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ABSTRACT
Given the non-repeatability, complexity, and unpredictability of unconventional public health emergencies,
building accurate models and making effective response decisions based only on traditional prediction–
response decision-making methods are difficult. To solve this problem, under the scenario–response
paradigm and theories on parallel emergencymanagement and discrete event system (DES), the parallel
simulation decision-making framework (PSDF), which includes the methods of abstract modeling,
simulation operation, decision-making optimization, andparallel control, is proposed for unconventional
public health emergency response processes. Furthermore, with the example of the severe acute respi-
ratory syndrome (SARS) response process, the evolutionary scenarios that include infected patients and
diagnostic processes are transformed into simulation processes. Then, the validity and operability of the
DES–PSDF method proposed in this paper are verified by the results of a simulation experiment. The
resultsdemonstratedthat, in thecaseof insufficientpriorknowledge,effectiveparallel simulationmodels
can be constructed and improved dynamically by multi-stage parallel controlling. Public health system
bottlenecks and relevant effective response solutions can also be obtained by iterative simulation and
optimizing decisions. To meet the urgent requirements of emergency response, the DES–PSDF method
introduces a new response decision-making concept for unconventional public health emergencies.

Key Words: discrete event system, parallel emergency management, simulation decision, unconventional
public health emergency

INTRODUCTION
Given the inherent characteristics of non-repetition,
complexity, unpredictability of unconventional public
health emergencies, such as severe acute respiratory syn-
drome (SARS) and H1N1,1,2 which have no historical
precedent, the evolutionarymechanisms of the scenarios
and parameters of the prediction models of such emer-
gencies cannot be found and described in short time.
Moreover, effective response solutions are difficult to
attain under traditional decision-making methods.3

For example, after the SARS outbreaks, numerous pos-
sibly infected patients needed to be diagnosed and cured
urgently. However, first, the dynamic parameters (such
as types, states, numbers and increasing rates of patients,
and transmission patterns of disease) for reflecting dis-
ease situations are unclear. Second, the response demand
(such as medical staffs, equipments, and drugs) changes
with the uncertain quality and quantity of patients.
Furthermore, considering the complex revolution proc-
esses of emergency scenarios and the dynamic working
intensities and environments, the level of the response
performances of medical staffs and equipment is erratic.

In the situation described previously, the traditional pre-
diction–response modeling and simulation methods are
ineffective for representing the complex emergency sce-
narios and controlling the existing emergency medical
response system. Distinguished from the prediction–
response paradigm, the scenario–response paradigm is
based on parallel simulation and bottom-up modeling.
By modeling the individual and their interactive rela-
tionships of the scenarios, we can dynamically build
the artificial society and simulate the disaster scenarios
to increasingly emulate the real world.4 Therefore,
how to construct and improve the simulation models
that parallel with the dynamic evolutionary scenarios
is the key issue in upgrading the decision-making level
for the unconventional public health emergencies.

RELATED RESEARCH AND THEORETICAL
BACKGROUND
Classic Data-Dependent Decision-Making
Theories for Public Health Emergencies
To upgrade the emergency response efficiency of the
emergency department (ED), scholars have exerted
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expansive research effort on the hospital surge capacity and
patient flow determinants. McCarthy and his team have
reviewed daily ED surges and the ED surge capacity and illus-
trated this indicator’s potential relevance during a catastrophic
event. The team proposed that daily and catastrophic ED
surges can be measured by the magnitude of the surge, as well
as the nature and severity of the illnesses and injuries that
patients present during the surge. The results help increase
the understanding of the daily ED surge capacity and influ-
encing factors. This information then improves the ability
to simulate the potential impact of different types of cata-
strophic events on the surge capacity of hospital EDs
nationwide.5 Afterward, the scholars developed a method-
ology for predicting the demand for ED services by using the
regression model. The findings showed that the medical
demand for ED services was well approximated by the
Poisson regression model.6 Furthermore, the effect of ED
crowding on clinical outcomes has been studied and evalu-
ated by scholars, such as Steven and Dominik.7 Their stud-
ies revealed that ED crowding is associated with objective
clinical endpoints, such as mortality, as well as clinically
important processes of care.7 By observational study,
Forster and colleagues8 investigated the effect of hospital
occupancy on ED length of stay and patient disposition
by using administrative data from a 500-bed acute care
teaching hospital. Their precise research result showed that
increased hospital occupancy is strongly associated with ED
length of stay for admitted patients, and increasing the hos-
pital bed availability might reduce ED overcrowding.8

The previous works provide theory and technique founda-
tion for building further accurate prediction and response
models for public health emergencies. However, most of
these models are strongly dependent on historical data. By
contrast, when a complex and unrepeatable unconventional
public health emergency, such as the SARS outbreak in
2003, is faced without sufficient data and experience, the
models become inapplicable and unreliable. Moreover, given
only classical theories, we often lack sufficient prior knowl-
edge on how to describe emergency scenarios accurately and
even analyze and optimize the public health response systems
effectively and dynamically.

