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Abstract 

Background:  Incident Learning System (ILS) data are used by radiotherapy (RT) quality assurance 

(QA) programs for the purpose of improving quality and safety of RT delivery for patients.  The 

objectives of this thesis were: 1) to develop an analytic framework for ILS data analysis that can be used 

to statistically explore factors that are associated with error detection throughout reported incidents; 2) to 

apply the analytic framework to identify and assess factors associated with error detection by RT QA 

processes using a real-world ILS dataset; and 3) to apply the framework in a pre-post study to explore the 

effect of various changes made to RT delivery on error detection by RT QA processes. 

 

Methods:  We developed an analytic framework for ILS data analysis that combined relevant incident 

theory with core concepts and principles of quantitative research that are common to epidemiology.  The 

analyzes utilizing the analytic framework were conducted on an ILS dataset from the Ottawa Hospital 

Cancer Centre (TOHCC), Ottawa, Canada.  The TOHCC ILS dataset contained 4620 characterized 

incidents reported at the centre from 2007-2017.  Epidemiologic methods were used to identify and assess 

factors that were associated with error detection by specific QA processes throughout the reported 

incidents.   

  

Results:  The analytic framework was successfully piloted on the TOHCC dataset.  The RT treatment 

technique, treatment intent and the error domain of origin were identified as factors that were associated 

with successful error detection by certain RT QA processes.  Changes that were made to RT delivery 

process at TOHCC also appeared to have both positive and negative effects on error detection by certain 

RT QA processes. 

 

Conclusions:  We developed and piloted an analytic framework that can be used to statistically analyze 

ILS data to explore factors associated with error detection by RT QA processes.  We have shown that 
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with careful interpretation, this analytic approach can be used to identify factors that may contribute to 

error detection by redundancy implemented throughout the RT workflow sequence. 
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Chapter 1 

Introduction 

1.1 Background and rationale 

 Quality Assurance (QA) is a vital component of safe radiotherapy (RT) delivery to cancer 

patients (1).  Although incidents (i.e. accidents) occur relatively infrequently in RT departments, 

errors made during the RT planning and delivery process have the potential to severely harm 

patients (2).  Designing and implementing effective safety barriers (i.e. physical and non-physical 

safeguards that aim to safely detect errors that do occur throughout the RT delivery process) (1) is 

a central component of incident prevention used by RT QA programs.  Incident Learning System 

(ILS) data are routinely collected and analyzed by RT QA programs for incident learning 

purposes (3-6), which are activities that aim to modify safety processes to prevent similar 

incidents from recurring (7).   

 Fundamental to RT incident learning is the need to identify factors that contribute to 

incidents, specifically those that can be modified through corrective actions or action plans 

executed by the QA program (8).  For example, RT QA programs have identified workplace 

ergonomics as a general factor that is thought to contribute to incident occurrence and have 

attempted various corrective actions to modify the physical working environment in RT 

departments to reduce the probability of errors (9).  Several ILS data analysis methods are 

commonly used by RT QA programs to identify and assess various factors that are thought to 

potentially cause incidents (10). 

 A literature search identified few RT incident learning studies that attempted to analyze 

ILS data using frequentist statistics to investigate incident etiology.  The vast majority of RT 

incident learning research in the published patient safety literature use qualitative data analysis 

methods, such as root-cause analysis, which tend to conduct in-depth investigations into the 
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etiology of single incidents (11).  An important limitation of qualitative incident learning 

investigations into singular incidents is their inability to establish shared factors contributing to 

multiple incidents.  This thesis project attempted to address this methodological gap by 

developing an analytical framework that can be applied to a statistical analysis of routinely 

collected ILS data to explore factors that are associated with error detection by RT safety barriers.  

The analytic framework that was developed underscores several concepts and principles that are 

commonly used by epidemiologists to assess associations between sets of measured variables 

using frequentist statistics.  The framework was successfully applied to an analysis of a real-

world ILS dataset from a single Canadian cancer centre.  An advantage of using frequentist 

statistics in this context is the ability to objectively identify and assess factors that are 

contributing to multiple incidents in RT departments. 

1.2 Purpose and objectives of this thesis 

This thesis consisted of the following 3 main objectives: 

1)  Develop an analytic framework that can be used to guide an analysis of the variation in 

 error detection by safety barriers implemented throughout the radiotherapy

 workflow sequence using routinely collected Incident Learning System data. 

2) Apply the framework to identify and assess factors associated with error detection by 

 radiotherapy safety barriers at the Ottawa Hospital Cancer Centre using data from 

 their Incident Learning System.  

3)  Explore the impact of changes to radiotherapy delivery process at the Ottawa Hospital 

 Cancer Centre on error detection by their radiotherapy safety barriers. 

1.3 Study design overview 

 A retrospective study was conducted at the Ottawa Hospital Cancer Centre, Ottawa, 

Canada.  This study analyzed data from an Incident Learning System that was provided by the 

centre.  This dataset contained a series of variables describing reported incidents at the Ottawa 
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Hospital Cancer Centre from 2007-2017.  This information was used to recreate the events and 

the potential causes that contributed to the reported incidents.  Specific safety barrier groups 

which had opportunity to detect that an RT plan that had incurred an error during an incident 

were analyzed to explore factors that were associated with error detection.  

1.4 Thesis outline 

This PhD thesis is written in a manuscript-based format consisting of six chapters with 

supplemental appendices.  Chapter 2 provides a review of relevant literature that led to the 

research presented in this thesis.  The chapter begins by providing background on general theories 

that have been developed specifically to study incidents (section 2.1).  The subsequent sections in 

Chapter 2 provide background on radiotherapy delivery and radiotherapy incidents (section 2.2), 

the epidemiology of radiotherapy incidents (section 2.3), common methods that are used for 

incident data collection and analysis (section 2.4), an overview of factors that are thought to 

contribute to incidents identified in the patient safety literature (section 2.5), and a section 

detailing the general rationale for this thesis project (section 2.6).  Three manuscripts follow the 

literature review Chapter, each addressing one of the three thesis objectives.  The first manuscript 

presented in Chapter 3 details the development of an analytic framework that utilizes concepts 

and principles common to epidemiology to identify and assess factors associated with error 

detection by RT safety barriers.  The second manuscript presented in Chapter 4 provides the 

results of an analysis of an ILS dataset from the Ottawa Hospital Cancer Centre exploring factors 

associated with safety barrier error detection.  The third manuscript presented in Chapter 5 

provides results of a separate pre-post analysis of the Ottawa Hospital Cancer Centre ILS dataset 

exploring the impact of two changes to RT delivery process at the centre on safety barrier error 

detection.  Chapter 6 provides a general discussion of the research that was conducted for this 

thesis project, including the study strengths, limitations, and the potential impact this project 
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could have on RT ILS data analysis.  Supplemental appendices that accompany the three 

manuscripts are presented at the end of the thesis document.   
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Chapter 2 

Literature Review 

2.1 Incident theory 

2.1.1 The basic components of an incident 

 There are several basic components of an incident: errors, hazards, error detection 

events, causes, and losses.  An incident is a reported accident at a workplace that had the potential 

to, or actually did result in losses (i.e. harm or negative consequence to people or other assets 

such as machine equipment, computer hardware, or computer software).  Although there is almost 

always variation in the chain of events that will differentiate one incident form another, all 

incidents require at least one error (i.e. a mistake, slip, lapse, violation, fault, unsafe act, etc.) to 

have been made by either a person (i.e. a human error) or a machine (i.e. a computer error) (1).  

Not all errors that are made at a workplace will result in losses.  A hazard represents a danger or a 

situation that carries some level of increased probability for losses (2-4).  Every workplace will 

have a unique set of intrinsic hazards that have the potential to result in losses, such as the use of 

heavy objects or machinery, or the presence of harmful bacteria, viruses, chemicals or radiation.  

In general, organizations (i.e. companies, institutions, medical departments, etc.) will design 

safeguards (i.e. physical or non-physical safety measures) that are intended to prevent these 

intrinsic hazards from representing significant probabilities of harm to people or other assets.  For 

example, physical safeguards are commonly used to contain hazardous materials at a workplace, 

such as the proper storage of heavy objects, and the use of suitable containment devices for 

harmful bacteria, chemicals, and radioactive materials.  In theory, as long as these safeguards are 

perfectly designed, effectively implemented, and remain in place, the quantifiable probability of 

losses at a workplace is essentially zero.  It is the errors that occur at the workplace that produce 

significant probability for an organization to experience losses (3-4).  For example, workplace 
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errors such as the unsafe storage of heavy objects overhead, the improper handling of 

containment devices that could result in a chemical spill, or the improper handling of radioactive 

materials such as not following proper A.L.A.R.A. (As Low As Reasonably Achievable) (5) 

radiation protection protocols are all types of workplace errors that could create hazards 

representing significant probability for losses at a workplace.  

In general, some errors may have the potential to go unnoticed at a workplace for longer 

periods of time compared to others.  The term latent error (i.e. an incident waiting to happen) has 

been used to describe this phenomenon of an error that has the potential result in future losses if it 

is not safely discovered (6-10).  The importance of the error detection event or the moment in 

time that the error is discovered at the workplace cannot be understated.  The amount of time that 

an error is missed by the safeguards likely increases the overall probability for an organization to 

experience losses (4).  As shown in Figure 2-1, the underlying causes (i.e. contributing factors) 

that lead to both error and safe error detection at the workplace ultimately affect the overall 

probability of losses throughout the chain of events that create an incident (4). 

To prevent significant losses that occur as a result of workplace errors, organizations will 

conduct Quality Assurance (QA) processes, which are a collection of safeguard activities that are 

performed to maintain a desired level of quality and safety in the delivery of services (11-13).  

The collection of QA processes that are put in place by an organization are designed to safely 

manage errors to reduce the overall probability of losses.  These QA processes can be human 

oriented or they can be automated.  An example of a human oriented QA process might be an 

assembly line worker at General Motors conducting a final cross-check that all the car doors were 

correctly welded onto a vehicle.  An example of an automated QA process might be a computer 

interlock that prevents the same General Motors worker from turning on their welding machine 

until the assembly line conveyor belt has stopped moving.  For every error that occurs at a 

workplace, there will be relevant QA processes (i.e. ones designed to safely detect the error) and 
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irrelevant QA processes (i.e. ones that are not designed to safely detect the error), which 

combined will ultimately determine whether or not an error will result in any losses.  

Organizations continually monitor and evaluate their entire collection of QA processes to ensure 

that together they remain effective at limiting potential losses that can result from workplace 

errors (4).   

 

Figure 2-1: The basic components of an incident 

2.1.2 Specific terminology used in this thesis 

 This thesis focuses on background literature, study design, and analysis methods that 

pertain specifically to the study of incidents where there is some probability of harm to patients. 

To combat the ambiguity in terminology that exists among the diverse set of scholarly works that 

helped guide this thesis research, the following condensed set of terms and definitions are used in 

this thesis document:  

• Incident: a reported accident that had the potential to, or did result in harm to one or 

more patients. 

• Error: a synonymous term that refers to any type of mistake or fault that could lead to an 

incident (includes computer error, human error, slips, lapses, unsafe acts, etc.).   
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• Error detection: a synonymous term that refers to either the discovery of an error or the 

discovery of the dangerous situation that an error has created (i.e. a hazard).  

• Outcome: a positive or negative resulting event (e.g. incident, error, error detection, 

harm, etc.). 

• Factor: a variable that may cause a given outcome.   

2.1.3 The classification of incidents: actual incidents and potential incidents 

 There are a variety of classification schemes in the patient safety literature that attempt to 

categorize incidents based on the level of perceived harm to patients (14-24).  For example, the 

Canadian Patient Safety Institute (14) have the following three tier categorization scheme for the 

reporting of incidents: 

• Near Miss Incident: an incident that could have resulted in unnecessary harm to a patient 

but did not reach the patient. 

• No Harm Incident: an incident that could have resulted in unnecessary harm to a patient 

that reached a patient, but no discernible harm resulted. 

• Harmful Incident: an incident that could have resulted in unnecessary harm to a patient 

that reached a patient, and resulted in harm to a patient.  

 As evidenced in the above categorization scheme, the complexity of incidents has made 

the endeavor to classify them quite challenging.   

 Fortunately, there is a straightforward incident classification scheme that separates 

incidents into two broad categories (15, 16, 18):   

• Actual incident: an incident where error detection did not occur until a patient was 

harmed.     

• Potential incident: an incident where error detection occurred before a patient was 

harmed.   
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 Depending on the incident reporting practices of a medical organization, actual and 

potential incidents have been further sub-classified.  For example, the most extremely harmful 

actual incidents are commonly classified as critical or catastrophic (16, 23).  An incident that 

resulted in death, or severe disability, of one or more patients would be an example of a critical 

actual incident (16).  Further sub-classification of actual incidents that report lower levels of 

harm to patients may also occur, such as differentiating non-minor actual incidents (i.e. incidents 

that resulted in clinically meaningful harm) from minor actual incidents (i.e. incidents that 

resulted in non-clinically meaningful harm) (15).  Similarly, medical organizations have also 

categorized potential incidents based on the perceived level of patient harm that could have 

occurred but was safety avoided.  For example, potential incidents have been classified as non-

minor potential incidents [i.e. high-probability of clinically meaningful harm to the patient(s) was 

avoided] or minor potential incidents [i.e. low-probability of clinically meaningful harm to the 

patient(s) was avoided] (15).  

2.1.4 Conceptualizing incident causation 

2.1.4.1 The Reason model 

 A simple conceptual framework developed by James Reason commonly referred to as the 

‘Swiss Cheese’ model, is a popular model in the patient safety literature that has been used to 

illustrate the basic causal mechanism thought to lead to an incident (25).  A rendering of the 

Reason model is shown in Figure 2-2.  The Reason model theorizes that medical organizations 

design and implement a collection of imperfect safeguards (which includes QA processes) for 

preventing incidents, describing these safeguards as having ‘holes’ in them similar to Swiss 

cheese.  In the Reason model, an error that creates a hazard (i.e. a dangerous situation that carries 

probability of harm) must slip through the holes that have aligned in subsequent layers of 

safeguards for there to be any losses.  Reason theorized that as the error slips through each hole in 
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subsequent safeguard layers, the potential delay in error detection could increase the likelihood of 

a critical actual incident (4).   

 
Figure 2-2: The Reason Model 

2.1.4.2 The systems approach vs. person approach to studying incidents 

 Generally, there are two philosophical approaches to the study and management of harm 

that can result from workplace error, the person approach and the systems approach (4).  These 

two approaches are described in the following two paragraphs. 

The person approach explores causation of incidents primarily from a human behavior 

point of view, such that errors are made by imperfect individuals that are unable to carry out tasks 

safely and these errors are what causes harm.  For example, following the person approach, a 

factor that could contribute to incidents may include worker laziness or incompetency.  

Unfortunately, this person approach to studying incident causation can also lead to strict 

responses to reported incidents, such as disciplinary action against workers who make errors (4).    

Alternatively, instead of focusing on the individuals that may make errors, the systems 

approach conceptualizes incident causation within the context of a system (i.e. the collection of 

policies, practices, processes, procedures, and working environment) that is created by an 
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organization.  The systems approach primarily explores factors that contribute to the system 

failing to effectively limit losses that can result from workplace errors.  The systems approach to 

studying incident causation assumes error is unavoidable, and that incidents occur mainly as a 

result of the insufficiencies in the design of the system.  The systems approach to incident 

management attempts to improve safety in all aspects of an organization’s system by not only 

improving the safety practices of individual workers to prevent the occurrence of errors, but also 

improving the safeguards that are designed to safely detect any errors that do occur.  The systems 

approach to incident management has become more popular in medicine and industry because it 

shifts the focus away from blaming the individuals that make errors to instead concentrate on 

developing better safeguards to limit the harmful effects of error.  The Reason “Swiss cheese” 

model is one of the most commonly used models that follows a systems approach to 

conceptualize the causation of incidents (4).   

