
As already mentioned, the process of adjusting the membership
functions in ANFIS is the process that causes learning. A gradient vector is used to ease parameter calculation. This gradient
vector for any given data set facilitates understanding how the
fuzzy inference system maps the input and output data. Actually, it is necessary to apply an optimization method to minimize
the error measure by adjusting the parameters once the gradient vector is created. This error measure can be deﬁned as the
mean squared difference between expected data and data from a
real case. For membership function parameter estimation in ANFIS
two approaches can be used: backpropagation or a combination of
least squares estimation and backpropagation. Fig. 5 demonstrates
a simple ﬁve-layer ANFIS with nine if-then rules. This ANFIS has
two inputs (x and y) and one output (f).

3.2.4. Ensemble approaches
There are generally two categories of ensemble approaches,
namely competitive and cooperative algorithms. In the former, different predictors are used for the task, or the forecast is made based
on different data sub-sets and a weighted average of the results is
the ﬁnal forecast. In the cooperative approaches, however, the forecasting task is divided into different sub-tasks where each sub-task
is forecasted individually. The ﬁnal result is the sum of all outputs [43]. An example of a cooperative approach for times series
forecasting is wavelet decomposition to pre-process the data set
and then employing a predictor to forecast the resultant data sets.
The predicted data sets are then aggregated to achieve the forecast
values [44].
Among various competitive approaches, bootstrap aggregating
(bagging) and adaptive boosting (AdaBoost) have been shown to
greatly affect the performance of machine learning approaches for
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Where x is the input of the metamodel, FT is the ﬁnal ensemble, t is
the number of weak learners, ˛t is the weight of each weak learner
and ft is a weak learner.
In the beginning, the weak learners are trained on the same
training set. Then the weighted ensemble is created by adding the
weak learners to the ensemble one by one. The weight of all samples is assumed to be the same in the beginning and then based
on this weight the samples are adjusted throughout the ensemble
process.
Assuming X = [x1 ,. . ..xn ] represents the training samples,
Y = [y1 ,. . .yn ] is the desired output and w = [w1,1 ,. . ., wn,1 ] = 1/n
denotes the initial sample weights, the AdaBoost algorithm used
in this study is summarized as follows.
When building an ensemble of m algorithms, in step m-1 the
weighted sum of the algorithms is:
FT (xi ) = ˛1 f1 (xi ) + ˛2 f2 (xi ) + . . . + ˛m−1 fm−1 (xi )

Fig. 5. Flowchart of ﬁve-layer ANFIS with two inputs and one output.

both classiﬁcation and regression tasks. Therefore, these two methods were selected to build a powerful ensemble metamodel.
3.2.4.1. Bootstrap aggregating (bagging). Conventionally abbreviated as bagging, bootstrap aggregating basically entails training
many models on separate training sets, hence providing data diversity, and then summing their results with the same weights to
achieve a better model [45,46]. Bagging can prevent learning algorithm overﬁtting as random sampling is performed to train the
initial algorithms. In this study, an N model is trained on N randomly drawn data sets with similar sizes. The N sub-data sets
are drawn using the sampling with replacement method. Each
individual metamodel is assigned a (1/N) weight and the bagging
metamodel is built as follows:
FT (x) =

m
 1 

m

ft (x)

(8)

t=1

Where m is the number of approaches used in the ensemble method
and FT is the outcome of a given approach.
3.2.4.2. Adaptive boosting (AdaBoost). AdaBoost is an adaptive
ensemble approach speciﬁcally proposed for classiﬁcation problems by Freund and Schapire [47]. AdaBoost has mostly been used
for classiﬁcation problems, but recently, its successful application
for regression and forecasting tasks has also been reported in literature [48]. Similar to bagging, a number of machine learning
algorithms, which are called “weak learners,” are combined into
a weighted sum to achieve better results than the weak learners.
AdaBoost is different from bagging ﬁrstly because the sub algorithms do not have an equal weight in the ﬁnal ensemble. Secondly,
Adaboost is adaptive as it capitalizes on the samples with bigger errors and better-performing weak learners. Adaboost gives
higher weightage to samples with poor training results and learners with good performance, and lower weightage to samples with
good training results and learners with poor learning performance.
Therefore, two sets of weights are to be adjusted in building an
AdaBoost ensemble, namely the weights of the training samples
and of the weak learners. The ﬁnal predictor is built as follows:
FT (x) =

m

t=1

˛t ft (x)

