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Statement

In response to COVAI®, manyelective surgical proceduras Nova Scotiavere cancelled
resulting in an increased waitlisA discrete event simulation approach may provide strategies
for waitlist managementDescriptive analytics of two years (262820) of surgery data
informed themodeldevelopment. The model facilitated scenario analysisobvery
strategiesjncrea®d bed capacity and operating roo(®R)hours as well as the COVID

effects on room turnaround and demand

The base model, which reflected the current system parameters, indicated the waitlist grew
continuously with orthopedics, general surgery, and ugglcomprising 68%f the waitlist The
outpatient waitlist decreased to a steady state, whereas the inpatient waitlist continuously
increased.The number of available OR hours and the types of patients on the surgical waitlist
had the largest impact on thgatient throughput. Thesaspects ofesource allocation would

positively impact the waitlist created by the COMI®pandemic.
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1 Introduction

Thefirst cases oCOVIBEL9were reportedon March 15, 2020 in Nova Scotaovernment of
Nova Scotia Canada, 2028% a response to the COVID pandemic, most elective surgical
procedures in Nova Stia were cancelledn March 18, 2020(Nova Scotia Health, 2020a)
resulting in increased patient waitlist volumé&uring this timeemergency procedures ancery
high priority patients continuethut a total of3,212 surgeries were cancell¢dova Scotia
Health, 2020h)As the activeease count decreased elective surgeries resurfgglrel.1
displays the number of active COVID cases in Nova Scotia from MarcBeptember of 2020.
The peak of the curve occurred in the middle of Agmidl by the beginning of June there were
little to no active cases. Due to the naturetbé curve in Nova Scotia, elective surgical
proceduresbegan agaiin May. From the beginning of the pandemic uriay 25" the surgical
capacity was reduced to 25% of that of the previous yéarret, 202Q) The surgical capacity
slowly increasedeaching 67% capacity by Jufy(Ray, 2020&nd 97% capacity by August24
(Grant, 2020)

Active COVID-19 Cases in Nova Scotia

500 March - September 2020

) w N
o o o
o o =)

Number of Active Cases

=
o
o

0
15-Mar 15-Apr 15-May 15-Jun 15-Jul 15-Aug 15-Sep
Date

Figurel.1l: Active COVHD9 Cases in Nova Scotia Mar8eptember 2020

Due to the reducedapacityelectivesurgical procedures were nobmpleted and therefore

were notremoved from the surgical waitlist at the same rate as-@@VIBEL9. Ths, combined



with the already well documented long wait times for some elective procedures in Sloniia,
compounded the length of the waitlist and the wait time for patients. Additionallyingthe
first wave of COVHRY9, surgical consultations as well as family doatsits dramatically
reduced.Surgeons were instructed not to conduct consultasonperson,and many were not
comfortable assessing patients using video confereMamny patientsavoided in office visits to
family doctors and were encouraged to conduct phone appointments when possu#do the
lack of knowledge surrounding COMI® Thus, he true waitlist size is comprised of three
components: the waitlist prior to COVIY, the surgeries cancelled due to COYf)and the
not yet realized demand caused by the decrease in surgeon consultations and family doctor
referrals.It was roted that due to the cancellation of surgical procedures some elective
procedureghat were already on the waitlistntered the system as emergency patienksis
createdan environment where patientaere unable to access surgeries aralisecdthe waitlist

to grow.

An effective strategy is needed to addrabe compounded waitlistesulting fromCOVIBL9.

The overall objective is tprovide direction for strategy development to allocate resources in

the healthcare systenThe climate within the healthcarnvironment created by the COVID

LI Y RSYA O LINE --k-GeBefation oppoxuhiyy @ &indle a broader transformation of
ddzNBAOFf aASNBAOSa FT2NJ I adzadl XYdadh& Slartihy R SGKA O
2020)An wnderstandingof the impacts of resource allocation is crucial to effectively addressing

the waitlistand developing new strategies that are not currently utilized by the healthcare

system.

The objective of the research isaoldress the COVAIO related backlog of eleoe surgery in
Nova ScotiaThe research identifigbe currentsystem configuratiothrough data analysis to
develop a base model. The overall throughput of the hospital is evaluated usihentjé of
the waitlist over time as the metrid@.he waitlist$ analyzed based on both the total waitlist as
well as for each surgical specialty as each surgical specialty has specific ddfpedsients
are developed to identify the impact of various levels of resosiecel demand on the overall
throughput of thepatients.The experiments developed address the-ofithe-box thinking

required to reduce the surgical waitlist effectively and aggressively.

2



The remainder of thighesis is outlined as follosvSectior2 is a review ofelatedsurgery
scheduling and capacity planning literatuBection3 describes the methodand results used
for the extensivedata analysisSectiord illustrates the model development by outlining the
current system and associated conceptual model and the simulation model. Sectestribes
the verification and validation methods used for the simulation modibe experiments
developed and the associated results for the simulation model are outlin8ecitnons6 and 7,
respectively. Finallygections8 and 9 discusgesultsandstate the overall conclusions of the

research, respectively.



2 Literature Review

Thereis extensive researchpplying engineering methods to surgery scheduling @aqehcity
planning.This is not surprising as tiedzNH A O f  ReBnisfituteXhe 1&gt cost Xenter,
and consume a large proportion of total expen®gkamiri, Grimaud, & Xie, 2008he planning
and scheduling of surgical patients is complex as it is dependent upon many resources within
the hospitalas well adbeingsubjed to unplanned emergency scenaridhe ntegration of the
downstream and upstrearaurgical resources requires a wide scope of research which
increasests complexity Further, energency surgerintroduces a large degree of uncertainty
too but are often not included in surgical scheduling andéng reviewgCardoen,
Demeulemeester, & Belién, 2010he aim of tis chapters to identify industial engineering
and operatimsresearch methods used to analyze surgical schedulingapdcityplanning.
The main objectiveareto identify patient throughput strategies for surgical operatioasd
categorize the studies based diocus measurement metricandmethodology Furthermore,

applications of the research on the COMMDhealthcare environmerdre also investigated

Theremainder of this section is structured as followbeliterature searchmethodology used

is presented irfection2.1 Thissection illustrates the database and kegrds used to

complete the search and presents a PRISMA diagram associated with the search results. The
subsequent sectionsategorize the identified articles based on focR<), metrics 2.3), and
methodology 2.4). The focusubsectioncategorizes articles based oeview, surgical
schedulingand resource allocation. Theetrics subsection reviews thraost prevalenimetrics
usedin thereviewedarticles incluihg patient wait time, patient throughput, resource

allocation, and cost. Thmost commonly usedethodologesused in the articlegcluded
simulation, mathematical programming, and simulation optimizatias discussed in the
methodology subsectiarThe firal section reviews the literature related to surgical scheduling

and planningduring the COVH29 pandemic.

2.1 Literature SearcMethodology
The search engine used was Google Schiblsrimportant to note thesearch engine results

method used by GoogledsK 2 { Qodgl® Scholar aims to rank documents the way researchers



do, weighing the full text of each document, where it was published, who it was written by, as

well as how often and how recently it has been cited in other scholarly liter&t(@aogle Inc.,

2017)The search strategy is illustratedrigure2.1 using aPRISMA (Preferred Reporting Items

for Systematic reviews and Mefnalysesyliagram(Liberati et al., 2009)he key words used

inthe searchinclude g K R@ G YI yI ASYSY (i Q> WLI GASYy(d (KNP dJzaK
0 KNE dza K LJdz(i Q> akthwa daNBE RBdzA K adzACRECh prodluced¥s aytitled S Y Sy
The removal of the duplicates resulted in 802 articles. The 802 articles were screened which

excluded 46 articledeaving 66 articles to bassessedThe articles were excluddzecause

they were not related to surgeryrheassessmendf the articles removed eight articles the

articlesdid notdiscuss an analysis afurgical waitlist The remaining aitles werestudied,

resulting in the48 articles discussed in detail this chapter

|

Mumber of records identified (N = 848)
Database: Google Scholar
Key words: “wait list management’, ‘patient throughput’,
‘surgery patient throughput’, “OR throughput’, *surgical wait
list management’

Identification

I Records after duplicates removed

{n = B02)

oo

E

=

) -

-

@ Records screened N Records excluded
(n = 802) (n= 748)

Full-text articles assessed Full-text articles excluded,

= for eligibility with reasons

= (n= 66) (n=28)

=8

w

l

studies included in
qualitative synthesis
(n=58)

|

Studies included in
guantitatiwve synthesis
(meta-analysis)

(n = a8g)

|

|

Included

|

Figure2.1: PRISMA Flow Diagram



2.2 Focus

The focus of the articles can be categorized into three rmaiagories that include surgical
scheduling, resource allocation, and reviamd metaanalysesThe articles associated with
each category arpresented inTable2.1. There werefifteen articles identified relate to
surgical scheduling, seven articles related to resource allocationfoamdrticles identified as
literature reviews. The remaining articles were not easily grouped thiaspecifiedcategories.
Table2.1 categorized the articles based on the focus of the artidkash of these categories

are described below in detail.

Table2.1: Summary of the Focus of the Articles

Focus

Review (Cardoeret al., 2010; Saleh, Novicoff, Rion, MacCracken, & Siegris
2009; Sobolev, Sanchez, & Vasilakis, 2011)

Surgical Scheduling (Astaraky & Patrick, 2015; Banditori, Cappanera, & Visintin, 2013;
Everett, 2002; Fugener, Hans, Kolisch, Kortbeek, & Vanberkel, 201
Lamiri et al., 2009; Noyan Ogulata & Erol, 2003; Saadouli, Jerbi,
Dammak, Masmoudi, & Bouaziz,12) Santibafiez, Begen, & Atkins,
2007; P. T. Vanberkel et al., 2011; Vasilakis, Sobolev, Kuramoto, &
2007; S. Wang, Roshanaei, Aleman, & Urbach, 2016; J. Zhang, Dr
Moudni, 2019; Z. Zhang & Xie, 2015)

Resource Allocatiol (Dayarathna, Mismesh, Nagahisarchoghaei, & Alhumoud, 2020; Lg
Tanfani, & Testi, 2013; Lin, Sir, & Pasupathy, 2013; Niu, Peng, &
ElMekkawy, 2013; Ozcan, Tanfani, &tT&917; Vanberkel & Blake,
2007; Vansteenkiste et al., 2012)

2.2.1 Review

Manuscripts pertaining to operating room planning and scheduling were review&aimoen

et al.(2010) It was identified that many papers analyze the elective surgical patients but do not
analyzeincludeemergency patients despite the impact the uncertainty of emergency patients
haveon standad scheduling techniques. Further, it was observed that many articles did not
specify the type of patient the schedule was developed for in the articles. The lack of scope
outlined in the articles is a large shortcoming of the previous research as it dbesavide

insight into the level of uncertainty present in the model as well as the transferability of the

research. Additionally, the scope of many research projects is limited to a single medical site



andy 2 G &aLINBI R 2 @SNJ Ydzf anl Cairte indicatéd haheir literatyre m dp 1 =
review that techniques for integrating operating room scheduling with other hospital

2LISNY GA2ya ¢ SNEB (CdabBEnSt/all, 208 Mhiskds dwt éld@drtdnithe research

that was conducted since 1997 as the majority of the articles limited the research to the
operating room alone. It is recognized Ggrdoen et al(2010)that much of the limited

research conducted in these areas may be due to the inherent complexity that accompanies

these areas of research.

Sobolev et al(2011) conducted a review of the use of simulation in modelling patient flow in
surgical carel-ourareas othe presented research were discussed: details of the simulation
approach, utility for analysis of surgical catéferent conclusions based on approach, and
models developed specifically for healthcafde details of the simulation approach provided
in each study varied widely. The percentage of studies that described the assumptions,
NBIljdZANBYSyGaz FyR AyLlzi FyR 2dzilLdzi hRI G &SN
majority of publications (31 [91%]) provided some discussion on the utility of siw i
analyzing changes in the delivery of surgical Xa§Bobolev et al., 2011)ith respect to both

the details of the simulation approachnd the utility of the simulatiopwaitlist management

was only discussed 21% of the time. Lastly, few articles discussed the involvement of policy
personnel in thedevelopment of the simulation to address the needs of policy makers. It is

suggested that due to variation in the presentation of the informatguidelines should be

RSOSt2LISR G2 AR Ay (GKS &XNBLIASobokeyehal. 2F11)a A Y dzf |

Saleh et al(2009)reviewed strategies for improvement of operating room throughput for
orthopedic surgery. The strategies for improving throughput in operating rowers
categorized into three areas perioperative, intraoperative, and postoperative. Perioperative
intervention strategies were identified in six studies, common to four articles was parallel
anesthesia induction. Intraoperative intervention strategies welentified in seven articles.
Two of the articles included implementing clinical pathways one for total knee arthroplasty and
one for head and neck surgical procedures. Further, one of the articles discussed the
GFLILX AOFGA2Y 27T f A ¢ iealdtatd IpRafinytoomvtimeg among® RSt a
& dzNB §ahaetat., 2009)he postoperative intervention strategies included four articles

7
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two of which used computer siatation to model patient flow. It was identified that most of
the articles evaluated the streamlining of the traditional surgical patient flow by maximizing
capacity and reducing labor costs. A multidisciplinary approach toward improvement is

required as mltiple individual strategies culminate to increase operating room throughput.

2.2.2 Surgical Scheduling

Surgical scheduling related toallocating caseand specialties to operating room time within a
hospital for a given planning horizofhe planning horizois not dways specifiedut can range
from as small as one wedkloyan Ogulata & Erol, 2003; Saadouli et al., 261d¥long as 26
weeks(S. Wang et al., 20L& verett(2002)performed a simulation to schedule patients by
removing patients from the waitlistver a 1001 day time perio@heanalysis of the surgical
schedule byl. Zhang, Dridi, & Moud(2019)was completed whilst also considering the next
planning horizon. This was done to ensure that the optimal scheduling of the current planning
horizon did not negativglimpact thesubsequent planning horizoithescheduling of patients
was allocated to preletermined time slotsn three articles(Astaraky & Patrick, 2015; Lamiri et
al., 2009; Vasilakis et al., 2007)

It was notedby Cardoen et al(2010)that few surgical planningtudies areconducted over

multiple sites. Two articlethat are exceptionso this developed master surgical schedules for
multiple hospitalfRoshanaei, Luong, Aleman, & Urbach, 2016; S. Wang et al., 20&6)
patientsare grouped into categoriesf long, medium or shotfor the surgery length or lenpt

of stay to allow for sometochasticity to be incorporated intoptimizationmodels(Banditori et

al., 2013; Noyan Ogulata & Erol, 20@3)rther, the length of stay and recovery distributions
were simplified toa single valuegvhen analyzing a single surgispkcialtyby J. Zhang, Dridi, &
Moudni (2019) Although itwasemphasized by ardoen et al(2010)that more surgical

scheduling research needed to incorporate other areas of the hospital when developing surgical
schedulesonly some of the articles discussed the impacts of the recovery beds on the surgical
schedule Astaraky & Patrick015)scheduled patients into a preéetermined master schedule
incorporaingthe stochastic nature of both surgical and recovery tintegerett(2002)

incorporates thesimplified measure dbed daysdy assumingt follows a normal distribution.

