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Abstract

This paper describes a discrete event stochastialation of a hospital emergency
department, and the development ofmeetamodel of that simulation. The
metamodeling technique usedaificial neuralnetworks,which are trainedusing
the output of the simulation. The performance ofrtberalnetworkmetamodel is
compared to theimulation performancéor estimatingthe mean and variance of
patient time in the emergency department.

1. Introduction

Due to the stochastic natukmplex dynamicsind interactions of inputs, activities and
outputs of thehospital emergency departmgBiiD), researcherand practitioners havered to
discrete event stochassonulation agthe methodology foexaminingthe emergency department
system. A simulation allows patient flow, layout, staffipggcedure anéquipment alterations to
be tested so thaiptimalcontrol strategies for the ED can be developed. Motivation argtigen
structure forsimulation of healtltare environmentsave been discussed by Bressan, Faccin and

RomaninJacur (1988) antMahachelk(1992). Published research on simulation in healihe has



addressedacilities planning(Dumas (1984)) and personrsdheduling (Ishimoto et a(1990)).

The critical care aspects of surgery have been the subjsiotditions(Hunter,Asianand Wiget
(1987), Lowery (1993)). Previouwork in simulating the emergency departmenihclude

Saunders, Makens anheblanc(1989) andWeissberg(1977). These lattedwo simulations are
constructed in aimilar manner tothe one described ithis paper, butwith less detail and
flexibility.

There are drawbacks to the useswhulation, especially in environmemaere decisions
aremade frequently and under tigithe constraints. To circumvetihe longrunning times and
multiple replicationsrequired forsimulation analysis, metamodels candsveloped and used.
The objective ofthe metamodel is to accuratefgproduce thesimulationover wide ranges of
interest, and to be computationalyuch more efficient than thesimulation itself. Arecent
overview of simulation metamodeling can be found in Yu and Popplewell (1994).

Artificial neural networks,since they function as parallel universgproximatorshave
capabilities which make themood candidates forsimulation metamodeling. This idea was
pursued ornvery limited problems byBadiru and Sieger (1993), Hurrion (199Padgett and
Roppel (1992)Pierreval(1992), andPierreval and Huntsingét992), and was thsubject of the
authors' earliework (Kilmer and Smith(1993), Kilmer, Smithand Shumar{1994)). In thdast
paper cited, it was shown thattificial neuralnetworks trained witrsimulation output could
effectively develop prediction intervals thatere competitive imquality with those developed
directly from the simulation model. The empirical basis of that work was a small inventory system
from Law and Kelton(1991). This paper describethe neuralnetwork metamodeling technique
applied to a large hospital ED simulation, discusses results, and makes comparison between the
outputs of theneural metamodel arttie simulation itself. The primary distinctionbetweenthis
work and earlier publishedrork onmetamodeling ishe problem domain, health systems, and the

size and complexity of the simulation which is to be metamodeled.



2. Overview of the ED Simulation
2.1. The Emergency Department Environment

The hospital studied is a 750-badedical center located in Pittsburgloffering
comprehensive medicahd surgical services, with an ED which servigesr 4,200 patients per
month. To consider possible changes to opergioigies andprocedures without disrupting
vital care-providing services, a simulation model of the ED was commissioned by the hospital, and
built by the Department of Industri@ingineering ofthe University of Pittsburgh in conjunction
with Data Communications, Inc., a Pittsbufgim developing decisiosupportsystemdor health
care providers. An important output variable of interest was mean patient time in the ED.
2.2. The Simulation Structure

In this project, the ED wasnodeled withthe SIMAN simulation language running on a
PC. Thesimulation is contained itwo files, or frames. The model frame contairal the basic
constructs that are used describe or represetite actual EDsystem. Patient relatesgrvices
and locations in the ED are represented innioelel frame inseparate sectiortalled stations.
These stations include such areas as registration, triage, treatment rooms, X-Byjjdig the
simulation model frame in this modular manner alléhessimulation to bemore easily verified
and validated and, if necessary, tonbedified orexpanded. The experiment frame contaata
distributions such as arrival times, service times, and patient flatterns aswell as the
constructs fobtainingoutput datafrom the simulation. Sincealata relatecchanges arenade
only to the experiment framethe user can perforrdifferent simulation experimentaithout
actually changing the structure of the system as represented in the model frame.
2.3. Simulation Constructs

