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Abstract

The increasing demand for healthcare services, coupled with the challenges of managing budgets and
navigating complex regulations, has underscored the need for sustainable and efficient healthcare delivery.
In response to this pressing issue, this thebits do optimizehospital efficiency using Artificial
Intelligence (Al) techniques. The focus extends beyond improving surgical intraoperative time to
encompass preoperative and postoperative periods as well.

The research presents a novel Prescriptive Analytics System (PAS) designed to enhance the Surgical
Success Rate (SSR) in surgeries and specifically in high volume arthroplasty. The SSR is a critical metric
that reflects the successful completion eutgeies during arB-hourtimeframe. By leveraging Al, the
developed PAS has the potential to significantly improve the SSR from its current rate of 39% at The
Ottawa Hospital to a remarkable 100%.

The research is structured around five pesrewed journal papers, each addressing a specific aspect of
the optimizatiorof surgicalefficiency.The first paper employs descriptive analytics to examine the factors
influencing delays and overtime pay during surgeries. By identifying and analyzing these factors, insights
are gained into the underlying causesufgeryinefficiencies.

The second paper proposes three frameworks aimed at improving Operating Room (OR) throughput. These
frameworks provide structured guidelines and strategies to enhance the overall efficiency of surgeries,
encompassing preoperative, intraoperative, and pesitive stages. By streamlining the workflow and
minimizing bottlenecks, the proposed frameworks have the potential to significantly optimize surgical
operations.

Thethird paper outlines a set of actions required to transfoselectegredictive system into a prescriptive

one. By integrating Al algorithms with decision support mechanisms, the system can offer actionable
recommendations to surgeons during surgeries. This transformative step holds tremendous potential in
enhancing surgi¢autcomeswhile reducing time.

Thefourthpaper introduces a benchmarking and monitoring systetihdselected framework that predicts

SSR Leveraging historical data, this system utilizes supervised machine learning algorithms to forecast the
likelihood of successful outcomes based on various surgical team and procedural parameters. By providing
reaktime monitoring and predictive insightajrgeons can proactively address potential risks and improve
decisionmaking during surgeries.

Lastly, an application paper demonstrates the practical implementation of the prescriptive analytics system.
The case study highlights how the system optimizes the allocation of resources and enables the scheduling
of additional surgeries on days with glhipredicted SSR. By leveraging the system's capabilities, hospitals
can maximize their surgical capacity and improve overall patient care.



Acknowledgements

First and foremost, to God for granting me the health and patience to complete this work. It is through His
fixed support and guidance that | have been able to overcome challenges and persevere. | am humbled by
His grace, which has been my constant source of inspiration and resilience. May His blessings continue to

inspire and guide me in all my endeavors.

My deepest gratitude to my esteemed professor, Pascal Fallavollita. Throughout my journey, his
collaboration, exceptional knowledge, and understanding of the research problem have been invaluable. |
am immensely grateful for his continuous guidance andargtip, which has significantly contributed to

the successful completion of this thesis.

I would like to thank ar unwavering clinical collaborator, Dr. Paul Beaul®jef of Staff for Hawkesbury
General Hospitaland Director of Research and Innovation fine OttawaHo s pi t al 6 s Di vi s
Orthopedics His clinical leadership and willingness to change current practice within the Division of

Orthopedics has enhanced this thesis work exponentially.

I would alsolike to take a moment temembeand pay tribute to my late father, my late mother, and my
late brothers who passed away before witnessing the completion of this significant milestone in my
academic career. My mother, in particular, was exceptionally keen on my academic pursuits and
consstently motivated me to conquer challenges. Her unconditional love and unwavering belief in my
potential propelled me forward, even during the most difficult times. | carry her memory with me,

cherishing the impact she had on shaping my determinatiormarability to adapt.

To my dearest sistéfarima, mynieces LilyAnnandZaing and my nephewkrahim, Yousef and Zaid,
you have consistently brought joy to my heart, even during the most challenging times I've faced.

In addition to my professor and my departed family members, | would like to extend my appreciation to all
my friends, colleagues, and classmates who stood by me during these endeavors. Your encouragement,

discussions, and companionship played a vitalirog#haping my ideas and refining my research.

To all those who have contributed to my Ph.D. journey, your presence and assistance have made this

achievement possible. Thank you from the bottom of my heart.



Publications

Table 1: Thesis contribution in the field and publications

Short

No Title name Authorship Type Year | Journal/Conference Status
Factors Influencing Delays and
1 Overtlmg During Surgery: A J1 1st Author Journal 2024 | Frontiers in Surgery | Published
Descriptive Analytics for High
Volume Arthroplasty Procedures
o | Frameworks for Abased Surgical|  , istAuthor | Journal | 2023 |  Frontiers in Al Under
Transformation (FAST) review
Use of multidisciplinary positive
3 deylance seminars to improve 13 1st Coe Journal 2022 Canadian Journal of Published
efficiency in a highvolume Author Surgery
arthroplasty practice: a pilot study
Artificial -Intelligence driven
4 | Prescriptive model to optimize 4 1stAuthor | Journal | 2023 International Published
team efficiency in a higliolume Orthopaedics
primary arthroplasty practice
Leveraging Machine Learning anc Frontiers in Diaital
5 | Prescriptive Analytics ttmprove J5 1st Author Journal 2023 Health 9 Published
Operating Room Throughput
First Deployment of Artificial Fronlt:]c:;s”imeﬁ::tglual
6 | Intelligence Recommendations in J6 1st Author Journal 2024 Medici 9 d Publi Published
Orthopedic Surgery edicine and FUblic
Health
- . To be
7 | Non-Clinical Data Science J7 1st Author Journal 2024 .
submitted
8 _Perspectlves: Changing philosopl 18 1st Author Journal 2023 To pe
in the workplace submitted
Artificial-intelligence Driven .
9 | Benchmarks to Optimize Team Al 2nd Author ngsrr:(r:]tce 2022 Orthopsegcl:ti:;esearch Published
Efficiency in Arthroplasty y
Use of Artificial Intelligence
Machine Learning to improve tea Conference Canadian Orthopedic
10 | efficiency in the arthroplasty A2 2nd Author abstract 2021 | Association Annual | Published

operating room: a benchmark
based model

Meeting




Contents

Chapter L: INTOQUCTION. .......ceiiiiitee it eer e e e e e e e e e e e e e s ammme e e e e e e e nn e e e e eeas 1
1.1. Arthroplasty in Canada: Figures and FacLS............ccuuiiiiiieeeieeiiee e 1
1.2. Arthroplasty at The Ottawa Hospital, from gyperative to posbperative...........ccccceeeerrnnnne 3.
1.3. Current challenges ofint surgeries at TOH & thesis 0bjecCtive..........ccccovvviiiiieeeiiiennee. 4
Li4.  LIEEIATUIE FRVIBW. ... ueeeeiiieeeeeees e e e et e e e et et eeeeeeeeeeeeeeameeaassaasseaaaaaaaaaaaaaeessaamssssnsssnnnennnnnnnne 6
1.5. The Multidisciplinary approach of my thesiS............ccoviiiiiiieem e 9
1.6.  ThesiS CONIDULIONS. ... e rmmne e 13
Chapter 2: Factors Influencing Delays and Overtime During Surgery: A Descriptive Analytics for High
Volume Arthroplasty ProCEAUIES.........cooo oo reee e e e e e e e e e e e e e e e e e e e e e e s eneeaaaanes 16
0 U | 41 = T Y PP 16
WA |V 1= 1 g To o (o] (oo | V4R 16
2.3.  Fundamental research CONtriDULION...........coiiiiiiiiiiieee e 17
P S AU 11 o T T @] |1 o 1V i o] o N PO PP 17
P2 T I 1= 4 1T [ T PP RRTTR PP 17
Chapter 3: Frameworks for Alased Surgical Transformation (FAST).....cccooeeiiieiiiiii i, 41
G F01 U 1 = T Y PP 41
I |V =1 g To o (o] (o | VAP ¥ |
3.3.  Fundamental research CONtribDULIONS..............uviiiiiiiieeeei e 42
3.4, AULNOT CONTIDULIONS. ....eiiiiiiiiiiit ettt eeer e e e e e s emmr e e e e e e 42
G 78 T I 1= A o o = 42
Chapter 4: Use of multidisciplinary positive deviance seminars to improve efficiency in-adhighe
arthroplasty practiCe: @ Pilot STUY.......cciiiiiiiiiiiiii e enenreeee ] 68
o I U011 1 = Y ST PR TP PRPPR 68
N /11 1 g To o (o] (oo | PSP O PPPPPPPPPRPP 68
4.3. Fundamental research CONrIDULIONS.............ooiiiiiiiimeeiie e 70
4.4, AUTNOT CONTIDULIONS. .. .ceiiiiiiiiiiiit et erer e e e e e e e e e e e e e ememr e e e e e e e e e 70
T 1T [ 70
Chapter 5Artificial -Intelligence driven prescriptive model to optimize team efficiency in a high
volume primary arthroplasty PracCtiCe....... ... . e e i 78
LSO S U [ 01 0 F= 1Y PP UPPPPTUPPRRR 78
LI \Y =11 g To o (] (oo | VPP £ -
5.3.  Fundamental research contribUtioNS..............oooi i eec e 80
LG 11 [ 80