There wadittle to no consideration for the interaction between the surgical schedule and the
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bed usen six of the article¢Banditori etal., 2013; Lamiri et al., 2009; Noyan Ogulata & Erol,
2003; Roshanaei et al., 2016; Saadouli et al., 2014; Z. Zhang & Xie, 2015)

2.2.3 Resource Allocation

Resource allocation was mainly focused on operating rooms ansl Beds are often used as a
proxy fa the staff and equipment needed with the bedshis proxy implies that the beds
considered in the model are staffed beds and adequately staffed by hospital personnel
(Vanberkel et al., 2011The allocation of the operating rooms was the sole focus of the
research byansteenkiste et a(2012) Niu et al.(2013)considered the optimum configuration
of resources for the operating room whilst considering taiting room chairs, PACU beds,
operating rooms, inpatient and outpatient bedssources availabl&imilarly Lin et al(2013)
determined the optimabperating roonresource levelavailable in the surgical services
including preoperative beds, holding nurses, anesthetists, and circulating nursesla,
Sonnessa, Tanfani, & Te@018)andVanberkel et al(2011)focus on the redistribution of
recovery beds for surgical servicémally,Ozcan et al(2017)focuses on allocatmbeds and

operating room blocks to achieve better performarafecompeting processes.

2.3 Metrics

Theperformancemetrics used foanalyzingnterventions can bdéroadlycategorized into four
categories The metricsnclude patient throughput, patient wait time, resource utilization, and
cost.Increasing the throughput of the patientdten leads to increases nesource utilization
and decreas inpatient wait time and costMany articles use multiple metrics to duate the

performance of the researci.able2.2 categorizes the metrics used in the identified articles.

Table2.2: Sumnary of the Metrics of the Articles

Metrics

Patient Throughput | (Banditori et al., 2013; Dayarathna et al., 2020; Komashie, Mou
& Gore, 2008; Niu et al., 2013; Santibafiez et al., 2007; Vanber}
Blake, 2007; S. Wang &t, 2016)
Patient Wait time (Astaraky & Patrick, 2015; Noyan Ogulata & Erol, 2003; Vanbe
& Blake, 2007; J. Zhang, Dridi, & EI Moudni, 2019)
ResourcdJtilization | (Astaraky & Patrick, 2015; Komashie et al., 2008; Moosavi &
Ebrahimnejad, 2018; Noyan Ogulata & Erol, 2003; Ozcan et al.




Metrics

2017; Roshanagit al., 2016; Vanberkel et al., 2011; Vansteenkis
et al., 2012; S. Wang et al., 2016)

Cost (Lamiri et al., 2009; Stahl et al., 2006; S. Wang et al., 2016; J. Z
Dridi, & ElI Moudni, 2019; J. Zhang, Dridi, & Moudni, 2019; Z. Z}
& Xie, 2015)

2.3.1 Patient Throughput

Komashie eal. (2008)defines throughputast X G KS ' Y2dzyd 2F 62 NJ
aeadsSy Ay I ThiQusFoktiRoughfut a8 A nveBidthe surgicacontextfocuses on
increasing thavork (i.e. thepatient throughpu) through the surgical systerKomashie et al.
(2008)focused on the time required for patients to move through gystemby altering the
casemix levels It was identified that removing outpatient casesiucedthroughputby 23.3%.
Wang et al(2016)andBanditori et al(2013)developeda surgical schedule iocrease
throughput in the surgical departmenBanditori et al(2013)accounted for thesurgicaldue
dates of thecasesin the surgicabchedulemaximize throughputWang et al(2016)compared
the patient throughput of the situs quo operating room schedule and thistributed
operating room schedalto illustrate the impact of accounting for the stochastic nature of
patient throughput.Dayarathna et ak2020), Niu et al.(2013), Santibafiez et a(2007), and
Vanberkel & Blak€007)analyzed the resource allocation levels toximize patient
throughput.Dayarathna et ak2020)improved patient throughput at a clinic by increasing the
number of laboratory technicians availabiiu et al.(2013)and Santibafiez et a(2007)aimed
to maximize theahroughput of patientgo reduce the waiting time by determingnthebest
distribution ofresourcesSantibafiez et a(2007)categorized the patient wdists by length for
each surgical specialgndassigred weights based on the categorieganberkel & Blaké007)
aimed to maximize the throughput with the current resources availaslevell as quantiing

the impact of addingandremoving resources.

2.3.2 Patient Wait time

The patient wait time is the timpatients wait for their surgerfalso sometimes referred to as

access time)The goal is to minimize the amount of time patients spend on the waiNistet

al. (2013)applied weights tgatients of low, medium, and high priority levétsminimize the
10
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patient wait times. Similarly]. Zhang, Dridi, & El Moud@i019)shortened the wait time of
patient bydeveloping a method to sort and prioritize patients basedlmwaiting time of
patients.Astaraky & Patrick015)used the recommended wait time targets of patiemseach
priority class to minimize the wait time. Thait time is classified abe costof booking
patientspast the medically recommended wait time target&nberkel & Blak€007)

identified that wait times aresensitive to changes in operating room and bed resources with
the bed resources impacting patient wait time more than the operating raotheir case

study.

2.3.3 ResourcaJtilization

Resource utilization was mainly focusedls®d and operating room utilizen. The definition

of utilization is an important factor whemsingthis metric. Vansteenkiste et a(2012)defined
utilizationas capacity use expressed in time. An associated capacity use factor was idastified
the percentage of time allocated for programming during the day that was used by Gases.
equation used wathe sum of theoperating roomusagedivided by the sum of the total

capacity availableThe turnaround time was not accounted fahich made achieving 100%
utilization impossibleThe goal is to optimally distribute capacity by evaluating the relative over
capacity and under capacity usetbé operating roomsRoshanaei et a(2016)computed the
operating room utilization by dividing the mean number of open operating rooms by the total
number of operatingooms availableY. Wang et a2016)computed operatingroom

utilization asthe total time used for elective surgery excluding turnover time and waiting time
for downstream units divided by the total operating room time assigned to elective surgery.
Komashie et a[2008)used the utilization of operating rooms as an indicator of how well the
available resources were being used when altering the-caigdevelsMoosavi &
Ebrahimnejad2018)focused on théed and operating room utilization. Tlsecond objeate

of the multrobjective modelvas to minimize the cost of extra beds acquired in the watce

third objective aimed to minimizthe idleness and overtime of the operating roomstaraky &
Patrik (2015)focused on the cost associated whilked utilizationas it was identifiedhat

ignoring bed utilization during scheduling could be detrimental to the utilization of the

resourcesThe ward utilization was a main focus of the development of the operating room
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schedule foivanberkel et al(2011) Ozcan et al(2017)focused on the optimal utilizatioof
both operating rooms and bed utilizatiand Noyan Ogulata & Er¢2003)focused on

maximizing the operating room utilization.

2.3.4 Cost

In a hospital the LIS NJ (i A yc@nstitiBe2h¥ largeXt cost center, and consume aéar
proportion of total expenses (Lamiri et al., 2009yhe importance of cost to the hospital
administrators when evaluating the efficacy of interventiangxemplified bysaadouli et al.
(2014) Tihecefficiency of the suggested solution is thatidated by an illustrate example
which shows that a substantial amount of operations and hence cost can be &ésaddouli
et al., 2014)rheobjectiveof Lamiri et al(2009)was to minimize the projeed overtime costs
and patient related costs but did not esider the undetutilization costs.J. Zhang, Dridi, &
Moudni (2019 andZ. Zhang & Xi015)aimed to reduce the total costs. Zhang, Dridi, &
Moudni (2019)minimized the total incurred i from surgeon waiting time, operating room
overtime, and operating room idling tim&/hereasZ. Zhang & Xi€015)reducedthe total
costs by minimizing the coef unscheduled patients andcurred by patients waitinghe costs
were proportionate to patient priorityStahl et al(2006 andS. Wang et a(2016)performed
cost effectiveness studieStahl et al(2006)modified process costing methods to estimate
costs as defined as the total costs of patient care from admission to the preoperative
preparationunit through to discharge from thpost anesthesia care unithe djective ofS.
Wang et al(2016)was to minimize the costs of opening surgical suites and operating rooms,
waiting cost of patients scheduled for the current plannitagizon and thosedeferred to the
next planning horizonThe net measure of effect for éhcosteffectiveness analysis was the

estimated maximum number of patients treatable per day.

2.4 Methodology

The methodology used varied amongst the articles selectednidie categories included
simulation, mathematical programming, and simulation optimizat\ithin each category
there were a variety of techniques that were applid@ble2.3 categorized thearticles based

on methodology.
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Table2.3: Summary of Methodology Used in the Articles

Methodology
Simulation
Discrete Event (Cardoen & Demeulemeester, 2008; Everett, 2002; Komashis
Simulation al., 2008; Vanberkel & Blake, 2007; Vasilakis et al.,)2007
Mathematical Programming
Mixed Integer Program (Moosavi & Ebrahimnejad, 2018; Noyan Ogulata §
Erol, 2003; Santibafiez et &007)
Markov Decision Proce&s (Astaraky & Patrick, 2015; J. Zhang, Dridi, & Moug
Approximate Dynamic Programmir] 2019)
Other (Roshanaei et al., 2016; P. T. Vanberkel et al., 20
Vansteenkiste et al., 2012; J. Zhang, Dridi, & El
Moudni, 2019)

Simulation Optimization

Mixed Integer Program| Discrete Event Simulation (Banditori et al., 2013;
Neyshabouri & Berg, 2017;
S. Wag et al., 2016)
Monte Carlo (Lamiri et al., 2009)
OtherCombination (Lin et al., 2013; Ozcan et al., 2017)

2.4.1 Simulation

Discrete event simulation modellilmanmodel the resource interactions of clinical pathways
whilst incorporating the stochastic nature of the healthcare envinemt. This is often useid
placeof queueing theory due to the complex nature of the healtlecanvironment(Vanberkel
& Blake, 2007)Thereare a variety of tools available for completing the simulation analysis
including FlexSim, ArenBxtend, C+4Statecharts, andlVitness. The use of simulatin specific
software such as FlexSim and Arexids the credibilityof the modelas the visual aidg X
facilitates the transmission of insights to the haspt Y I vy I IC3wvddey & o £
Demeulemeester, 2008imulation does not provide an optimal solutibat instead
determines the best range of proged solutionsThrough this,5 Ydzf F G A2y a XSyl o6t S
debate between the stakeholders about the optimal solutiofiEverett, 2002)/asilakis et al.
(2007)utilized simulation to comparéwo wait list management strategies to illustrate the
advantages of each systetminform the stakeholders in their decision proceBgspite the

acknowledgement of the complexity of tlealthcare system in some articles simplifioas
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were made in the simulation desigdomashie et al2008 andVasilakis et a2007)did not
incorporate therecovery beds in the simulationodd as the simulation model was not
concerned with all surgical related activities. Furthieverett(2002)assumed normal

distributions for both the length of stay and surgery duration for newly generated patiengs. Th
majority of the articles fitted distributions using goodness of fit teéstsnodelthe length of

stay and surgery lengttier patients(Cardoen & Demeulemeester, 2008; Komashie et al., 2008;
Vanberkel & Blake, 2007)hemajority of the articles also evaluate the elective and nhon

elective patients to ensure thiempacts of cancellations and emergency surgeries are
considered in the resultgCardoen & Demeulemeester, 2008; Komashie et al., 2008; Vanberkel
& Blake, 2007; Vasilakis et al., 20Bi0wever,Everett(2002)does not consider emergency
patientsonly urgent patients who are elective patients with the highest priofitye prority of
patients in the queue wasodeled byVanberkel & Blak€007)T usiing a priority scheme

which incorporated observed wait time in each category for each surgeon, the lower the weight
the higherl K S  LINYagbbiReli&&Bthke, 200Additionally,Everett(2002)calculates the
priority index ofeach patient at the end of each day to allow the queue to be resorted based on
the updated priority of the patientsThe priority of the patients was not outlined IBardoen &
Demeulemeeste2008) or Komashie et af2008)

2.4.2 Mathematical Programming

Mathematical programming is another popular tool to analyze surgery scheduling and planning.
The use omixed integer programminganinclude multiple objectivesMoosavi &
Ebrahimnejad2018)used three objective functions to study the upstream and downstream

units of a surgical department. The three objectivadtions aimed to minimize the number of
deferred patientswaiting cost of scheduled patients, idleness of overtime of operating rooms,
lateness in operatingn children and earliness on operating patients far from hospiNalyan
Ogulata & Erof2003)uses ahierarchicaimultiple criteria mathematical programming model to
develop a weely schedule for the operating room$he objectivési 2 Y| EAYAT § & X dzi .
of the total operating room capacity, balanced distribution of operations among surgical groups
in terms of geration lengths and operation days, and minimization of weighted patient waiting

0 A Y §\bydarg Ogulata & Erol, 200Bhe model was solved in three stages. The first stage
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removes the patients from the waiting list to schedule them, the second stage assigns the

patients to resources, and the third stagesigns the patients to arperating room and time.

Santibafiez et atlevelopeda multiple objectivemodelto {m]inimize the sum of maximum

usage of possurgical resources preospital, maximize total throughput of patients, maximize
total weighted throughput of patient, minimize the sum of under throughput, minimize the sum
2T LISNOSylGl 38 @@YOR)Bhbbjedialrtivi hidzipdmeant to be used
simultaneously but allow the user to select whaibjective function best suits the results
required.The main decision of the model is to determine which periods and operating rooms

should be assigned to each surgispécialty.

There are other mathematical models that have been usesthedule and plan surgical
settings.J. Zhang, Dridi, & El Moud@i019)used a markov decision proceassdevelopa

surgical schedule/hich accounted for the stochast@nvironmentfor a single elective surgery
specialtywith limited resources including operag rooms and surgical intensive care unitke
model is designed as a two level optimzation modke first level igelated to wait list
management tax ¥Xhinimize the discounted estimated cost over the infinite planning hogzon

(J. Zhang, Dridi, & El Moudni, 20494 the second level is the patient assiggntto a specific
surgical blockRoshanaei et a(2016)developed a large scale location allocation integer

program using logic based Benders decomposifidre program was applied tbe distributed
operating room scheduling problem. The distributed operating room sclegdué a

centralized multhospitalpriority-based: LILINR I OK (2 St SO ARdShanaeizNB S NE
et al., 2016)The objective is to minimize the cosikthe operating roomsthe cost of patients

on the waitlist who remain on the waitlist aftetach schedulés developed, and the cost of
scheduling patients during the planning horizdanberkel et al(2011)developed a probability
function to determine the probabilitjor each surgical specialtyhe probabilties are specific

for each surgical specialty and each day after the surgery is completed to detdimine

allocation of patients to surgical blocks to ensure the inpatient wards can accommodate the
patients. Lastlyyansteenkiste et a(2012)developed a due time model’he model focused on

the capacity use of the operating roonThe performance of the utilization was considered

with three additional measures: wait time of the surgeons, ratio of the surgeons estimated time
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to the actual time spent for the casand capacity usage factor. The measures weegghted,

and each disciple was scored.