The simulation consists of the following: the ED physical facilities and layout, séevegrs
physicians, nurses and other support personnel), patients, and a procedure for representing patient
arrivals, patient activities artdeatments, serveshift changes anserver breaks. Th&mulation
is considered to be terminating, with termination considerethke place at7:30 AM each

morning. In order to make development of simulation of the ED tractable, cantgilifying, but



realistic, assumptiongere necessary. These assumptions along witlsithelation constructs
are listed below.
Physical Layout of the ED

The physical facilities otthe ED consist of 18 treatment rooifteo of which have two
beds,while the resthaveone bed), avaiting room, a registration desk, a triage room Xaray
area, and separate stations for the unit secretary, nurses, nurses aides and physicians.

There are foumpossible entrances/exits tbe ED. Two ofthese are represented as
entrances only.Those patients whose mode afival is either helicopter or ambulaneater
through the entranoghich isclosest to the helicopter dispataffice. All other ED patients i.e.,
walk-in patients, enter through the entramd@ch isnext to the patienivaiting room andleads
into the registration desk aredll of the passageways to the ED are used as eMitsch exit
that is used depends on the destination of the patient on departure from the ED.
Patients

Patients are represented as entities tloat through thesimulation model. Although
there areendless types of patients thasit the ED, it ispossible tocategorize the patients into
three modes ofrrival - life flight, ambulance/medic, and walk-in (includasto, bus, etc.).
Patient arrival distribution and parameters change ewesyhours over a 24 hour period, and
consist ofgamma and exponential distributionEhe proportion of patierdrrivals by each mode
of arrival is distributed with a discrete probability mass functitich is fixedfor the 24 hour
period.

A few patientsaredirectly admitted tahe hospital without treatment in ti®, andwill
be assigned to a treatmenbm in the EDonly if the wait for a hospital bed is longer than 60
minutes. The timéor a directadmit patient to receive a hospital bed is assumed to be distributed
uniformly from 30 to 180 minutes.

For non-direct admit patients, an acudyel isassigned: emergentygent, or non-urgent.
The probability of apatient having aparticular acuitylevel is modeled as a fixedliscrete

probability mass function whiclidepends on the patient's mode afival. An additional



categorization of patients is on the type of care thiabe/provided to the patientsimultaneous
care (service is provideohly once by each server), sequential care (service is proseiedal
times by each servg or observational care (nursesly check the patiembccasionally). Afinal
categorization is on thieasis ofpatient disposition: leftvithout treatment; treateand released,;
admitted - general medical/surgical unit; admitted - intensive care unit; patient died - morgue.
Servers

The facilities and staffaredivided intotwo categories, those that providervice from a
fixed station (e.g. secretaries)nd those that travehroughout the ED (e.gphysicians and
nurses). Based on these distinctithe stationary servers areodeled as resources and the
mobile servers arenodeled agransporters under the SIMAN convention$his allows these
servers to movéreely throughout the ED awell as totransport patientfrom one location to
another. There are three typesphb§sicians -attending, third year residents, and first or second
year residents. Themgesix types of nurses - nurses aide, charge nurse, triage nurse, emergent
patient area nurse, urgent patient area nurse, and non-urgent patient area nurseting=s\ote
physiciansand nurses argeated agxponential distributions with meadspendent on thacuity
level and care type (see below) of the patient. Sertioes of registration and admitting
personnel arenodeled as uniform distributions with ranggpendent on tharrival mode of the
patient.

Server breaks areombined with lunches to give eaalorker theunofficial standard 45
minute lunch/dinner brealather than thefficially prescribed 30 minute lundbireak andwo ten
minute breaks.

Patient Flow

Direct admit patients (i.e. destination is an in-patient unigngfmode of arrival otevel
of acuity have theiown distinctflow through the EDthey go to registration and eitheepart
the EDimmediatelyand go to thedmitting section othe hospital or arput in an EDtreatment
room, under observation by tistaff, and therdepart the ED and go to tla&mitting section

where a bed is located.



