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ABSTRACT 

Hospital emergency departments (EDs) are a primary healthcare unit, usually at the 
main entrance to the hospital and a key component of the whole healthcare system. The 
increasing demand of urgent care and the overcrowding of EDs are phenomena shared by 
health systems around the world. A naive solution could be to increase the size of EDs, 
but this is not a viable option due to the worldwide limitation of operational budgets. 

Resource planning in EDs is complex because its activity varies depending on time, 
day of week and season. So the ability to manage both regular and special situations, such 
as seasonal or unexpected increases in ED demand, is the key for the efficient use of 
resources. 

Simulation enables us to answer questions like “what happens if?” (e.g., in case of a 
specific pandemic, to explore how the composition of ED staff members influences the 
number of patients attended in a period of time) and to find the answer to questions such 
as “which is the best for ...?” (e.g., the number of healthcare staff that leads to minimizing 
the “Length of Stay” of patients, constrained by the availability of budget and number of 
healthcare staff), the optimization is needed. 
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Discrete Event Simulation (DES), System Dynamics (SD) and Agent-Based 
Modeling and Simulation (ABMS) are the main approaches used in the modeling and 
simulation of healthcare systems. A basic survey of these approaches, describing the 
characteristics of each one of them, including their pros and cons, allows us to show the 
advantages of the ABMS strategy. 

The defined ED model is a pure Agent-Based Model, formed entirely by the rules 
governing the behavior of the individual agents which populate the system. Two distinct 
types of agents have been identified, active and passive. Active agents represent the 
persons involved in the ED (patients and ED staff), whereas passive agents represent 
services and other reactive systems, such as the information technology infrastructure or 
services used for performing tests. 

Each agent (individual) is represented through a state machine. This includes all the 
required variables to represent the many different “states” in which an agent may be 
during the time it is in the ED. The changes of these variables, fired by inputs received 
from other agents, generate the states’ transition. For modeling interaction between 
agents, the model includes communication between individuals and the physical 
environment in which agents interact (admissions, triage booths, waiting rooms, or 
consultation suites). 

Using the simulation environment Netlogo, the simulation and optimization tools 
have been developed to be integrated in a Decision Support System (DDS), in order to 
help the managers to enhance the operation of an ED, providing additional knowledge for 
deciding on strategies such as patient admission scheduling, healthcare staff composition 
or clinical resources available. The DSS can be applied in different EDs, after a previous 
adjustment of the configuration parameters achieved through a tuning process. 

This research has been developed in collaboration with staff members of the Parc 
Tauli Hospital in Sabadell. 

1. INTRODUCTION 

Emergency departments (ED) may well be one of the most complex and fluid healthcare 
systems that exist, receiving an increasing demand and usually being overcrowded. The 
resource planning in the ED is complex because its activity is not linear, and it varies 
depending on time, day of week and season. For this reason the ability to simulate special 
situations such as seasonal increasing of the ED demand can be useful for the efficient use of 
resources.  

There are no standard models to describe complex systems, but simulation becomes an 
important tool for their modeling. Discrete event simulation (DES), system dynamics (SD) 
and agent-based modeling and simulation (ABMS) are the three main approaches used when 
simulating healthcare systems. There is a large body of literature describing the use of DES 
models in ED studies, whilst there is considerably less literature on the use of ABMS for this 
purpose, although healthcare systems are based on human actions and interactions that are 
very difficult to model with DES, and can be more properly modeled with ABMS. 

This chapter presents the results of an ongoing project that is being carried out by 
researchers of the group High Performance Computing for Efficient Applications and 
Simulation (HPC4EAS) of the Department of Computer Architecture and Operating Systems 
of the Universitat Autonoma de Barcelona (UAB), in collaboration with the team at the 
Emergency Services Unit at Hospital de Sabadell (Parc Tauli Healthcare Corporation), a 
hospital that provides healthcare to a catchment area of 500,000 people attending 160,000 
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patients/year in the ED. The objective of such project is to develop a model and a simulation 

that, used as decision support system (DSS), provides the ED Directors with additional 

knowledge of patient admission scheduling, physician staff, and alternatives ways for 

decreasing patients’ length of stay (LoS), amongst other situations, but also aids them in 

setting up strategies and management guidelines to achieve resource optimization and to 

enhance the efficiency of the ED.  

The optimization of the number of staff members of EDs (including admission staff, 

triage nurses, and doctors), is a multidimensional problem. Such problem has the following 

equation (1): 

 

max / min f (x) 

subject to   (1) 

 

where x is the variable, f is a function ( f : C  R), C is the constraint set, and  

such that f (xo) ≤ f (x)  for minimization, and f (xo) ≥ f (x)  for its 

counterpart, maximization. x is discrete, global sampling from x is possible, and f (x) at any 

 cannot be evaluated exactly, and for this reason it must be estimated via a simulation 

procedure. In the specific case of the ED the goal is to identify the mix of staff members 

(number and level of experience) that let to optimize the performance of the ED, which due to 

the complexity of the system, needs to be estimated via a simulation. Optimization via 

simulation is a difficult problem [7]. Only few alternatives might be explored because 

estimating f (x) at a single point  in equation (1) may require substantial effort, and in 

fact, simulations are usually computationally expensive. 

The work has been developed following an iterative and spiral methodology, divided in 

cycles of five phases:  

 

1. System analysis: the information was obtained from two different hospitals. The first 

one was the Hospital of Sabadell, a large center, and the second a medium size 

hospital, the Hospital of Mataró, that provides care service to a geographical area 

with a population of 250,000 people, attending an average of 110,000 patients per 

year in its ED. Such information was collected such the following tools: 

 Focus groups with the directors of the ED, the coordinators of the main areas of 

the ED, and different kinds of the ED staff (admission personal, triage nurses, 

sanitarian nurses and doctors).  

 Observation of the different ED zones of both Hospitals, with the purpose of 

analyzing and taking notes about how the different processes take place.  

 Data given by the Information System Department of the Hospitals (ISDH), 

concerning to the activity carried out by the ED.  

As result of this phase the key information of the system could be identified 

(different kinds of agents, the interactions that take place, the different areas, etc).  

2. Model design: This consists of the formal definition of the model, including the 

environment, the different kinds of agents, and their behavior. 

3. Simulator implementation: the simulation of the model has been implemented using 

the agent-based simulation environment NetLogo [27], a high level platform that lets 

modelers give instructions to hundreds or thousands of independent agents, all 
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operating concurrently, making possible to explore connection between the micro-
level behavior of individuals and the macro-level patterns that emerge from the 
interaction of many individuals.  

4. Simulator execution and results analysis: introduction in the simulator the 
configuration and input data given by the ISDH, then the execution of the simulation 
to obtain the output data that enables us to carry out the next phase. 

5. Simulator validation: this phase is exhaustively explained in section 3.7.  
 
Once the cycle has been completed, and based on the conclusions obtained during the 

analysis and validation phase, the model is updated and a next cycle is started. The process is 
repeated until the objectives are achieved.  

After completing the second cycle, an Agent-Based Model for Hospital Emergency 
Departments has been obtained, in which the system behavior emerges as a result of agent’s 
actions and interactions. This model describes the complex dynamics found in an ED, 
representing each individual and system as an individual agent. Two distinct kinds of agents 
have been identified, active (the persons involved in the ED such as patients and ED Staff) 
and passive (reactive systems, such as the information technology (IT) infrastructure or labs 
that perform tests).  

