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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 thesis aims to optimize hospital 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 of 4-surgeries during an 8-hour timeframe. 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 peer-reviewed journal papers, each addressing a specific aspect of
the optimization of surgical efficiency. 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 causes of surgery inefficiencies.

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 postoperative stages. By streamlining the workflow and
minimizing bottlenecks, the proposed frameworks have the potential to significantly optimize surgical
operations.

The third paper outlines a set of actions required to transform a selected predictive 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 surgical outcomes while reducing time.

The fourth paper introduces a benchmarking and monitoring system for the selected 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
real-time monitoring and predictive insights, surgeons can proactively address potential risks and improve
decision-making 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 a high predicted SSR. By leveraging the system's capabilities, hospitals
can maximize their surgical capacity and improve overall patient care.
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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 around five key areas: the Arthroplasty in Canada: Figures
and Facts, the journey from pre-operative to post-operative in arthroplasty, the Literature review, the
adoption of a multidisciplinary approach for our research methodology, and the thesis contributions

section that outlines key innovations of the proposed research.

1.1. Arthroplasty in Canada: Figures and Facts

Arthroplasty, a surgical procedure used to restore joint function [1], is 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
conducted in Ontario alone [2]. Hip and knee replacements are particularly popular because they address
joint issues, which are prevalent among Canadians [3]. In fact, in 2020-2021, 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 procedures (because of the Covid-19 pandemic). However, the average estimated cost for hip

and knee replacement hospitalizations increased by 15.9%, amounting to $12,223[4] [5].

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 five-dimension (EQ-5D) questionnaire
to assess the quality of life of patients awaiting these 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 EQ-5D scale, indicating a state deemed "worse than death" [6]. Fortunately, post-operative
assessments using the EQ-5D questionnaire demonstrated that 88.6% of hip replacement patients and 80.8%
of knee replacement patients reported an increase in general health [7]. These 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 single-payer system, the

administration of healthcare is handled at the provincial level. Each province and territory are responsible
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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 GDP [10]. Most healthcare 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 (CHT) [11]. Private
sector contributions, including private insurance and out-of-pocket payments, cover costs for services not
covered by the public system, such as prescription drugs, eye care, and dentistry. Hospitals, physicians, and

medications consistently account 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 COVID-19 patients. Over the first
22 months of the pandemic, nearly 600,000 fewer surgeries 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
levels [4]. To address the backlog effectively, provinces must surpass pre-pandemic surgery numbers—an
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 replacements [12, 13]. The
percentage of Canadians receiving knee replacement surgery within the recommended waiting time of 182
days has dropped to 50%, compared to the pre-pandemic rate of 70%. For hip replacements, the percentage
within the recommended waiting time decreased to 57%, down from the pre-pandemic 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 411 days for hip
replacements. These prolonged wait times persist despite increased surgical volumes and larger patient
pools factored into the calculations. This underscores the urgent need for solutions aimed at increasing

surgical capacity and reducing waiting times[12—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 challenges, leading 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 for ensuring

timely access to arthroplasty procedures and alleviating patients' suffering.

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

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 ensure that the patient has completed a course of non-surgical
management for their arthritic pain which would include such things as anti-inflammatories and physical
therapy.

After consultation with the orthopedic surgeon and joint replacement surgery has been consented for, the
patient is placed on the surgeon’s wait list that is organized based on time of consenting as well as priority
level based on degree/severity of pain and disability varying from 6 weeks to up to 6-8 months. The surgeon
is allocated several surgery days per month to perform surgeries within the public hospital which ultimately

dictates the wait time for the patient’s surgery.

The surgeon’s office calls the patient and books the surgery approximately 6-8 weeks ahead of time so that
the patient can prepare for surgery and ensure that they are 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 the pre-assessment unit. Many patients have
same day discharge. The patient arrives at the hospital 2 hours ahead of their surgery time in the surgical
day care unit (SDCU). They receive pre-operative pain medications as well as antibiotics. They are then

brought to the operating room (OR) suite to undergo surgery under anesthesia.

After surgery is completed, they are brought to the post anesthesia care unit (PACU) to be monitored for 1-
2hrs i.e., pain under control, alert and oriented, anesthetic medication worn off, patients are then transferred
back to SDCU to be mobilized with physiotherapy and ensure they are comfortable and can transfer
independently back home. Nurses 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 instructions are provided in regard

to self-monitoring for complications as well as when to follow-up 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/qualified to work in
PACU. Nurses in the OR suite require specialized training that takes several months. The anesthesiologist
is randomly assigned to the OR suite a day or 2 ahead of the surgery day and is not necessarily the same
person that assessed the patient in the PACU.

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

The goal for The Ottawa Hospital (TOH) was to achieve the highest possible Surgical Success Rate (SSR),
i.e., completing 4 elective joint replacement surgeries, specifically hip and knee replacements, within a span
of 8 hours and without running into delays. The designated time frame for this endeavor was from 7:30 am
to 3:30 pm. This target was set to avoid incurring overtime costs, which were estimated at $56.84 per

minute, resulting in an annual expense of $570,000 within the Division of Orthopedic Surgery.

While SSR may not be a widely recognized term, it was chosen to be a key performance indicator (KPI) as
it is indicative to the specific problem we are addressing, OR throughput. The 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 that the procedures would take longer than usual. Additionally, we excluded cases where
complications arose three months after arthroplasty to ensure that our selection focused on the fundamental

issue of being unable to complete four simple and predictable arthroplasties on time, i.e. 8-hour window.

In fact, when considering all arthroplasty cases at TOH, the success rate is indeed less than 39%, indicating

that TOH often incurs overtime costs on most days. The primary rationale for opting for a binary output,

namely, the ability to accomplish a day's work within an 8-hour 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, unfortunately, 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 explicitly demonstrated the financial impact of
paying overtime for straightforward cases and illustrated 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
surgical time. 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 advocate for surgeons or other clinicians to work at a faster

pace. Our focus was specifically on the non-surgical aspects of the procedure, particularly those intensified

during the pre- operative and post-operative intervals, as depicted in Figure 1. These non-surgical aspects
pertain to roles unrelated to medical treatment or testing but rather concentrate on processes surrounding
surgical procedures. In contrast, clinical approaches involve well-established roles in the healthcare

industry, such as medical practitioners providing direct patient care.

Certainly, outcomes for patients - beyond safety considerations- such 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
becomes accessible. This kind of data would also contribute to the comprehensive cost-benefit analysis by
aiding in the assessment and estimation of the overall costs associated with achieving a faster SSR from

various perspectives.

Despite various attempts and strategies, such as dedicating a room solely for hip and knee surgeries,
implementing benchmarks for each stage of surgery, and exploring parallel processing by separating

anesthesia activities, TOH has been unable to surpass a current SSR of 39% (i.e., since 2012).

The research aim of my thesis work is to enhance the SSR of arthroplasty surgeries at TOH. This will be
achieved by leveraging supervised machine learning and data-driven solutions to improve the overall
process from preoperative to postoperative phases. Additionally, the research objective is to enhance the
efficiency of the entire healthcare team involved in joint replacement surgeries (i.e. surgeons, nurses, and
anesthesiologists). The focus is on achieving these improvements while maintaining the highest standards
of patient safety and optimizing resource allocation. Below is a brief literature review on the investigation

of machine learning applied in the context of hospital efficiency improvement.



B Non Surgical Approaches |

Surgical Approaches
Preoperative Interoperative Postoperative

*  Patient *  Positioning *  Post anesthesia
preparation *  Prepping and extubating

e Patient draping *  Patient
Scheduling e Tools monitoring

e Surgical team installation *  Turnover
grouping *  The Procedure process

e  Other *  Other ¢ Other

Figure 1: Non-Surgical approaches intensify efforts around the interoperative period

1.4. Literature review

Machine intelligence and operating room efficiency

Existing solutions that facilitate and optimize hospital efficiency are classified as either clinical or non-
clinical approaches. Clinical approaches refer to the most recognized roles in industry. These encompass
medical practitioners who offer direct patient care and typically dedicate numerous years to rigorous
education and specialization in a particular medical field. Conversely, non-clinical approaches refer to roles
that do not involve any form of medical treatment or testing [16]. They can be categorized into three facets:
(1) introduction of new assets to improve hospitals’ efficiency [17]; (ii) leverage of rhetorical data and
descriptive analytics (data driven) to change, evaluate, or rearrange existing assets in a hospital, i.e., no
machine learning involved [18]; and (iii) data driven solutions leveraging machine learning (ML) torniquets
(prescriptive and predictive analytics). When specifically utilizing machine learning as shown in Figure 2,
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 of patient scheduling can be categorized based on the type of patient data utilized for

modeling. Authors in [19] focused on geographical data, such as the distance of patients from the hospital
and the potential impact of traffic on assessing the risk of no-shows or associated delays. They used this

information to schedule patients and allocate operative days accordingly. In contrast, authors in [20]



centered their work around sociodemographic data to extract patient characteristics. The scheduling data
included factors like a patient's history of previous no-shows, the number of past appointments, the lead
time for scheduling appointments, and whether the patient 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. Another type of data found
in the literature related to patient scheduling is time-related metrics that could influence patient decisions
and delays. This category is exemplified in [21], where the authors considered metrics like patient waiting
time, doctor idle time, and overtime. They proposed a system that predicts the likelihood of no-shows and

then schedules appointments based on this risk assessment.

When it comes to surgical team allocation, there has been a substantial amount of work in utilizing machine

learning for Human Resource (HR) allocation in various industrial sectors. However, the application of ML
in healthcare has been relatively limited [22]. 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 diseases [23]. Alternatively,
some initiatives aim to create diverse groups with a wide range of capabilities, as seen in the case study
groups for online education [24]. 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 of high-quality healthcare in settings with
limited resources [25, 26]. Additionally, there have been instances where ML has been employed to allocate
teams and working hours during high-traffic periods, thereby preventing congestion, as demonstrated in
[27].

Much of the workflow time-optimization solutions aim to predict a certain aspect of an operation; this can

be predicting an event before surgery [28], after surgery [4, 29], or even the duration of the surgery itself
[30, 31]. Concerning pre-surgical events, previous work usually attempted to develop a model that could
successfully predict anesthesia preparation time. As for post-surgical events, authors addressed their
hospital’s PACU crowding and predicted each patient’s PACU stay time based on their surgery.
Additionally, other authors built a ML model that predicted the intensive care unit’s occupancy level in
terms of number of beds. Finally, other solutions aim to establish benchmarks that help maximize efficiency

or achieve set goals [31].
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Figure 2: Overview of ML endeavors to optimise operating rooms efficiency.

Towards a Prescriptive 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 supporting decision-
making, specifically by relying on machine-driven capabilities [32-36]. In my thesis, | define PA as the
process of evaluating potential actions based on various outputs from predictive 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 decision-making [37].

The Healthcare industry exemplifies a field that is increasingly driven by data due to the vast and expanding
volume of information from various sources [38]. The most advanced healthcare analytics solutions excel
when decisions require the evaluation of multiple alternatives [39]. Prescriptive analytics offers answers to
guestions such as "what should we do to achieve certain goal" based on insights generated by descriptive,
diagnostic, and predictive analytics. Consequently, prescriptive analytics necessitates knowledge of
potential actions to achieve better results. It employs what-if scenarios and causal relationships to optimize

performance [37].

Throughout my thesis work, | created a generic blueprint for developing a Prescriptive Analytics System
(PAS) [40] that aims to enhance the SSR rates for high-volume arthroplasty procedures. This blueprint will

be introduced in the following sections.



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 (EECS), at University of Ottawa, | have decided to focus on the Systems and Machine Intelligence
theme as shown in Figure 3. Machine Intelligence is an incredibly dynamic and multidisciplinary field that
merges computer science, and cognitive science [41]. It holds immense potential for transformative
applications across various domains of science, industry, and society. Professionals and researchers
working in the field of artificial intelligence (Al) are increasingly recognizing the importance of adopting

a multidisciplinary approach to their work [42].
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Figure 3: Key Research Theme Offered by the EECS at the University of Ottawa.

Within the engineering department at uOttawa, there 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 acuity [43], cost-cutting measures [44], an upsurge in litigation [45], and elevated expectations from

an educated generation of healthcare consumers [46].
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Figure 4: Research axes and multidisciplinary offered by the Engineering Department at 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 ratings and financial outcomes [47].

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

building a cohesive and effective multidisciplinary team becomes crucial [48].

Recent advancements, particularly in the field of healthcare, offer promising prospects for the formation of
multidisciplinary teams. Medical professionals now have access to Al-aided computing, which provides
refined databases for healthcare prevention, treatment, 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 and advantages of Al in
the healthcare setting [48].

In the realm of Systems and Machine Intelligence, which falls under the School of Electrical Engineering
and Computer Science at the University of Ottawa, my thesis revolves around the design, implementation,

and validation of a Prescriptive Analytics System (PAS) based on machine learning. The primary goal is to

enhance the throughput of operating rooms. Specifically, | proposed three frameworks, each integrating

machine learning engines, with distinct types of input and varied output as well. Subsequently, one of these

frameworks was chosen for conversion into a decision support system, complete with a dashboard designed
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to facilitate the utilization of both machine learning and framework outputs. I proceeded to implement this
PAS in a clinical setting and conducted an evaluation of its performance.
The diverse nature of my PAS “a decision support system DSS” required_contributions not only in EECS-

related journals but also in clinical journals. Implementing the PAS in practical healthcare settings
necessitated a collaborative effort to enhance knowledge in the healthcare domain, resulting in an integrated
solution ready for real-life application.

In summary, my thesis work focuses on the healthcare delivery sector, addressing the need for quality
improvement of arthroplasty procedures through the integration of Al within the Division of Orthopedics
Surgery, at TOH. The blueprint for my proposed healthcare delivery Al-transformation is summarized in

Figure 5.
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1.6. Thesis Contributions

Figure 5 depicts the schematic of my proposed Al-driven transformation for Arthroplasty surgeries, while
also highlighting the milestones and research contributions of my thesis. As the thesis format is a “thesis

by articles” one, I now highlight the relevant contributions to their respective publications.

The initial phase of my thesis focused on descriptive analytics (DA). | analyzed structured data to
understand simple relationships, correlations, and trends among arthroplasty surgery metrics. This analysis
led to the publication of my first journal titled "Factors Influencing Delays and Overtime During Surgery:
A Descriptive Analytics for High Volume Arthroplasty Procedures.” The data was categorized into three
groups: time-related metrics, patient-related metrics, and staff-related metrics. DA helped gain insights into
the surgical process and identified standalone metrics that impact surgical delays.

I then proposed three frameworks for each category of data: patient scheduling framework, surgical team
scheduling framework, and workflow/time monitoring framework. These frameworks were presented in
my second journal, "Frameworks for Al-based Surgical Transformation (FAST)" where | compared
various supervised machine learning models within each framework, evaluating their complexity and
implementation aspects. | have 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 both OR throughput and team efficiency during the transformation of our Prescriptive Analytics

System.

As discussed in the literature review, to construct a Prescriptive Analytics System, it 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 performance. Those actions and
rules that can be implemented to achieve better SSR are outlined in my journal "Use of multidisciplinary

positive deviance seminars to improve efficiency in a high-volume arthroplasty practice: a pilot study".

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. This integration should yield practical results,
encompassing both optimistic and pessimistic scenarios, as detailed in my journal titled “Artificial-
Intelligence driven prescriptive model to optimize team efficiency in a high-volume primary arthroplasty
practice”. The article revolved around the process of defining benchmarks standards for individual surgical

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



5000 patient surgeries to make predictions, followed by the automatic generation of a Al-recommended set
of actions aimed at achieving predefined Surgical Success Rates.

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

in real-life scenarios and explained its functionality under different PAS output scenarios.

Finally, the “First Deployment of Artificial Intelligence Recommendations in Orthopedic Surgery” is my
final journal. The article disseminates the first results and knowledge of the PAS on 200+ arthroplasty

surgeries at TOH.
I 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 Al and A2 for 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 arthroplasty surgeries, and how these factors impact the SSR at 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 aimed to extract
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 Cross-Industry Standard Process for Data Mining
(CRISP-DM), commences with a focus on business understanding. In our efforts to comprehend

arthroplasty surgeries, our initial step involved conducting descriptive analytics on 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 stamps, only one level of
combination) of two and three different metrics against SSR in what we termed level-2 and level-3 analyses,
detailed in my descriptive analytics article.

The significance of metrics, their meanings, and the potential influence of each metric on SSR were initially

discussed with field experts, including clinicians, surgeons, and statisticians. The 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 gain according to expert opinions.

However, we refrained from making any changes at this stage until we compared these findings with the

outputs of the machine learning and decision support systems.
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It's worth noting that descriptive analytics has its limitations, 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 consulted, and they indicated that statistical tests were deemed unnecessary or

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

guantifying important metrics, | included some additional, to the ones in the published article, statistical

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

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

2.3. Fundamental research contribution

First published analysis 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, Writing - original draft,
Farid Al Zoubi o . ] N
Validation, Writing — review and editing
Paul Beaulé

Conceptualization, Methodology, Writing — review and editing

Pascal Fallavollita

Conceptualization, Methodology, Funding acquisition, Project

Administration, Resources, Supervision, Writing — review and editing

2.5. The Article

The following article was submitted to the Frontiers in Surgery Journal and is currently under review.
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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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Figure 13: Procedures that started at the allotted time slots had a much higher SSR rate
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Anesthesia Start Time Vs. SSR
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Figure 15: Different patterns are observed for turnover (in minutes) and anesthesia start time.
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Figure 16: Anesthesia preparation and in-room time go up with age.
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Time Segments vs BMI
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Figure 17: Relationship between BMI and time metrics for surgery.

Time Segment vs Sex

1200
109.1
102.5
100.0
uAPT
80.0 = APTinRoom
c uSPT
=
£ 600 Procedure
@
E m SFT
=
400 BART
| CaseTotal
20.0 W Turnover
0.0

Figure 18: Male patient surgeries are on average 5 minutes longer than those for female patients.
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SPT and Procedure vs Surgeon vs SSR
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2 Supplementary Tables
Time Metrics Staff (Team) Metrics Patient Metrics Safety metrics
Ancsthesia Preparation time | Surgcon Campus 90-day Readmissions
Ancsthesia Preparation time
in Room Ancsthesiologist Type of Surgery Rcason for Readmission
Ancsthesia Start time Circulator Nursc 1 Type of Ancsthesia Length of Stay
Time in Room Circulator Nurse 2 Sex
Anesthesia Ready time Age
Anesthesia Stop Time BMI
Anesthesia Finish Time ASA
Surgical Preparation Time
Case Start
Case Finish
Surgery finish time
Turnover
Surgery (Procedurc) Time
Time Out of Room
Case no
Date
Table 1: Metrics and their categories
Pearson Spearman
Metric Correlation With Correlation With
SSR SSR
Age -0.088 -0.092
ASA -0.038 -0.046
Turnover -0.079 -0.069
APT -0.181 -0.195
AFT -0.067 -0.085
APTinRoom -0.094 -0.109
BMI 0.018 0.004
SFT -0.107 -0.124
SPT -0.106 -0.109
Procedure -0.150 -0.197
Sex -0.031 -0.031

Table 2: Correlation of each numerical metric to the SSR
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Chapter 3: Frameworks for Al-based Surgical Transformation (FAST)

3.1. Summary

This journal focuses on categorizing the data from the previous study into three distinct categories: patient-
related metrics, time-related metrics, and staff-related metrics. For each category, a machine-learning-based
framework was developed to predict the SSR. The frameworks are then compared to evaluate their
effectiveness. These frameworks, which are flexible and generalizable, form an integral part of the
predictive analytics component of my thesis work. Their analysis and evaluation contribute to a deeper
understanding of their predictive capabilities and their potential application in optimizing surgical

outcomes.

3.2. Methodology

Solely developing ML models leads to an unhealthy accumulation of technical, cultural, and research debt,
which elevates the Al-framework’s risk profile. Source code is just one of many other elementary building
blocks of an ML solutions. From a lean perspective, value to the customer can only be assessed for the
entire Al-framework. Therefore, we must stop thinking about ML models in isolation and expand our vision
to conceptualize their role as the core of a dynamic, constantly adapting Al-framework.

In this chapter, we propose thorough frameworks that can be transformed into decision support systems.
These frameworks are crafted to be flexible and adaptable, making them suitable for repurposing across a
range of surgeries and healthcare settings, including those markedly different from arthroplasty procedures.
Through a comparative analysis of these frameworks, our aim is to aid various healthcare institutions and
professionals in pinpointing the most fitting framework for their optimization requirements.

However, the central theme of this thesis revolves around enhancing arthroplasty OR throughput

specifically by optimizing team efficiency. In our case, the chosen framework for achieving this

improvement is WTMF, as detailed in the submitted article below. The ML output all the frameworks were
discussed for the sake of comparison and as a suggestion of how can we in the future benefit from the
spared data, i.e. data that was not used to develop the WTMF and the PAS.

Within Appendix B, I've incorporated further details, drawing from both the published article and additional

content not covered in the submitted version. These additions elaborate on the distinctions between the

input and output of both machine learning models and frameworks, providing additional examples, details,

and technical insights to showcase these models and frameworks.
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3.3. Fundamental research contributions

Three framework proposals were introduced, each customized for a specific type of suitable data. The
examination and comparison of the machine learning module's output were specifically concentrated on
each framework. Notably, at this stage, no details were provided about the recommendation system or the
other components for any of the frameworks.

3.4. Author Contributions

Author Contribution to the study
Data curation, Investigation, Methodology, Algorithm design and
Farid Al Zoubi evaluation, Writing - original draft, VValidation, Writing — review
and editing
Paul Beaulé Clinical translation concepts; proof reading
Pascal Fallavollita Al-translation concepts, proof reading

3.5. The Article

The following article was submitted to frontiers in Artificial Intelligence Machines and Public Health.
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Abstract

Purpose: The North American healthcare system is stretched thin. With an aging population, the system is
experiencing a powerful surge in demand. Between 2014 and 2019, arthroplasty surgeries in Canada
experienced a steady increase with 20.1%. We believe that a lack of an efficient approach, long-term
sustainable vision, and misallocation of appropriate resources undermined the initiative’s potential.
Disorganized and suboptimal use of OR time and space alone inflate surgical costs by 30%. An in-depth
understanding of how all the critical factors (i.e., patients, surgical team members, and OR workflows) fit
together can help identify bottlenecks and improve efficiency.

Methods: In this paper, we present three Al-driven prescriptive frameworks that aim to do more than just
forecast the surgical success rate (SSR), a metric directly influencing OR throughput, i.c., completing 4-
arthroplasty in 8-hr window. These frameworks also assist in creating the necessary combination of either
patients, surgical teams, or a set of benchmarks required to attain specific SSR goals.

Results: Three frameworks have been created, each featuring its own Machine Learning model: The Patient
Scheduling Framework (PSF), The Surgical Team Scheduling Framework (STSF), and The Workflow/Time
Monitoring Framework (WTMF). They entail the collaboration of all key stakeholders, including patients’
demographics, surgical professionals, and time management. Furthermore, they encompass all stages of the
surgical process, including pre-operation, intra-operation, and post-operation phases

Conclusion: The choice for the right ML model is governed by far more than just their performance
numbers. Multiple factors, from the difficulty of obtaining relevant inputs to the potency of the optimization
insights they helped generate, were considered. The comprehensive nature of the frameworks is both
flexible and gencralizable and allows them to be repurposed for a wide range of surgeries and healthcare
environments, even the ones that are radically different from arthroplasty procedures.

1 Introduction
The North American healthcare system is stretched thin. With an aging population, the system is
experiencing a powerful surge in demand while delivery is being throttled by regulatory challenges and
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complex budgets. The bundled care payments are only aggravating the problem (“Canadian Institute for
Health Information. (2020) Hip and Knee Replacements in Canada: CJRR Quick Stats, 2018—-2019. Ottawa,
ON,” n.d.). At a 43% productivity level of the healthcare system, the situation is not sustainable (Fairley,
Scheinker, and Brandeau 2019). Between 2014 and 2019, arthroplasty surgeries in Canada experienced
a steady increase with 20.1% (hip replacement) and 22.5% (knee replacement), respectively (Cram et al.
2018). In order to meet the increasing needs of the population and cut down the wait time to target levels,
multiple initiatives were taken. These included dedicated funds (federally regulated) for quality-based
procedures, creating four joint operating room (OR) days to increase the number of surgeries performed,
and overlapping swing rooms (Waly et al. 2020)(Beaulé, Frombach, and Ryu 2015). Despite being a
promising initiative, four joint ORs in our institution exhibited a discouraging 39% Surgical Success Rate
(SSR), the ability to complete 4-joint replacements in 8-hr window; signifying that close to 60% of the four
joint replacement surgery days went into overtime (Richard Gold 2022). We believe that a lack of an
efficient approach, long-term sustainable vision, and misallocation of appropriate resources undermined
the initiative’s potential. Disorganized and suboptimal use of OR time and space alone inflate surgical costs
by 30% (Fairley, Scheinker, and Brandeau 2019). An in-depth understanding of how all the critical factors
(i.e., patients, surgical team members, and OR workflows) fit together can help identify bottlenecks and
improve efficiency.

Existing solutions that facilitate and optimize hospital efficiency are classified as either clinical or non-
clinical approaches. Clinical approaches refer to the most commonly recognized roles in the industry. These
encompass medical practitioners who offer direct patient care and typically dedicate numerous years to
rigorous education and specialization in a particular medical field. Conversely, non-clinical approaches
refer to roles that do not involve any form of medical treatment or testing (Shohreh Majd; Zohreh Majd
2023). They can be categorized into three facets: (i) introduction of new assets to improve hospitals’
efficiency (C. Yeoh 2018); (ii) leverage of rhetorical data and descriptive analytics (data driven) to change,
evaluate, or rearrange existing assets in a hospital, i.e., no machine learning involved (Porta et al. 2013);
and (iii) data driven solutions leveraging machine learning (ML) torniquets (prescriptive and predictive
analytics). When specifically utilizing machine as shown in Figure 1, the efforts to improve efficiency can
be directed towards scheduling patient surgeries, scheduling surgical team/resources, and optimising
surgical workflow time. The remainder of this section presents a literature review concerning these
endeavors.

1.1 Patient scheduling allocation

The work in the field of patient scheduling can be categorized based on the type of patient data utilized
for modeling. Authors in (Eshghali et al. 2023)focused on geographical data, such as the distance of
patients from the hospital and the potential impact of traffic on assessing the risk of no-shows or
associated delays. They used this information to schedule patients and allocate operative days accordingly.
In contrast, authors in (Samorani and Blount 2020) centered their work around sociodemographic data to
extract patient characteristics. The scheduling data included factors like a patient's history of previous no-
shows, the number of past appointments, the lead time for scheduling appointments, and whether the
patient 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. Another type of data found in the literature related to patient scheduling
is time-related metrics that could influence patient decisions and delays. This category is exemplified in
(Salah and Srinivas 2022), where the authors considered metrics like patient waiting time, doctor idle time,
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and overtime. They proposed a system that predicts the likelihood of no-shows and then schedules
appointments based on this risk assessment.