Simulation of Decision-Making Methods for
Emergency Response
Given the emergency response problems, simulation methods
(especially the models described in mathematical form) are
studied and applied abroad. On the basis of Petri Net simula-
tion technology, with oil can fire as an example, the perfor-
mance of the China urban emergency response system and
response plan are analyzed.9,10 When examining the panic fea-
tures of people escaping from disaster, simulations based on a
model of pedestrian behavior are available.11 Meanwhile, a 2D
finite volume method is used to simulate the dam-break proc-
ess with a case.12

The models proposed in the previous studies demonstrated
that simulation decision-making methods are useful for certain
kinds of emergencies. However, on the one hand, most current
simulation models are designed for industrial disaster scenarios
with no clear confirmation of successful application to uncon-
ventional public health emergencies. On the other hand, the
models mainly focus on emergencies and the relevant response
processes with features, such as short span of time and space
and clear mechanism.With sufficient theoretical basis (former
models or knowledge), the simulation decision models are
constructible.13,14 However, for complex, dynamic, and
uncertain unconventional public health emergencies, no suf-
ficient prior knowledge is available to support the traditional
simulation modeling process. Therefore, new evolutionary
and dynamical simulation decision-making methods should
emerge as necessary.

Parallel Simulation-Based, Scenario–Response
Emergency Management Paradigm
In the new information and communication technology era,
the processes of perception, computing, storage, transmitting,
and analysis have achieved great performance improvements
with the technologies of cloud computing and Internet
of Things. In the aspect of simulation platform, the net-
worked modeling and simulation platform based on cloud
computing, named cloud simulation platform, is proposed for
complex cross-domain system analysis and improvement.
Theoretically, in such a high-performance technology envi-
ronment, complex disaster scenarios and emergency response
processes can be shown in simulation platform dynamically
and interactively. Moreover, the promising scenario–
response emergency decision-making paradigm based on the-
ories of artificial society modeling and parallel emergency
management is proposed by the researchers of the Chinese
Academy of Sciences and National University of Defense
Technology for unconventional disaster scenario simulation
and comprehensive analysis, emergency resource scheduling,
and evacuations.2,15

Unlike the data-dependent prediction–response emergency
decision-making paradigm based on statistical regression and
numerical calculation, the structure-dependent scenario–
response paradigm is based on bottom-up modeling methods.
This paradigm can help decision makers dynamically simulate
artificial society and disaster scenarios that increasingly
approximate real-world scenarios through parallel individual
and interactive relationship modeling under a first-time disas-
ter, which hence lacks historical data and experience.4

Scholars adopted the SARS outbreak as an example and used
the multi-agent simulation method to study and discover the
evolution mechanism of an unconventional public health
emergency.1 However, given the great difficulty in modeling
and the high cost in calculating, the promising “heavyweight”
parallel simulation technologies remain in the idealized exper-
imental research stage.
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Discrete Event System Theory
Discrete event system (DES) is an event-driven dynamic sys-
tem with internal states that change from one to another ran-
domly. The DES theory has been applied as a means to analyze
health care systems. The main research work includes applying
this theory to health care processes, analyzing the effect of
patient arrival and service time variability on patient waiting
time and throughput and examining the efficiency of dedi-
cated (specialized) and combined resources.16 DES-based sim-
ulation has become a popular and effective decision-making
tool for the optimal allocation of scarce health care resources
to improve patient flow while minimizing health care delivery
costs and increasing patient satisfaction. Combined optimiza-
tion and simulation tools also allow decision makers to quickly
determine optimal system configurations, even for complex
integrated health care systems (eg, hospitals, outpatient clin-
ics, EDs, and pharmacies).17