2.1.4.3 Reason’s active failures and latent conditions 

 Reason theorized that there are two main factors that contribute to all incidents, active 

failures and latent conditions.  Active failures are the errors that have occurred while in direct 

contact with an organization’s system (sometimes also referred to as the user-system interface) 

(12, 26).  Using more simple terms, active failures represent the errors that occur at a workplace 

that contribute to incidents, which are either the initial errors that create hazards that carry 

probability of harm, or the errors that directly contribute to whether or not the initial errors are 

safely detected by QA processes.  For example, an active failure might include an initial error 

made by a medical resident who calls the wrong Mr. Smith into their examination room, creating 

a hazard that carries probability of harm (i.e. the wrong patient may receive the exam intended for 

Mr. Smith).  Another active failure might then occur if, before the resident administers the exam, 

he or she does not double-check Mr. Smith’s identity (e.g. confirming his full name and date of 

birth).  If the resident does not properly complete the QA process of double-checking Mr. Smith’s 
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identity and administers an exam on the wrong patient, two active failures have occurred in this 

system and have contributed to an actual incident.   

 Alternatively, latent conditions [sometimes also referred to as latent failures (25) or 

latent risk factors (27)] represent the creation or modification of factors that either increase 

probability of error or decrease probability of error detection within the system (4).  Latent 

conditions are not initially observed by an organization, and can remain dormant within the 

system for long periods of time before contributing to incidents (4).  For example, a latent 

condition within the working environment of a hospital could be created if the hospital decides to 

reduce the duration of their resident-patient examination times by 50%.  By reducing the duration 

of these appointment times, the organization has manipulated a specific factor (i.e. increasing 

pace of work) that increases the probability of errors being made by residents that contribute to 

incidents (4).  In another example, a latent condition within the collection of QA processes at the 

same hospital could be created if their policy for confirming patient identity is not overly 

exhaustive, such as only requiring the verification of a patient’s first and last name without also 

confirming their date of birth or address.  By not incorporating additional verification methods to 

confirm patient identity, the hospital has manipulated another factor (i.e. exhaustiveness of QA 

process) that could increase probability of missed error detection that contributes to incidents (i.e. 

mistaken identify harming a patient) (28-30).  

 To improve the overall safety of their system, organizations that follow the systems 

approach philosophy to incident causation and management tend to focus more on the elimination 

of latent conditions (i.e. factors associated with error or error detection) compared to active 

failures (i.e. the errors themselves).  Eliminating a latent condition is believed to be more 

impactful for an organization trying to improve their safety because these represent issues that 

tend to be systematic in nature and may contribute to several incidents.  Alternatively, active 

failures can be more difficult to address because they can be less predictable and may only 
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contribute to single incidents.  In practice, medical organizations may attempt to eliminate latent 

conditions in their system in two ways, first, by attempting to remove the presence of error 

eliciting circumstances at the workplace that may increase the probability of error, and second, by 

identifying and eliminating systematic holes that are present in their QA processes that are 

increasing the probability of errors evading detection and contributing to incidents (4).   

2.1.5 System approach theory 

 There are a number of theories developed by sociologists that follow the systems 

approach to understanding and managing incidents, some of which include Normal Accident 

Theory (31), High Reliability Theory (32-37), and Human Factors and Systems Engineering (12, 

38-40).  These theories that focus on the causation of incidents from a social and organizational 

perspective are individually described in the following sections.    

2.1.5.1 Normal Accident Theory 

 Normal Accident Theory was first developed by Perrow in 1984 (31).  Perrow theorized 

that incidents are unavoidable and are ‘normal’ consequences of complex systems that are created 

by organizations.  Normal Accident theory argues that highly-complex systems produce coupling 

events (i.e. errors contributing to other errors) that will inevitably lead to a critical actual incident 

(31).  Normal Accident theorists believe that simplifying a system removes the opportunity for 

unexpected coupling events, which improves system safety.  For example, Normal Accident 

theorists argue against adding too many processes to a system (e.g. increasing the number of QA 

processes) because this adds complexity that may result in further unexpected coupling events 

and will increase the probability of a critical actual incident (31).  Although Normal Accident 

theorists suggest that streamlining process may reduce the number of incidents reported by an 

organization, they also argue that the quantifiable probability of a critical actual incident in any 

complex system that is designed by humans can never truly reach zero (41).  
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2.1.5.2 High Reliability Theory  

 High Reliability Theory was initially developed by several researchers based out of 

Berkley University in the late 1980s (32-36).  High Reliability theorists have approached studying 

incidents from the opposite end of the spectrum compared to Normal Accident Theorists.  Instead 

of studying the errors and coupling events that lead to critical actual incidents, High Reliability 

Theory studies the processes and procedures used by organizations with complex systems that 

continually report almost zero critical actual incidents (37).  The crux of High Reliability Theory 

begins with the concept of the existence of a High Reliability Organization, which is an 

organization that is able to continuously modify the design of their complex system to 

successfully defend against a critical actual incident (41).  Examples of High Reliability 

Organizations that have been studied by High Reliability theorists include commercial aviation, 

air craft carriers, air traffic control systems, nuclear submarines, space shuttle launches, electrical 

power grids, and nuclear power plants (32-37, 42).  Although these High Reliability 

Organizations may have different formal operational goals, they all share similar safety practices, 

processes, and procedures that result in extremely low rates of critical actual incidents being 

reported (37, 41).  For example, mindfulness has been described as a central practice of High 

Reliability Organizations (37).  High Reliability Organizations are believed to be mindful in the 

following five ways:  they commonly embrace the opportunity to learn about the complexity of 

incidents, they are alert to the ever present possibility of an incident, they are self-aware of the 

influence of their organizational hierarchy on incidents, they are sensitive to the potential impact 

of even the most minor change to the overall safety of their system, and they understand the 

importance of resiliency during a crisis (37).   

 Many organizations attempt to become more reliable through the process of adopting 

safety practices, processes and procedures commonly used by High Reliability Organizations.   

One of the most commonly studied and mimicked High Reliability Organization is aircraft 

carriers (4, 35, 37, 43-51).  Naval airplane flight can lead to critical actual incidents, yet aircraft 
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carriers have developed a dynamic system that produces very few of these extremely harmful 

outcomes.  It has become popular for medical organizations (e.g. hospitals, medical departments, 

etc.) to mimic several processes commonly used in naval aviation to improve the safety of their 

system.  For example, hospitals commonly use redundancy (i.e. duplicating or overlapping tasks) 

(52-53) to reduce probability of a critical actual incident; analogous to a flight deck personnel 

cross-checking a captain’s flight plan on an aircraft carrier, a nurse or pharmacist will commonly 

engage in similar redundancy by double-checking prescriptions filled-out by physicians (12).  It 

has become popular for medical organizations to adopt a variety of other safety processes 

commonly used by High Reliability Organizations to improve their safety (43, 54).  

2.1.5.3 Normal Accident Theory vs. High Reliability Theory 

 There has been an ever-present debate between Normal Accident theorists and High 

Reliability theorists regarding how to properly approach the management of incidents (41, 55–

58).  Normal Accident theorists believe that simply reducing complexity and the opportunity for 

coupling events will lead to fewer critical actual incidents but state that complex systems can 

never be completely safe.  High Reliability theorists argue that the very existence of highly 

complex systems that report practically zero critical actual incidents demonstrates that highly 

complex systems can be designed safely.  High Reliability theorists suggest that there are 

necessary features for an organization to be able to maintain a low-level probability of a critical 

actual incident.  These necessary features of High Reliability Organizations include: the strategic 

prioritization of safety over product output, an emphasis on learning from incidents, the continued 

education of workers, the careful consideration of implementing new process and procedure, the 

effective use of redundancy, the decentralization of decision making, and the continued 

development of a strongly supported and transparent incident reporting culture (37).   

 Out of all of the necessary features of a High Reliability Organization, adding 

redundancy to a system is one of the most heavily debated topics among incident theorists.  For 
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example, adding redundancy (e.g. implementing a new QA process) naturally increases system 

complexity, which Normal Accident theorists would argue against because it may increase the 

probability of a critical actual incident.  It has also been argued that redundancy can 

simultaneously increase the probability of certain types of incidents while decreasing the 

probability of other types of incidents (59).  High reliability theorists would argue that as long as 

the organization is mindful of the overall impact to safety of the entire system, the addition of 

new redundancy can be successfully achieved to reduce the probability of incidents (37).  

Although Normal Accident theorists and High Reliability theorists have different opinions on the 

challenges that added redundancy may have on complex systems, both agree that proper care in 

the design of a system can not only prevent incidents, but also prevent the initial errors from 

happening in the first place (4, 41).   

2.1.5.4 Human Factors and Systems Engineering  

   Systems approach theory has generated management strategies to eliminate incidents, 

one of the most popular research fields in incident prevention is called Human Factors and 

Systems Engineering.  Human Factors is a scientific methodology that focuses on designing 

systems for safe human use (40).  Human Factors engineers use knowledge of human strengths 

and limitations to design safer working environments that aim to reduce probability of human 

error (40, 60).  Human Factors has been incorporated into System Engineering models that 

emphasize the importance of physical, social, and organizational safeguards that can be designed 

into a system to safely prevent incidents (38).   

Standardization and simplification are core Human Factors principles that have been used 

by systems engineers to limit the potential harm that can result from human errors (12).  For 

example, standardization and simplification have been used by medical organizations to help 

balance staff workloads and prevent shift-to-shift handoff errors between clinicians (61).  

Generally, Human Factors and System Engineering approaches fall under the umbrella of a 
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systems approach to incident causation and management, because the methods use system design 

to reduce the frequency of human error to limit potential losses (62).  The application of Human 

Factors and System Engineering approaches, such as the redesign of clinician workstations or the 

simplification of process tasks have been found to help reduce error rates reported by various 

medical organizations, including nursing wards (63) and cancer centres (64). 

2.2 Radiotherapy  

2.2.1 Radiotherapy as a treatment for cancer  

 Radiotherapy (RT) is the therapeutic delivery of ionizing radiation to reduce or eliminate 

disease.  The radiobiology behind the action of ionizing radiation on living tissue is quite 

complex.  In short, charged particles (protons and electrons) and uncharged particles (photons and 

neutrons) excite water molecules to create secondary free radicals that damage deoxyribonucleic 

acid (DNA) causing cell death.  Cells are most sensitive to radiation damage when they are 

actively replicating because their DNA is unpacked.  In general, cancer cells actively replicate at 

higher rates than normal human cells.  This unique feature of cancer cells allows ionizing 

radiation to be a highly effective treatment of cancer, especially cancers with higher rates of 

growth (65).  

 Although a new generation of cancer therapies have become available, such as targeted 

therapy (66) and immunotherapy (67), which have joined other proven cancer therapies, such 

hormone therapy (68) and photodynamic therapy (i.e. the use of photosensitizers and light to treat 

superficial cancer lesions) (69), RT, along with surgery and chemotherapy are generally 

considered the three standard treatment options given to cancer patients (65, 70).   

RT is commonly used in both curative and palliative settings.  In the curative setting, RT 

has been shown to be both an effective stand-alone therapy, and as an integral part of multi-

modality therapy in the treatment of several cancers (65, 70-71).  In the multimodality setting, RT 

has been used as an effective primary, adjuvant, neoadjuvant, and concurrent cancer treatment 
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(65, 70).  RT has also been shown to be an effective palliative treatment for cancer (72).  For 

example, the use of palliative RT for bone metastasis has been shown to be clinically effective at 

reducing patient reported pain (73-75).   

In general, RT is administered in two ways, externally, using external beam radiotherapy 

(EBRT), or internally, using brachytherapy (BT).  EBRT involves the delivery of high energy 

photons, electrons or protons from an external radiation source (65).  BT involves the delivery of 

RT from an internal radioactive implant (65).  BT is generally delivered using radioactive 

isotopes that exhibit various rates of decay resulting in different doses delivered to the tumor per 

unit of time.  These different isotopes have resulted in various categories of BT delivery, such as 

low-dose-rate, pulse-dose-rate, or high-dose-rate BT treatments (76). 

 Clinical guidelines have recommended the use of EBRT as either a primary (stand alone 

or in multi-modality therapy), concurrent, adjuvant, or neoadjuvant therapy in both curative and 

palliative settings for the treatment of several cancers, some of which include cancers of the 

breast (77), prostate (78), lung (79), head-and-neck (80), brain (81-82), cervix (83), endometrium 

(84), and rectum (85).  The advancement of RT delivery machines, computer hardware, and 

computer software technology has led to innovative EBRT treatment techniques such as intensity-

modulated radiotherapy (IMRT) (91), volumetric modulated arc therapy (92), tomotherapy (93), 

and stereotactic body radiotherapy (94).  When compared with standard three-dimensional 

radiotherapy (3D) techniques, these advanced EBRT modalities have demonstrated several 

advantages, such as improved survival outcomes and reduced side-effects for cancer patients, and 

improvements to the overall efficiency of RT delivery (91-94).    

 BT is a standard treatment option for several types of cancer, some of which include 

breast (86), prostate (87-88), cervix (89), and vagina (90).  BT and EBRT can also be used in 

combination to treat several cancers.  For example, EBRT with high-dose-rate BT is a standard 

treatment option for localized prostate cancer (95), while EBRT in combination with either low-



 

 

 

20 

dose-rate BT, high-dose-rate, or pulse-dose-rate BT has been a recommended treatment for 

locally advanced cervical cancer (96).   

2.2.2 Radiotherapy workflow 

2.2.2.1 The radiotherapy workflow sequence: domains and process steps  

 RT workflow is commonly split up into separate domains.  These workflow domains 

contain a collection of tasks that a select group of RT clinicians (i.e. radiation oncologists, 

medical physicists, and radiation therapists) collaborate to deliver a single course of RT to a 

patient.  Although RT workflow can be quite complex, delivery of RT can be broken down into 6 

main workflow domains, they are: Decision to Treat (i.e. initial patient assessment and 

scheduling of treatment), Simulation (i.e. acquisition of images used for RT treatment planning), 

Planning (i.e. creation and review of the RT treatment plan), Pre-Treatment QA (i.e. pre-

treatment review and verification), Delivery (i.e. technical delivery of RT to the patient, which 

includes on-treatment QA), and Discharge (i.e. post-treatment patient management and follow-

up) (18, 97).   

Within each RT workflow domain there are a number of sequentially completed process 

steps.  These process steps effectively move a patient (and their chart) through the RT workflow 

from the initial consultation appointment with the radiation oncologist (i.e. the very first process 

step completed in the RT workflow) to the final post-treatment follow-up appointment (i.e. the 

very last process step completed in the RT workflow) (18, 97).   

2.2.2.2 Radiotherapy safety barriers 

 There are a number of QA processes that occur throughout the sequential completion of 

process steps within each RT workflow domain.  These QA processes that are designed to detect 

errors and prevent incidents are commonly called safety barriers (18).  There are several types of 

safety barriers that are designed into RT workflow.  For example, cone-beam computed 
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tomography imaging is a routine safety barrier used during IMRT treatments that confirms tumor 

target and internal organ location directly prior to the radiation being delivered to the patient (98).  

There are many other examples of safety barriers that are implemented throughout the RT 

workflow sequence to ensure errors are safely detected so that patients are not harmed (18).  

2.2.2.3 Radiotherapy workflow complexity  

 Radiotherapy workflow is quite complex.  For example, the American Association of 

Physicists in Medicine (AAPM) has formally mapped out the sequence of process steps required 

to deliver a single course of RT using different RT treatment modalities (18).  These AAPM RT 

workflow maps illustrate the general level of complexity of RT workflow; the AAPM describes 

EBRT workflow in 93 distinct process steps, which includes 30 safety barriers (18).  For 

illustrative purposes, a simplified rendering of the AAPM EBRT workflow map is shown in 

Figure 2-3 and selected process steps and safety barriers that are defined in this map are presented 

in Table 2-1.   

 
Figure 2-3: A simplified version of the AAPM EBRT workflow map 
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Table 2-1: Example process steps listed in AAPM EBRT workflow map  

 Abbreviations: AAPM = American Association of Physics in Medicine; EBRT = external 
beam radiotherapy; SB = safety barrier. 
 