1.2 Surgical team allocation

When it comes to surgical staff allocation, there has been a substantial amount of work in utilizing machine
learning (ML) for Human Resource (HR) allocation in various industrial sectors. However, the application
of ML in healthcare has been relatively limited (Garg et al. 2022). 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
diseases (Myszczynska et al. 2020). Alternatively, some initiatives aim to create diverse groups with a wide
range of capabilities, as seen in the case of study groups for online education (Maina, Oboko, and Waiganjo
2017). 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 of high-quality healthcare in settings with limited resources
(Rudra Kumar, Pathak, and Gunjan 2022; Lazebnik 2023). Additionally, there have been instances where
ML has been employed to allocate teams and working hours during high-traffic periods, thereby
preventing congestion, as demonstrated in (Dehnoei et al. 2022).

1.3 Workflow / Time allocation

Much of the workflow time-optimisation solutions aim to predict a certain aspect of an operation; this can
be predicting an event before surgery (Maheshwari et al. 2017), after surgery (Fairley, Scheinker, and
Brandeau 2019), (Schiele, Koperna, and Brunner 2021), or even the duration of the surgery itself (Bartek
et al. 2019). Concerning pre-surgical events, work usually attempted to develop a model that could
successfully predict anesthesia preparation time. Instead for post-surgical events, authors addressed their
hospital’s post-anesthesia care unit (PACU) crowding and predicting each patient’s PACU stay time based
on their surgery. Alternatively, authors built a ML model that predicted the intensive care unit’s occupancy
level in terms of number of beds. Other solutions aim to establish benchmarks that help maximize
efficiency or achieve set goals (Erekat et al. 2020).

1.4 Contributions

In this paper, we present three Al-driven prescriptive frameworks that aim to do more than just forecast
the SSR, a metric directly influencing OR throughput. These frameworks also assist in creating the
necessary combination of either patients, surgical teams, or a set of benchmarks required to attain specific
SSR goals.

First, we are proposing a new approach to boost OR throughput through patient scheduling by
incorporating demographic patient data, which we believe is the first of its kind. Our scheduling system
recommends which groups of patients should be assigned to each OR to ensure no delays or overtime
hours. Second, we are proposing to optimize the surgical team allocations by identifying which of the
surgeons, nurses, and anesthesiologists are grouped together for a specific surgery to ensure the best
possible OR throughput. Third, in terms of workflow and time allocation, unlike previous literature, we are
considering all phases of surgery, including pre-operation, intra-operation, and post-operation, rather than
focusing on just one phase. Our proposed frameworks rely on machine learning models and have been
validated using data from 4796 patient arthroplasty surgeries.
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Figure 1: Overview of ML endeavors to optimise operating rooms efficiency

2 Al-driven Frameworks & ML Models: Components and Complexity

A ML model is the core of a functional Al product, not the entirety of the package. The model must be
augmented, sustained, and connected with a wide range of functionalities to reach its full potential and
offer value to the customers. Collectively, the model and all its functionalities it relies upon to offer tangible
value are called an Al-driven system. In this paper we refer to it as Al-frameworks (Jordan and Mitchell
2015). One negative trend that has emerged over the years is that the primary focus is the creation of the
ML model to the detriment of all the other aspects of the Al-framework. This phenomenon is referred as
model-centric bias, i.e., perceiving the whole Al-framework from the ML model's perspective (Sculley et
al. 2015). This narrow approach naturally leads to a range of negative consequences for the Al-framework.

Concentrating solely on developing the ML models leads to an unhealthy accumulation of technical,
cultural, and research debt, which elevates the Al-framework's risk profile. Source code is just one of the
two elementary building blocks of an ML model - the other is data (Jain et al. 2020). High-quality training
and testing data are crucial for the success of an ML model and, consequently, the Al product. From a lean
perspective, value to the customer can only be assessed for the entire Al-framework. Therefore, we must
stop thinking about ML models in isolation and expand our vision to conceptualize their role as the core
of a dynamic, constantly adapting Al-framework.

It's crucial to understand that the bulk of an Al-framework's complexity resides outside the model source
code (Sculley et al. 2015). An Al-framework's technical debt is disproportionately high compared to a
typical software since it's a combination of code-related and ML-specific debt. Complexity is not a focal
point of this work but we will shed some light on typical complexity aspects of an Al framework, data
collection and feature extraction, to give an appreciation of the scope of the problem it presents.
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3 Arthroplasty surgeries: from pre-op to post-op

For elective joint replacement surgery, 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 ensure that the patient has completed a course of non surgical management for their arthritic pain
which would include such things as anti-inflammatories, physical therapy. After the orthopedic surgeon in
consultation and joint replacement surgery has been consented for, the patient is placed on the surgeon’s
wait list that is organized based on time of consenting as well as priority level based on degree/severity of
pain and disability varying from 6 weeks to up to 6-8 months.

The surgeon is allocated a number of surgery days per month to perform surgeries within the public
hospital which ultimately dictates the wait time for the patient’s surgery. The surgeon’s office calls patient
and books the surgery approximately 6-8 weeks ahead of time so that the patient can prepare for surgery
and ensure that are 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 the pre-assessment unit. The vast majority of patients are now done as same day
discharge. The patient arrives to the hospital 2hrs ahead of their surgery time in the surgical day care unit
(SDCU). They receive pre-operative pain medications as well as antibiotics. They are then brought to the
OR suite to undergo surgery under anesthesia. After surgery is completed, they are brought to the post
anesthesia care unit (PACU) to be monitored for 1-2hrs i.e., pain under control, alert and oriented,
anesthetic medication have worn off and then transferred back to surgical day care unit in order to be
mobilized with physiotherapy and ensure they are comfortable and can transfer independently. Nurses
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 instructions are provided in regards to self-monitoring for
complications as well as when to follow-up with their surgeon.

In terms of surgical team selection, circulator “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/qualify to work in PACU. Nurses in the OR suite require specialized training that take several
months. Again, a nurse in PACU cannot simply work in the OR suites. The anesthesiologist are randomly
assigned to the OR suite a day or 2 ahead of the surgery day and are not necessarily the same
anesthesiologist that assessed the patient in the PACU.

4 Patient Data Set 4796 arthroplasty surgeries

The data is collected from four joint ORs which is defined as a scheduled eight-hour day (7:30am—-3:30 pm)
where four unilateral joint replacements are performed by the same surgeon (Al Zoubi et al. 2022). A
surgical day going having delays and moving into overtime (i.e. past 3:30pm) negatively affects the SSR.
Shown in Table 1 are the patient-specific surgery demographics and statistics. We used the same data as
in (Al Zoubi et al. 2022) that was collected from the Surgical Information Management System (SIMS) at
our institution where time intervals used are a modified version of those defined by the Association of
Anesthesia Clinical Directors (AACD): anaesthesia preparation time (APT); patient in-room to anaesthesia
ready, surgical preparation time (SPT); anaesthesia ready to procedure start, procedure; procedure start
to procedure finish, anaesthesia 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. The
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proposed Al-driven frameworks required the use of 29 metrics (both quantitative and qualitative) divided
into four categories, as shown in Table 2:

1. Patient metrics: seven patient and condition-specific metrics including the type of surgery, BMI,

age, etc.

2. Staff (Team) metrics: four individuals, including surgeon, anesthesiologist, and two circulator

nurses.

3. Time metrics: fifteen time and identification metrics that include five anesthesia-related metrics,
four surgical time metrics, turnover time, etc. The time metrics can help identify the specific
inefficiencies and bottlenecks.

4. Safety metrics: Three metrics including 90-day readmission and reasons behind readmission. A
readmission tied to the original surgery records were excluded. The three metrics are quality
indicators and are not used as input to our frameworks. They assure that the patient safety is not

compromised.

Surgeons 5 Females 2461
Circulating nurses a4 Males 2335
Anesthesiologists 152 Average age 64.1
Four joint days 1199 Age Range 17-99
Cases 4796 Average BMI 29.93
Total hip arthroplasties (THA) 1461 BMI Range 17.1-51.4
Total knee arthroplasties (TKA) 1496 Average ASA 2.45
Hip resurfacing (HR) 652 ASA Range 1-4
Unicompartmental knee arthroplasties (UKA) 242

Other Procedures (combination) 945

Table 1: Patient-specific surgery demographics and statistics.

Case Start

Case Finish

Surgery finish time

Turnover

Surgery (Procedure) Time

Time Out of Room

Case no

Date

Time Metrics Staff (Team) Metrics Patient Metrics Safety metrics
Anesthesia Preparation time | Surgeon Campus 90-day Readmissions
Anesthesia Start time Anesthesiologist Type of Surgery Reason for Readmission
Time in Room Circulator Nurse 1 Type of Anesthesia | Length of Stay
Anesthesia Ready time Circulator Nurse 2 Sex
Anesthesia Stop Time Age
Anesthesia Finish Time BMI
Surgical Preparation Time ASA
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Table 2: Four categories of data input to the Al-driven frameworks.

5 Methodology

5.1 Frameworks for Al-based Surgical Transformation (FAST)

The comprehensive nature of the frameworks is both flexible and generalizable and allows them to be
repurposed for a wide range of surgeries and healthcare environments, even the ones that are radically
different from arthroplasty procedures. Through a comparison of the decision support frameworks, we
aim to help a wide range of healthcare institutions and professionals determine which framework might
be ideal for their optimization. A summary is shown in Table 3.

Implementation
Complexity

Input

Advant Drawback
vantage rawbacl Feiture

Boost overall team efficiency | Teamwork high dependency
Team self-evaluation Hard 6
Real-time output, can improve on| Cost of building the system
spot
Best efficiency (SSR) Team polarization
Minimal data and input required Team Resistance Hard 4 Categorical
Easy to obtain input Weaker teams stay stagnant
C letely ind dent th -
SIS INOepEncenton.amer Least efficiency (SSR)
systems
g . Easy 5
No impact nor dependency on OR
Depends on the Surgeon only
aspects

Table 3: A comparison of the proposed frameworks

5.1.1 Patient Scheduling Framework

The Patient Scheduling Framework (PSF), Figure 2, focuses on scheduling patients in the most optimal way,
using demographic information, to ensure a high SSR. The framework takes advantage of both quantitative
and qualitative inputs (numerical and categorical), including:

e Surgery type (Total Hip Replacement, Total Knee Replacement, Hip Resurfacing, Unilateral knee
replacement)

e Sex (The average surgery time will depend between male and female patients)(Farid Al Zoubi, Paul
E. Beaulé, and Pascal Fallavollita, n.d.)

e Age of the patient

e BMI (BMI may not have a significant impact on surgery time but influences surgery success rates
and readmissions)(Farid Al Zoubi, Paul E. Beaulé, and Pascal Fallavollita, n.d.)

e ASA patient classification (1 to 4) and anesthesia type. It serves as indicators of a patient's health
status. ASA 1 signifies excellent health with no underlying illnesses, while ASA 4 indicates poor
health with multiple chronic conditions.

The patient scheduling is completely independent of the operation itself and the medical professionals
involved in the surgery, and focuses on arranging surgeries in the most optimal way possible. With proper
model training the PSF can help a healthcare institution achieve two different types of positive outcomes.
The first would be to group patients optimally. For example, if an institution has to divide two patients
over five days of surgery with four patients each day, it can distribute patients that require more time (e.g.
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males with high BMI for a more time-consuming procedure) over the available days instead of grouping
them all together.

The second positive outcome would be to group the most time-consuming patients in one day. Sacrificing
one day may help the surgical team achieve a better weekly success rate. It can be extrapolated for longer
time frames (months, years, etc.), taking the fatigue of the surgical team into account. This framework is
both easy to create and implement as the inputs are readily available. The upcoming section titled
"Explanation of Models/Frameworks Output" elaborates on the outputs generated by this framework,
providing illustrative examples for clarification.

Output
OR1
Top SSR
surgeon 1 M

Patient 1

Patient 2

Patient 3 || Patient 4

OR 2
Surgeon 2

Patient 5 || Patient 6

Patient 7 || Patient 8

ORN
Surgeon N

Low SSR

Patient y

Patient x

Patientz || Patientr

Figure 2: Patient Scheduling Framework. The ML Engine suggests patient gr i with an
ranging from the highest to the lowest probability of success rate (SSR).

5.1.2 Surgical Team Scheduling Framework

The Surgical Team Scheduling Framework (STSF), Figure 3, focuses on identifying and utilizing the best
surgical personnel combination to predict and influence the success rate of surgery. Surgical team
scheduling for clinicians was developed using supervised machine learning models, which is atypical since
segmentation and grouping are typically achieved through unsupervised learning methods, particularly
clustering. For this paper, the success rate was defined as completing four arthroplasty surgeries within
eight hours, but it can be extrapolated for almost all surgical procedures, including the ones that may be
performed without general anesthesia. Inputs of the STSF are qualitative in nature i.e., categorical data.
The three inputs are:

e Surgeons
e Anaesthesiologist
e Circulating nurses (i.e., registered nurses (RN))
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Since the number of surgeons, RNs, and anaesthesiologists is usually pre-defined, the STSF requires
minimal data and input. There is a limited pool of available variables to choose from, and it becomes even
more constrained with explicit conditions like specific surgeons working on specific days or pre-defined
assignments for RNs. The framework will strive to predict the highest degree of success by rearranging the
available variables/personnel into different groups. The framework is naturally the most efficient because
by combining the most efficient and compatible individuals in one group, you can naturally achieve better
efficiency and productivity while forestalling problems that result in delays.

Team 1 Top SSR
Surgeon 1
Input Anesthesiologist 1
Al Module First Circulator 1

Second Circulator 1

List of Team 2
Surgeons puiEcon 2
Anesthesiologist 2
First Circulator 2
. - Second Circulator 2
List of
Anesthesiologists Team 3
Surgeon 3
Anesthesiologist 3
. First Circulator 3
.L'St of Second Circulator 3
Circulators
e Team N Low SSR
Surgeon N
Anesthesiologist N
Figure 3: ical Team Scheduling Fi k. The Al duler iles inputs with patient-related factors and surgical

team members then runs the ML engine to suggest the best team combinations.

5.1.3  Workflow/Time Monitoring Framework

The Workflow /Time Monitoring Framework (WTMF), Figure 4, aims to improve efficiency and help
achieve a higher success rate by monitoring and optimizing the time taken by each step of a well-defined
healthcare process/procedure. The arthroplasty procedures we compiled data on had the following
workflow steps as shown in Figure 5:

Surgical Preparation Time (SPT)

Anesthesia ready

Surgical procedure duration (Procedure start time stamp to Procedure finish time stamp)
Anesthesia finish time (AFT)

Procedure finish to patient out of room time (OR specific time variables like cleanup,
communication, post-surgery reflections, etc.)

O e DR
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6. Overall turnover time (It’s governed by both internal and external factors, like delays in preparing
the next patient for surgery that takes place outside the OR).

The output would be the time-benchmarks mapped to the probability of the successful completion of four
surgeries in the given time for each set of benchmarks as explained in the “Models/Frameworks Output
Explanation” section of the paper.

These six time-specific numerical inputs are logged by a circulating nurse in the SIMS of the hospital, which
pre-emptively removes part of the bias associated with obtaining these variables (i.e. objective observer).
These inputs are also what makes this framework procedure agnostic, as virtually every surgical procedure
can be divided into multiple time-bound steps to identify the outliers.

Surgical Information -

Management Monitoring System
Systems (SIMS)

Machine Learning
Engine \ Evaluation and
: assessment System

Figure 4: Workflow / Time Monitoring Framework. The ML engine/model leverages the timestamps to assist in the
development of an efficient monitoring system that relies on efficiency/optimization benct ks and an evaluation and
assessment system.

Patient Patient " Patient
Anesthesi /Anesthesia - Patient |Anesthesi - Patient |Anesthesia| Patient
730m | Gart vime|  EMeS | paagy ExitsOR | Finished |startTime| EMETS |"goaqy | Casestart (Case Finish| gipoc o | Finished [startTime| EMErS [Tgaagy |Casestart Exits OR

Figure 5: Surgical workflow steps for the first three surgical cases of a four joint surgery day. The fourth surgical case would
have to end by 3:30pm for the day to be considered a success.

5.2 The ML-Models
We conduct a comparative analysis of the performance of supervised machine learning models employed
in each framework. The evaluation metrics used for comparison encompass 6-fold Cross Validation (CV)
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Accuracy, AUC-ROC, Sensitivity (Recall), Specificity, Precision, and we also assess the presence of
Overfitting.

5.2.1 Why These Models.
We chose six machine learning algorithms to compare data collected for each of the three frameworks.
The algorithms are:

e LR (Logistic Regression) (Nusinovici et al. 2020)

e SVM (Support Vector Machine) (Noble 2006)

e RF (Random Forest) (Biau and Scornet 2016)

e DNN-ANN (Deep Neural Network-Artificial Neural Networks with multiple hidden layer)
(Montavon, Samek, and Mdller 2018)

® XGBoost (Extreme Gradient Boosting: Gradient-Boosted Decision Tree (GBDT)) (Chen and He 2014)

e DT (Decision Tree) (Huang and Yeh 2006)

The rationale behind choosing six different models was to conduct a comprehensive ML analysis from
various perspectives to identify the best framework and model outputs.

Parametric vs. Non-Parametric Models: We chose both parametric (like LR) and non-parametric models
like (SVM and DT) to see how they would perform on our dataset. Even though the data is well-defined
and categorized (better-suited for parametric models), the less-restrictive and flexible non-parametric
models may identify patterns and connections eluded by parametric models (Clarke, Duda, and Hart 1974).

Ensemble Learning: Using six different models and covering ensembling techniques like bagging (via
Random Forest), boosting (via XGBoost), and to an extent, stacking helped us achieve desired ensemble
learning outcome, i.e., improving average performance prediction.

Interpretable Models: We also chose models like Decision Trees and Logistic Regression with a high degree
of human comprehension. These allowed us to identify the most influencing metrics and data sources.
Interoperability is also easier to refine and relatively easily understood by domain experts and not just
data scientists. The WTMF can identify time-benchmarks as baseline for every stage of the surgery. When
PSF predicts an unsuccessful day due to specific patients in a specific OR, surgeon don’t have to reschedule
all four surgeries but simply reroute a patient or patients that do not meet a specific demograhic criteria
(Clarke, Duda, and Hart 1974).

Deep Learning: In order to cover all bases, we also used a Deep Neural Network (DNN-ANN) on our
structured data.

5.2.2 Why These Evaluation Metrics
We chose six metrics to cover different ML performance evaluation aspects.

e AUC-ROC: is our measure of a model's performance from a classification perspective, and it
evaluates performance for all possible classification thresholds.

e Cross Validation (CV): We ran multiple cross-validation iterations (6 folds) on the data subsets to
generate valid CV accuracy numbers, and it serves as the primary measure of the overall
performance of a model

e Sensitivity and specificity, for per-class performance. Sensitivity or recall is how well (how
frequently) a model recognizes true positives “successful days” out of total instances. While
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specificity is a ML model’s ability to identify a true negative “unsuccessful day” and is often used
in conjunction with sensitivity to evaluate how accurate a model is.

e Precision shows the classifier’s performance for class imbalanced data. Precision allows us to
evaluate the quality of a ML model’s positive predictions, successful days. From an (OR)
perspective, this means that when a model predicts a day to be successful, precision is assessing
how frequently the model's predictions align with the actual successful days.

e Overfitting: We measured the difference between training and testing accuracies as an indicator
of the future error when the model undergoes a new dataset. If the model is overfitted, it may
have trouble generalizing and adapting to the new data, which may result in inaccurate
classifications and predictions.

6 Model Comparison and Results

This section is structured into six segments. In the initial three segments, we conduct individual model
comparisons for each framework. The fourth segment comprises general observations and a comparison
of models across all frameworks. The fifth segment is a discussion of the Al frameworks from the viewpoint
of the models themselves. Lastly, we delve into explaining the outputs generated by the models and the
frameworks. We provide examples of the expected outputs for each framework and offer guidance on
how to interpret them based on the available data. Additionally, we illustrate how altering a specific metric
value can influence the SSR, in other words, the OR throughput.

The parameters utilized for tuning the ML models can be found in Table 4 along with their corresponding
values listed in the Appendix. Additionally, Table 8 presents the outcomes of each individual ML model
and provides results when comparing models against one another.

LR penalty, class_weight, solver
SVMm C, kernel, gamma, degree
n_estimators, max_depth,
RF min_samples_split,
min_samples_leaf
hidden_units,
DNN-ANN -

estimator,max_epochs

XGBoost | loss, n_estimators, criterion

criterion, splitter, max_depth,
min_samples_split,
min_samples_leaf

DT

Table 4: Parameters used to tune the ML Models. The values for each parameter were obtained using a Grid Search process

6.1 Patient Scheduling Models
For patient scheduling, the CV accuracy ranged between 67% (highest) and 57% (lowest), with a standard
deviation of 0.04 (4%). LR had the highest accuracy, while SVM ranked lowest. This means we can predict
successful days 67% + 4% of the time.
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DT was identified as the ideal ML model for patient scheduling for the following reasons:
Second highest CV accuracy score, just one percent below the best score
It’s one of the two least over-fitted models for this solution. The other one was DNN-ANN, but it
had a significantly lower precision, CV accuracy, and AUC-ROC score.
® It's one of the two most precise models. The other one was RF, but it was more overfitted and
less accurate than DT.
o Highest specificity.

Despite the highest CV accuracy score, LR wasn’t chosen as the best ML model fit for this solution because
of a high overfitting and lower precision score. The chosen model's high sensitivity and high specificity
scores indicate that it will offer very few false positives.

6.2 Surgical Team Scheduling Models

The CV accuracy range for the six ML models is from 59% (lowest) to 85% (highest), and the standard
deviation of 0.1 (10%) is significantly higher compared to the previous framework. For surgical team
scheduling, the DT model had the highest CV accuracy, while LR scored the lowest. With 85% success rate,
we can confidently predict days that are going to be successful accurately.

However, the ideal ML model fit for this solution was the one with the second highest CV accuracy score,
i.e., XGBoost. The other reasons why it was identified as the best fit are as follows:

Third-least overfitted model and far closer to the lowest range than the highest one.
Precision is close to the most precise ML model (DT).

Sensitivity among the top 3 models and average specificity.

Second-highest AUC-ROC score.

The model with the highest accuracy (DT) was one of the two most poorly fitted ones though still not as
overfitted as DNN-ANN. XGBoost is a well-rounded fit. It's quite precise, very accurate compared, and
modestly sensitive. For this solution, the choice was really among four models, i.e., DT, XGBoost, RF, and
SVM, as the other two negative outliers with poor scores for almost all metrics.

6.3 Workflow /Time Monitoring Models
For workflow / time monitoring, the CV Accuracy, which we have taken as the primary measure of the
performance of an ML model, ranged between 68% (lowest) and 76% (highest). The standard deviation
of 0.03 (3%) is relatively minimal. This implies that 76% + 3% of the time we can predict successful days
given the Time-Metrics as input for our model.
However, the ideal ML model for Time Monitoring data is not LR, with the highest CV accuracy level. The
best ML model for Time Monitoring is Random Forest for the following reasons:

® Least overfitted model.

® CV accuracy is exactly in the middle of the range.

® Highest precision.

LR had the highest CV accuracy score, but it was also the most overfitted model out of the six examined.
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SVM was second in line from the CV accuracy perspective, but it was the least precise of all models.

Thus, LR proved to be the most well-rounded pick as the top ML model for this solution, even though its
sensitivity and specificity scores were among the lowest. This indicates that the model might not flag as
many true positives and negatives as other models, but the ones it picks are likely to be accurate four out
of five times. Thanks to low overfitting, it's also expected to be more flexible and adaptable to new data.

6.4 Additional observations

An interesting observation regarding the data type for each solution and its impact on the CV accuracy of
the model was that Logistic Regression is most accurate with numerical data and least accurate with
categorical data inputs. On the other end of the spectrum, Decision Trees are least accurate with
numerical data and most accurate with categorical data. The fact that its CV accuracy score is highest for
mixed data (numerical and categorical) and DT’s accuracy is second highest for mixed data endorses this
conclusion. SVM has the lowest accuracy score for mixed data. There are several other patterns and trends
that were observed when we evaluated different ML models for each framework. Some of the most
significant ones are highlighted below.

Overfitting
If we evaluate different models from an overfitting perspective, the following trends emerge:

e LR is most likely to overfit with purely numerical data sets. The degree of overfitting is minimal
with purely categorical data sets and averages for data sets that include both numerical and
categorical inputs.

e DT is prone to a high degree of overfitting when data is either purely numerical or categorical.
However, it doesn't overfit at all when the data is mixed.

e XGBoost is most likely to overfit with mixed type of data. The probability of overfitting with
numerical data might be 50/50, while it's least likely to overfit with categorical data. The
overfitting is also directly proportional to model complexity.

e RFis more likely to overfit with purely categorical data compared to purely numerical and mixed
data.

e SVM is more likely to overfit when there is not enough data, or there is a high degree of
misclassification. From our observation, it was more likely to be numerical data than categorical
data.

e Overfitting in DNN-ANN was uncharacteristically high when dealing with purely categorical data
and least likely to overfit with mixed data. Its overfitting tendencies can be connected to model
complexity but showed the opposite relationship to XGBoost when it comes to data types and
model complexity.

As for the solutions, it was observed that ML models trained on patient scheduling data (mixed between

numerical and categorical) are least likely to overfit. In contrast, models trained on surgical team
scheduling are most likely to overfit and to a much higher degree in comparison. The probability of
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overfitting for models trained in workflow/time monitoring data is closer to models trained on patient
scheduling and showed a similar standard deviation.

Precision: A higher degree of precision is sought after in ML models because it’s more important to have
accurate predictions (successful days in our case) than more predictions (both successful and
unsuccessful). Accurate predictions augment the reliability of an ML model and can be used for decision-
making with more certainty.

DNN-ANN: Despite the level of complexity and sophistication it offers, the DNN-ANN model adds no value
to our comparison and has relatively low scores for all metrics in all three solutions.

6.5 Al-Frameworks from the ML models’ perspective

Patient Scheduling: It's the least accurate model, but it's also the most flexible to new data as ML models
trained in patient scheduling data are least likely to overfit. Its sensitivity is low across the board. However,
its precision numbers are similar for all ML models.

Surgical Team Scheduling: This framework shows bias against two ML models - LR and DNN-ANN, for
which the numbers are disproportionately poor. But even if we identify trends in the remaining four
models, surgical team scheduling is most prone to overfitting, especially if you choose the wrong model.
However, it also offers the most accurate results. It also has the best AUC-ROC, Sensitivity, Specificity, and
Precision numbers, if you discount DNN-ANN and LR from consideration.

Workflow/Time Monitoring: Medium accuracy and a relatively low chance of retrofitting compared to
the other two frameworks. Considering its low CV accuracy standard deviation, it's the most robust of the
three models. Classification problems and sensitivity might be similar across all ML models trained on the
numerical time modeling data.