State machines are used to represent the actions of each kind of agents. This takes into 
account all the variables that are required to represent the different states in which such agent 
may be throughout the course of time in ED. The change in these variables, invoked by an 
input received from an external source, is modeled as a transition between states. In order to 
control the interactions that take place between agents, both the communication between 
individuals as well as the physical environment in which these individuals interact is 
modeled. 

The remainder of the chapter is organized as follows; section 2 describes the previous 
work. The proposed emergency department model, the simulator features and the details of 
the verification and validation methodology are detailed in section 3. The specific issue of 
optimization is explained in section 4, including the results of the simulation optimization 
experiment and the proposed reduced scheme. Finally, section 5 closes the chapter with 
conclusions and future work. 

2. LITERATURE REVIEW 

Simulation modeling approach started to be used to solve healthcare problems in the US 
and UK more than three decades ago. In 1979 computer simulation was applied to hospital 
systems to improve the scheduling of staff members [9], and in Saunders et al. [23] the aim was 
to quantify the impact that the amount of staff members and beds had on patient throughput 
time. Moreover, a survey of discrete-event simulation in healthcare clinics was presented in Jun 
et al. [13]. Especially over the last decade there have been fruitful efforts in developing 
simulation-optimization models for solving healthcare management problems [1, 26].  

Following Brailsford [4], and taking into account the role of different system modeling 
tools in study of healthcare systems, the models may be classified into three groups: 
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1. Disease models: often used for studying the clinical effectiveness or cost-
effectiveness of some intervention;  

2. Operational or tactical models at the healthcare unit level: used for capacity planning, 
resource allocation and process redesign;  

3. And finally strategic or system-wide models, which often do not model individual 
patients at all. 

 
Discrete event simulation (DES), system dynamics (SD) and agent-based modeling and 

simulation (ABMS) are the main three approaches used in simulation of healthcare systems. 
There is a large and growing body of literature describing the use of DES and SD models in 
Emergency Department studies. However there are few reports of the use of ABMS for this 
purpose, although healthcare systems are based on human actions and interactions, and the 
ability of ABMS to represent this makes it an appealing approach, while DES is not well 
suited to model them [5]. The potential of the use of agent-based modeling and simulations 
techniques in emergency departments modeling is clearly illustrated and shown in 
Kanagarajah et al. [14], Günal [8] and Staindsby et al. [24].  

Modeling techniques using agents can bring the most benefit when they are applied in 
human systems in which agents exhibit complex and stochastic behavior and the interaction 
between agents are heterogeneous and complex [3]. In the particular case of social sciences 
ABMS is used in situations in which human behavior cannot be predicted using classical 
methods such as qualitative or statistical analysis [17].  

Paulussen et al. [18] describe a multi-agent based approach to patient scheduling in 
Hospitals. In such a system patients and hospital resources are implemented as autonomous 
agents in which the resource agents only see patients as entities to be treated, and the patient 
agents only see the medical actions as tasks that need to be performed. The coordination of 
patients is achieved through a market mechanism. Patient agents negotiate with each other 
over scarce hospital resources, using state health dependent cost functions to compute bid and 
ask prices for time slots. Within this concept, stochastic processing times and variable 
pathways are considered. Unfortunately the system doesn’t take into consideration patient 
variety or the different kinds of healthcare staff.  

In 2008 Hutzschenreuter et al. [10] present an agent-based simulation and evaluation tool 
for patient admission scheduling, with the aim of achieving an efficient use of the hospital 
resources through the combination of different profiles of resource use. The proposed system 
includes multiple patient groups with stochastic arrival and treatment pathways. Authors also 
present an approach to optimize resource management using the model with brute-force. 
Again the model focuses on hospital domain, specifically in cardiothoracic surgery, and 
considers 4 different profiles of patients. Such patients are only differenced by their Length of 
Stay type and their distribution of arrival, which means that the patient’s behavior is not 
actually modeled. The different hospital units are considered as agents. For this kind of agent 
the model considers the amount of resources, the cost, the resources availability and the 
scheduling policy.   

The work carried out by Jones et al. [12] is a specific example of simulation applied to 
Hospital Emergency Departments. Authors present an agent based simulation tool, developed 
with NetLogo, and designed to evaluate the impact of various physician staffing 
configurations on patient waiting times. One of the limitations of the model is that it only 
considers physicians and patients, missing the other ED staff. In addition, both the 
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programmed rules for the physicians and the patients’ model are too simple, and it only takes 
into account 3 characteristics: acuity, discharge position, and length of service time. These 
simplifications become the non-realistic model. Moreover, the work only focus on door-to-
doc time (the time between the patients’ arrival to the ED, and when they are called by a 
physician), but it has not taken into account what happens during the “diagnostic and 
treatment process”.  

One of the few works that has been carried out with real data is Laskowski et al. [16]. 
The authors describe an agent based model of an emergency department and its utility for 
evaluating workflow and assessing patient diversion policies. The simulation includes 
multiple emergency departments in order to evaluate redirection policies of ambulances or 
patients. The proposed agent-based model allows simulating a number of emergency 
departments and introduces a method of extracting real time patient data from emergency 
departments throughout a city, with the overall objective of evaluating alternative patient-
diversion policies. 

There is another work in which Netlogo is used to simulate the workflow of an 
emergency department [25]. This work introduces an agent-based simulation which models 
various phases in ED workflow, such as triage, nurse screen, resident exam, attending exam, 
lab/radiology, and disposition. Unfortunately, real data is not used, and the acuity of patients 
is not considered. In the words of the authors, the workflow and rules that control the agents’ 
behavior are very simple and not realistic, and it is not applicable to different ED.  

In some works simulation optimization is used to improve the operation of ED. 
Ruohonen et al. [20] use a commercial simulation package for developing a simulation model 
which describes the operations in the Emergency Department of Special Health Care at the 
Central Hospital of Jyväskylä, Finland. The tool was used to test different process scenarios, 
allocation of resources and perform activity based cost analysis. By using the simulation 
model authors identify a new operational method (Triage-team method) that permits 
improving the effectiveness of the Emergency Department of Special Health Care. Although 
it is not an Agent-Based Model, it includes the different units of the ED (trauma, surgery, 
neurology, internal medicine and Children’s medicine), 3 different entities (patients, blood 
tests samples and laboratories test results), and 5 different resources (Secretary, Nurse, 
Doctor, Lab Staff and X-ray Staff). One of the main limitations is that the model doesn’t 
consider different kinds of patients or ED staff (in terms of level of experience).  

Ahmed et al. [1] design a decision support system, based on the Discrete Event 
Simulation approach, for the operation of an emergency department unit in a governmental 
hospital in Kuwait. They present a methodology that uses system simulation combined with 
optimization to determine the optimal number of staff members required to maximize patient 
throughput and to reduce patient time in the system subject to budget restrictions. Such 
methodology involves a complex stochastic objective function under to deterministic and 
stochastic set of restrictions.  