Workflow 
domain 

Workflow 
process 
step # 

Description 

Decision To 
Treat 

1 
3 
4 
5 

10 
14 
15 
17 

Verify patient ID by two methods (SB) 
Review and verify patient pathology report (SB) 
Physical exam 
Clinical staging 
Decision to treat 
Patient consent 
Patient education 
Peer review of treatment decision (SB) 

Simulation 22 
23 
25 
29 
32 

Verify patient ID and contraindications (SB) 
Imaging decision (type and technique) 
Patient positioning 
Primary image acquisition 
Transfer images to treatment planning system 

Planning 
 
 
 
 
 
 
Pre-
Treatment 
QA 

36 
37 
38 
39 
42 
43 
44 
52 
53 
54 
56 
57 

Delineation of targets 
Delineation of organs at risk 
Prescription parameters (physician intent) 
Physics consult (SB) 
Dose distribution calculation 
Pre-evaluation of treatment plan by medical physics (SB) 
Pre-evaluation of treatment plan by radiation oncologist (SB) 
Physics plan review (SB) 
Independent dose calculation (SB) 
Plan data transfer to treatment unit 
Pre-treatment patient specific plan measurement (SB) 
Physics verification and approval (SB) 

 
 
Delivery 
(includes  
on-treatment 
QA) 

58 
59 
60 
64 
65 
66 
68 
69 
73 
74 
75 
79 
83 
84 

Physician plan peer review (SB) 
Therapist chart check (SB) 
Verify patient ID (SB) 
Plan information transfer to treatment unit 
Selection of intended field 
Patient positioning and immobilization 
Validate treatment accessories and treatment unit parameters (SB) 
Image-guided verification (SB) 
Radiation treatment delivery 
Intra-treatment monitoring (SB) 
Record treatment delivery 
Review portal images (SB) 
Weekly physician, nurse, and social worker check-ups (SB) 
Weekly therapist chart checks (SB) 

Discharge 87 
88 
91 

Final chart check (SB) 
End of treatment summary to patient and referring providers 
Follow-up patient management 
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2.3 Radiotherapy incidents 

2.3.1 Examples of radiotherapy incidents 

There are numerous RT incidents (i.e. incidents that had the potential to, or did result in 

harm to patients receiving RT treatment) that have been described in the literature (99-101).  

These examples of RT incidents demonstrate not only the potential harm to patients that can 

occur from errors made during RT workflow completion (99, 101), but also the potential negative 

consequences for the clinicians involved, such as malpractice lawsuits, termination of 

employment, and associated psychological trauma (100, 102).    

 A historic example of a catastrophic actual RT incident that occurred in St Paulo Mexico 

in the mid 1990s (101) demonstrates the immense harm to patients that can result from errors 

made at RT facilities.  In the St. Paulo incident, a single error was made by a medical physicist 

who incorrectly calculated the radiation dose rate for a newly commissioned cobalt 60 EBRT 

machine.  Unfortunately, this error was not detected by any QA process at the RT facility until 

115 patients had been treated on the improperly commissioned machine.  After an in-depth 

follow-up investigation, the overdoses of radiation that were received on this machine were 

believed to have directly contributed to 7 patient deaths and 46 patients experiencing one or more 

major adverse side effects (101).  Although linear accelerators have practically eliminated the use 

of cobalt 60 EBRT machines in many countries (103), this historical RT incident provides a real-

world example of the potential harm that can result from even a single error made at an RT 

facility.   

 Another more recent example of a RT incident that happened in Brooklyn, New York in 

the mid 2000s involved an error that was made during the completion of workflow for a breast 

cancer patient’s EBRT treatment (103).  During this incident, an error was made by a radiation 

therapist that resulted in the removal of a radiation shielding device (wedge) that was intended to 

even out the radiation dose across the breast tissue.  Unfortunately, the error was not detected by 
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a QA process until several fractions of RT were incorrectly delivered to this patient without 

proper wedging in place.  The overdose of radiation that the patient received burned an extensive 

wound into her chest that required surgical intervention to repair (99).   

These two examples of RT incidents highlight the importance of having effective QA 

processes to ensure that errors that occur during RT workflow completion are safely detected 

prior to harming patients. 

2.3.2 Epidemiology of radiotherapy incidents  

2.3.2.1 Canada 

 In Canada, RT incident reporting data that includes both actual incidents and potential 

incidents are not commonly shared between cancer centres.  This lack of transparency makes it 

difficult to accurately approximate national or provincial rates of RT incidents in Canada.  There 

are a number of smaller, single institution studies that provide some insight on the RT incident 

burden (16, 104-105).  The most recent of these studies, suggest that actual RT incidents occur 

much less frequently than potential RT incidents at a Canadian cancer centre (16).  For example, 

Clark et al reported 2506 incidents at the Ottawa Hospital Cancer Centre (TOHCC), Ottawa, 

Canada, from 2007 to 2011, 368 of which were actual incidents (49 non-minor and 316 minor) 

and 2138 were potential incidents (16).  Two slightly older single Canadian institution studies 

suggest that RT incident rates at Canadian cancer centres are low (104-105).  Huang et al, 

reported rates of RT incidents that included both potential and actual incidents at Princess 

Margaret Hospital from 1997 to 2002 using three different denominators (per patient treated, per 

treatment volume, and per RT fraction delivered) (104).  They reported a rate of approximately 

2.0 RT incidents per 100 patients treated at their centre (555 incidents per 28136 patients treated), 

a rate of 1.3 RT incidents per 100 treatment volumes delivered (555 incidents per 43302 

treatment volumes delivered), and a rate of 2.9 RT incidents per 1000 RT fractions delivered (555 

incidents per 241187 RT fractions delivered).  Yeung et al reported a rate of RT incidents per 
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patient treatment at the Northeastern Ontario Regional Cancer Centre, Sudbury, Ontario, from 

1992 to 2002 (105).  Their rate was higher at 4.7 RT incidents per 100 patients treated (624 

incidents per 13385 patients treated) (105).  Anecdotally, the reported RT incident rates from 

these 2 single institutional studies suggest that RT incidents may occur at a Canadian cancer 

centre as frequently as 1 to 2 times per week [1.8 RT incidents per week (Toronto) and 1.2 RT 

incidents per week (Sudbury)] (104-105).  The TOHCC data also may suggest that the non-minor 

actual RT incident rate at a Canadian centre is likely to be very low (only 2% of their RT 

incidents were reported as non-minor actual incidents).  Assuming similar non-minor actual 

incident percentages at the other centres would approximate rates as low as 3.9 (Toronto) to as 

high as 9.1 (Sudbury) non-minor actual RT incidents per 10 000 patients treated.  However, until 

truly comparable data from multiple institutions becomes available, it is impossible to accurately 

estimate a Canadian RT incident rate.   

2.3.2.2 World 

Similar to Canada, there is very sparse literature that could be used to describe the burden 

of RT incidents in other countries.  A systematic review by the World Health Organization of all 

publicly available international RT incident reporting literature estimated that approximately 

3125 patients treated with RT from 1976-2007 were seriously affected by a RT incident, this 

included 38 known fatalities (106).  However, this estimate likely represents a gross under-

reporting of the total frequency of non-minor actual RT incidents world-wide.  Publicly available 

data from the United Kingdom suggests that rates of RT incidents in Scotland, England, Wales, 

and Northern Ireland are low.  The Patient Safety in Radiotherapy Steering Group from Public 

Health England reported 7655 RT incidents out of an estimated 413,730 RT patients treated with 

RT in the United Kingdom from December 2011 until November 2013, or approximately 1.9 RT 

incidents per 100 patients treated with RT (107).  This Public Health England data included both 

actual incidents and potential incidents (107).  A less recent report from the Royal Collage of 
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Radiologists in the United Kingdom reported a rate of actual RT incidents in the UK from 2000 

to 2006, which was estimated at 4.0 actual RT incidents per 10 000 patients treated with RT 

across the United Kingdom over a 6-year study period (108).  

Similar to Canada, there is no publicly available literature to provide an accurate RT 

incident rate in the United States.  In 2014, The American Society for Radiation Oncology 

launched a national Radiation Oncology Incident Learning System (109), which has ongoing 

collection of RT incident report data from a number of participating cancer centres in the United 

States (110-111).  Preliminary data from this database reported a total of 1259 RT incidents from 

61 participating cancer centres across the United States from 2014 to 2015.  Unfortunately, the 

authors do not provide information on the number of patients treated or the number of fractions 

delivered at the participating centres to obtain a denominator to estimate a RT incident rate.  Ford 

et al, attempted to extrapolate an actual RT incident rate in the United States in 2010 by 

combining the National Cancer Institute, Surveillance, Epidemiology, and End Results data with 

a scaled estimate of the frequency of RT incidents based off of a New York Times investigation 

from 2001 to 2008.  This extremely crude method estimated a rate of 1.7 actual RT incidents per 

1000 patients treated in the United States (112).   

Publications from single institutions in the United States and other counties outside of 

Canada have reported similar rates of RT incidents.  For example, single institutional data from 

the United States have reported rates of RT incidents ranging from 0.7 to 3.0 RT incidents per 

100 patients treated (113-116).  These articles spanned the years 1995 to 2013 and included both 

potential and actual incidents.  Rates of RT incidents per fraction delivered have also been 

reported by single institutions in the United States and have ranged from 0.6 to 4.0 RT incidents 

per 1000 fractions delivered (116-118).  These articles spanned the years 1996 to 2013.   

RT incident rates have also been reported by single institutions in Australia and China.  A 

single cancer centre in Melbourne Australia reported a rate of 2.6 RT incidents per 100 patients 
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treated from 2001-2011 (119).  A single cancer centre based in China reported a lower rate of 4.0 

RT incidents per 1000 patients treated over a two-year study period from 2012 – 2014 (120).   

2.3.2.3 Radiotherapy vs. other industries 

Due to the lack of transparent data on RT incidents, it is difficult to definitively compare 

the rate of RT incidents with those from other industries.  A large seminal article based out of 

Harvard University, attempted to estimate a rate of incidents occurring at acute care hospitals in 

the United States (121).  This study used a random sample of 51 acute care hospitals across New 

York State in 1984 and yielded an estimated rate of 3.7 incidents per 100 patient admissions to 

acute care hospital (98609 actual incidents out of 2671863 acute care admissions) (121).  This 

rate appears to be comparable to the more recently estimated RT incident rates that have been 

published in the patient safety literature.  There have also been some crude attempts to compare 

rates of critical actual incidents in RT delivery versus other industries.  For example, critical 

actual incidents in RT have been estimated to occur 1000 times more frequently than in the 

commercial airline industry (123).  However, without high-quality RT incident report data 

available, more valid and precise comparisons of incident rates across industries is not currently 

possible. 

2.4 Incident learning in radiotherapy 

2.4.1 Overview  

 An important aspect of RT quality assurance programs is their ability to identify and 

respond to incidents that are reported.  The quality assurance practice of collecting and analyzing 

incident report data for the purpose of monitoring and improving safety is commonly referred to 

as incident learning.  Recently, there has been increased participation in incident learning 

activates by RT QA programs (122-123).  The collection and analysis of both actual incidents and 
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potential incidents that are reported is now recommended as a valuable endeavor for RT QA 

programs to improve their safety (16, 107, 122, 124).   

2.4.2 Incident Learning Systems 

An Incident Leaning System (ILS) is a repository of incident report data that can be 

analyzed by a RT QA program for the purpose of incident surveillance and safety improvement.  

There are a variety of ILS data structures that are currently used by Canadian RT QA programs 

(125).  Some common ILS databases used by Canadian RT QA programs include the recently 

launched National System for Incident Reporting in Radiotherapy (NSIR-RT) (126), the Safety 

and Incident Learning Software System (SaILS) (16), and RL Solutions Incident Learning 

Software System (127).  These incident report data repositories join many others that have been 

developed and used in other countries, such as the Radiation Oncology Safety Information 

System (128) and the Safety in Radiation Oncology system (129).  

Overall, the use of ILS databases to catalog and analyze incidents has been found to yield 

several benefits to RT QA programs including the reduction of reported actual incidents, 

improved incident surveillance and quality assurance assessments, the increased opportunity for 

shared learning and inter-professional collaboration, and improved quality and transparency of 

incident reporting (11 , 15, 16, 97, 107, 116, 119, 120, 121, 130-133).   

2.4.3 Incident Learning System data structure  

Routinely collected ILS data used for RT incident learning purposes provides a detailed 

description of a collection of reported incidents.  For example, SaILS (16) data structure has 

several standard variables and free text fields that are used to describe each incident.  For 

illustrative purposes to demonstrate the type of data that can be commonly found in Canadian ILS 

databases, some hypothetical incidents are described in Table 2-2 using several variables found in 

SaILS.  
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Table 2-2: Hypothetical example ILS data 

 Abbreviations: 3D = three-dimensional radiotherapy; BT = brachytherapy; CT = 
computed tomography; IMRT = intensity modulated radiotherapy; QA = quality assurance; RO = 
radiation oncologist; RTT = radiation therapist.  
 

2.4.4 Incident learning analysis  

2.4.4.1 Practical guidelines for incident learning  

There are numerous practical guidelines found in the patient safety literature that outline 

several key elements that are required to design and implement an effective RT QA program 

(134-141).  Although many of these practical guidelines focus primarily on specific aspects of 

safety in radiotherapy departments, such as radiation protection protocols (141), 

comprehensiveness of the QA program (137-140), suitable auditing process (136), and 

delineation of staff member roles (134), all of these guidelines discuss the importance of ILS data 

collection and analysis for RT QA improvement.   

Patient 
ID# 

Incident 
reported 

Incident description 
(free text) 

Severity Treatment 
Technique 

Domain of 
error origin 

Domain 
of error 
detection 

#1 Potential 
incident 

“Incorrect treatment 
set-up was done by 
the RTT during CT 
simulation of the 
patient.  This error 
was safely caught by 
planning QA.” 

Non-
minor 

IMRT Simulation Planning 

#2 Actual 
incident 

“A contouring error 
was made by the RO 
during planning of 
patient’s treatment.  
It was not safely 
caught until after the 
first fraction was 
delivered.” 

Minor 3D Planning Delivery 

#3 Potential 
incident 

“Incorrect dose was 
calculated for 
treatment.  This error 
was caught by 
independent dose 
calculation in 
Planning.” 

Non-
minor 

BT Planning Planning 
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There are several common research methods that are used by RT incident learning 

researchers to explore incident cause.  These research methods have generally been classified as 

either reactive (i.e. performed after incidents) or proactive (i.e. performed prior to incidents) 

(140).  These methods are described in the following sections.  

2.4.4.2 Qualitative research methods  

 This section provides a general overview of common qualitative research methods that 

are used in RT incident learning to explore incident cause.  Qualitative research methods are 

usually concerned with the collection of non-numerical data (i.e. written text, pictures, audio, 

video, etc.) and the use of non-statistical data analysis to study the meaning or lived experience of 

a particular phenomenon (142).  

2.4.4.2.1 Root Cause Analysis  

Root Cause Analysis is the most common reactive method used by RT incident learning 

researchers.  Root Cause Analysis is a research method that qualitatively maps out the series of 

events thought to have contributed to an incident in an effort to identify the main contributing 

causes (143).  In general, Root Cause Analysis is completed in the following four major steps: 

1) Data collection 

2) Graphical modeling (causal diagramming)  

3) Identifying key causes 

4) Developing recommendations to improve safety  

Potentially the most involved portion of Root Cause Analysis is the data collection step.  

Data collection for Root Cause Analysis can come from a variety of sources such as clinician 

interviews, expert opinion, and retrospective data sources such as ILS data and electronic patient 

records.  A causal diagram is constructed based on the collected data, which is a qualitative 

illustration of the series of events, and potential causes of events, which are believed to have 

sequentially occurred throughout a reported incident.  Once a causal diagram of the incident has 
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been created, an investigator conducting Root Cause Analysis will select one or more causes that 

are believed to have been key contributors to the incident.  Once a summary of these main causes 

of the incident has been established, recommendations for safety improvements may be proposed, 

which can include changes to organizational policy or process (143).   

The ILS data structures commonly used by RT QA programs are designed to help 

facilitate Root Cause Analysis.  For example, two of the most commonly used Canadian ILS data 

sources, SaILS (16) and NSIR-RT (20), contain a RT workflow map that can provide an initial 

skeleton for causal diagramming an incident for Root Cause Analysis.  The data structure found 

in these ILS databases also tailors data collection to help reconstruct and characterize incidents so 

that RT QA programs can identify system-related issues that may require corrective actions (16, 

144).  