\Y



Chapter 6Leveraging Machine Learning and Prescriptive Analytics to Improve Operating Room

TRFOUGNPUL ...ttt e e e e e s ammme e e e e e r e e e e e e e e s ammne e e e nne 89
6.0, SUMIMIAIY . ...ttt et et e et e ee e e ee e s emees s s s s as s s e e e e e e e e e e e e e e e s emmms s e s e sennrnnnrrnnnnnrnnrrrnnnes 89
L I Y/ (=11 g ToTe (o] [oTe Y PO POPPPPPPPPPPPPP 89
6.3.  AULhOr CONtIIDULIONS. .. ..o et e e s rrnr s e e e e e e e eeeas 90
B.4.  ATTICIE oo rn—r e e e e e e e nnnr e 90
Chapter 7: Validation of the Prescriptive Analytics System in clinical practice...................... 105
0 S T 1 4 1 =V 2P 105
4 |V =1 g To To (o] (oo | V4SS 105
7.3.  Fundamental research CoNtribDULIONS..............uviiiiiiiieeeiiee e 106
7.4, AUNOr CONIDULIONS. ...ciiiiiiiiiiiiie et errr e e e e e e e e e e e e semr e e e e e e e ans 106
A0S TR Y 11 [ P PRPPR P 106
Chapter 8: ThesisS CONCIUSION.........cccooiiiii it rrre e e e e e e e e eaeeeaaeeaaeeesseanrennnsennes 114
AADPEINTIXES - mmmm e e s s e e 115
F Y o] 01T 0 D1 NPT P PP PP PPPPPI 115
SEAtISTICAI ANAIYSIS ...t a e e 115
F Y o] 01T 00 Dl = PSP PP PPPP PR PPPPP 116
Prescriptive Analytics System (PAS) building BIOCKS..........cooviiiiiiocceiiiece e 116
I B T = 1Y, oY [0 L= (1Y P 117
1.2 Framework Module (FIM).........uuuuueimmme et eeee e e e a e e e e s 118
(@)  The Machine learning engine COMPONENL..............cooeiiiiieeciiiriieni e mnne e 118
(b) Recommendation System COMPONEDNL........cccoeeeeiieei i errr e 123
(@)  The Framework database COMPONENL..........coooiiii i 124
1.3  Decision Support System MOAUIE..............ooiiiiii e 124
Table 8 Chapter 3 more details and UPAALe..............ooiiiiiiimeeiiiiiiieee e 126
Y o] 0 1= 0 [ PSP PP PPPPPRRPPPPP 127
SeleCtion BiasS ANAIYSIS . .......eiiiiiiiiii e 127
FaN o] 01T g T [ PO P PP PPPPPPPRPPPRN 128
Accommodating additioNal CASES.......cceiiiiiiiiiiie et 128
(2] ] [ ToTo | =T o] )Y/ 129

Vi



List of Abbreviations

AACD
AFT

Al

APT
APT In room
ASA
AUC
CHT

cVv

DA
DNN-ANN
DT
EECS
EQ-5D
FAST
HR

HRA

LG

ML

OR

PA
PACU
PAS
Procedure
PSF

RF

RN

ROC
SDCH
SFT
SIMS
SPT
SSR
STSF
SVM
THA
THO
TKA
Turnover
UKA
WTMF
XGBoost

Association of Anesthesia Clinical Directors
Anaesthesia Finish Time

Artificial Intelligence

Anaesthesia Preparation Time

APT finished and patient in OR

American Society of Anesthesiologists

Area Under the ROC Curve

Canada Health Transfer

Cross Validation

Descriptive Analytics

Deep NeuralNetwork-Atrtificial Neural Networks with multiple hidden layer
Decision Tree

Electrical Engineering and Computer Science
EuroQuol five-dimension

Frameworks for Al -based Surgical Transformation
Human Resource

Hip Resurfacing Arthroplasty

Logistic Regression

Machine Learning

Operating Room

Prescriptive Analytics

Post Anesthesia Care Unit

Prescriptive Analytics System

Actual Surgical Time

Patient Scheduling Framework

Random Forest

Registered Nurse

Receiver Operating Characteristic

Surgical Day Care Unit

Surgery finish time

Surgical Information Management System
Surgical Preparation Time

Surgical Success Rate

Surgical Team Scheduling Framework
Support Vector Machine

Total Hip Arthroplasty

The Ottawa Hospital

Total Knee Arthroplasty

First patient exits to subsequent patient in room
Unicompartmental Knee Arthroplasty
Workflow/Time Monitoring Framework
Extreme Gradient Boosting: GradientBoosted Decision Tree (GBDT)

Vii



Chapter 1: Introduction

In this chapter, a fundamental overview of the healthcare delivery problem and the reasons for its study are
provided. The discussion primarily centers arofine key areas: thérthroplasty in Canada: Figures
and Facts the journeyfrom pre-operative to postoperative in arthroplastythe Literature review, the
adoption ofa multidisciplinary approach for our research methodologgnd thethesis contributions

sectionthatoutlines key innovationsof the proposedesearch.

1.1. Arthroplasty in Canada: Figures and Facts

Arthroplasty, a surgical procedure used to restore joint funftigms a common and important treatment

in Canada. Specifically, hip and knee replacements are among the most frequently performed inpatient
surgeries in the country. Between 2020 and the end of 2021, there were over 44,000 arthroplasty operations
conductedn Ontario alond2]. Hip and knee replacements are particularly popular because they address
joint issues, which are prevalent among Canadj@hsin fact, in 20262021, there were 55,300 hip
replacements and 55,285 knee replacements performed nationwide. Osteoarthritis was the leading cause for
hip replacements, accounting for 69.4% of cases, while acute hip fractures made up 26.4% of the total.
Knee replacements were predominantly carried out for osteoarthritis, comprising 99.3% of cases. The
surgeries came at a cost of $1.3 billion, with a slight decrease from the previous year due to a 20.2%
reduction in procedurdbecause of the Cowitl9 pandenic). However, the average estimated cost for hip

and knee replacement hospitalizations increased by 15.9%, amounting to B3%]23

Hip and knee replacements not only rank high in terms of volume but also significantly improve patients'
quality of life. A study conducted in the UK utilized the EuroQuol Hilmension (EGED) questionnaire

to assess the quality of life of patients aimgjtthese procedures. The results were staggering, revealing
that 35.0% of individuals awaiting total hip arthroplasty and 22.3% awaiting knee arthroplasty scored below
zero on the E€®D scale, indicating a state deemed "worse than d@@lithFortunately, posbperative
assessments using the 50 questionnaire demonstrated that 88.6% of hip replacement patients and 80.8%
of knee replacement patients reported an increase in genera[ipaditiese scores were the highest among

elective inpatient surgeries, surpassing procedures such as varicose vein surgeries.

The Canadian healthcare system operates on the principle that medically necessary services should be
universally covered. Although Canada is often recognized for having a -pizygge system, the

administration of healthcare is handled at the provinciadlld&ach province and territoareresponsible

1



for its health insurance plans, care planning and funding, and fee schedules with healthcare professionals
[8]. The Canada Health Act, enacted in 1984, ensures universal coverage for eligible individuals and
services, and provinces must adhere to its principles to receive federal funding. Hip and knee replacements
fall within the realm of services covered under this act, highlighting the importance of their efficient
delivery[9].