An evolutionary multi-objective optimization approach is used for dynamic allocation of 
resources in hospital practice in the work carried out by Hutzschenreuter et al. [11] referenced 
above, while Persson et al. [19] found that combining agent-based approaches and classical 
optimization techniques complement each other. Specifically these authors compare the 
strengths and weaknesses of agent-based and classical optimization approaches and evaluate 
their appropriateness for the specific case of the dynamic distributed resource allocation. With 
the purpose of finding approaches capitalizing on the strengths of both of them, they carried 
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out some experiments that permit identifying two promising hybrid approaches: using coarse 
planning and embedded optimization techniques 

The model presented in this chapter is a specific case of operational model. The proposal 
addresses many of the issues surrounding the modeling and simulation of a hospital 
emergency department using agent-based paradigm. In an attempt to understand micro-level 
behavior the basic rules governing the actions of the individual agents are defined. Macro-
level behavior, which means the system as a whole, emerges as a result of the actions of these 
basic building blocks, from which an understanding of the reasons of system-level behavior 
can be derived.  

Compared with previous work, the model presented in this chapter offers two main 
remarkable improvements. On one hand, the generality of the model, which means the 
possibility of applying model and simulation in different hospital ED, after a previous 
adjustment of the configuration parameters achieved through the tuning process that is 
described in section 3.7. On the other hand, the variety and typology of agents are richer. The 
variety of patients in this model is higher and more realistic that the one found in the models 
of previous works. In addition, the model includes ED Staff (admission staff, sanitarian 
technicians, nurses, doctors, etc) and devices (Information System Infrastructure, radiology 
services, laboratory tests, etc) that aren't considered in other consulted works. Moreover, in 
the case of the ED staff, it takes into account different levels of expertise. Undoubtedly, all 
these elements may affect the patients’ LoS, thus in the performance of the emergency 
department.  

3. AGENT BASED MODEL OF THE EMERGENCY DEPARTMENT 

As explained beforehand, the emergency department model has been designed through 
the information obtained during the round of interviews carried out with ED staff at the 
Hospital of Mataro and the Hospital of Sabadell. It is a pure Agent-Based Model, formed 
entirely of the rules governing the behavior of the individual agents which populate an ED. 
Two kinds of agents have been identified, active and passive. Active agents represent people, 
who act upon their own initiative:  

 
1. Patients.  
2. Admission staff: who receive patients just when they arrive at the ED.  
3. Healthcare technicians: who help certain patients to move from one place to another 

of the ED. 
4. Triage and emergency nurses: the former receive patients after their admission for 

establishing their priority level. The second involved in the diagnosis and treatment 
phase.  

5. And doctors.  
 
Passive agents represent systems that are solely reactive, such as the loudspeaker system 

(that is used by ED Staff to communicate with patients that are in the waiting rooms), patient 
information system, pneumatic pipes (that are used to send the trials from the diagnostic zone 
to labs), and central diagnostic services (radiology service and laboratories).  
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The ED is divided into different zones in which different types of agents may act, 
maintaining interactions that also may be different. Such interactions are carried out through 
communication. For this reason the model includes both the environment and a 
communication model.  

The various components of the general model are described in detail in this section. 
Sections 3.1 and 3.2 explain the manner in which active agents and passive agents, 
respectively, have been modeled. State variables are discussed in section 3.3. The 
communication model is defined in section 3.4 and the details of the environment are outlined 
in section 3.5. Section 3.6 presents information about the simulation implementation, and 
finally the model verification and validation is explained in section 3.7.  

3.1. Active Agents 

With the purpose of considering the most significant features of agents (interaction with 
the environment and other agents, their internal situation, their evolution over time, etc), the 
behavior of active agents has been modeled using Moore State Machines [15]. The Agent will 
remain in a specific state until, through interaction with other agents, they receive an Input 
(an Output generated by other agents) which causes a change in the state of such agent, 
generating an Output sent to the agent with whom they are interacting. As example (Figure 
1), when the patient is waiting for being examined by the physician (initial state of the 
patient), upon receiving a question from the doctor (which is an Input received for patient, 
and an Output generated by the physician), he changes his state, and proceeds to answer the 
question (new state) providing the required information (Output generated by the patient, 
Input received by the physician). 

 

 

Figure 1. Formal representation, using state machines, of the interaction carried out between patient and 
physician during the exploration phase. 



Modeling, Simulation and Optimization of Resources Management … 9

The agent’s state machine will move to the next state (St+1) following the transition, 
which may be another state or the same one in which agent was before the transition. The 
input may be more accurately described as an input vector (I) that contains a number of input 
variables, each one of which may take a number of different values. As this is a Moore 
machine, the output only depends on the state, so each state has its own output, although 
various states may have outputs that are identical. Again, the output is more accurately 
described as an output vector (O), a collection of output variables, each with a number of 
defined possible values. Transitions between states depend on the current state at time t (St) 
and the input at time t (It). 

In complex systems such EDs the model is not entirely deterministic. In this case, given a 
current state and an input combination, the state machine can be modeled with more than one 
possible next state. Each one of the input variables of the input vector may take a number of 
different values, and the state transition is defined with probabilities on the “effect” of the input. 
The question of which transition is made is chosen randomly at the time of the transition. 

The state machine can be represented as a diagram (figure 2) but also in form of a state 
transition table (figure 3). The diagram shows the current state, SX, that may receive the input Ia 
and move to either state Sy, state Sz, or remain in the same state, with a probability of p1, p2, 
and p3 respectively. One of these transitions will always occur, which is to say p1 + p2 + p3 = 1.  

 

 

Figure 2. Probabilistic state transition diagram. 

In the case of the table each row represents a unique state-input combination, showing the 
output and the state in the next time step (defined by the current state and the input). 

3.2. Passive Agents 

Passive agents represent services within the hospital system such as the information 
technology infrastructure (which allows storing patient details), radiology services and other 
laboratory tests, as well as specialist systems such as the pneumatic tube networks that some 
larger hospitals use to transfer samples from one part of a building to another quickly. In 
some of these kinds of agents the state machine will be a simple system for interacting with 
active agents. In order to represent data storage or other systems that may have a very large 
number of combinational states, a simple memory model will be used. A passive agent may 
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(although it is not necessary) have a simple record based memory system, allowing it to store 
and repeat information provided by active agents.  

 

 
Figure 3. Probabilistic state transition table. 

Table 1. Initial selection of state variables and their values 

Variables Values 
Name/identifier <id> Unique per agent 
Location <location> Entrance; admissions waiting zone, admissions desk “X” ; waiting 

room “X”; triage box “X”; Consultancy Room “X”; Treatment 
Booth “X”; ... 

Action Idle; requesting information from <id>; giving information to <id>; 
searching; moving to <location>  

Acuity level I; II; III; IV; V  
Communication skills Low; medium; high 
Level of experience (ED 
Staff) 

None; Low; medium; high. 

3.3. State Variables 

The agent's state is defined by a collection of state variables, each with different possible 
values, so that each state corresponds to a particular combination of values of these variables. 
The transition will occur after receiving an input that causes a change in the value of one or 
more of these variables. Table 1 shows the set of state variables (and some of their possible 
values) that have been defined through a round of interviews, based on the minimum amount 
of information required to model each patient and member of staff.  

Thus the initial set of state variables is:  
 
 Name/identifier: for identifying each individual 
 Location: for identifying the area of the ED where the individual is at each moment. 