2.4.4.2.2 Other reactive methods 

There are several other reactive methods that are available to RT incident learning 

researchers to qualitatively investigate incident cause (140).  For example, Management 

Oversight and Risk Tree (MORT) (140) analysis is a more comprehensive form of Root Cause 

Analysis that can be used to explore incident causes.  MORT analysis provides a formal approach 

to develop an incident causal diagram and provides a framework to collect data on a larger 

number of variables, such as management decisions that may also contribute to incidents.  

Although there are many data collection tools that have been developed specifically for MORT 

analysis (140), the data that can be found in ILS databases could be incorporated into these in-

depth investigations into incident cause.  Another common reactive method that can incorporate 

ILS data is called Change Analysis (140).  Change Analysis is the qualitative process of 

comparing potential differences between an observed negative series of events (i.e. an incident) 

and a comparator series of events (i.e. events that could have avoided the incident).  This reactive 

qualitative method is commonly used to identify potential breakdowns of QA processes that 



 

 

 

32 

occurred throughout an incident.  Both MORT and Change analysis join several other reactive 

analysis methods used by RT incident learning researchers (28, 145).    

2.4.4.2.3 Proactive methods 

 Proactive methods are also available to be used by RT incident learning researchers, 

which are methods that attempt to identify factors that could cause a future, yet to be observed 

incident (140).  For example, Failure Mode Effect Analysis (FMEA) (146) is a popular proactive 

method that is routinely conducted during the design phase of a new system or sub-system to 

investigate the presence of factors that could contribute to future incidents.  The FMEA method is 

quite involved (146) and goes well beyond the scope of this thesis.  In short, the FEMA method 

employs a group of experts who qualitatively map out a new system or sub-system using their 

knowledge of procedural process, which usually identifies parts of the system that could fail and 

result in a high probability of an actual incident.  Retrospective data found in ILS databases could 

be used by a FEMA team to provide valuable information on prior failures of previous systems 

that contributed to incidents.  Fault Tree Analysis (FTA) and Event Tree Analysis (ETA) are two 

other popular proactive methods that have been used by incident learning researchers to help 

identify factors that may cause future incidents (147).  Similar to FEMA, both FTA and ETA 

involve graphically modeling the events that could lead to a yet to be observed future incident.  

FTA starts by defining an incident at the top of a causal diagram and then qualitatively maps out 

various theorized events that could give rise to this negative outcome.  Conversely, ETA begins 

with a prior outcome (e.g. an error) and qualitatively diagrams various future events that could 

follow that may lead to both positive outcomes (e.g. safe error detection) and negative outcomes 

(e.g. harm) (147).  ILS databases can provide retrospective data that may inform the construction 

of causal diagrams for both FTA and ETA.  FMEA, FTA, and ETA join several other proactive 

methods that have been used by RT incident learning researchers (145).   
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2.4.4.3 Quantitative research methods  

 Quantitative research methods are also used by RT incident learning researchers to 

analyzed ILS data.  Quantitative research methods are usually concerned with the collection of 

objectively measured numerical or categorical data and the use of statistical analysis to describe 

or explain a phenomenon (2).  Quantitative research in RT incident learning can generally be 

described as reactive because these analyses use data that are collected from prior reported 

incidents.  Although the results of many quantitative analyses of ILS data can be incorporated 

into proactive methods, such as FEMA, FTA, and ETA for risk assessment purposes (145), these 

investigations are generally not concerned with exploring potential factors that contributed to 

incidents.    

The majority of quantitative research that has been published in the RT incident learning 

literature comes from descriptive studies.  Descriptive studies are usually concerned with 

describing the distribution of measured variables but do not use statistical analysis to assess 

hypothesized causal relationships (2).  In RT incident learning, descriptive studies tend to focus 

on describing a collection of reported incidents using various descriptive statistics, such as 

presenting rates of actual incidents and potential incidents, and frequencies of shared factors that 

were thought to have contributed to multiple incidents.  These descriptive studies are conducted 

by RT incident learning researchers for many purposes, including incident surveillance and 

longitudinal quality assurance assessment (16).   

 Analytic studies can also be found in the published RT incident learning literature.  

Analytic studies incorporate established study design and statistical analysis methods to assess 

whether or not a particular factor has an association (i.e. a potential causal relationship) with a 

particular outcome (2).  There are some good examples of RT incident learning researchers using 

these established analytic study methods to identify and assess factors that may contribute to RT 

incidents (116, 119).   
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2.5 Causes of radiotherapy incidents 

2.5.1 Overview 

 The following section provides an overview of relevant patient safety literature that has 

contributed to the current understanding of incident causality.  A conceptual framework for RT 

incident causation was developed based on a previous model that had adapted the Reason “Swiss 

cheese” model to the RT delivery setting (60).  The knowledge synthesis presented in this section 

has come from a variety of scholarly works that used a combination of expert option, qualitative 

research, and quantitative research methods to study incident etiology.   

2.5.2 Conceptual framework  

 There are a number of conceptual models in the patient safety literature that have been 

developed to illustrate the causation of incidents.  Although many of these models were 

developed for use in different medical fields, they all describe similar sets of factors that are 

thought to cause errors that eventually contribute to incidents.  An important aspect of these 

conceptual models is that they present broad categories of factors that are thought to either 

directly cause error (i.e. cause error through no intermediate variable) or indirectly cause error  

(i.e. cause error through an intermediate variable) (60, 62, 108, 148, 149-155). 

 There is a model that has been developed specifically to conceptualize the causal 

mechanism of RT incidents.  This model is an adaptation of the classical Reason ‘Swiss Cheese’ 

model that was presented previously in Section 2.1.4.1 (60, 62, 154).  A rendering of a conceptual 

framework for RT incident causality that is based on this RT adapted Reason model is shown in 

Figure 2-4.   
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Figure 2-4: Conceptual framework for RT incident causality (based on adapted Reason model) 

 Similar to the classical Reason model, the conceptual framework highlights the flawed 

safety barriers innate to RT workflow that, under right conditions, are unable to safely detect 

errors and prevent incidents.  This conceptual framework also re-enforces the important 

distinction between an error and an incident, where the error is the initial human or computer 

error that occurs within the system, while the incident is the reported accident that may, or may 

not have resulted in harm.  Similar to many of the other conceptual models describing error and 

incident causation in the patient safety literature (60, 148-150), the conceptual framework depicts 

broad categories of factors that are theorized to either directly or indirectly cause error.  In the 

conceptual framework, there are 5 main categories of factors that are thought to directly cause 

error: clinician factors (i.e. training, education, knowledge, skill, etc.), clinician team factors (i.e. 

teamwork, communication, team goals, etc.), patient factors (i.e. language and cognition, 

compliance, disease complexity, etc.), task factors (i.e. technology use, task complexity, task 

repetitiveness, etc.), and work environment factors (i.e. workplace ergonomics, workload, 
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distractions, etc.).  The conceptual framework also illustrates the indirect causes of error such as 

management decisions and organizational policy or procedure that can affect downstream factors 

in the system that directly cause error (60, 62, 154).  

The creation of the broad categories of factors that could directly cause error in the 

conceptual framework are primarily those that could cause human error.  There are likely several 

factors that cause computer error that may not fit perfectly into any of the five categories in the 

framework, such programming bugs (156) and failed software updates (157) that could directly 

cause computer software error, or power, processor and network failures that could directly cause 

computer hardware error (158).  However, technology advancement in RT delivery has yet to 

fully eliminate the need for a human operator who is ultimately responsible for the safe 

completion of an automated task.  Therefore, the use of automation (which carries some 

underlying probability of computer error) could be considered a task factor in the conceptual 

framework that may directly cause error.  The conceptual framework also highlights the potential 

influence of safety culture (i.e. the overall level of emphasis on incident learning and transparent 

incident reporting) (159-160) that ultimately determines the quality of information that is fed 

back to management and informs safety improvement (118).  

2.5.3 Factors that may directly cause error 

 The most well-established aspects of the conceptual model presented in Figure 2-4 are 

the factors that could directly cause error.  As previously described, the conceptual model 

highlights five important categories of factors that may directly cause errors to be made during 

RT planning and delivery, they are: clinician, clinician team, patient, task, and work environment 

factors.  There is extensive patient safety literature that has identified several individual factors 

that fall under these broad categories (27, 28, 60, 62, 63, 104, 106, 108, 116, 118-120, 123, 132, 

148-150, 154, 161-217), which are described separately in the following paragraphs. 
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 There are several clinician factors identified in the patient safety literature that could 

directly cause errors to be made during RT delivery.  These clinician factors include: general 

training, education, knowledge or skill level (27, 28, 60, 62, 106, 108, 120, 132, 148, 150, 154, 

163-165, 169, 175, 178, 181, 186-189, 192, 192, 202, 203, 204, 207, 210, 212), experience (27, 

60, 62, 108, 148, 150, 163, 165, 169, 175, 178, 186, 187, 189, 192, 197, 201, 203, 207, 212, 216, 

217), lack of concentration or fatigue (60, 108, 148, 163, 165, 169, 174, 175, 188, 193, 198, 201, 

203, 207, 216, 217), language and comprehension (62, 132, 163, 164, 185, 201, 203, 214), 

general motivation (60, 62, 148, 151, 154, 163), and mental health (148, 154, 179, 172, 195, 199, 

213).   

There are several clinician team factors that have also been established in the patient 

safety literature that could potentially cause errors to be made during RT delivery.  These 

clinician team factors include: working alone versus in groups (60, 150, 179), having adequate 

support staff and supervision (27, 62, 106, 108, 132, 149, 154, 163, 165, 166, 169, 192, 197, 202, 

204, 208, 216), effective utilization of verbal and written communication (27, 28, 62, 106, 108, 

120, 132, 154, 165, 169, 170, 175, 180, 182, 185, 187, 188, 190, 192, 197, 198, 200-204, 207, 

210, 214-216), and general teamwork, team dynamics and team goals (60, 62, 108, 154, 163, 165, 

201).  

There are several patient factors described in the patient safety literature that could also 

directly cause errors to be made during RT delivery.  These patient factors include: patient age 

(116, 119, 123, 169, 171, 187, 201, 212, 214), patient sex (119), general complexity of the patient 

case (104, 116, 119, 154, 162, 163, 169, 171, 176, 181, 182, 186, 187, 197, 201, 202, 209, 212, 

217), disease diagnosis (104, 119, 154, 182), disease severity (154, 171, 181), patient language 

and cognition level (132, 154, 201), co-morbidity (132, 163, 169, 171, 186, 187, 197, 201, 209, 

212, 214), non-compliance (132, 154, 197, 201, 214), and inpatient or outpatient status (119, 186, 

190).  
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There are several task-related factors that are thought to directly cause error that may also 

be generalized to errors occurring during RT delivery, they include: the complexity or type of 

task (60, 62, 116, 118, 119, 148, 154, 163, 166, 169, 170, 171, 182, 182, 185, 187, 201, 212, 

214), the duration of the task (60, 116, 187), the repetitiveness of the task (116, 147, 149, 170, 

212), and the use of technology or automated process to complete the task (60, 62, 148, 164, 166, 

169, 181, 204, 210). 

The most heavily researched category of factors that are thought to directly cause error 

are those that fall under work environment factors.  There are a number of review articles that 

have extensively explored these work environment factors that are thought to cause errors at 

medical facilities (27, 169, 180, 187, 206, 212).  There are also a number of primary articles that 

have identified several working environment factors that could be generalized to the occurrence 

of RT delivery errors (60, 63, 108, 119, 132, 148-150, 154, 161, 163, 164, 167, 168, 170, 173, 

175, 177, 181, 183-187, 189, 192-194, 201, 203-205, 207-211, 216, 217).  These environmental 

factors thought to cause error that have been identified in the patient safety literature that could be 

generalized to RT delivery include: patient load (27, 60, 148-150, 154, 164, 175, 205, 207, 216, 

217), shiftwork (119, 154, 161, 169, 170, 177, 183, 184, 193, 203, 208, 210, 211), pace of work 

(27, 60, 108, 148, 149, 163, 169, 181, 192, 194, 203, 212, 216, 217), interruptions and 

distractions (60, 132, 150, 163, 164, 173, 185, 192, 203, 207, 210), and time-of-day (119, 161, 

169, 170, 186, 189, 193, 216).  There have also been some specific physical working environment 

factors identified in the patient safety literature that could directly cause errors during RT 

delivery, they include: the complexity of the human-system interface and general workplace 

ergonomics (27, 60, 63, 132, 154, 148, 149, 163, 169, 205, 201, 210, 216), lighting level (60, 132, 

148, 150, 167, 168), noise level (60, 148, 150, 163), and adequacy of ventilation (60, 148, 150). 

2.5.4 Factors that may indirectly cause error 
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Inadequacy of an organization’s policies, procedures, processes, and regulations are all 

theorized to indirectly cause error through their effects on the downstream clinician, clinician 

team, task, patient, and work environment factors that directly cause error.  These indirect factors 

identified in the patient safety literature that may be generalizable to the indirect causation of 

errors made during RT delivery include: budgetary resources (154), staffing levels (27, 108, 154, 

163, 169, 181, 192, 201, 216), inadequate training and education programs (27, 120, 148, 163, 

165, 192, 204, 210), deficiencies in design of administrative protocols, policies, procedures and 

processes (60, 105, 108, 120, 132, 150, 154, 163, 185, 200, 181, 185, 188, 192, 201, 203), over-

reliance on automated processes (108, 205), and several safety culture related factors including 

the level of prioritization on safety and the normalization of deviant behaviors such as work-

arounds and short-cuts (27, 60, 154, 163, 196). 

2.6 Rationale for this thesis project 

 There are two necessary outcomes that must occur for there to be an RT incident – error 

and error detection.  The majority of studies in the published patient safety literature have focused 

primarily on investigating the etiology of only one of these outcomes - error.  To date, there are 

few published incident learning studies that have attempted to explore factors that contribute to 

safe and timely error detection by RT safety barriers.  Routinely collected RT ILS data 

characterizes errors that are eventually detected and reported as incidents.  We believe these data 

can be statistically analyzed to explore factors that are associated with error detection by RT 

safety barriers throughout an incident.  Epidemiology provides established study design and 

statistical analysis methods used to investigate associations that exist among sets of variables 

measured across multiple observations.  These epidemiologic methods have generally been 

underutilized by RT incident learning researchers.  The potential reason for this lack of analytic 

study design and statistical analysis in the RT incident learning literature is currently unknown.  

A potential benefit of incorporating epidemiologic methods into RT ILS data analysis is the 
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ability to identify etiological factors that may go unnoticed by root-cause analysis of a single 

severe incident.  Although the vast majority of RT incidents do not result in any patient harm, 

treatment delays that may impact a patient’s clinical outcomes or psychological well-being can 

accompany incidents where error detection occurs at later stages in the RT workflow process.  

Studying factors that are associated with error detection by RT safety barriers throughout an 

incident could help identify areas of RT planning and delivery that could be modified to help 

improve safety and reduce the likelihood of treatment delays following an incident.  Advancing 

the general knowledge and understanding of the analytic concepts and principles that can guide 

valid and precise assessments of etiology may also encourage RT incident learning researchers to 

utilize epidemiologic methods more frequently to study incident causality.  Incorporating 

epidemiologic methods into ILS data analysis could help to enhance the overall breadth and 

quality of knowledge that is generated by RT incident learning research. 
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Chapter 3 

An analytic framework to explore factors associated with error 

detection by radiotherapy safety barriers 
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3.1 Summary 

The concepts and principles of epidemiology were applied to an etiologic analysis that 

explores factors associated with error detection by radiotherapy (RT) safety barriers.  The 

analytical strategies presented in this paper were conducted on a real-world incident learning 

dataset from a single Canadian cancer centre.  This analysis demonstrated the potential utility of 

using frequentist statistics to assess patterns of error detection throughout the RT workflow 

sequence.  
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3.2 Abstract 

Background: There is a set of concepts and principles familiar to epidemiologists that are used to 

conduct an etiologic assessment of cause and effect among a set of measured variables.  Although 

epidemiology tends to assess causes of disease or health-related states in populations of human 

subjects, these analytical strategies have also been applied to other units of observation and 

analysis.  These methods remain relatively underutilized by radiotherapy (RT) patient safety 

researchers where their application could be very useful to Incident Learning System (ILS) data 

analysis.  