6.6 FAST Output Explanation

Only a limited number of supervised machine learning models offer explainability (Belle and Papantonis
2021). We have opted for the decision tree model to illuminate the outputs of the models within each
framework below. It is crucial to emphasize that the decision tree (DT) may not necessarily be the best-
performing model for each framework. Our choice of the DT model is solely for the purpose of illustration
and to enhance comprehension of the inter-relationships among various elements. It's worth noting that,
for the sake of clarity, we have not included all potential metrics for each model in our examples below.
Instead, we have chosen specific metrics. Otherwise, the number of scenarios and model output
combinations is nearly limitless, leading to various possible SSR outcomes.

Before we examine the scenarios ahead, it's crucial to make a clear distinction between the outputs
generated by the models and those produced by the framework. The model's output comprises
predictions regarding the likelihood of a day being successful (i.e., completing four surgeries before 3:30
pm). On the other hand, the framework's output consists of patient groups, surgical teams, or
workflow/time benchmarks necessary to attain specific SSR goals during a surgical day.
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Patient Scheduling Scenarios

The concept behind the patient scheduler is to arrange patients into groups of four based on their
demographics in a manner that maximizes the Surgical Success Rate (SSR) to the greatest extent possible.
Table 5 presents multiple scenarios depicting the impact on SSR when modifying a single patient metric at
a time. For instance, Scenario 1 illustrates that scheduling four healthy women with ASA scores of 1 or 2,
who are also young (aged less than 42), for hip arthroplasty procedures in a single day, increases the
likelihood of completing the fourth surgery before 3:30 pm, thereby avoiding overtime pay, with a high
probability of 91%. Conversely, when considering group patients with similar characteristics but in poorer
health (ASA 3 and 4)., the SSR remains astonishingly high at 86%

Likewise, in scenarios 3 and 4, an increase in patient age resulted in only a marginal 3% reduction in SSR.
The same trend holds true for anesthesia type in scenarios 5 and 6. What is noteworthy here is that a
higher proportion of males in an operating room is associated with a lower SSR. When we compare
scenarios 1 and 6, it becomes evident that by substituting four females with four males who share similar
patient characteristics and undergo the same procedure, we are significantly compromising our OR
throughput, with a nearly 40% decrease. This indicates to OR administrators that scheduling more than
half of the patients as males in a single day may not be advisable. Similarly, the scheduler should have the
capability to provide suggestions regarding the maximum allowable combined age or BMI sum for the
patient group to be scheduled in a single day. In cases where such a grouping is necessary, it may be
advisable to consider selecting all females or patients undergoing specific procedures. Authors in (Farid Al
Zoubi, Paul E. Beaulé, and Pascal Fallavollita, n.d.) provides insights into the patient-related factors that
contribute to delays in arthroplasty surgeries. These insights can aid in comprehending the reasoning
behind certain scheduling strategies employed by this framework.

Scenario Surgery Anesthesia Gender Age ASA SSR
1 HR, THA Spinal 4F <42 1,2 91%
2 HR, THA Spinal 4F <42 3,4 86%
3 UKA Spinal 3F, 1M <57 Any 67%
a UKA Spinal 2F,2M 58-70 Any 64%
5 THA Spinal 4am 42-53 1,2 58%
6 THA General am 42-53 1,2 54%

Table 5: SSR for different patient scheduling scenarios

Surgical Team Scheduling Scenarios

Surgical team scheduling primarily centers around organizing the operational team, which comprises
circulators, surgeons, and anesthesiologists. Scenario 4 presented in Table 6 below illustrates that there is
an inevitability of incurring overtime costs on days when a particular team, consisting of Surgeon D,
Circulator CC, and Anesthesiologist V, is assigned to work together. However, the model indicates that if
Anesthesiologist V is substituted with Anesthesiologist L, the SSR increases significantly to 92%. In contrast,
scenarios 1 and 2 do not exhibit the same pattern, as replacing the anesthesiologist in those cases leads
to only a 5% alteration in the SSR. Indeed, this demonstrates the significant impact that a single team
member can have on the overall efficiency of the team. The team scheduler's role is to analyze the team's
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data and provide recommendations for creating the most productive group to operative on a specific
patient.

Scenario Surgeon Circulator 1 | Anesthesiologist SSR
1 D cc L 92%
2 D cc P 87%
3 D GG \ 65%
4 D cc \ 0%

Table 6: SSR for different team scheduling scenarios

Workflow /Time Monitoring Scenarios

The output from the workflow/time monitoring framework exhibits some differences from the preceding
two frameworks. In this framework, data input is expected to flow in a cascading manner, with the output
of one stage influencing the subsequent one (Figure 5). The machine learning model must continually
adapt the SSR during the course of the operational time, operating under the assumption that forthcoming
stages have predefined baseline values (Al Zoubi et al. 2022). This is why it's referred to as monitoring, as
the surgeon or the OR administrator is expected to closely observe the time and react accordingly. Table
7 presented below demonstrates that when the turnover process between two consecutive surgeries
exceeds 21.5 minutes, it can lead to a significant decrease in the SSR, from 69% to 59%, as in scenarios 3
and 4. However, this is not the situation when a comparable delay of 11 minutes occurs within the surgery
itself, during the surgical procedure, scenarios 1 and 2. In simple terms, a one-minute delay in one stage
of the surgery can have a vastly different impact on the SSR than in another stage. This complexity makes
it challenging for a human to assess the significance of a minute at a specific point in the surgery without
relying on the framework. As an additional motivation of implementing this framework, in our previous
work (Farid Al Zoubi 2023) described the method of utilizing time saved from similar surgeries to
accommodate additional procedures in a day, thereby reducing the arthroplasty waitlist.

Scenario APT Case AFT Turnover SSR
1 <10.5 53 <20.5 <21.5 93%
2 <10.5 64 <20.5 <21.5 89%
3 <10.5 <715 <20.5 <21.5 59%
4 <10.5 <715 <20.5 >21.5 69%
5 10.5-18.5 <715 <20.5 <21.5 64%

Table 7: SSR for different stages-benchmarks Time monitoring scenarios

Patient Scheduling (Numerical and Categorical)

Model CV Accuracy AUC-ROC Sensitivity Specificity | Precision | Overfitting
LR 67% 63% 19% 86% 57% 3%
DT 66% 65% 50% 97% 64% 1%
XGBoost 65% 92% 37% 71% 53% 5%
RF 62% 58% 36% 72% 64% 3%
DNN-ANN 62% 58% 17% 86% 56% 1%
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SVM 57% 53% 9% 88% 60% 4%
;’;av'i‘:t?;: 0.04 0.14 0.14 0.10 0.04 0.02
Surgical team Scheduling (Categorical)
Model CV Accuracy AUC-ROC Sensitivity Specificity | Precision Overfitting
DT 85% 93% 86% 80% 82% 11%
XGBoost 80% 92% 83% 79% 79% 3%
RF 74% 92% 85% 79% 81% 6%
SVM 71% 88% 82% 81% 80% 1%
DNN-ANN 62% 50% 49% 68% 59% 20%
LR 59% 54% 0% 100% 31% 2%
gt 0.10 0.20 034 0.10 0.20 0.07
Deviation
Workflow /Time Monitoring (Numerical)
Model CV Accuracy AUC-ROC Sensitivity (Recall) Specificity | Precision Overfitting
LR 76% 74% 74% 84% 62% 8%
SVM 75% 81% 74% 77% 27% 6%
RF 72% 72% 66% 59% 80% 1%
DNN-ANN 70% 74% 73% 59% 64% 4%
XGBoost 70% 76% 72% 61% 60% 4%
DT 68% 67% 74% 55% 53% 5%
Star'1da'rd 0.03 0.04 0.03 0.12 0.17 0.02
Deviation

Table 8: Models and their performance compared. The best ML model for each framework has its row highlighted in green

7 Discussion
Instead of adding resources (human, financial, technical, etc.) to improve OR efficiency and complete
more surgeries on time, we proposed FAST; based on data-driven solutions to efficiently use the available
resources. This required us to leverage data, artificial intelligence, and multiple machine learning models
to modify/improve our processes and healthcare delivery practices to achieve a better success rate.
Quality of patient care and patient safety remained our top priority throughout our pursuit of OR
optimization solutions that could be repurposed for other surgical procedures and other elements of
healthcare delivery. The goal was to develop good practices that can be adopted by a diverse range of
surgical teams and healthcare facilities.
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This work goes beyond the predictive analytics, even though the frameworks we have developed focus
on predictions. FAST are precursors to comprehensive prescriptive frameworks, which can evolve with
the right additions and development. Unlike frameworks based on only on predictive analytics,
prescriptive frameworks don't just identify past patterns. Instead, they leverage past data to make
actionable predictions that can be implemented to better control or improve future outcomes. To our
knowledge, this work presents a first when conceiving Al-driven frameworks to improve efficiency and
productivity that take into consideration the following:

s They entail the collaboration of all key stakeholders, including patients’ demographics,
surgical professionals, and time management.

2. Encompass all stages of the surgical process, including pre-operation, intra-operation, and
post-operation phases

3. They are stand-alone solutions that can be implemented individually or in various

combinations.

4. They leverage ML models with diverse data input streams, making the complete set suitable
for a wide range of healthcare institutions. This allows institutions to choose the framework
that aligns best with their available data.

5. The Al-driven frameworks proposed in this study were developed and validated using
orthopedic patient-specific data.
6. These adaptable frameworks can also be applied to other areas of application.

We identified WTMF to be the farmwork with the most potential to significantly impact the surgical
success rate (SSR) of different surgeries because optimizing even a single step in a surgical procedure for
efficiency can directly impact the result, i.e.,, completion time. Similarly, even small adjustments in
individual steps can lead to substantial collective time reduction, leading to a high success rate, and a
shorter arthroplasty waitlist (Farid Al Zoubi 2023). Using this framework and integrating simple
recommendations from positive outliers, i.e., most time-efficient professionals, our clinical institution
managed to improve the arthroplasty surgical success rate from 39% to 72% (output) (Al Zoubi et al. 2022).
However, the opposite is just as true. A significant delay, whether caused by one team member or multiple
individuals, can prevent the timely completion of healthcare procedures within the given time frame. It
requires the whole team to work efficiently, which, in turn, requires better communication protocols,
compatibility, aligning work styles, etc. The cost of building and applying such a framework can be
significantly high. In conclusion, despite its complexity, cost, delicacy, and implementation requirements,
the WTMF may significantly and immediately impact overall team efficiency. In our previous work (Al
Zoubi et al. 2022), we have worked on improving this framework and transforming it into a prescriptive
ML framework utilizing the Positive Deviance technique.

Once we have accumulated statistically significant data, we can expand out of just one framework and
combine multiple solutions to develop one comprehensive perspective framework that can incorporate
the strengths of all individual solutions. Such a framework may help surgical teams schedule patients,
identify optimal teams/healthcare professional combinations, and offer time monitoring/optimization
insights to significantly increase the probability of all surgeries being completed on time for any given day.
This will ultimately lead to a higher OR throughput.
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8 Challenges and Limitations

One of the most significant challenges in implementing these solutions is their multidisciplinary
requirements. This starts with the healthcare itself, where overlap among different professionals
(surgeons, nurses, and anesthesiologists) is relatively minimal. While professionals from the three
different healthcare disciplines routinely interact with each other during procedures, there are inherent
professional boundaries that may prevent a seamless adoption of a solution involving all three. For
example, some nursing unions won’t allow their nurses to begin work prior to &:30am in the morning,
which would inherently add preparation time to an already busy surgical day. Then there is the
engineering layer connected to the development and deployment of these frameworks. Engineers may
perceive the inefficiencies and possible solutions from an entirely different perspective than healthcare
professionals. Business owners have unique considerations and reservations compared to engineers and
healthcare professionals, ranging from financial to human resource management. The conflicts of interest
of these three healthcare stakeholders may slow down or impede the adoption and deployment of these
frameworks in a healthcare institution. Getting them on the same page regarding one or multiple
framework(s) for OR optimization will be a major challenge.

A major limitation inherent to this body of work is the inherent margin of error associated with uncertainty
and ambiguity. Both epistemic and aleatoric uncertainty (dimensions) is worth considering. Epistemic
uncertainty is common in ML models with limited, incomplete, or inappropriate training data. This
uncertainty can be partially eliminated by improving the training data available. In contrast, aleatoric
uncertainty is tied to measurement errors and randomness that can't be explained away. You can quantify
and account for it, but it's difficult to reduce, let alone eliminate, even with the introduction of more data.
Then there is the inherent ambiguity of the frameworks. There is always a possibility that a different
framework or the existing framework with certain variations may lead to a better interpretation of
available data to produce more potent, actionable, efficient, or less resource-intensive solutions.
Nonetheless, we believe that the research community can expand on FAST to best suit their needs.

Some frameworks also have certain drawbacks. The surgical team scheduling framework, for instance, can
lead to team polarization. It will create two extremes, i.e., the strongest and the weakest members of the
staff, which may lead to further division. The best groups will be becoming stronger together, while the
weaker ones may not get adequate chances to learn from the best, which they would have gotten from
random or deliberate team assignments. It may also lead to team resistance when surgeons and their
preferred teams are disassembled and reassembled. The patient scheduling framework has drawbacks of
its own, starting with the assigned surgeon. If the surgeon that must perform a surgery is not available for
the day when the patient should optimally be scheduled (per the framework), it's a constraint. Working
around this constraint may significantly reduce the efficiency of the framework. Moreover, the framework
showed the lowest success rate amongst other frameworks indicating that patient metrics are not crucial
to the success rate when it is compared with the operating staff.

9 Conclusion

When it comes to making arthroplasty surgeries more efficient, Al-driven frameworks, using the right ML
models, can reconcile a wide range of time, individual (surgeons, patients, etc.), and scheduling variables
to identify patterns and test them against a diverse range of benchmarks to predict and improve the
surgical success rate SSR. The insights they generate can be applied to different phases of the surgical
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procedures (from pre-op to post-op), which collectively increase the possibility of on-time completions
and higher operating rooms throughput at lower cost.

Different ML algorithms were applied to the available arthroplasty dataset, and their performance was
evaluated based on metrics like accuracy, sensitivity, and overfitting. However, the choice for the right ML
model was governed by far more than just their performance numbers. Multiple factors, from the difficulty
of obtaining relevant inputs to the potency of the optimization insights they helped generate, were
considered. This rational choice of ML models was one of the core contributors to the successful
development of three comprehensive decision-support Al-frameworks capable of improving surgical
workflow processes. FAST can react to real-time changes in variables and offering insights, which, if applied
to the subsequent surgical stages, may still lead to the successful completion of surgeries on time. Even
though the frameworks were developed using data obtained from our clinical institution, they can be
leveraged to improve OR efficiency and increase OR throughput for a variety of surgical procedures.

10 References
Bartek, Matthew A., Rajeev C. Saxena, Stuart Solomon, Christine T. Fong, Lakshmana D. Behara,
Ravitheja Venigandla, Kalyani Velagapudi, John D. Lang, and Bala G. Nair. 2019. “Improving
Operating Room Efficiency: Machine Learning Approach to Predict Case-Time Duration.”
Journal of the American College of Surgeons 229 (4): 346-354e3.
https://doi.org/10.1016/j.jamcollsurg.2019.05.029.

Beaulé, Paule E., Aaron A. Frombach, and Jae-Jin Ryu. 2015. “Working toward Benchmarks in
Orthopedic OR Efficiency for Joint Replacement Surgery in an Academic Centre.” Canadian
Journal of Surgery 58 (6): 408-13. https://doi.org/10.1503/cjs.001215.

Belle, Vaishak, and loannis Papantonis. 2021. “Principles and Practice of Explainable Machine
Learning.” Frontiers in Big Data. https://doi.org/10.3389/fdata.2021.688969.

Biau, Gérard, and Erwan Scornet. 2016. “A Random Forest Guided Tour.” Test 25 (2).
https://doi.org/10.1007/s11749-016-0481-7.

C. Yeoh, J. Mascarenhas, K.S. Tan, and L. Tollinche. 2018. “Real-Time Locating Systems and the
Effects on Efficiency of Anesthesiologists .” Journal of Clinical Anesthesia and Pain
Management 2, no. 1.

“Canadian Institute for Health Information. (2020) Hip and Knee Replacements in Canada: CIRR
Quick Stats, 2018-2019. Ottawa, ON.” n.d.

Chen, Tianqi, and Tong He. 2014. “Xgboost: Extreme Gradient Boosting.” R Lecture, no. 2016.

Clarke, M. R. B., Richard O. Duda, and Peter E. Hart. 1974. “Pattern Classification and Scene
Analysis.” Journal of the Royal Statistical Society. Series A (General) 137 (3).
https://doi.org/10.2307/2344977.

Cram, Peter, Bruce E. Landon, John Matelski, Vicki Ling, Therese A. Stukel, J. Michael Paterson,
Rajiv Gandhi, Gillian A. Hawker, and Bheeshma Ravi. 2018. “Utilization and Short-Term
Outcomes of Primary Total Hip and Knee Arthroplasty in the United States and Canada.”
Arthritis & Rheumatology 70 (4): 547-54. https://doi.org/10.1002/art.40407.

63



Dehnoei, Sajjad, Antoine Sauré, Onur Ozturk, William Gardner, Kathleen Pajer, Roxanna Sheppard,
and Jonathan Patrick. 2022. “A Stochastic Optimization Approach for Staff Scheduling
Decisions at Inpatient Units.” International Transactions in Operational Research.
https://doi.org/10.1111/itor.13226.

Erekat, Asala, Gregory Servis, Sreenath Chalil Madathil, and Mohammad T. Khasawneh. 2020.
“Efficient Operating Room Planning Using an Ensemble Learning Approach to Predict
Surgery Cancellations.” IISE Transactions on Healthcare Systems Engineering 10 (1): 18-32.
https://doi.org/10.1080/24725579.2019.1641576.

Eshghali, Masoud, Devika Kannan, Navid Salmanzadeh-Meydani, and Amir Mohammad Esmaieeli
Sikaroudi. 2023. “Machine Learning Based Integrated Scheduling and Rescheduling for
Elective and Emergency Patients in the Operating Theatre.” Annals of Operations Research.
https://doi.org/10.1007/s10479-023-05168-x.

Fairley, Michael, David Scheinker, and Margaret L. Brandeau. 2019. “Improving the Efficiency of
the Operating Room Environment with an Optimization and Machine Learning Model.”
Health Care Management Science 22 (4): 756—67. https://doi.org/10.1007/s10729-018-
9457-3.

Farid Al Zoubi, Pascal Fallavollita Georges Khalaf, Paul E. Beaulé. 2023. “Leveraging Machine
Learning and Prescriptive Analytics to Improve Operating Room Throughput.” Frontiers in
Digital Health 5.

Farid Al Zoubi, Paul E. Beaulé, and Pascal Fallavollita. n.d. “Factors Influencing Delays and
Overtime During Surgery: A Descriptive Analytics for High Volume Arthroplasty Procedures.”

Garg, Swati, Shuchi Sinha, Arpan Kumar Kar, and Mauricio Mani. 2022. “A Review of Machine
Learning Applications in Human Resource Management.” International Journal of
Productivity and Performance Management. https://doi.org/10.1108/1JPPM-08-2020-0427.

Huang, Hsiu Li, and Mei Chang Yeh. 2006. “Introduction to Ethnographic Decision Tree Modeling.”
Journal of Nursing.

Jain, Abhinav, Hima Patel, Lokesh Nagalapatti, Nitin Gupta, Sameep Mehta, Shanmukha Guttula,
Shashank Mujumdar, Shazia Afzal, Ruhi Sharma Mittal, and Vitobha Munigala. 2020.
“Overview and Importance of Data Quality for Machine Learning Tasks.” In Proceedings of
the ACM SIGKDD International Conference on Knowledge Discovery and Data Mining.
https://doi.org/10.1145/3394486.3406477.

Jordan, M. I., and T. M. Mitchell. 2015. “Machine Learning: Trends, Perspectives, and Prospects.”
Science. https://doi.org/10.1126/science.aaa8415.

Lazebnik, Teddy. 2023. “Data-Driven Hospitals Staff and Resources Allocation Using Agent-Based
Simulation and Deep Reinforcement Learning.” Engineering Applications of Artificial
Intelligence 126. https://doi.org/10.1016/j.engappai.2023.106783.

Maheshwari, Kamal, Jing You, Kenneth C. Cummings, Maged Argalious, Daniel |. Sessler, Andrea
Kurz, and Jacek Cywinski. 2017. “Attempted Development of a Tool to Predict Anesthesia

64



Preparation Time From Patient-Related and Procedure-Related Characteristics.” Anesthesia
& Analgesia 125 (2): 580-92. https://doi.org/10.1213/ANE.0000000000002018.

Maina, Elizaphan M., Robert O. Oboko, and Peter W. Waiganjo. 2017. “Using Machine Learning
Techniques to Support Group Formation in an Online Collaborative Learning Environment.”
International Journal of Intelligent Systems and Applications 9 (3).
https://doi.org/10.5815/ijisa.2017.03.04.

Montavon, Grégoire, Wojciech Samek, and Klaus Robert Miiller. 2018. “Methods for Interpreting
and Understanding Deep Neural Networks.” Digital Signal Processing: A Review Journal.
https://doi.org/10.1016/j.dsp.2017.10.011.

Myszczynska, Monika A., Poojitha N. Ojamies, Alix M.B. Lacoste, Daniel Neil, Amir Saffari, Richard
Mead, Guillaume M. Hautbergue, Joanna D. Holbrook, and Laura Ferraiuolo. 2020.
“Applications of Machine Learning to Diagnosis and Treatment of Neurodegenerative
Diseases.” Nature Reviews Neurology. https://doi.org/10.1038/s41582-020-0377-8.

Noble, William S. 2006. “What Is a Support Vector Machine?” Nature Biotechnology.
https://doi.org/10.1038/nbt1206-1565.

Nusinovici, Simon, Yih Chung Tham, Marco Yu Chak Yan, Daniel Shu Wei Ting, Jialiang Li,
Charumathi Sabanayagam, Tien Yin Wong, and Ching Yu Cheng. 2020. “Logistic Regression
Was as Good as Machine Learning for Predicting Major Chronic Diseases.” Journal of Clinical
Epidemiology 122. https://doi.org/10.1016/j.jclinepi.2020.03.002.

Porta, Christopher R., Andrew Foster, Marlin W. Causey, Patricia Cordier, Roger Ozbirn, Stephen
Bolt, Dennis Allison, and Robert Rush. 2013. “Operating Room Efficiency Improvement after
Implementation of a Postoperative Team Assessment.” Journal of Surgical Research 180 (1):
15-20. https://doi.org/10.1016/].jss.2012.12.004.

Richard Gold, Farid Al Zoubi, Julia Brillinger, Kreviazuk Cheryl, Dennis Garvin, David Schramm,
Pascal Fallavollita, Andrew Seely, Paul Beaulé. 2022. “Use of Multidisciplinary Positive
Deviance Seminars to Improve Efficiency in a High-Volume Arthroplasty Practice; a Pilot
Study.” Canadian Journal of Surgery.

Rudra Kumar, M., Rashmi Pathak, and Vinit Kumar Gunjan. 2022. “Machine Learning-Based
Project Resource Allocation Fitment Analysis System (ML-PRAFS).” In Lecture Notes in
Electrical Engineering. Vol. 834. https://doi.org/10.1007/978-981-16-8484-5_1.

Salah, Haya, and Sharan Srinivas. 2022. “Predict, Then Schedule: Prescriptive Analytics Approach
for Machine Learning-Enabled Sequential Clinical Scheduling.” Computers and Industrial
Engineering 169. https://doi.org/10.1016/j.cie.2022.108270.

Samorani, Michele, and Linda Goler Blount. 2020. “Machine Learning and Medical Appointment
Scheduling: Creating and Perpetuating Inequalities in Access to Health Care.” American
Journal of Public Health. https://doi.org/10.2105/AJPH.2020.305570.

65



Schiele, Julian, Thomas Koperna, and Jens O. Brunner. 2021. “Predicting Intensive Care Unit Bed
Occupancy for Integrated Operating Room Scheduling via Neural Networks.” Naval Research
Logistics (NRL) 68 (1): 65—-88. https://doi.org/10.1002/nav.21929.

Sculley, D., Gary Holt, Daniel Golovin, Eugene Davydov, Todd Phillips, Dietmar Ebner, Vinay
Chaudhary, Michael Young, Jean Francois Crespo, and Dan Dennison. 2015. “Hidden
Technical Debt in Machine Learning Systems.” In Advances in Neural Information Processing
Systems. Vol. 2015-January.

Shohreh Majd; Zohreh Majd. 2023. “CLINICAL AND NON-CLINICAL MANAGEMENT IN
HEALTHCARE: A COMPREHENSIVE OVERVIEW.” International Journal of Advanced Research.

Waly, Feras J., Donald S. Garbuz, Nelson V. Greidanus, Clive P. Duncan, and Bassam A. Masri.
2020. “Safety of a ‘Swing Room’ Surgery Model at a High-Volume Hip and Knee Arthroplasty
Centre.” The Bone & Joint Journal 102-B (7_Supple_B): 112-15.
https://doi.org/10.1302/0301-620X.102B7.BJJ-2019-1536.R1.

Zoubi, Farid Al, Richard Gold, Stéphane Poitras, Cheryl Kreviazuk, Julia Brillinger, Pascal
Fallavollita, and Paul E. Beaulé. 2022. “Artificial Intelligence-Driven Prescriptive Model to
Optimize Team Efficiency in a High-Volume Primary Arthroplasty Practice.” International
Orthopaedics, June. https://doi.org/10.1007/s00264-022-05475-1.

66



11 Appendix

Framework Model Parameters
BT Criterion splitter max_depth min_samples_split
gini best 3 2
RE n_estimators max_depth | min_samples_split criterion
100 40 5 gini
C kernel gamma degree
SVM
1 rbf 1 3
-
v IR max_iter C solver verbose
100 5 liblinear 1
hidden_layer_sizes | Activation solver
DNN-ANN
1000 relu adam
loss , criterion
XGBoost n_estimators
log_loss 200 friedman_mse
bT Criterion splitter max_depth min_samples_split
entropy best 16 5
RE n_estimators max_depth | min_samples_split criterion
15 40 10 gini
C kernel gamma degree
SVM
- 10 poly 0.1 3
% max_iter C solver verbose
m LR Y
100 5 liblinear 1
hidden_layer_sizes | Activation solver
DNN-ANN = =
100 relu adam
loss . criterion
XGBoost n_estimators
log_loss 200 friedman_mse
bT Criterion splitter max_depth min_samples_split
RE n_estimators max_depth | min_samples_split criterion
C kernel gamma degree
SVM
s
g max_iter C solver verbose
< LR
hidden_layer_sizes | Activation solver
DNN-ANN
loss , criterion
XGBoost n_estimators
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Chapter 4: Use of multidisciplinary positive deviance seminars to

Improve efficiency in a high-volume arthroplasty practice: a pilot study

4.1. Summary

As previously mentioned, a crucial component within the general framework of any prescriptive
analytics system involves identifying a specific set of actions to be examined on top of the output
generated by predictive analytics, commonly known as "what-if" scenarios. This scholarly article
focuses on gathering a diverse range of practical actions from various disciplines to streamline the
process of surgeries, while ensuring the safety of patients remains uncompromised. Specifically
targeting different groups of healthcare professionals such as nurses and surgeons, the study
employs data analysis techniques to identify instances of positive deviance among all members,
subsequently leveraging their best practices. After reaching a consensus on the most impactful
actions, these recommendations are collected and can be seamlessly integrated into the prescriptive

analytics systems.