The kind of active agents (specifically the ED Staff) who may be present and the 
kind of interactions that may occur are different in each ED area.  

 Action: what the individual is doing in a particular state. The actions will be different 
depending on the agent and the place where such an agent is. Actions normally 
consume a specific amount of time, which will influence the patient's total Length of 
Stay in the emergency department.  

Current state /  
Output 

 
Input 

Next state / 
Output 

-- -- -- 
Sx / Ox Ia(p1) Sy / Oy 
Sx / Ox 

Sx / Ox 

-- 

Ia(p2) 
Ia(p3) 

-- 

Sz / Oz 

Sx / Ox 

-- 
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 Acuity level: depending on the physical condition and the symptoms of patients, they 
are classified in 5 different levels of acuity and priority, from I (the maximum level) to 
V (the minimum), following the acuity scale used in Spanish Emergency Services [6].  

 Communication skills: the time spent during a specific process will depend on the 
agent’s ability to communicate. This variable has sense for both patients and ED 
staff.  

 Level of experience: this only has sense for ED Staff. The time required by the Staff 
to complete a specific process will depend on their experience. The higher the 
experience is, the lower the time required will be.  

3.4. Communication Model  

The interaction between agents is carried out through communication, which is modeled 
as the input that agents receive and the outputs that they produce. The communication model 
represents three basic types of communication:  

 
1. 1-to-1: between two individuals. In this type the message has a single source and a 

single destination, as happens between admission staff and patient, during the 
admission process.  

2. 1-to-n: this represents an individual addressing a message to a group, like a doctor 
giving information to the patient and a nurse during the diagnostic process. 

3. and 1-to-location: when an individual speaks to all occupants of a specific area, for 
instance when any staff member uses the speaker system to address a message to all 
the people who are in a specific waiting room. 

 

 

Figure 4. Basic types of communication. 

Implicit or passive communication also exists, where an agent may be producing 
communication whilst just in a certain area. This is the manner in which agent vision, what 
each agent sees, can be represented using the same model. An agent is continuously emitting 
messages with regard to their visible physical status and location; other agents receive these 
1-to-location messages and may act upon them in certain circumstances. For instance an 
agent waiting for another agent in a certain area will receive communication that the agent 
has entered and act upon it, representing, for example, a nurse seeing a patient enter a triage 
room and attending them. 
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3.5. Environment 

The ED is divided into different zones in which different types of agents may act, 
maintaining interactions that also may be different. For this reason the model includes the 
environment, but using a low level of positional precision, because it is enough to identify the 
areas and the distance between them, to take into account the time required to move from one 
to another.  

The areas identified through the information obtained during the interviews carried out are:  
 
 Admissions: where patients have to be addressed just when they arrive to the 

emergency department, and Admission Staff will register their arrival.  
 Triage Booth: where a “triage nurse” will receive the patient, will take their vital 

signs and obtain some additional information in order to identify the priority level 
with which patients will be attended. 

 Waiting Rooms (WR): there are two different waiting rooms. In one of them (WR 1) 
patients and their companions will be waiting for being triaged, after the admission 
process. In the second one (WR 2) patient will remain after the triage process, 
waiting to be called for being attended in the diagnostic and treatment zone.  

 Diagnostic and treatment zone: where doctors, nurses and other ED Staff will carry 
out the diagnostic and treatment process with patients.  

 
Figure 5 shows a representation of topographical distribution of the emergency 

department. Certain locations may be physically distinct but functionally identical, for 
instance the triage rooms or the treatment zone booths. The Simplified ED layout is distinct in 
order to represent that each available room may only be used by one ED Staff-patient group at 
a time. The environment also contains representations of the relative distances between 
different discrete locations. 

3.6. Simulation Implementation  

The simulation of the proposed model has been implemented using the agent-based 
simulation environment NetLogo, a high level platform particularly well-suited for modeling 
complex systems developing over time [2]. NetLogo lets modelers give instructions to 
hundreds or thousands of independent agents, all operating concurrently, which makes it 
possible to explore the connection between the micro-level behavior of individuals and the 
macro-level patterns that emerge from the interaction among many individuals.  

The version of the simulation implemented after finishing the second cycle includes the 
four primary areas: admissions, triage, 3 waiting rooms (one for patients before triage, the 
second for patients after triage process who are waiting for treatment, and the third in the 
treatment area, in which patients wait while having no interaction with physicians), and the 
diagnosis and treatment area. The kind of active agents represented in this simulation are 
patients (P), admission staff (AS), triage nurses (TN), and doctors (D). In the specific case of 
the ED Staff, two distinct levels of experience have been considered (low, labeled as junior, 
and high, labeled as senior).  
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Figure 5. Simplified emergency department layout. 

Depending on physical condition and symptoms of patients, through the triage process 
they are classified in 5 different levels of acuity and priority (from I, the maximum level, to 
V, the minimum) following the Spanish Triage Model, the acuity scale used in the Spanish 
Emergency Services. The diagnosis and treatment process will be different depending on the 
priority level. In addition, in accordance with the organization model used in large Spanish 
EDs, the treatment zone is divided into two different areas: one for treatment of patients with 
a level IV or V, and the other one for the attention of patients with a level I, II or III. 

In the simulation implemented patients arrive at the ED by their own means, and wait to 
be attended in the admission zone. The simulation reads the input information from a text file 
within the data given by the Hospital within the number and typology of patients arriving at 
any time within a 24-hour cycle. Once the admission process has been carried out, the patient 
waits in a first waiting room (WR) until he/she is called by a triage nurse, who takes his/her 
vital signs and obtains some additional information in order to identify the priority level with 
which patient will be attended. After the triage process, the patient goes to a different WR and 
waits there until a doctor is free and calls him to start the process of diagnosis and treatment. 
Once this process has been completed, the patient leaves the ED. In the current version of the 
simulation patients of all the kinds (I to V) are considered until the triage process. But only 
the part of the diagnostic and treatment zone in which patients with a priority level IV or V 
are attended is considered.  

The diagnostic and treatment process for such patients is divided into three phases: 
 

1. Initial evaluation: a phase that takes 20 minutes on average, during which patient and 
physician remain in a treatment booth interacting;  

2. Additional testing: during the first 10 minutes the patient and physician interact in 
the treatment booth, while the test is carried out. After that, the patient leaves the 
booth and waits in the WR until the results are sent. The total duration of this phase 
will depend on the Lab’s workload;  

3. Application of medication or treatment: patient is called to enter a treatment booth, and 
during the first five minutes the physician applies the treatment to the patient. Once the 
treatment has been applied, the patient leaves the booth and will be waiting in the WR 
until the treatment has taken its effects, which on average takes 45 minutes.  
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Considering the information given for the Hospital of Sabadell, 20% of patients attended 
in this zone are discharged after the initial evaluation, the 60% require additional testing, and 
only 20% of the total will remain for medication. The simulator takes into account all theses 
specifications. Figure 6 shows a screenshot of the simulation. 

 

 

Figure 6. Screenshot of Netlogo with the features of the experiment. 

The layout of the different parts of the ED implemented is shown in the central 
framework. The user can set both the number of each one of the different types of the ED 
staff (AS, TN and D), and their level of experience (junior or senior), through the 
configuration console which is on the left-hand side of the interface.  