(9)

(10)

Then for the m-th weak learner, the ensemble is extended to
include the weak learner fm such that by adjusting its corresponding weight, ˛m , the total metamodel error is reduced. The AdaBoost
computational steps are given as follows.
Step 1: Individually train the weak learners on the data set.
Step 2: Use the build learner ft to predict the values of data set
Xi and the associated modeling error for each sample as follows:
i =

|yi − ŷi |
yi

(11)

1
i
n

(12)

n

m =

i=1

Step 3: Calculate the weight of weak learner fm :
˛m =

1
ln
2



1 − m
m



(13)

Step 4: Update the sample weights as follows:
wm (i) =
ˇm =

−i

wm−1 (i) ˇm
Zm

(14)

m
1 − m

(15)

Where Zm is a normalizing factor so the sum of all weights throughout the sample becomes 1.
Step 5: Repeat steps 2–4 until all weak learners are added to the
ensemble algorithm.
Four ensemble algorithms were tested in this study: FFNNRNN (FR), FFNN-ANFIS (FA), RNN-ANFIS (RA) and FFNN-RNN-ANFIS
(FRA). For each set of algorithms, the ensembles were created with
both bagging and AdaBoost, therefore a total of eight ensemble
algorithms were tested to ﬁnd the best metamodel for this problem.
3.2.5. Network performance evaluation
Metamodel performance was evaluated using two statistical
indicators, namely mean absolute percentage error (MAPE) and
coefﬁcient of determination (R2 ). MAPE is calculated as follows:

n 

MAPE =

i=1

|



Mi −Ei
| × 100
Mi

n

(16)

Where n is the number of observations, Ei is the metamodel result,
and Mi is the desired simulation result. MAPE provides information
on metamodel performance, with lower values indicating better
performance.
The coefﬁcient of determination (R2 ) is simply the square of
the sample correlation coefﬁcient between the metamodel outcome and the desired simulation result. This coefﬁcient varies in
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Fig. 6. Flowchart of the three-algorithm bagging ensemble approach.

the range of 0–1. The higher the value, the better the metamodel
performance is (Fig. 6).
3.3. Design of experiments
The most accurate way to study the behavior of a simulation
model and ﬁnd the best conﬁguration of resources may be to use
complete enumeration. To do so, it would be necessary to perform
a large number of experiments to cover all parts of the space in
the domain of decision variables. Therefore, design of experiments
(DOE) is used to ﬁnd a sample that covers most space parts with the
least number of simulation executions. In fact, DOE can be deﬁned
as a matrix, where columns represent factors (variables) and rows
represent a sample [49].
There are different DOE and sampling methods, the most common being the 2k factorial design where k is number of factors
[50]. For instance, as our simulation has 19 variables the number of
experiments is 219 = 524288. Suppose we need 50 replications for
each experiment and each run takes 60 s, we would need almost 50year CPU time. When the number of factors increases, the model
proposed by McKay et al. [51] and Iman and Conover [52] is more
efﬁcient. Latin hypercube design (LHD) is a matrix with m rows and
k columns, where m is the number f design points and k is number of variables. A rule of thumb for choosing the number of design
points is m = 10 k. Hence, in our case 10 × 19 = 190 experiments are
needed. For more details regarding LHD see [53,54].
Generally, more samples in metamodel training ensure better
system performance but our network needs to be over-trained. To
cope with this issue, LHD was employed in this study to create 3
different samples including 250, 500, 750 and 1000 experiments
called M1 , M2 , M3 and M4 respectively. Subsequently, simulations
of each of these design points were run to achieve the study objective (average total time).

equal to or less than 68 cost units is feasible, provided that all its
genes are in the prescribed range as described in Table 3. To evaluate the ﬁtness of a chromosome a ﬁtness function is used, which is
replaced with a metamodel in this study.
To avoid trapping into local optima, a chaotic mutation operator
is implemented in the GA similar to [56]. This mutation operator
is easy to implement and computationally inexpensive. A onedimensional logistic map is implemented for the mutation operator
to generate a new solution. All elements of a chromosome are ﬁrst
scaled to the range of 0–1 and then a new chromosome is iteratively
generated by using the classic logistic chaotic sequence as follows:
(n+1)