Methods: This document provides a practical tutorial on general analytical strategies that are 

used in an etiologic analysis in epidemiology.  The tutorial also details many of the core concepts 

and principles of epidemiology and demonstrates their potential application to RT incident 

learning.  A study that explored etiology of error detection by RT workflow quality assurance 

(QA) processes called ‘safety barriers’ is presented in this paper, which used routinely collected 

ILS data from a single Canadian cancer centre. 

Results: The analytical strategies common to epidemiology can be applied to a statistical analysis 

of ILS data.  The results of our study suggest that several factors could be associated with error 

detection by RT safety barriers. 

Conclusions: Our analytic approach can be used to analyze RT ILS data to explore factors that 

are associated with error detection by safety barriers across multiple reported incidents. 
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3.3 Introduction  

Although rare, errors (i.e. mistakes) made by clinicians during the delivery of 

radiotherapy (RT) to cancer patients have led to a number of incidents (i.e. accidents), some have 

even resulted in patient deaths (1).  RT Quality Assurance (QA) programs use Incident Learning 

System (ILS) data collection and analysis for incident learning purposes, which are activities 

aimed at modifying organizational processes to improve system safety (2-4).  An integral part of 

incident learning is to establish cause of each incident.  Root-cause analysis, or the qualitative 

process of mapping out all events and possible causes that contribute to an incident (5), is a 

standard etiological assessment method that has now become routine practice as part of RT 

incident learning (6).  However, one limitation of using root-cause analysis alone in RT incident 

learning is that it only qualitatively assesses etiology of single incidents.  In an endeavor to 

identify etiological factors that may contribute to multiple incidents, RT incident learning 

researchers could explore ILS data analysis using frequentist statistics. 

Epidemiology uses a set of concepts and principles founded in various research 

disciplines such as biology, sociology and statistics to quantitively assess associations (i.e. 

potential causal relationships) between dependent and independent variables using frequentist 

statistics (i.e. estimating a regression function of variable ‘Y’ on variable ‘X’ to describe the 

average change in the value of “Y” for subgroups of a population having different values of “X”) 

(7).  These observational (i.e. non-experimental) study design and statistical analysis approaches 

usually will attempt to addresses potential alternative explanations for observed associations, such 

as bias and random error.  Generally, epidemiologists study the frequency and distribution of 

exposures (i.e. potential causal factors) and health outcomes (i.e. disease, health-related states, 

etc.) in populations of subjects (i.e. people, patients, etc.) (8).  These general principles and 

methods used by epidemiologists to study etiology can also be found in other research disciplines 

in the social sciences (9).  There are a small number of contemporary examples of RT incident 
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learning researchers using methods familiar to epidemiologists in an attempt to identify and 

assess factors associated with incidents in an RT delivery setting (10-13).  However, these studies 

all share the same potential flaw, they all use ‘incident’ as the grouped outcome variable in their 

etiologic analyses.   

Due to their complexity, we believe that incidents may be too heterogeneous to group 

together as a single outcome variable using frequentist statistics.  We believe that error detection, 

which is a necessary component of every reported incident, represents a potentially more 

homogeneous outcome variable that could be used to identify specific deficiencies existing in RT 

QA infrastructure.  We also believe that routinely collected data in RT ILS databases can be 

statistically analyzed using frequentist statistics to explore factors that are associated with error 

detection by RT safety barriers (i.e. the physical or non-physical QA processes that are 

implemented during RT workflow to safely detect errors and prevent incidents) (4).  To our 

knowledge, there have been few studies that have attempted to specifically explore factors that 

may be associated with timely error detection by RT safety barriers.  We believe that timely error 

detection by RT safety barriers can reduce the likelihood of patient harm or treatment delays that 

may happen during or after an incident.  A practical tutorial that details the analytical 

considerations required to study factors associated with error detection by safety barriers 

throughout an incident using routinely collected ILS data could provide RT incident learning 

researchers with additional tools to help identify areas of RT planning and delivery that require 

quality improvement.  

We provide a summary of relevant incident theory that is central to RT QA, describe the 

general concepts and principles of an etiologic analysis in epidemiology, and present an analytical 

framework meant to guide an analysis of ILS data to identify and assess factors associated with 

error detection by safety barriers using frequentist statistics.  For illustrative purposes, we present 

a set of questions that guided analyses of a real-world ILS dataset from a single Canadian cancer 
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centre, which attempted to explore factors that were associated with error detection by the 

centre’s safety barriers (detailed results from this study are presented in Chapters 4).    

3.4 Overview of relevant incident theory 

Once ILS data have been collected for incident learning purposes, there are a number of 

ways that a RT department can modify their system (i.e. their collection of processes and 

procedures) (14) in response to incidents.  Incident theory has provided RT QA programs with a 

set of ideologies and recommendations for safety improvement.  For example, Normal Accident 

Theory, initially developed by Perrow in 1984, describes incidents as being a natural occurrence 

for any organization and that simplifying the collection of interconnected processes within a 

system will reduce the likelihood of a critically harmful incident (15).  Unfortunately, due to the 

nature of RT delivery, which involves the sequential completion of technically complex 

workflow tasks by a collaborating team of clinicians, there is a limit to the level of simplicity that 

can be achieved in any system implemented by a RT department.  High Reliability Organizing 

Theory, first developed by a group of sociologists out of Berkley University (16-20), has helped 

RT QA programs to navigate the pitfalls of increased system complexity.  High Reliability 

Theorists examine real-world qualitative case study examples of extremely complicated systems, 

referred to as High Reliability Organizations, which continually report very few critically harmful 

incidents.  Some examples of High Reliability Organizations that have been studied by High 

Reliability theorists include: aircraft carriers, air traffic control systems, powerplants, submarine 

operations and space shuttle launch (16-20).  These High Reliability Organizations all share 

common features that continually produce safe operations.  For example, the long-established 

safety method of redundancy (i.e. the duplication or overlapping of tasks) (21) has been adopted 

into High Reliability Theory as a core approach to incident prevention (22).  Duplication of tasks, 

along with other High Reliability Organization practices that are used for safe system design have 

been commonly adopted by medical organizations, which can include RT departments (23-24).  
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Although there is a great debate between incident theorists about the optimal approach to 

designing a safe system (25), the majority of theorists agree upon a two-prong approach to 

incident prevention, that is 1) error prevention and 2) safe error detection.  Both safety 

approaches are attempted through system design.  For example, RT departments have used 

Human-Factors Engineering methods (26) to design ergonomically simple electronic charting 

systems that have been found to reduce the frequency of charting errors during RT treatment 

delivery to patients (27).  In addition to modifying the physical working environment, RT 

departments design and implement a collection of safety barriers, which are the physical or non-

physical QA processes that safely detect errors occurring throughout RT planning and delivery 

(4).  Modification of the working environment, simplification of process tasks and implementing 

effective safety barriers are all examples of an approach to managing incidents that focuses on 

correcting the causes of failure in the system instead of condemning individuals for making errors 

in the first place (28).  

3.5 Etiological analysis in epidemiology: the basics 

In epidemiology, an etiological analysis assesses whether there is an association (i.e. a 

possible causal relationship) between a factor variable of interest (i.e. a potential cause) and an 

outcome variable of interest (i.e. a positive or negative resulting event) within a sample of 

subjects (29).  An etiological analysis is generally the next step after an initial descriptive analysis 

documenting the distribution of measured variables in the population of study subjects (7).  In the 

most basic etiologic analysis, the distribution of the outcome variable is measured and compared 

between a group of subjects that have the factor of interest and a group of subjects that do not 

have the factor of interest (29).  For example, exposure to ultraviolet sunlight has long been 

established as a factor that is associated with skin cancer due to the consistent results observed 

from several studies that all found the probability of skin cancer to be consistently higher in 

groups of individuals that were exposed to higher levels of ultraviolet sunlight (such as 
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individuals with an outdoor occupation or a lower latitude of residence) compared to those that 

were exposed to lower levels of ultraviolet sunlight (30).  Once the factors, outcomes, and 

population of subjects are defined for study, statistical precision (i.e. study power) and validity 

(i.e. freedom from bias) are also heavily considered throughout the study design, conduct, and 

analysis (7).  Epidemiology has played an important role in the study of several real-world 

phenomena by isolating associations without the use of an experiment.  The following sections 

describe observational study design and statistical analysis methods common to epidemiology 

that may help guide the construction of an ILS data analysis using frequentist statistics.  There are 

numerous introductory textbooks that can provide detailed instruction on epidemiological 

concepts and principles that go beyond what is presented in this paper (29, 31-32). 

3.6 Introduction to graphical models (i.e. causal diagraming) 

Graphical modeling, or the process of qualitatively diagraming cause and effect among a 

set of measured variables, is an approach commonly used by social science researchers to help 

organize data and guide an etiologic analysis (33).  For example, causal factor charting in a root-

cause analysis uses graphical modeling to qualitatively map out the sequence of events (and their 

contributing causes) that created an incident (5).  Similarly, graphical modeling is also used by 

epidemiologists to help theorize potential relationships that exist among a set of measured 

variables to aid the development of a data analysis plan (34).  Overall, graphical modeling 

approaches follow the general theory of longitudinal causality (35), which assumes there is a 

direction of the relationship between every pair of variables (i.e. the first variable must be a 

contributing cause of the second variable in each set of variables).  A simple demonstration of the 

basic concept of graphical modeling when applied to the context of error etiology is shown 

below: 
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   Management decisions      à       Working environment stressors       à         Error 

(e.g. shorter appointments)                   (e.g. increased work pace)                 (e.g. staff error) 

 

In the above schematic, there is a single outcome variable of interest - error.  There are 

two variables that are thought to directly or indirectly cause error, management decisions and 

work environment stressors.  The longitudinal direction of causality in this example is as follows: 

variable 1 (i.e. a management decision whereby a new policy shortens the average patient 

appointment times) directly causes variable 2 (i.e. higher average pace of work) that causes 

variable 3 (i.e. staff error).  This graphical model also shows that the management decisions are 

indirect causes of error through the effect they have on the working environment stressors that 

they create, which in-turn, are the direct causes of error.  In this causal chain example, the 

working environment stressor variable (i.e. increased work pace) can also be thought of as an 

intermediate variable between the management decision variable (i.e. shorter appointments) and 

the outcome variable (i.e. staff error).  In epidemiology, intermediate variables must be handled 

cautiously in an etiological analysis.  For example, if one were interested in assessing whether the 

introduction of a new policy that reduces patient appointment times in the department is 

associated with an increase in probability of staff errors, one should not statistically adjust (i.e. 

average out) the effect of the pace of work stressor because this removes the intermediate variable 

from the causal mechanism through which the management decision is causing errors (7).   

Sometimes there are additional variables that need to be considered in an etiological 

analysis – confounders.  A traditional diagramed representation of confounding that can be found 

in most introductory epidemiology textbooks (29, 31-32) is shown in Figure 3-1. 
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Figure 3-1: Diagramed representation of confounding  

Confounders are variables that are thought to independently cause the outcome variable 

of interest, are associated with the factor of interest, and are not intermediate variables in the 

causal chain between the factor of interest and the outcome of interest (7).  In the above 

schematic, an example confounder variable is believed to also cause staff error – distraction due 

to noise level.  One could argue that a work day that is busy may also be associated with more 

noise.  If one were only interested in assessing the association between pace of work and staff 

error, one would need to adjust for the relative noise level.  Without adjusting for the effect of 

noise, it would be difficult to know whether a potential increase in probability of error in a RT 

department was due to the relative increase in average pace of work, the relative increase in 

distraction due to noise level, or some combination of both (29).     

3.7 A graphical model of RT incident etiology: the adapted Reason model 

RT patient safety researchers have adapted the Reason model to fit within the general 

system that is created in a RT department (36-37).  This model describes the causality of RT 

incidents (i.e. incidents that had the potential to, or did result in harm to patients who received 

radiation treatment).  A variation of this adapted Reason model is shown in Figure 3-2. 

Factor of interest: 
e.g. ‘pace of work’ 

 

Outcome of interest: 
e.g. ‘staff error’ 

Confounder: 
e.g. ‘noise level’ 
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Figure 3-2: A variation of RT adapted Reason model 

Similar to other graphical models, the RT adapted Reason model depicts a clear direction 

of causality.  The model graphically diagrams an incident event-chain, which is a series of 

outcomes that produce an incident.  In the model, management decisions and organizational 

policy and procedure (which are determined by external factors outside of the model such as 

political and economic factors) are thought to indirectly cause error in RT departments through 

their effects on downstream factors that directly cause error.  Five broad categories of 

downstream factors in the model are thought to directly cause error during RT delivery, they 

include: clinician factors, clinician team factors, patient factors, task factors, and working 

environment factors (35-37).  Several unique factors can fall within each of the five broad 

categories of factors that are thought to directly cause error in the model.  For example, clinician 

training and expertise could be considered factors that directly cause error that would fall under 

the broader category of clinician factors in the model.  The level of clinician training and 

expertise in a RT department is ultimately affected by the upstream departmental management 

decisions that are depicted in the model, such as setting the minimum qualifications for the hiring 
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of clinician staff.  Although an error may have several direct and indirect causes, once an error 

does occur during RT planning and delivery, the subsequent safety barrier processes are 

responsible for safe error detection (4).  Once an error is detected, the safety culture (i.e. the 

transparency of incident reporting and the overall commitment level to safety improvement in the 

department) (38) will ultimately determine the quality of information that is recorded on the final 

incident reports that are fed back to management for incident learning purposes.   

3.8 Fundamental challenges of using ILS data to assess RT incident etiology  

3.8.1 The heterogeneity of RT incidents  

The adapted Reason model presented in Figure 3-2 illustrates a fundamental challenge of 

trying to identity and assess factors associated with RT incidents, that is - almost no two incidents 

are truly alike.  RT incidents represent a sequential series of outcomes within an incident event-

chain, which include an initial error (e.g. a clinician incorrectly positions a patient for their RT 

treatment) that is followed by one or several missed error detections (e.g. other clinicians 

validating treatment instructions do not discover the error), which are eventually followed by an 

error detection (e.g. a clinician discovers the error while verifying treatment instructions on a 

subsequent treatment day).  Each outcome within an incident event-chain may have unique sets of 

indirect and direct causes.  There may also be variation in the number of outcomes, sequence of 

outcomes, and types of outcomes within different incident event-chains.  This lack of 

homogeneity across incidents makes it inherently difficult to define an ‘incident’ outcome 

variable using frequentist statistics (7).  To apply epidemiologic methods to identify and assess 

etiological factors of an outcome, a homogeneous outcome variable must be defined (7).  The RT 

adapted Reason model highlights two necessary outcomes within incident event-chains that are 

potentially more homogeneous compared to the incidents themselves - error and error detection.  

In theory, these two necessary outcomes within incident event-chains could have both shared and 

distinct etiological factors.  Etiological assessments of RT incidents that use ‘incident’ as the 
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outcome variable make it difficult to determine whether an observed association suggests a factor 

is contributing to the initial errors made by humans or computers throughout the workflow 

sequence or to the subsequent error detections made by the safety barriers.  Separately identifying 

and assessing factors that contribute to each necessary outcome within incident event-chains 

could simplify the study of RT incident etiology by attempting to isolate which modifiable factors 

may help to reduce error probability, increase error detection probability, or positively influence 

both of these outcomes.  The following section discusses how routinely collected ILS data could 

be used to explore etiology of one of these outcomes using frequentist statistics - error detection. 

3.8.2 The nature of ILS data 

To explore factors associated with error occurrence during RT workflow completion 

using frequentist statistics, information on RT delivery activities that resulted in error as well as 

activities that did not result in any error would be required for the analysis.  Information on RT 

delivery in the absence of any error is not routinely collected in ILS databases, because this 

information represents RT that was delivered safely to patients as intended.  Therefore, etiologic 

assessments of factors that are associated with error during RT delivery would require RT QA 

programs to conduct more intensive data collection activities that likely goes beyond their routine 

incident learning practices.  However, the data that are routinely collected in ILS databases can be 

used to explore factors that are associated with error detection, because these data provide 

information on RT delivery that has resulted in both error detection and missed error detection 

throughout various incident event-chains.  Beyond only requiring routinely collected ILS data for 

the quantitative analysis, studying error detection instead of error also makes a more direct 

assessment of which factors could be affecting QA infrastructure.  The analytic framework that is 

presented below applies epidemiologic concepts and principles to explore factors associated with 

error detection by safety barriers throughout reported incidents using data routinely collected in 

many RT ILS databases.   
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3.9 An analytic approach to studying etiology of error detection by RT safety 

barriers using ILS data 

3.9.1 Data source 

 A real-world ILS dataset was used to help develop the presented analytic framework.  