3.7. Model Verification and Validation  

Taking the definitions of Sargent [22], model verification is the task of ensuring that the 
model behaves as intended, while model validation is the process of determining whether the 
simulation model is a useful or reasonable representation of the real system. With 
verification, the logic of the proposed model is examined, observing overall operations in the 
simulation ED and tracking different types of patients. In the case of validation, the most 
definitive method is to compare the output data from the simulation with the actual data from 
the existing system using formal statistical analyses such as confidence intervals.  

Following the recommendations of Sargent, each one of the model iterations verification 
has been carried out performing the face validity on the conceptual model and exploring the 
simulation model’s behavior. In the specific case of the validation, it only has been developed 
partially because the current version of the simulation is not the final one. In both cases the 
process has been carried out with the participation of the team from the Hospital of Sabadell 
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ED Staff, and it leads us to conclude that both model and simulation represent an ED 
correctly. The techniques applied are: 

 
 Animation: the model’s operational behavior has been displayed graphically. The 

movements of the different parts of the ED are shown graphically during the 
simulation run. 

 Degenerate Tests: the logic of the proposed model has been examined through a 
varied set of experiments detailed below, observing overall operations in the 
simulation ED and tracking different types of patients.  

 Face validity: the Hospital of Sabadell ED Staff has been heavily involved in all the 
process, verifying that the model behaves like the real system.  

Set of Experiments Carried Out 

In order to analyze the behavior of the simulator in front of the variables that can have an 
influence in the ED, the simulation has been executed several times for the equivalent to one 
day of activity. In a first exercise the amount of patients who arrive at the ED has been 
changed, considering four different scenarios in terms of arrival of patients per day: 93, 190, 
284 and 397. The mix of ED Staff has been maintained invariable (1 AS, 2 TN and 4 D, all of 
them with a junior profile). Table 2 shows the results obtained. As expected, with the increase 
of the patients’ arrival, if the available resources don't change, the system becomes saturated, 
which means a gradual increase in Patient’s Length of Stay, in the waiting times at the WR1 
and WR2, and in the number of patients waiting to be attended at the end of execution. In the 
first 2 scenarios, patients are attended without having to queue and there are idle resources, 
which means staff members who do not attend any patient during the execution. In the third 
scenario, some waiting time starts to emerge, although it is insignificant. By contrast, in the 
scenario of maximum patient arrival the average waiting time in WR1 is nearly an hour, and 
2.44 in WR2, and there are a significant number of patients who remain in the waiting room 
without being treated at the end of the execution.  

Table 2. Results obtained with an invariable mix of ED Staff, for an increasing  
arrival of patients 

 
 
A second exercise was carried out to analyze the effects caused by the change in the level 

of experience of ED staff over the throughput of the system. To do this both the patient’s 
arrival and the number of ED staff have been kept invariable, considering 1 admission staff, 1 
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triage nurse an 2 doctors. A total of 12 executions were carried out, one for each of the 
possible combinations by changing the level of experience. The results are shown in table 3.  

Table 3. Results obtained with a variable experience of ED Staff,  
for an invariable arrival of patients 

 
 

First column identifies the execution, the following 6 columns inform of the experience 
of the ED staff (the lowest level identified as Junior, and the highest one as Senior), and the 
last 7 columns (A to G) correspond to the results, using the same kind of information detailed 
in the first column of Table 2 (A-patients who arrived to the ED; B- patients who have 
completed the process during the execution; etc.). Considering the total number of patients 
and the time of stay in the ED, as it was expected the combination of worse outcomes is that 
in which all staff have a junior profile (execution 1, with a total of 135 patients attended, and 
an average time of stay in the service of 7.8 hours) and the best one is that in which all the 
staff have a senior profile (execution 12, with 182 patients and 6.52 hours), representing a 
37% increase in treated patients and a 16.02% reduction in the attention time. Analysis of the 
data also leads us to conclude that the system is more sensitive to changes in the doctors’ 
experience that in the rest of the ED staff. Finally, to reduce the average waiting time and the 
number of patients staying in the WR1, the experience of triage nurses should be improved, 
without changing the admissions staff. The same goes for the WR2, but in this case 
improving the experience of doctors without altering the experience of the triage nurses.  

A third experiment was done in order to analyze the effects caused by the change in the 
number of ED staff over the throughput of the system. In this case the level of experience of 
ED staff stays invariable. A total of 11 executions were carruied out, one for each of the 
possible combinations by changing the number of staff members, taking into account that the 
staff number in one ED area should be equal or bigger than the number in the previous area. 
The results are shown in table 4, whose structure is similar to table 3. The worst combination 
is the execution with the lowest number of professionals (execution 1, with a total of 135 
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patients attended and an average time of 7.8 hours) and the best one is that with the maximum 
number of staff members (execution 11, with 271 patients and 3.8 hours). The increase of 5 
professionals (1 AS, 2 TN and 2 D), generates a 100% increase in the number of treated 
patients, and a 51.28% reduction in the average time of stay. Due to the relative increase is 
higher in the staff of triage area, the results improve in WR1 (waiting time is zero, and there 
are no patient at the end of execution), but worse in the WR2 (number of patients waiting 
increase from 37 to 128, and the average waiting time from 2.45 hours to 3.27).  

Executions 2 and 7 give similar results to those obtained in 1, but using a bigger number 
of professionals. In executions 4, 6 and 9 the number of treated patients is the same as in 
execution 11, but using fewer professionals. However, the average time of stay in the ED is 
higher (9 minutes in executions 4 and 9, and 32 minutes in the implementation 6). 
Considering these results, and the saving of resources, it can be concluded that execution 4 is 
the most optimal combination of the 11. 

Considering the results obtained in these 3 experiments, it can be concluded that the 
gradual increase in the number of ED staff and the improvement of their experience bring 
about a gradual growth in the number of patients treated. In addition, to minimize waiting 
times in the different WR, a balanced distribution of both the number of different kinds of ED 
staff and their level of experience is important. Therefore, staff shortages can be partly solved 
by involving staff of higher experience.  

Finally the model and simulation have been used for evaluating the effects over the ED 
performance (LoS and number of patients attended) of the derivation to ambulatory and 
primary care services of patients who go to emergency service without requiring urgent 
attention [21]. The derivation will be done after the triage process, the phase in which the 
priority level of patients is identified.  

Table 4. Results obtained with a variable number of ED Staff,  
for an invariable arrival of patients 

 
 
Simulation has been executed for the equivalent of one day of activity, considering the 

arrival information at the Hospital of Sabadell ED, specifically during February 2012 (daily 
average of 397 patients, the 43.22% with level of acuity IV, the 25.35% with V), and the mix 
of Staff informed by such hospital (2 admission staff with senior profile, 2 triage nurses with 
junior profile, and 3 doctors, 1 senior and 2 juniors). Concerning the derivation percentage of 
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patients with the lowest level of acuity, level V (the percentage of patients with level V that 
are sent to other health care units, and leave the ED after the triage process), six different 
scenarios have been considered: 0%, 20%, 40%, 60%, 80% and 100%. For each percentage 
four simulations have been executed, each one of them with a different seed. The data taken 
for each percentage of derivation is the average of the results obtained in the four executions.  