All patients with destinations other than admitting use the following paths:

The flow of helicopter an@mbulancepatients, from entry tahe ED until arrival at a
treatment roomis: assigned &reatment room and aurse;transported to a treatment room;
registration clerk obtains registration information in the treatment room.

For walk-in patients, thdlow from entry tothe ED until arrival atthe treatment room
depends on thacuity ofthe patient. If thavalk-in patient's acuitjevel isemergent, then after a
shorttime in atriage station, the patieribllows the path described above for helicopter and
ambulancepatients. If thevalk-in patient's acuityevel isnot emergent then the patient goes to
registration and then triage, waiié necessary) for a treatmergom, isassigned a treatment
room and a nurse, affidally is transported to the treatment roo®nce the patient arrives in a
treatment room, the patiefitow no longer depends on mode of arrivalit depends oacuity
level, X-ray requirements and laboratory requirements.

Lab and X-ray requirements consist of three categories each - none, routine and extensive.
A category oflabrequirements and a category of X-ray requirementassigned to each patient
via discrete probability mass functions dependent on acuity level. Lab and X-ray service times are
exponential distributions with means that dependhenpatient'sacuity level. The number and
type of laboratory testand X-raysinfluencewhether the patient should be serggdultaneously
(care type = 1), sequentially (care type = 2), or just observed (care type = 3) by the ED staff.

Once a patient has be@eated in the End thedecision to admit is mad#)e patient
will be admitted to either a general medical/surgical unit or to an intenanee unit. Waiting
timesfor beds at thesevo types of units are distributezkponentially. Asimplified depiction of
the patient flow through the emergency department simulation is presented in Figure 1.

INSERT FIGURE 1 HERE.
2.4. Validation of the Simulation

Output datdrom the simulationwas compared with observedta from the EBystem.

The quantity of patients and time tine systemfor different patient categoriesere extracted

from the hospital databases fortvao month period, and estimates wemade of mean values.



These were compared to the estimdtem the simulation model, wheréhe simulation results
were the averages of l@plications of 61 daygtwo months) each. The comparisons are
summarized in Table 1. These resgt®w that the computesimulation is producing results
which are consistent with what has actually occurred in the ED.

Table 1. Simulation Comparison with ED Records (in Replications of 61 Days Each).

Patient Type| Number inNumber in| Data Base Average| Simulation  Average
Data Base | Simulation | System Time (min) System Time (min)

Emergent 415 451 159 164

Urgent 4091 4166 176 172

Non Urgent 3963 3959 116 123

Total 8469 8576 147 149

3.0. Development of the Simulation Metamodel
3.1. Motivation for a Neural Network Based Metamodel

To alleviatethe longrunning times necessary to explore and optimize a simulated
scenario, a metamodel was developed. This iespeciallyimportant step for aenvironment
such as theemergencydepartment, where the stochastic nature causes queuasildoup
frequently and with little warning, and decisions need to be rgamkly to relievethe resultant
congestion. If a metamodel weaeailable, itcould then be used as a "real-time" decision aid to
determine the best alternative to resolve the problem.

There are various approachesnetamodeling of simulationsee Barton (1992) for an
excellent overview)pbut most are based @implifying algorithmic or functional assumptions,
such agpolynomialregressions. Another disadvantage of traditional metamodeling techniques is
that theyare oftenlimited to asubset of thesimulation domain, and must be redeveloped or
discarded when exploringther ranges. This would clearly be unworkable in a hospital
emergency department where quick decisiondigh quality must be madeover the entire
simulation domain (and possibly slightly beyond the simulation domain).

Neural networks offeuniversal function approximation capability basedolly on the

dataitself, i.e. theyarepurely empirical models which can theoreticatiymic any relation to any



degree of precisiofFunahash{1989), Hornik,Stinchcombe and Whitl989)). Inpracticality,
neuralnetworks ardimited in their approximation capability bfnite and noisydata sets, and
stochastic relationships.imited research has be@wone onusing neurahetworks asimulation
metamodels; e.g. sdtlee papers cited in Section This research has bearre of a conceptual
nature, than a workable methodology. Earlier papers bpukigors(Kilmer and Smith(1993)
and Kilmer, Smithand Shumar(1994)) have addressed using neuredtwork metamodels to
perform the primary functions needed by discrete event stochmstiation - estimation ahean
output values, estimation of variance olutput values, and development of prediction and
confidence intervalfor all ranges of thesimulation domain.That work on a textboo&mulation
problem was encouraging, and prompted the work reported herein.