Xi

(n)

0 ≤ Xi
(n)
X0

(n)

= 4Xi



(n)

1 − Xi



≤1

=
/ 0, 0.25, 0.75 and 1

(17)
(18)
(19)

Where n is the iteration number and k denotes the total number of chaotic variables. Having determined the new sequence, the
variables are mapped to their respective real values.
Additionally, a penalty function is added to the ﬁtness function
to handle the constraints as GAs are generally unable to do so. A
simple penalty function approach is implemented in this study.
Selecting a high penalty parameter would eliminate the infeasible solutions from the search space, while a low penalty may result
in infeasible ﬁnal solutions. Therefore, the penalty parameters are
set through an extensive trial and error process.
After several algorithm executions and observing the solution
evaluation, the initial population was set to 100 while the mutation and crossover rates were set to 10% and 75% respectively. The
results show that the chance of improvement after 80 generations
is low; therefore, 90 generations were selected as the termination
criterion.

3.4. Chaotic genetic algorithm

4. Computational results

After creating the simulation model and making the metamodel,
the next step is to apply an optimization approach to minimize the
ALOS of patients subject to budget and capacity constraints. Fig. 7
illustrates the optimization approach proposed in this paper.
Genetic algorithms (GAs) [55] mimic the process of natural
selection, and similar to any other population-based algorithm,
begin with generating a group of possible solutions. Each possible
solution is called a chromosome in GA. The ﬁttest chromosomes
create the next generation with a crossover operator that makes
them give part of their genes to the next generation, while a mutation operator helps keep the diversity of possible solutions high
enough to avoid premature convergence.
Fig. 8 shows the chromosomes used in this study. Each column,
dubbed as a gene, consists of a number corresponding to a speciﬁc
resource in the ED. Each chromosome must meet the pre-deﬁned
capacity and budget constraints. Any chromosome with a budget

4.1. Data set size
Before creating the ensemble algorithms, the size of the data set
to be used for the metamodel should be selected. A low number
of training data could result in low metamodel accuracy, while an
excessive number of samples may yield overﬁtting. Moreover, computation time increases with sampling size. A primary metamodel
was created with four training sample sizes, namely M1 = 250,
M2 = 500, M3 = 750 and M4 = 1000. For all cases, the test data set
size was 200 and the samples were independent of those used for
training.
4.2. FFNN
A three-layer feedforward neural network consisting of one
input, one output and one hidden layer was utilized in this study.
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Fig. 7. Combined optimization-simulation approach using the metamodel.

Fig. 8. Genetic algorithm crossover process.

The input is a set of vectors that represent the decision variables
of the simulation model and the output layer is a single point representing the simulation output. The activation functions used for
the hidden and output layers are the hyperbolic tangent (tansig)
and linear (pure-lin) functions, respectively. Three training algorithms, i.e. Levenberg–Marquardt (LM), Resilient Backpropagation
(RB) and Scaled Conjugate Gradient (SCG) were initially tested and
owing to the better performance of the LM algorithm, it was chosen for the metamodel. The number of neurons in the hidden layer
was selected by trial and error, as is the case in literature. Through
extensive experimentation, the optimum neural structures were
found to be 5, 7, 8 and 10 for cases M1 , M2 , M3 and M4 respectively.

4.3. RNN
Similar to FFNN, Levenberg–Marquardt served as the training
algorithm and the network structure was found through trial and
error. The RNN network was created in MATLAB with an available
customized function. The input and output data set is similar to that
of FFNN (similar size) and the optimum number of neurons were
found to be 5, 7, 8 and 10 for cases M1 , M2 , M3 and M4 respectively.