Healthcare spending in Canada amounted to approximately $331 billion in 2022, equivalent to $8,563 per
Canadian and representing 12.2% of the country's [&QJPMosthealthcare costs, around 70%, are funded
through general tax revenues. Provinces and territories contribute 78% of the funding, while the remaining
portion is provided by the federal government through the Canada Health Transfer[{THPrivate

sector contributions, including private insurance andofutocket payments, cover costs for services not
covered by the public system, such as prescription drugs, eye care, and dentistry. Hospitals, physicians, and

medications consistently aaout for the largest shares of healthcare spending.

The COVID-19 pandemic posed significant challenges to the Canadian healthcare system, resulting in the
postponement of surgeries and procedures to prioritize urgent care for €@\fiBtients. Over the first

22 months of the pandemic, nearly 600,000 fesuggeries were performed compared to 2019, with hip

and knee replacements accounting for 48,000 deferred procedures. The reduction in surgical volumes
created substantial backlogs, as procedures were postponed without subsequent recovery in throughput
levds [4]. To address the backlog effectively, provinces must surpagsmpreEemic surgery numbéran
achievement that has been realized nationally in only three separate months since the onset of the pandemic
[12].

Of particular concern are the persistently long waiting times for hip and knee replacfifets} The
percentage of Canadians receiving knee replacement surgery within the recommended waiting time of 182
days has dropped to 50%, compared to theoprelemic rate of 70%. For hip replacements, the percentage
within the recommended waiting time decrehge57%, down from the prgandemic rate of 75%. These

figures represent the lowest values among procedures with established benchmarks. Moreover, both the
50th percentile and 90th percentile waiting times have increased, with the latter reaching 4&d ldpys
replacements. These prolonged wait times persist despite increased surgical volumes and larger patient
pools factored into the calculations. This underscores the urgent nesalutionsaimed at increasing

surgical capacity and reducing waiting tirffies 15].



In conclusion, arthroplasty, particularly hip and knee replacements, holds immense importance within the
Canadian healthcare system. Despite being highly effective in improving patients' quality of life, the
COVID-19 pandemic has exacerbated challengesling to a significant backlog and increased waiting
times. Addressing this backlog and reducing waiting times require comprehensive strategies to increase
surgical volumes and improve efficiency in healthcare delivery. These measures are crucial iiog ensur

timely access to arthroplasty procedures and alleviating patients' suffering.

1.2. Arthroplasty at The Ottawa Hospital, from pre-operative to postoperative

For elective joint replacement surgery at The Ottawa Hospital (TOH), patients are referred either through
their primary care physician or a central intake clinic for hip and knee arthritis where triage is done by an
advanced physiotherapist. This is to westhat the patient has completed a course ofsnogical
management for their arthritic pain which would include such things ag#athmatoriesandphysical
therapy.

After consultation with th@rthopedic surgeon and joint replacement surgery has been consented for, the
patient is placed on the surgeonds wait |ist that
level based on degree/severity of pain and disability varying franees to up to8 months. The surgeon

is allocatedseverakurgery days per month to perform surgeries within the public hospital which ultimately

dictates the wait time for the patientds surgery.

The sur ge o ntliepatientind booke thecsargiety approximatel§ &veeks ahead of time so that

the patient can prepare for surgery and ensurghibgtire medically fit to undergo the joint replacement.

There is an anesthesia assessment 2 weeks ahead of the surgery as well as an education session with a
physiotherapist to prepare their home and their recovery in thaspessment unikdany patientshave

same day discharge. The patient arrigethe hospital 2 hours ahead of their surgery time in the surgical

day care unit (SDQ). They receive preperative pain medications as well as antibiotics. They are then
brought to theperating room@R) suite b undergo surgery under anesthesia.

After surgery is completed, they are brought to the post anesthesia care unit (PACU) to be monitered for 1
2hrs i.e., pain under control, alert and oriented, anesthetic medication wqratigfts aréhen transferred

back toSDCU to be mobilized with physiotherapy and ensure they are comfortable and can transfer
independentijpack homeNurses ensure with the family present that their pain is under control and that
they can urinate on their own prior to being discharged home. Further instructionsvadediroregard

to selfmonitoring for complications as well as when to follay with their surgeon.
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In terms of team selection, nurses in the SDCU, OR suites and PACU are trained and specialized for their
areas of work. In other words, a nurse working in SDCU is not necessarily trained¢dualiivork in

PACU. Nurses in the OR suite require specialized trainingdkasseveral months. The anesthesiologist

is randomly assigned to the OR suite a day or 2 ahead of the surgery dayeindecessarily the same
persorthat assessed the patient in thedRA

1.3. Current challenges of 4-joint surgeries at TOH & thesis objective

Thegoal forThe Ottawa Hospitall{OH) was to achievéhe highest possiblBurgical Success Rate (SSR),
i.e., completing 4 elective joint replacement surgeries, specificallrtibnee replacements, within a span
of 8 hoursand withoutrunning into delaysThe designated time frame for this endeavor was from 7:30 am
to 3:30 pm. This target was detavoid incurring overtime costs, which were estimated at $56.84 per

minute, resulting in an annual expense of $570y0idtin the Division of Orthopedic Surgery

While SSR may not be a widely recognized term, it was chtosea a key performance indicator (KPI) as

it is indicative to thespecific problem we are addressi@R throughputThe cases we selected involve
straightforward arthroplasty procedures that are easily detectable, yet they still require overtime hours for
completion. We intentionally excluded cases where complications occurred or where surgeons were aware
in advance hat the procedures would take longer than usual. Additionally, we excludes wheee
complications arose three months after arthroplasty to ensure that our selection focused on the fundamental

issue of being unable t@mplete four simple and predictable arthroplasties on fime-hour window

In fact, when considering all arthroplasty cases at Ti®élsuccess rate is indeed less than 39@igating

that TOH often incurs overtime costs on most day& primary rationale for opting for a binary output

namely, the ability to accomplish a day's work within ano8r timeframe, is aimed at addressing the
performance of healthcare workers. The essential expectation is that they should efficiently handle routine

cases within the designated time, which,amuinately, they often struggle to achieve.

It is crucial to note that despite the binary nature of SSR's output, we calculated overtime as a continuous
function using regression, as detailed in Chapter 6. We explicity demonstrated the financial impact of
paying overtime for straightforward casewlallustrated that the resulting savings could potentially fund

additional cases, not to mention the overall saved amount.



It is essential to emphasize the value of expediting surgeries when it does not compromise patient safety,
as this reduces the time patients spend under anesthesia, subsequently minimizing complications and
surgicaltime. In our study, we proposed modifications to the work environment's behavior that contributed

to delays and suggested changes to the processes and procedures of arthroplasty surgeries to streamline
overall operation times. Notably, we did not advocatestogeons or other clinicians to waak a faster

pace. Our focus was specifically on tien-surgical aspects of the procedyparticularly those intensified

during the preoperative and posiperative intervals, as depicted in Figure 1. Thesesnogical aspects
pertain to roles unrelated to medical treatment or testing but rather concentrate on processes surrounding
surgical procedures. In contrast, clinical approaches involve -esthblished roles in the healthcare

industry, such as medical practitioners providing direct patient care.

Certainly, outcomes for patientsheyond safety considerationsuch as examining potential surgeries,
duration of hospital stays, readmission rates, injuries, patient satisfaction, and other relevant factors can be
explored. This investigation into the impact on SSR could be conducted in the future when such data
becanes accessible. This kind of data would also contribute to the comprehensibereefitanalysis by

aiding in the assessment and estimation of the overall costs associated with achiasieg 3SR from

various perspectives.

Despite various attempts and strategies, such as dedicating asobelynfor hip and knee surgeries,
implementing benchmarks for each stagjesurgery and exploring parallel processing by separating
anesthesia activities, TOH has been unable to surpass a current SSR(io¢ 3Sftce 2012)

Theresearchaim of my thesis work is to enhance the S&Rarthroplasty surgeriet TOH. This will be
achieved by leveraging supervised machine learning andddaén solutions to improve the overall
process from preoperative to postoperagitiasesAdditionally, theresearchobjective is to enhance the
efficiency of the entire healthcare team involved in joint replacement sur@eziesurgeons, nurses, and
anesthesiologistsYhe focus is on achieving these improvements while maintaining the highest standards
of paient safety and optimizing resource allocatiBelow is a brief literature review on the investigation

of machine learning applied in the context of hospital efficiency improvement.
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1.4.Literature review

Machine intelligence and operating room efficiency

Existing solutions that facilitate and optimize hospital efficiency are classified as either clinicalor non

clinical approaches. Clinical approaches refer tontlest recognizedoles inindustry. These encompass

medical practitioners who offer direct patient care and typically dedicate numerous years to rigorous
education and specialization in a particular medical field. Conversehglimical approaches refer to roles

that do not involve anyofm of medical treatment or testifig]. Theycan be categorized into three facets:

(i) introduction of new a s[k/k (i)devetage of rinefnical daga atdo s p i t
descriptive analytics (data driven) to change, evaluate, or rearrange existing assets in a hospital, i.e., no
machine learning involveld 8]; and (iii) data driven solutions leveraging machine learning (ML) torniquets
(prescriptive and predictive analytics). When specifically utilizing madeisingas shown irFigure2,

the efforts to improve efficiency can be directed towards scheduling patient surgeries, scheduling surgical

team/resources, and optimizing surgical workflow time.