SaILS data was provided by the Ottawa Hospital Cancer Centre (TOHCC), Ottawa, Canada (3).  

An etiologic analysis of factors associated with error detection by the TOHCC safety barriers was 

conducted using this dataset.  Selected results from this study are presented to help demonstrate 

the application of epidemiologic methods to explore factors affecting error detection by RT safety 

barriers.   

3.9.2 RT workflow 

Construction of an analysis that assess patterns of error detection by RT safety barriers 

requires a rudimentary understanding of RT workflow.  In general, RT workflow can be 

subdivided into six workflow domains, they are: Decision to Treat (i.e. patient assessment and 

RT treatment scheduling), Simulation (i.e. acquisition of images used for RT planning), Planning 

(i.e. creation and review of RT plan), Pre-Treatment QA (i.e. pre-treatment review and 

verification), Delivery (i.e. RT delivery to patient including on-treatment QA), and Discharge 

(i.e. post-treatment management and follow-up) (3-4).  Each of these workflow domains require 

the sequential completion of a collection of process steps by a transdisciplinary group of 

collaborating clinicians to deliver a single course of RT to a cancer patient (4).   

RT workflow is quite complex.  For example, the American Association of Physicists in 

Medicine suggests there are more than 90 independent process steps that are completed during the 

delivery of a single course of RT to a patient (4).  Time to completion of all RT workflow tasks 

from the first process step during Decision To Treat until the last process step during Discharge 

may take anywhere from a single day to number of weeks.  Errors made by clinicians during 
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completion of workflow tasks at any process step in the sequence have the potential to result in 

incidents that harm patients.   

A high-level schematic of TOHCC RT workflow is presented in Figure 3-3.  Found in the 

schematic are example process steps commonly completed within each workflow domain.  The 

process steps that are displayed in Figure 3-3 are example process steps that were recorded in the 

TOHCC SaILS dataset (3).  It is important to note that, although the process step order displayed 

in the figure may occur in sequence, many of these process steps can be repeated during a single 

course of RT delivery to a patient.   

 
 
Figure 3-3: High-level schematic of TOHCC RT workflow 

3.9.3 An analogy for the framework 

Occasionally, it can be advantageous to use analogy to help present a conceptual idea.  

For the purpose of this tutorial, fish and fisherman will be used to describe the entering and 

exiting of errors throughout RT workflow due to successful and missed error detection by the RT 

safety barriers.  This analogy builds upon a similar conceptualization found in the literature, 

which describes a ‘flowing’ of errors in and out of the RT workflow sequence (39).   

Conceptually, an error occurring during RT planning and delivery can be thought of as a 

fish entering a stream.  The RT safety barriers implemented throughout the workflow are then 

analogous to fishermen attempting to catch the fish that have entered upstream and are attempting 

to swim past.  To effectively catch fish that enter the stream as soon as possible, RT QA programs 
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design and implement a variety of safety barrier processes at different locations throughout the 

workflow sequence.  Using our analogy, RT QA programs have some fishermen anchored at one 

spot along the stream, while they have others trolling back and forth along the stream.  In the RT 

workflow sequence, anchored fishermen can be thought of as the safety barriers that always occur 

at the same process step in the sequence (e.g. radiation therapist new plan check), while trolling 

fishermen are the spontaneous safety barriers that occur at much less predictable times during the 

workflow sequence (e.g. a spontaneous double-check of a treatment plan during a handoff).  

There may also be differences in the type of fish that each fisherman can catch based on their 

choice of bait.  For example, some fisherman may cast spoon lures to catch salmon (e.g. second 

independent dose calculations are attempting to catch dosing errors), while others may use spoon 

lures, floating minnow lures, and worms to catch salmon, trout and small-mouth bass (e.g. 

radiation therapist new plan checks are attempting to catch dosing errors and a variety of other 

errors).  
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Figure 3-4: A single error entering and exiting the RT workflow sequence 

A schematic example of an error entering and exiting the RT workflow is shown in 

Figure 3-4.  In the diagram, a single fish has entered the stream.  This fish represents a contouring 

error that occurred at a specific process step in the workflow sequence (e.g. the error occurred 

while a dosimetrist was contouring the organs at risk).  Just as a fish swims downstream, this 

contouring error will be carried forward through the sequence of workflow tasks until it is 

discovered (as indicated by the dashed arrow in the figure).  In this hypothetical example, a 

fisherman that is downstream catches this fish before a harmful incident could occur (i.e. the 

contouring error was caught by a physics QA safety barrier prior to beam delivery).  In this 

example, the fish was not caught by the first two fisherman downstream with the correct bait (i.e. 

the error was not caught by either planning QA or plan approval safety barriers), but was 

eventually caught by a third fisherman downstream in the subsequent workflow domain (i.e. the 
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error was caught by a safety barrier within the Pre-Treatment QA domain as indicated by the 

vertical dashed lines).  This is an example of multiple missed error detections by the safety 

barriers within the Planning domain, resulting in a potential (or near miss) incident (3-4).   

From a systems perspective, one can image that there are many errors that may enter and 

exit the RT workflow sequence over time.  An illustration of this is shown in Figure 3-5.  In this 

figure, an equal number of two types of fish enter and exit the workflow stream.  The black fish 

all share a common factor – they are all 3D conformal radiotherapy (3D) errors.  The grey fish 

share a different factor – they are all intensity-modulated radiotherapy (IMRT) errors.  In Figure 

3-5, the fisherman at the beginning of the stream (i.e. the safety barriers within the Decision To 

Treat, Simulation and Planning domains) are twice as effective at catching grey fish compared to 

black fish, while fisherman in the middle of the stream (i.e. safety barriers within the Pre-

Treatment QA domain) are seven times as effective at catching black fish compared to grey fish.  

This difference in relative average catching ability of the different fishermen changes the 

composition of the school of fish that remain in the stream, whereby a larger proportion of black 

fish (i.e. 3D errors) compared to grey fish (i.e. IMRT errors) remain in the stream directly prior to 

the beginning of process steps that occur within the Delivery domain.  In the hypothetical 

diagram, the Pre-Treatment QA domain fishermen are extremely effective at catching 3D errors, 

and they restore the pattern of errors in the subsequent domain to a steady state (i.e. 50% black 

fish and 50% grey fish in the Delivery domain).  Although overly exaggerated to make a point, 

the pattern in the school of fish in the stream shown in figure 3-5 is created by the fishermen 

upstream being relatively less effective at catching black fish and the fishermen downstream 

being relatively less effective at catching grey fish.  If one were to simply study a single error, 

such as one that resulted in a harmful incident, this systematic pattern of error detection by the 

safety barriers would remain hidden from a RT QA program.  Conducting an analysis using 
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frequentist statistics to compare the relative difference in error detection probability by different 

safety barriers throughout the RT workflow sequence has the potential to identify these patterns. 

 
 

Figure 3-5: Errors entering and exiting the workflow due to a collection of safety barriers 

3.9.4 Questions to help guide the analysis 

 A list of questions is provided in Table 3-1.  This list of questions is meant to help guide 

a RT incident learning researcher wishing to conduct an etiological assessment of factors 

associated with error detection by RT safety barriers using ILS data.  These questions were used 

to help guide the construction of a TOHCC SaILS data analysis. 
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Table 3-1: Questions to help guide the analysis 

 

3.9.4.1 Q1: What outcome am I interested in? 

Simply put, the outcome of interest for this etiologic analysis is successful error detection 

by a safety barrier within the RT workflow sequence after an upstream error has occurred.  It is 

important to note that error detection is only a single outcome within an RT incident event-chain 

(14).  

As previously discussed, in epidemiology, establishing a well-defined homogeneous 

outcome variable is an important step in conducting an etiological analysis (7).  In general terms, 

without first defining a set of characteristics that determine whether or not a study subject has 

experienced the outcome in question, it is impossible to identify and assess etiology (7).  Having 

a well-defined outcome that presents the same phenomenon across multiple subjects is critical for 

identifying which factors are instrumental to the phenomenon’s cause.  For example, heavy 

smoking has been established as a factor that is associated with two different cancer outcomes, 

lung cancer and skin cancer, while high exposure to ultraviolet radiation has been established as a 

factor that is associated with skin cancer but not lung cancer (40-41).  Without first having 

defined these two separate cancer outcomes, it would not have been possible to identify and 

assess differences in their etiology.   

Question? Study design and analysis 
considerations 

1. What outcome am I interested in? Outcome(s) of interest 
2. What etiologic factors am I interested in? Factors(s) of interest 
3. How do my measured variables relate to each 
other? 

Confounders, intermediates, causal 
diagramming 

4. Who is exposed? Population of ‘subjects’ under study; 
unit of observation and unit of analysis. 

5. What study design shall I choose? Study design considerations 
6. How do I handle differences in the amount of 
opportunity the safety barriers have to detect errors 
in compared groups? 

Follow-up time 

7. How do I select my confounding variables and 
account for them in the analysis? 

Confounding 

8. What other biases are present? Internal and external validity 
9. How do I interpret the results? Interpretation 
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This same line of thinking can be applied to exploring the etiology of error detection by 

RT safety barriers.  For example, a specific safety barrier group (e.g. physics QA) could have a 

set of factors that are associated with their probability of error detection, while another safety 

barrier group (e.g. treatment plan approval) may have a different set of associated factors. 

 Part of the outcome characterization might also be the timing of its occurrence.  Incident 

theorists have long described incidents as being a time-to-event problem.  For example, the 

Reason model clearly depicts a collection of downstream QA processes attempting to detect 

errors and prevent incidents (28).  In RT delivery, the element of time plays an important role in 

safe error detection.  The majority of errors that are made upstream in the workflow sequence are 

caught prior to beam delivery, avoiding serious harm to patients.  An example of the timing of 

error origins compared to error detections throughout the RT workflow sequence is displayed in 

Figure 3-6.  TOHCC SaILS data from 2014-2017 were used to generate this figure.  As shown in 

the figure, the flowing of errors out of the TOHCC workflow during the reported incidents 

occurred predominantly towards the end of the workflow sequence.  Although all of the errors in 

the figure were eventually detected out of the workflow by the TOHCC safety barriers, because 

all of these errors are a component of reported incidents, some errors remained at risk for 

detection by the safety barriers for longer periods of time compared to others.  These errors that 

went undetected for longer periods may have had an increased probability of harming patients or 

leading to significant treatment delays resulting from the need to redo a large number of upstream 

process steps after the error was eventually discovered.  
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Figure 3-6: Errors moving in and out of the TOHCC RT workflow from 2014 to 2017 

In the TOHCC study, error detection was analyzed as a binary outcome variable to 

explore factors that were associated with error detection by safety barriers implemented upstream 

of the Delivery domain which could safely detect errors at an earlier stage in the workflow 

sequence. 

3.9.4.2 Q2: What etiological factors am I interested in? 

 Ultimately, the factors of interest in this proposed etiologic analysis are those that may 

affect error detection by RT safety barriers.  For example, a variable of interest for a RT incident 

learning researcher might be the RT treatment technique being planned and delivered (e.g. 3D vs. 

IMRT) and its effect on error detection.  Any association observed between the treatment 

technique and error detection by a safety barrier group could indicate the presence of systematic 

deficiencies in the assessed QA infrastructure processes.  
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Safety barrier groups represent a collection of human-oriented QA process and computer-

oriented QA process that are attempting to safely detect errors.  In theory, factors that may be 

associated with both human error and computer error may also be associated with error detection 

(or missed error detection) by RT safety barriers.  The adapted Reason model (36-37) that was 

previously described highlighted five broad categories of factors that are thought to directly cause 

error, they are: clinician factors, clinician team factors, patient factors, task factors and working 

environment factors.  An additional category of factors that may also affect error detection by RT 

safety barriers that is not mentioned in the adapted Reason model relates to the nature of the 

initial error itself (i.e. error factors).  For example, safety barriers may be designed specifically to 

detect some error types but not other error types (e.g. a second independent dose calculation 

safety barrier is designed to detect dosing errors but not other error types such as contouring 

errors).  Variables found in the TOHCC SaILS dataset that were hypothesized to fall under the 

category of ‘error factors’ or variables falling under the five broad categories of factors presented 

in the Adapted Reason model were selected for the TOHCC SaILS analysis.   

 Table 3-2 provides a list of categorical variables found in the TOHCC SaILS dataset that 

were hypothesized to have an association with error detection by RT safety barriers.  This list of 

variables includes: treatment technique, treatment intent, reporting year, season, error severity, 

domain of error origin, and primary reported cause of the incident.  Table 3-2 provides potential 

rationale for an association between each TOHCC SaILS variable and error detection by RT 

safety barriers.  Each rationale assumes the factor could contribute to an incident through its 

potential influence on error detection (or missed error detection) by the safety barriers 

implemented throughout the RT workflow sequence.  The factor category for each variable (i.e. 

from the adapted Reason model or the hypothesized ‘error factors’ category) is also provided in 

the table.  Additional descriptions of these analytic variables that were incorporated into the 

TOHCC study can be found in Chapter 4.   



 

 

 

85 

Table 3-2: Variables explored in TOHCC study 

 
The treatment technique was chosen as the primary factor of interest for the TOHCC 

study because of the interest in identifying specific RT patient treatment types that could require 

modification to their safety barrier processes to improve error detection probability.  The other 

factors that are listed in Table 3-2 were qualitatively explored as potential confounders or 

intermediate variables for this exploratory association assessment using a graphical modeling 

technique that is presented in the following section.   

3.9.4.3 Q3: How do my measured variables relate to each other?  

A commonly used graphical modeling technique in epidemiology, called directed acyclic 

graph (DAG) modeling, can be used to help guide the handling of variables used in an etiologic 

analysis exploring the association between a factor of interest and an outcome of interest (42).  In 

short, DAG modeling requires qualitatively drawing the hypothesized directional associations 

(i.e. factor variable à affected variable) among all variables that could be measured and 

incorporated into the analysis.  Following the creation of the graphical model, variables are then 

considered for adjustment through the process of identifying all possible backdoor paths (i.e. the 

potential confounding associations that could bias results).  In the DAG, the backdoor paths are 

depicted by the diagrammed connected paths that are created between the factor variable of 

SaILS 
Variable 

Category  Rationale 

Technique Task factor Safety barrier process differences for various treatments 
Intent Task factor Safety barrier process differences for various intents 
Year Multiple factors A control variable to account for changes to safety barrier 

process at the cancer centre over time 
Season  Team factor Seasonal differences that may impact staffing (e.g. 

vacation) 
Error 
severity 

Error factor Relevancy of the safety barriers to the severity of error 

Domain of 
error origin 

Error factor Relevancy of the safety barriers to the domain that the 
error originated from 

Primary 
reported 
cause  

Multiple factors The primary factor thought to contribute to the incident, 
such as communication breakdowns, policy issues, and 
safety training and awareness issues, which may affect 
probability of error detection by the safety barriers  
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interest and the outcome variable of interest through their relationships with the other measured 

variables.  By adjusting for a confounder variable, this blocks the backdoor path that the variable 

has created, thus removing any potential confounding effect.  DAG modeling is a tool that can 

help epidemiologists identify other potential causal factors (i.e. factor variable of interest ß other 

factor variable à outcome variable of interest) or intermediates (i.e. factor variable of interest à 

intermediate variable à outcome variable of interest) that should, or should not be adjusted for in 

an analysis, respectively.  DAGs also help to identify collider variables (i.e. factor variable “A” 

à collider variable “B” ß factor variable “C”) that can introduce bias if they are improperly 

adjusted for in an analysis.  Adjusting for a collider variable has the potential to change the 

association between the other variables that are associated with it.  A more in-depth overview of 

collider variables and DAG modeling that goes beyond the scope of this paper can be found 

elsewhere (42).   

Figure 3-7 shows a DAG model that was created to help guide the TOHCC analyses 

exploring the association between treatment technique and error detection by RT safety barriers.  