4.2. Methodology

This chapter services as the connecting chain between the predictive analytics and the prescriptive

analytics. This happens through introducing a recommendation system that works to bring the

outcomes to certain value, in our case SSR. The primary objective of this thesis is to improve the
operating room efficiency through improving team performance. In order to foster self-

improvement and staff engagement to work as a team, various models of team efficiency have been

developed using the LEAN method, Six-Sigma and process mapping which can be quite effective

but very resource intensive. However, PD seminars use individual performance feedback to identify

team members who outperform their peers. The strategies from those who demonstrate exemplary

performance are used to both motivate peers and improve the practices for all. PD seminars focuses

on individual strengths and resources already present, instead of focusing on negatives which

require improvement. Implementing the strategies is feasible and sustainable as they are already in
place and successful.

To assess the effectiveness of positive deviance sessions, a prospective cohort study was conducted,

testing strategies as hypotheses to enhance performance, motivation, and teamwork in the operating

room. Time interval data, patient demographics, adverse events, and other relevant details were
recorded using the Surgical Information Management Systems (SIMS). The study focused on

operating room efficiency using defined time intervals and involved five high-volume primary
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arthroplasty surgeons and 29 participating nurses. Positive deviants, identified through structured
group interviews, led sessions to discuss strategies for improving time efficiency. These measures
were implemented based on recommendations from combined sessions with nursing and surgeons,
moderated by an experienced non-orthopedic surgeon. The study aimed to compare operating room
efficiency before and after interventions to determine their success.

Two distinct sets of seminars were organized, with one set specifically designed for surgeons and
another set tailored for nurses. Recommendations were compiled separately for the surgeons and
nurses in their respective seminar sessions. Nevertheless, the assessment of the recommendations'

implementation involved treating the before and after groups as a collective comprising both nurses

and surgeons. Consequently, the impact of the recommendations was not individually evaluated for
nurses or surgeons. The rationale behind this approach was rooted in recognizing the

interdisciplinary nature of the problem. The intention was to gauge the overall teamwork

performance rather than isolating the effects on nurses or surgeons separately.

A team comprising four surgeons and 23 nurses was established, and their performances were
documented over a one-month period (28 days) before any recommendations were communicated
to either group. Subsequently, the recommendations were implemented for a two-month period (56
days) involving the same team of surgeons and nurses. Notable improvements in surgical

performance and success rates are evident in the table below. Due to unequal variance and a

difference in the number of samples before and after implementation, Welch's test was conducted.

The test details are provided in the table B-3, and it is worth noting that this test, different from the

one performed in the published article, is more suitable for addressing this specific type of problem.

Metric APT | APT_IN_ ROOM | SPT CASE SFT AFT | Turnover | Success
Mean-Before | 40:54 16:28 12:07 | 1:03:36 | 04:50 | 05:44 15:00 14%
Mean-After 36:48 12:28 12:40 | 59:51 | 05:12 | 07:21 18:51 64%
STD-Before 13:20 09:11 06:04 | 08:22 | 01:59 | 03:05 33:13 0.3499
STD-After 11:08 10:01 07:21 | 12:18 | 02:20 | 03:52 49:06 0.229592
t-stat 1.3858 1.8347 0.2'209 1.6845 |, .- 49 2.3'791 -0.3872 | -690.9356
p-value 0.0862 0.0358 0.4129 | 0.0482 | 0.0723 | 0.0102 | 0.3499 0.0000
DF 46 58 63 72 71 61 74 37

Table B-3: Walsh test for the PD seminar recommendation implementation
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4.3. Fundamental research contributions

First experiences of shaping organizational behavior via Al recommendations by positive

deviance seminars.

4.4. Author Contributions

Contribution Authors
Designed the study R. Gold, F. Al Zoubi, D. Garvin, D. Schramm and A. Seely
Acquired the data J. Brillinger and C. Kreviazuk
P. Fallavollita and P. Beaulé analyzed. R. Gold, F. Al Zoubi and

Wr he manuscri
ote the manuscript D. Garvin

J. Brillinger, C. Kreviazuk, D. Schramm, P. Fallavollita, A. Seely

ritically revi
Critically revised and P. Beaulé

Final approval of the article to be

published All authors

4.5. Article

The following article was accepted and published by the Canadian Journal of Surgery.

70



RESEARCH e RECHERCHE

Use of multidisciplinary positive deviance
seminars to improve efficiency in a high-volume
arthroplasty practice: a pilot study

Richard Gold, MD, MSc

Farid Al Zoubi, MSc

Julia Brillinger, MPH

Cheryl Kreviazuk, BA

Dennis Garvin, BSc, MBA
David Schramm, SM

Pascal Fallavollita, BEng, PhD
Andrew J.E. Seely, MD, PhD
Paul E. Beaulé, MD

Accepted Mar. 14, 2022

Correspondence to:

P. Beaulé

Division of Orthopaedic Surgery

Room W1640, Ottawa Hospital Research
Institute

Box 502

501 Smyth Rd

Ottawa ON K1H 8L6

pbeaule@toh.ca

Cite as: Can J Surg 2023 January 3;
66(1). doi: 10.1503/cjs.018121

© 2023 CMA Impact Inc. or its licensors

Background: Positive deviance (PD) seminars, which have shown excellent results
in improving the quality of surgical practices, use individual performance feedback
to identify team members who outperform their peers; the strategies from those
\Nith l:x&:n1p1ary P(:rf()rrnan(:c arec ust:d to i“1Pr()\'e team rncm})f_’rs’ Practiccs. ()ur
study aimed to usc the PD approach with arthroplasty surgeons and nurses to iden-
tify multidisciplinary strategies and recommendations to improve operating room

(OR) cfficiency.

Methods: We recruited 5 surgeons who performed high-volume primary arthro-
plasty and had participated in 4-joint rooms since 2012, and 29 nurses who had par-
ticipated in 4-joint rooms and in at least 16 cases in our data set. Three 1-hour PD
sessions were held in February and March 2021: 1 with surgeons, 1 with nurses, and 1
with both surgeons and nurses to select recommendations for implementation. The
sessions were led by a member of the nonorthopedic surgical faculty who was familiar
with the subjects discussed and with PD seminars. To determine the success of the
recommendations, we compared OR cfficiency before and after implementation. We
defined success as performance of 4 joint procedures within 8 hours.

Results: Eleven recommendations were recorded from the session with nurses and
7 from the session with surgeons, of which 11 were sclected for implementation.
During the month after implementation, there were great improvements across all
time intervals of surgical procedures, with the greatest improvements scen in mean
ancsthesia preparation time in the room (4.51 min [26.3%]), mean procedure
duration (9.75 min [14.0%]) and mean anesthesia finish time (5.78 min [44.0%])
(all p < 0.001). The total time saved per day was 49.84 minutes; this led to a success
rate of 69.0%, a relative increase of 73.8% from our 2012-2020 success rate of
39.7% (p < 0.001).

Conclusion: The recommendations and increased motivation owing to the individ-
ualized feedback reduced time spent per case, allowing more days to finish on time.
Positive deviance seminars offer an inexpensive, cfficient and collegial means for pro-
cess improvement in the OR.

Contexte : Les séminaires de déviance positive (DP), une approche qui a déja donné
d’excellents résultats en termes d’amélioration de la qualité des pratiques chirurgi-
cales, recourent a la rétroaction sur le rendement individuel pour identifier les
membres des équipes dont le rendement excéde celui de leurs pairs; les stratégies asso-
ciées a tout rendement exemplaire servent a améliorer les pratiques des membres des
équipes. Notre étude visait a utiliser la DP comme approche pour les chirurgiennes et
chirurgiens et le personnel infirmier spécialisés en arthroplastie afin d’identifier des
stratégies et des recommandations multidisciplinaires pour améliorer I'efficience des
bloes opératoires (BO).

Méthodes : Nous avons recruté 5 spécialistes dont le volume d’interventions pour
arthroplastic primaire était élevé et qui ceuvraient dans des blocs a 4 interventions
chirurgicales depuis 2012, et 29 membres du personnel infirmicr ayant participé a la
méme cadence d’interventions ct a au moins 16 cas de notre ensemble de données.
Trois séances d’une heure ont eu licu en février et mars 2021 : 1 avec les chirurgiens,
1 avee le personnel infirmicr ct 1 avec les 2 équipes pour choisir les recommandations
a mettre en ceuvre. Les séances étaient animées par un membre de la Faculté de
chirurgic (non orthopédique) qui connaissait les sujets abordés et les séminaires de
DP. Pour déterminer la réussite des recommandations, nous avons comparé I'effi-
cience des BO avant ct aprés leur mise en acuvre. La réussite se définissait par la réali-
sation de 4 arthroplasties en 8 heures.

Can J Surg/J can chir 2023;66(1) E1
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Résultats : Onze recommandations ont été dégagées de la séance avee le personnel
infirmier et 7 de la séance avec les chirurgiennes et chirurgiens; 11 ont été retenues en
vuc de leur application. Durant le mois suivant leur mise en ccuvre, la durée des inter-
ventions s'est grandement améliorée; les améliorations les plus marquantes concer-
naient la durée moyenne de la préparation de I'anesthésie au bloc opératoire (4,51 min
[26,3 %)), la durée moyenne des interventions (9,75 min [14,0 %]) ct le temps de
réveil moyen (5,78 min [44,0 %]) (tous p < 0,001). Le temps total gagné quoti-
diennement a été de 49,84 min; le taux de réussite a donc été évalué a 69,0 %, cor-
respondant a une augmentation relative de 73,8 % par rapport a notre taux de réussite

en 2012-2020 de 39,7 % (p < 0,001).

Conclusion :
de rétroaction individuali

Les recommandations ct la motivation accrue découlant de I'exercice
ée a réduit le temps requis pour chaque cas et a permis de

terminer plus de journées a temps. Les séminaires de DP sont une fagon peu cofi-
teuse, cfficiente et collégiale d’améliorer les procédés au bloc opératoire.

elivery of health care is coming to an inflection

point in regard to supply and demand, with joint

replacement demand in Canada increasing from
2014 to 2019 by 20.1% for hip replacement and 22.5% for
knee replacement.! Increasing demand, combined with
delays related to the COVID-19 pandemic, has created a
large backlog of surgical procedures, especially in countries
with universal health care like Canada and the United
Kingdom, where efficient delivery of health care is even
more critical.>* Prolonged surgical wait-lists are further
compounded by systemic inefficiencies: in North America,
health care functions at a productivity level of about 43 %;
in the surgical care setting, inefficient use of time and
space accounts for 30% of costs.’

To address this, various initiatives to increase through-
put, such as high-efficiency operating rooms (ORs) and
parallel processing with anesthesia block rooms, have been
suggested.® At our institution, to address wait times and
increasing demands, 4-joint rooms were instituted in 2004,
but successful completion of 4 joint replacement proced-
ures within the assigned OR time (i.e., 4 joints between
0730 and 1530) has been inconsistent.” This lack of effi-
ciency, with overtime and lack of improvement, can lead to
staff disengagement, fatigue and a sense of impossibility of
the task at hand.®

To foster self-improvement and staff engagement to
work as a team, various models of team efficiency have
been developed using the Lean method, Six Sigma and
process mapping, which can be quite effective but very
resource intensive.”'” An alternative approach that has
shown excellent results in improving the quality of individ-
ual surgeon practices is positive deviance (PD) semi-
nars,'"? which use individual performance feedback to
identify team members who outperform their peers. The
strategies from those with exemplary performance are used
to both motivate peers and improve the practices for all.
Positive deviance has been effectively used in health care,
public health, education and the private sector."” Positive
deviance seminars focus on individual strengths and
resources already present, instead of negatives that require
improvement. Implementing the strategies is feasible and
sustainable, as they are already in place and successful.

E2 Can J Surg/J can chir 2023;66(1)

To our knowledge, PD seminars have not been studied
in a multidisciplinary setting to improve OR performance
and efficiency. Our study aimed to use the PD approach
with arthroplasty surgeons and OR nurses to identify
multidisciplinary strategies and recommendations to
improve OR efficiency in running a single room to per-
form 4 primary joint replacement procedures within an
8-hour window.

METHODS
Study design and setting

Three 1-hour PD sessions were held in February and
March 2021: 1 with surgeons, 1 with nurses, and 1 with
both surgeons and nurses to select the recommendations
for implementation. We recruited 5 surgeons, including
P.E.B., who performed high-volume primary arthroplasty
and had participated in 4-joint rooms since 2012. The
29 nurses selected for the study were those who had par-
ticipated in 4-joint rooms and in at least 16 cases in our
data set (prospectively recorded surgical records). The ses-
sions were led by a member of the nonorthopedic surgical
faculty (AJ.E.S.) who was familiar with the subjects dis-
cussed and with PD seminars to allow for a moderated
discussion and avoid conflict.

Performance based on historical data for finishing on
time (i.c., by 1530) as well as specific time intervals were
shared with the respective individuals. The sessions first
identified the PD strategies using provider-specific reports.
Afterward, a confidential group interview gave all partici-
pants the opportunity to discuss the strategies they used
that led to their success. At the end of the sessions, all the
recommendations were voted on, and those with a unani-
mous vote were selected for implementation. The recom-
mendations were implemented in the week after the last
PD session.

Measures

The time interval data were recorded by the circulating
nurse using the Surgical Information Systems. In addition,
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patient demographic characteristics (age, gender, body mass
index, American Society of Anesthesiologists class), adverse
events, nurse, anesthesiologist, 90-day readmissions and
type of anesthetic used were collected. The time intervals
used to determine OR efficiency were a modified version of
those defined by the Association of Anesthesia Clinical
Directors:'* anesthesia preparation time; patient in room to
anesthesia ready, surgical preparation time; anesthesia ready
to procedure start, procedure duration; (procedure start
time to procedure finish), anesthesia finish time; procedure
finish to patient out of room, and turnover time; start of
room cleanup to patient in room. The anesthesia prepara-
ton time immediately follows turnover time, as no delays
are expected once the room is ready for the next case.

After the recommendations were implemented, the sur-
geons and nurses completed a survey on each 4-joint day
to determine compliance with the recommendations and
give feedback on their perception of the usefulness of the
recommendations.

Statistical analysis

To determine the success of the PD sessions, we tested the
strategies as a hypothesis in the prospective cohort. We
determined whether the strategies improved time effi-
ciency by comparing the time intervals observed in the
prospective cohort to those previously observed. We used
a paired 7 test to compare differences in mean interval
times and rate of success in finishing on time between the
pre- and postintervention groups.

Ethics approval

The Ottawa Health Science Network Research Ethics
Board granted an ethics review exemption given that the
project was considered to fall under continuous quality
improvement rather than human subject research, as per
Canada’s Tri-Council Policy Statement on Ethical Con-
duct for Research Involving Humans. "

RESULTS

A total of 11 recommendations were recorded from the

nurses’ session and 7 from the surgeons’ session (Box 1).

Of the 18 recommendations, 11 were selected for imple-

mentation based on the combined session with nurses and

surgeons:

* Recommendation 1: As a team, take time at the begin-
ning of the day (at 0745, led by orthopedic staff or fel-
low) to go over the basics of the day’s 4 cases.

* Recommendation 2: For 4-joint days, have a nursing
team familiar with 4-joint rooms who have received
total joint training. The team lead (care facilitator)
should have adequate time for registered nurse training
and administration (mechanism to be determined).
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Box 1. Sugg dr d

surgeons and nurses

Surgeons

* Be there from positioning to patient transfer from the table.

* Have a standardized/protocolized approach for each type of procedure.

* Anticipate next steps, calling for instruments/implants.

* Assist with turnover and putting away instruments, but in a way that is
supported by nurses.

* |nstitute an incentivization for the entire team to be done by 1530, and
that would drive efficiency.

 Bring the patient into the room for spinal preparation such that
instruments may be opened simultaneously (in parallel rather than in
series).

* Anesthesia does the blocks and spinals in the procedure room.
Nurses

* Have an engaged, familiar team working together.

* Have equipment ready to go before the patient enters the room.

* Whole team (nursing, surgery, anesthesia) is present during turnover.
* Begin putting away instrumentation during closing.

* Have experienced, knowledgeable scrub nurses who know the steps
to the procedure and will know when certain instruments (implants) are
needed.

* Have attendants available to help with turnover.
* Ensure nurses in the room have received total-joint training.

¢ Minimize telephone call interruptions from the pre-and postanesthesia
care units during the case.

* Ensure attending available for prepping. Make use of free staff in room
when prepping/positioning. Ensure no revision of surgical positioning.
* Team lead must have adequate time for training and administration.

* Ensure improvements in efficiency do not come at the cost of patient
outcomes.

with

Recommendation 3: Surgeon should be there for cach
case, from positioning to patient transfer from the table.
Recommendation 4: Adopt a standardized approach for
each type of procedure.

Recommendation 5: Surgeon to review all 4 cases in
advance to avoid last-minute changes on the day of
surgery that require additional instruments that were
not ordered.

Recommendation 6: Bring the patient into the room for
spinal preparation such that instruments may be opened
simultaneously in parallel rather than in series with
anesthesia preparation. However, ensure surgery and
anesthesia have reasonable expectations of nurses during
this period and have communicated with nurses.
Recommendation 7: Anticipate next surgical steps. Call
for instruments/implants in advance (and ensure fellows
are doing this as well).

Recommendation 8: Augment and facilitate putting
away instruments during closure in the most efficient
manner possible. Surgeons are encouraged to offer
assistance with putting away instruments in coordina-
tion with the nursing staff.

Recommendation 9: Change culture of multiple tele-
phone calls to surgical team in the OR with questions.
Have fellows contact the pre- and postanesthesia care
units between cases to minimize need for telephone
calls during cases.
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* Recommendaton 10: Have the whole team, including
OR attendants, present in OR during turnover.

* Recommendation 11: Attendants should close com-
munication loop with nursing team to ensure equip-
ment (e.g., general equipment in the room, suction
available, correct bed, extension cord for the bed) is
ready to go at the start of each case.

During the month after the recommendations were
implemented, there were great improvements across all
time intervals of surgical procedures (Table 1). The
greatest improvements were seen in mean anesthesia
preparation time in the room (4.51 min [26.3%]), mean
procedure duration (9.75 min [14.0%]) and mean anes-
thesia finish time (5.78 min [44.0%]) (all p < 0.001).
Although each improvement seems small, the improve-
ments totalled an average of 12.48 minutes per case, or
49.84 minutes per day. The total time saved was substan-
tial, as it led to a success rate of 69.0%, a relative increase
of 73.8% from our 2012-2020 success rate of 39.7%
(p < 0.001).

Compliance and feedback

All 5 surgeons and 18 nurses completed the survey. The
recommendations were all well received by the participants.

Recommendation 1
Team members did not follow this recommendation con-
sistently. The only feedback was that this recommendation
is redundant when the same operations are being per-
formed consistently.

"This really docsn’t impact on a 4-primary-joint day, as all tcam
members know what is being done as we do over a thousand of
these cach year. So, mecting to say we arc doing 4 primary
joints is a bit redundant in my opinion and won’t make the day
run any faster. (Surgeon [success])

Not for the 4 cases but the nurses know what to do when we
have to do 4 joints with [the surgeon for these cases]. (Nurse
[success])

Recommendation 2

All participants agreed that having nursing staff members
who are familiar with the intricacies of total joint
replacement was highly valuable. Participants indicated
that it facilitated better teamwork in the OR, which led
to everyone feeling less rushed.

Recommendation 3

Having the surgeon present in the room while the patient
was being positioned was appreciated by nursing. On a day
when the nurse had to call the surgeon for every patient to
be positioned, the day did not finish on time.

Recommendation 4

Recently at our centre, as part of another initiative, we
reduced the number of instrument trays to speed up the
process in the OR and reduce waste (SLIM study'®). Nurs-
ing felt this initiative improved efficiency in the OR sub-
stantially. In addition, on days on which all 4 patients were
positioned the same (i.e., lateral decubitus), it simplified
preparing for the case and positioning the patient.

Recommendation 5

Participants indicated that, on days on which cases were
not reviewed in advance or were not relayed to the whole
team, the day did not finish on time. Last-minute changes
led to having the wrong equipment available, which led to
delay in retrieving and opening a new equipment tray.

Recommendation 6

The most common feedback was regarding parallel pro-
cessing; this was mentioned 11 times in the comments. On
days on which parallel processing occurred, participants
felt less rushed, and the days consistently finished early.
Even on days with unexpected delays, parallel processing
allowed for the day to finish on time. An issue with parallel
processing is that anesthesia and nursing need to work as
a team to allow this process to happen. On 1 instance, a
lack of communication with anesthesia and nursing led
to delays in patients’ entering the room. There was no

Table 1. Observed changes in operating room performance after positive deviance sessions*

Mean Variance Hypothesized
Pooled mean p(T<t teritical

Facet of performance After Before After Before variance difference df t stat 1-tailt 1-tail
Success rate, % 0.65 0.40 0.23 0.24 0.24 0 792 3.74 9.83 1.65
APT, min 36.51 39.33 129.08 414.74 394.54 0 792 -1.03 0.15 1.65
APT in room, min 1242 16.28 100.29 56.92 59.99 0 792 -3.63 0.00 1.65
SPT, min 12.63 14.39 54.12 28.79 30.58 0 792 -2.32 0.01 1.65
Time per case, min 59.62 69.33 154.36 296.15 286.12 0 792 -4.17 1.67 1.65
SFT, min 515 5.48 558 16.30 15.54 0 792 -0.62 0.27 1.65
AFT, min 7.30 13.25 15.08 50.15 4767 0 792 -6.27 2.99 1.65
Turnover, min 26.64 24.21 63.09 69.60 69.14 0 792 2412 0.02 1.65
AFT = anesthesia finish time; APT = anesthesia preparation time; df = degrees of freedom; SFT = surgical finish time; SPT = surgical preparation time.
*Number of observations = 57 after, 737 before.
tBolded numbers indicate significant values.
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coordination between the anesthesia procedure room and
the OR; thus, the patent would wait for some time outside
the OR, which led to delays and potential issues with the
spinal dosage. In addition, 1 nurse mentioned the difficulty
in properly teaching orientees while assisting with anesthe-
sia with induction.

On days on which parallel processing did not occur, the
surgeons felt more rushed. There were more perceived
delays and idle time between cases.

I had the most cfficient ancsthetist at our campus, and my OR
surgical times from start to finish were all under an hour, at 53,
59, 56 and 54 minutes for the 4 cases. With all of that, we ended
the day at 3:25 pm, leaving a whole 5 minutes to spare!! (Sur-
geon [success])

Recommendation 7

Participants indicated that next surgical steps were antici-
pated on most occasions. There was no feedback specific to
this recommendation.

Recommendation 8

Participants noted that surgeons always assisted with clean-
ing up after cases. Although the assistance of surgeons in
cleanup was appreciated, the fewer and slimmed-down
instrument trays reduced the requirement for additional
assistance for cleanup.

Recommendation 9

Participants indicated that the need for telephone calls
during cases was minimized on most occasions; on other
occasions, they were unsure.

Recommendation 10

Participants noted that the whole team, including OR
attendants, were present in the OR during turnover 3 out
of 8 dmes (38%). On 2 of the days when the whole team
were not present, the day finished late. Several partici-
pants mentioned great appreciation for the presence of
more nurses.

Having a minimum of 3 nurses (2 circulating, 1 scrub) is essen-
tial. (Nurse [success])

It was nice to have 2 RNs and 1 RPN scheduled in the 4-joint

day. (Nurse [success])

Recommendation 11

Participants indicated that attendants always closed the
communication loop with the nursing team to ensure that
equipment was ready to go at the start of each case.

Discussion

Positive deviance seminars are a simple yet effective and
inexpensive means to facilitate collaboration across multiple

RESEARCH

disciplines in order to improve a process by learning by top
performers, in our case, a high-volume arthroplasty prac-
tice. Our pilot study showed promising improvements in
efficiency in the OR with the use of recommendations
derived from PD seminars. Every stage of the surgical
procedure except turnover showed substantial improve-
ments compared to our mean performance in the previous
8 years. In addition to gencrating recommendations, the
seminars gave participants the opportunity to review and
reflect on their performance. Improved efficiency is not
only relevant financially but also shortens wait times, since
longer wait times are associated with prolonged recovery
and decreased patient satisfaction,'™'® as well as poor health
care provider experience.®"”

Quality delivery of care involves many processes and
can be assessed and improved through 3 sequential and
interrelated dimensions: structures, processes and out-
comes.”® As health care is always evolving, with advances in
technology, procedures and medical knowledge, the need
for a “plan, do, study, act” cycle is necessary whereby data
can be analyzed and feedback provided constantly in order
to continuously revise and improve.?! The plan, do, study,
act cycle forms the basis for continuous quality improve-
ment, which encompasses processes associated with pro-
viding a health care outcome.? In this study, the PD
approach fit well as a continuous quality-improvement
inidative in which we structured a planning approach to
evaluate current structures and processes of joint arthro-
plasty care in the OR to improve them and thus achieve
the desired outcome and vision, i.c., finishing within an
8-hour OR shift.

Many of the current best-practice articles in the OR
efficiency literature involve a thorough process analysis,
which entails mapping the endre process of the OR, from
the patient entering the hospital to exiting the hospi-
tal. 21923 Unlike those initiatives, PD focuses on the positive
outliers: what is being done optimally, not what could be
improved. In merely 3 hour-long sessions, participants
were able to derive effective strategies, which would have
otherwise taken many months if being derived by analyz-
ing the complete process. All the new measures were taken
from practices and resources already in place, which made
for simple implementation: the measures were imple-
mented within a week after the seminars were completed.
In addition, implementing solutions that are not already in
place can create unintended consequences, and the solu-
tions are often unsustainable in the long term.!

When surgeons are not involved with various stages of
a study, they often choose not to participate.”* Positive
deviance seminars gave team members the opportunity to
collaborate in many stages of this study, including data
analysis, by determining who the best performers were,
and discussing and creating new recommendations. With
team members engaged in multiple stages of the study,
almost all were enthusiastic to participate and improve
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their practices. Positive deviance works particularly well
with surgeons, as they are independent in practice and
decision-making. Kim and Choi* identified that the most
important factor in discovering innovative behaviours is
the degree of independence that individuals have. Having
independence allows employees to accept social risk by
standing for their own ideas and disagreeing with
coworkers in a positive manner.