Astaraky & Patrick015), Lamiri et al(2009, andJ. Zhang, Dridi, & Moud(2019)used

simulation to find a solution to an optimization mod@istaraky & Patrick015)used a markov
decision process mod& schedule patients into a schedule to minimize the combination of
patient lead time, operating room overtime, and over occupancy in the recovery beds. The
markov decision process was too complex tovsolising standard methods. A simulation
approximatedynamic programming model was developed to solve the markov decision process
model.Lamiri et al(2009)developed a mixed integer program using monte carlo simulation to
solvethe model. The objective was to assign elective patients to different periods to minimize
the cost of the assignment and the expected overtitheZhang, Dridi, & Moud(2019)

developed amarkov decision process and used an approximate dynamic programming which
incorporated monte carlo simulation to solve the model. The model minimized the total cost by
selecting patients to be treated on a weekly basis. The solution incorptfaeaincerainty of

the surgery durabns and the length of stay.

2.4.3 Simulation Optimization

Simulation optimization facilitatending the optimal solutiorwhilst incorporating the
stochastic nature of the healthcare system in the simulationr&laee multiple method to use
simulation optimizatiorthat includes testinghe robustness oén optimal solutionsolve the
optimization problemfind the optimal solution using an iterative approach, and optinaize
simulation solution.Banditori et al(2013)developed an optimal solution and identified the
robustness of the solution usingetrics of a cancellation and overtime thresholdain

simulation modelThe optimization model maximized the operatingmnoutilizationthrough
assigning specialties to each operating room in a specific time slot within thdiegganning
horizon.The penalties resulting from missing due elaand bed mismatchesere minimized.

The solutions that were produced from the optimization model werecessed througlthe
simulation modelNeyshabouri & Ber(017)useda similar method o§imulation optimization
asBanditori et al(2013) A two stage optimization model was developed and the results were
tested using a simulation modélhe model aimed to plan for surgery and downstream capacity
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underuncertainty.The objective of th@ptimization model was to minimize the total costs;

cost of assigning patients to surgery bloakgertime cost for performing surgeries, and cost of
lack ofsurgical intensive care unit (SIGldpacity.The first stagessigns patients to surgery
blocks and the second stage minimizes the overtime and denied SICU admission costs. The
simulationtests the optimization solution using length stays that were uniformly distributed.
S. Wang et a[2016)compared the performare ofa distributed operating room scheduling
optimization model to a discrete event simulation modéthe sttus quo surgical schedules to

guantify the improvement gained through the distributed operating room schedule.

Lin et al(2013)uses simulation optimizationteratively to identify the optimaftesource level

for the simulation modelThe genetic algorithrgeneratesfeasible design point® specifythe
design of the simulation experimenthe performance measures of the simulation experiments
and the relative efficiencies of the design poinengrated by the genetic algorithnare

analyzed by the data envelopment analytsisletermine the next sample poin©zcan et al.
(2017)uses simulation optimizatiorto optimize a simulation in Witness using the banit
optimizationsoftware.dThe aim is to explore and improve the results based on selected values
of defined performance measures. One cannot assure that optimality is reached; however,
based on varioutrials (scenarios), it can be determined whether the obtained solution is
preferable to previous solutiodsgOzcan et al., 201 7he goals tofind resource configurations
that improve the performance dhe operating department. A discrete event simulation model
usespriority scoresof the patient The priority scoreBicrease each ddyased on a percentage

of the maximum time before treatment that Is@lapsed Theoperating time is modelled using

lognormal distributions and the length of stay was modelled as normal distributions.

2.5 COVIEL9 Surgery

Additional articles were investigatassingthe] S& ¢ 2 NRMd aff dzNASNE ¢ (2 RS ¢
surgical scheduling armhpacityplanning work conductedn the surgery backlog created by

COVIRL9. Although the key words returnedanyresults most articles were not applicable to

the research topr presented. Tharticles mainly focused aproviding guidelines and

recommendations for performing surgeries durithg COVIBL9 pandemic.Diaz, Sarac,

Schoenbrunner, Janis, & Paw#020)reviewed therecommendations from various sources to
17



provide consolidated guidelines for perfoing elective surgeries during the CO\IMD

pandemic Another area of focus was identifying teargicabacklog and providing

recommendations on strategies to inform the stakeholders offttorsthat will need to be

considered when COVI® is at a maageable levelAmerican Collegef Surgeons, American

Society of Anesthesiologists, Association of periOperative Registered Nurses, & American

Hospital Associatio(2020)released a joint statement dailinga roadmap to resuming elective

surgical procedures following tf@OVIB1L9 pandemicLastly, some articles focused on

estimating the backlog created by COM®and the length of time teliminate the patients

postponed on the waitlist). Wang et alevaluated historical dateelating to surgical

operations in OntaripCanadao developad 0 A YS aSNAS& F2NBOlFadAy3az | dz
LINPOIFIOAfTAAGAO aSyardAgraite | yeR@mdléngthicdtmsa d A YI
and the resources requireth clear the backlogreated by COVHD9 were estimatedThe

estimated time to clear the backlog created wéé weeks with a confidence interval of 4645

weeks.Jain, Jain, & Aggarw@020)developed a Monte Carlo stochastic simulation to forecast

the patient volume created by the cancellations of elective procedures. It is recognized there

gl a axyz2 @FftARFGSR KA & (naiddk add t6 whRtlegiele théir@alttiK S LI LIN.
OFNB aeadSy Ol I(Jidet ai.2202a)vastpredickedtRagy Gotitadically, it will

take seven months for theealthcare system to perform 90% of the delayed surgeries.

Pessimistically it will tak&6 months to achieve the same result.

Anderson, Edward G., Freeman, Richard, Jog({eka0) developed a computer simulation to
analyze the potential rampip scenarios at a midize hospitalThe model was developed using
Vensim to analyze thediv dynamics of the systerihe analysis was performed on a hospital

that cancellednostelective surgery procedures during COXIEDTheconclusions related to

ramp upsuggest a hugmcrease in short term surgical capacity is required given there are no
bed constraints. However, with the presence of bed constraints the addition of surgical services
will not increase the throughput of patient¥he recommendations made include allowing 20
hours of overtime per weekljire a temporary workforcéo avoid overime/burnout issuesand

divert to ambulatory surgery centete reduceimpact on bed constraintdt is recognized a mi
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of the recommendations will facilitate an effective strategy to address the backlog of surgical

patients.

2.6 Summary

The literature reviev provided an overview gfrevious research conducted regarding both
patient throughput and elective surgeries during COVY8DCardoen et al(2010)identified a

lack of downstream consideratiomhen developing planning and scheduling strategies. The
integration of the downstream units was prevalent in the revievesticles;however, it was not
always incorporatedThe revieved articles identifiedmostof the research focused on
developing surgidaschedulesThere was a lack of articles which focused on the allocation of
surgical resourcet® aid in surgical scheduling agdpacityplanning. The utilization of the
resources was a prevalent metric of assessingoréormance of the developed model
However, patient throughpuivas not as prevalent a metric. Additionally, although the patient
throughput and the wait list length areorrelated,the length ofthe wait list was not used as a
metricin the reviewed articlesThere was generally an evdristribution of articles that used

the simulation, mathematical programming, and simulation optimization approadhehin
simulation the most prevalent model was discrete event simulafi@ble2.4 displays a
summary count of the articles with respect to the methods and corresponding metrics used.
Discrete event simulation utilized throughpuwtait time, and resource utilization as a metric.
The patient throughput waased by two of the articles and the wait time and utilization was
used by one article each. Mathematigabgramming models often used multiple objectives
with multiple metrics to evaluate the solutions. The most prevalent one was resource utilization
with seven articles, wait time and cost were each used by three articles, and patient throughput
was used by one article. Simulatioptimizationused throughput and resource utilization as
metrics.Since simulatiofoptimization is a combination of the simuiah and mathematical
programming categorieshs is unsurprising as patient throughput was the most prevalent
metric for simulation models and resource utilization was the most prevalent metric from
mathematical programming modelBurther, the initiaimethodology used to evaluate the

surgical ramp upollowing COVIEL9 was a computer simulatiofthe esearch presenteah this
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thesisuses simulation to addreske surgical waitlisthrough using patient throughput and

wait list length as a metrivhilst incorporating thebed and operating room resources.

Table2.4: Metric and Method Summary Table

Metric
Throughput| Wait Time | Utilization Cost
3 Discrete Event Simulation 2 1 1
£ | Mathematical Programming 1 3 7 3
% Simulation Optimization 2 1
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3 Descriptive Analytics

The data analysis informed the model development and provided the model inputs. The
collection method and the types of data provided are described in this section. The types of
data analyzed include the operating room usage, patient throughput, patierlistsj and new

case attributes. The methods used to analyze each component of the data is described below.

The datéfor this researctwas collected by Nova Scotia HegiSH}Yhroughout the province

of Nova Scoti&or each quarter from January 2018 untune 2020. The datasets were created
by joining multiple datasets on the unique identifier for each surgery caseddtaecomes

from three databass includngthe Patient Access Registry Nova Scotia {R8R Discharge
Abstract Database (DAD), and thatidnal Ambulatory Care Reporting System (NACRS)NBAR
provided information for the New Cases, Waitlist, and Completed Ghdasets DAD and
NACRS provdi information for the Complete Casésataset Each row in the datasets
represents a different suggy instance. The cases can be connected across eadbhadatay a
unique identifier for each surgical request. Each patient is identified by an encrypted health
card number. Each column in the datasets provides information specific to the surgery instance
The data fields used in the data analyeduded:scheduled, statugjay, week, month, year,

provincial procedure code, zone, facilifigcal quarterspecialty, priority, and completion date.

The New Cases described the cases that entered the system duquagter. If they do not
receive surgery in that quarter they become Waitlisted patients in the subsequent quarter.
After surgery they becom€ompleted Case3he Waitlist daaset include dl cases waiting for
surgery during that quarter. The Complet€dses included the cases that were completed
during the quarter. These three data sets wemmnbined to define the state of the system in

any quarter

3.1 Surgical Resources in the Central Zone

The datgprovided was for all surgical procedures in Nova Scotia servicBkbhblyThe analyzed
data focused on the Central ZenTheCentral Zone services the capital city in Nova Scotia
which is home t@pproximately50% of the population of Nova Scoffatatistics Canada, 2019)

Within the Gentral Zonethere are five locations at which surgeries occimur of the locations
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are hospitals and one is a private clinic. The private ¢l8totia Surgery In€SSl)is contracted
by NSHo perform specific outpatient surgeries. Tfaur hospitals are Victoai General

Hospital (VG), Halifax Infirmary (HI), Dartmouth General Hospital (DGH), and Hants County
Hospital (HCH)'he operating rooms associated with each hospital is presentédbie3.1.

Table3.1: Operating Rooms for Hospitals in the Central Zone

Hospital
Victoria General  Halifax Dartmouth Hants County|  Scotia
Hospital Infirmary | General Hospita Hospital Surgery Inc.
OoPDSL7 HIORO1 DORRM1 HORO1 SSI01
OPDSL8 HIORO02 DORRM2 HORO02 SSI102
OPDSL9 HIORO03 DORRM3 RHACRMS
OPD&0 HIORO04 DORRM4
VG1009 HIORO05 DORRMS5
VG1010 HIORO06 DORRM6
= VG10611 HIORO7 DORRMS
S VG1012 HIORO08
o VG1013 HIORO09
2| vei01s HIOR10
g VG1016 HIOR11
o VG1101 HIOR12
©|  veG103 HIOR13
VG1104 HIOR14
VG1105 HIOR15
VG1106 HIOR16
VG1107 HIOR17
VG1108 HIOR18
HIOR19

There are twelve surgical specialties within the department of surgargiologykardiac
(CARD)eneral (GENpeurology (NEURQgynecologyfOB5YN, oral maxillafacialdental
(OMFD)pphthalmology (OPHTH)rthopedic (ORTHOtolaryngology (OTOLlastic (PLAS),
thoracic (THOS)rology (URO), andascular (VAS). Each surgical specialty has procedure codes
for each procedure. The procedure codes follow a similar labelling system for all specialties; the
abbreviated surgical specialty name is followsdfour numbers. The number of surgical
procedures for each surgical specialty hseed inTable3.2. There are 398 surgical procedure

codesin total.
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Table3.2: Number of Procedure Codes for Each Surgery Type

Surgery Type Number of
Procedure Coel

Cardiology/Cardia(CARD 17
General(GEN) 82
Neurology(NEURO) 36
GynecologfOBGYN) 21
Oral Maxilla FacigOMFD 9

Ophthalmology(OPHTH) 20
Orthopedic(ORTHO) 67
Otolaryngology(OTOL) 42
Plastic(PLAS) 22
Thoraciq THOS) 15
Urology(URO) 52
Vascula(VAS) 14
Total Procedure Codes 398

Table3.3 providesa summary of theCentral Zone surgical facilities. TH2GHhas seven
operating roomsand 33 surgical beds. At tHeGHsix surgical specialtiegperateincluding
general surgerygynecologyoral maxilla facial, orthopedic, otolaryngology, and urolddyeH]
has 19 operating rooms and 203 surgical beds. There are six surgical spancliciag
cardiology/cardiac, general, neurology, orthopedic, plastic, asgwar. Th&/Ghas 19
operating rooms and 121 surgical be@eneralgynecologyoral maxik facial, otolaryngology,
thoracic, urology, and ophthalmologye all performed at th&/G HCHand SSperform only
outpatient procedures and do not have any itigat beds available for surgical procedures.
HCHhas three operating room® perform general, oral maxilla facial, orthopedic,

otolaryngology, and vasculaurgical proceduressSShas two operating rooms and performs

surgery for generabrthopedic, and plastic specialties.

Table3.3: Central Zone Hospital Summary Table

Central Zone Surgical Operating Surgical Surgical
Facilities Rooms Beds Specialties
Dartmouth General Hospita 7 33 6
Halifax Infirmary 19 203 6
Victoria General Hospital 19 121 7
Hants County Hospital 3 - 7
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Central Zone Surgical Operating Surgical Surgical
Facilities Rooms Beds Specialties
Scotia Surgery Inc 2 - 3
Total 50 357

3.2 Operating Room Schedwdad Use

The operating room schedule for each operating room was not attainable fromtessghtal as
realized schedukeare not retained electronically and the Master Schedule is followed
inconsistently. The schedules for the operating rooms were therefore derived from the
historical surgical use data. The average of the number of hours thetipg room was used

on each day of the wegkrovidesan estimatefor the number of hours the operating room was
available for schedet surgeries. The times were rounded up to the nearest hour as there is a

maximum of a hour buffer incorporated into tloperating room schedule.