It must be noted thateuralnetworks and thether metamodeling technique®mmonly
used arealeterministic. The stochastaspect of thesimulation is explicitlylost, howeversince
only one replicatiorusing the metamodel is needed. Therefondhile possibly losing precision
when moving fromthe simulation to a metamodethe user also loses th&ch stochastic
framework of thesimulation. Surrogates for the stochasttements, such as expected value,
moments and percentiles, must be used in deterministic metamodelsthd lwegleoffanvolve
imprecision and simplification for increased speed.

3.2. Selection of Training Sets and Neural Network Architectures

The neuralnetwork metamodel was developed by creattagp neural networkswhich
work in parallel (see Figure2). The first network predictsnean time inthe ED for agiven
patient, and the second network predictsviligance ofthe mean time irthe ED for thatsame
patient. Thesgarallel modelsvork together to create predictiamervalsover thesimulation
domain. Theparallel neurahetworks can alswork individually if the user desires. A subset of
the controllablevariables described iBection 2 was selected firclusion inthe neuralnetwork
metamodel. The inpwtariableswere themeans ofthe exponential random variables describing
(a) intensivecare unit bedvaiting time,(b) general/surgical unit besaiting time,(c) lab service

time and(d) X-ray service time.Four continuous input neurons were used, one&oh input
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variable. A designed trainirget of 81 observations was developetlile a designedesting set
of 80 observations spanned g@@ne variableanges, buincluded different valuetsee Figure 3).
Figure 3 shows each of the forariables relative tthe other thre@ariables. For example, row
one, columriwo shows combinations afitensivecarewaiting time and generakarewaiting time
for the training set (Figure 3a) and for the testing set (Figure 3b).

This test setwas designed to validatee trainedneuralnetwork on interpolation rather
than extrapolation. While the simulation metamodeinay be called upon to operate in an
extrapolation mode, thisight cause extremelynisleadingresults (for more detail, see Kilmer,
Smith and Shuman (1994)). Ten replications at each observation were wsktldiming points.
One hundred replications at each observation were used for all testing points, so that the "correct"
answer is known for each testing point.

INSERT FIGURES 2 AND 3 HERE

For the expectedralue neuralnetwork, there was oneutput variable of interest -
expectedime inthe ED per patient.This was described byne continuousutputneuron. In
between there wersvo hidden layers witifour neurons in eaclayer. For thevariance neural
network, the single outpuvas also continuous and described Wagiance ofthe mean time
estimate; i.e. the standaedror of themean. This was more complex problem and necessitated
an increased neural network size to two hidden layers with seven neurons in each. Both networks'
values of the number of hidden neurons were identified by brief experimentation.

Two methods of traininghe neuralnetwork for the expectetime inthe ED were used.
The first condensethe simulation replications intone expectedalue of time inthe ED, and
used that as the targastput. Forthis methodthere is onéraining pairfor eachcombination of
input values. This sinfifies training andminimizesthe training set, butremoves some of the
information thathereplications contain. The second method wsbckplicationsindividually, so
that each combination of input values had training pairs equdietmumber of replications.

These methods are compareddetail in the authorsearlier papergKilmer and Smith1993,



11

Kilmer, Smithand Shumari994)). Theneuralnetworkwhich predicts variance was trainedth
one training pair per combination of input values.

Networks were traineavith a modified backpropagation algorithm using a smoothing
factor, and the netwonkhich achievedhe minimum meanabsoluteerror over the dire training
set was kept as the final trained network.

4.0. Results Comparing Direct Simulation and the Metamodel

The performance of theneural network metamodel was compared against direct
simulation inthree ways. The neural network's accunatgtive tothe simulationfor a given set
of 10 replications was compared. Thame comparison was made againstsgé@s of 10
replications each of the simulation, representing the "true valubésimulationoutput. Finally,
prediction intervalsvere constructettom the neuralnetworkmetamodel and from a giveset of
10 simulation replications. These were compared by geneddibeplications otthe simulation
and placing them within each prediction interval.