Although DAG models usually attempt to provide complete coverage of all relevant factors in an 

analysis (42), for simplicity, the presented DAG model only includes variables recorded in 

TOHCC SaILS that were hypothesized to have an association with error detection by RT safety 

barriers.  A literature review of relevant quantitative research, qualitative research, and expert 

opinion on RT incident etiology (Chapter 2) helped to select the TOHCC SaILS variables 

included in the DAG model.  Although no studies were identified that explicitly explored 

associations between the variables included in the DAG and error detection by RT safety barriers, 

the literature search did identify broad categories of factors thought to contribute to error during 

RT planning and delivery to patients, including those previously described in the adapted Reason 

model (36-37).  The DAG model was created using TOHCC SaILS variables that fell under the 

broad factor categories thought to contribute error (36-37) with the assumption that these factors 
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may also be associated with error detection (or missed error detection) by safety barriers during 

an incident.   

In Figure 3-7, there are 6 variables, which include the factor of interest (i.e. treatment 

technique) and other variables recorded in the TOHCC SaILS dataset that were thought to 

potentially be associated with error detection.  The directional relationships between each factor 

and the outcome are diagramed in the DAG.  For example, treatment intent is hypothesized to be 

a factor that was thought to directly contribute to error detection and also directly contribute to 

the treatment technique that is delivered to a patient.  Similarly, other factor variables (i.e. error 

factors, staffing level, yearly changes to TOHCC processes and procedures, and clinician and 

team factors) were also thought to be associated with both treatment technique and error 

detection.  The yearly changes to the cancer centre processes and procedures were also thought to 

have an association with clinician and team factors such as clinician communication, policy use, 

and staff safety training and awareness.  In the DAG model, 7 backdoor paths were identified.  

There were no collider variables or intermediate variables identified in the model.  Adjusting for 

the variables intent, year, season, error factors (i.e. error severity and error origin), and primary 

reported cause of the incident successfully blocked all backdoor paths in the DAG model, 

specifically blocking paths 1, 2, 3, 4, and 5 that are listed below Figure 3-7.  This DAG model 

suggested that all of the variables could be adjusted for in the TOHCC SaILS analysis (43).    
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Figure 3-7: Directed acyclic graph (DAG) model developed for TOHCC study 

 

Possible backdoor paths from DAG model: 

1) Treatment technique safety barriers ß Error factors à Error detection 

2) Treatment technique safety barriers ß Season (staffing level) à Error detection 

3) Treatment technique safety barriers ß Intent à Error detection 

4) Treatment technique safety barriers ß Primary reported cause (clinician/team factors) à 

Error detection 

5) Treatment technique safety barriers ß Year à Error detection  

6) Treatment technique safety barriers ß Primary reported cause ß Year à Error detection 

7) Treatment technique safety barriers ß Year à Primary reported cause à Error detection 
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3.9.4.4 Q4: Who is exposed?   

An important consideration in an etiologic analysis is to define the underlying population 

for which distributions are measured and analyzed and for whom results are to be generalized. 

Answering the question of ‘who is exposed?’ sheds light on the population of ‘subjects’ of 

interest that are studied in the proposed analytic framework – the RT safety barriers. 

There have been a variety of incident learning researchers conducting analytic studies 

who have selected different denominators to explore incident etiology.  Patients treated (10) and 

RT treatment fractions delivered (12) are two denominators that have been used in these analytic 

studies.  However, from a systems perspective, are ‘patients’ or ‘radiation fractions’ the ‘who’ 

that is exposed?  In short, no.  Although patients, fractions, or treatment fields delivered may 

provide adequate denominators for an RT incident learning researcher interested in estimating an 

RT incident rate at a cancer centre, from a systems perspective, these denominators do not 

represent the ‘who’ that is exposed.  In this context, the safety barriers within an RT department’s 

system are the ‘who’ that is exposed.  These safety barriers represent clinicians (along with 

automated processes) that are exposed to various error types, as well as other factors that 

influence whether they successfully detect that a RT treatment plan has incurred an error.   

Normally, in an epidemiologic study the unit of observation (or unit of measurement) 

comprises the subjects in whom the distribution of each variable is observed and measured, while 

the unit of analysis comprises the subjects that are statistically analyzed and for whom the study 

results are inferred. (44).  On occasion, the unit of analysis can differ from the unit of observation 

in a study (44).  In routinely collected ILS data, an RT department’s system is described 

throughout each incident, which can be thought of as the ‘subject’ that is observed and 

characterized by values for several variables.  However, if one were interested in assessing factors 

associated with error detection by a specific safety barrier group (e.g. physics QA) throughout an 

incident this requires careful thought about the unit of analysis.  In this hypothetical example, the 

unit of analysis would be each time Physics QA safety barrier processes were completed while 
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there was a detectable error throughout an incident-event chain (i.e. after an error occurred but 

prior to the error being detected and reported as an incident).  Routinely collected ILS data can 

provide measured variables characterizing relevant segments of reported incidents where physics 

QA processes were completed while a detectable error was present (i.e. the unit of observation).    

Unfortunately, TOHCC SaILS provides no data on the individual safety barrier processes 

that were completed throughout the reported incident event-chains while there were detectable 

errors.  However, for each incident that was characterized in the ILS data, the workflow process 

step that the initial error originated from and the process step in which the error was detected are 

recorded.  During the completion of each workflow process step there is also completion of safety 

barrier processes that are screening the RT plans for the presence of an error.  For the TOHCC 

analyses, workflow process step was used as a surrogate measure for the safety barrier processes 

that were completed while there were detectable errors throughout the reported incidents.   

Sample size (i.e. study power) necessitated assessments of specific safety barrier groups 

that were exposed to detectable errors throughout incident-event chains instead of single safety 

barriers.  Assessment of a single safety barrier would have required the removal of a large 

number of errors from the analyses that were not relevant to the specific safety barrier (i.e. errors 

that the safety barrier is not designed to detect).  This concept of requiring the removal of 

irrelevant errors when assessing error detection by a single safety barrier and its potential impact 

on study power has been demonstrated elsewhere (45).  

The first of two units of analysis chosen for the TOHCC study was downstream 

workflow that was completed while there was a detectable error during an incident.  This analysis 

was conducted to explore whether there was significant variation in the cumulative probability of 

detection by downstream safety barriers while different error subsets were present during an 

incident.  Although this analysis was exploratory in nature, the results suggested that during an 

incident, certain error subsets were more likely to be detected by the downstream safety barrier 
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processes in fewer workflow process steps compared to others.  Figure 3-8 provides a diagramed 

representation of this analysis.  As shown in the figure, the study results indicated that during an 

incident it took an average of 2 process steps for the downstream safety barriers to detect ³30% 

of the IMRT errors originating from Simulation compared to an average of 8 process steps for the 

downstream safety barriers to detect ³30% of the 3D errors.  

 
 

Figure 3-8: Analysis comparing the cumulative probability of error detection throughout 

downstream workflow completion 

The second unit of analysis chosen in the TOHCC study was workflow completed within 

a domain while there was a detectable error during an incident.  For this analysis it was assumed 

that the safety barriers implemented within a workflow domain are sufficient to detect every error 

type.  A diagrammed representation from this analysis exploring relative probability of error 

detection by Simulation domain safety barriers is shown in Figure 3-9.  As shown in the figure, 

an unadjusted comparison found that during an incident the relative probability of error detection 

by Simulation domain safety barriers was roughly 2 times higher for IMRT errors (24%) 

compared to 3D errors (12%).  This same analysis was repeated for safety barriers implemented 
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in the Planning and Pre-Treatment QA domains (detailed results of these analyses are presented 

in Chapter 4). 

 
 

Figure 3-9: Analysis comparing probability of error detection by Simulation domain safety 

barriers 

3.9.4.5 Q5: What study design shall I choose? 

The data recorded in ILS databases such as SaILS are routinely collected by RT QA 

programs at the time of each incident.  Therefore, with current ILS documentation processes, only 

retrospective (i.e. after the fact) study designs, such as retrospective cohort and case-control 

designs (29) could be chosen to explore factors associated with error detection by RT safety 

barriers during an incident.  In the TOHCC analysis, a retrospective cohort study design was 
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chosen.  An overview of the general approaches used to conduct this study are detailed in the 

following paragraph. 

Although the data that are routinely collected in RT ILS databases are recorded at the 

time of each incident, these data can be used to retrospectively recreate a ‘cohort’ comprising the 

opportunities that RT safety barrier processes had to detect the error during an incident.  A 

retrospective cohort study was conducted to analyze the TOHCC SaILS data to explore factors 

associated with error detection by specific RT safety barriers.  In this study, the distribution (i.e. 

probability) of the outcome variable of interest (i.e. error detection) was compared in subjects (i.e. 

safety barrier groups) having the factor interest (e.g. opportunity to detect an IMRT plan has an 

error) versus those that did not have that factor of interest (e.g. opportunity to detect a 3D plan 

has an error). 

3.9.4.6 Q6: How do I handle differences in the amount of opportunity the safety barriers 

have to detect errors in the compared groups?  

Once a safety barrier has detected the error, this is analogous to the end of follow-up for 

that particular observation in the analysis (i.e. the safety barriers downstream in the RT workflow 

will no longer have an error that could be detected) (7).  Accounting for differences in the amount 

of time that safety barriers had opportunity to detect errors in compared groups presented a 

unique analytical challenge that required careful consideration.  Unfortunately, information on the 

amount of real-time that a RT safety barrier process occurred while there was a detectable error 

was not collected in the analyzed ILS dataset.  The following paragraph describes how the unique 

challenge of accounting for differences in opportunity for error detection by the safety barriers in 

compared groups was handled in the TOHCC analysis. 

Figure 3-10 demonstrates an approach that was used in the TOHCC study that attempted 

to account for relative differences in opportunity (i.e. time) for safety barrier error detection in 

compared groups.  The figure depicts a simplified illustration of an analysis that was conducted 
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using TOHCC SaILS data that explored the relative probability of error detection by Planning 

domain safety barriers that had opportunity to detect IMRT errors (shown in black) versus 3D 

errors (shown in grey) during an incident.  To simplify the discussion, Figure 3-10 depicts a 

hypothetical example with only 6 RT plans that incurred errors with an equal number of 

observations in the two compared groups.  In the figure, the cumulative probability of error 

detection by the Planning safety barriers is 0.66 for the IMRT errors (i.e. 2 detections/3 detectable 

errors) and 0.33 for the 3D errors (i.e. 1 detection/3 detectable errors).  A naïve analysis might 

estimate that during an incident the probability of error detection by the Planning domain safety 

barriers is twice as likely for IMRT errors compared to 3D errors (i.e. 0.66/0.33 = 2.0).  However, 

the results of this analysis may not hold after accounting for the relative amount of opportunity 

that the Planning safety barriers had to detect errors in the two compared groups.  In Figure 3-10, 

the IMRT errors all originate at earlier process steps during Planning compared to the 3D errors 

(i.e. the IMRT errors originated at process steps 10, 10, 9; while the 3D errors originated at steps 

11, 11, and 13).  In this hypothetical example, the safety barriers have more remaining process 

steps to detect IMRT errors compared to 3D errors before the end of Planning, which could mean 

there was more opportunity for error detection in the IMRT group compared to the 3D group.  For 

the TOHCC analyses, remaining process steps completed while there was a detectable error was 

used to approximate the average amount of safety barrier error detection opportunity in compared 

groups.  Applying this approach to the above example would approximate error detection by the 

Planning domain safety barriers as being 1.4 times more likely for IMRT errors compared to 3D 

errors [i.e. (2 IMRT error detections/7 remaining process steps completed while there was a 

detectable error)/(1 3D error detection/5 remaining process steps completed while there was a 

detectable error) = 1.4].  In essence, incorporating the remaining number process steps while 

there was a detectable error into the analysis accounted for a difference in the average opportunity 

for safety barrier error detection in the comparison.  



 

 

 

95 

 
 

Figure 3-10: Hypothetical illustration of the handling of opportunity time in the TOHCC study    

3.9.4.7 Q7: How do I select my confounding variables and account for them in the analysis? 

 As previously discussed, confounders are variables that are thought to independently 

cause the outcome variable of interest, are associated with the factor of interest, and are not 

intermediate variables in the causal chain between the factor of interest and the outcome of 

interest (7).  If not properly adjusted for, the presence of one or more confounding variables has 

the potential to bias observed results of an analytic study (29).  There are two standard statistical 

methods commonly used to adjust for confounding variables in an analytical study – stratification 

and regression modeling.  For the purpose of the TOHCC SaILS study, regression modeling was 

the chosen method to statistically adjust for confounder variables in the analysis.  Regression 

modeling was chosen over stratification due to the large number of confounder variables that 

were adjusted for in the study (7).  
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In the study, the selection of confounder variables in the analyses was challenging.  As 

was previously discussed, there was a relatively large number of variables that were identified in 

the TOHCC SaILS dataset that were thought to potentially confound the association between the 

primary factor of interest (i.e. treatment technique) and the outcome of interest (i.e. error 

detection).  Sample size constraints necessitated the use of a backwards elimination procedure 

(46) to further reduce the number of confounder variables in the multivariable regression models, 

and thereby increase statistical precision (further details on the backwards elimination procedure 

used in the TOHCC study are presented in Chapter 4).  There are many other confounder 

selection approaches that could also have been considered for the TOHCC study, such as forward 

selection, change in estimate, among others (46).   

3.9.4.8 Q8: What other biases are present? 

Selection bias: 

The reporting practices of a RT department can result in biased selection of the incidents 

that provide the characterized variables used in the etiologic analysis.  The reporting practices of 

a RT department determines which incidents, and therefore, which segments of incidents where a 

RT safety barrier could detect an error are included in the analysis.  In general, for a selection bias 

to occur, selection of study subjects must be related to both the factor of interest and the outcome 

of interest (7).  When ILS data are routinely collected, the outcome (i.e. error detection) has 

already happened, therefore, the selection of study subjects could be related to the outcome 

variable.  However, if reporting practice is not related to the factor of interest, then a selection 

bias cannot occur.  In the TOHCC study, treatment technique was the chosen primary factor of 

interest.  In theory, the reporting of various treatment techniques may be differential based on 

differences in the overall commitment level to incident reporting by different clinician teams 

responsible for planning and delivering the various RT treatments.  In this scenario, reporting 

practices could bias an observed result that indicates the presence of an association between 
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treatment technique and error detection if incident reporting is related to the treatment technique 

and error detection probability by the assessed safety barriers differs in reported versus 

unreported incidents.  Over- and under-reporting of incidents by clinicians is a known limitation 

of ILS data (47-49).  Due to their severity, far more emphasis is commonly placed on the 

reporting of actual incidents compared to potential incidents in RT departments (4).  The 

possibility of observed results being biased by over- or under-reporting of certain incident types 

should always be considered by RT incident learning researchers conducting the proposed 

analytic approach.   

A selection bias unique to RT incident learning (“Good QA”): 

 “Good QA” error detection tends to occur when the first relevant safety barrier in the RT 

workflow sequence downstream of an error safely detects the error.  In general, when a Good QA 

error detection is made, there is no incident report generated because the safety barriers have 

performed perfectly, as intended.  Unfortunately, these Good QA error detections create a unique 

type of selection bias that requires careful consideration in the proposed etiologic analysis, 

whereby only the very problematic errors that bypass primary redundancy are typically recorded 

in ILS databases.  No term exists in the literature to define these problematic errors.  We propose 

a simple term – undetected error – to represent this subgroup of errors.  A formal definition for 

an undetected error is provided below: 

Undetected error: an error that went undetected by RT safety barriers within what was 

considered good QA.   

If the ILS data chosen for the proposed etiologic analysis does not include error 

detections through Good QA, this requires a further revision to the interpretation of the study 

results.  When it is suspected that only undetected errors are present in the data, the objective of 

the etiological assessment shifts to exploring factors that are associated error detection by the 

safety barrier redundancy (i.e. the second, third, fourth, etc. safety barrier layers) because missed 
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error detection by first relevant safety barrier has always occurred throughout every reported 

incident.  The TOHCC SaILS dataset was suspected to include only undetected errors, which 

resulted in a modification of the interpretation of the study results (Chapter 4).   