The previously mentioned works have not demonstrated
the successful application of DES theory in unconventional
public health emergencies but show that the theory can model
public health system structures and effectively simulate
these structures’ processes. Actually, the formation proc-
esses of emergency demand (such as patient arrivals),
response capacities (such as medical service rates), and
the variation rates of response system states constantly
exhibit strong randomness. In this regard, in special society
systems, unconventional emergency response systems can
be described by the DES theory properly. At present, the
DES theory is available for combining with object-oriented
(OO) modeling and simulation technology (such as
FlexSim, Arena, Petri Net). On the basis of this technology,
system elements, relationships, layouts, response processes,
and some other uncertainties (such as the previously men-
tioned statistical regularities) of real systems can be quickly
transformed into simulation models for making emergency
response decisions effectively.18,19

Inspired by the DES theory, unconventional public health
emergency scenarios and hospital surge capacities can be con-
sidered as a whole scenario–response system. Then, by model-
ing and simulation based on DES, effective decision-making
processes, such as scenario anticipation and medical resource
allocation and hospital surge capacity optimization, can be
achieved and improved.

PARALLEL SIMULATION DECISION-MAKING METHODS
FOR EMERGENCY RESPONSE
Lightweight DES-Based Parallel Simulation Decision-
Making Framework (DES–PSDF)
The parallel emergency management theory proposes that real
disasters can be predicted accurately. However, on the basis of
the experimental simulation environment, we can build arti-
ficial society models that parallel with real-world scenarios.
Then, with the real-time data collected from real scenarios,

the models can be updated and improved dynamically, and
the evolution processes can be shown in the models.
Through the parallel artificial society simulation model, func-
tions, such as scenario analysis and prediction, response solu-
tion brainstorming and optimization, can be conducted to
support emergency response decision-making processes.
Therefore, the lightweight DES–PSDF for emergency response
is proposed in this section. The structure of this framework
consists of a real scenario layer and a simulation decision-
making layer that are parallel to each other (Figure 1).

Real Scenario Layer
The concepts of response capacity for unconventional public
health emergencies and hospital surge capacity are simultane-
ously related and different. In this paper, the concept of hos-
pital surge capacity encompasses the medical response
capacities for the emergency service demand of public health
emergencies. Actually, this kind of emergency service demand
includes conventional and unconventional services.1,4–8 The
concept of unconventional public health emergencies is about
the complex, unpredictable, unrepeatable, unexpected public
health emergencies that may substantially harm the society
and cause a surge in medical service demand. More impor-
tantly, given the lack of historical data and experience in this
type of situation, an effective prediction and decision are dif-
ficult to attain with the traditional data-dependent decision-
making methods only.

Therefore, in accordance with the scenario–response-based
parallel simulation paradigm,2,4 disaster scenarios and emer-
gency response capacities are important factors in making
effective decisions.20 The response demand (such as the num-
ber and variety of emergency supplies, time constraints, and
number of injured or infected people) can be obtained by ini-
tially analyzing from scenarios. The response capacity is the
sum of available “soft or hard” emergency resources of the
response systems and includes the doctors, rescuers, medicines,
equipment, food, and information.21 As a real-time informa-
tion source, real scenarios are the basis of decision-making
and targets of solution optimization.

Simulation Decision-Making Layer
The structure of the simulation decision-making layer is
shown as a closed loop that consists of 4 key steps, including
abstract modeling, simulation execution, decision-making
optimization, and parallel control. First, by real-time percep-
tion (includes the processes of information collection, analysis,
and abstracting), the main elements and relevant features of
the real scenario layer in the perspectives of the affected body
(AB), emergency demand (EmD), response process (RP),
response organization (RO), and response resource (RR) are
obtained. On the basis of the DES theory and OO modeling
methods, the DES-based abstract simulation decision model
(DES–ASDM) can be constructed from the perspectives of
entity, attribute, and relationship flow. Second, after inputting
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the real-time data collected from the scenario and response
capacity into the simulation model, the evolutionary sce-
nario and response performance can be predicted by simu-
lation computing. Third, through statistical analysis of
the steady simulation output results, we can evaluate
whether the existing response solution is suitable for the
EmD. As the bottlenecks limiting the response system per-
formance are found, the optimal solution can be easily pro-
posed in time. The parallel controlling process is also
conducted to observe these implemented effects of the
response solutions and the situations of the real scenarios
and update the structure and parameters of the simulation
model in real time. The aim is to maintain the simulation
model at pace with the scenario evolution.