The work in the field opatient schedulingan be categorized based on the type of patient data utilized for

modeling. Authors if19] focused on geographical data, such as the distance of patients from the hospital
and the potential impact of traffic on assessing the risk «fhoavs or associated delays. They used this

information to schedule patients and allocate operative days auglgrdin contrast, authors if20]
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centered their work around sociodemographic data to extract patient characteristics. The scheduling data
included factors like a patient's history of previousshows, the number of past appointments, the lead

time for scheduling appointments, and whetherpatient had insurance. Their machine learning scheduler
predicted the likelihood of a patient not showing up and determined how many additional patients to
schedule for a day to prevent the OR from being unused in case of cancellations. AnotHetatgand

in the literature related to patient scheduling is tiglated metrics that could influence patient decisions

and delays. This category is exemplified2d], where the authors considered metrics like patient waiting
time, doctor idle time, and overtime. They proposed a system that predicts the likelihoeshofwsoand

then schedules appointments based on this risk assessment.

When it comes tgurgicalteamallocation there has been a substantial amount of work in utilizing machine

learning forHuman Resource (HR) allocation in various industrial sectors. However, the application of ML

in healthcare has been relatively limi{eé@]. The predominant approach in HR allocation has involved the

use of unsupervised ML techniques, particularly clustering. These efforts primarily focus on grouping
individuals with similar characteristics, such as grouping patients with specific digzajsédternatively,

some initiatives aim to create diverse groups with a wide range of capabilities, as seen in the case study
groups for online educatig@4]. In clinics, a significant portion of HR allocation efforts has been dedicated

to matching the right physician with the appropriate patients. This is done to address the demands of
patients, optimize resource utilization, and ensure the delivery ofquigtty healthcare in settings with

limited resourcef25, 26] Additionally, there have been instances where ML has been employed to allocate
teams and working hours during highffic periods, thereby preventing congestion, as demonstrated in
[27].

Much of theworkflow time-optimizationsolutions aim to predict a certain aspect of an operation; this can

be predicting an event before surgf28], after surgery4, 29], or even the duration of the surgery itself

[30, 31] Concerning preurgical eventsprevious workusually attempted to develop a model that could
successfully predict anesthesia preparation tiksefor postsurgical events, authors addressed their
hospital 6s P A Cpdedicted eoanvadhi n g a tainednt 6 s PACU stay ti me
Additionally, otheraut hor s bui It a ML model t hat predicted t
terms of number of bedBinally, othersolutions aim to establish benchmarks that help maximize efficiency

or acheve segoals[31].
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Towards aPrescriptive Analytics System

There exists a multitude of definitions for prescriptive analytics (PA), and the prevailing commonality
among these definitions is that the fundamental function of PA lies in its pivotal role of supgdedisign
making specifically by relying ommachinedriven capabilities[32i 36]. In my thesis | define PA as the
process of evaluating potential actions based on various outputpfeaiictive analytics to achieve the
optimal solution for a specific problem.

Extensive literature has addressed the limitations of human cognitive abilities in solving complex problems.
It has been observed that organizations that apply analytics to big data have achieved more accurate and

improved outcomes in decisianaking[37].

The Healthcare industry exemplifies a field that is increasingly driven by data due to the vast and expanding
volume of information from various sourci&8]. The most advanced healthcare analytics solutions excel
when decisions require the evaluation of multiple alternafB@s Prescriptive analytics offers answers to
guestions such asvhat should we do to achieve certain gdadsed on insights generated by descriptive,
diagnostic, and predictive analytics. Consequently, prescriptive analytics necessitates knowledge of
potential actions to achieve better results. It employs-isaenarios and causal relationships to optimiz

performancd37].

Throughout mythesis work, lcreated a generiglueprintfor developing &rescriptive Analytics System
(PAS)[40] that aims to enhance t&SRrates for highvolume arthroplasty procedurdshis blueprint will

be introduced in the following secti®n



1.5. The Multidisciplinary approach of my thesis

Among the 10 different key research themes offered by the School of Electrical Engineering and Computer
Science (EECSht University of Ottawal have decided to focus on the Systems and Machine Intelligence
themeas shown in igure3. Machine Intelligence is an incredibly dynamic and multidisciplinary field that
merges computer science, and cognitive scigddg It holds immense potential fdransformative
applicationsacross various domains of science, industry, society Professionals and researchers
working in the field of artificial intelligence (Al) are increasingly recognizing the importance of adopting

a multidisciplinary approach to their wo2].
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Figure 3: Key Research Theme Offered by the EECS at the University of Ottawa

Within the engineering departmeattuOttawathere exists a multitude of disciplines and research areas for
exploration. In the context of my thesis work, | have directed my attention towards the axes highlighted in

Figure 4, with a specific emphasis on the healthcare delivery sector.

The healthcare environment has undergone significant changes in recent times, characterized by higher
patient acuity43], costcutting measureg4], an upsurge in litigatiof#5], and elevated expectations from

an educated generation of healthcare consuphé}s



Areas of research
Covered In my thesis

Ly

Enabling technologies
for health care and

Technology for the
digital transformation

Sustainable and
resilient infrastructure

Emerging materials
and processes: design

Photonics for devices,
networks and energy

augmented life of society and development

Text mining and

Health informatics N .
machine learning

Advanced data
management and
analytics

Data mining and
public health

Business processes
and performance
management for

health care

Artificial intelligence,
robotics and
autonomous systems

Figure 4: Research axes and multidisciplinary offered by the Engineering Departmerat uOttawa.

These factors have necessitated a continuous focus on measuring, assessing, and enhancing the quality of
healthcare services. Quality improvement initiatives are not limited to patient clinical outcomes alone but

also encompass customer service ratingsiaadcial outcomef7].

Achieving positive outcomes in quality improvement necessitates a collaborative approach, wherein

building a cohesive and effective multidisciplinary team becomes cfd8ial

Recent advancements, particularly in the field of healthcare, offer promising prospects for the formation of
multidisciplinary teams. Medical professionals now have access-&datl computing, which provides

refined databases for healthcare preventi@atinent, and diagnosis. The emergence of Al has broadened
the understanding of healthcare beyond its association solely with physicians, nurses, and other essential
personnel. People are increasingly becoming aware of the remarkable implications atajadvarAl in

the healthcare settirjg8].

In the realm of Systems and Machine Intelligence, which falls und&dheol of Electrical Engineering
and Computer Sciened the University of Ottawa, my thesis revolves around the design, implementation,

and validation of &rescriptive Analytics System (PABAased on machine learninthe primary goais to

enhance the throughput of operating rooMgecifically, | proposed three frameworks, each integrating

machine learning engines, with distinct types of input and varied output as well. Subsequewnfiyhese

frameworks was chosen for conversion into a decision support system, complete with a dashboard designed

10



to facilitate the utilization of both machine learning and framework outputs. | proceeded to implement this
PASin a clinical setting and conducted an evaluation of its performance.

The diverse nature of M AS fia deci si on s up gatridutiossyat étng MEFES SO r e @
related journalsbut also in clinical journals. Implementing tHAS in practical healthcare settings

necessitated a collaborative effort to enhance knowledge in the healthcare domain, resulting in an integrated
solution ready for redife application.