4.4. ANFIS
To develop an ANFIS for the metamodel task, which is similar to a
prediction problem, the same approach as in [57] was employed. An
initial fuzzy model was required to ﬁnd the number of inputs, number of linguistic variables and consequently, the number of fuzzy
rules in the ﬁnal model.
The subtractive clustering method proposed by Chiu [58] was
applied to the input–output data pairs to extract the initial fuzzy
model. It is a fast unsupervised method for estimating the number
of clusters and their cluster centers by measuring the potential of
data points in the feature space. Having estimated the clusters, the
number of fuzzy rules and the premise fuzzy membership functions
should be determined. For models M1 , M2 , M3 and M4 , a Gaussian
membership function with 4, 5 and 9 and 12 fuzzy rules, respectively, was considered. The number of fuzzy rules was attained
through an optimization procedure using the least squares method
and a hybrid learning algorithm.
The MAPE and R2 of the three algorithms with four data sets
with sizes of 250, 500, 750 and 1000 were determined. The results
presented in Table 5 show that in the training phase, all algorithms performed better, considering both MAPE and R2 indices,
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Table 5
Performance of FFNN, RNN and ANFIS with different training data sets.
R2
M1

MAPE (%)
M2

M3

M4

Training
0.9836 0.9839 0.9889 0.9907
FFNN
0.9764 0.9771 0.9785 0.9903
RNN
0.9771 0.9825 0.9892 0.9895
ANFIS
Test
FFNN
RNN
ANFIS

M1

M2

M3

M4

3.6416 3.4402 3.4378 3.227
4.3241 4.1287 4.0952 3.4791
3.5712 3.3601 3.3319 3.3041

0.9752 0.9816 0.9852 0.9641 3.8924 3.6601 3.6584 4.2422
0.9690 0.9710 0.9787 0.96004 4.9567 4.3475 4.1002 4.3674
0.9753 0.9812 0.9875 0.9883 3.8736 3.5733 3.5005 3.5891

R2

FR
FA
RA
FRA

Bagging
AdaBoost
Bagging
AdaBoost
Bagging
AdaBoost
Bagging
AdaBoost

2

3

4

5

6

Fig. 9. Impact of changing the number of doctors and technician nurses in the yellow
zone on the total length of stay. (For interpretation of the references to colour in this
ﬁgure legend, the reader is referred to the web version of this article.)

Table 6
Performance of ensemble algorithms on training and test data.
Ensemble

1

MAPE (%)

Training

Testing

Training

Testing

0.9912
0.9915
0.9919
0.9927
0.9914
0.9917
0.9923
0.9943

0.9896
0.9901
0.9899
0.9903
0.9890
0.9895
0.9900
0.9913

3.2678
3.002
3.2532
2.9802
3.2789
2.9887
3.2541
2.9185

3.4981
3.1782
3.4467
3.131
3.4490
3.1672
3.4056
2.9865

with increasing input data set size. However, the trend is different
in the test data set where all algorithms presented the least MAPE
error on M3 data set and all but ANFIS had a higher R2 on M3 data
set. These results indicate that all algorithms suffered from overﬁtting when the size of the data set had increased from 750 to 1000
instances. Therefore, the M3 data set with a size of 750 samples
was selected for building the ensemble algorithms. The best training and testing performances of all ensemble algorithms are shown
in bold font in Table 6.
For the bagging ensemble, the training data set with 2000 samples was used to randomly create three 750-sample data sets using
the sampling method with replacement.
For AdaBoost, one 750-sample data set was randomly chosen
from the available training samples. The ensemble approach results
are presented in Table 6. It is observed from these results that for
all ensemble algorithms, AdaBoost outperformed bagging in both
training and testing phases. The least MAPE error was achieved for
the AdaBoost ensemble of the three algorithms, i.e. FFNN, RNN and
ANFIS. Moreover, the AdaBoost ensemble had the highest coefﬁcient of determination (R2 ).
4.5. Optimization
As mentioned before, a chaotic mutation operator was implemented to tackle this problem. Studying the system behavior
signiﬁes that the yellow zone section has the most effect on ALOS
because not only did it receive the majority of patients but the treatment in the yellow zone was also time consuming. As illustrated in
Table 7, the yellow zone resources increased more than other sections. Fig. 9 shows the impact of changing the number of doctors
and nurse technicians in the yellow zone while other resources
remain the same.
Another important factor in improving emergency department
performance is the number of triage nurses (Fig. 10).
The Adaboost ensemble of FFNN/RNN/ANFIS (dubbed as
Adaboost FRA) is the most efﬁcient metamodel for our problem. It
was thus selected to function as the objective function of GA to ﬁnd
the best ED resource planning considering a 68cost unit in order
to reduce the patient ALOS in the ED. This tactical decision-making

Fig. 10. Impact of changing the number of triage nurses on the average length of
stay.