Operating rooms are used for unscheduled surgeries on the weekends and evenings or early
mornings. The number of operating rooms open on the weekends was identified by counting
the number of unique operating rooms used on each weekend of each month. Théthal
subject matter experts facilitated further analysis of the data. It was evident that not all
operating rooms were available on the weekends with4B9%6 of the operating rooms open on

the weekends at each surgical facility.

Each surgical specialiyas specific operating roonis whichto perform operationsMultiple
surgical specialties use the same operating room. The data does specify on which days of the
week the operating room is used for each surgical specialty but does not specify the time of
day. An analysis of the distribution of the number of hours used by each surgical specialty on
each day of the week was performed. The procedure code and surgical specialty were
documented for each completed operation and the corresponding operating rb@tvas

used for the surgery. The number of hours available per specialty was captured using the
percentage of the total number of hours the surgical specialty used each operating room and
the total number of hours the operating room was available for diseng the week. The

number of hours each surgical specialty used in each operating room per week was added
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together to determine the total number of hours available for each surgical specialty each day

of the week.

3.2.1 Operating Room use at Dartmouth Genétaspital

Each of the hospitals in the Centzaine were analyzed to determine tlaperating room
schedule, surgical spediabperating useand emergency operating rooms. This section
presents a detailed analysis of the results@&H The results of the other three facilitates is

presented inAppendix A

The operating room schedule BIGHis displayed iTable3.4. Table3.4 illustrates the number

of hours each operating room is in operation during each day of the week beginning at 8:00AM.
The darker the shade of read the more hours the operating room is being used during that day
of the week. The operating rooms are used betw&and 12 hoursper day.Operating room
DORRMS is used the most, 61 hoyrer week and DOFRMG is used the least, 7 hours, during

the weekon averageFurther, the aggregate of the data shows the operating rooms are all

used between 3 and 5 hours on the weeksridr emergency surgical procedurésble3.5
illustratesthe number of times each operating room was open on each weekend for the two

year period.

Table3.4: Dartmouth General Hospital Operating Room Scheldata

Day DORRM1 DORRM2 DORRM3 DORRM4 DORRM5 DORRM6 DORRMS8
Sunday 4 4 4 3 5 0 2
Monday 10 9 11 9 9 6 7
Tuesday 9 8 9 6 12 0 3
Wednesday 9 8 7 7 11 0 6
Thursday 7 8 10 6 10 1 6
Friday 8 10 12 7 9 0 7
Saturday 4 4 5 3 5 0 3
Total 51 51 58 41 61 7 34

Table3.5: Dartmouth General Hospital Operating Room Weekend Use

2018 2019
OR Saturday| Sunday| Weekend| Saturday] Sunday| Weekend
DORRMA4 12 11 12 12 12 12
DORRM3 12 11 12 12 12 12
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2018 2019
OR Saturday| Sunday| Weekend| Saturday] Sunday| Weekend
DORRMS5 12 12 12 11 10 11

DORRM?2 11 9 10 10 7 9
DORRM1 4 3 4 7 3 5
DORRMS8 0 0 0 1 1 1

The amount of timaised byeachsurgicalspecialty alDGHis illustrated inTable3.6. The

operating rooms are not always exclusive to each specialty but rather are shared amongst
specialties. The specialty with the largestmher of operating room hours at DGH is orthopedic
surgery with around 95 hours per week. Orthopedic surgery is the only surgery specialty that
uses DORM2 and shares DERM3 with oral and maxillofacial surgery. General surgery mainly
uses the operating mms DORRM1 and DOIRMS with a total number of 81 houper week
DORRMBG6is used by general and plastic surgery evenly.

Table3.6: Dartmouth General Hospital Operating Room Time DistribditioSurgical Specialty

Room GEN OBGYN OMFD ORTHO OTOL PLAS
DORRM1 30.9 0.0 0.0 0.0 20.0 0.0
DORRM2 0.0 0.0 0.0 51.0 00 0.0
DORRM3 0.0 0.0 137 44.3 0.0 0.0
DORRM4 128 0.0 0.0 0.0 0.0 0.0
DORRMS5 34.0 26.9 0.0 0.0 0.0 0.0
DORRM6 3.5 0.0 0.0 0.0 0.0 3.5
DORRMS 0.0 0.0 0.0 0.0 0.0 0.0
Total 813 26.9 137 95.3 200 3.5

The total number of hours allotted to each specialty for the entire Central Zone is displayed in
Table3.7. Orthopedic surgerpas the largest number of operating roorours in a week at

524.7 hours. General surgery and urology have a similar number of operating room hours with
330 hours. The surgical specialty with the lowest number of houralsnaxillafacial and

dentalsurgerywith 16.4 hours per week.

Table3.7: Central Zone Operating Room Time Distribution per Surgical Specialty per Week

Specialty CARD| GEN | NEURQ OBGYN OMFD| OPHTH| ORTHQ OTOL| PLAS| THOS| URO | VAS

OR Timéhr) [ 178 339 158.2 49.6 16.4 202.4 547 60.2 53 48 328.2 | 173.5
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Theresultingoperating room skeeduleused forDGHis displayed iTable3.8.

Table3.8: Dartmouth General Hospital Operating Room Schedule

Sunday Monday | Tuesday | Wednesday Thursday | Friday Saturday
0:00
1.00
2:00
3:00 DORRM4 | DORRM4 | DORRM4 | DORRM4 | DORRM4
200 DORRM3 | DORRM3 | DORRM3 | DORRM3 | DORRM3
=00 DORRM5 | DORRM5 | DORRM5 | DORRMS5 | DORRM5
6:00
7:00
8:00 DORRM1
DORRM2
DORRM3
DORRM1 DORRM4
DORRML gggimg DORRMS5
DORRM6
DORRM2 | DORRM4 gggim; DORRMS
DORRM3 | DORRM5
9:00 DORRM4 | DORRMg | DORRM3
DORRM5 DORRM4 DORRM1
10:00| DORRM4 | -0 DORRMS5 | DORRM1| 5 qooMo | DORRM4
DORRMS3 | Jocvie DORRM8 | DORRM2 | 5 yoo\3 | DORRM3
11:00| DORRMS DORRML DORRMS3 | h5prM4 | DORRMS
DORRM?2 DORRM? | boRRMS
12:00 DORRM3 DORRMS | horrMS
DORRMS8
13:00 DORRM4
DORRM5
14:00 DORRM1 DORRM1
DORRM2 DORRM2 | PORRML
DORRM3 DORRM3 | PORRM2
DORRM4 | DORRM1 | ooy | DORRMS3
DORRMS | DORRM2 | j5pone | DORRMS
DORRMS8 | DORRM3
15:00 DORRML DORRMS DORRM1 | DORRM2 Bgﬁim;
DORRM2 DORRM2 | DORRM3 | S0 v
DORRM: DORRMS5 | DORRMS | S0
16:00 DORRM4 | DORRML | oo DORRM2
DORRMS | DORRM3 | [ -p - | DORRM3 | DORRMS
DORRM5 DORRMS5 | DORRM5
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Sunday Monday | Tuesday | Wednesday Thursday | Friday Saturday
17:00 DORRM1 DORRM2
DORRMS3 DORRMS5 | DORRM5 DORRMS3
18:00
19:00
20:00 DORRM4 | DORRM4 | DORRM4 | DORRM4 | DORRM4
21200 DORRM3 | DORRM3 | DORRM3 | DORRM3 | DORRM3
22:00 DORRMS5 | DORRM5 | DORRM5 | DORRM5 | DORRM5
23:00

3.3 Distribution Fitting
The length of stay and the surgery length of each patient was determined using the historical
data of the completed surgical cases. An empirical distribution was developed for each

procedure code for both thacute length of stay in the hospital and tlemgth of the surgery.

3.3.1 Length of Stay

A distributionfor the length of stay wastfto the data for the completed surgeries stratified by
procedure codeThe length of stay of the patients was categorized by both the acute days and
the alternate level of a& days. The acute days are the days under which the patient is being
cared for by a surgeon. These are the days that impact the number of surgery beds being used
by surgery patientsAlternate level of care daysedays during which the patients are no

longer under the care of the surgery department and are considered medicine patients.
Stratifying length of stay by procedure coakowsdifferent procedure codet be modelled by

different distributions.
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Figure3.1: Cardiac Surgery Procedure Code Length of(Btayrs)Histograms
Thehistograms angummary statistics for each procedure code were obtained to understand
the characteristics of the data for each procedure cdeéigure3.1 displays the length of stay
distributions for the cardiac surgery procedure codésenumber of bins in each histogram in
Figure3.1is dependent on the number afata points.The summary statistiand histograms
illustrated that the data distributions for the procedure codme skewed to the left as the
mean and median valuesenot similar. The skewed nature of the data warranted further
investigation.The skewed data indicated that the centrality was best represented by the
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median. The data contained outliers that represented lengths of stays or surgery lengths that
were much longr than the median. Through discussions with subject matter experts regarding
the variability present in the data it was evident that outliers represent emergency patients.
Emergency patients are often viewed as an administrative problem with respece tierigth

of stay as the patients are often beitrgated for multiple comorbiditiesFor these two reasons
the 95" to 100" percentile of the datavere removed before fitting distributions and

computing summary statistic¥he data remained skewed to the left after the removal of the

top 5%but allowed for the removal of the outliers and data entry errors.

The new data set was used to determihprocedure codeshouldbe grouped together.
Procedure codewith was less tha twenty data pointsvere consideed for grouping Twenty
sample data points were not enough to allow an empirical distribution to be developed. The
minimum, maximum, andhterquartile rangeof the procedure code with less than 20 data
points were comparedThe maximum value was used as an indicator of the length of the tail of
the data. The interquartile range and the median wased to compare the range and central
tendency of the data sefThesmaller data set was combined with the larger data set witen
interquartile range of théwo datasetsoverlappedto include the mediasof both data sets.

This is evident in the groupimesented inTable3.10. The median oboth procedure codes

are present in the interquartile rang&able3.9 summarizes the procedure code groupings for
all surgical specialtidsy categorizing the number of procedure codes that have less than two
data points as well as the procedure codes with thss 20 data points and the number of

groupings for the procedure codes with less than 20 data points.

Table3.9: Length of Stay Grouping Summary

>2& <20 | <2 | Groupings
CARD 7 2 5
GEN 11 15 8
NEURO 9 6 8
OBGYN 3 5 3
OMFD 1 2 1
OPHTH 2 4 3
ORTHO 14 13 9
OTOL 4 16 3
PLAS 6 4 5
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>2& <20 | <2 | Groupings
THOS 2 3 2
URO 13 9 8
VAS 2 3 2

The remaining procedure codes were not grouped together. It was identified by the subject
matter experts that to ensure the integrity and credibility of the model procedure codes which
possessed more than 20 data points could not be grouped together athesponding
procedures would not, from a medical perspective, be grouped together despite the similarity
of the data. Further, there were some procedure codes that only appeared once for the
duration of the two years. Due to the inability to group thgsecedures with other procedures
because the characteristics of the procedures were unknown all patients that entered the
system with those procedure codes were given a surgery length or length of stay equivalent to

the single data point.

The distributims were developed using a method which returned a distribution with the least
residual sum of squares (RSS) between the hypothesized distribution and the sample data. The
code developed to fit the data to distributisnvas modified from a codémthydvnprt,

2016)The RSS is calculated ustogiation(1). The sample data;,)is conpared to the

hypothesized data, f(x where i is the ith valum the dataset The squared difference between

the values is the error present between the sample data and the hypothesized data. The
sample data was compared against a list of distributiondetermine which distribution in the

list best fit the data. The distributions were beta, erlang, exponential, exponentially modified
normal and Weibull, exponential power, gamma, generalized gamma, inverse gamma, inverse
gauss, inverse Weibull, Johns8B, Johnson SBechsquared log gamma, log Laplace, log

normal, normal, Pearson type three, triangular, truncated exponential, uniform, Weibull, and
Weibull maximum and were evaluated using scipy.stai®/thon (The SciPy community, 2021)
The distribution with the best fit was returned as well as the necessary parameters of the
distribution. Thisvas accomplished using a Python code developed to test distributions. The
program developed the distribution for each data set as well as the RSS. The program retained

the RSS of the first distribution calculated and compared the next distribution R@Sw éhe
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current best value. The best value was replaced by the distribution being checked if the RSS
value was less than best RSS value. The distribution associated with the new RSS value would
be maintained as the best distribution until proven otherwseuntil all distributions were

analyzed.

YYY ®w Qw p

Table3.10: Length of Stay CARD0002 & CARDO0007 Procedure Code Summary Statistics

Procedure | Count| Mean| Std | Min | 25% | 50% | 75% | 95%

Code (days)| (days)| (days)| (days)| (days)| (days)| (days)| (days)
CARDO002 64 | 11.02| 7.71 4 7 9 12.25| 25.74
CARDO0O0O7 | 15 | 12.93|16.30| 3 4.5 10 12 | 56.24

The analysis performed on the length of acute stayaallowed distributions to béit for most

of the surgical procedure3.able3.10illustrates two procedures in theardiacsurgery specialty
that were grouped togetherThe resulting distribution for the procedure types was an inverse
gaussian distribution which has one shape argument parameter as well as the location and
scale parameters, 0.16739.784, 2011.965, respectiveljhe distributions used for the length
of stayfor each procedure codes is presentedizble3.11. The distribution used the most was

the gamma distribution and the distribution used the least was therlognal distribution.

Table3.11: Length of Stapistribution Type Counts per SurgiSakcialty
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3.3.2 Surgery Length

A surgery lengthdistribution wasfit to the datafor each procedure code. The operating room
time data was recorded in segments based on different stages of the surgerymBstamps
include:setup start, patient enterssurgeon start incision, surgeon end, patient exit, finish clean
up. The time betwen finish cleanup and setup start is usedrestotal time the operating

room is occupied per surgeryhe surgery length analysis was similar to that of the length of
stay discussed previously in this sectibhe summary statistics for each proceducgle were
analyzed and it was identifiethat the data distributions for the procedure codes were skewed
to the left as the mean and median values were not similae data containedutliers which
represented surgery lengths that were sometimes longentB4 hours. Subject matter experts
identified that those outliers were a results of data entry error. Additionally, for some of the
procedure codes the longer surgery lengths wanesult of complex traumasom emergency
patientswhich are not representive of the elective surgery patients. These"@6 100"
percentile of the datavas removedo facilitate an analysis of the elective surgical patients

within the system.

The grouping procedure for the data set was similar to that deethe length of stay as well.