We have previously reported that success rates of
4-joint rooms vary among surgeons, anesthesiologists and
nurses.” By reviewing the practices of their peers, the par-
ticipants in that study were able to identify gaps in their
own practices and improve in the areas requiring focus. In
addition, the present study shows that quantifying per-
formance leads to improved motivation, as participants can
understand how the time intervals of their practices com-
pare to those of their peers and which areas of their prac-
tices require improvement. For example, a surgeon may
perform a procedure faster than their peers but have the
slowest positioning time. Identifying this issue might lead
to the surgeon’s placing more focus on ensuring that they
are present in the OR during that time.

Although the morning huddle may feel redundant, its
effectiveness is evident. Wright and colleagues®® found that
a common reason for delay of the first case was surgeon
and anesthesiologist unavailability. By implementing a
morning huddle, they were able increase the rate of on-
time starts from 53% to 69%.

Limitations

This study has several limitations. Tt was carried out during
the third wave of the COVID-19 pandemic, which led to
cancellation of elective surgical procedures 1 month after
the recommendations were implemented. In addition, dur-
ing the monitoring period, the unique constraints of the
pandemic may have led to a surgical environment that was
not necessarily comparable to that before the pandemic.
Some of the perioperative disciplines declined to partici-
pate in the seminars; full involvement of all disciplines
would have improved the impact of the PD initiatives.

As in any study, the short time frame of monitoring is
subject to confounding by the Hawthorne effect (a type of
reactivity in which individuals modify an aspect of their
behaviour in response to their awareness of being
observed). As the nature of PD seminars does not allow for
blinding, our studies could have not been designed in a
way in which the participants were unaware of monitoring.
However, this constant awareness likely contributed to
increased motivation and effort. When we examined the
results by individual surgeon, only 2 of the 5 surgeons
showed an improvement in their success rates (64% to
81%, and 8% to 71%, respectively). Two surgeons did not
perform any 4-joint rooms during the monitoring period,
and 1 surgeon did not have any successful days.

E6 Can J Surg/J can chir 2023;66(1)

One nurse shared that they felt rushed and that imple-
menting all recommendations was unsustainable and too
physically demanding. However, the overall consensus
was that the recommendations made for a better team
environment. Given the short duration of the monitor-
ing period, a follow-up audit of OR efficiency would
determine the sustainability and effectiveness of the
recommendations.

ConcLUSION

The recommendations generated by the participating
nurses and surgeons in the PD seminars, together with
increased motivation owing to the self-performance feed-
back, reduced time per operation significantly, which
increased the daily success rate. Positive deviance seminars
offer an inexpensive, efficient, collegial and positive means
for process improvement in the OR setting.
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Chapter 5: Artificial-Intelligence driven prescriptive model to optimize

team efficiency in a high-volume primary arthroplasty practice

5.1. Summary

In this chapter, we focused on a specific framework from the previous chapter, namely the
Workflow Time Monitoring Framework (WTMF), and advanced it to a prescriptive model. The
selection of this framework was based on various factors, including its flexibility and ease of
implementation, as discussed in the previous chapter. In this journal, we established the
benchmarks necessary to run the prescriptive model and identified key metrics for evaluation.
Furthermore, we explained how a set of actions could be implemented to convert the predictive
outputs into a prescriptive model, working in synergy to enhance the overall Surgical Success Rate
(SSR).

5.2. Methodology

In the preceding chapters, our approach unfolded with the execution of descriptive analytics in
Chapter two. Our primary objective was to gain an understanding of our data and evaluate the
fundamental factors contributing to delays in arthroplasty. Following this analysis, we
systematically categorized the data into three key segments: patient demographics metrics, time-
related metrics, and surgical team metrics. This segmentation served two crucial purposes. Firstly,
as elucidated in Chapter 3, it ensured the versatility of our solution, accommodating diverse data
access scenarios within different institutions. For instance, not all institutions possess access to time
metrics that meticulously record the various stages of surgery. This consideration becomes
particularly relevant as we strive to provide a universal solution applicable across varied
institutional settings. Secondly, as detailed in the same chapter, our categorization aligned with the

findings from the feature importance analysis conducted using the Boruta method, i.e., Surgical

team metrics are the most important while patients’ demographics are the least. This alignment is

extensively explained in the published article of this chapter, offering a comprehensive

understanding of our data categorization strategy.

Building upon the categorization elucidated above, Chapter three introduced three distinct
frameworks for a decision support systems infrastructure. Within each framework, we meticulously
explained the components of each module, delineating their functionalities and illustrating the

inputs and outputs they entail. Our focus, however, centered predominantly on the machine learning

engine module of each framework. This emphasis was deliberate, aimed at providing concrete
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examples of ML models input and output for clarity. The intention was to facilitate a thorough
understanding of the core predictive modeling aspect within each framework. However, we
recognize the multifaceted nature of decision support systems, encompassing components such as
the recommendation system, dashboard, databases, and other critical elements. While we did not

extensively elaborate on these components for the majority of frameworks, we made a deliberate

exception for the WTMF in the subsequent chapter.

Chapter four delved into the design and testing of the recommendation system for the WTMF,
utilizing the positive deviance seminar. This approach not only introduced a unique and innovative
aspect to our decision support system but also aimed at leveraging positive deviance within surgical
teams for performance improvement. By incorporating recommendations derived from the positive
deviants, we sought to enhance the efficiency and teamwork dynamics within the surgical setting.
This approach was detailed with a focus on the WTMF, offering a practical example of how the
recommendation system could be customized for a specific framework.

In this chapter, we undertook the task of contextualizing the information from the preceding
chapters, amalgamating them into a theoretical and cohesive solution design for the complete PAS

system centered around the WTMF. We elucidated how time-related data could be seamlessly
integrated into the machine learning engine of the WTMF to generate baseline benchmarks. If these

benchmarks are not met, the recommendation system is activated to facilitate the catching up with
subsequent benchmarks and overcoming potential delays throughout the day. The benchmarks,

coupled with the surgery timeline and the SSR, are envisioned to be visually presented in a

dashboard. This dashboard serves as a comprehensive tool, allowing users to assess their speed and
evaluate the feasibility of completing each surgery within the designated timeframe.

The realization of the design outlined in this chapter comes to fruition in Chapter 7, where the

designed solution is implemented and put into practical action. The implementation phase involves
a meticulous application of our proposed PAS system, incorporating the WTMF and its associated
components. It is during this phase that we witness the translation of our theoretical models and
frameworks into real-world scenarios. The challenges encountered, lessons learned, and the
outcomes achieved during this implementation provide valuable insights into the viability and
effectiveness of our proposed solution. This chapter serves as the bridge between theory and
application, highlighting the tangible impact of our research on optimizing surgical workflows and

improving overall efficiency in the healthcare setting.
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5.3. Fundamental research contributions.

Development of the first Al-driven recommendations that contribute to overtime and delays at
TOH.

Author Contribution to the study

Farid Al Zoubi Methodology, Formal analysis, Investigation, Software, Validation,

Visualization, Writing original draft, Writing—review and editing

] Data curation, Investigation, Validation, Visualization, Writing—original
Richard Gold - ] .
draft, Writing—review and editing

; ) Methodology, Resources, Writing—original draft, Writing—review and
Stéphane Poitras

editing
Cheryl Kreviazuk Data curation, Investigation, Writing—review and editing
Julia Brillinger Data curation, Investigation, Writing—review and editing

) Conceptualization, Methodology, Project administration, Resources,
Pascal Fallavollita o o o ) o
Software, Writing—original draft, Writing—review and editing

Conceptualization, Funding acquisition, Project administration,
Paul Beaulé Resources, Supervision, Writing—original draft, Writing— review and

editing

5.4. Article

The following article was accepted and published by the International Orthopedics Journal.
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Abstract

Purpose We aimed to improve OR efficiency using machine learning (ML) to find relevant metrics influencing surgery time
success and team performance on efficiency to create a model which incorporated team, patient, and surgery-related factors.
Methods From 2012 to 2020, five surgeons, 44 nurses, and 152 anesthesiologists participated in 1199 four joint days (4796
cases): 1461 THA, 1496 TKA, 652 HR, 242 UKA, and 945 others. Patients were 24611:2335 m; age, 64.1; BMI, 29.93; and
ASA, 2.45. Surgical Success was defined as completing four joints within an eight hour shift using one OR. Time data was
recorded prospectively using Surgical Information Management Systems. Hospital records provided team, patient demographics,
adverse events, and anesthetic. Data mining identified patterns and relationships in higher dimensions. Predictive analytics used
ML ranking algorithm to identify important metrics and created decision tree models for benchmarks and success probability.
Results Five variables predicted success: anaesthesia preparation time, surgical preparation time, time of procedure, anesthesia
finish time, and type of joint replacement. The model determined success rate with accuracy of 72% and AUC=0.72. Prob-
ability of success based on mean performance was 77-89% (mean-median) if APT 14-15 minutes, PT 68-70 minutes, AFT
four to five minutes, and turnover 25-27 minutes. With the above benchmarks maintained, success rate was 59% if surgeon
exceeded 71.5-minutes PT or 89% if 64-minutes procedure time or 66% when anesthesiologist spent 17-19.5 minutes on APT.
Conclusion AI-ML predicted OR success without increasing resources. Benchmarks track OR performance, demonstrate
effects of strategic changes, guide decisions, and provide teamwork improvement opportunities.
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Introduction

Currently, healthcare functions at a productivity level of 43% in
North America [1]. The demand for care is rapidly increasing,
with budgets increasingly difficult to control, and regulations
becoming ever more uncertain and complex, this situation is not
sustainable and becoming increasingly challenging in the advent
of bundle care payments [1]. In Canadian orthopaedic surgery,
from 2014 to 2019, arthroplasty output increased by 20.1% for
hip replacement and 22.5% for knee replacement [2]. Meet-
ing the growing demand of joint replacements and Canadian
provincial wait time targets led to numerous initiatives such as
government-funded quality-based procedure funding, high-effi-
ciency four joint operating room (OR) days (i.e., 4 joints within
8 h 7:30am-3:30 pm), and swing rooms (overlapping) [3, 4].
‘When implementing quality improvement changes, it is critical
that appropriate resources are allocated to ensure efficiency and
sustainability. Our initial experience with four joint rooms at our
institution was disappointing with only a 49% success rate [5].
Inefficient use of time and space accounts for 30% of the costs of
surgical care [1]. Accurately selecting which factors improve OR
efficiency requires understanding relationships between patient,
team (surgeon, anesthesiologist, nursing), and environment.

The increased need for optimized healthcare delivery moti-
vated us to address the optimization of hospital surgery produc-
tivity using artificial intelligence (AI) to assist in surgery sched-
uling and productivity using team-specific data on a targeted
surgical intervention to maximize OR efficiency and enhance
multidisciplinary care delivery. As traditional analytics typically
describe relationships between two and four factors, machine
learning (ML), a subset of AL is needed. Not only can ML estab-
lish benchmarks using many variables, but it also continuously
improves accuracy as additional data is collected.

In each surgery, there are many components influencing effi-
ciency such as team, patient, type of surgery, type of anaesthesia,
environment, and equipment. Traditional analytics and descriptive
statistics have limitations in defining benchmarks using a multitude
of variables. Through A, we can study the interaction of factors,
determine which factors affect success rate, and create a model
which incorporates team, patient, and surgery-related factors to
develop accurate benchmarks for success. Not only would such a
model predict if the day is going to be successful, but it would also
show which section(s) of surgical delivery of care are responsible
for delays, while highlighting solutions to improve efficiency. This
prescriptive dynamic modeling would permit analysis of past per-
formances, predict the future, and suggest solutions. Suggested solu-
tions to reduce time in targeted stages of surgery can be collected
from surgery staff or could be from changes in procedures [6].

We aimed to perform advanced analytics (AA) and
machine learning (ML) techniques to find the relevant met-
rics and benchmarks that influence surgery time success and
examine influence of team member performance to improve
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OR efficiency to achieve a success rate of 80% for perform-
ing four joints within an eight hours shift.

Patients and methods
Data set

All joint replacements completed as part of a four-joint
room at a tertiary care centre from 2012 to 2020 were
reviewed. A four joint room was defined as a scheduled
eight hour day (7:30am-3:30 pm) where four unilateral
joint replacements were done by the same surgeon. The day
is considered complete when the patient exits the operating
room. We identified five surgeons, 44 circulating nurses,
and 152 anesthesiologists participating in 1199 four joint
days (4796 cases). The breakdown in procedures was 1461
total hip arthroplasties (THA), 1496 total knee arthroplas-
ties (TKA), 652 hip resurfacing (HR), 242 unicompartmen-
tal knee arthroplasties (UKA), and 945 of other procedures
such as a combination of the above (i.e., bilateral THA)
or patellofemoral joint replacement (PFJ). The patient
demographics were 2461 females, 2335 males with aver-
age age of 64.1 (range 17-99), mean BMI of 29.93 (range
17.1-51.4), and ASA of 2.45 (range 1-4). Surgical success
was defined as completing four joints within an eight hour
shift using one OR theatre (7:30am-3:30 pm).

Time data was recorded at time of surgery using Sur-
gical Information Management Systems (SIMS). Hospi-
tal records provided surgical team composition, patient
demographics (age, sex, BMI, ASA), adverse events,
90-day readmissions, and anaesthetic type (general, spi-
nal, regional). Time intervals used are a modified version
of those defined by the Association of Anesthesia Clinical
Directors (AACD): anaesthesia preparation time (APT);
patient in-room to anaesthesia ready, surgical preparation
time (SPT); anaesthesia ready to procedure start, proce-
dure; procedure start to procedure finish, anaesthesia finish
time (AFT); procedure finish to patient out of room, and
turnover time; and first patient exits to subsequent patient
in room (Fig. 1). APT immediately follows turnover. [7]

Feature engineering

We started with 40 features collected from the SIMS
(Fig. 2). We used time stamps to derive intervals. ASA and
BMI had a covariance of 0.85; thus, only BMI was selected.
For the model, we eliminated values with very few samples
(less than 5%) such as Circulator 3, Circulator 4, 90-day
readmission, and post-operative complications. Some met-
rics such as date were expanded; and day, month, and year
were needed for analyses. The initial 40 features were refined
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Fig.1 Time intervals during a four joint day

Fig.2 Methodology of our
feature selection criteria

Stage 1

*Manual .

Metric
Selection .

*40-> 20

to 20 for the Boruta analysis stage. Too many features may
yield overfitting, where the model memorizes the data but
cannot precisely predict outcomes [8] (Table 1).

Data for each metric was then prepared and cleaned
according to the Cross-Industrial Standard Process for
Data Mining (CRISP-DM) [9]. Categorical features with
more than ten categories, such as anesthesiologist and
nurse, had low-frequency values labeled as “other.” Low-
frequency values were defined by normalizing the count of
surgery and selecting individuals in the top 20% of cases
completed. The different subtypes of anaesthesia were
generalized into general, regional, or spinal.

Centricity metrics and other statistical metrics were
plotted for time intervals used in benchmarks to deter-
mine the skewness of the data, kurtosis, standard devia-
tion, and mean. Abnormal records were then eliminated
(i.e., age — 1); skewness was handled by either taking the
natural logarithmic of the feature like SFT and AFT or by
binning to groups like age.

Table 1 List of initial features used for generating ML model

Stage 2 Stage 3 Stage 4
Boruta *Only *Benchmarks
Selection controlled I$ Metrics (DT
20 11 metrics Input)

*11>9 *9->6

Descriptive analytics

The absolute relationship of each metric was analyzed inde-
pendently along with the success rate of that metric. Success
rate was calculated by dividing success number of surgeries
by total number of surgical procedures, a success day would
have four success records (rows), similarly for unsuccessful
day, has four unsuccessful records. Other trends and rela-
tionships between multiple features, with up to four metrics
at the same time, were also studied.

Machine learning

Four thousand seven hundred ninety-six surgical procedures
were included in the data set. Seven hundred ninety-six
records included all information about each case including
patient (age, BMI, ASA, readmission), surgery (type, anes-
thesia, campus), team (surgeon, nurse, anesthesiologist), and

List of initial features used

Case finish

Anesthesiologist 2 first name

Surgeon 90-day readmissions
Case no Reason for readmission
Date Length of stay

Campus Anaesthesia start time
Type Time in room

Type of anesthesia

Anaesthesia ready time

Sex Anacsthesia stop time
Age Anaesthesia [inish time
BMI Surgical preparation time
ASA Case start

Surgery finish time
Turnover

Surgical time in minutes
Surgery

Total surgical time per day
Time out of room

Turnover

Anesthesiologist 1 first name
Anesthesiologist 1 last name

Anesthesiologist 2 last name
Circulator RN 1 first name
Circulator RN 1 last name
Circulator RN 2 first name
Circulator RN 2 last name
Circulator RN 3 first name
Circulator RN 3 last name
Circulator RN 4 first name
Circulator RN 4 last name

83

) Springer



346

International Orthopaedics (2023) 47:343-350

time (time stamps and date). The rest of the data set of 4000
surgical records did not include nurse or BMIL.

The data set was used for the feature selection process using
the Boruta algorithm, which reduced the input metrics to 13
[10]. Boruta categorizes metrics in order of importance. By
removing peri-operative patient metrics like type of joint, type
of anaesthesia, and age, the number of metrics were reduced to
six: procedure, APT in room, SPT, surgery finish time, turno-
ver, and AFT. These six metrics were then arranged from most
important to least important using Boruta. All records were
then used to delineate our decision tree model (Fig. 3).

Thereafter, a supervised machine learning classifica-
tion algorithm was used which allowed prediction of the
output (success/failure) and to receive the specific time
intervals needed to achieve the said output. ML models that
are interpretable are limited. Decision tree (DT) algorithm
was selected as it explains the output in the desired format,
benchmarks which use the decisions rules to describe the
probability of each rule. DT models are best in our scenario
as the relationship between dependent variables and out-
comes is non-linear.

To verify our model and determine AUC-ROC, we used
the sixfold cross-validation method where the data is divided
into 6 equal subsets, which are all used for training and vali-
dation [11]. The output accuracy is then the average output
of all six subsets. Cross validation handles the overfitting
problem efficiently.

Results
Descriptive analytics

The mean success rate was 39% (annually ranging from 26
1058%). If a day finished late, the day would end on average
21 min late (range 0-60 min). The years 2013 and 2019 had
the lowest success rates of 26% and 31%, respectively. Of note,
in 2013, our institution changed implant vendors, and in 2019,
we changed to a new electronic health record system. Success
rate by surgeon ranged from 28 to 59%. Mean surgery time
was 68.06 min (range between surgeons: 66.3-72 min). This
trend was similarly observed for anesthesiologists and nurses.

Machine learning

Of the 40 metrics, 20 were initially selected to predict
success: team (surgeon, nurse, anesthesiologist), rime
intervals (APT, SPT, procedure, AFT, surgery finish time,
AFT), and type of joint were significant. Patient metrics
such as gender, BMI, and ASA did not influence suc-
cess. After removing uncontrollable metrics like patient
age and type of surgery, we ended up having six main
metrics as input to our DT model, for which we used for
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Fig.3 (a) Success rate by surgeon from 2012 to 2020. (b) Success
rate by day of the weeck from 2012 to 2020. (¢) Success rate by year
from 2012 to 2020

benchmarks (Fig. 4). Of the time intervals, procedure
duration had the highest importance and the longest mean
duration (69.6). However, turnover time had higher aver-
age duration 26.5 min (range 3-145 min) than SPT 8.8 min
(range 0-75 min) and surgery finish time 5.2 min (range
0-49 min), yet it was ranked less important than both
(Table 2).

Model output
The predictive benchmark model determined success rate

based on any time interval input of APT in room, procedure,
surgery finish time, AFT, SPT, and turnover and calculated
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Table 2 Distribution of the time Metrics SFT APTInroom SPT Procedure AFT Turnover Prob-
intervals used for AI-Model .
ability
success
Min 0 0 0 19 0 3 100%
1st quartile 3 10 12 60 4 20 91%
Median 5 14 15 68 5 25 89%
Mean 5 15 15 70 7 27 77%
3rd quartile 6 18 17 77 8 31 0%
Max 49 68 75 210 74 145 0%

success with an accuracy of 72% (correctly predicted over
total predicted) and AUC=(.72 (Fig. 5). Our baseline prob-
ability, based on the mean performance of our team members
from 2012 to 2020 (median to mean) was 77-89% if APT
14-15 min, procedure 68-70 min, AFT 4-5 min, and turnover
25-27 min. Team members have a large influence on success
rate; with the above benchmarks maintained, success rate was
59% if surgeon exceeded 71.5-min procedure time or 89% if
64-min procedure time and 93% if 53-min procedure time
or 66% when anesthesiologist spent 17-19.5 min on APT.
However, if turnover reached 28 min, there was no change in
probability of success. i

OF Receivar aperating characteristic

Discussion

Artificial intelligence is widely used for clinical decision- «
making, diagnosis, and improving patient outcomes. IBM
Watson focused on analyzing multidimensional patient
data for decision making [12]. Google DeepMind Health
used ML to analyze medical data for diagnosis and pro-
viding time-sensitive information for surgeons [13]. Both

o oz o Cg 3 o
Faen Postive tatn

Fig.5 Receiver operating characteristic of decision tree model
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Intel Healthcare Analytics and Ascos CancerLinQ use Big
Data analytics to improve patient therapy by analyzing
patient electronic health records [14, 15]. Although there
has been a large increase in the use of ML in healthcare,
there has been a sparsity in the use of Al on throughput
and organizational management [16]. ML has been used to
predict OR durations and cases with a high risk of cancela-
tion and to generate schedules to improve OR and PACU
utilization rates [1, 17-19]. The above studies made use of
random forest models to make accurate predictions. Unfor-
tunately, random forest models do not have an interpret-
able output, making it difficult to implement meaningful
changes [16].

Descriptive analytics shed light on our data and
described the relationships of our features among each
other and with success rate. However, our need was
beyond merely studying the features one by one nor even
few features together. We sought to demonstrate the impact
of all metrics when assembled in a dynamic fashion that
can describe the interactions of the important metrics and
the impact of any change of any metrics independently
or as whole. We aimed to determine which features are
irrelevant and if a feature is important determining the
ranking. We created an AI/ML model which can predict
with an accuracy of 72% the success of a four joint room
based on individual performance during each stage of sur-
gery. The model creates a baseline to monitor individual
performance and creates opportunities to make real-time
strategic changes to improve the probability of success.

The Boruta model used for feature selection determined
that composition of the team (surgeon, nurse, and anesthe-
siologist) was the most important for success. Our study
showed that patient-related characteristics did not play a
significantly influence success relative to the other fac-
tors which is similar to another study which denoted that
patient factors explained only 25% of the variance in APT
[20]. However, this differs from Strum et al. which con-
cluded both surgeon and patient perioperative factors such
as ASA, age, gender, and anesthesia type influenced surgi-
cal time [21]. However, unlike our study, they described
which factors are or are not important, but did not quantify
or rank relative importance [21]. Although the surgeon
was the most important team member, all team members
were significant drivers of success. In other words, if other
team members do not perform, the likelihood of success
falls significantly from 77 to 59-69% despite the surgeon
performing well. Consequently, success cannot rest solely
on the shoulders of the surgeon. A single team member
underperforming can be the determining factor in a room
finishing on time or not.

Al-generated benchmarks give team members multiple
opportunities to achieve success. If a benchmark is not met,
the model identifies which interval(s) of the surgical patient
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encounter can be used to catch up and how much time is
required to be saved to finish on time. This is opposed to
our earlier work on benchmarks which attempted to predict
success of a four joint day but did not give team members
opportunities to finish on time or give the probabilities of
success of multiple benchmarks [5]. For example, if a case
is suspected to take longer than usual by a team member
(75 min), the AI-model has identified intervals (i.e., shorter
APT) which when shortened can achieve almost the same
success rate as our base case (74%). This provides an objec-
tive justification for reducing APT (8.5 min) by the anaesthe-
sia team, which can be accomplished by performing induc-
tion outside the OR in a block room (Fig. 6).

Ultimately, the goal of this project was to improve OR
throughput to reduce wait times and cost. A key finding of
our model was one minute spent on the case is not equiva-
lent to one minute spent on another interval; the relation-
ships are not linear. For example, a 1.5-min increase in
procedure time changed the success rate from 77 to 59%,
whereas a two minute increase in turnover did not produce
any. Thus, interventions used to improve success rates need
to focus on improving the intervals which impact success
rate. Some intervals have more room for improvement than
others. Intervals such as surgery finish time with a mean of
five minute (IQR 3-6 min) are short and therefore harder to
compress or make improvements. However, APT can be an
area for improvement because each minute had great impact
on success rate (importance 9.8) and has a 25th to 75th quar-
tile range of ten to 18 min, giving an eight minute window
for improvement.

Referring to our model, maintaining the mean of all
other intervals and achieving an APT in room of 10.5 min
or less would have a success rate of 77%. This information
can be quite helpful in determining impact of new processes
such as an anesthesia procedure room. Achieving a success
rate of 77% would be a 76% improvement compared to our
base case. With our base case, 61% of four joint days end
late, with an average of 36 min of overtime wages paid,
which hypothetically, in a year with 250 four joint rooms
that leads to 91.5 h of overtime and $312,051.60 in increased
cost (overtime costs $56.84 per minute) [22]. If we can
achieve a success rate of 77%, there will only be 34.5 hours
of overtime and $117,658.80 in overtime wages, a saving
of 57 h and $194,392.80 in costs. With both the time and
money saved, the hospital will have increased time to pos-
sibly perform a fifth case, and the funding to pay for that
case, reducing the burden of the joint replacement waitlist.

Benchmarks create the opportunity to monitor and quan-
tify individual performance. Team members can take their
past performances and use this information to understand
which intervals of the surgery they can improve on. Indi-
vidual performance feedback gives the opportunity to under-
stand strengths and weaknesses in practices and create and
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Fig.6 Example of OR management dashboard implementing Al model

motivate improvement. Moreover, benchmarks create opti-
mal frontiers for success in the OR setting. Thus, if there is a
new nurse or anesthesiologist working that day, the surgeon
will be aware of which interval of the surgery they can assist
in or speed up to make sure the day finishes on time. In addi-
tion, this can be used as part of quality initiatives.

Wau et al. suggested using a cutoff benchmark, i.e., 75th
or 90th percentile of worst performers and investigating the
reasons why they failed, such as technical difficulties or
inexperience which can be improved by further training [23].
Additionally, benchmarks can be used by management for
hiring and evaluating performance. For example, during the
probation period of a new staff member, the performance can
be compared to the baseline to determine if they are a fit in
the high-volume arthroplasty practice. By balancing out the
patient perioperative factors when scheduling patients, we
will be able to reduce variability in the case durations and
prevent too many lengthy cases taking place in a single day.