DECISION-MAKING PRINCIPLES BASED ON THE
DES-PSDF
Abstract Structure Modeling
On the basis of the DES theory and OO modeling methods,
the DES–ASDM can be constructed from the perspectives
of entity, attribute, and relationship flow.18,19 The base
structure of the model can be described as the triple
DES–ASDM::={E,A,F}. That is, an entity (E) set with its
attribute (A) set and its relationship flow (F) set. Two kinds
of entity classes, including temporary entity (TE) and per-
manent entity (PE), are basic elements of simulation mod-
els. As an execution subject of emergency RPs, the PE does
not leave the models until the simulation ends. The perfor-
mances and states are usually stable and do not change with
the simulations. On the contrary, as the supporting objects,
TEs are processed or recurrent in emergency response, and
their states usually change with the simulation processes.
Furthermore, the important features of entities, including
the type, function, state, and statistical distribution, are
described into the set A of attributes. The relationships flow

set F is used for representing the directed interconnections
between entities. Concurrently, the input–output relation-
ships of the RPs, which are the basic units for achieving the
emergency response systems and their RPs, are also
described by the directed flows (Figure 2).

The DES–ASDM for emergency medical response is defined
with 5 kinds of elements, including the AB, EmD, RP, RO,
and RR. If the pe (element of PE), te (element of TE), f
(element of F), and attribute (element of A) are represented
with a rectangle, circle, arrow and text box, respectively, under
an emergency medical RP, as an example, the resultant
abstract simulation model is as shown in Figure 2.

Defining the Simulation Entities and Their Attributes
Because emergency ROs are constantly executing RPs
with stable performances in emergency systems, the former
are classic PEs. For example, as an emergency response
subject, every medical staff member diagnoses or cures
patients repeatedly with a stable service rate (number of
patients cured per hour) during a running simulation.
The staff member does not leave the simulation system
until the simulation ends. Therefore, the ROs can be
defined into the PEs (PERO), that is, RO �!Map

PERO, where
RO ¼ fro1; ro2; :::g means the set of ROs and
PE ¼ fpeRO1; peRO2; :::g means the set of PEs. Usually,
because every ro performs one response activity, the
element also directly represents a response activity.

Because ABs and RRs are changing and passive objects in RPs,
the former two elements should be transformed into TEs
(TEAB and TERR, respectively) of the simulation models, that
is, AB �!Map

TEAB, where AB ¼ fab1; ab2; :::g means the set
of ABs and TE ¼ fteAB1; teAB2; :::g means the set of rel-
evant TEs.

FIGURE 1
Lightweight Discrete Event System-Based Parallel Simulation Decision-Making Framework (DES-PSDF).
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Similarly, the RRs are defined into the TEs, that is,

RR �!Map
TERR, where RR ¼ frr1; rr2; :::g means set of RRs

and TE ¼ fteRR1; teRR2; :::g means set of relevant TEs.

Therefore, for one entity ei, the attributes and attribute types
are defined as follows:

Attributei ¼ fati1; ati2; :::; atimg �!Map X
ei
¼ fai1; ai2; :::; aimg

8TypeðatijÞ �!
Map

TypeðaijÞ

where atij denotes the attribute type j of the entity ei, aji
denotes the set of its attribute values, and the symbolPhere
means all of the attribute types of entity ei. For example, the
PEs can serve as response units, such as doctors and
nurses, and their attributes can include the name, vocation,
state, and performance. If the TEs are ABs, such as patients,
equipment, and buildings, the TEs’ relevant attributes
include the destruction degree, injury or illness degree,
and location. If the TEs are RRs, such as food and
medicine, the TEs’ relevant attributes should include name,
quantity, and price.

Defining the Relationship Flows Between Entities
After identifying the input–output–precondition–effect
relationships between pairs of TE and PE in accordance
with the RPs, the directed flows can be defined between the
PEs. Two kinds of flows exist and include the response process
flow (RPF) and response support flow (RSF). For example,

patients enter the medical response system individually or
simultaneously under certain rules or DES random distribution
(Figure 2). Then, this process can be described into a directed
entity relationship flow fDS-RO1 and means that the TEteABi

(patient i) flows from the PEpeDS (source of disease outbreak)
to the PEpeRO1 (first RP, such as queuing or waiting for
diagnosis). Similarly, after diagnosing with the support of
peRR1 (diagnostic tools or medicines), the teABi flows from
the PEpeRO1 to the PE peRO2 (second RP, such as treatment),
and this process is represented in the flow as fRO1-RO2. Then,
the previously mentioned serial forward processes can be
described into the RPF set FProcess= {fDS-RO1,fRO1-RO2, : : : ,
fRO2-RO3}. Besides, as emergency RRs, medicines are consumed
to support the RPs. The relevant directed relationship flows
are described into the RSF set FSupport= {fRR1-RO1,
fRR2-RO2, : : : }. Therefore, the general entity relationship flow
can be defined as follows:

F ¼ ftek; atek;w;5pei; pej4jtek 2 TE; atek 2 Atek;w

2 W;5pei; pej4 2 PE� PEg

where tek denotes the TEs in the flows, atek denotes the attrib-
ute values of the entities, <pei, pej> denotes the ordered pairs
where the TE flows from the pei to pej, and w is a weight var-
iable used for describing the input or output constraints to trig-
ger the actions performed by peRO (RO). If wi denotes the
output constraints of peROi and wj denotes the input con-
straints of peROj, the flow can be represented as shown below:

FIGURE 2
DES–ASDM for Unconventional Public Health Emergencies.
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tek 2� pej \ tek 2 pei�; Atek � Wj \Atek � Wi

This relationmeans that if f is the output flow of the RO (activ-
ity) pei, then the relevant attribute values of the TEs must be
less than or equal to the output weight, similar to the number
of evacuees that must be below the capacity of the shelter. If f is
the input flow of the RO pej, then the relevant attribute values
of the TEs must be greater than or equal to the input weight,
similar to the necessary medicine inputting when accomplish-
ing medical response activities.

Simulation Operation and Decision-Making
Optimization
Designing and Achieving Initial Simulation Models
As a common modeling paradigm, the DES–ASDM shows
the structures, situations, and activities of real disaster scenar-
ios at the abstract mechanism level. Actually, some OO or
visualization simulation tools, such as FlexSim, Arena, and
CPNTools, are based onDES theory.22–24 Therefore, to render
the methods proposed in this paper further realizable, we must
design compatible and extensible, relevant transformation
principles from the elements of the DES–ASDM to the ele-
ments of the simulation software. With the transformation
principles, the abstract simulation and decision-making mod-
els with the relevant functions, such as parameter computing,
statistical analysis, and presenting, can be achieved effectively
for the emergency response simulation and decision-making
processes.

If the abstract simulation model is achieved with the FlexSim
tool, the transforming principles are shown in Table 1. First, as
the emergency response objects processed by the relevant sub-
jects in the real scenarios, the affected bodies and RRs are
described as the temporary entities TEAB and TERR, respec-
tively, in the abstract models. Then, the FlowItem components
such as Box or Person are loaded to achieve the functions of the
previously mentioned 2 temporary entities with the FlexSim
tools. Second, the emergency response subjects are described
as permanent entities, such as organizations and equipments
are defined as PERO and PERE, respectively. Then, the Fixed
Resource or Task Executers components, such as Processor/
Operator andTransporter can be used for achieving the relevant
functions of them with the FlexSim tools. By setting the
parameters of the components, the response modes and perfor-
mances can be adjusted. Third, the emergency RPs of real sce-
narios are described as RP flows and RSFs, which can be
achieved by loading the Connect Object and Travel Network
functions in FlexSim. Finally, the emergency demand of real
scenarios, such as the number and the arrival rate of patients,
is defined as permanent entities. Then, with the relevant
parameters setting, the Source component is loaded for simu-
lating the function of events triggering.

According to the scenario, after achieving the structure
and dynamic flows of the simulation model by loading the

components of FlexSim, the initial data and the evolution
rules can be obtained with the technologies of radio-frequency
identification and distribution fitting software such as
ExpertFit, and so on.25,26 Then, by inputting the entity attrib-
ute values as parameters into the components, the initial sim-
ulation model can be achieved and optimized with FlexSim.

Simulation Operation and Decision-Making
Optimization
On the basis of specific time or cost constraints of disaster sce-
narios, simulation operation parameters, such as simulation
step size and total running time, are set and simulation models
can be run.

To achieve the target of the optimization of the response sys-
tem and its processes, the simulation running processes and
results should be analyzed. On the one hand, by observing
the disaster scenario and the emergency response system when
the simulation model is running steadily, the rationality and
performance of system layout, RPs, and response effectiveness
can be analyzed directly. Then, the system bottlenecks, which
constantly show phenomena, such as crowding and idling, can
be easily found. On the other hand, by quantitatively analyzing
the simulation result outputs with the statistical tools, the bot-
tlenecks are presented and the relevant optimization strategies
can be proposed.