The procedure code data with the removed™9aercentile wasonly grouped together when

the sample data for the procedure code was less tB@data points. Th interquartile rangeas

well as the maximum value was used to detée if the data similarly described another data
set. It was identified by the subject matter experts that to ensure the integrity and credibility of

the model procedure codes which possed more than 20 data points could not be grouped
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together as the corresponding procedures would not, from a medical perspective, be grouped
together despite the similarity of the data. Further, there were some procedure codes that only
appeared once fothe duration of the two years. Due to the inability to group these procedures
with other procedures because the characteristics of the procedures were unknown all patients
that entered the system with those procedure codes were given a surgery lengthaésntito

the single data poinfThe smaller data set was combined with the larger data set when the
interquartile range of the two data sets overlapped to include the medians of both data sets.
This is evident in the grouping presentedrliable3.13. The median of both procedure codes

are present in the interquartile rang&able3.12 summarizes the procedure code groupings for
all surgical specialties by categorizing the number of procedure codes that have less than two
data points as well as the procedure codes with less than 20 data points and the number of

groupings for the procedercodes with less than 20 data points.

Table3.12: Surgery Length Grouping Summary

<2| >2& <20 | Groupings
CARD 0 6 5
GEN 6 18 10
NEURO | 9 8 6
OBGYN | 3 7 7
OMFD 0 4 2
OPHTH | 4 1 1
ORTHO | 3 17 12
OTOL 10 9 9
PLAS 2 9 5
THOS 1 3 3
URO 3 13 11
VAS 0 3 3

Table3.13: Surgery LengtRARDO0025 & CARDO0012 Procedure Codes Summary Statistics

Gount | Mean d Min 25% 50% 75% Max
(hours)| (hours)| (hours)| (hours)| (hours)| (hours)| (hours)| (hours)
CARDO002f 4 92| 24.39 64 79 91 104| 1184
CARDO001/ 43| 100.5| 48.09 41 63 88 124 | 181.9
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The development of the surgery length distributions used the same program that was
developed for the length of stagistributions as previously discussed3absection3.3.1 Table
3.13illustrates two procedures in theardiacsurgery specialty that were grouped together. The
resulting distribution for the procedure types wasrancated exponentiadlistribution which

has one shape argument parameter as well as the location and paaemeters,1.000, 0.683,
2.033, respectively.Thecount for the procedure codes for each surgical specialty for each of
each type of distributioms displayed iTable3.14. The distribution used the most was a

Johnson SB distribution and the distribution used the least wagdmgma distribution.

Table3.14: Surgery Length Distribution Counts per Surgical Specialties
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Inverse Weibull 1193210512 |0(|1]|0]|25
Inverse Gauss 21410212 |4|0]|0]|]0]| 4] 423
Beta o(4(1,2|0|0|9]4]0|]0|O0]O0]20
Gamma ojo,o0;j0|0|21|4|4|8]|1|1]| 0|19
Generalized Gamma o(3|0|2|0|0|4]|]2|5|0|1]|0]17
Exponential Power o311 0(2|0|0|1)0| 3| 2|13
Logistic Oo(2(3|0|0|0|2]0]0|2]|3]0]12
Inverse Gamma 211,00 0]2]0]0|]3|]0|0] 0] 8
Truncated Exponential 2,10 0]3]0]0]212|1|]0]0|]O0]O0]7
Pearson Type Three 1]0 1,0, 0| 0] 2 210 1100 ]| 7
Weibull Minimum 23|10} 0|J]0O0j]O0O]JO0O|O0O]O0O|1]|]0]|7
Exponentially Modified Weibullf 0 | 0O | O | O | O 0] 0| 2| 0| 0| 3] 0|5
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3.4 Demand and Throughput
The demand and throughput of the system are described by three components: arrival rate,

service rate, and renege rate. The results from the demand and throughput data analysis are
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presented below which include theew, completed and renoved casesThe oerall

characteristics of the queue which is a result of the arrival, serviceeandvalsare illustrated

in Figure3.2. The waitlist decreases when the completed aeohoved cases are greater than

the new cases added to the waitlist. There is an upward trend illustrated in the graph except for
the first quarter of 2020 where COVID halted the elective surgical procedures from being
added to the waitlist as well as Iogj completed. The first quarter of 2020 was not included in

the data analysis to ensure the outlier events did not impact the trends.

Quatrterly Trend of Surgical Demand and Throughput
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Figure3.2: Central Zone Throughput and Demand of the Surgical Services
3.4.1 Arrival Rate
The arrival rate describes the number of arrivals to the system per unit of time. The number of
arrivals to the system indicate the rate at which patients are entered onto the waitlist and
emergency patients are added to the operating roonege. The arrival rate was analyzed on a
yearly, quarterly, and monthly basis. The arrival rate was calculated using equgtidiné
arrival rate was calculated using the new scheduled cases that arrived each year, quarter and
month from January 2018 December 2019. The data provided for 2020 was not included in
the analysis to ensure the implications of CO¥Y®on the demand fothe system did not affect
the arrival rate. The quarterly and monthly arrival rate were analyzed to determine which

arrival rate most accurately described the system. It was important to investigate the
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seasonality of the arrival rate as it was knownsipject matter experts that the arrival rate
changes based on the time of year. The arrival rate on a daily and hourly basis was not
evaluated as this level of detail was not necessary for the model analysis. The arrival rate
facilitates the calculation dhe interarrival rate of each of the patients in the model.
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The number of new cases added to the waitlist per month from January 2018 until June 2020 is
displayed irFigure3.3. The average arrival rafger monthbased on two years of historical

data, January 2018 December 2019, is presented Tiable3.15. The arrival rate is arour2DOO

new cases per monthiThere is a seasonal trend present in the data. The arrival rate decreases
during holiday seasons which include December, March, July, and August with tis éovisal

rate in August. The arrival rates increase following the holidays with the highest arrival rate in
January. It is evident during the first wave of the CGMI[Ppandemic there was a large

decrease in the number of cases added to the waitlistoaspared to the same time in other

years.
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Figure3.3: Number of New Cases Added Per Month January 20irge 202@entral Zone

Table3.15: AverageArrival Rate per Montfrom January 2018 December 2019 Central Zone

Month Arrivals PeiMonth
January 3,347
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Month Arrivals PeMonth
February 3,176
March 2,688
April 2,954
May 3,094
June 2,928
July 2,767
August 2,654
September 3,184
October 3,081
November 3,202
December 2,580

3.4.2 Service Rate
The service rate is the rate at which patients are served by the system in a unit of time. The
service ratds not used as an input to the simulation bsitan importanto characteizethe
waitlist. The service rate was further used in the model validation to ensure the service rate of
the model accurately represented the system. The service rate was calculated using the
Completed Cases data set. The data set indicated the number gfletad cases during the
two year period, January 20X8December 2019. The service rate was calculated for a yearly,
guarterly, and monthly basis. The service rate equation is:
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The number otases removed frorthe waitlist per month from January 2018 until June 2020 is
displayed irFigure3.4. The service rate per month for two years oftbigcal data, January
2018¢ December 2019, is presentedTiable3.16. The trends in the number of removed cases

per month matches the trends present in thember of arrivals per month.
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Figure3.4: Number of Cases Removed per Month January 20L8e 202@entral Zone

Table3.16: AverageService Rate P&tonth January 2018 December 2019 Central Zone

Month Service PeMonth
January 2,845
February 2,755
March 2,419
April 2,663
May 2,890
June 2,744
July 2,285
August 2,086
September 2,946
October 2,850
November 2,822
December 2,310

3.4.3 Renegdlercentage

The renege percentage is the number of cases that are removed from the waitlist without
receiving surgery. The renege percentage was used as a patient attribute in the simulation
model. Through discussions with subject matter experts, it wastiiiied that the renege rate
within NSHs 14% across the province for the entire surgical waitlist. The renege percentage

was calculated for each surgical specialty using the number of patients on the waitlist at the
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start of the quarter, the waitlist athe end of the quarter, the number of completed cases, and
the number of new cases. The removed cases were calculated using equatidhg renege
percentage was thenalculated using equatiort). The quarters were evaluated to determine
the percentage of patients that are initially on the waitlist who become emergency patients.
The number of schededl cases that transitioned to unscheduled cases did not impact the
renege percentage by more than 1%.
Y'Qa & AR Q6 QO QNBENY 6 O 0O GO Qi
WEANAQAQA O QO@IQD@E Qo6 i 0 Qi o
I Q& ¢ D Qi

YQE ' WAN 0QE 6-600——— . T
0000 aERD®OI QAUbé dn o QdIQQI

The renege rate of each case is illustratedatle3.17. Cardiac surgery has the highest renege
rate at 35% angblastic surgery has the lowest renege rate at 2%. The majority of the surgical
specialties have renege rates below at or below 10% with correspondingenege rates

greater than 90%.

Table3.17: AverageRenege Rate per Surgical Speciddtyuary 2018 December 201€entral Zone

CARD| GEN | NEURQ OBGYN OMFD| OPHTH ORTHQ OTOL| PLAS| THOS| URO | VAS
Renege| 36% | 10% 4% 9% 6% 8% 5% 9% 2% 7% 7% 7%
Stay 65% | 90% | 96% 91% 94% 92% 95% | 91% | 98% | 93% | 93% 93%

3.5 Current Waitlist Overview

The current waitlist at the end of June 30, 2020 was entered into the nauklised as the
starting point for analysislo determine the number of patients on the waitlist at the end of
June the New Cases, Completed Cases, and Waitlist datasets wesgedaising equation.

The surgery cases on the waitlist were determitgddentifying the unique surgery identifying
number on each tthe Waitlist and New Case data sehich were corpared to the Completed
Cases data set. The information about the patients on the waitlist included the priority level at
the time of the surgical consultation, the procedure code, and the surgical specialty of the

patients.
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The current waitlist is comprised of patients of all surgical types and priority levels fo
scheduled surgerie®riority levels are numbered one througdixwith level one being the
highest priority and levedixbeing the lowest priorityUnscheduled surgeries are not included
in the current waitlist overview as unscheduled patients do ndtagiled to the waitlist. 70%
of the current waitlist consists of orthopedic, ophthalmology, and general surgery patients. This
is illustrated inFigure3.5. 95% of thepatients on the waitlist have priority levels four to six. The

priority level distribution of the patients on the waitlist is presentedrigure3.6.

Patients Waiting by Surgical Specialty
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Figure3.5: Patients Waiting by Surgical SpeciaityCentral Zonas of June 30, 2020
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Figure3.6: Patients Waiting by Priority LevelCentral Zone as of June 2022
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3.6 New Case Attributes

To further understand the surgical patient mix, and further inform the simulation model, this
section explores the types and volumes of patients. Specifically, the new patient arrivals,
patient priority level, and inpatient/outpaént classification are stratified by surgical specialty.

The high volume procedure codes are also reported.

The poportion of new casesssociated witteach surgicadpecialtybetween January 2018 and
December 201%s presented infable3.18. The orthopedic and ophthalmology specialties make

up 22.2% and 22.7% of the new cases, respectively. General surgery comprises 17% of the new
case attributesThe specialty that contributes the least to the new cases is thoracic surgery at
1.9%.

Table3.18: New Case Specialty Distributidgemuary 201& December 2019 Central Zone

Specialty | Percent
CARD 4.8%
GEN 17.0%
NEURO 3.7%
OBGYN 2.4%
OMFD 2.9%
OPHTH 22.7%
ORTHO 22.2%

OTOL 4.6%
PLAS 2.1%
THOS 1.9%
URO 12.9%
VAS 2.8%

The poportion of casesassociated with theeven priority levels for each surgical specialty is
displayed inrable3.19. All of the surgeries for otolaryngology are considered emergency
surgeries. Cardiology doest have any new cases of priority level 5 or 6 and is mainly

comprised of emergency surgeries and priority 2 cases. General, neurology, orthopedic, plastic,
and urology specialties are mostly comprised of emergency surgeries as well as priority levels 4,
5, and 6 Gynecologyand thoracic specialty cases enter the system with a majority of priority

level 3 cases and ophthalmology surgery has a majority of priority level 4 cases. Oral
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maxillofacial surgery is the only surgery that enters the system witmaerity of cases at a
priority level 6. Plastic surgery is mainly emergency surgeries as well as an even distribution of
priority levels 3, 4, 5, and 6. Vascular surgery is mainly emergency surgeries, with an even

distribution of priority levels 2, 3, dnd only a few cases of priority 1, 5, and 6.

Table3.19: Priority Level Distribution per Surgical Specialty

Priority Level | CARD| GEN | NEURQ OBGYN | OPHTH OMFD| ORTHQ OTOL| PLAS | THOS| URO | VAS
Emergency [ 33% [ 41% | 37% 7% 5% 9% 27% | 100%| 32% | 27% | 33% | 46%
1 17% | 0% 1% 0% 3% 0% 1% 0% 1% 3% 2% 5%
2 21% | 4% 5% 20% 4% 1% 2% 0% 5% | 22% | 13% | 14%
3 12% | 8% 8% 38% 6% 1% 6% 0% | 17% | 36% | 14% [ 12%
4 18% | 15% | 20% 24% 52% 12% 25% 0% | 19% | 9% | 22% | 19%
5 0% | 16% | 16% 11% 19% 8% 31% 0% | 14% | 3% | 12% | 1%
6 0% | 15% | 13% 0% 11% 70% 8% 0% | 13% | 2% 5% 3%

Each surgical specialty had a different percentage assigned to each procedure code under that
surgical specialtypue to the large number of specialties and associated procedure cudes!
results are presented.hE procedure codes farascular surgerieare presentedn Table3.20.

The vascular surgery procedure that is added to the waitlist with the highest frequency is
VASO0033 at 17%. The procedaoales with the lowest frequencies are VAS0010, VAS0016,
VAS0020 at 0.3%.

Table3.20: Procedure Code Distribution for Vascular Surgical Specialty

Procedure| Percentage
VAS0001 11.7%
VAS0007 5.6%
VAS0010 0.3%
VAS0012 5.9%
VAS0013 9.0%
VAS0015 7.6%
VAS0016 0.3%
VAS0020 0.3%
VAS0024 11.9%
VAS0027 5.4%
VAS0028 57%
VAS0031 13.2%
VAS0033 17.0%
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Procedure| Percentage
VAS0035 6.1%

Table3.21 displays the procedure codes with the highest frequency for each specialty.

Table3.21: Procedure Codes per Specialty with Largest Percentage

Specialty] Procedure Cod¢ Percentage
CARD CARDOO17 27%
GEN GENO0032 18%
NEURO | NEUROO0119 20%
OBGYN | OBGYNO00O1 48%
OMFD | OMFDO0009 47%
OPHTH | OPHTHOO0O01 65%
ORTHO | ORTHO0053 15%
OTOL | OTOL0038 12%
PLAS PLAS0006 29%
THOS | THOS0019 65%
URO URO0021 24%
VAS VAS0033 17%

Theproportion of inpatient and outpatientascular surgerpatientsare presented ifTable

3.22. The procedure codes illustrate that most procedures are mainly inpatient procedures.

Table3.22: Patient Status Distribution for Vascular Suygerocedure Codes

Procedure Codg Inpatient | Outpatient
VAS0001 42% 58%
VAS0007 14% 86%
VAS0010 100% 0%
VAS0012 100% 0%
VAS0013 100% 0%
VAS0015 99% 1%
VAS0016 86% 14%
VAS0020 71% 29%
VAS0024 98% 2%
VAS0027 0% 100%
VAS0028 99% 1%
VAS0031 100% 0%
VAS0033 100% 0%
VAS0035 96% 4%
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Table3.23 displaysthe proportion ofinpatientand outpatient, for 90% of the surgical

specialty Generallythere are few procedures that contribute to the majority of the cases for
each surgical spaty. The table is organized on the specialty percentage. The operating room
time per week is displayed to illustrate the distribution of surgical time with respect to how

many cases are present on the new case attribute list. The majority of casepatiernn cases.