In summary, my thesis work focuses on the healthcare delivery sector, addressing the need for quality
improvemenbf arthroplasty procedurdbroughthe integration of Al within the Division of Orthopedics
Surgery, at TOHThe blueprint fomy proposedhealthcare delivery Atransformation is summarized in
Figureb.
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1.6. Thesis Contributions

Figure 5 depicts the schematicroy proposedil-driven transformatiofior Arthroplady surgerieswhile
also highlighting the milestonesd research contributions of my thediss t he t hesi s f or mat
by articleso one, I now highlight the relevant <co

The initial phase of my thesis focused on descriptive analytics (DApalyzed structured data to
understand simple relationships, correlations, and trends aanitmgplasty surgemnetrics. This analysis
led to thepublicationof my first journal titled Factors Influencing Delays and Overtime During Surgery:
A Descriptive Analytics for High Volume Arthroplasty Proceduré3 he data was categorized into three
groups: timerelated metrics, patiemelated metrics, and stafélated metrics. DA helped gainsights into
the surgical process and identified standalone metrics that impact surgical delays.

| thenproposed three frameworks for each category of data: patibatluling frameworksurgical team
scheduling frameworkand workflow/time monitoring frameworklhese frameworks were presented in

my second journal,Frameworks for Akbased Surgical Transformation (FAST)wherel compared
various supervised machine learning models within each framework, evaluating their complexity and
implementation aspectshave the option to use these frameworks either in combination or independently.
Nevertheless| have opted for the one that offers the greatest expected value to fulfill the objectives of
enhancing botl®R throughput and team efficiency during the transformation of our Prescriptive Analytics

System

As discussed in the literature review,donstruct a Prescriptive Analyti&ystemi|t is essential to gather

the necessary potential actions for achieving improved outcomes. This is accomplished by utilizing what
if scenarios and establishing causal relationships that guarantee the desired perfdrueeaetions and

rules that can be implementezlachieve better SSR avatlined in myjournal"Use of multidisciplinary

positive deviance seminars to improve efficiency in a highlume arthroplasty practice: a pilot stutly

The final component needed to fully depict the Prescriptive Analytics System landscape, comprising
descriptive insights, the prediction framework, and the essential actions, entails integrating them into a
functional prototype within a workflow system. TFhiintegration should vyield practical results,
encompassing both optimistic and pessimistic scenarios, as detailed in my journafAitiédial -
Intelligence driven prescriptive model to optimize team efficiency in a higtume primary arthroplasty
practiced The article revolved around the process of defibi@gchmarkstandards for individual surgical

stages, prioritizing important metrics while omitting less significant ones. It utilized a dataset of around
13



5000patientsurgeriego make predictions, followed by the automatic generationfdf@commended set
of actions aimed at achieving predefined Surgical SudRates.

My article "Leveraging Machine Learning and Prescriptive Analytics to Improve Operating Room
Throughput' delved into the practical implementation of the PAS. It elucidategytbiem's applications

in reatlife scenarios and explained its functionality under different PAS output scenarios.

Finally, th eFirgt Deployment of Artificial Intelligence Recommendations in Orthopedic Surges/my
final journal. The articledisseminateshe first results and knowledge thfe PAS on 206+ arthroplasty

surgeries at TOH
| have consistently referenced my journals throughout this thesis using abbreviations J1 to J6 in the same

order as listed above. Additionally, Table 1 employs these same abbreviated names for clarity. Similarly,

my abstracts have been designated as AlA2rfdr simplicity.
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Chapter 2: Factors Influencing Delays and Overtime During Surgery: A

Descriptive Analytics for High Volume Arthroplasty Procedures

2.1. Summary

This journal aimed to gain insights into the business of surgery by conducting descriptive analytics on the
available structured data. The primary objective was to understand the underlying factors contributing to
delays and overtime pays in arthroplastygeries, and how these factors impact $&Rat the Ottawa
Hospital. The approach involved analyzing the data through visualizations and simple central tendency
metrics to uncover meaningful patterns and relationships. By delving into the data, we@exeact
valuable information and gain a comprehensive understanding of the surgical process and its impact on

performance indicators

2.2. Methodology

The data mining process, following the guidelines of the Glreisstry Standard Process for Data Mining
(CRISRDM), commences with a focus on business understanding. In our efforts to comprehend

arthroplasty surgeries, our initial step involved conduatiescriptive analyticen the available data. We

sought to establish the relationship between each metric and SSR individually, marking the first level of
analysis. Subsequently, we explored all possible combinations (excluding time,stalgmnelevel of
combination of two and three different metrics against SSR in what we termeedewrel level3 analyses,
detailed in my descriptive analytics article.

The significance of metrics, their meanings, angtitential influence of each metia SSR were initially

discussed withfield experts, including clinicians, surgeons, and statisticidi® outcomes of our

descriptive analytics primarily comprise observations and insights that, if implemented, would incur

minimal costs (financial, labor, and impact) with a high perceived gewording to expert opinions

However, werefrained from making any changes at this siagt@ we compared these findings withe

outputs of the machine learning and decision support systems

16



It's worth noting that descriptive analytics htssimitations, leading us to rely on the machine learning
based system in constructing our Decision Support System (DSS).
While the primary aim of this analysis was to grasp the surgical process and factors influencing arthroplasty

delays,statisticians were consultednd they indicated that statistical tegtsre deemed unnecessany

unfeasible in the majority of our descriptive analytics outcomes we have. Nevertheless, for the purpose of

guantifying important metrics, | included soradditional to the ones in the published articitatistical

analyses and tables in Appendix A where applicable. Additional facets weerssetdltin the appendix

concerning various approaches to compute SSR for both surgeons and patients.

2.3.Fundamental research contribution

First publishedanalysis of descriptive analytics to identify factors contributing to low SSR at TOH.

2.4. Author Contribution

Author Contribution to the study
_ ) Data curation, Investigation, Methodology, Writingriginal draft,
Farid Al Zoubi o N ) N
Validation, Writingi review and editing
Paul Beaulé

Conceptualization, Methodology, Writirigreview and editing

_ Conceptualization, Methodology, Funding acquisition, Project
Pascal Fallavollita o _ o N _ N
Administration, ResourceSupervision, Writing review and editing

2.5.The Article

The following article was submitted to the Frontiers in Surgery Joanuhis currently under review
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Factors influencing delays and
overtime during surgery: a
descriptive analytics for high
volume arthroplasty procedures
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*School of Electrical Engineering and Computer Science, University of Ottawa, Ottawa, ON, Canada,
“Division of Orthopedic Surgery, Ottawa Hospital Research Institute, Ottawa, ON, Canada,
Interdisciplinary School of Health Sciences, University of Ottawa, Ottawa, ON, Canada

The aim of this article is to analyze factors influencing delays and overtime
during surgery. We utilized descriptive analytics and divided the factors into
three levels. In level one, we analyzed each surgical metrics individually and
how it may influence the Surgical Success Rate (SSR) of each operating day. In
level two, we compared up to three metrics at once, and in level three, we
analyzed four metrics to identify more complex patterns in data including
correlations. Within each level, factors were categorized as patient, surgical
team, and time specific. Retrospective data on 788 high volume arthroplasty
procedures was compiled and analyzed from the 4-joint arthroplasty operating
room at our institution. Results demonstrated that surgical team performance
had the highest impact on SSR whereas patient metrics had the least influence
on SSR. Additionally, beginning the surgical day on time has a prominent
effect on the SSR. Finally, the experience of the surgeon had almost no
impact on the SSR. In conclusion, we gathered a list of insights that can help
influence the re-allocation of resources in daily clinical practice to offset
inefficiencies in arthroplasty surgeries.

KEYWORDS

descriptive analytics, health care efficiency, high volume surgery, operating rooms
throughput, overtime hours

1 Introduction

The term arthroplasty is the amalgamation of Arthro (Greek), meaning joint, and
Plasty, which means to mold, graft, or reform. Hence, arthroplasty is the science of
molding or reforming a joint, usually to reclaim its full function or relieve joint pain
(1). Human joints become painful and stiff (with age) from regular wear and tear alone,
but certain degenerative diseases can exacerbate the condition. Arthroplasty surgeries
are the ultimate corrective measure to rectify these conditions. The procedure may
include retaining the healthy parts of the joints and augmenting them with implants
(i.e., resurfacing, partial replacement procedures) or completely replacing the joint (both
ends) with implants.

To address issues with hospital efficiency, various initiatives to increase throughput,
such as high-efficiency operating rooms (ORs) and parallel processing with anesthesia
block rooms, have been suggested (2). At our hospital, we instituted increased through
put rooms going from two-three to dedicated four primary joint rooms with dedicated
arthroplasty surgeons in. The 4-joint OR was designed specifically to handle these
procedures, and everything, from its layout to equipment, has been arranged with
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arthroplasty surgeries in mind. The design allows surgeons and
staff to save time on procedures and complete more surgeries in
a day than a general OR handling different types of surgical
patients would allow for.