In general, the optimization strategies include the RP optimi-
zation, such as parallel activities, instead of sequence activity
process reconstruction27; response capacity optimization, such
as response unit increase and performance improvement28; and
resource allocation optimization, such as adding resources into
the bottlenecks.29 For different optimization strategies, the
response time and costs all differ, and a balanced consideration
of these aspects is important.

Parallel Control
Most often, emergencies, especially unconventional emergen-
cies, have no historical precedent. Although the types of emer-
gencies are the same as those that have occurred, the disaster-
causing factors and evolution processes vary. Therefore, for
every unconventional emergency, the evolution mechanism
and emergency response demand are neither clear nor certain.
Obtaining the accurate parameters of prediction models
quickly is difficult under traditional management, and control-
ling theories are unable to describe, predict, and decide effec-
tively during emergencies. Parallel controlling is the key idea
of parallel emergency management theory. This process
ensures the accuracy and dependability of decision-making
results; simulation models must be dynamically developed
and improved by keeping artificial scenarios synchronized with
real scenarios.15

The parallel controlling principles are shown in Figure 3.
When a new disaster Scenario 0 occurs, the parallel simulation
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system enters the response state immediately. First, by seman-
tic matching with the scenarios of the existing model
library,30,31 the decision makers should determine whether
Scenario 0 involves previous situations. If a similar scenario
exists, the relevant simulation model is the initial model,
Model 0. Meanwhile, if no similar scenario exists in accordance
with the current disaster scenario and response system situa-
tion, the initial simulation model,Model 0, can be constructed
by the methods of data collecting and parameter fitting.
Second, by steady simulation running data, the disaster evolu-
tion processes and the response effectiveness in future time will
be projected. By observing or analyzing statistical data simula-
tion results, we find the bottlenecks for proposing and imple-
menting the improved response solutions. Concurrently, on
the basis of a specific time–interval ▵t, the perceived informa-
tion of real scenarios (from Scenario 1 to Scenario n) of the
various stages of emergency RPs should be collected, inte-
grated, and analyzed to synchronously modify the simulation
models. By modifying processes, such as parameter refitting
and data updating, the simulation models (from Model 1 to
Model n) are continually improved to ensure that the simula-
tion results are consistent with real scenarios in parallel

evolution processes. Finally, when the whole emergency RP
ends, the latest parameters and structure of the simulation
model are recorded and archived in the model library for
the next similar disasters.

RESULTS
Background and Assumptions of the Simulation
Experiment
Applying the proposed DES–PSDF method in practice is cer-
tainly the best way to verify the approach’s reliability and effec-
tiveness. However, this experimental environment is hard to
achieve. To address this problem, we take the diagnosis process
of the SARS outbreak of 2003 in Shanghai, China, as the
background (real scenario) of this simulation experiment.
By extracting the specific data of this epidemic,32 we can build
and run a simulation model to reappear and deduce the evolu-
tionary scenario of the SARS event in 2003.

The goals of this section are to verify whether a reliable sim-
ulation model that parallels the real epidemic scenario can be
developed and whether the current emergency RP can be

FIGURE 3
Parallel Controlling Principles of the DES–ASDM for Emergency Response Simulation and Decision-Making Processes.

TABLE 1
The Transformation Principles of “From Real Scenario to DES-ASDM to FlexSim”

Real Scenario DES-ASDM Achieved in FlexSim
Response object Affected body (AB), such as patients,

buildings
Temporary entity (TE):TEAB,
TERR, and so on

FlowItem class: person, box,
and so on

Response resource (RR), such as
medicine, food

Response subject:Response
organizations (RO), such as response
staffs, response equipments

Permanent entity (PE):PERO,
PERS, PERE, and so on

Fixed resource & task executers:
processor, operator, transporter,
robot

Response solution:response
process (RP), including layout,
processes, and so on

Response process flow (RPF) &
response support flow (RSF)

Connect object, travel network

Emergency demand PED Source & model setting
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optimized on the basis of the DES–PSDF method. Therefore,
we assume that the information of the past SARS scenario is
unknown but can be gradually revealed through an evolution-
ary process in this experiment. The SARS event is considered
as a real-time epidemic scenario to verify the reliability of the
parallel simulation models to be cultivated.