Table3.23: 90% of Surgical Special Distribution of Patient Status by Specialty Percent

. Specialt , , OR Time
Specialty PF()-:'rcenty Inpatient | Outpatient (hours/week)
OPHTH 23% 2% 98% 63.4
ORTHO 22% 46% 54% 524.7
GEN 17% 71% 29% 357.6
URO 13% 55% 45% 328.2
CARD 5% 73% 27% 178
OTOL 5% 53% 47% 60.2
NEURO 4% 76% 24% 158.2
OMFD 3% 52% 48% 16.4
VAS 3% 85% 15% 173.5
OBGYN 2% 36% 64% 49.6
PLAS 2% 60% 40% 53
THOS 2% 99% 1% 48
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4 ModelMethods

This sectin describeghe methodsusedto develop the modelThis includes the conceptual
andsimulationmodel The conceptual modeletails how patients flow through the system and
how the patients interact with the system regrcesdescribed irSubsection4.1.1 From this

the simulation model is programmed and describedétail in Subsection4.1.2 The

parameters and inputor the simulation follow from the descriptive analytiasdescribedn
Subsectiort.1.2.5

4.1 Model

The models a discrete event simulatiggrogrammedin Python using the SimPy package.
SimPy operates with the entities moving through the systerthagventswhich pausdor
triggered evens such as seizing and releasing resources and delaying for a défireed.
conceptual modeis based on a process flow diagram that was developed in discussions with

subject matter expertand based on results from data analysis.

4.1.1 Conceptual Model

The coneptual modewasdeveloped in consultation with surgeons as well as support staff
NSHA patient enters the surgical waitlist for elective surgical procedures aftergical
consultis completedThescope of theconceptual modeincludesthe electivepatient process
from whenthe time thesurgeon has determinetthat the patient requires surgemyntil their
length ofsurgeryis complete Emergencyatientsare also includedrom when the decision to
have surgery is made until their length of stay is catelThe conceptual modehcludes
emergency patientsincethey impact the operating room timandhospital beds available for

elective surgical procedures.

4.1.1.1 Current System
The procesflow for patientson the surgical waitlist isluistrated by the process flow diagram

in Figure4.1.
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Figure4.1: Conceptual Model Process Diagram and Legend

Figure4.1 has two staring points, Patient Generated and Emergency Pati&éhe elective
surgery patients enter through the Patient Generated point at which point thepiais added
to the current waitlist which already exists within the systélrhe waitlist is based on the
priority of the patient and when the patient was added to the waitl3hce a patient enters

the patient waitlist thepatient either remairs on the waitlist until the patientreceives surgery

or the patient reneges fronthe system The patient may renege from the system for a variety
for reasons including the patiemg no longer eligible for surgery, the patient passed away, or
the patient decidd they no longer wansurgery The patients that renege from the system are
removed from the waitlist and leave the systeRatients renege from the system between

when patients are added to the waitlist and prior to being scheduled for surgery.

Emergency ptientsenter the systenbut are not added to the waitlishs they are completeds
soon as possibleEmergency patients most often preseghtough the emergency department
but sometimes are alreadypatients within the hospitalWe treat both entry pointas one in

the model.

All patients are categorized lpatient status. Patient status is divided into two categories,
inpatientand outpatient. Inpatient proceduregquire a hospital bedor recovery following the
completion of heir surgery An outpatient, onthe other handJeavesthe hospital after

completingtheir surgeryInpatientsare removed from the waitlist when theseize the bedn
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conjunction with an operating roono ensurethere is abed available for the patient to use for
recoveryfollowingtheir surgery The aitpatients do not need to obtain a beahdinstead move
immediatelyto the operating roomwhen it isavailableand are removed from the waitlist
Patients retain the operating room for operating room set up, surgical length, and ieteani
time. Outpatients simply leave the model after surgettyereas inpatients remain in the
hospital to recover from surgery, length of st&ythe true system patients are scheduled in
advance and th@nplications of the relationship between patient statandbed availability is
not formally consideredby the schedulerThismodel aims to evaluate the throughput potential
of the systemand not the schedulingf patients Thepost anesthesia care unit (PACU) is not
included as this is considered part oktbperating room resources that are required to allow a

surgery to occur.

4.1.2 Simulation Overview

The simulation was developed in Python using obg@@nted programmingThe model runs
multiple functionssimultaneously tacreate andcommunicatethe appropriate information to
each object type and each object instantde main components of the model atee Patient
Generator Patient, and Patient Floslasses as well as the Operating Rooms and Hospital Bed
resources The Patient Gemator inputs thepatients on thecurrent waitlist and generasnew
patientsusing thePatientclassto assign attributes to the patient3he Patient Flow class
contains thefunctions which describthe journeyof the patientthrough the hospital includig

the HospitalStayand Surgery functiong he resources, Hospital Beds and Operating Rooms,
are initiated at the beginning of the simulation and are accessible to all classes and functions
within the simulation. The data collection throughout the simuatis completed by the Audit
function. The data collected includes thaitlist categorized bprocedure code, surgery type,
andpriority levelas well aoperatingroom and bedutilization at each hospitallhe following
subsection details the various fations and classes programmed to reflect the conceptual
model. Thereaare 12 classesand 17 functionsorganized into three categorie$heclasses

functions,and theirassociated categorgre summarizedn Table4.1.
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Table4.1: Code Class and Function Overview

Surgery at Start of Day

Category Class Function Description
Patient Patient Generatorl New Admission Addpatients from current waitlist
Process Generate new patientat a specified
interarrival rate
Patient Class Assign patient attributes
Patient Flow Surgery Seize, delay, release operating rool
Hospital Stay Seize, delay, release hospital bed

Resources Hospital Resourc¢ Check if Bed Available Sta| Check queue until a patient is able

seize available resource

Can Patient Seize Bed

Check if patient attributes match
systemcriteria

Place Patient in Bed

Put patient inresource user list

Operating Room
Resource

Operating Room Time
Available

Change the operating room time
available based on the day of the
week

Set Capacity of Operating
Rooms

Check If Operating Room
Available

Check queue until a patient is able
seize available resource

Can Patient Start Operatiol

Check if patient attributes match
system criteria

Put Patient in Operating
Room

Putpatient in resource user list

Miscellaneous

Audit

Perform Audit

Record model stats every simulatec
hour

Arrival Rate

Set Interarrival Rate

Change interarrival rate every mont

Emergency Hourg

Set Emergency Schedule

Change emergency houariable
during business hours

Surgery Initiation

Initiate Surgery at 8:00AM

Start surgeries at 8:00AM everyday

Operating Room
Capacity

Set Operating Rom Capaci

Change operating room capacity
when operating room closes/opens

Hospital

Set Operating Room Daily

Hours Available

Change hours available for surgical
specialty at each hospital each day
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4.1.2.1 Patient Process
Theentities within the simulation modedre the patientsThe basicode for thepatient
processwas ceveloped using the framewotdky Isken(2017)and Allen(2018)for modelling

basic clinical pathways

4.1.2.1.1 Patient Generator Class

The simulation begins at the Patient Generator Class. First the Patient Generator function
imports all the patientswrrently on the waitlist into the simulation. The simulation remains at
time zerountil all patients from the waitlisti@ created The Patient Generator Class initiates
the New Admission function to generate new instances of the Patient Class at intervals
determined by the interarrival time. The interarrival rate is exponentially distribypatients
arrive according to a Poisson process. Once the patients are created the Patient Generator
sends the patients to the Patient Flow class specific to the syig®up of the patientFigure

4.2 overviews the simulation initialization de.

Algorithm 1a: Patient Waitlist
For Each Simulation
Generate existing wait list patients according to dataframe; assign the patient attributes
Generate new patients according to the arrival rate; assign the patient attributes
For Each Generated Patient
If patient renege attribute is True
Remove patient from system
Else
If patient priority does not equal 1
Add patient to waitlist

Figure4.2: Algorithm 1a- Patient Waitlist
4.1.2.1.2 Patient Class

The Patient Generator class calls on the Patient class to create a patient instance with specific
attributes. The specifiattributes of the patientincludethe patient identification number,

operating room, surgical spedwa| priority level, renege rate, procedure code, patient status,
length of stay, and surgery length. The values for each of thgggbutes are imported into the
systembased on historic data and the analyses describeskiction3. The surgical specialty is

the first attribute assigned as all other attributes are based on the surgical spegithlty.

attributes are assigned proportionally based their frequency irthe historical data.
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4.1.2.1.3 Patient Flow Class

The patients enter the Patient Flow class from the Patient Generator class. The Patient Flow
class models when the patient enters the hospital and then proceeds to surgery. This is
modelled using two functions, Syery and Hospital Stay. The pseudo code for the inpatients

and outpatients within the Patient Flow claase in Figure4.3 and Figure4.4, respectively.

Algorithm 1b: Inpatient Flow

For Each generated Inpatient
Create Patient Request for a Bed resource based on the patient hospital surgery type attributes
Seize the first available bed resource
Update patient hospital attribute
Remove patient from waitlist
Send patient to Surgery function
Create Patient Request for an Operating Room resource based on the patient hospital surgery type
attributes
Seize the first available operating room resource
Delay for the length of surgery
Release the operating room resource
Return to Hospital Stay function
Delay for the length of stay
Release the bed resource
Leave the system

Figure4.3: Algorithm 1b- Inpatient Flow

Algorithm 1c: Outpatient Flow

For Each generated Outpatient
Send patient to surgery function
Create Patient Request for an Operating Room resource based on the patient hospital surgery type
attributes
Seize the first available operating room resource
Remove patient from waitlist
Delay for the length of surgery
Release the operating room resource
Leave the system

Figure4.4: Algorithm 1c Outpatient Flow

4.1.2.1.3.1SurgeryFunction

The Surgery function allows inpatients and outpatients to seize an operating room for the
lengthof 0 KS LI 0ASYydQa & donfa8ad® joirh tieygaieor thaiopekaling dzii S ®

rooms that are available for their spi#ied surgical specialtynpatients join the queue for the
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operating roomdocated inthe same hospital as tlireseizedbed and specified surgical specialty
(seized in the Hospital Stay functjo®nce the patient has seized an operating room the
patient leavesthe operating roomqueue. At this point the outpatients are removed from the
waiting list as they were not previously removed. Titygatients wait until the surgery has been

completed, release the operating room, and return to the Hospital Stay function.

4.1.2.1.3.2HospitalStayFunction

The Hospitabtayfunction within the Patient Flow class encompasses the patients journey
through the systemkhtat does not include tl surgery portionThereneging patiententer the
HospitalStayfunction and immediately leave the systemmor to surgeryPatients who are not

reneging from the systerare added to the waitlist

The inpatients join a quey®r mutiple queuesfor a hospital bed based on theurgical
specialty.Theinpatient seizes the bed from the first available resousce leaves the queues
of all the other resources heinpatient is then removed from the waitlisind sent to the
Qurgery function. Following theinLJl (i A SinferyQthdnpatient returns to the Hospital
function tocomplete the length of stay in the hospital bed that was previously seized. The
inpatient releases the bed aftaheir length of stay has passed in the simulation émely leave
the Hospital Stay functiarOutpatientsenter the Hospitabtayfunction and are added to the
waitlist. Outpatients then move directly to the Surgery functiandreturn to the Hospital Stay
function following the completion of the surgeand immediately leave the Hospitgtay

function.

4.1.2.2 Resources
There are two types of resources used in the model, Hospital Bed Resource and Operating
Room Resource. The two resources were modified fronptiaity resource class available in

SimPy.

4.1.2.2.1 Patient Requestlass
The Priority Requestiass in Sify sorts patients iraqueue based on the priority of the patient
and the time at which the patient enters the que(Beam SimPy, 2028)new request class

was created called Piant Request which inherits the properties of the Priority Requésts
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but allowsan additionalinput to be used for sortinghe Priority Request queud&headditional
patient attribute used for sortingsthe patient statusThe queues are sorted the following
order: patient status priority level, time the patient entered the queuaplatients are given
priority as the inpatients have a hospital bed that should not be blocked for longer than the
patient requires the bedThe Patient Requestads is utilized by both the hospital resource and

the operating room resource in the model.

4.1.2.2.2 Hospital Resourdglass

The Hospital Resource classisiated during the simulation set up for each hospit@he

Hospital Resource class succeeds events frangtleueensuiing patients can only seize

resources for which they qualififigure4.5 presents the pseudocode for the two functions

Check If Bed Available and Startgauny at Start of Dayhe Check if Bed Available function is
activated under two circumstances. The first is when a new Patient Rerpuaekted to the

gueue of the Hospital Bed resource. The second is when a Hospital Bed resource is released by
a patientobject. The Start Surgery at Start of Day function is called in the Surgery Initiation

class. This function is called at the start of every weekday to allow the model to search for
elective surgery patients to place in the Hospital Beds to allow surgerlgsgin at the start of

the day.

Algorithm 2: Hospital Resource Class

For Each Hospital Resource Request
Patient requests a resource creating a Patient Request
If the number of available resources > 0
While the index of the current patient is less than the length of the resource queue
Select the Patient Request at the index location on the queue
Send the Patient Request to Can Patient Seize Bed function
If Can Patient Seize Bed function returns True
Remove Patient Request from queue
Send Patient Request to Place Patient in Bed function
If Place Patient in Bed function returns False
Index =+ 1
Else
Number of available resources — 1
If the number of available resources <=0
Break while loop

Figure4.5: Algorithm 2- Hospital Resource Class
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The Can Patient Seize Bed Function checks the Patient Request that was removed from the
gueue to determine if the PatierRequest matches thgystem criteriaThere are two
components of the system state that are evaluated, the emergency hour and the operating

hours remaining for the surgery type at the hospital of the Hospital Bed resource.

Algorithm 3: Can Patient Seize Bed
For Each Hospital Resource Request
If Emergency Hour variable ==
If patient priority ==

Return True

Else

If patient surgery length attribute < the number of operating room hours remaining for patient
surgery type at hospital resource
Decrease the number of operating room hours remaining for patient surgery type at hospital
resource by the surgery length of the patient
Return True
Else
Return False

Figure4.6 contains the pseudo code for the function Can Patient SeizeoB#idesthe process

through which the patient&ttributes are compared to the system criteria.