In the area of arthroplasty, there exists few works that identify
factors which influence surgical outcomes. Authors in (2)
determined that patient length of stay is multifactorial and can be
reduced by regular review of the care pathway to effect incremental
changes that have been identified as having an impact on reducing
stay. In (3), authors identified specific factors that ensure positive
patient outcomes following knee surgery, both non-surgical (ie.,
gender, age, body mass index, etc) and surgical factors (ie.,
anesthesia, postoperative complications, and rehabilitation). Lastly,
authors in (4) concluded that patients’ perception of pain control
was significantly positively correlated with the perception of their
orthopedist, nurse, and overall hospital satisfaction.

Different to the state-of-the-art, the objectives of our study are
to identify the factors which influence Surgical Success Rate, or
SSR, which is the ratio of successful surgery days over total
surgery days. To our knowledge, this is the first attempt at
identifying factors which contribute to surgical delays/overtime in
the application area of orthopedics. The definition of successful
surgery days (in this context) is a day in which all four joint
surgeries scheduled are completed within the dedicated eight
hours (between 7:30 am and 3:30 pm). An unsuccessful day has
two negative consequences:

1. Overtime, which costs our institution $570,000 a year (5). The
dollar amount was calculated by multiplying the number of
additional
unsuccessful days = 10,179 minutes) by $56, which is the per-
minute collective cost of an OR and the staff using it.

2. Postponing the fourth patient of the day to a future date. This
results in backlog, low patient satisfaction rates, and
underutilization of hospital resources with the third case
often ending at 14:30-15:00, let alone the unused time for
days that team manages to complete their fourth case before
15:30. This unused time is calculated to be an average of
36 min per successful day in our institution.

minutes an OR was engaged for (during

The following sections of this work are divided into three levels
based on the number of surgical variables being analyzed
simultaneously, for which level one is the simplest format of
analysis while level three is the most complex analysis.

2 Descriptive analytics

Descriptive Analytics (DA) is the science of analyzing available
data to determine patterns and trends. It focuses on “what
happened?”, not how, why, or if it might happen again. It’s
relatively easy to understand, which makes it useful and
accessible to a wider audience. It can offer a wealth of useful
insights and help with decision-making (6).

The primary advantage of descriptive analytics is that it allows
you to view how certain variables, relationships, and trends change
over time. This, along with its simplicity, makes it quite useful to
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evaluate and communicate performance. Anything that can be
quantified via metrics, changes over time, and has discernable
patterns, is in the realm of descriptive analytics. Another
advantage it offers is easy-to-comprehend visualization of
complex numerical data, which makes it more palatable for
people from different departments and disciplines. More eyes on
data can help with more insights and unique perspectives, which
aid in decision-making (7).

Descriptive analytics has multiple use cases in healthcare (8).
It's used for trend analysis, such as identifying which age group
and BMI category has the most joint replacement surgeries (9).
It also assists in planning, such as stocking up on flu vaccine
before certain months of the year, based on past trends (10).
Descriptive Analytics can also lead experts to the right causes
behind certain trends just by helping them realize what to look for.

Multiple types of descriptive analysis techniques and
approaches are associated with both individuals and clinical units
(7), including case reports (11), cross-sectional studies (12), and
surveillance (13). For our study, we are following the passive
surveillance approach for descriptive analytics, ie., systematic
collection of data pre-divided into formal categories and spread
out over an adequate period of time (ie., enough for cyclical
patterns to emerge).

The retrospective data we have compiled and analyzed for this
study comes from the 4-joint operating room for arthroplasty
procedures at our institution. The critical characteristics of the
data are as follows:

« Time Period: 2012-2020

« Nature of Procedures: Non-complex cases, Unilateral hip and/or
knee replacement surgeries only.

o Nature of Data: Numerical (mostly time stamps and time
durations) and Categorical

« Data Collection Source: Surgical Information Management
System (SIMS) for the majority of the metrics, while some
other were collected manually from daily notes.

« Data and 788
Supplementary Table S1 for all metrics.

Dimensions: 26 Columns rows. See

Treatment of Data: Data was cleaned for missing information
and incorrect values, both of which represented less than 1%
of the observed dataset. Rare cases, regardless of their dissent
with median values, were kept in the dataset.

« Surgical Success Rate (SSR): was calculated at 39%.

« Demographics and Other Quantifiable:

Number of days and surgeries: 197 days (788 surgeries)
Number of surgeons: 6
Number of Nurses: 73
Number of Anesthesiologists: 81
Gender-wide Distribution of Sample Patients: 385 M, 403 F
The average age of patients: 63.2+11.9

m Average BMI: 30 +5.7
Time intervals used are a modified version of those defined by the
Association of Anesthesia Clinical Directors (AACD): anesthesia
preparation time (APT); patient in-room to anesthesia ready,
surgical preparation time (SPT); anesthesia ready to procedure
start, procedure; procedure start to procedure finish, anesthesia
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finish time (AFT); procedure finish to patient out of room, and
turnover time; and first patient exits to subsequent patient in
room. APT immediately follows turnover. Figure Below illustrates
the surgical intervals along with their spans.

3 Level-1: SSR vs. individual metrics

At Level-1, we are analyzing each metric individually and how
it may influence the SSR. Analyzing SSR from the perspective of
each metric can help us identify outliers, irrelevant factors, and
trends that may otherwise get buried under the data. Another
benefit of focusing on individual metrics is the ability to weigh
each metric for its influence on SSR or, at least, identify metrics
with the most significant and least significant impact on SSR,
Supplementary Table S2. Less resource-intensive and high-
impact metrics can help us develop intervention strategies that
may directly reflect in a high SSR. Conversely, more resource-
intensive, high-impact metrics can become the elements of a more
comprehensive, long-term strategy to improve the success rate.

We have divided the metrics of Level 1 of analysis into three
different categories:

1. Staff and facility-specific metrics: calculating the impact of
controlled and managed resources (ie, primarily human
resources) on SSR.

2. Patient metrics: calculating the impact of these metrics on the
SSR offers great insights regarding patient management and
scheduling, especially with the data/insights we have access to
from the first category.

3. Time-related metrics: identifying which aspects of the surgeries
have the most significant impact on the success rate and their
timely completions. This helps with the development of
multi-faceted both

individuals and processes to improve SSR.

optimization  strategies  covering

3.1 SSR vs. staff and facility

3.1.1 SSR vs. campus

Our institution has two campuses: Civic and General. The bulk
of the surgeries happen at the General; with a 7:1 ratio of surgeries.
There is only a 4% difference in the SSR, as 36% of the Civic
Campus’s surgeries are successfully compared to 40% at the
General Campus, average SSR is 39%. The difference is not
nearly as significant as the difference in the number of surgeries,
and no other metric supports the assumption that a higher
surgeries resulted in a higher SSR (see

Supplementary Figure S2).

number of

3.1.2 SSR vs. surgeon

The SSR varies greatly from one surgeon to another. The lowest
extreme is 13.3% SSR (if we neglect the seventh surgeon with a 0%
SSR), and the highest extreme is 62.3% (see Supplementary
Figure S3). One curious observation from this comparison is
that there is no discernable connection between the number of
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surgeries and SSR, i.e., SSR is not tied to the experience gained
from performing more surgeries. Surgeons S3 and S4 have a
minimal difference in the number of surgeries they conducted,
but the SSR difference is significant 41.1% vs. 62.3%. This is
further endorsed if we compare the three closest SSRs for
surgeons $4, S5, and S6. S6 completed roughly 4.6 times, and S4
completed 6 times more surgeries than S5, but the SSR difference
is minimal. This is also not a true reflection of a surgeon’s
capabilities, at least not without taking other factors like team
and surgery type into account. However, it may help identify the
best performer and worst performers if their difference from the
mean is significant enough.

3.1.3 SSR vs. anesthesiologist

Like the result above, the SSR is not correlated to the number of
surgeries an anesthesiologist has been a part of. In fact, the opposite
is more plausible, i.e., the higher the number of surgeries, the lower
their SSRs might be (Supplementary Figure 54). This is supported
by the fact that there is just one anesthesiologist with a 100% SSR
that completed more than ten surgeries and Supplementary
Figure S5: Circulating nurse’s experience does not influence
SSR.at least fifteen anesthesiologists that completed less than ten
surgeries. The anesthesiologists with high SSRs can be considered
a controlled factor for future surgeries to influence the
probability of a surgery succeeding on time. However, to
determine the potency of this controlled factor, it’s imperative to
take the influence of an anesthesiologist on a surgery completed
on time into account.