Scenario Modeling and Simulation Reappearance
Statistics show that the arrival time interval between patients
obeys a normal distribution with a mean of 0.017 hours.32 In
the epidemic situation, the Municipal Health Bureau set up an
emergencymedical serviceRP that includes sequential steps, such
as pre-checking, fever diagnosis, district expert consultation, hos-
pital observation, city expert consultation, and diagnosis. The
pre-checking time obeys the Normal (0.004, 0, 0), and the rel-
evant exclusion rate is 91% (ie, 91% of the patients are unin-
fected in this step). The fever diagnosis time follows the
Normal (0.2, 0.1, 0), where the relevant exclusion rate is 84%.
The district expert consultation time assumes the Normal (1,
0.5, 0), with a relevant exclusion rate of 75%. The time of stay
in hospital for observation obeys Normal (2.5, 0.5, 0), where the
relevant exclusion rate is 70%. The city expert consultation time
follows the Normal (1, 0.02, 0), with a relevant exclusion rate of
60%. Finally, the diagnosis time assumes the Normal (4.1, 2, 0).
Given the previous parameters, the initial scenario and response
capacities are shown in Figure 4. The crowding phenomenon of
the real scenario was simulated and reappeared by running the
scenariomodel with FlexSim6.1.0. In this case, the total response
period of this event is 4months, and the average observation time
is 12 hours (86 400 minutes) per day. Therefore, about 84 705
patients are diagnosed after 1440 hours of simulation. After
the statistical analysis of the crowding phenomenon, we achieve
the relevant content – time chart of the main response steps in
Figure 4.

Cultivating the Simulation Decision-Making Model
Through Parallel Control
This experiment assumes that the working efficiency of various
equipment and medical staffs is measurable and stable.
Accordingly, the probability distributions of the process time
of the response steps can be considered known for the decision-
makers. Clearly, for such a serial response service flow, the
processing times for the fever diagnosis, district expert consul-
tation, and hospital observation have the maximummean val-
ues. Therefore, the degrees of crowding shown by Queue 2-4
(queuing status and average waiting time for patients) in front
of the 3 steps are adopted as key indicators of the bottlenecks of
the response system. We attempt to set the time increment of
each development stage of the simulation model as 240 hours,
because the total simulation period is 1440 hours (86 400
minutes). This decision means that the first development stage
spans from 0 hours to 240 hours. The second development
stage runs from 0 hours to 480 hours, and so on. The reliability
of the simulation model can be adjusted and improved

gradually after parallel simulation results are compared with
the real scenario in every stage.

Model 0 Modeling and Simulation
Because the actual infection speed is unknown for decision
makers, the arrival rate and the exclusion rates of each diagnos-
tic step can be extracted from another similar infectious dis-
ease.33 Moreover, the relevant parameters of the initial
simulation model (Model 0) can be set as follows. The arrival
time intervals of the patients obey the Normal (0.028, 0, 0).
The exclusion rates of the different stages are 97% for pre-
checking, 90% for fever diagnosis, 81% for district expert con-
sultation, 76% for hospital observation, and 66% for city
expert consultation. On the basis of these parameters,
Model 0 can be established. About 8571 patients are diagnosed
after 240 hours (21 600 minutes) of simulation. The simula-
tion results of Queue 2-4 of Model 0 (0 ≤ t < 240 hours)
are shown in Figure 4. As presented, the maximum waiting
queue of the main diagnosis steps is composed of no more than
2 people, and the average waiting time of the patients is less
than 0.02 hours. Therefore, the non-over crowded phenome-
non suggests that the current RP (Model 0) can effectively
address the epidemic. However, by comparing with the
main crowding phenomenon of Scenario 0 in the same period
(0 ≤ t < 240 hours), as shown in Figure 4, we found that the
real scenario is much more crowded than the simulation result.
This finding also shows that Model 0 is unreliable.

Model 1 Modeling and Simulation
We believe that the high mean value of the patient arrival
interval and exclusion rate cause the inconsistencies between
the simulation result of Model 0 and Scenario 0. Gradually
adjusting the parameters of the simulation model can lead
to consistent results. Therefore, the mean value of the patient
inter-arrival time is reduced to 0.022 hours, and the exclusion
rate of each response step is reduced by 2% to obtain the new
Model 1. About 21 818 patients are diagnosed after running
the Model 1 for 480 hours (28 800 minutes). The simulation
result of Queue 2-4 of the Model 1 is shown in Figure 4-⑤.
Compared with Scenario 1 in the same period (0 ≤ t < 480
hours) shown in Figure 4-①, although the number of queues
and average waiting time have increased, the real crowding
phenomenon remains more severe than the simulation result.