Algorithm 3: Can Patient Seize Bed
For Each Hospital Resource Request
If Emergency Hour variable ==
If patient priority ==

Return True

Else

If patient surgery length attribute < the number of operating room hours remaining for patient
surgery type at hospital resource
Decrease the number of operating room hours remaining for patient surgery type at hospital
resource by the surgery length of the patient
Return True
Else
Return False

Figure4.6: Algorithm 3- Can Patient Seize Bed

The function, Place Patient in Beslused to finalize the seizing of the resource by the Patient

Request. The functioplaces the event into the users list of the Hospital Bed resource.
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4.1.2.2.3 Operating Room Resource
The Operating Room Resourcénisiated for each operating room within the system. The
resourcechanges capacityloes not allow operating room overtime, and excludes-non

emergency patientfrom receivingsurgeries during the evengs and weekends

Figure4.7 outlines the removal of Patient Requests from the Hospital Resayueae. Two
functionsuse the codeCheck if Operating Room Available and Set Capacity of Operating
RoomsThesetwo functions are used to remove Patient Requests from the Operating Room
resource queues until all operating room resources are utilized or there are no Patient Requests
in thequeue.The Set Capacity of Operating Rooms function is caltesh the operating room
changes capacityrhe Check if Operating Room Available function is called when a new Patient
Request is added to the queue of the resource or the number of users @pkeating Room

resource decreasewvhen it is released by a patient object.

Algorithm 4: Operating Room Request

For Each Operating Room Resource Request
Patient requests a resource creating a Patient Request
If the number of available resources is greater than zero
While the index of the current patient is less than the length of the resource queue
Select the Patient Request at the index location on the queue
Send the Patient Request to Can Patient Seize Operating Room function
If Can Patient Seize Operating Room function returns True
Remove Patient Request from queue
Send Patient Request to Put Patient in Operating Room function
If Place Patient in Bed function returns False
Increase index by 1
Else
Decrease the number of available resources by 1
If the number of available resources is less than 0
Break while loop

Figure4.7: Algorithm 4- Operating Room Request

The Can Patient Start Operation function compares the attributes of the P&epiest tahe
state of the systemi-igure4.8. There are two components of the system state that are
evaluated, the emergency hour and the operating hours remaironghie operating room.

During an emergency hour, evenings and weekends, the Patient Request must be an emergency
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patient for the Patient Request to succeéithe Operating Room Time Available function is used

to change time remaining time available for seirigs each day

Algorithm 5: Can Patient Seize Operating Room

For Each Operating Room Request
If Emergency Hour variable == 0
If patient priority == 1
Return True
Else
If patient surgery length < total number of hours remaining in the operating room for the day
Decrease the number of operating room hours remaining for patient surgery type at hospital
resource by the surgery length of the patient
Return True
Else
Return False

Figure4.8: Algorithm 5 Can Patient Seize Operating Room
The function, Place Patient in Bed, is used to seize the resource by the Patient REheest.

Patient Requess added o the user list of the resource.

4.1.2.3 Miscellaneous

Theremaining classesperateconcurrently with the previously discussed functions alagges
to providedatato the Patient Flow class and the Resource clagd®s Audit class is used to
record model stats throughouhe simulationrun. The Perform Audit functigrinitiated by the
Audit classrecords the dataon an hourly basisThe Arrial Rate class changes the interarrival
rate of the patients every montiThe Patient Generator classes thenterarrival rate

provided by the Arrival Rate classdieeate a random variate that follovan exponential
distribution with aparameterequal to themeanarrival rate The Emergency Houcgasss used
to change the emergency hour variable which signals to the system ditient simulation
hour is considered an emergency hour or a fwnergercy hour.The simulation allows
patients of all types to obtain surgeryfrom 8:00AM to 5:00PM Monday to Friday. The
evenings/early mornings as well as the weekends are designated as emergency hours where
only emergency patiestcanseizehospitals beds ash operating roomsThe Surgery Initiation
Classs used taallow patients to begin seizing Hospital Bed resources at the start of each

weekday 8:00AM The class is instantiated for each hosplteti resourceTheHospital
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Operating Room Time Available sdahanges variable values associated with each operating
room to be equal to the number of hours the operating rooropen each dayThe Operating

Room Capacity clagsusedo change the capacity of the operatingam resourcesTheclass
changes the availability of the operating rooms when the operating room changes from opened
to closed by changing the capacity fraerg closed, taone, open. Each operating room has a
different number of hours that it is open during the day with shaot being open more than

ten hours a day

4.1.2.4 Model Assumptions
Assumptions were made during the development of the conceptual model to ensure the level
of detail matched the desired analysis. The assumptions encompass the complexity of the

movement of patients in the system as well as the variability present in the system.

The priority level of the patients @snot change over time in the model. The patients enter

the system with a priority level designated to them by the surgeon at théial consultation.

The priority level does not change while the patient is on the waitlist. This is a simplification of
the system as the priority level of the patient can change t¢ivee. However, there is not a
uniform process for which priority lev&thange over time. Some of the factors that affect the
priority level of the patients include the length of time the patient has been waiting as well as
new or worsening symptoms. The model would need to include a variation of accumulating
priority queues (Stanford, Taylor, & Ziedins, 201®)is increased complexity was deemed not
necessary for the desired analysis and output. The goal of thdehi® to evaluate the overall
throughput of the system and to measure the impact on the waitlist. The addition of an

accumulating priority queue was not necessary for studying the overall throughput of patients.

The goal of the model did not include apizing the elective surgery scheduhstead this

historical realized schedule is used. In the current system patients are scheduled approximately
two to four weeks in advance. The model does not schedule surgeries in advance, the model
evaluates the avaible time remaining in the operating room for that day and allocates

surgeries that can be completed before the end of day. The model searches the entire queue to

determine if any patient in the queue can fill in the unused operating room time to faeil#at
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evaluation of the potential patient throughput in the system. This is perhaps more efficient
than the actual system which works with a two to four week delay between scheduling and
surgery. This delay could cause surgeries to be cancelled whbidl not occur in our model.
Discussions with subject matter experts and observations of the system illustrated surgery
cancellations are avoided at all costs. Our model also always asshengatient is available for
surgery. In practice this might not be &uput the next available patients will simply be

scheduled as a result.

In the real world, operating rooms are scheduled leaving approximately an hour of unscheduled
operating room time. This time is allocated as a buffer to allow for unexpected delthes in
operating room or prior to entering the operating room. Hospital policy allows operations to
proceed if the expected overtime does not exceed approximately 30 minutes. The base model
does notincorporate the buffer or exceedance allowance but insteadrches the queue to

find highest priority patient that fits in the remainirgperating roomtime. As shown in the
validation section, this simplification results in the same patient throughput as observed in the

historical data.

The resources modelldad the system are the operating rooms and the inpatient beds. This is a
simplification of the real system as there are many other resources such as nurses, equipment,
and surgeons that are also considered during the scheduling of a procéthiseassumptin

implies that there is sufficient staff and equipment available for all opened beds. This is

consistent with typical operations.

The arrival rate of patients to the system was based on when patients are added into the
electronic database. The additiot patients to the database is dependent on the

administrative staff. The method used to input patients to the system varies and can be
completed in batches or immediately when the consultation is completed. The model smooths
the arrival of the patients oweime to allow patients to enter the waitlist at regular intervals.

The intervals change based on the month of the system but not based on the hour or day of the

week. This removes the variability of patients being entered in bulk or the variabilitytieh{sa
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only arriving during business hours. This better reflects the actual time the patient began

waiting instead of the time they were entered into the database.

The surgical procedure times in the system encompass the entire time the operating room is
occupied by the scheduled surgery. This includes the time from when the operating room is
ready to when the operating room has finished being cleaned after a procedure. It is important
to consider all aspects not just the times at which the surgeons opd#tients are in the room

as the operatingoom can not be used by another patient during the preparation and cleaning

times.

4.1.2.5 Model Parameters
Theparametersof modelreflectthe real world by generating random variate from distributions
fit to historicaldataas discussed i@hapter3, Descriptive Analytic¥.he simulation was run for
a year and six month45,171 hours, and ten replication¥he number of replications was
determined based on Equation A.simulation run of ten replications was used to determine
the standard deviations,of the waitlist length at the end of the simulation run timéhe
accepted half width, E, wds75patients and the confidence levél, was 0.05.Ten
replications resulted in the desired level of confidence in the model ouffu. audited data
was averaged for each hour of the ten replications to ensure the stochastic nature of the model
was captured in thenodel output.The warm up period wabased on the length at which it
takes the simulation to utilize thall hospital bed resources. An analysis of the model output
determined this time wa§ weeks The run time of thesimulation was a year and a half.

0O 5 Y

0
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5 Model ValidatiorandVerification

The model development incorporadenumerous validation and verificationethodsoutlined
by Law(2013) in Simulation Modelling and Analy3dikis includedlow build, tracesimplified
characteristicsand dataracking.The verification and validation techniquksted were used
simultaneously throughout the model development to facilitattharough and detailed

analysis of the model at each stage of the development.

5.1.1 Slow Build

Law(2013 describeddeveloping a simulation model using a slow building technighieh is
defined asiXwrite and debug the computer program in modules or subprograthaw, 2013)
The simulation model was developed slowly to alfowthe detail to begradually addedvhile
ensuring issues were identifiechmediately For examplethe hospital stay component was
initially added to the model wh only onebed resourceandone operating roonto simplify the
development of the hospital stay componenBetail was added to thkospital stay function
by incorporating more resourcemsd designating which resources were available to which
surgery specialtieafter the simplified program was veefil. This slow build approach helped
debug a logic error that appeared when additional bed and operating room resources were
added.

5.1.2 Trace

The trace échnique as described by LawoXii KS adF 4GS 2F GKS aAaydzZ I G§SR
just after each event ars and are compared with hand calculationsée if the program is

2 LISNI (A y3 (2613)Thetin& ynRi& fadlitated the identificatiaaf many bugs

within the code.For example, the mod@utputted a variety of time stamps from which it was

identified that some patients were leaving the hospital prior to the end of the length of stay.

This was caused by the length of stay delay happening in parallel with the surgery delay instead

of subsequentd the surgery delayThe trace facilitated the coection of thebug allowing the

patients to wait until the surgerwas completed before moving through the remaining portion

of the system. This process was carried through as the code became more complex to ensure
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the correct patients were accessing tberrect hospitals and operating roomasd releasing the

resources at the appropriate tinge

5.1.3 Simplified Characteristics

The third method that wastilized throughout the development of the modgdat was used in

conjunction wih the two methods described iBub®ctions5.1.1and5.1.2wasrunning the

Y2RSt 6AGK aAYLIEAFTASR OKIFINIOGSNRAGAOEA® a¢KS Y
FaddzYLiA2ya F2NI 6KAOK Ada (GNHzS OKIF NERawi SNR aidAO
2013)Simplifying the characteristidacilitates better use bthe other verification and

validation methods as it allows for hand calculations tacbmputed easilyThe simplified
characteristicsvas mainly used in controlling the attributes of the patieatsl the number of

resources availableControlling the dtibutes of the patients inclueld giving all patients the

same length of stay, only allowing outpatients or inpatients, removing all surgical specialties

except one or two surgical specialties, as weljigsg all patients the same priority level.

Simplfying these attributes of the patients conttetl what aspects ofhe modelwere used by

the patients and facilitate targeted analysis of themodelfunctions.

5.2 Model Data
To further verify and validate the model. Th#lization of the resourcesoperaing roonsand

bedswithin the simulation model was computed

5.2.1 Data Input Values

The distribution data used in the model was analyzed usingrad¢prov-Smirnov (K-S)test to
determine if the empirical distributiodata produced from the model was statistically different
than the historical sample datdhe KS test was selected ascibmpares thelataproduced

from the model with real life data to determine if the datame from the same distribution.
The KS test was performed on all surgery length and length of stay distributions that were
developed.The null hypothesis could not be rejected &5% of the length of stay distributions
developed at a 5% significan@vél. The null hypothesjghe model output data matched the

data from NSH;ould not be rejected foB7% of the surgery length distributions developed at a
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5% significance levelableb.1 displays the percent of thE-S testdor the procedure code for

each surgical specialtyhich produced a jwalue which could not reject the null hypothesis.

Table5.1: Surgery Length and Length of Stay Distribution Comparison

Surgery Length| Length of Stay
Surgical Specialty Count| P-Value | Count| P-Value
CARD 11 55% 8 63%
GEN 76 62% 51 37%
NEURO 33 76% 22 59%
OBGYN 14 71% 6 17%
OMFD 7 57% 4 25%
OPHTH 14 86% 7 14%
ORTHO 51 63% 29 28%
OTOL 24 42% 16 13%
PLAS 17 88% 8 38%
THOS 14 79% 10 50%
URO 42 67% 23 35%
VAS 12 50% 9 56%
Total 315 65% | 193 37%

Table5.2 illustrates the distribution of cases for each speciaityhe model data and the real
data that was provided bMSHA chisquaretest can be used for discrete distributions to
determineif the observed number of observations is different from the expected number of
observationsA chisquare test produced a-palueof 0.904which fails to reject the null
hypothesis that the two disibutions are equalThus, the proportion of surgical specialties

produced by the model is not statistically different from the inputted discrete distribution.

Table5.2: New Case Specialty Verification

Specialty, Model DataCount | Real Datdroportion
CARD 3,733 4.8%
GEN 13,190 17.0%
NEURO 2911 3.7%
OBGYN 1,818 2.4%
OMFD 2,173 2.9%
OPHTH 17,600 22.7%
ORTHO 17,341 22.2%
OTOL 186 4.6%
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Specialty, Model DataCount | Real Datdroportion
PLAS 3,607 2.1%
THOS 1,592 1.9%
URO 1,424 12.9%
VAS 9,910 2.8%

The number opatients which acquireéach priority level for each surgical specialigs
compared to the proportion of cases with each priotiyel from the dataising a chsquared
test. All surgical specialtié¢ailed to reject the null hypoth&s except for thoracic surgery which

had a pvalue of 0.033as shown iableb.3.