3.1.4 SSR vs. circulating nurse RN1 and RN2

The number of surgeries a registered nurse (RN) attends to
does not influence the SSR, and the fewer surgeries an RN has
attended to, the higher their chances of achieving a respectable
SSR. However, it’s difficult to identify discernable trends because
of the statistical weaknesses of this dataset or, more accurately,
its distribution (Supplementary Figure S5). The top 3 RN2s and
top 4 RNIs have completed more surgeries than the rest
combined. The uneven distribution of sample data makes it
impossible to identify the connection between a RN and SSR.

3.2 SSR vs. patient metrics

A patient’s physical condition, the type of surgery they need,
their age, and gender can have a significant impact on the
successful completion of surgery on time.

3.2.1 SSR vs. sex

The SSR for Male patients is slightly higher than for male
patients (Supplementary Figure $6). It’s consistent with the
finding of another study that investigated the operative times of
surgeries for male vs. female arthroplasty patients. A study has
demonstrated that men are at higher risk of developing
prosthetic joint infections following joint arthroplasty, thus
surgeons have to take extra precautions during surgeries (14).
However, we believe that the real practical reason is that men are
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more muscular which makes surgery more difficult. This insight
can be used for patient scheduling to improve the overall SSR.
Scheduling two males and two females per day, or scheduling
three or four females in one day when there are surgeries with
anticipated complications, can be strategically helpful to make up
for time delays and enhance the chances of completing four
surgeries in the allotted time.

3.2.2 SSR vs. age

The bulk of the age-wise SSR trend hovers between 32% and
46%, with one outlier being the age group between 17 and 26.
The youngest group also has the lowest number of surgeries, and
it’s consistent with typical age-oriented surgical recovery and
success trends. But apart from that, there is no discernable trend.
There is an 8% difference in the SSR for people between the ages
of 57 and 66 and patients between 27 and 36 years of age, with
older patients having a higher SSR (Supplementary Figure §7).

3.2.3 SSR vs. BMI

The BMI correlation with SSR offers pattern abnormalities
similar to age (Supplementary Figure $8). It’s highest for
patients in the Class 3 obesity BMI. This is inconsistent with the
observation for both elective surgeries like Total Knee
Replacement (TKA) and Total Hip Arthroplasty (THA).

3.2.4 SSR vs. ASA

The primary concern with identifying patterns when
comparing SSR with the American Society of Anesthesiologists
(ASA) physical status classification system classes is the data
distribution. The sample sizes of Class I and IV are lower
compared to Class IT and IIL. If we average out Class II and III
(about 367 cases), Class I is 10.3%, and Class IV is 3.4% of that
sample size. Between two reasonably comparable classes (I and
IIT), the pattern is as expected—higher for a safer ASA class and
lower for a riskier class (see Supplementary Figure S9).

3.3 SSR vs. time stamps

3.3.1 SSR vs. months

An interesting pattern was observed when we analyzed SSRs for
different months of the year. Apart from two exceptions (July and
August), the remaining ten months can be divided into sets of two.
Five of them are above 50%, and five are between 30% and 40%.
May, the month with the highest SSR, is a true outlier, and
August, the month with the lowest SSR, is the culmination of a
four-month-long downward trend. The variation in the number
of surgeries for each month is also a pattern worth considering,
as it may be tied to factors like staff availability and fatigue (15).
However, it doesn’t impact the surgical success rate as both the
highest and lowest SSR months had only a difference of about
ten surgeries, which is less than 15% of total surgeries for either
month (Supplementary Figure §10).
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3.3.2 SSR vs. days

The SSR for days shows that the best days for surgery are one
day after the weekend ends and one day before the weekend begins,
i.e., Tuesday and Thursday. Also, for days, the pattern of more
surgeries resulting in a higher SSR holds apart from one outlier
(Monday). This could be construed that it’s tough to get to work
on Monday, and on Fridays' the majority of people are looking
forward to the weekend which may influence their focus on surgery
(Supplementary Figure S§11). One study shows that employees
are less supportive on those days, i.e,, Monday and Friday (16).

3.3.3 SSR vs. time in room and anesthesia
ready time

The correlation between Time in Room and Anesthesia Ready
Time is evident from the SSR pattern for both variables, and it’s
tied to the starting time of the surgery (Supplementary
Figure 512). The SSR is higher for surgeries in which the patient
was in the room and anesthetized closer to the scheduled time/
allotted time slot. The farther away they were from that time
window, the lower their SSR became. For example, if by 8:20 AM
(Cut-off Time) the first patient (P1) was not in the OR already,
there is no way the fourth surgery can be completed without
having to pay overtime. Another example is that if the third
patient (P3) did not have his anesthesia ready by 1:00 PM, there
will be a very slim chance (less than 20%) the fourth surgery
would be completed on time, ie., before 3:30 PM. As an
observation, the nurses arrive to work at 7:30am and there is no
real accountability for that first 25-29min in terms of
productivity as long as the patient is in the room before 8:00 am
and as one would expect this often spill into after 8:00 am.

3.3.4 SSR vs. case start and case finish time

A similar pattern was observed when we compared SSRs
against Case Start and Finish times. The procedures that started
and ended in the allotted time slots had a much higher SSR rate.
The four waves in Supplementary Figure S13 represent four-
time slots for four arthroplasty surgeries in a given day, along
with the cut-off time for each wave where the patient should be
no later to consider it as a successful day.

3.3.5 SSR vs. time out of room and anesthesia stop
time

The pattern is the same for SSRs when compared against Time
Out of Room and Anesthesia Stop Time—four waves endorsing the
observation that surgeries that start on time and end on time
resulted in higher SSR days (see Supplementary Figure S14).

3.3.6 SSR vs. anesthesia start time and turnover
The anesthesia start time doesn’t conform to the same pattern,
at least not with the same degree of correlation, as other time
metrics when compared to SSR. A downward pattern is observed
between SSR and turnover rates (i.e., the time to prepare the
room for the next surgery), but it includes a hard spike and a
relatively hard slump. On the other hand, turnover is measured
in minutes, thus Supplementary Figure 517 represents duration
rather than time stamps. Turnover time should take between 12.9
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and 17.9 min to achieve the highest SSR, considering the 42.9-47.9
window as an outlier since there are not enough samples to support
this high SSR.

4 Level-2: comparing timestamps vs.
patient metrics

As we analyze a level deeper, we are comparing two to three
variables at once. It's mostly a three-dimensional analysis
compared to Level-1, where we compared one to two variables/
metrics side by side to determine a pattern. It’s also different
from the Level-1 time-metric comparisons because it compares
averages to patient metrics instead of timestamps.

4.1 Time vs. age

The average procedure time and the average case total time
follow an almost parallel pattern since procedure time makes up
the bulk of the case total time. Interestingly, the turnover rate
follows a similar pattern. The Anesthesia Preparation time
(APT) average is the most obvious outlier, as the average
consistently goes up until the second last age group and then
drops off. If we observe the averages excluding the two
extremes, it’s clear that Anesthesia preparation and in-room
time go up with age. For patients above 45 years old, the
chances of spending more time in the OR become higher as
they reach 76 years old and steadily lower after 76 years old
(Supplementary Figure S16).

4.2 Time vs. BMI

The averages for APT in Room, Surgery Finish time (SFT),
and turnover have gone up with the BML In contrast, averages
for Surgery Preparation Time (SPT) and procedure went down
as BMI increased. The Case Total average time is most
significantly influenced by the procedure average time and APT
average, which rises sharply with BMI but drops off for the
riskiest BMI class (Supplementary Figure §17). It also shows
the APT’s influence on Case Total, which followed the APT’s
trajectory instead of the procedure averages, between the BMI
of 27.1 and 47.1.

4.3 Time vs. sex

On average, surgeries for male patients takes 5 min longer than
surgeries for female patients. The SPT and SFT averages for males
are also slightly higher (one minute on average), which pushes the
total time difference (Case Total) to six minutes (Supplementary
Figure §18). This is one rationale behind the higher SSR for
female patients as shown in Section 3.2.2.
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4.4 Time vs. ASA

Anesthesia-related averages are following the naturally
expected pattern, ie, moving up for higher/riskier ASA
classifications, though there is virtually no difference between
Class T and II. The pattern for the average Case Total and
Procedure is not influenced by the natural ASA pattern. In fact,
it’s going in the opposite direction (Supplementary Figure 519).