The ED performance has been measured through three indicators: 1) number of patients 
of each acuity level (IV and V) who complete the process during the execution; 2) the 
percentage that treated patients represent over the number of patients arrived (calculated 
separately for patients IV and V); 3) and Length of Stay. The results obtained are shown in 
figures 7 and 8.  

With 0% derivation (which means that all the patients with a level V of acuity are 
attended in the diagnostic and treatment zone), only 136 patients complete the process during 
the execution (51 of kind V and 85 of kind IV), in front of 174 (60 of kind V and 114 of kind 
IV) when the derivation is 100% (all the patients with a level V of acuity leave the ED after 
the triage process). This represents an increase of the 27.94% in the patients attended (34.12% 
in the case of patients IV, and 17.65% for patients V).  

 

 

Figure 7. Number of patients that complete the ED process during the execution for different 
percentage of derivation (from 0% to 100%). 

Considering the LoS, with 0% of derivation patients remaining in the ED for an average 
of 4.36 hours (4.12 hours in the case of patients of kind V and 4.36 for patients of kind IV), in 
front of an average 3.73 hours (3.18 in patients of kind V and 3.90 in patients of kind IV) 
when the derivation is 100%, which represents a reduction of 11.80% considering all patients 
(29.50% in the case of patients IV, and 11.79 % for patients V). In conclusion, both the 
number of patients treated and the LoS improve with the increase of the % of derivation. 

Analyzing the occupation level of each one of the physicians, calculated as the 
percentage of time that a physician is attending or interacting with a patient, in relation with 
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the total time available for attending patients, the occupation level is lower as the percentage 
of derivation increases (66.01% with 0% of derivation, 53.13% with 40 % and 44.71% with 
100% of derivation). Taking this information into account, a new execution was carried out, 
now reducing the number of doctors to 2, both with junior profile, and considering a 100% 
derivation. With this new mix of Staff, the occupation level increases to 63.96% and the LoS 
of patients with a IV level of acuity is 4.21 hours, which means an increase of 18 minutes. In 
conclusion, despite the lower number of physicians, a very similar performance is achieved.  

 

 

Figure 8. Average LoS (in hours) of patients that complete the ED process during the execution for 
different % of derivation (0% to 100%). 

Therefore, and as was expected, the results obtained show that the derivation of patients 
that don’t require urgent attention leads to a reduction in the LoS of the patients that remain in 
the ED. Even more than the number of physicians required in the zone in which patients are 
attended with level of priority IV or V is lower, which makes it possible to move some of 
them to other parts of the ED. It is important to take into account that these results are not 
conclusive because the experiments have been carried out before the tuning process that 
ensures the proper adjustment of the simulator with the ED of the Hospital of Sabadell. 

Model Validation 

The most definitive validation method is to compare the output data from the simulation 
with the actual data from the existing system using formal statistical analyses such as 
confidence intervals. This will be done following a two-step process described below.  

The first step will be to carry out a tuning process between the simulation and the real 
system. Configuration variables (number of admission desks, number of triage boxes, number 
of attention boxes, number of the different kind of ED staff, etc) and input data (number and 
kind of patients that arrive at the ED during each one of the hours of the period of time 
considered) from the hospital (real system) will be introduced in the simulator, and parallel 
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simulations will be performed changing the value of the parameters that have to be adjusted 
(time required by each one of the kinds of ED staff for completing each one of the processes 
that each kind of ED staff has to carry out) in each one of them. Results obtained (average time 
that each kind of patient spends in each one of the parts of the ED, number of patients treated 
during the period of time considered, etc,) will be compared in order to identify if the similarity 
between simulation and real achieves the requested level. The value of parameters that produce 
the best similarity level will be selected and incorporated into the simulator. 

Once the first step has been completed, the second step will consist of testing its 
predictive power (predictive validation), using the model to predict the system’s behavior, 
which means comparing output data of the system’s behavior with the model’s forecast to 
determine if they are similar enough. Information from the same hospital will be necessary 
but now referred to a different period. The information related to the configuration variables 
and input data will be introduced into the simulation, this time with the values of the 
parameters obtained in the tuning phase. Results obtained through the execution of the 
simulation will be compared with data from real system for identifying its similarity level and 
if the predictive ability of the simulator achieves the proper level. To obtain a high degree of 
confidence, comparisons of the model’s and system’s output behaviors for several different 
sets of experimental conditions will be carried out.  

After completing the process described above, the simulator will be ready to be used as 
DSS with the objective of answering “what if” questions (the effects of alternative mixes of 
ED staff on the amount of patients attended, and also over the LoS of patients; in case of a 
specific pandemic, for example flu, to explore the mix of ED Staff that results in attending the 
maximum number of patients in the shortest time possible; etc.), as well as aiding healthcare 
managers to make the best informed decisions possible. 

Once the process is completed, the following validation techniques will be applied:  
 
 Internal validity: several replications (runs) of a stochastic model will be made to 

determine the amount of (internal) stochastic variability in the model.  
 Parameter variability: or sensitivity analysis. This technique consists of changing the 

values of the input and internal parameters of the model to determine the effect upon 
the model’s behavior or output, in order to check if the sensitivity of the real system 
is similar to the sensitivity in the model.  
 

Before using the simulator in a different Hospital ED the process described above should 
be repeated (now with Hospital data) for ensuring its predictive capability in relation to this 
specific Hospital. The generality of the simulation is achieved through this process divided in 
two phases.  

4. OPTIMIZATION 

4.1. Description of the Problem 

The optimization problem considered in this chapter aims to find the best emergency 
department staff configuration (doctors (D), triage nurses (N), and admissions (A)), each of 
which may have two possible levels of expertise: low and high, labeled as junior and senior 
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respectively. A junior will require more time to finish a specific process than a senior member 

of staff, but obviously a senior is more expensive in terms of salary than a junior. Time and 

salary of each type, and the amount of them -from 1 up to 3 or 4- are shown in the Table 5.  

Table 5. Information related to the different types of ED Staff: salary,  

time required for completing the process that they have to carry out, 

 and the minimum/maximum quantity of them 

 
 

This represents a combinatorial or multidimensional problem, in which each variable (in 

this case each ED staff member) represents one dimension, which means having three 

dimensions up to now, plus the patients arrival. As has been summarized in the introduction 

section of the chapter, our optimization problem may be expressed through the equation (1): 

 

max / min f (x) 

subject to    

 

where x is the variable, f is a function ( f : C  R), C is the constraint set, and  

such that f (xo) ≤ f (x)  for minimization, and f (xo) ≥ f (x)  for its 

counterpart, maximization. x is discrete, global sampling from x is possible, and f (x) at any 

 cannot be evaluated exactly, and must be estimated via a simulation procedure. As it 

has been said, the objective is to identify the mix of the ED staff that optimize the 

performance of the emergency department, which due to the complexity of the system, needs 

to be estimated via a simulation.  

Figure 9 shows such a combinatorial problem (figure 9a shows it for doctors, while figure 

9b for nurses and figure 9c for admission personnel) that can take a lot of time to be solved. 