4.1. Accuracy of the Metamodel Compared to Simulation

A first comparison of performance is #xaminethe accuracy of th@eural network
predictions over théest set fomean time irthe ED andvariance of that time. Examination of
the training set is not meaningfuince a neurahetwork has somany free parameters, it can
approximateany particular data severy accurately. Themore important aspect afeural
network performance is howvell the model can generalizeThat is, its accuracy on inputs
different from the traininget butstill within the model domain. Figures 4 and 5 comptére test
setpredictions for expectedalue and variance dghe neuralnetwork and direcsimulation. In
these figures, the open marketegs are thesimulationoutputand the dark markerdohes are
the neuralnetwork output. Note thdbr the neural network, the test sqtredictions are an
interpolationtask,while for the directsimulation,the test set isyput and replicated amy set of
inputs would be. This means the simulation is essentially "perfect” on any set of inputs.

INSERT FIGURES 4 AND 5 HERE
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As Figures 4 and 5 indicate, timeuralnetwork did extremely well on generalizing its
training tothe test set.The expected value ¢ifme inthe system was an easier problem to learn,
and therefore predictions are more accurate than for the variance. Variance predictions could
probably be improved by trainirthe variance neurahetworkmetamodel on sets of replications,
i.e. use 10 sets of 10 replications each to develop 10 different variance fealgéash input
vector. This of course would alsincreasethe amount ofwork to develop theneuralnetwork
metamodel sincd00 instead of 1@eplications would be required at each training and testing
point.

A second comparison of thmetamodel performance with diresimulationwas done.
Neural network predictions ardo sets of 10simulation replications (A and Byere compared
to the 100replications ofthe simulation at each dhe test sepoints. The 100eplications were
regarded as the "truealue” of mean time and variance. Tablednpares thenean absolute
error (MAE) of theneuralnetwork and théwo 10replication simulation sets the "truevalue"

(the one generated by 10@plications) of thdest set. From Table 2 it can be seen tleten
though the neural network metamodetadledupon to interpolate, performance is better than the
two sets ofdirect simulationfor both expectedalue and variance of time the ED. Both the
MAE over thetest setand the singlenaximumerror for theneuralnetworkmetamodelsireless
than bothsimulationsets. Theneuralnetwork trained oneplications performedglightly better
than the network trained on averagdsis is consistent witthe earlier observations of Kilmer,

Smith and Shuman (1994).

Table 2. Error Comparisons of the Metamodel and Two Simulation Sets to the "True Value" of
the Simulation.

Model Data Used MAE Max Absolute Errgr
Mean | Variancd Mean| Variande
Direct Simulation | Set A - 10 Replications 4.33 14.16 13.03 69.90
Direct Simulation | Set B - 10 Replications 4.22 19.91 11.21 74.80
Direct Simulation | Average of Sets A&B 4.28 17.03 12.12 72.35
Neural Net Individual Replications 1.81 8.6* 9.20 95.0*
Neural Net Averages 2.13 8.6* 9.40 95.0*
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* The neural networKor variance estimation wathe samefor both the individual replicationgnd averages
neural networks for prediction of the mean.

4.2. Comparison of Prediction Intervals

One of the pmary uses of simulation is comparing various alternatives vagpect to
particular measures of interest. QOmay the comparison can b®ade is with confidence and
prediction intervals, where confidence interals associated with averaggues and prediction
intervalsare associated witimdividual observations. A comparison of ti@ervals generated
through theneural network metamodel and by direcimulation is a fundamentaést of the
functionality of the metamodel approach. Predictiortervalsfor confidencefactors of 80%,
90%, 95%and 99% were generated for the test ssihgthe first set of 10replications of the
simulation(Set A inTable 2) andhetwo parallel neural metamodelene for expectetime and
the other forvariance). Table 3 showke comparison of thesetervals bythe number of 100

separate simulation replications which fell withie interval, and orthe low anchigh sides of the

interval.
Table 3. Prediction Interval Results for Test Set.

