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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 (AI) 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 AI, 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 AI 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 numbersðan 

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[12ï15]. 
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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 surgeonôs 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 patientôs surgery.  

 

The surgeonôs 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. 
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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.   
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CƛƎǳǊŜ мΥ bƻƴπ{ǳǊƎƛŎŀƭ ŀǇǇǊƻŀŎƘŜǎ ƛƴǘŜƴǎƛŦȅ ŜũƻǊǘǎ ŀǊƻǳƴŘ ǘƘŜ ƛƴǘŜǊƻǇŜǊŀǝǾŜ ǇŜǊƛƻŘ  

 

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: 

(i) introduction of new assets to improve hospitalsô 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] 
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centered their work around sociodemographic data to extract patient characteristics. The scheduling data 

included factors like a patient's history of 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 

hospitalôs PACU crowding and predicted each patientôs PACU stay time based on their surgery. 

Additionally, other authors built a ML model that predicted the intensive care unitôs 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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CƛƎǳǊŜ нΥ hǾŜǊǾƛŜǿ ƻŦ a[ ŜƴŘŜŀǾƻǊǎ ǘƻ ƻǇǝƳƛǎŜ ƻǇŜǊŀǝƴƎ ǊƻƻƳǎ ŜŶŎƛŜƴŎȅΦ  

 

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 [32ï36]. In my thesis, I 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 

questions 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, I 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. 
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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, I 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 (AI) are increasingly recognizing the importance of adopting 

a multidisciplinary approach to their work [42]. 

 

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, I 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 AI-aided computing, which provides 

refined databases for healthcare prevention, treatment, and diagnosis. The emergence of AI 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 AI 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, I 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 ña decision support system DSSò 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 AI within the Division of Orthopedics 

Surgery, at TOH. The blueprint for my proposed healthcare delivery AI-transformation is summarized in 

Figure 5.  
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1.6. Thesis Contributions 

Figure 5 depicts the schematic of my proposed AI-driven transformation for Arthroplasty surgeries, while 

also highlighting the milestones and research contributions of my thesis. As the thesis format is a ñthesis 

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

 

The initial phase of my thesis focused on descriptive analytics (DA). I 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 AI-based Surgical Transformation (FAST)" where I compared 

various supervised machine learning models within each framework, evaluating their complexity and 

implementation aspects. I have the option to use these frameworks either in combination or independently. 

Nevertheless, I 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 ñArtificial -

Intelligence driven prescriptive model to optimize team efficiency in a high-volume primary arthroplasty 

practiceò. 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 
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5000 patient surgeries to make predictions, followed by the automatic generation of a AI-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 ñFirst Deployment of Artificial Intelligence Recommendations in Orthopedic Surgeryò 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 A1 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 

quantifying important metrics, I 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 

Farid Al Zoubi 
Data curation, Investigation, Methodology, Writing - original draft, 

Validation, Writing ï review and editing 

Paul Beaulé 

 
Conceptualization, Methodology, Writing ï review and editing 

Pascal Fallavollita 
Conceptualization, Methodology, Funding acquisition, Project 

Administration, Resources, Supervision, Writing ï 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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