4.5 Time vs. type of surgery

The Case Total average time is inversely related to SSR. The
HRA, with the highest SSR, takes the most time, and UKA takes
the least amount of time. However, the variance in time is not
nearly as significant as it is for SSR when it comes to different
types of surgeries. There are significant similarities between the
two knee surgeries and two hip surgeries, respectively. The only
outlier is the average APT which is significantly higher in TKA
Figure 520). The APT average for hip
procedures is significantly lower compared to knee operations

(Supplementary

but has minimal to no impact on the Case Total average.
Procedure time and APT in Room may have the most significant
influence on the Case Total average.

5 Level-3: staff vs. patient vs.
time-metrics analysis

At the highest level, we are analyzing four variables at once to
identify more complex patterns in data and correlations that are
invisible or not credible enough at Level-1 or Level-2. We are
analyzing two-time metrics and one staff/Patient metric with SSR.
Different four-variable combinations can help us identify a wealth
of insights and trends via a comprehensive descriptive analysis.

5.1 Surgeon-SSR vs. procedure and SPT
averages

We are comparing surgeons’ (with their respective SSR)
numbers for their procedure time average (highly relevant to
surgeons) and SPT (less relevant to surgeons). In this scenario,
one extreme would be the surgeon with a high SST and low
procedure average, and the other would be a high procedure
time and low SST. Surgeon PB is an example of the positive
extreme, but they have also benefited from low average SPT.
Surgeon GD is an example of the other extreme who, despite
having low SPT, had high procedure times and low SSR
(Supplementary Figure S21). Surgeons (with their respective
SSRs) were plotted for the following (X and Y axis) variables:

o SFT and Average of AFT (Clustering—SFT 3-6 and AFT 9-16)

« AFT and APT (Clustering—AFT 20-40 and APT 9-16)

« APTinRoom and SPT (Clustering—APTinRoom 10-16 and
SPT 13-16)
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However, no discernable pattern was observed, apart from
clustering in certain intersections of the above-stated variables.
Recall that it was the same for the circular nurses when they
were plotted against turnover, APTinRoom, and SFT.

5.2 Surgeon-SSR vs. BMI and age

The most successful surgeon (based on procedure time and
SSR) has operated on patients with the lowest average BMI and
age of all surgeons. However, this is not the case for the other
extreme. Age seems to have a far more significant impact on
the average time a surgeon takes to complete a procedure than
BMI. However, the limitations of this analysis should be
considered with reference to the sample size (more surgeons to
compare). data  points
concentrated within a specific age range (like below 60 or
above 75) can cast a shadow on the strength of this correlation

A greater sample with multiple

(Supplementary Figures 22, $23).

6 Discussion

Descriptive analytics (DA) helps us decipher raw data from the
past and identify patterns and trends to generate useful insights
that may be applied to future decision-making. By identifying
relationships between different metrics (variables), it helps us
differentiate the most crucial metrics from relatively non-
important ones that may not have a significant enough impact
on trends and SSR. Comprehensive DA and the identification of
the most important metrics can become the foundation for more
advanced Diagnostic Analytics, which focuses on the reasons
and rationales behind certain trends, ie., the “why” behind
what happened (14).

Understanding how different metrics/variables interact with
each other and how they impact SSR and metrics that directly
influence SSR (Time Metrics:
Procedure Time) can lead to efficient operating room (and even
emergency room) decision-making. Identifying the most high-
impact metrics and learning how small changes to them can lead
to significant improvement in the SSR can help clinical
institutions develop low-cost, low-effort strategies to achieve
more on-time surgery completions. An example is changing the
teaching day, which requires minimal effort and no cost and can
have an enormous impact on the SSR.

Our comprehensive descriptive analytics of the data collected
from the 4-joint Arthroplasty surgeries at our institution revealed
the following insights. Note that these insights are selected from
dozens of individual analyses performed on the collected data points.

Complete Case Time and

« If we analyze the three sets of metrics (staff, patient, and time)
based on how strongly they influence/impact the SSR, staff
metrics take the lead. Patient metrics had the most minimal
impact on the SSR.

« Time in Room for the first case of the day influences the SSR of
the rest of the cases. Hence it is very important to start the day
on time.
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« Even though it may seem logical that the most experienced
professionals (especially surgeons), with the highest number of
surgeries on their record, would complete more procedures on
time than their less experienced peers, the analysis revealed that
it was not the case. The experience of medical professionals
had almost no impact on the SSR, our analytics says it could be
their patient selection or their surgical time or both.

« The SSR jumped as high as 45% from the least successful month
(14% SSR) to the most successful one (59% SSR).

« The variance among SSR on different days of the week is less
significant than months, but it’s still significant, i.e., 19%. The
highest SSR for a day reached 46%, while the lowest was
around 27%.

« On average, male patients required five more minutes per
procedure compared to female patients.

o The age and ASA classification of the patients had a signi-
ficant impact on anesthesia metrics but not on the overall
procedure duration.

It's important to understand that many of the above observations
are limited by the spread of data which may have influenced the
accuracy of some resulting patterns. Most of the outliers are in
the extremes. For age, the bulk of the data points is concentrated
between the ages of 47 and 76. For BMI, most data points/
patients fall between 22.1 and 27.1. As for ASA, most patients
are classified as Class II or III, with only a fraction in Class I or
IV. Sex is the only variable that’s safe from this uneven spread.

DA also helps us identify unique and useful patterns and trends
that emerge from the data by combining and comparing a couple of
metrics together and studying their relationship (17). However, the
effectiveness of DA goes down as dimensionality (i.e., the number
of variables/columns of data) increases. It becomes difficult to
identify patterns and trends to generate useful insights. Another
limitation of DA is the number of variables it can simultaneously
handle (18). Some insights can only be generated when more
variables are being analyzed at once, and that is where more
comprehensive analytical techniques (predictive and prescriptive
analytics) and machine learning comes into play (19).

Predictive and prescriptive analytics can take dozens of
variables/parameters/dimensions into account and simultaneously
analyze them to identify more complex and insightful patterns.
Machine learning algorithms are significantly more powerful and
can handle thousands of parameters and variables at once. This
sophistication allows them to determine patterns and generate
insights that DA is unable to generate, though it doesn’t
undermine its usefulness.

Another reason more sophisticated analytical techniques and
machine learning algorithms are prioritized over DA is the depth
of analysis. Since it can only handle a few variables and
dimensions at once, many of the insights generated are naturally
shallow and may simply lead to ineffective or resource-intensive
actions taken to achieve a desired outcome. In the worst cases,
the conclusions may be wrong and lead to potentially damaging
decisions. Using these insights to infer cause and effect without
exploring the deeper relationships of these variables to others
may lead to wrong conclusions (20).
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This also limits the portability of decision-making frameworks
based on DA. The decisions and conclusions of a DA may not apply
to a different healthcare setting and cannot be generalized for a
broader range of scenarios (21). They are usually only valid for the
data at hand, and decisions made using the DA can only effectively
apply to the source of the data (in this case, the 4-joint surgical OR).

As DA is rooted in the past, it neither informs us about the
future nor helps us predict how changes in the current variables
will influence the future. This is the domain of predictive
analytics, which gives us a glimpse of the future and helps us
positively influence it by making relevant changes.

This limitation is tied to the DA’s inherent limitation of identifying
what happened (patterns) but not why and how it happened. Since it
doesn’t identify the cause that leads to the apparent effect (pattern/
trend), its effectiveness is limited when it comes to decision-making.
In contrast, ML algorithms like Decision Tree and Linear Regression
that also incorporate DA’s strength (explainability) shed a more
comprehensive light on the past, and the insights they reveal can be
applied to future decision-making (achieving the desired output).

7 Conclusion

The insights generated in our study endorse an important benefit
of descriptive analysis, i.e., identifying high-impact metrics. Various
analyses can help with the identification of the highest-impact
metrics and prevent researchers from assigning more weight to
variables/metrics that may seem more impactful than they are due
to cognitive bias (like staff experience). In conclusion, the insights
can help influence the re-allocation of resources in daily clinical
practice to offset inefficiencies in arthroplasty surgeries.
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Figure 3: Surgeon’s experience did not influence SSR.
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Gender Vs.SSR
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Figure 6: four percent difference in SSR between male and female patients.
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Months Vs. SSR
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Figure 10: The month of May has the highest SSR opposite to the month of August.
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Figure 12: The SSR is higher for surgeries in which the patient was in the room and anesthetized
close to the scheduled time.
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