Limitations

This study is not without its limitations. Initially, we felt a sched-
uling model with optimized teams would lead to the best results
of time and cost savings. In one study, they used an AI model
to schedule surgeries which improved robot-assisted surgery
output by 34.9 to 51.7% [19]. With human resource constraints
and workplace politics, a computer model to select teams would
have benefited the high performers and negatively affected
poor performers, which goes against the goal of our project to
improve the performance of all. Using benchmarks instead of a
scheduling platform allows the individual nurse, surgeon, and
anesthesiologists to grasp what performance is expected of them
to contribute the team effort. We did not want to only optimize
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STAGE 4 STAGE 5 STAGE 6
(Pending) (Pending) (Pending)
Surgical Finish Anesthesia Finish T
Time Time bk
Solution 1 N/A | Prop 2 L
Actions Actions
Priority transfer to PACU Surgeon stays in the OR
Additional nurse to prep
case
Get next patient ready

early (i.e. block room)

human resource placement, but we also wanted to improve the
team environment and OR performance of all. Other models
which are more accurate but are not interpretable could have
been selected. However, they do not detail the interaction and
influence of individual intervals of the surgery. Although the
model was only 72.8% accurate, this is acceptable. The overall
accuracy of the model was less important than probability of
success of each rule of the decision tree as this creates multiple
opportunities to improve success. A machine learning model is
limited by the dimensions of the data set matrix. In this study,
we started with 40 features which were narrowed down to six.
As time goes, inherent ambiguity of our machine learning model
will decrease as the dimensions of our data set matrix will grow
with both features and columns. In the future, behavioural data
can be added to our data set matrix using blinded voice and
video recordings to add more features to our model [24, 25].

Conclusion

Al successfully predicted OR success and generated bench-
marks for arthroplasty. Benchmarks track OR performance,
demonstrate effects of strategic changes, guide decisions,
and provide opportunities to improve teamwork such as
through positive deviance seminars. Predictive benchmarks
can lead to more surgeries performed without increasing
resources used, improving joint replacement wait times.
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Chapter 6: Leveraging Machine Learning and Prescriptive Analytics to

Improve Operating Room Throughput

6.1. Summary

In this chapter, the journal explores the potential utilization of overtime compensation for
non-successful days, which refers to days when the staff fails to complete four surgeries
within an eight-hour timeframe. The aim is to allocate this overtime payment towards
accommodating a fifth case on successful days. The study based its assumptions on the
perspective system discussed in Chapter 5, examining two distinct scenarios. The first
scenario is highly optimistic, if the system enables the staff to achieve a 100% SSR. The
second scenario is more realistic and achievable, considering a 77% SSR (75" percentile)

as the target achievable rate with the system'’s assistance.

6.2. Methodology

In this chapter, a detailed analysis was conducted to assess the implications of not

completing surgeries on time, specifically focusing on the scenario of four arthroplasty

surgeries within an 8-hour window, typically scheduled between 7:30 am and 3:30 pm with
a 15-minute buffer time, and overtime pay only considered after 3:45 pm. The initial step

involved calculating the wasted time and cost associated with unsuccessful days.
Subsequently, a linear regression approach was employed to estimate the feasibility of
accommodating a fifth case on successful days by leveraging the overtime costs incurred
on the unsuccessful days.

This chapter primarily serves as a comprehensive cost-benefit analysis, delineating both

the financial implications and the impact on the operating room (OR) throughput that can
be realized through the utilization of our previously designed PAS system. It is crucial to

note that the focus of this chapter is not on prescribing specific actions to be taken to save

time or on detailing the methods to accommodate a fifth case.
Moving forward to the implementation phase in Chapter 7, the practical application of our
findings resulted in successfully fitting a fifth case on 50% of the successful days. The

accomplishment was made possible through the administration's strategic planning, which
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involved scheduling 5 cases instead of 4 on deployment days. Essentially, the surgical team
was required to handle a fifth case on most days, but it wasn't obligatory to complete it
within an 8-hour timeframe. Overtime payment was only necessary if the surgery exceeded
the allotted time. This implementation strategy served as a practical demonstration of
applying the insights obtained from the cost-benefit analysis. It highlighted the real-world

utility of our PAS system in improving operational efficiency within the operating room.
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First demonstration that a 5™ surgery is possible if certain Al-driven benchmarks are followed by
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Successful days are defined as days when four cases were completed before
3:45pm, and overtime hours are defined as time spent after 3:45pm. Based on
these definitions and the 460 unsuccessful days isolated from the dataset, 465
hours, 22 minutes, and 30 seconds total overtime hours were calculated. To
reduce the increasing wait lists for hip and knee surgeries, we aim to verify
whether it is possible to add a 5th surgery, to the typical 4 arthroplasty surgery
per day schedule, without adding extra overtime hours and cost at our clinical
institution. To predict 5th cases, 301 successful days were isolated and used to
fit linear regression models for each individual day. After using the models’
predictions, it was determined that increasing performance to a 77% success
rate can lead to approximately 35 extra cases per year, while performing
optimally at a 100% success rate can translate to 56 extra cases per year at no
extra cost. Overall, this shows the extent of resources wasted by overtime costs,
and the potential for their use in reducing long wait times. Future work can
explore optimal staffing procedures to account for these extra cases.

KEYWORDS

prescriptive analytics, predictive analytics, machine learning, time forecast, health care
efficiency, high volume surgery, operating room throughput

1. Introduction

In Canada, the median wait time for treatment from referral by a general practitioner
(GP) was 27.4 weeks (12.6 from GP to specialist, and 14.8 from specialist to treatment) in
2022. This value continues to trend upwards, even relative to pre-determined reasonable
wait times (1).When looking at individual specialties, orthopedic surgery not only
consistently demonstrates long median wait times over several years, but also has the
longest median wait time from specialist to treatment in 2021 (30.2 weeks) and is second
only to plastic surgery in 2022 (32.4 vs. 34.3 weeks) (1). Despite having an estimated
median reasonable wait time of 15.4 weeks, hip and knee replacement surgeries were still
given a Pan-Canadian benchmark wait time of 26 weeks as a maximum, yet it is still lower
than the national median wait time of 38.0 weeks in 2022 (1). In Ontario alone, there are
currently an estimated 206,000 patients waiting for surgical procedures (2). For orthopedic
surgery in Ontario, the median waiting time is 19.9 weeks, 75% greater than the province’s
reasonable median wait time of 11.4 weeks, leaving an estimated 38,275 patients waiting
for orthopedic treatment, 25,372 of which are for arthroplasty surgeries (1).

Before the COVID-19 pandemic, hip and knee replacements were increasing at a rate of 5%
per year. During the COVID-19 pandemic, hip and knee replacements between April and
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December decreased by 16.1% and 29.8% respectively from 2019 to
2020 due to an abundance of cancellations, creating an excess of
waiting patients. In fact, current trends in Canada have led to
138,500 surgeries and estimated inpatient costs of over $1.4 billion a
year, imposing a huge burden on the economy, in addition to large
backlogs in waiting lists (3). Unfortunately, data indicates that in
order to overcome these large backlogs, provinces will need to
exceed pre-pandemic rates of surgery, something that has only been
accomplished 3 times nationally since the beginning of the
pandemic (4).

In Ontario, patients are triaged into different categories based on
urgency: priority 4 patients have a target treatment time of 182 days,
priority 3 have a target treatment time of 84 days, and priority 2
patients should be treated within 42 days. When evaluating the
wait time from the decision for surgery to the surgery itself, only
16% of hip replacement patients and 10% of knee replacement
patients are treated within the target time at our institution. For
the former treatment, the average wait time for priority 4 patients
is 375 days, while that for priority 2 patients is 135 days (not
enough data for priority 3), while knee replacement patients yield
average wait times of 398 days for priority 4 patients, and 214
days for priority 3 patients (not enough data for priority 2) (5).

Current options that support and enhance the scheduling and
efficiency of hospitals come in two main types: clinical and non-
clinical methods. The non-clinical methods (6, 7) can be divided
into three approaches: firstly, incorporating new resources to
enhance the effectiveness of operating rooms (8-11); secondly,
utilizing data-driven methods like rhetorical data and descriptive
analytics to modify, assess, or reorganize existing hospital resources
(12, 13); and thirdly, employing machine learning (ML) solutions
specifically designed for operating room optimization. The majority
of these solutions have the common goal of foresecing various
aspects of surgical procedures. This involves predicting events both
before (14) and after surgery (14-16), as well as accurately
estimating the duration of the surgical process itself (17-19).

Expenses can be associated with any of these phases of surgery,
which opens up opportunities for cost reduction (20). One way to
achieve this is by diminishing the necessary resources through the
implementation of self-management application (21). Additionally,
certain decision support systems have been employed to simulate
various scenarios involving interactions with staff and managers,
potentially leading to an increase in the number of cases on
certain days (22).

Other Efforts such as 4-joint operating rooms (OR) (ie.,
dedicated to serving 4 operations within 8h) have been
implemented to increase throughput and shrink existing waiting
lists (23). However, the issue persisted, as the 4-joint room was
only able to report a 49% success rate in 2012, indicating a lack
of consistent efficiency (23). This is additionally concerning as
inefficient use of resources and time contribute to 30% of total
healthcare expenditures (14), further emphasizing the need to
optimize time and cost. These numbers highlight the burden
placed on this hospital, and the pressing need for solutions to
reduce the waiting list.

We are of the opinion that we are pioneering the utilization of
perspective analytics to compute the expenses linked to overtime
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pay and forecast whether this sum suffices to accommodate a
fifth instance of a 4-joint arthroplasty procedure.

2. Previous work

Our institution has a dedicated orthopedic OR for 4-joint
arthroplasty procedures. The OR is specially designed for high-
volume arthroplasty surgeries, i.e., partial, and complete joint
replacement, and facilitates four procedures each day (from
Monday to Friday, excluding Wednesday at which time the ORs
start 30 min later for education). Each procedure is subdivided
into six stages, including Anesthesia Preparation, patient
positioning, surgical procedure, patient exiting the room and
turnover, the final stage (see Figure 1).

A successful day in this arthroplasty OR is defined as the
completion of all four procedures within the allocated time; in
this case, the eight hours assigned between 7:30 am and 3:30 pm;
however, because there is a 15-min buffer window for overtime
pay at our institution, 3:45 pm is used in the proposed methods
of this article. The Surgical Success Rate or SSR was the metric
designed to keep track of the percentage of successful days in a
predetermined period (typically a year).

The original SSR was dismal - 39%, and the overtime cost for
our institution was roughly $570,000 annually. Multiple initiatives
were introduced to improve this SSR with varying degrees of
success (23-25).

Recently, we suggested the most comprehensive solution to this
problem—a Machine  Learning  (ML)-based,
prescriptive analytics system. It not only predicts the probability
of whether a particular day would be successful based on time
variables, but also monitors each stage of the procedure in real-
time, modifying its prediction if needed, and offers suggestions

data-driven,

through a proposed list of actions at a given stage to increase the
probability of success (25), as demonstrated in Figure 2.

These suggested actions are updated stage-by-stage for each
procedure. The multiplicity of suggestions ensures that the
surgical team has multiple viable options to choose from,
allowing them to leverage their experience and expertise to
employ what they believe would be the most positively impactful
suggestion in any given circumstance (see Figure 2). These real-
time proposals allow the system to not just monitor but optimize
the procedures and influence the SSR.

The suggestions offered by the ML-based prescriptive analytics
system were developed and tested during a comprehensive and
highly successful program designed to optimize OR procedures.
The program focused on Positive Deviance seminars offered by
the most successful surgical professionals in their respective
domains. This included surgeons and registered nurses (RNs)
with the highest SSR, with the idea of sharing their expertise and
best practices with the team to improve overall SSR (8). At our
center, during the PD exercise the anesthesiologists refused to
participate.

These professionals shared the processes and procedure
optimization techniques that allowed them to complete all four
surgeries on time (without compromising patient safety) with the
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FIGURE 1

An overview of each stage of a procedure, as well as the transition between two (turnover). At the top are the stage markers of a case, while the black
region shows the different duration variables used. Acronyms are fully explained in Table 3.
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A visual demonstration of the artificial intelligence model's function. Colors are used to indicate timeliness at each stage of the procedure, while
suggestions are provided for ways to maintain or catch up to the desired rate

Cont. Monitoring at PACU

rest of the team (see Table 1). These processes and techniques were
made part of the ML system, which would suggest the right set of
actions at various stages of the procedure to optimize the process.

Following the system’s suggestions resulted in a significant
improvement in individual procedure times and, as a result, an
improvement in the overall SSR.

2.1. The benchmarks

The model establishes multiple sets of benchmarks to track
success and failure by monitoring the six stages of individual
procedure case. More specifically, both stage duration benchmarks
and recommendations are produced for any desired SSR. Based on
the sets produced, a 77% success rate was defined as the baseline,
replacing the default SSR of 39% (25). This SSR was selected as the
baseline because its benchmarks were deemed easily achievable by
the clinicians and through the leveraging of the prescriptive
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analytics system (see Table 2). In doing so, it leads to improve
nearly three out of five (61%) failed days on which the 4 surgeries
were not completed on time. These failed days, on average, cost the
hospital about 36 min of overtime (more than $2,000 a day).

Another benchmark is the best-case scenario - 100%. This is
achievable when the prescriptive analytics system is fully
leveraged, and the most potent actions/suggestions are followed
to optimize the overall procedure time. This results not only in a
successful day, but also with an adequate amount of time left
within the eight-hour window. It is this scenario that encouraged
us to suggest a follow-up model. Example benchmarks for this
scenario as well as others are shown in Table 2.

3. Relation to this work

With the development of our ML-based prescriptive analytics
system, the ideal scenario would be zero overtime and all
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TABLE 1 Examples of suggestions offered by surgeons and nurses at positive deviance seminars to optimize OR procedures.

Surgeons

1. Be there from positioning to patient transfer from the table.

2. Have a dardized/p lized approach for each type of procedure.

3. Anticipate next steps, calling for instruments/implants.

4. Assist with turnover and putting away instruments, but in a way that is supported
by nurses.

5. Institute an incentivization for the entire team to be done by 3:30, and that would
drive efficiency.

6. Bring the patient into the room for spinal preparation such that instruments may
be opened simultaneously (in parallel rather than in series)

7. Anesthesia does the blocks and spinals in the procedure room.

Nursing
1. Have an engaged, familiar team working together.
2. Have equipment ready to go before patient enters the room.
3. Whole team (nursing, surgery, anesthesia) is present during turnover.
4. Begin putting away instrumentation during closing.
5. Have experienced, knowledgeable scrub nurses who know the steps to the procedure |
and will know when certain instruments (implants) are needed.
6. Have attendants available to help with turnover.
7. Ensure nurses in the room have received total joint training.
8. Minimize phone call interruptions from pre-op and PACU during the case.
9. Ensure attending available for prep. Make use of free staff in room when prepping/
positioning. Ensure no revision of surgical positioning.
10. Need team lead (TL) to have adequate time for training and administration.
11. Ensure improvements in efficiency don’t come at cost to patient outcomes.

TABLE 2 Benchmarks established by the Al model for different success rates. The baseline and the optimal scenarios are used for evaluation in this paper.

Scenario APT (mins) Case (mins) AFT (mins) Turnover (mins) Success rate
Baseline (75th percentile) <10.5 <71.5 <20.5 <215 77% ‘
Fast procedure <10.5 53 <20.5 <215 93% |
<105 64 <205 <215 89%
Slow procedure <105 >71.5 <20.5 <215 59%
Slow turnover <105 <715 <20.5 >215 69%
| Slow anesthesia Preparation 10.5-18.5 <71.6 <20.5 <215 64%
\v Optimal performance <7 <62.5 <7 <20 100%
surgeries completed on time on any given day. However, even if we  time-based benchmarks for different success rates. Cost

disregard the anomalies during procedure and preparation, there
are several factors preventing this ideal scenario from becoming
the norm, including a limited number of high performers and
the inevitable concentration of more time-consuming patients on
certain days (statistically significant).

This encouraged us to consider the above two benchmarks,
77% and 100% SSR outputs of our perspective system to predict
the possibility of completing an additional surgery (ie., a 5th
case) during a successful day. To do this, savings from the
decrease in overtime hours and its increased pay will be
evaluated for its ability to fund the 5th cases, leading to an
increase in throughput with no extra cost. This will ensure fair
compensation to the surgical staff for a higher number of overall
surgeries because additional surgeries would be covered under
the saved overtime that the staff has already been paid for.
A flowchart visualizing this process can be found in Figure 3.

Even with a rudimentary calculation, the average overtime
for four unsuccessful days (36 min times four) will be roughly
enough to justify fitting in a fifth surgery on a successful day.
With the cost and time justified, the analytics systems will be
applied to different time distribution scenarios to identify how
many successful five-surgery days are feasible and justifiable. This
may require us to consolidate recommendations like scheduling
multiple low-risk/less-time-consuming patients on a single day or
deferring monitoring in the Post-Anesthesia Care Unit (PACU).

Therefore, the contribution of this article is to implement a
predictive method to estimate of likelihood of fitting a
Sth=surgery during a successful 4-joint operating room day,
using only cost-savings accrued from use of our previous work
—an Artificial Intelligence (AI)-based model that produces

Frontiers in Digital Health

savings from two success rates that will be evaluated: 77%, our
realistic baseline, and 100%, optimal performance (25). To
do this, we will utilize linear regression by fitting a model to
every successful day, generating a histogram of 5th case
predictions that will be leveraged to explore different
distribution strategies of saved costs.

4. Arthroplasty data set

In order to leverage the existing ML-based prescriptive
analytics system for the proposed fifth case simulation, it’s
imperative to understand the foundational data used to build the
original model/system.

4.1. Time period

The data collected for building use in this paper spans from
2012 to 2019. This is enough time to recognize almost all short-
term and long-term patterns in data. The statistically significant
amount of data naturally lowered variance estimation, leading to
more accurate predictions and, consequently, drawing more
relevant recommendations.

4.2. Nature of procedures

To streamline the data and identify better optimization
techniques, we adhered to non-complex cases and unilateral
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A flowchart showing an overview of our research plan. This article focuses on row 3

surgeries. Our early analyses found that bilateral surgeries take
more time, and even if it is not twice as long as unilateral
surgeries (such as the actual difference in the surgical procedure),
it is statistically significant enough to prevent the on-time
completion of four surgeries in a day. It is also important to
consider that typically, there is an approximate 4:1 unilateral to
bilateral surgery ratio, so the bulk of the procedures were
considered. ~ Similarly, complex where  health
complications, which may prolong the procedure, are identified
beforchand were also excluded from the data set since they are
predictable rarities, not the norm.

surgeries

4.3. Nature of data

The data our machine-learning systems were trained on was
both numerical and categorical in nature. The numerical data
mostly consisted of timestamps for every stage of the procedure,
which were converted to durations to generate a rich number of
numerical variables and metrics. The categorical data came from
the individuals and the type of surgeries performed. Collectively,
the data pool consisting of 40 different variables covering almost
all medically relevant details about the patient and procedure, the
surgical team performing the procedure, and the necessary time
variables; however, the final dataset was filtered down, resulting
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in 29 of the pool’s 40 variables being used (see Table 3). Of
these 29, Case Number and Out of Room Time will be used in
this paper’s models, highlighted in Table 3.

4.4, Data collection source

The data for most of the identified metrics came from the
Surgical Information Management System (SIMS), though some
data points came from patient charts and daily notes. This
consolidated sourcing of the relevant data prevented the need for
integrating different information management systems and
overcomplicating the process. This is also one of the factors
making this system extrapolatable to different healthcare facilities.

4.5. Treatment of data

Since we already removed anomalies like complicated cases and
statistical outliers (bilateral surgeries) that would undermine the
pattern recognition and generation of useful insights, the treatment
was relatively minimal. The data was cleaned for missing
information and incorrect values, both of which represented less
than 1% of the observed data set, so the removal was not
significant enough to impact the statistical outcome. Regardless of
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their dissent with median values, rare cases (categorized as non-
complex before the procedure began) were kept in the data set.
They had a modest impact on the extremes, but not enough to
deviate from the trends enough to draw wrong conclusions.

TABLE 3 The selected variables that were present in the dataset used for
the development of the Al model.

Staff (tea Patient  Safety
metrics metrics  metrics
Anesthesia preparation time Surgeon Campus | 90-day
(APT) readmissions
Anesthesia start time [ Anesthesiologist Type of | Reason for
surgery readmission
Time in room Circulator Nurse 1 | Type of Length of

anesthesia | stay
| Circulator Nurse 2 | Sex

Anesthesia ready time

Anesthesia stop time Age

Anesthesia finish time (AFT) BMI

Surgical preparation time (SPT) ASA

Case start

Case finish -

Surgery finish time (SFT)
Turnover

Surgery (procedure) time

Time out of room

Case no
Date

Time out of Room and Case No are the features used for this work.

TABLE 4 General patient demographics from the sample dataset.

Number of surgery days (total surgeries) 761 (3,044)
Distribution of male and female patients 1,560 (51.25%) M; 1,484 (48.75%) F
Average patient age 632119

Average patient BMT 30+5

300

Count

FIGURE 4

Histogram of Out of Room Time (All vs Successful)

14:00

Out of Room Time

A histogram of out of room times showing all individual cases, and successful cases. The x-axis shows bins of times at which patients have been escorted
out of the operation room, while the y-axis shows the number of cases that are in each bin

10.3389/fdgth.2023.1242214

4.6. Demographics of patients and other
quantifiable

Table 4 contains required information about demographics of
patients and some other quantifiable.

4.7. Descriptive analytics

Of the 761 4-joint operation days, 301 were successful (4
operations before 15:45), marking a 39.55% success rate. In these
successful days, there was a total 97 h and 49 min of spare time
(time between the end of the final case and 15:45), averaging to
19 min and 30 s per day. Overtime-cost hours were calculated
using the remaining 460 unsuccessful days by multiplying the
number of overtime hours (hours worked past 15:45) by 1.5 (the
paid overtime rate). Doing so reveals a total 465 h, 22 min, and
30 s overtime-cost hours, leading to an average of one hour per
unsuccessful day.

Each case’s out of room time, which is the time at which the
patient is taken out of the operating room, is plotted on a
histogram, showing distributions of successful cases and all cases
(see Figure 4). Peaks on the graph belong to individual
distributions of one of the four cases in a day. The distribution
of all 4th cases shows a tail that extends past 8 pm, marking over
4h of overtime on some days. In general, the skew of all cases
appears to increase to the right with each subsequent case
number, while that of successful cases appear to do so minimally
to the left. In line with the trend of increasing skews, the spread
of each distribution also increases with each subsequent case
number, going from having a standard deviation of 00:17 m:44 s
for first cases to 00:42 m:05s for fourth cases, as shown in

' Out of Room (All Cases)
I Out of Room (Successful Cases)

20:00
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TABLE 5 The standard deviations of successful cases and all cases.

All cases Successful cases

Ist case 00:17:44 | 00:12:07 |
| 2nd case 00:26:14 [ 00:17:01 \
| 3rd case 00:31:26 \ 00:18:56 \

4th case 00:42:05 | 00:16:51* |

*Reduced by a cut of the distribution due to the limit at 15:45.

Table 5. Table 5 also shows a stark difference between successful
cases and all cases, as the former is much more consistent with
their times, as demonstrated by their smaller standard deviations.

Individual successful days were isolated, and their out of room
times were each graphed against their case number. Figure 5 shows
an example of 4 different days, all of which demonstrate the linear
nature of out of room times for a specific day. This observed trend
inspired our method of predicting 5th cases as described in the
Methodology.

5. Methodology

The data was first divided into successful and unsuccessful
groups: the successful group contains all days where the fourth
case was completed (as defined by its out of room time) at or
before 15:45, while the unsuccessful group contained all days
where the 4th case was completed after 15:45.

As previously mentioned, there is an average of 19 min and
30s of spare time per successful day; to ensure that this spare
time is used and that staff do not end their days later than
needed, it was decided that 5th cases will only be added to
successful days. This decision is further reinforced by the

10.3389/fdgth.2023.1242214

successful group’s more consistent trends, which facilitates model
training to yield more accurate results. Thus, the successful
group is used for the prediction of 5th cases and their potential
addition, while the unsuccessful group is used for the calculation
of overtime-cost hours and the distribution of their hypothetical
savings among all days.

To predict 5th case out of room times, the linear nature of each
successful day’s cases is leveraged (see Figure 5). All 301 successful
days are isolated, along with their 4 cases. For each isolated day, a
linear regression model is used to fit the out of room times with
case number as the independent variable, and a 5th case
prediction is generated from each one. Following the prediction
for each day, a distribution of 5th case predictions is produced
(shown in Figure 6). This distribution will be used to evaluate
the potential of adding extra cases by using previous cost savings
calculated from unsuccessful days. The use of linear regression is
advantageous due to its interpretability, simplicity, and its ability
to make predictions without ground truth data. Due to the
nature of the problem, no 5th case ground truth data is available,
limiting the scope of methods to choose from. Linear regression
overcomes this problem by not requiring the desired input to be
in the training set. Given the approach of isolating successful
days, each day’s model can be individually analyzed and
adjusted, with its slope representing that day’s average case
duration. Further, linear regression accounts for the day’s start
time by accounting for the first case, and naturally produces
variability in case durations without compromising overall
accuracy by fitting to the existing variability within the dataset.
Finally, this method allows for the prediction of further cases (ex.
6th, 7th, etc.) if needed by simply changing the input variable.
The linear regression equation is shown below, where w; denote
the trainable weights, x is the inputted case number, and y is the
associated Out of Room time. Practically, w, reveals a given day’s

Out of Room Time for Each Case (day 10)
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FIGURE 5
Random examples of successful days' out of room times with case numbers on x and out of room times on y.
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FIGURE 6
A histogram of all predicted 5th case out of room times. The x-axis represents different bins of predicted 5th case out of room times (time at which
patients are escorted out of the operation room), while the y-axis shows the number of predicted cases that are in each bin

average case duration, while wy accounts for varying start times
between days.

y=wmx+ w (1)

Calculations for overtime-cost hours saved (OCHS) were made
using this equation:

OCHS = 465.375 — 761x(1 — y) (2)

Where x is the previously calculated overtime-cost hours per
unsuccessful day, y is the new success rate, 465.375 represents
the current number of overtime-cost hours (based on the
39.55% success rate), and 761 is the total number of days in
the dataset. Thus, a 100% success rate would lead to saving
465.375 overtime-cost hours. The calculated OCHS is then
divided in 3 ways: daily (761 days), bi-daily, and once a week
(4-day work weeks), each producing a different 5th case
success time benchmark. Once done, the predicted 5th cases
are used to generate success rates for each success time and
calculate the number of potential extra cases delivered at no
extra cost.

6. Validation

Because there is no ground truth data, two methods of
validation are employed. Both methods rely on Mean Absolute
Error (MAE), which is described by the following equation:

1 n 2
MAE= —3 "0 yi— 7l ©)
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Where n is the sample size, y is the actual value, and y is the
predicted value. MAE is used because of its interpretability, as it
provides the actual mean time difference between the generated
values and the ground truth.