Conf. Neural Net - Replications Neural Net - Mean Simulation Intervals

Level Low | Interval | High Low | Interval | High Low | Interval | High
80 5.0 85.9 9.1 4.8 85.8 9.4 8.6 79.2 12.8
90 1.1 93.6 5.3 0.9 93.4 57 34 88.3 8.3
95 0.2 96.6 3.2 0.2 96.5 34 1.4 92.6 6.0
99 0.0 98.8 1.2 0.0 98.7 1.3 0.2 97.2 2.4

Table 3 shows thathe neural network wasvery accurate in terms of the appropriate
number of replicationgalling within the intervals, andhe neuralnetwork trained onndividual
replications waslightly more precise than that trained on meaA8.the intervals in Table 3 do
not reflect thesymmetry expcted in prediction intervalsThatis, all intervals showed a marked
differential inthose observations on thegh side ofthe interval versughose on the lovside of
the interval. An examination ¢ifie simulationoutputfrom those 100eplications show a positive

skewness. This isot unexpectedsince time inthe ED has a definitdower bound, but could
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extendout intime relativelyunbounded in isolated instances. Although prediction intervals built
using the predictedmean and varianceannot reflectasymmetries, predictingther statistics
could. Forexample, percentiles could be predicted by a metamsdarly trained to the
variance network.

5.0. Discussion of Results

This paper has showthe real worldapplication of an ED simulation and its neural
network basednetamodel. There arenitations of the metamodel. It izalid only for the
specified parameter domains included in the training set. The number of replications for which the
estimate of variance walid is fixed at ten. The metamodel, as developed, cannot reflect the
skewness of the distributiavutput. Similarly, the metamodel is completely deterministic so the
stochasticvariability of output of thesimulation islost, unless parallel modelsre used talso
estimate the variance.

However, for mostday to day decisions ithe ED, thefunctionality required of the
simulation is to estimatthe mean value othe outputvariable(s), and to develop confidence
intervalsabout that estimateThis information can also besed to perform response surface
analysisand optimization.For thesdunctions, theneural metamodel is an adequsigrogate for
the simulation. The use of the metamodel du#sequire replications, and the softwaretwork
runs in real time. For applications with space, weight or extretitae constraints, theneural
metamodel could be translated into hardware form (VLSI).

The neural metamodeloes notneed to remairstatic. It can be updated through
additional training as more simulation replications become availdlble.neural metamodel could
also be updated through direct observation ofsyystem, if that wer@ossible. Both of these
additional training methods could Iapplicable tothe ED. Moresimulationsmay berun as
computational resources and time allows, and the system may be observed directly through special
studies ordaily records. Howeverchanges to theimulation (e.qg., distribution parameters,
addition or subtraction of variables) woufttvalidatethe neuralnetwork metamodel, and a new

metamodel reflecting the altered simulation would need to be developed.
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Future research efforts in this area should include training with multiple sets of replications
for variance estimates, amebrk on establishinghe tradeoffs of using simulatiorcomputation
time for replications versus newaining points. Updatinghe neural metamodel with new
simulation runscould also be investigated to develop a workable methodology. Another area
mentioned inthe previous section igsing statistics besides mean and variancacmunt for
asymmetries ithe system. This is especially applicable in ED simulationgadient time in the
system wher@ne would expect a skewed distribution. The authors are pursuing efforts in all

these areas.
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Figure 1. Patient Flow Through the Emergency Department Simulation.
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Figure 2. Architecture of Parallel Neural Metamodel.
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Figure 3. Training and Testing Sets (all axes in minutes).
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Figure 3a. Training Set Values for Emergency Department Simulation.
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Figure 3b. Testing Set Values for Emergency Department Simulation.
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Figure 4. Mean ED Time Results of Neural Network Trained on Replications and Simulation for

Test Set (neural network on dark markered lines on all graphs).
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Figure 4 Continued. Mean ED Time Results of Neural Network Trained on Replications and

Simulation for Test Set.
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Figure 5. Variance Results of Neural Network Trained on Replications and Simulation for Test

Set (neural network on dark markered line on all graphs).
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Figure 5 Continued. Variance Results of Neural Network Trained on Replications and Simulation

for Test Set.
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