Tableb.3: Priority Level Discrete Distribution Verification Per Surgical Specialty

Priority
Specialty Data Type 1 2 3 4 5 6 7 P-Value
Data Proportion | 33% | 17%| 21% | 12% | 18% | 0% | 0%
CARD Model Data 1,211| 664 | 745 | 422 | 690 1 0 0.500
GEN Data Proportion | 41% | 0% | 4% | 8% | 15% | 16% | 15% 0.376
Model Data 5362 34 | 483 | 1,129 2,039| 2,149 1,994 '
Data Proportion | 37% | 1% | 5% | 8% | 20% | 16% | 13%
NEURO Model Data 1,051 39 | 153 | 227 | 594 | 441 | 406 0.544
Data Proportion| 7% | 0% | 20% | 38% | 24% | 11% | 0%
OBGYN Model Data 125 | 6 | 384 | 664 | 435 | 204 0 0.710
Data Proportion| 5% | 3% | 4% 6% | 52% | 19% | 11%
OPHTH Model Data 914 | 484 | 758 | 1,056|9,085| 3,328 | 1,975 0.844
DataProportion | 9% | 0% | 1% 1% | 12% | 8% | 70%
OMFD Model Data 206 | 7 12 19 255 | 167 | 1507 0.926
Data Proportion | 27% | 0% | 2% | 5% | 25% | 31% | 8%
ORTHO Model Data 4,694| 106 | 400 | 924 |4,419|5,372| 1,426 0.135
Data Proportion | 100%| 0% | 0% | 0% | 0% | 0% | 0%
oToL Model Data 3,607| O 0 0 0 0 0 NIA
i 0 0 0, 0, 0, 0, 0,
PLAS Data Proportion | 31% | 1% | 5% | 17% | 19% | 13% | 13% 0.930
Model Data 483 | 18 | 89 270 | 305 | 227 | 200
Data Proportion | 27% | 3% | 22% | 36% | 8% | 3% 1%
THOS Model Data 381 | 37 | 320 | 516 | 103 | 45 22 0.714
URO Data Proportion | 33% | 2% | 13% | 14% | 22% | 12% | 5% 0.827
Model Data 3,253| 222 1,261|1,314| 2,190| 1,128 | 542 ’
VAS Data Proportion | 46% | 5% | 14% | 12% | 19% | 1% | 3% 0.033
Model Data 959 | 122 | 312 | 286 | 379 8 78 '
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Theproportion of cases in the data sethich reneged from the system was compared to the

number of patients that reneged from the model for each surgical specialty usingsgudied

test. Table5.4 displayshe p-values and lhsurgical specialties failed to reject the null

hypothesis.

Table5.4: Renege Rate Model Data Verification

Renege Stay
Specialty, Model Data | Data Poportion | Model Data | DataProportion | P-Value
CARD 1,384 36% 2,349 65% 0.171
GEN 1,276 10% 11,914 90% 0.212
NEURO 116 4% 2,795 96% 0.967
OBGYN 158 9% 1,660 91% 0.645
OMFD 132 6% 2,041 94% 0.884
OPHTH 1,447 8% 16,153 92% 0.279
ORTHO 813 5% 16,528 95% 0.481
OTOL 319 9% 3,288 91% 0.743
PLAS 45 2% 1,547 98% 0.132
THOS 94 7% 1,330 93% 0.555
URO 737 7% 9,173 93% 0.674
VAS 166 7% 1,978 93% 0.471

The proportion of cases in the data set whielre assigned to each procedure code in each

surgical specialty wa®mpared tomodelprocedure code datéor each surgical specialty using

a chisquared testAll but two, vascular and thoracic surgesyygical specialties rejected the

null hypothesisas displayed ifTable5.5.

Tableb.5: Procedure Code Distribution Verification

Specialty

CARD | GEN

NEURQ

OBGYN

OMFD | OPHTH

ORTHO

OTOL

PLAS | THOS

URO

VAS

P-Value

0.894| 0.912

0.056

0.431

0.036| 0.793

0.627

0.538

0.367| 0.01

0.685

0.037

The arrival rate of th@eew patients to the system wasccuratelyrepresented in the model. The

interarrival rate followed an exponential arrival rate for most months except for Febriiagy.

arrival rate represented the arrival rate seen in the data. The data is summariZetleb.6.
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Table5.6: Arrival Rate Model Input vs. Model Output

Arrival Rate | Exponential Distribution
Month Input | Output P-Value
January 498 | 5.09 0.132
February | 4.73 | 4.76 0.016
March 4.00| 3.92 0.528
April 440 | 4.50 0.659
May 4.60 | 4.67 0.095
June 436 | 4.37 0.524
July 412 | 4.14 0.855
August 3.95| 3.99 0.116
September| 4.74 | 4.71 0.830
October 459 | 461 0.589
November| 4.77 | 4.78 0.560
December| 3.84 | 3.98 0.595

5.3 Sensitivity Analysis

The sensitivity analysis aims to understand the impachoSen model parameters on the
modeloutput. The sensitivity analysis is completesing a 2k factorial experiment design. The
analysis of the effects of thexperiments aims to identify the impact of the interactions of the
model parameters and thienpact of the individual parameters on the chosen metric. The
chosen metrigs the length of thewvaitlist at the end ofsimulation.There were four factors that
were changed resulting in 16 experimeni$ie parameters chosen for the experiment designs
were arrival rate, patient status distributiotength of stay and bed capacityeach of the
parameters were assigned a high and a fmwameter.The arrival rate waseduced by twaer
hour for the lowparameterand increased btywo per hourfor the highparameterfrom the
originalarrival rates. The loywarameterexperiment for the patient statushanged all
procedures that could be both outpatient and inpatient procedures to only inpatient
procedures, resulting in a low number aiftpatient procedures. The higharameter
experiment for the patient status did the reverse of toev experiment, all procedurefat
could be both outpatient and inpatient procedures were only outpatient procedures. The
length of stay of the patientwere decreased to 25% of the original length of stay for the low

experiment and doubled for the high experimeiibe number of beds ayable was reduced to
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50%for the low value and doubled for the high valdeable5.7 outlines the experiment model

runs, highand low arerepresented byd b ¢ - ye$pectively

Table5.7: 2 Factorial Experiment Design

Experiment| Arrival Rate | Patient Status| Length of Stay] Bed Capacity
1 + - - -
2 + + - -
3 + + + -
4 + - + -
5 - - - -
6 - + - -
7 - - + -
8 - + + -
9 + - - +
10 + + - +
11 + + + +
12 + - + +
13 - - - +
14 - + - +
15 - - + +
16 - + + +

The sensitivity analysis was performed using MinifEibe Rvalue of the model is 99.83%
which indicates the moddits the data well.The analysis of variance producsdlisplayed in
Table5.8. Theanalysis indicates the aval rate, patient status, and bed capaditgve effects
that are statistically significant. Howevénge length of stay does not have a statistically
significant impact. The two way interactions demonstrate ttinegt arrival rate and the patient
statusas well as thepatient status and bed capacity should not be considered without
considering thenteraction effect. Thélareto chart inFigureb.1 indicates patient statusds the
largesteffect on thepatient waitlistwhereas bed capacity has the smallest effect whilst still

having an effect.
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Tableb.8: Sensitivity Analysis Factorial Design

Source DF|Adj SS Adj MS FValue |P-Value

Model 10 14895112202 (1489511220 |289.99 |0.000
Linear 13984233559 (3496058390 |680.63 |0.000
Arrival Rate 5914582825 [5914582825 [1151.48 0.000

8007847105 |8007847105 |1559.01 [0.000
9951028 9951028 1.94 0.223
51852601 51852601 |10.09 |0.025
910878643 |151813107 |29.56 |0.001
824156441 |824156441 |160.45 |0.000
1565564 1565564 0.30 0.605
18549172 18549172 3.61 0.116
10943691 10943691 |2.13 0.204
55420208 55420208 [10.79 |0.022

Patient Status
Length of Stay
Bed Capacity

2-Way Interactions
Arrival Rate*Patient Status
Arrival Rate*Length of Stay
Arrival Rate*Bed Capacity
Patient Status* Length of Stay
Patient Status*Bed Capacity

PP PRPPPRPPRPORFR,RPRPE PP

Length of Stay *Bed Capacity 243567 243567 0.05 0.836
Error 25682549 5136510
Total 15 14920794751
Pareto Chart of the Standardized Effects
(response is PatientsWaiting, o = 0.05)
Term 2.57

Factor MName
ArrivalRate
PatientStatus
LOS
BedCapacity

oNnm>

AB

BD

AD

BC

AC

cD

0 10 20 30 40
Standardized Effect

Figure5.1: Pareto Chart of the Standardize Effects of the Factorial Design
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5.4 Summary

The verification andalidation performed on the model began in the development of the
model. The techniques that are were used, slow build, trace, and simplified characteristics
allowed the development of the model to be robust. The model facilitated the analysis of the
mode output as compared to the desired results. The new case distribution for surgical
specialty and renege ratmatched the expected output. The procedure cadatched the
expected output for all surgical specialtiescept thoracic and vascular surgeryiofty level
distributions matched the expected outptdr all but thoracic surgeryThe length of stay
distributions that were developed only match&8% of the procedure codes. This is acceptable
because the sensitivity analysis indicated kxegth of say does not have an impact on the
model resultsThe sensitivity analysis also indicated theval rateand patient status have a
large impact on the modeT he arrival ratef the patients matched the system input and was
sensitive to the specific month. The patient status was identified for each procedure code, not
for the overallsurgical specialty, which achieved the highest level of sensitivity possible with
the data provwded. Thus, the method of development facilitated a robust and sensitive model

whichsimulated the environment as expected.
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6 Experiments

The experiments performed using thiéscrete event simulation model were categorized into
three categoriesEach othe experiments were developed using the modesdgbed inSection
4 as the base model. The base model was usetkielop the experiments by applying the

changes dscribed below.

The first category iI€EOVIBL9 Recoverycenarioswhere the system isperating at 100% of the
pre-COVIBL9 capacityThis represents the hospital system in between large waves of GOVID
19 as well as after the pandemic has concluddte waitlist that accumulated during the
shutdowns caused by waves of COYfare the focus othe COVIEL9 recoveryexperiments.
The resouce allocation levels and forced changes in demaredthe general categories of

scenarios that were explored

Thesecond categorinvolves modelling waves of COVIR titled COVIEL9 Effects The first
wave affected the hospital systerdsastically as the implications and effects of COl@0Qvere
not known. Thus, understanding the implications of subsequent wanrethe healthcare

systemcan facilitate the appropriate preparation necessary

The final categoris a section which combingseviously discussed experiments to understand
the impacts. Thenost effectiveCOVIBEL9 Recovery effortare combined to determine at which
point a steady state or eontinuously decreasing waitlist exists. Further, the C&@\D
Recovery scenarios are coméd with theCOVIBL9 Effectsto determine the effects of varying

resource allocation levels in different post COXtEDenvironments.

A summarnyof the designed experiments is providedTiable6.1.
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Table6.1: Experiment Summary

Category

Experiment

Description

COVIEL9 Recovery

Two Hours of Overtime

Each operating room is available an
extra two hours each day of the wk

Scheduled Surgeries on Weekend

Scheduling surgeries on weekends
during the day time

Hospital Bed Capacity

Increasing the hospital bed capacity by
10% and 25%

Increased Number of Outpatients

Increase the percentage of operations
that already allow outpatients by 10%

Decreased Length of Stay

Decrease the length of stay of all
patients by 25%

COVIBL9 Effects

Increased Cleaning Time

Double the cleaning time for all
procedures and add one hour of cleani
time for vasculargcardiology, and
thoracic surgery.

Increased Demand

Increasing the demand that was not
seen in the system during the first wavg
in the following months

Increased Cleaning Time & Dema

Combine Increased Cleaning Time and
Increased Demand scenarios.

Cambination

COVIBEL9 Recovery

Combine the most effective COVID
Recovery scenarios

COVIEL9 Effects and Recovery

Combine Increased Cleaning Time and
Demand experiment with the COVID
Recovery scenarios

6.1 COVIEL9 Recovery

The end of the first wavef the pandemian Nova Scotign August of 2020allowed elective

surgical procedures to operate 8f% capacityGrant, 2020)The following expements were

designed to understantow altering the resourcand demandmpactsthe waitlist as

compared to thebase system.

6.1.1 Resource

The resource experiments pertain to altering thgerating room hours and the number of beds

available at the hospital3.hree experimentswere performed addingoperating room

overtime, weekend elective procedureandincreasing the bed capacity
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6.1.1.1 Two Hours of Overtime

The experimenallowed the operating rooms to operate with two hours of overtime each day.
Operating room overtimés not allowedwithin the base modelOntario Health(2020)and

British Columbia Ministry of Heal{B020)listed extending operating room hours as one of the
strategies toaddress the surgical backldg.the base model, whengatient object requests a
operating room resourcéhe model checks to ensure there is enough time remaining in the day
for the patientto complete their surgenyf there isno patienton the waitlist that can complete
the surgery within the remaining time availabtee operatirg roomgoesunused.To allow the
operating rooms to be useghore, thisexperiment permits operations to proceed if the
operations can finish within two hours after the operating rocloses for the dayin this
scenario thanodel checks to see if the sumydength of the patients less than the time
remaining plus two hours. When a patiasthject matcheghis criteria the patienseizes the

operating room.

6.1.1.2 Scheduled Surgeries on Weekends

The experiment allowed the operating rooms to operate on the weedkehheidea of working
weekends was suggested Byitish Columbia Ministry of Heal{@020)as this is currentla
standard strategy for waitlist managemenitheexperiment alters the base model as the base
model allows only unscheduledrgeries to occur in designated emergency operating rooms
the weekendsThe operating rooms designated for emergency use are avadéifleurs on

the weekendwith scheduled surgeries allowed betweB8AM and 5PMThe experimenalso

opens albperatingrooms on Saturday and Sunday according to tlgidayschedule

6.1.1.3 Hospital Bed Resource Levels

The experiment focused on the bed resources at the hospitaksoften discussed that bed
capacity is the most limiting factor admitting patients to hospals (Office of the Auditor
General, 2016as well as the number of surgeries that can be perfornfedther, increasing
the hospital capacity isften considered gost COYD-19 surgeryresource allocation strateg
It is identified by BC Health that hospitals needed to crd&®more capacityto allow the
hospitals to perform more surgerig¢British Columbia Ministry of Health, 2028} each site,
the experiment icreased theébeds available to theurgery department by 10% and 25%he
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range was chosen becauan increasenore thana 10% isikely not feasille given physical
restrictions of hospitals. That said, an increase of 25% will help moreughly explainhe

impact of the bed cons#ints.

6.1.2 Demand

There were two demand relateekperiments performean the model Altering the demand to
the system iglifficult to implement in practice as the demand is stimulated by the population
and not the system. The sucgl demandand the number of surgeries required caat be
altered hut how that demand is fulfilled can be. For example, the overall dentandcbe
impacted bycompleting some inpatient procedures as outpatient procedurestanceducing

the length of stayf the inpatient procedures.

6.1.2.1 Increased Number of Outpatients

The experimenincreasedhe proportion ofpatientscompleted as outpatients.Theprocedure
codes thathad both inpatients and outpatientsere altered to decrease the number of
inpatients by 10% and increase the number of outpatients by. IT0# alteration of procedure
codes which currently are only inpatient procedures would require the input from subject

matter experts to determine the feasibility of the changed were therefoe not altered

6.1.2.2 Decreased Length of Stay

The experiment was decreasing the length of stay of patientise system. It is difficult to

reduce the length of stay of patients within the hospital system. Howeslocating the

patients to other areas of #hospitals to allow other surgical patients to recover in the surgical
bedsis a possibilityThis is a possibility as outlined by the British Columbia Ministry of Health
required hospitals to create an added 15% bed cap4Bitgish Ctumbia Ministry of Health,

2020) Further,it was important to understanthteraction between thdength of stay of the
patientsand the overalbed usage to understand the impact length of stay has on the overall
throughput of inpatientsThe overalléngth of stay of the patients was reduced by 26%e

75% of theoriginal length of stay.
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