Model 2 Modeling and Simulation
Similarly, the mean value of the patient inter-arrival time is
further reduced to 0.016 hours, and the exclusion rate of each
step is reduced by 2% to build the newModel 2. About 42 857
patients are diagnosed after running Model 1 for 720 hours
(43 200 minutes). By comparing the simulation result of
Queue 2-4 of Model 2 (Figure 4-⑦) with the crowding phe-
nomenon of Scenario 2 of the same period (0≤ t< 720 hours),
we find that the 2 situations are consistent both in trends
and peaks.
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FIGURE 4
Parallel Cultivating and Decision-Making Processes of the SARS Case.
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Therefore, we believe that Model 2 is a reliable model devel-
oped through parallel control and can be used to simulate and
rehearse future scenarios, discover the bottlenecks of the
response system, and propose relevant optimization strategies.

Decision-Making Optimization
By observing the queuing state and average waiting time of
each step of the simulation result of Model 2, we find that
the crowding phenomenon of Queue 2-4 is the most serious.
Therefore, on the basis of Model 2, a fever diagnosis, district
expert consultation, and hospital observation unit are added
to form an optimized Model 3 (Figure 4-⑨). About 85 714
people are diagnosed after running Model 3 for 1440 hours
(864 000 minutes). The simulation result (Figure 4-➉) of
Model 3 reveals that the maximum patient waiting queue in
the main steps is composed of no more than 5 people, and
the average waiting time is no more than 0.2 hours.
Actually, the maximum patient waiting queue and the average
waiting time of the real scenario in Figure 4-② are about 470
people and 36.4 hours, respectively.

Therefore, the simulation and optimizing results illustrate that
the improved medical emergency response system and its proc-
esses described by Model 3 are effective for responding and
controlling the epidemic scenario in this case.

Without doubt, besides increasing the number of diagnosing
units, the processing speed or intensity of the existing response
units can also be increased to improve the performances of the
total emergency response. Each approach has its own risks and
benefits. The former may be limited by the scarce emergency
resources with elevated cost. The latter may induce a physical
strength overdraft of the emergency response staff and is hence
not a lasting solution. Thus, all of the related factors should be
synthetically considered into the model to improve processes.

CONCLUSIONS
Building accurate models and making effective response deci-
sions for unrepeatable, complex, and unpredictable unconven-
tional public health emergencies based on only traditional
and data-dependent prediction–response decision-making
methods is difficult. To solve this problem, we develop a novel
DES–PSDF based on the scenario–response paradigm andDES
theory in this paper. The functions of this system include
parallel simulation, system bottlenecks search, and response
process optimization. A clear principle of the proposed method
is then presented using a real case of SARS outbreak in 2003 as
a scenario for a simulation decision-making experiment.

For the theoretical contributions of this paper, first, distinguishing
from the traditional and historical data-dependent prediction-
response paradigm, the DES-PSDF method considers both the
scenario evolutions and simulationmodel improvements in a par-
allel way. As a result, the consistency between real scenarios and

simulation models, and the reliability of the decision results are
ensured. Then, a reliable simulation decision-making model
can be developed gradually, despite the lack of historical data
or experience. Second, unlike the bottom-up multi-agent model-
ing and simulation decisionmethods, theDES–PSDF framework,
with its methods of abstract modeling, decision optimization, and
parallel control proposed in this paper, has a widespread availabil-
ity and increased efficiency. On the one hand, on the basis of the
DES theory, the DES–PSDF can dynamically describe and
improve the complex structures and random processes of most
social systems, especially emergency systems. On the other hand,
the abstract models based on DES–PSDF can be easily trans-
formed into concrete simulation models with many kinds of
OO simulation software. Then, the simulation decision-making
processes can be achievedwith a diminished cost ofmodeling and
computing.

Practically, the DES–PSDF method can be used to address the
problem of surging demand for emergency service that is trig-
gered by an unexpected unconventional public health emer-
gency. In these processes, the bottlenecks of the emergency
response system and the optimization strategies will be obtained
from the reliable simulation results of the decision-making mod-
els. Furthermore, by using this method in the public health field,
health care professionals can extend the application of the
DES–PSDF to decision-making problems from other fields, such
as a surge inwounded people and the need for emergency resour-
ces in a disaster or violence-related mass casualty.
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