The first method is the prediction of 3rd and 4th case out of
room times, so that MAEs can be generated from their existing
ground truth data. To do this, the same procedure that is used to
predict 5th cases is also used to predict 3rd and 4th, with the
difference being that the lines are only fit to the first 2 and 3
cases of each successful day respectively. Once all the errors are
calculated, histograms and 95% mean confidence intervals are
produced for the MAEs to gain a deeper understanding of the
model’s performance. Through this method, we are leveraging
existing ground truth within the data to produce MAEs that can
be used to infer that of the prediction of 5th cases.

The second method is used to give an impression of how well
the lines fit to the existing data. Each day’s model has their MAE
calculated using the points on the line and the actual 4 case out
of room times. From there, another distribution and 95% mean
confidence interval is generated for further insight into linear
regression’s performance on the dataset, as well as the 5th case
predictions’ errors themselves.

7. Results

All predictions were compiled and visualized as a distribution
(Figure 6). The predictions have a mean time of 17:24:17 (95%
CI=17:21:46, 17:26:48) a median of 17:29:30, and a standard
deviation of 22 min and 10s. Of the 301 predictions, 256 of
them (85.7%) fall below the 2-h mark (17:45), while all 301
(100%) are predicted to end before 18:00, as the latest predicted
time is 17:56:30.

After training 3rd and 4th case-predicting models, mean absolute
error values of 13 m:40s and 14 m:13 s minutes respectively were
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calculated. A distribution of every day’s error for each model is shown
in Figure 7. These distributions yield 95% mean confidence intervals
of 00 h:12 m:28 s, 00 h:14 m:50 s and 00 h:12 m:53 s, 00 h:15 m:31 s
for the 3rd and 4th case models respectively.

Similar outputs were produced for the second method; the
mean of all daily MAEs was 4:45min, with a 95% mean
confidence interval of 00 h:04 m:25s, 00h:05m:05s and a
standard deviation of 2:55 min. The histogram of all daily MAEs
can be found at Figure 8.

8. Linear regression compared to other
techniques

While evaluating different approaches, the characteristics of
our dataset significantly limited the choices available to us.
Firstly, the absence of ground truth data for the fifth case

10.3389/fdgth.2023.1242214

eliminated the option of employing machine learning techniques
reliant on labeled training data. Secondly, we identified a
pronounced linear pattern in successful outcomes, prompting the
adoption of linear regression. Although we explored alternative
regression methodologies, it became evident that none were
viable for our particular scenario where each day required a
distinct model. Bayesian regression, for instance, necessitated
data distributions to derive information, but this method proved
unsuitable given the small dataset of four data points per model
across each day.

Given the solvability of linear regression, we disregarded
models employing gradient descent or regularization techniques
as unnecessary. Nonetheless, for the purpose of comparative
analysis, we contemplated incorporating the average duration of
each case (119 min). To achieve this, we added the time taken
for the fourth case from the available room time and assigned
this duration to the fifth case, assuming a success time of

Count

00:30 00:50
Error (minutes)
Histogram of the errors from the 4th case-predicting model
€
-]
o
o
00:30 00:40 00:50 01:00 01:10

Error (minutes)

FIGURE 7

Histograms showing the distribution of the absolute values of each recorded error for the 3rd case-predicting model (top), and the 4th-case predicting
model (bottom). The x-axes denote bins of absolute error values in minutes, while the y-axes show the number of predictions in each bin.
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A histogram showing a distribution of the absolute values of each day’s MAE. MAEs were calculated using the differences of each ground-truth case and
their fitted lines. The x-axis shows bins of mean absolute errors for any given day's 5th case-predicting model, while the y-axis counts the number of days
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5:45 pm. This hypothetical adjustment yielded a 100% success rate,
as all fourth cases concluded prior to 3:45 pm. It is important to
note that this outcome is unrealistic and contradicts our
understanding of the situation. Furthermore, the identical
distribution between the fourth and fifth cases is also unrealistic,
particularly when considering that the standard deviation
increases with each successive case number.

9. Predicting the potential to Fit a 5th
case during successful surgery days

The predictions were considered under two potential scenarios:
77% success rate, and 100% success rate. Using Formula 2,
achieving a 77% success rate would yield hypothetical savings of
288 h:17 m:50 s overtime-cost hours, which is approximately 38 h
and 26 min per year. Distributing these hours daily leads to
22 m:44 s extra minutes per 5th case day, which when added to
the original end time of 15:45, would produce a new end time of
16h:07 m:44s. Based on predictions, 5th cases would be
completed at a 1.00% success rate for that time. This extra time
is doubled when distributed bi-daily to 45:28 min per day,
marking a surgery end time of 16:30:28 and more than doubling
the 5th case success rate to 2.66%. Finally, given that 4-joint days
are only run 4 days a week, the extra time is once again doubled
when pooling them for a weekly 5th case. Doing so yields 90:56
extra minutes per 5th case day, for a surgery end time of
17:15:56 and predicted success rate of 26.25%. However, because
an end time of 18:00 (135 extra minute) has a predicted success
rate of 100%, one week can be skipped to split its extra time
among the following two weeks and lead to two days with a
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predicted 100% 5th case success rate every 3 weeks. Ultimately,
this sums up to approximately 35 extra cases per year at no extra
cost. A map of potential distributions at a 77% success rate is
shown in Figure 9.

Under the situation where a 100% success rate is achieved, all
465 h:22 m:30 s overtime-cost hours would be saved. With a daily
split, this amounts to 36 m:42 s per 5th case day, an end time of
16 h:21 m:42 s, and a predicted 5th case success rate of 1.99%.
Distributed bi-daily, these values increase to 73 m:21s, 16:58:24,
and 12.6% respectively. When divided weekly, 146:48 extra
minutes, adding to an end time of 18:11:48, are given per day,
producing a predicted success rate of 100% with a minimum of
10 min to spare. These spared minutes can be pooled to
contribute to another 4 cases per year, leading to a total of 56
potential cases per year (assuming the hospital runs all year
long). A schematic showing these results is found at Figure 10.

10. Discussion

Considering poor 4-joint day success rates, our previous work
sought the development of an AT model that provides benchmarks
to achieve a certain success rate. Given our institutions’ current
wait list issues with hip and knee replacement surgeries, 5th
cases were predicted to evaluate the potential of their addition
using only overtime savings from an increase in success rate.
This can lead not only to better staffing efficiency, but higher
surgical throughput to help reduce the waiting list as well.

After completing 5th case out of room time predictions, a mean
out of room time of 17:24:17 and a median of 17:29:30 were
predicted. A negatively skewed distribution was expected due to
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288:17:59

overtime hours
Including x1.5 OT pay

Divide over operation days
(assuming 100% success rate)

Daily

22:44
minutes/day
Surgery end time:
16:07:44

1.00% 5t case
success rate

Bi-daily

v
45:38
minutes/day

Surgery end time:

16:30:28

2.66% 5t case
success rate

Weekly

90:56
minutes/day
Surgery end time:
17:15:56

26.25% 5t case
success rate

FIGURE 9

A schematic demonstrating the division of saved overtime-cost hours from performance at a 77% success rate. There is only a 1% chance of fitting a 5th
case successfully each day, and up to 26.25% chance to add a 5th case per week

the same trend with 4th case out of room times. The predictions’
standard deviation of 22 min and 10 s also falls within expectation,
as it increased relative to previous ground truth cases, as shown in
Table 5. Despite the average successful case time of an hour and
59 min, not all predicted 5th cases (85.7%) fall below the 2-h mark
(17:45) while all 100% are predicted to end before 18:00, as the
latest predicted time is 17:56:30. These findings highlight the
presence of nuances in trying to find the optimal balance between
time added and prevention of further overtime waste.

When applying the predictions to evaluate how cost-savings
can be used to fund 5th cases, two contexts are considered:
performance at a 77% success rate, our baseline rate that is
deemed achievable and realistic by the clinicians (based on the
model’s benchmarks), and performance at a 100% success rate,
which is the ideal, best-case scenario. In both cases, it seemed
preferable to pool the hours at different intervals in order to
maximize throughput while minimizing the risk of overtime costs.

At a 77% success rate, the time saved would lead to sub-3%
success rates when divided daily or bi-daily. Although this would
lead to much higher throughput, it would do so at the cost of
many overtime hours, where salary is increased by a factor of
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1.5. This case is also true when dividing the hours weekly, as 90
extra minutes leads to a 5th case success rate of only 26.25%.
Intuitively, this gives the impression that extra time can be
pooled further to guarantee one extra case per month with no
extra cost; however, simply adding another 45 min is enough to
guarantee success based on the predictions, something that can
be done for two weeks by skipping one. In other words, when
distributing hours to one day a week, skipping one week leads to
a 100% 5th success rate in the following two. Overall, this means
that approximately 35 extra cases per year at our institution can
be funded solely from the savings accrued by increasing
performance to a 77% success rate.

When performing optimally (100%), results were similar, as
pooling the saved costs also drastically reduced 5th case overtime
costs. Daily and bi-daily distribution of saved costs yielded 5th
case success rates of 1.99% and 12.6% respectively, while weekly
pooling of saved costs allowed for 100% success rate, with a
minimum 10 min to spare. In total, savings can be optimized to
project 56 extra cases per year, meaning that 56 cases worth of
overtime-cost hours are currently being spent due to inefficient
performance at our institution (39.55% success rate).
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A schematic demonstrating the division of saved overtime-cost hours from performance at a 100% success rate

However, one limitation with our output is the inability to
conclusively measure prediction accuracy due to the lack of
ground truth 5th case data. Instead, existing data was leveraged
to infer the models’ accuracy. The first method of doing so,
training models to predict 3rd and 4th cases, yielded mean
absolute error values of 13m:40s and 14m:13s minutes
respectively. Based on the histograms, most errors are smaller
than the means (see Figure 7), with a few large outliers. This is
deemed acceptable as these errors can represent variations in
case durations that exist in the dataset, making a more
representative distribution of predictions. The second method
looked instead at how well linear regression fit to the existing
data, yielding a mean absolute error value of 4 m:45s. As with
the previous method, the distribution of errors shows a positive
skew, indicating that most of the errors are below the mean with
a few large outliers. Overall, linear regression fit well to the
trends of the dataset. However, as mentioned, the lack of any
ground truth 5th case data makes this evaluation inferential, as a
more direct evaluation cannot be made.

Another limitation is the uncertainty of how the data might
change once the AI model (9) is implemented. Whether use of the
model would work by improving the speed of all cases, reducing

Frontiers in Digital Health

12

the number of slow cases, or simply streamline case durations so
that they are more consistent is unknown, and could impact the
distribution of predictions. Fortunately, it is likely that the use of
the model would shift the distribution to the left, potentially
making the current evaluation a pessimistic one.

Despite these limitations, we propose a simple, effective, and
reproducible method of calculating potential throughput gains
with no extra cost as a result of improved performance efficiency.
In our case, this improvement relies on the success of a
benchmark-establishing AT model developed by members of our
team. Furthermore, the gains are only attainable with the
modification of staffing procedures so that longer days are had
without spending overtime rates; one example for this is to benefit
from staff that show up late, and who can stay late, by having them
stay longer for the fifth case. This work also opens many avenues
of future research: reproduction of this work after implementation
of the Al model may produce further refinements to cost-free
throughput enhancement depending on how the model affects all
cases, and whether it improves successful case durations as well.
Research into how staffing can best be modified to account for
extra cases could also offer another level of optimization, and a
potential area of healthcare reform.
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11. Conclusion

Due to the COVID-19 pandemic, the Canadian healthcare
system was burdened with long hip and knee replacement wait
lists and extra costs as a result of cancelled procedures. We aimed
to leverage the savings that would be accrued from the use of our
Al model to increase surgical throughput with no extra costs. To
do this, linear regression models were used to predict 5th case
out of room times that served as benchmarks to estimate success
rates at different 5th case success times. Success times were
determined by distributions of hypothetical overtime-cost savings
that would be accrued using the AI model. Previously, our
institution operated at a 39.55% success rate. Overall, it was
found that increasing to a 77% rate can lead to approx. 35 extra
cases per year funded solely by the savings acquired, while
operating at a 100% success rate can lead to 56 additional cases
per year. Future work can look at the optimization of staffing
procedures to account for extra hours with no overtime pay, and
the effects of the Al model on all case durations.
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Chapter 7: Validation of the Prescriptive Analytics System in clinical

practice

7.1. Summary

In this chapter of my thesis, the central focus revolves around the comparison between theoretical
concepts and practical outcomes. I assess the performance of my algorithms and evaluate the
efficacy of implementing the WTMF into an integrated PAS, a prototype. Additionally, I validate

the feasibility of accommodating an additional case in real-world surgical practices in Appendix D.

7.2. Methodology

The primary objective of this thesis is to formulate and implement a machine learning solution

aimed at enhancing the operating room throughput for arthroplasty procedures by optimizing

overall efficiency within the surgical team. Among the three frameworks proposed in Chapter 3,

specifically designed to enhance operating room throughput through different methods, the WTMF

stands out and has been selected for further development and advancement in the implementation

phase.

The implementation process focused on creating a prototype of the PAS system, requiring only the
essential components of the whole components outlined in Appendix B to validate the concept.
These include the machine learning output of benchmarks and the estimated SSR,
recommendations necessary to achieve specific SSR scenarios elucidated in Chapter 6, and a

rudimentary monitoring system.

Surgical team selection was random, with volunteers participating, some having attended Positive
Deviance (PD) seminars, while others had not. Varied records existed for different team members,
and awareness of the project varied among participants. The selection bias analysis is in Appendix

C.

The selection of operating days, occurring exclusively on Saturdays, was not within our control.
This decision aligned with the Ontario government's initiative to augment surgical capacity, with
TOH dedicating two operating rooms specifically for hip and knee replacement surgeries on
Saturdays. Despite this constraint, the implementation aimed to showcase the practicality and

effectiveness of the PAS system under real-world conditions.
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7.3. Fundamental research contributions

Deployment of Artificial Intelligence PAS in Orthopedic Surgery.

7.4. Author Contributions

The tangible impact will only be evident upon the publication of the paper. The journal provides
designated categories for author contributions during submission. The table we supplied as our

contribution is outlined below.

Author Contribution to the study

Farid Al Zoubi Data curation, Investigation, Methodology, Software, Writing -
original draft, Visualization, Validation, Writing.

Koorosh Kashanian Data Collection, proofreading

Paul Beaulé Conceptualization, proofreading

Pascal Fallavollita Conceptualization,  Project ~ Administration, = Resources,

Supervision, Writing — review and editing.

7.5. Article

The Following article was accepted to Frontiers in Artificial Intelligence Medicine and Public
Health.
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Scant research has delved into the non-clinical facets of artificial intelligence
(Al), concentrating on leveraging data to enhance the efficiency of healthcare
systems and operating rooms. Notably, there is a gap in the literature regarding
the implementation and outcomes of Al solutions. The absence of published
results demonstrating the practical application and effectiveness of Alin domains
beyond clinical settings, particularly in the field of surgery, served as the impetus
for our undertaking in this area. Within the realm of non-clinical strategies
aimed at enhancing operating room efficiency, we characterize OR efficiency
as the capacity to successfully perform four uncomplicated arthroplasty
surgeries within an 8-h timeframe. This Community Case Study addresses
this gap by presenting the results of incorporating Al recommendations at
our clinical institute on 228 patient arthroplasty surgeries. The implementation
of a prescriptive analytics system (PAS), utilizing supervised machine learning
techniques, led to a significant improvement in the overall efficiency of the
operating room, increasing it from 39 to 93%. This noteworthy achievement
highlights the impact of Al in optimizing surgery workflows.

KEYWORDS

machine learning, healthcare system, operating room efficiency, orthopedic surgery,
prescriptive analytics

1 Introduction

The application of artificial intelligence (AI) in healthcare has seen remarkable
advancements since its inception, encompassing various areas such as diagnosis, genetics,
prognosis, and drug discovery (Bohr and Memarzadeh, 2020). Despite the vast potential,
the predominant focus has often been on the clinical aspect of Al specifically targeting
patient-centered applications rather than addressing the broader spectrum of healthcare
processes (Maier-Hein et al., 2022).

A noticeable trend in recent developments revolves around the competitive drive
to enhance surgical procedures through the integration of Al Robotic technologies,
in particular, have garnered significant attention among researchers and Al inventors,
reflecting a concentrated effort to revolutionize surgical practices (Nwoye et al,, 2023).

In contrast, a fewer body of work has delved into the non-
clinical ~facets of Al, concentrating on leveraging data to enhance
the overall healthcare system and operating room efficiency.
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This includes initiatives aimed at improving team efficiency
(Al Zoubi et al, 2022), optimizing patient appointment
scheduling (Erekat et al, 2020), and predicting overall
procedural durations either partially (Bartek et al, 2019
Schiele et al., 2021; Stromblad et al.,, 2021) or comprehensively
(Al Zoubi et al., 2023).

Despite these advancements, a notable gap exists in the
literature pertaining to the deployment and outcomes of Al
solutions (Jiang et al, 2021). As of now, there is a lack of published
results showcasing the practical implementation and effectiveness
of AT solutions in areas beyond the clinical realm, particularly in
the field of surgery.

Some studies that have applied Al in healthcare have examined
the obstacles that may hinder progress in this field. These challenges
might stem from the interdisciplinary nature of Al solutions in
healthcare (Safavi et al,, 2019), a limited availability of interpretable
machine learning models, resistance from medical unions and
associations, extended processing times (Bertsimas et al., 2022), and
the complexities associated with decision-making and bureaucratic
processes involving multiple stakeholders (Hu et al., 2021).

Within the realm of non-clinical strategies aimed at enhancing
operating room efficiency, we characterize OR efficiency as the
capacity to successfully perform four uncomplicated arthroplasty
surgeries within an 8-h timeframe. In this Community Case Study,
we disclose the outcomes arising from the incorporation of Al
recommendations at The Ottawa Hospital (TOH), Ottawa, Canada
leading to a substantial enhancement in the overall efficiency of
the arthroplasty operating room, elevating it from 39 to 93%.
This remarkable accomplishment was realized by deploying a
prescriptive analytics system (PAS) that utilizes supervised machine
learning techniques to generate benchmarks specifically tailored for
arthroplasty surgery workflows.
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FIGURE 1
A breakdown of each step-in arthroplasty, along with the transition between two stages (turnover), is outlined. The upper section indicates the stage
markers for a case. Only showing three out of four cases a day.
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2 Methodology

2.1 Problem statement

Our institution has a specialized orthopedic operating room
dedicated to 4-joint arthroplasty procedures. This facility is
designed specifically for high-volume arthroplasty surgeries,
encompassing both partial and complete joint replacements. It
accommodates four procedures each day from Monday to Friday,
with the exception of Wednesdays. The procedural workflow
comprises six stages: Anesthesia Preparation, patient positioning,
the surgical procedure itself, patient exiting the room and turnover,
and the final stage, as illustrated in Figure 1 (Al Zoubi et al., 2022).
The scientific names and abbreviations for these stages are provided
in Table 1.

A successful day in this arthroplasty operating room is defined
as completing all four procedures within the allocated time
span of 8h, which falls between 7:30 am and 3:30 pm. The
Surgical Success Rate (SSR) serves as the metric to gauge the
percentage of successful days. The initial SSR was notably low at
39%, contributing to an annual overtime cost of ~$570,000 for
our institution.

2.2 Previous work

Recently, we proposed a comprehensive solution to address
this challenge, a data-driven, Machine Learning (ML)-based,
prescriptive analytics system (PAS). This decision support system
not only predicts the likelihood of a particular day being successful
based on temporal variables but also monitors each stage of
the procedure in real-time. It adjusts its predictions as needed
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and provides actionable suggestions at each stage to enhance the
likelihood of success (Al Zoubi et al., 2022).

The journey toward creating the PAS, aimed at enhancing the
Surgical Success Rate (SSR) of high-volume arthroplasty surgeries,
began by implementing Descriptive Analytics on retrospective
data of ~5,000 surgeries (Al Zoubi et al., 2024). In addition to
providing actionable insights, this phase allowed us to categorize
the surgical recorded parameters into patient metrics, team metrics,
and time metrics. For each group of metrics, we developed a
framework that serves as a decision support system to enhance
SSR independently.

As the fundamental research progressed into the Predictive
Analytics stage, we proposed the adoption of a Workflow/Time
monitoring framework (WTMF; Al Zoubi et al., 2022), for the
transformation of our PAS. The WTMEF effectively aligns with
our objective of improving SSR through improving the overall
team efficiency. The conversion of WTMF into a prescriptive
system involved several stages, such as conducting what-if
scenarios, generating benchmarks, and identifying a set of
actions and recommendations, which were determined through
multidisciplinary positive deviance seminars (Gold et al,, 2022).

TABLE 1 Medical names and acronyms for arthroplasty phases.

Time metrics

Anesthesia preparation time (APT)

Anesthesia finish time (AFT)

Surgical preparation time (SPT)

Surgery finish time (SFT)
Turnover

Surgery (procedure) time

10.3389/frai.2024.1342234

The Machine Learning (ML) engine in our Predictive Analytics
System (PAS) predominantly relies on the decision tree technique.
This is true for both predicting the Surgical Success Rate
(SSR) and generating dynamic benchmarks. Additionally, it has
the capability to incorporate various other supervised learning
classifiers specifically for SSR prediction. The imperative for
an interpretable ML model is highlighted, particularly in the
context of benchmark generation. We elucidated and compared
several ML techniques in our previous work to underscore
this necessity.

Ultimately, working under the assumption of utilizing the
WTME we conducted calculations to determine both cost savings
and the possibility of adding an extra 5th joint surgery on days when
the initial four joint surgeries were successfully completed on time,
all in an 8-h window (Al Zoubi et al., 2023).

The central focus of this study revolves around the comparison
between theoretical concepts and practical outcomes. We assess
the performance of our algorithms and evaluate the efficacy of
implementing the WTMF into an integrated PAS on prospective
patient surgeries.

The overall journey of designing and implementing our Al-
driven solution to improve the SSR is summarized in Figure 2.
The boxes below display the titles of published articles linked to
each respective phase, identified by their corresponding reference
numbers in the bibliography.

2.3 Validation on arthroplasty
surgeries—patient dataset

The PAS was implemented and validated at TOH’s Riverside
Campus, involving a team of seven arthroplasty surgeons, along
with a group of nurses and anesthesiologists. The surgical
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Throughput Surgical Staff H H
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FIGURE 2
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TABLE 2 Statistical summary of the 228 patient surgeries used in the
validation of the PAS.

Surgeries 228
Number of surgeons 7
Number of nurses team 43 h
Number of anesthesiologist 13
Female patients 130
Male patients 98
Average age 653 + 8.4
Average Body Mass Index (BMI) 287455
Average American Society of Anesthesiologists 2407
classification (ASA)

Average number of surgeries/OR/day 495+ 0.6

procedures were conducted weekly, utilizing two operating rooms
each week, spanning ~23 Saturdays in 2023. Table 2 offers a concise
overview of crucial statistical data sourced from 228 patients who
underwent hip and knee replacement surgeries.

Additionally, the surgical team received pre-surgery targeted
benchmarks and recommendations like the ones in our previous
work 4. Further elaboration on the dataset and its potential impact
on the outcomes is provided below.

2.3.1 Patient age, BMI, and gender

The demographic characteristics of the dataset reveal that the
surgeons performed operations on individuals of advanced age and
with high BMI. The results of descriptive analytics indicated that
age and BMI have minimal influence on the SSR (Al Zoubi et al.,
2024). However, in our Saturday data, a notable gender disparity
was observed, with surgeons operating on ~25% more females than
males. This discrepancy is expected to have an impact on achieving
a higher SSR, as females tend to have a shorter operating time by
~5 min when compared to males. For this dataset, this observation
remains consistent with our previously discussed conclusions in
Al Zoubi et al. (2024).

2.3.2 Patient ASA

Performing surgeries on patients with pre-existing medical
conditions raises the likelihood of complications and consequently,
the potential delay of the 4th joint surgery. The Saturday
data reveals an average ASA score of 2, with a standard
deviation of 0.7, indicating that many patients have underlying
medical conditions.

2.3.3 Surgeon demographics

The quantity of surgeries performed by each surgeon ranges
from a maximum of 40 surgeries to a minimum of 29 per surgeon.
The SSR for each surgeon is presented in Figure 3.

Furthermore, we conclude that the surgeon’s experience does
not exhibit a direct correlation with SSR. For instance, even though
“GO” possesses over a decade of experience in hip surgeries, his SSR
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SSR per surgeon

TABLE 3 Central tendencies for benchmarks observed on Saturday
surgeries.

Metric APT SPT Procedure AFT Turnover
Minimum 1 01:00 00:00 ‘ 30:00 ‘ 01:00 ‘ 02:00
Maximum ‘ 41:00 26:00 ‘ 04:00 28:00 ‘ 45:00
Mean ‘ 11:45 09:05 ’ 56:26 04:05 ‘ 20:47
Median ‘ 11:00 09:00 ‘ 55:00 04:00 ‘ 20:00
Standard ‘ 0.4% 0.3% ‘ 1.5% 0.2% 0.5%
deviation

is only 43%. This finding aligns with the conclusion reached in our
carlier publication (Al Zoubi et al., 2024).

2.4 Outcomes and observations

Table 3 showcases the central tendency values for the
benchmark metrics observed during the 23 Saturdays.

To facilitate comparisons, we have included the mean values
of these metrics in Table 4, derived from the earlier generated
machine learning output (MLO) benchmarks in Al Zoubi et al.
(2023). When comparing with the chosen benchmarks, it becomes
evident that there is a notable improvement in SSR. The calculated
SSR for Saturday surgeries reached 93%, falling between the MLO
values of 91 and 100%. Interestingly, it appears that a procedure
that is 32 min faster has a more substantial impact on SSR than
the cumulative 2-min slowdown in both turnover and APT when
compared to MLO-Fast Performance. This supports our earlier
conclusion in Al Zoubi et al. (2022), indicating that a 1-min
difference in a specific stage can have a significantly larger impact
on the outcome compared to a 1-min difference in another stage
due to non-linearity.

It's crucial to keep in mind that before the implementation
of the PAS, the overall SSR at The Ottawa Hospital consistently
remained below 39% for arthroplasty surgeries, regardless of
the surgeon involved, and including the positive deviance
surgeon whose SSR was 68% (Jung et al, 2020). However,
with the implementation of PAS, the SSR has surged to 93%.
This achievement significantly surpasses the suggested Machine
Learning Output (MLO) baseline of 77%, not to mention the
pre-PAS SSR, which stood at a mere 39%.
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TABLE 4 Machine learning output (MLO) benchmarks compared to Saturday surgery practices.

Benchmarks scenario APT SPT
MLO-optimal performance 7:00 7:00
Saturday clinical practices 11:45 9:05
MLO-fast performance 10:00 | 12:00
MLO-baseline 10:30 ‘ 20:00
MLO-fair performance 18:30 20:00
MLO-poor performance 18:00 20:00

Procedure AFT Turnover SSR
62:30 7:00 20:00 100%
56:26 405 20:47 93%
60:00 400 20:00 91%
71:30 20:30 2130 77%
71:30 20:30 2130 64%
77:00 8:00 31:00 0%

Bold value indicates the achieved SSR value leveraging the PAS system.