process is very important for hospital decision-makers because the
more time patients spend in the ED, the more resources are needed.
Furthermore, a long LOS can lead to patient dissatisfaction. Table 7
shows a comparison of the current ED resource allocation with the
results obtained from optimization approach.
The results from the current ED resource planning and nearoptimum resource allocation from optimization approach are
compared in Fig. 11. The patient ALOS with the new resource allocation shows a 14% reduction on average.
5. Concluding remarks
This study was intended to present a robust and computationally practical simulation-based optimization tool for resource
planning in emergency departments. Agent-based simulation and
an ensemble metamodel were used to provide a decision support
system in an emergency department. A genetic algorithm (GA) was
then implemented to ﬁnd the near-optimum resource allocation
for emergency departments.
This paper provided a framework to efﬁciently combine simulation and metamodels in the healthcare industry, because
combining these two tools can enable the management to make
real-time decisions based on accurate simulation results in a reasonable time.
A robust ensemble of various machine learning algorithms was
constructed through a systematic method by using two wellknown ensemble approaches, namely bagging and Adaboost. A
conventional feedforward neural network (FFNN), adaptive neurofuzzy inference system (ANFIS) and recurrent neural network
(RNN) were used for this task. Overall, eight different ensembles of
these algorithms were constructed and the results indicated that
an Adaboost ensemble of ANFIS/FFNN/RNN performs the best. This
ensemble metamodel showed a 26.6% improvement compared to
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Table 7
Comparison between baseline model and near-optimum resource planning after optimization.
Sections

Resources

Number of each resource in baseline scenario

Number of each resource after optimization

Reception
Triage Room
Lab and X-ray
Suturing

Receptionists (x1 )
Triage nurses (x2 )
Laboratory technicians (x3 )
Doctors (x4 )
Nurse technicians (x5 )
Nurse (x6 )
Doctors (x7 )
Nurse technicians (x8 )
Nurses (x9 )
Doctors (x10 )
Nurses technicians (x11 )
Doctors (x12 )
Nurses (x13 )
Doctors (x14 )
Nurses technicians (x15 )
Nurses (x16 )
Doctors (x17 )
Nurse technicians (x18 )
Nurses (x19 )

2
1
3
1
1
1
3
4
1
4
3
2
2
4
3
1
2
5
1

2
2
2
1
1
1
5
6
1
2
3
2
2
3
3
1
3
3
1

Yellow Zone

Orthopedics
Pediatrics
Surgical Emergency

Clinical Emergency

Fig. 11. Comparison of length of stay in baseline resource planning and the genetic algorithm results.

the average results of ANFIS, FFNN and RNN in terms of the MAPE
indicator.
Consequently, this powerful ensemble metamodel served as
the ﬁtness function of the proposed GA to identify optimum
ED resource allocation. Since the optimization involved various
variables, nineteen in this case study, a powerful optimization algorithm was needed for the task. Though successfully employed in
many tasks, GAs have a tendency of getting trapped in local optima.
Hence, in this study, a chaotic mutation operator was added to the
GA. This mutation operator is simple to apply and does not add
much computational burden. The optimization algorithm was used
to decrease the ALOS by adjusting twenty-one variables, including
resources, e.g. number of doctors, nurses, receptionists, etc.
A simulation model of the Emergency Department at Risoleta
Tolentino Neves Hospital in the capital of Minas Gerais state of
Brazil, Belo Horizonte, was designed and constructed. A simulation
result analysis signiﬁed this ED has some bottlenecks, including the
Yellow zone and triage room. The proposed GA-based optimization approach was thus tested in this public ED and was shown to
decrease the ALOS in this ED case study from 5.47 h to 4.75 h.
This study highlighted ALOS, but the impact of the same
approach on other KPIs including waiting time, number of patients
who leave the ED without being seen, etc., could be considered in
future studies. Future studies may also implement new approaches
for the design of experiments and different optimization algorithms

for the same problem. Furthermore, we designed and implemented
an agent-based simulation in an ED without considering many
agent characteristics. Extending this agent-based simulation for ED
modeling while patients can transmit illnesses to other patients is
another possible area of research for future studies.
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networks for prediction of heating energy consumption. Energy Build
2015;94:189–99.
[58] Chiu SL. Fuzzy model identiﬁcation based on cluster estimation. J Intell Fuzzy
Syst 1994;2(3):267–78.