This implies that specific configurations have to be simulated several times, changing the 

parameters to show different probabilities, for the purpose of generating a set of results from 

which particular effects can be concluded. In this initial approach the search for the optimum 

was done through an exhaustive trawl, even though it implies a lot of search time, it is 

guaranteed that the optimum was found.  

The simulator is used as a black box, even though the more realistic the simulator is, the 

better results and optimizations are. The present scenario adopted for the experiments is to 

simulate patients moving through a simplified ED that includes four primary areas: 

admissions, 3 triage booths, 2 waiting rooms, and the 4 diagnosis and treatment booths. For 

simplicity, only four different types of active agents are considered: patients, admission staff, 

nurses, and doctors. ED staff members have two levels of expertise: junior or senior. In order 

to validate the simulator, basic patient attributes set as well as simple patient flow have been 

defined. Patients arrive to the ED by their own means, and wait to be attended in the 

admission area. Then, patients wait in the first Waiting Room (WR), WR1, until a triage 
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nurse calls them. After the triage process patients go to a second WR2, and wait there until a 
free doctor call them to begin the diagnosis, and treatment, which depends on the patient’s 
symptoms, and physical condition, as well as prescribed tests. In the end, patients are 
discharged from the ED. Even though realistic treatment is based on the acuity of patients, in 
this simulation patients follow the same path throughout the ED. Concerning to the patients’ 
arrival, four different scenarios have been considered (84, 186, 298 and 394 patients), 
identified as 20, 40, 60 and 80 respectively.  

 

 

Figure 9. Combinations of sanitarian staff: Doctors (D), Nurses (N) and Admission (A) personnel. Two 
kinds of expertise: Junior (J), and Senior (S). 

Even with this much reduced setting of an ED the search space is large. Such search 
space has 4,536 combinations to find out which is the best or optimum that minimizes a 
desire index, under some restrictions. These combinations result in assuming a combination 
of two types -junior or senior- of up to 4 doctors, 3 nurses, 3 admissions (showed in Figure 1), 
and 4 different scenarios of patients arrival (i.e. 14 × 9 × 9 × 4). The period simulated was 24 
hours in one day, which represent 25,000 ticks for all the experiments, as well as the same 
random seed, and an average input of 400 patients, which is the average incoming patient that 
the heads of Hospital of Sabadell ED we are working with have reported. 

One index was set in order to evaluate the utility of the Agent-Based ED simulator for 
optimizing resources. All simulations were carried out using the simulator already explained, 
using the BehaviorSpace tool, serially and using an IBM cluster, which has 32 compute nodes 
with 2 x Dual-Core Intel(R) Xeon(R) CPU 5160 running at 3.00GHz, with 12 GB of RAM, 
and 4MB of L2 share cache (2x2). 

4.2. Experiment 

The objective of this index is to minimize patients’ LoS, with a budget constraint lower 
than or equal to 3,500 e. This cost restriction is formed by the salary of each member of 
healthcare staff that constitutes the corresponding configuration and which can be represented 
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as follows: Cost = Σβij x λij; where β=person and 	= salary, i = D, N, A and j = S, J. Thus, 
such an index is expressed mathematically in equation (2). 

 
Minimize length of stay (LoS) f (D, N, A) 
subject to Cost ≤ 3,500  (2) 
 
The results are shown in Figures 10 and 11; where the blue points are the staff 

configuration that satisfies the constraint, while the green and red points are the minimum for 
each case. Each staff configuration that got the minimum is presented in Figures 10c, 10d, 
11c, and 11d, as well as the cost of the staff configuration. From Figures 10a and 10c, there 
are three different staff configurations that got the minimum time, but with different costs. 
Also, in the same Figure 10a it can be appreciated that there are many other staff 
configurations that are quite close to the minimum time, but with less cost. 

In the other cases, where patient arrival increases, i.e. there is a higher probability; there 
are only few staff configurations around the minimum, or clearly only one. Not only does the 
patient arrival increase, but so does the minimum average patient stay time, as expected, as 
well as the cost of the staff configuration, and also the standard deviation of the average 
patient stay time. The amount of patients increases in waiting rooms, both WR1 and WR2 at 
times t1, t2, t3, and t4 (each time represents every 7,500 ticks of simulation), and finally the 
amount of unattended patients increases as well. In Table 6 all these results are shown. It is 
noticed when the patient arrival is high, scenario 80, patients in waiting rooms increase, i.e. 
the ED becomes overcrowded. 

 

 

Figure 10. Average patients’ LoS. Red and green color points are the minimum. 

It is worth pointing out that each of the plotted points were being run on the simulator as 
many times as points there are, i.e. for each case the optimum red and green points were 
obtained through an exhaustive search, which implies that all the scenarios that satisfy the 
restrictions should be executed on the simulator. This implies a lot of computing time, even 



Manel Taboada, Eduardo Cabrera, Emilio Luque et al. 24 

though parametric executions, through NetLogo’s Behavior Space tool were used. Therefore, 

when an entire and not a simplified ED is used, the number of cases that have to be tested 

through an exhaustive search will be extensive. In order to reduce computational cost an 

intelligent search, rather than exhaustive, must be used. 

 

 

Figure 11. Average patients’ LoS. Red color points are the minimum. 

Table 6. Results for the best average (minimum) for each one of the four scenarios 

 

4.3. Proposed Reduced Scheme 

On the one hand, in Figures 10a and 10b there are different staff configurations that got 

the minimum time, but with different costs, as well as there being many other staff scenarios 

that are quite close to the minimum time, but with a lower cost, i.e, these other solutions are 

sub-optima. On the other hand, when patient arrival increases, there are only few staff 

configurations around the minimum, as can be seen in Figures 11a and 11b. These 

configurations lie near the region where the optimum is, and they are identified by red circles 

in Figures 10 and 11. The red circle delimits a region, which is not only where the optimum 

is, but also where sub-optima can be found. Some of such sub-optima configurations could be 

selected instead of the optimum one, because with a little less LoS they have a cheaper cost. 

The region is identified visually through Figures 10 and 11, and it can be summarized in 

Figure 12. In this figure the blue points that lie in the red parabola delimit a wide region 

where different configurations yield different LoS with huge difference in cost, i.e. the region 

is wide or there are not many points near the minimum. On the contrary, the green curve and 

 

Scenario 

Time 
(ticks) 

Ơ 

avg.  time 

 

Cost (€) 

attended 

patients 

unattended  

patients 

WR 1 

t1, t2, t3, t4 

WR 2 

t1, t2, t3, t4 

20 428 48 (11%) 2,850 83 1 0,0,0,0 0,0,0,0 

40 514 81.5  (15.9%) 3,150 182 4 0,0,0,1 0,0,0,0 

60 790 174.5 (22.1%) 3,400 290 8 1,2,0,1 3,2,4,1 

80 3,266 1670.4  (51.2%) 3,350 294 100 8,19,32,43 12,25,37,51 
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the blue points in it represent a broad region with many points near the optimum. These other 
points are sub-optima and can perfectly be chosen as a solution to the problem. 

 

 

Figure 12. Two different curves where clearly exists only one optimum in the red parabola, while in the 
green curve there are points nearby the optimum, i.e. they are sub optima. 