3 Discussion

This Community Case Study aimed to evaluate the actual
improvement of TOH’s arthroplasty operating room efficiency;
thus, we have opted to assess and validate the performance of our
designed prescriptive analytics system originating from one of the
three Al-driven frameworks we had previously published, namely
the WTMF.

The initial implementation of the PAS occurred at TOH
and involved a collective effort from surgeons, nurses, and
anesthesiologists who voluntarily chose to extend their work to
Saturdays, aligning with the Ontario government’s initiative to
increase surgical capacity. TOH has allocated two operating rooms
specifically for hip and knee replacement surgeries on Saturdays.

We had anticipated that upon the initial implementation of the
WTME, the surgical team would strive to reach the recommended
baseline SSR of 77%. To our surprise, the team achieved a 93%
success rate in completing their fourth joint case within an 8-
h window. Furthermore, they were able to accommodate an
additional case 52% of the time within the same 8-h window (Al
Zoubi et al,, 2023). Nevertheless, certain considerations must be
considered regarding our results.

First, performing surgeries on weekends and specifically on
Saturdays, offers the advantage of minimal interruptions from
other hospital entities or phone calls, creating a conducive
environment for surgeries. This could have had a positive impact
on the outcomes. However, in our previous study in Al Zoubi
et al. (2024), we demonstrated that the day of the week itself
influences SSR. We found that SSR tends to be lower the
closer the surgical day is to the weekend (since people look
forward to ending their week quickly). This contrast in the
impact of the day of the week, with potential positive and
negative effects, makes it challenging to definitively determine
its true influence on SSR. However, the day of the week does
indeed have a distinct impact compared to surgeries conducted
on weekdays.

The second factor pertained to calculating turnover times for
the first case. During regular workweeks, nurses’ shifts commence
at 7:30 am, and the time of the first patients entry into the
operating room varies depending on team efficiency. It is well-
established that the earlier the patient enters the room, the sooner
the day concludes. However, on Saturdays, due to the absence
of nursing union policies dictating start times, surgeons have the
flexibility to commence surgeries at their discretion. To ensure data
comparability, the 8-h time stamp needed to commence when the
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patient entered the room, as the time prior to the entry of the first
case could fluctuate based on the “shift start” time.

The third consideration arises from the fact that one of
the surgeons had previously been identified as an individual
demonstrating positive deviance (PD) during the seminars. This
prior acknowledgment could potentially introduce a positive bias to
the outcomes. However, the results indicated that another surgeon
achieved the same SSR as the PD surgeon, leaving us uncertain as
to whether the PD recognition had influenced the data or if this
level of success could be achieved under normal circumstances. It's
important to note that there were no positive deviance seminars
conducted specifically for this group of surgeons on Saturdays; the
established benchmarks were simply communicated amongst team
members as well as the culture of working together.

The fourth challenge we encountered was the manual
implementation of the PAS, which involved fixed benchmark
values being communicated to the practitioners. In case of any
delays, surgeons had to refer to suggested actions from previous
positive deviance seminars to manage the subsequent stages.
Conversely, if we are to transform the PAS into a real-time decision
support software, it will have the capability to generate adjusted
benchmarks for upcoming stages through Al, which can assist
in completing them on time or even ahead of schedule. The
anticipated flexibility provided by the real-time PAS is expected to
yield superior outcomes.

Finally, as explained in the preceding section there are 25%
fewer male patients compared to female patients. This factor may
have had a positive effect on the outcomes.

4 Conclusions

The transformed WTMF into PAS was put into action within
a real clinical setting for validation purposes. This implementation
spanned 228 surgical cases, demonstrating the effectiveness of the
algorithms, resulting in improved team efficiency, and increased
operating room throughput. This is evident through the attainment
of a 93% SSR and the ability to accommodate an additional case
every other week, all without incurring any additional costs.

To our knowledge, this is the first experience in deploying
AI recommendations in orthopedic surgery. The work done to
improve SSR in arthroplasty surgeries can be extended to other
types of high-volume surgeries as well.

Two alternative frameworks previously published Surgical
Team Scheduling Framework (STSF) and Patients Schedular
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Framework (PSF), can likewise be converted into PAS using the
same techniques and methodologies employed for the WTMF.
This transformation can be accomplished by creating what-if
scenarios, gathering actions for each scenario, and leveraging both
multidisciplinary and interdisciplinary approaches. However, the
implementation of the STSF may be controversial since at its
premise, the Al recommendation is demanding specific individuals
to possibly compromise in certain work activities to increase in
the SSR.

Lastly, we have the desire to investigate more critical and
detailed factors, such as the behavior of the staff within the
operating room using cameras (Jung et al., 2020), or the potential
impact of the machine and instrument vendors on operational
delays. Additionally, we would like to analyze data related to drugs
and anesthesia types to understand their impact on early wake-up
occurrences. Another possibility is merging multiple frameworks.
However, the availability of data becomes a limiting factor in
exploring these aspects thoroughly.

Data availability statement

Requests to access these datasets should be directed
to falzol00@uottawa.ca.
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Chapter 8: Thesis Conclusion

The transformed WTMF into PAS was put into action within a real clinical setting for validation
purposes. This implementation spanned across 228 surgical cases, demonstrating the effectiveness
of the algorithms, resulting in improved team efficiency, increased operating room throughput, and

a cost-effective solution. This is evident through the attainment of a 93% SSR and the ability to

accommodate an additional case every other week, all without incurring any additional costs.

The work done to improve SSR in arthroplasty surgeries can be extended to other types of high-
volume surgeries as well. There is ongoing work to collect retrospective data for General Surgery
at The Ottawa Hospital. The aim is to apply the fundamental research published in our journals to
the General Surgery scenario.

The two alternative frameworks, STSF and PSF, can likewise be converted into PAS using the
same techniques and methodologies employed for the WTMF. This transformation can be
accomplished by creating what-if scenarios, gathering actions for each scenario, and leveraging
both multidisciplinary and interdisciplinary approaches just as we carried out in Chapter 3.
However, the implementation of the STSF may be controversial since at its premise, the Al
recommendation is demanding specific individuals to work together to guarantee an increase in the
SSR.

Lastly, | have a desire to investigate more critical and detailed factors, such as the behavior of the
staff within the operating room using cameras, or the potential impact of the machine and
instrument vendors on operational delays. Additionally, | would like to analyze data related to drugs
and anesthesia types to understand their impact on early wake-up occurrences. Another possibility
is merging multiple frameworks together. However, the availability of data becomes a limiting

factor in exploring these aspects thoroughly.

114



Appendixes

Appendix A

Statistical Analysis

The table below illustrates the correlation between each metric and the SSR, which were the
subjects of comparison in the initial stage of our analyses. The correlation values closely align with
the findings depicted in graphs and visually described in our published journal article. None of the

metrics exhibit a strong, direct correlation with the SSR.

Table A: Metrics vs SSR correlations

Pearson Spearman
Metric Correlation With Correlation With
SSR SSR
Age -0.088 -0.092
ASA -0.038 -0.046
Turnover -0.079 -0.069
APT -0.181 -0.195
AFT -0.067 -0.085
APTinRoom -0.094 -0.109
BMI 0.018 0.004
SFT -0.107 -0.124
SPT -0.106 -0.109
Procedure -0.150 -0.197
Sex -0.031 -0.031

It is crucial to note that certain phrasings were modified in the published version. Our objective
was not to draw conclusions based on the data, as the task primarily involved a descriptive rather

than a statistical analysis.

For example, our focus was on understanding why female surgeries tended to require less time
than male surgeries, rather than delving into the statistical significance of this observation. We

relied on referenced studies in the article and expert opinions to support the belief that gender

differences in operation time play a role in SSR, a judgment that was subsequently validated in
chapters 4, 5, and 7. Another example, the "Campus" metric was not subjected to analysis due to

its low sample size of 1:7 in the civic category, which constituted less than 1% of our 5k data,
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leading to its exclusion from further consideration. The Fisher exact test statistics for the two

aforementioned examples were 0.3411 and 0.1839, indicating a lack of statistical significance to

draw conclusions regarding the importance to the SSR at this stage of our study.

Two additional considerations are addressed in this appendix. The first pertains to how we
computed the SSR per gender, which was done as flat ratios. For instance, we examined all male
surgeries, dividing success days by the total number of days, and similarly for female surgeries.
Patients were randomly assigned to operating rooms, and there were no scheduling techniques,

such as ensuring a mix of male and female patients on specific days.

The second concern addresses why we did not incorporate additional data about the surgeons in
our analysis, such as their years of experience, educational backgrounds, and other relevant
factors. Unfortunately, we lacked this information and did not believe it was available in our

institution in a retrievable format.

Appendix B

Prescriptive Analytics System (PAS) building Blocks

Our proposed resolution to the identified issue of low Operating Room throughput initiates with
data and culminates in a Prescriptive Analytics System (PAS), which serves as a decision support
system. We employed data to construct multiple machine-learning models, utilizing these models
as engines within our frameworks. Subsequently, we refined our frameworks to function as a

Prescriptive Analytics System.

Our goal is to assist diverse healthcare institutions and professionals in identifying the most
suitable optimization framework for their needs. These institutions rely on machine learning (ML)
models with varying data input streams, creating a versatile set that caters to a wide range of

healthcare settings. This flexibility allows institutions to begin with the framework that aligns with

the data they currently possess. Even if a healthcare institution has access to only one aspect of

data, such as patient metrics or specific steps in surgical procedures, they can adopt one or

multiple of our frameworks. The Al-driven frameworks we propose have been meticulously

designed and validated using patient-specific orthopedic data.
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This section provides a comprehensive elucidation of each component of our proposed product,

the PAS, including the input, output, building modules, and the necessary elements for each

component to constitute a fully functional PAS.

Diagram B-1 illustrates the fundamental modules involved in constructing the PAS. The process

initiates with the Data Module, followed by the Framework Module and ending by the Decision

Support System (DSS) module.

The remainder of Appendix B delves into specific instances of input and output for each

module/component within the PAS.

PAS

/—‘——_\ /'—____“\ . . .

e A ML Engine Component Monitoring Component
Institution Frameworks
Database Database Predicted SSR
Gz i — ML Models

Data Preprocessin Team + Time e
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Diagram B-1: PAS Components and building blocks

1.1 Data Module (DM)

The Data Module comprises two primary components. Firstly, there is the institution's database
containing all the necessary data for any of our frameworks, such as Surgical Information
Management Systems, which provides information about patients and time metrics. The second
component is the data preprocessing component. Its role is to extract only the essential data for
each framework, clean it, and perform feature engineering when necessary. The output of the

data module is refined, ready-to-use, and selected metrics for each of the proposed frameworks:

STSF, PSF, and the WTMF.
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1.2 Framework Module (FM)

Once the Data Module (DM) completes the data preparation, it is subsequently sent to the
Frameworks Module, which consists of three components: the ML Engine, the framework

database, and the recommendation system.

(@) The Machine learning engine component

The Machine learning engine component houses all the machine learning models necessary for
each framework. The output of these models includes the predicted SSR and the essential metric

values required to attain a specific SSR.

In Chapter 3, we provided a detailed explanation of how we conducted comparisons for our
models within each framework. While selecting several evaluation metrics, we accorded greater
importance to cross-validation accuracy and the overfitting metric. To tune hyperparameters, we
employed the grid search option, resulting in the outcomes showcased in Table 8 in Chapter 3

Three which was updated in this appendix below. The parameters of the estimator underwent

optimization through cross-validated grid search across a parameter grid. The chosen
hyperparameters for each model within the framework are detailed in the table found in the
Appendix of Chapter 3 “Appendix of the published article”. Additionally, we illustrated how altering
a specific metric value can influence the SSR, in other words, the OR throughput for each

framework.

In this appendix, we present an illustration of the anticipated outcomes of machine learning model
and offer guidance on leveraging these outputs within the framework to achieve the goal of
performing four arthroplasties a day for the WTMF. It is important to note that the other two
frameworks, namely the PSF and the STSF, are beyond the scope of this work. As we have not
developed the other components, other than the ML, of the framework module, such as the DSSM
and the recommendation systems. Providing a detailed example for these frameworks would be
challenging. Nevertheless, a schedule for one week of patients and how it is organized is included,

albeit without specific recommendations.
Workflow/Time Monitoring Scenario

In this section, | will elucidate the functioning of ML input and output for a complete day

comprising four arthroplasty surgeries within our WTMF scenario. The necessary timestamps for
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calculating time metrics are provided in Table B-1 below. The responsibility of generating the
required time metrics as input for the ML models lies with the Data Preprocessing component in
the Data module. The calculation occurs each time there is an updated value for any of the
timestamps. The system's default values are set as our baseline values, corresponding to the 77%

SSR benchmarks explained in Chapter 5.

The day is ideally scheduled to initiate its first surgery, "case 1," at 7:30 am with a turnover time
of 0 minutes. If the day commences at a different time, for instance, 7:45 am, the preprocessing
module calculates the turnover value as 15 minutes (7:45 -7:30). The formula below is employed
to estimate and calculate the remaining time metrics of the case. Metric,., represents the
estimated time for the new metric. The term "Delay or gain" signifies the difference between the
actual metrics value once the stage is completed and the baseline value of that metric. If the actual
value is less than the baseline value, it is considered a gain, and its sign in the formula becomes a
negative value. Conversely, if the actual metric value exceeds the baseline value, it is regarded as

a delay.

(Delays or gains),s; stage
Number of Metricsy,,,

Metricyey = Metric pgsetine +

For the given example, with an actual turnover value of 15 minutes and a baseline value of 21.5
minutes, we experience a gain in time of 6.5 minutes ("-6.5"). The subsequent metrics will then
have their estimated time as their baseline values minus 6.5/4, which is 1.625 minutes, as outlined
in diagram B-2. The assumption here is that delays and/or gains in time from the previous stage

are evenly distributed among the upcoming stage.

The actual metric values are calculated at the conclusion of each stage once the required
timestamp to calculate the stage is available. The ML model's input is then updated with the actual
metrics values for completed stages and with the estimated values for metrics where actual values

are not yet available. A SSR is generated at each new model run.

In the B-2 diagram, we presented the initial case for a surgical day, highlighting instances of when
and how the system updates the ML input, ML output, and the predicted SSR. The calculation
formula is displayed in the first row to illustrate the application of the new metric formula.
Additionally, it outlines specific points where the system activates the recommendation system to

address potential delays. Metrics displayed in blue and green (actual values and estimated values)
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font serve as the ML model input and are updated with each new timestamp. The SSR is also
updated whenever there is new ML input. The recommendation system is triggered only when
the estimated SSR falls below the baseline value. This sequence repeats in the diagram until the

completion of all four surgeries.

Table B-1: Time stamps to calculate the Time Metrics

Time Stamps Time Metrics (Intervals)
Date Turnover
Case no Anesthesia Preparation time (APT)
Time in Room Surgical Time (Case or Procedure)
Anesthesia Start Anesthesia Finish Time (AFT)
Anesthesia Ready Surgical Preparation Time (SPT)
Anesthesia Stop APT in room
Case Start Surgery finish time (SFT)
Case Finish
Time Out of Room
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The baseline values
of each metric. The
system is set to
operate on 77%
success rate

The ML model have
new benchmarks
and new SSR

The updated S5R is
below the baseline.
The
Recommendation
system is triggered

Need time in room
for next patient to
calculate Turnover of
case 2

Case # ML Update Recc Triggered Time stamps Metric SSR
Anesthesia |[hh:mm:| Turnover . . . .
Start « e~ APT {min) SPT(min)  Procedure (min)  AFT (min) %
"| Baseline 7:30 21.50 10.50 20.00 71.50 20.50 71.00
o 105465/4)= 204{-65/8)= 7L5+-65/4)= 205+-65/4)=
Estimation 8.875 18.875 69.875 8875
Delay 0
Gain 21.5-15=6.5
» Yes NO Actual 7:45 15
Patientin - |ah:mm: ESQE APT (min) SPT (min)  Procedure (min)  AFT (min)
room 55 (min)
Estimation 18.375 69.375 8.375 94
Delay 0
Gain 0.5
Yes NO Actual 7:55 15 10
Anesthesia |hh:mm:| Turnover . . . .
Ready o i APT {min) SPT(min)  Procedure (min)  AFT (min)
Estimation 74 3 86
Delay 25-20=5
1 Gain 0
Yes NO Actual 8:20 15 10 25
Case Start _%HB“ Jﬂﬂmq APT {min) SPT (min) Procedure (min) ~ AFT (min)
Estimation 74 22.5 74
Delay 5
Gain 0
Yes Wes Actual 8:25 15 10 25
Case Finish ::HBU Jﬂﬂmq APT (min) SPT (min)  Procedure (min)  AFT (min)
Estimation 11.5 89
Delay 0
Gain 8.5
Yes NO Actual 9:28 15 10 25 63
Anesthesia. hh:mm: S APT (min) SPT (min) Procedure (min) ~ AFT (min)
Stop 55 (min)
Estimation 81
Delay 0
Gain 0
Yes NO Actual 9:45 15 10 25 63 20.5
Time Qut of ah:mm: ._.=3m.<mﬁ APT (min) SPT (min) Procedure (min) AT (min)
Room 55 (min)
2 Estimation
Delay
Gain
Actual 10:05

Detailed example of how the ML models updates the benchmarks and the SSR

Diagram B-2

121



Patient Scheduling Scenarios

Table B-2 below displays the scheduling of four patients per day along with the predicted Surgical
Start Rate (SSR) for each day. The scheduler incorporates patient metric conditions to facilitate
flexibility and ease of selection based on both patient and surgeon availability. For example, on
Day One, the schedule prioritizes the booking of four healthy women under the age of 42 for hip
arthroplasty procedures. In this scenario, the likelihood of completing the fourth surgery before
3:30 pm is notably high, with a probability of 91%. On Day Two, even when considering a similar
group of patients in poorer health conditions (ASA 3 and 4), the SSR remains remarkably high at
86%.

In the context of the PSF, we provided an example of patient scheduling using the decision tree
model, acknowledging that it was not the optimal model, as discussed in Chapter 3. Nevertheless,
our aim was to demonstrate how patients could potentially be scheduled based on metric values.
An example of a recommendation system in this scenario could involve suggesting changes, such
as replacing a male with a female patient on a specific day to enhance the likelihood of SSR or

choosing a patient with a different type of surgery.

However, it's important to note that ML models are generally not easily explainable, and we may
only have a schedule of patients and the predicted SSR without precise insights into the reasoning
behind the recommendations. This complexity can make it challenging to select an appropriate
recommendation system, potentially leading to scenarios where a recommendation system
unrelated to patient metrics is chosen. For instance, it's conceivable that our WTMF might function
as a recommendation system for the PSF, showcasing the intricacies of working with machine

learning models in practice.

Table B-2: One week schedule of patients

Day Surgery Anesthesia Gender Age ASA SSR
1 HR, THA Spinal 4F <42 1,2 91%
2 HR, THA Spinal 4F <42 3,4 86%
3 UKA Spinal 3F, 1M <57 Any 67%
4 UKA Spinal 2F,2M 58-70 Any 64%
5 THA Spinal aM 42-53 1,2 58%
6 THA General aMm 42-53 1,2 54%
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(b) Recommendation System Component
The recommendation system specifically designed for the WTMF, was created using a distinctive
approach known as the positive deviance (PD) seminar. Introducing any other method for
implementing a recommendation system could contribute to transforming the framework into a

prescriptive analytics decision support system.

The decision to employ PD seminars as the source of recommendations for our framework, WTMF,
was in line with our objective of enhancing operating room throughput by improving team
efficiency. While alternative approaches, such as acquiring additional resources, hiring
consultancy services, or adding personnel to oversee surgery flow, were available, they would have
incurred extra costs. Moreover, our intention was to encourage the team's self-improvement by

setting a positive example within the existing team dynamics and facilitating self-monitoring based

on agreed-upon achievable and feasible performance standards.

The positive deviance (PD) seminar, functioning as a recommendation system, underwent testing
and validation independently of the machine learning engine. To illustrate, we implemented these
recommendations in a 57-day trial focused on arthroplasty, and the outcomes are detailed in the

Table B-3 below.

Table B-3: Walsh test for the PD seminar recommendation implementation

Metric APT APT_IN_ROOM SPT CASE SFT AFT Turnover Success
Mean-Before 40:54 16:28 12:07 1:03:36 04:50 05:44 15:00 14%
Mean-After 36:48 12:28 12:40 59:51 05:12 07:21 18:51 64%
STD-Before 13:20 09:11 06:04 08:22 01:59 03:05 33:13 0.3499
STD-After 11:08 10:.01 07:21 12:18 02:20 03:52 49:06 0.229592
t-stat 1.3858 1.8347 -0.2209 1.6845 -1.4749 -2.3791 -0.3872 -690.9356
p-value 0.0862 0.0358 0.4129 0.0482 0.0723 0.0102 0.3499 0.0000
DF 46 58 63 72 71 61 74 37
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(a) The Framework database Component

The role of the framework database is to manage and store the processed and categorized data
provided by the data module. Additionally, it serves as a repository for ML output data, what-if
scenarios, selected recommendations, and the actual data received at the completion of each

stage by the Decision Support System Module (DSSM).

1.3 Decision Support System Module

To transform the PAS into a fully developed product, beyond having a well-functioning framework
with a tested and implemented recommendation system, additional components are necessary.
These include a user interface, a dashboard, and database integration for both the input/output

data of the machine learning model and the output of the system after each run.

The user interface serves to streamline interaction with the PAS system. As users utilize the
dashboard to monitor the progression of surgery over time, they gain the capability to intervene
in real-time. This involves allowing administrators to manually modify inputs, adjust scheduling,

modify benchmarks, and either accept or reject suggestions from the system.

The comprehensive solution and the nature of the output at each stage/phase of implementation

are depicted in the following diagram, B-3.
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Table 8 Chapter 3 more details and update.
Table 8 showcases the results of each distinct ML model and facilitates model-to-model

comparisons. The table employs four legends, each corresponding to a distinct color. Entries in
green font denote the highest values among all ML models, specifically in terms of cross-validation
accuracy metrics, while the lowest values in CV accuracy are indicated in red. Metrics highlighted
in blue font are crucial considerations, particularly when weighed against other metrics, aiding in
the selection of the best model for each framework. The final legend features fully highlighted

rows in green, representing the chosen model for each respective framework.

As an illustration, in the context of surgical team scheduling framework, the DT model exhibited
the highest cross-validation (CV) accuracy (indicated in green font), while the SVM model had the
lowest (depicted in red font). The chosen model, highlighted in an entire row of green, is the
XGBoost model. It was selected primarily due to its characteristics, such as being a low-overfitted

model. The highest-performing model (LR) has an overfitting percentage of 11% (noted in blue).

Patient Scheduling (Numerical and Categorical)

Model CV Accuracy AUC-ROC Sensitivity Specificity Precision Overfitting
LR 63% 19% 86% 57% 3%
DT 66% 65% 50% 97% 64% 1%
XGBoost 65% 92% 37% 71% 53% 5%
RF 62% 58% 36% 72% 64% 3%
DNN-ANN 62% 58% 17% 86% 56% 1%
SVM 57% 53% 9% 88% 60% 4%
;:av'i':tai;: 0.04 0.14 0.14 0.10 0.04 0.02
Surgical team Scheduling (Categorical)
Model CV Accuracy AUC-ROC Sensitivity Specificity Precision Overfitting
DT 93% 86% 80% 82% 11%
XGBoost 80% 92% 83% 79% 79% 3%
RF 74% 92% 85% 79% 81% 6%
SVM 71% 88% 82% 81% 80% 1%
DNN-ANN 62% 50% 49% 68% 59% 20%
LR 59% 54% 0% 100% 31% 2%
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Sta?d?rd 0.10 0.20 0.34 0.10 0.20 0.07
Deviation
Workflow /Time Monitoring (Numerical)
Model CV Accuracy AUC-ROC Sensitivity (Recall) Specificity | Precision | Overfitting
LR 74% 74% 84% 62% 8%
SVM 75% 81% 74% 77% 27% 6%
RF 72% 72% 66% 59% 80% 1%
DNN-ANN 70% 74% 73% 59% 64% 4%
XGBoost 70% 76% 72% 61% 60% 4%
DT 68% 67% 74% 55% 53% 5%
Sta?d?rd 0.03 0.04 0.03 0.12 0.17 0.02
Deviation
Table 8: A modified version of Table 8 chapter 3. (Legend and colours modifications)
Appendix C

Selection Bias Analysis

Potential sources of selection bias arise in the selection of surgeons who will implement the PAS

in clinical practice on Saturdays. Notably, half of the participating surgeons had already attended

PD seminars, enhancing their awareness of the problem and its solutions, and coincidentally, these

same surgeons participated in Saturday surgeries. Furthermore, one of these surgeons is identified

as the positive deviance individual. An analysis was conducted by comparing data with and

without the participation of those who attended PD seminars, as presented in the subsequent

table. Cells highlighted in red font in the Delta row signify instances where the new team

outperformed the PD team. Overall, the PD team demonstrated approximately a 2.5%

improvement in SSR. This difference may have optimistically influenced the outcomes of the

Saturday implementations.

Metric APT, min | SPT, min | Procedure, min | AFT, min | Turnover, min SSR
PD team 11:40 09:45 55:35 04:06 20:47 59.50
New team 11:40 09:38 56:09 04:04 20:53 57.00
Delta, min 00:01 00:07 00:34 00:02 00:07 2.50
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Appendix D

Accommodating additional cases
As explained in the Introduction, to meet the increasing needs of the population and cut down

the wait time for arthroplasties, dedicated funds for quality-based procedures were federally
regulated to increase the number of surgeries performed, thereby creating four joint OR days in
hospitals. In addition to the high SSR, PAS has also offered the possibility to address the waiting
time and overtime pay issues. In Chapter 6 we presented two hypothetical scenarios of leveraging
the PAS system to be able to fit an additional 5" case. In this context, here | will define the surgical

success rate of incorporating a fifth case within an 8-hour time frame using PAS as SSRs.

The SSRg was calculated to be at 52% during our Saturday surgeries. This value is notably higher
compared to the 26% SSR;s achieved by simply relying on the PAS at the baseline benchmark level.
It's also a substantial jump compared to baseline with the 100% SSR; attainable through optimal
performance. This implies that as the SSR for completing the initial four cases on time increases,
it becomes more achievable to attain a higher SSR5 and conversely, as the SSR for the first four
cases decreases, it becomes more challenging to achieve a higher SSRs. Table 5 presents a
comparison between SSR and SSRs for both hypothetical PAS scenarios and the real-world

outcomes of Saturday surgeries.

Table 5: SSR vs SSR; between hypothesis and reality

Translation of SSRj into

S i SSR
cenario SSRs number of extra cases

Hypothetical Scenario 1

77% 26% 0] th
(Baseline performance) 0 0 nce permon
Hypothetical S io2
ypo. ehcal >cenario 100% 100% Once per week
(Optimal performance)
Saturday clinical practices
y 2 93% 52% Once every two weeks

(Practical outcomes)
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