It was identified that when ordering simulation points (ordered by ticks or weighted time 
(t*) of staff configuration), before plotting it resembles the operation of a pipeline. The 
ordered and non-ordered data are shown in Tables 7, 8 and 9. Thus, a computationally 
simplified model of ED as a pipeline scheme was implemented in order to verify this 
assumption. The pipeline scheme proposed is described as follows: patients continue arriving 
at the service, when only one admission personnel, nurse and doctor are available the ED can 
be seen as a single queue system, whereas when more than one member of staff is available 
patients are attended as if they are many parallel servers. When the pipe is full, i.e. all 
healthcare staff (admission personnel, nurses and doctors are busy) and the previous queues 
of triage and diagnostic are occupied, then every certain ticks one patient being discharged 
from the ED (ideally, because it depends on the patient’s acuity). This weighted time can be 
expressed as in equation 3: 

 

 (3) 

 
Therefore, the proposal is to use a computationally simplified model of ED which 

consists of pipelines, i.e. the ED can be viewed as a set of pipelines connected among them. 
This can be observed in Figure 13. This alternative option to find the optimum, or the region 
where the optimum is, can lead us to find out the optimum or sub-optimum values in a clever 
way, reducing the computing time and the region where the optimum lies. Once the region 
has been identified using this scheme, the Agent-Based ED simulator can be executed 
exhaustively on it. The Figure 14 shows a scattered 3D graph of Figure 10a. Using this graph 
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nothing can be concluded about a region where the optimum and sub-optimum are, whilst the 
same data but previously ordered according to the first column of the Tables 7, 8 and 9, and 
obtained through the computationally simplified model of ED, the pipeline scheme, is shown 
in Figure 15. In this graph the region where the optimum and suboptimum lie is clearly 
identified. In such a region, an exhaustive but reduced search may be carried out in order to 
find out the optimum by using an intelligent way. 

 

 

Figure 13. The proposal ED computationally simplified. 

Table 7. Ordering data according to working time of each staff configuration of Doctors 

Ordered t* Non ordered DR1 DR2 DR3 DR4 € t (ticks) t * (ticks) 
1 10 DS DS DS DS 4000 260 65 
2 14 DS DS DS DJ 3500 350 69.5 
3 13 DS DS DJ DJ 3000 350 74.6 
4 12 DS DJ DJ DJ 2500 350 80.5 
5 6 DS DS DS  3000 260 86.7 
6 11 DJ DJ DJ DJ 2000 350 87.5 
7 9 DS DS DJ  2500 350 94.8 
8 8 DS DJ DJ  2000 350 104.6 
9 7 DJ DJ DJ 1500 350 116.7 

10 3 DS DS   2000 260 130 
11 5 DS DJ   1500 350 149 
12 4 DJ DJ   1000 350 175 
13 1 DS    1000 260 260 
14 2 DJ 500 350 350  
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Table 8. Ordering data according to working time of each staff configuration of Nurses 

Ordered t* Non ordered TR1 TR2 TR3 € t (ticks) t * (ticks) 
1 6 NS NS NS 1500 90 30 
2 9 NS NS NJ 1350 130 33.4 
3 8 NS NJ NJ 1200 130 37.7 
4 7 NJ NJ NJ 1050 130 43.3 
5 3 NS NS  1000 90 45 
6 5 NS NJ  850 130 53.2 
7 4 NJ NJ  700 130 65 
8 1 NS   500 90 90 
9 2 NJ   350 130 130  

Table 9. Ordering data according to working time of each staff configuration of 
Admission personnel 

Ordered t* Non ordered A1 A2 A3 € t (ticks) t * (ticks) 
1 6 AS AS AS 600 20 6.7 
2 9 AS AS AJ 550 35 7.8 
3 8 AS AJ AJ 500 35 9.3 
4 3 AS AS  400 20 10 
5 7 AJ AJ AJ 450 35 11.7 
6 5 AS AJ  350 35 12.7 
7 4 AJ AJ  300 35 17.5 
8 1 AS   200 20 20 
9 2 AJ   150 35 35 

 

 

Figure 14. Scattered 3D graph using the second column of the Tables 7, 8 and 9, where there is a lack 
of order in staff configuration. 
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Figure 15. Isosurfaces graph using the first column of Tables 7, 8 and 9, ordered by weighted time 
pipeline (t*). 

CONCLUSION 

A concrete example of an Agent-Based Model for hospital emergency departments has 
been presented, which represents a hospital ED-following system analysis performed at a 
number of different hospitals, under the advice of healthcare professionals with many years’ 
experience. It is a pure Agent-Based Model, formed entirely of the rules governing the 
behavior of the individual agents which populate an ED. Two kinds of agents have been 
identified, active and passive. Active agents represent people who act upon their own 
initiative (patients, admission staff, sanitarian technicians, triage and emergency nurses, and 
doctors), passive agents represent systems that are solely reactive, such as the loudspeaker 
system, the patient information system, and central diagnostic services.  

The model uses state machine based agents which act and communicate within a defined 
environment, providing the ability to study the dynamic of complex systems without the 
difficulty of obtaining exhaustive system descriptions required by other modeling paradigms. 
The simulation of the model has been implemented using NetLogo, an agent-based simulation 
environment, and the verification and validation of the model have been carried out 
displaying the model’s operational behavior graphically, examining its logic through a varied 
set of experiments, and finally with the participation of the ED Staff of the Hospital of 
Sabadell, who have verified that the model behaves like the real system.  

One index was set to evaluate the operation of the Agent-Based Emergency Department 
simulator. Although the search of the optimum was carried out through an exhaustive search, 
which implies a lot of search time, the results were encouraging, since they not only showed 
what was expected, that the greater the amount and experience of the staff, the lower the 
average patient LoS is, but they also showed interesting results when standard deviation is 
analyzed. Simulation allows us to understand and to analyze the problem better. Nevertheless, 
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even with this pretty small problem size the amount of combinations is large, as is the 
execution time. Moreover, the resources needed in order to carry out statistical sensitivity 
analysis for longer periods are huge, first to reproduce and then to forecast. Therefore, a better 
approach optimization, rather than exhaustive search, must be used. This approach consists of 
the use of a computationally simplified model of ED, as a pipeline scheme. The results using 
such an approach have not only been promising, but also computationally not as intense as the 
computing using exhaustive search. 

In the next stage the definitive validation method will be carried out by comparing the 
output data from the simulation with the actual data from the existing system using formal 
statistical analyses. This will be done following the two-step process described above, by first 
executing several replications (runs) to determine the amount of (internal) stochastic 
variability in the model, and second by a sensitivity analysis. This will require applying 
parallelization techniques and High Performance Computing. From this point, the simulation 
will be ready to be used as the core component of a decision support system to aid hospital 
administrators make better use of resources, achieving a more efficient and improved patient 
care cycle. This in turn will allow better management of dynamic patient flow, either as a 
result of specific circumstances (pandemics, disasters, etc) or seasonal fluctuation. 

In addition, the proposed alternative methodology scheme, the pipeline scheme has to be 
tested with a more detailed ED facility, as well as more healthcare staff and a more realistic 
budget. Again, due to the multidimensional nature of the problem, i.e. a large amount of 
individuals as well as the number of states in the state machine of each individual, different 
time periods, and the multi-objective optimization problem, a large amount of values should 
be computed; therefore, the use of High Performance Computing will be mandatory. 
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