Another consideration is that Good QA error detections can occur at different phases 

throughout the RT planning and delivery sequence depending on the error subset.  Any 

disagreements among the reporting RT clinicians (i.e. radiation oncologists, medical physicists, 

and radiation therapists) as to whether detections of an error subset at a particular point in the 

workflow sequence are considered Good QA or a potential incident could also bias the results of 

the proposed etiologic analysis.  

Appendix B1 provides a more in-depth illustration of standard RT incident reporting 

practices and outlines the general differences between Good QA error detection versus error 

detections that may result in the reporting of either potential incidents or actual incidents.  

Misclassification:  

Misclassified (i.e. inaccurately measured) variables in ILS databases can bias the 

observed results of the proposed etiologic analysis.  Misclassification that is related to only one 

variable or is completely random is commonly referred to as non-differential, while 

misclassification that is related to both the factor of interest and outcome is commonly referred to 

as differential.  Both non-differential misclassification, which tends to bias results towards the 

null, and differential misclassification, which can bias results both towards and away from the 

null, have the potential to compromise the internal validity of an epidemiologic study.  However, 

the potential for bias in the less conservative direction (i.e. away from the null), can lead some 

epidemiologists to place greater emphasis on avoiding differential misclassification when 

designing a study (7). 

ILS data are routinely collected after the incident, which increases the potential for 

differential misclassification in the proposed etiologic analysis because the reported information 
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could be influenced by the outcome that has already happened.  Fortunately, careful selection of 

the outcome variable and the factor of interest variable can reduce the likelihood of differential 

misclassification and its accompanied bias. 

It is important to note that the outcome variable being studied in the proposed etiologic 

analysis is safety barrier focused (i.e. error detection – yes or no) and not patient focused (i.e. 

patient harmed – yes or no).  An advantage of using error detection as the outcome variable in the 

proposed etiologic analysis is that the likelihood of any inaccurate characterization of the 

outcome variable recorded in the ILS data by the clinicians involved in the RT incidents is more 

likely to be random.  For example, if the outcome variable was patient harm related (e.g. actual 

incident – yes or no), it could be argued that clinicians involved in incidents that resulted in 

patient harm may be less likely to provide true accounts of the incident compared to those 

involved in non-harmful incidents.  This difference in reporting would then be related to the 

outcome variable used in the analysis.  Using error detection instead of patient harm increases the 

likelihood that any misclassification of the outcome variable is more likely to be random, which 

reduces the probability of differential misclassification that could bias the study results both 

towards and away from the null.  

The selection of the factor variable of interest can also help reduce the likelihood of 

differential misclassification that could bias results of the proposed etiologic analysis.  For 

example, data that are duplicated from electronic patient records, such as information on patient 

demographics (e.g. age, sex, cancer subtype, co-morbidity, etc.) and the treatment delivered (e.g. 

technique, intent, dosing, fractionation, technical aspects, etc.) are all recorded at a point in time 

prior to the incident.  Therefore, misclassification of these characterized variables that pertain to 

patient and treatment-related information recorded at a point in time prior to the incidents is 

unlikely to be related to error detection outcome.  Although the main reason our primary factor of 

interest variable (treatment technique) was chosen for the TOHCC study was the desire to 
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identify patient RT treatments requiring safety barrier process improvement, an added benefit of 

using this variable was that its characterization came from duplicated electronic patient records 

that are recorded prior to the incidents, thus reducing the likelihood of a differential 

misclassification that could bias the primary association assessment both towards and away from 

the null.  However, it is important to note that random misclassification of either the factor of 

interest or outcome could still bias the results of the proposed etiologic analysis, most likely 

towards the null. 

External validity (generalizability): 

  The inclusion and exclusion criteria of a study impacts the generalizability of the 

observed results (29).  For example, the TOHCC study analyzed ILS data from a single cancer 

centre.  The observed results from this TOHCC study may not be generalizable to other RT 

departments because there could be important differences between the design of their RT delivery 

system and the design present in different RT facilities.  Although there are likely to be universal 

factors that affect error detection by safety barriers during an incident in every RT department, 

the TOHCC study alone cannot definitely identify these factors.  One advantage of conducting a 

single centre ILS data analysis is that the knowledge generation can be tailored towards the 

specific goals of the department’s RT QA program.  However, a multi-centre ILS data analysis 

would be required if the study objective was to identify etiological factors of safety barrier error 

detection that are shared across different RT facilities. 

3.9.4.9 Q9: How do I interpret my results?  

It cannot be more emphatically stated that the results of an exploratory etiologic analysis 

of ILS data to identify and assess factors that are associated with error detection by RT safety 

barriers should always be interpreted with extreme caution.  The previous sections have 

highlighted several innate biases in the proposed etiologic assessment that could threaten the 

internal and external validity of the observed results.  Expert knowledge from members of the 
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relevant RT QA program could help to assess the validity of a study finding.  For example, in the 

TOHCC study, a strong association was observed showing tomotherapy error detection by 

Planning domain safety barrier redundancy was 4.0 (95% CI 2.7-5.8) times more likely than 

IMRT error detection during an incident.  Assistance from members of the RT QA program 

helped gauge the level of skepticism that ultimately accompanied the interpretation of this strong 

association (further details on the TOHCC Planning domain safety barrier comparison can be 

found in Chapter 4).   

 Another important aspect of interpretation in the proposed etiologic analysis is placing 

the observed result within the context of Good QA.  For example, in the TOHCC study, there 

were only undetected errors believed to be present in the SaILS dataset.  If the reporting practices 

of a RT department results in the inclusion of all possible errors detections, including those 

through Good QA, then the results of the analysis could be interpreted in terms of factors that 

influence the overall effectiveness of a safety barrier or safety barrier group at error detection.  

However, when only undetected errors are present in the data, the interpretation shifts to an 

assessment of factors associated with error detection by safety barrier redundancy.  In the 

TOHCC study, the results were interpreted as factors that were associated with error detection by 

safety barrier redundancy (further details on the TOHCC study interpretation can be found in 

Chapter 4). 

3.10 Discussion 

 This paper provides a practical overview of epidemiologic strategies that can be used to 

conduct an analytic study meant for exploring factors associated with error detection by RT safety 

barrier processes.  This paper also provides a detailed analytical approach tailored specifically for 

identifying and assessing factors that are associated with error detection by RT safety barriers 

throughout reported incidents using routinely collected ILS data.  The concepts and strategies 

presented in this paper were applied to a real-world ILS dataset from a single Canadian cancer 
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centre.  The results from these analyses demonstrated the potential utility of conducting our 

analytic approach to study systematic patterns of error detection by safety barriers occurring 

throughout incident-event chains. 

We used a fishing analogy to portray the conceptual idea of errors flowing in and out of 

RT workflow based on successful detection by RT safety barriers.  We applied the general 

concepts and principles of an epidemiologic analysis to define context-specific factors of interest 

and outcomes.  A novel aspect of our analytic framework is the chosen unit of analysis (44), 

which was defined as safety barrier process completed while there was a detectable error during 

an incident.  This presented analytic approach was one of the first demonstrations of 

epidemiologic methods being applied to the specific context of assessing error detection etiology 

that strictly used routinely collected ILS data.   

The results from the TOHCC ILS data analysis that utilized the proposed analytic 

approach presented in this paper joins a relatively low number of contemporary RT incident 

learning studies that have utilized similar methods to assess etiology of RT incidents (10-13).  

Our tutorial adds to this budding ILS data analysis literature by exploring the use of ‘error 

detection’ instead of ‘incident’ as the outcome variable using frequentist statistics.  We presented 

a qualitative graphical modeling strategy (i.e. DAGs) (42) as a potential tool to help RT incident 

learning researchers organize their ILS data analysis plan.  This paper also details a general 

strategy for ILS data analysis that is systems focused and not person focused (28) because it 

attempts to assess factors that affect error detection by RT safety barriers, which are an important 

part of RT department QA infrastructure.  

There are several limitations to the proposed analytic approach.  The presented TOHCC 

study example only provides a limited number of variables that were found in the SaILS dataset 

thought to contribute to error detection by RT safety barriers.  Future studies attempting this type 

of analysis could attempt to statistically adjust for a larger number of confounder variables by 



 

 

 

103 

collecting additional primary data or by linking ILS datasets with other relevant data sources.  

Linking incident report data with record and verify system data and electronic patient charting 

system data has been proven viable by recently published RT incident learning studies (12-13).  

The selection of incidents in the presented TOHCC analysis example may also have been biased 

due to TOHCC incident reporting practices.  Unfortunately, the relative direction of the potential 

selection bias created due to over- or under-reporting by an RT department can never be known.  

However, it is important to note that the observed results from our TOHCC example study, or any 

study that uses a similar analytic approach to the one presented in this paper, could be explained 

almost entirely by RT incident reporting practices (47-49).  Therefore, we recommend using the 

presented analytic approach mainly for hypothesis generation.  We also suggest that the proposed 

analytic approach might be most effective when it is accompanied by other qualitative 

investigation strategies commonly used in RT incident learning (50) to ensure that relevant 

context is imparted to the quantitative findings.   

Assessing etiology is an integral part of incident learning.  The analysis strategy 

presented in this paper provides an overview of the concepts and principles commonly used in 

epidemiology to assess etiology and highlights the potential application for using these methods 

to analyze ILS data.  The analytic strategies that were presented underscore the importance of 

defining suitable analytic variables and the need for careful consideration of the chosen unit of 

analysis and interpretation of the study findings.  We hope that this paper provides useful 

information to researchers who may wish to explore additional ILS data analysis methods to 

investigate RT incident etiology that can complement other common incident learning 

investigations such as root-cause analysis.  
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Chapter 4 

Exploring factors associated with error detection by radiotherapy 

workflow safety barriers at a single Canadian cancer centre. 
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4.1 Summary 

 Incident Learning System data from a single Canadian cancer centre were statistically 

analyzed to explore factors that are associated with error detection by radiotherapy (RT) safety 

barriers.  Our results suggest that there may be several factors that influence the likelihood of 

error detection by the redundancy designed into the RT workflow sequence. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

 

 

111 

4.2 Abstract 

Purpose:  To analyze Incident Learning System (ILS) data to identify and assess factors that are 

associated with error detection by radiotherapy (RT) safety barriers.  

Methods:  Data were obtained from an ILS database that characterized 4620 incidents reported 

by the Ottawa Hospital Cancer Centre (TOHCC), Ottawa, Canada from 2007-2017.  Kaplan-

Meier curves were generated to visually explore patterns of error detection by downstream safety 

barriers which had opportunity to detect RT plans that had incurred errors.  Regression modeling 

was used to identify and assess factors that were associated with error detection by three different 

safety barrier groups that are implemented throughout the RT workflow sequence: 1) Simulation 

domain safety barriers; 2) Planning domain safety barriers; and 3) Pre-Treatment Quality 

Assurance safety barriers.   

Results: There were a total of 991 clinical incidents meeting the study selection criteria.  Their 

description constituted the data used for the final analyses.  Kaplan-Meier analyses showed that 

error detection patterns by downstream safety barriers varied by treatment technique for errors 

that originated from Decision To Treat (p=0.05), Simulation (p<0.01), and Planning (p=0.02) 

domains.  Multi-variable regression analyses showed that treatment technique was associated 

with error detection by Simulation domain safety barriers (p<0.001) and Planning domain safety 

barriers (p<0.001) but not Pre-Treatment Quality Assurance domain safety barriers (p=0.32).  

Exploratory bivariate analyses identified several additional factors that may also be associated 

with error detection by RT safety barriers implemented in the assessed domains, including the 

treatment intent and the workflow domain in which the error originated.   

Conclusions:  Our analyses suggest that treatment technique and other factors are associated with 

error detection by safety barrier redundancy designed and implemented throughout the RT 

workflow sequence. 
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4.3 Introduction 

In Canada, incident report data are collected by radiotherapy (RT) quality assurance (QA) 

programs at both local and national levels for incident learning purposes (1-4).  Incident learning 

refers to the safety practice of collecting and analyzing incident report data to continually monitor 

and improve system safety (5).  Implementation of an incident learning system (ILS) in an RT 

department has had several reported benefits, such as the reduction of harmful incidents and 

improved safety culture (6). 

An essential part of the ILS data collection process is the identification of factors thought 

to have contributed to the incidents.  Generally, incident learning researchers use qualitative 

methods to investigate causes of single incidents, such as causal factor charting in root-cause 

analysis (7), analysis trees in fault trees analysis (8), and several other qualitative approaches (9-

10).  Recently, system focused (or ‘systems view’) evaluation has become a point of emphasis for 

incident learning in RT (11).  It has also been suggested that identifying system deficiencies that 

contribute to multiple incidents may have longer lasting safety impacts than establishing the root-

causes of a severe incident (12).  Endeavoring to assess system deficiencies that contribute to 

multiple incidents may encourage RT incident learning researchers to explore approaches to data 

analysis that go beyond qualitative investigations into the root-causes of singular incidents. 

Epidemiologic concepts and principles could provide RT incident learning researchers 

with helpful tools to statistically analyze their ILS data to explore the average effect a factor may 

have on system safety across multiple incidents.  Although epidemiology tends to assess patterns 

of cause and effect in populations of human subjects (13), the same analytical principles have 

been applied to other units of analysis (14), such as health services researchers assessing the 

quality of different healthcare delivery systems (15).  Contemporary RT incident learning 

researchers have started to use analytical methods common to epidemiology to explore incident 

etiology (16-19).  However, these quantitative investigations have used ‘incident’ as the chosen 
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outcome variable, which may not be an analytic approach specific enough to reveal modifiable 

system deficiencies found in RT departments.  

We have developed an analytic framework that uses epidemiologic concepts and 

principles to statistically analyze patterns found in RT ILS data (for detailed description of this 

framework development, please see Chapter 3).  Fundamental to our analytic approach is the 

substitution of ‘incident’ with a potentially more homogeneous and equally systems focused 

outcome variable ‘error detection’, while using RT safety barriers [i.e. the physical or non-

physical quality assurance safeguards implemented throughout the RT workflow sequence (20)] 

as the study subjects.  This study provides results of analyses that utilized our approach to 

identify and assess the association between treatment technique and error detection by specific 

RT safety barriers groups implemented at a single Canadian cancer centre. 

4.4 Methods and materials  

4.4.1 Design  

 ILS data from a single Canadian cancer centre were used to identify RT workflow that 

had been completed while there was a detectable error during an incident (i.e. after an error 

occurred but prior to the error being detected and reported as an incident).  The origin and 

subsequent detection of the error that led to each incident was defined within a high-level RT 

workflow map.  Quantitative variables found in the ILS database were used to characterize errors 

that different RT safety barrier groups had opportunity to detect during an incident.  The 

association between the prescribed treatment technique and error detection by safety barriers was 

assessed in the Simulation, Planning and Pre-Treatment QA domains where error detection would 

avoid a non-minor actual incident.  Associations between other variables and error detection by 

safety barriers implemented within the same three domains were also explored. 

4.4.2 Database 
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 A web-based Safety and Incident Learning System (SaILS) provided the incident report 

data for this study.  The database contained 4620 incidents reported by the Ottawa Hospital 

Cancer Centre (TOHCC), Ottawa, Canada from 2007-2017.  Details on the development of the 

TOHCC SaILS database and results of previous incident learning analyses using this data have 

been published elsewhere (1, 6, 21).   

4.4.3 Incident sample  

Clinical incident descriptions from the TOHCC SaILS database constituted the data that 

were statistically analyzed.  Clinical incidents were defined as those that had the potential to, or 

did result in patient harm (6).  In the analyses, we included both potential incidents (i.e. did not 

result in any patient harm) and actual incidents (i.e. resulted in patient harm).  Clinical incident 

descriptions recorded in TOHCC SaILS from 2014-2017 were statistically analyzed.  Incidents 

from 2007-2013 were excluded due to insufficient characterization.  Incidents that were classified 

as invalid, duplicated, or non-clinical in the SaILS database were also excluded.  There were 991 

clinical incidents meeting our inclusion and exclusion criteria that provided data for our final 

analyses (detailed description of the clinical incident selection process can be found in Appendix 

C1). 

4.4.4 Workflow process step sequencing 

A high-level RT workflow map was developed based on the TOHCC SaILS data 

structure (1, 6).  The sequential numbering of the domains and process steps in the workflow map 

was based on expert knowledge of the procedural sequences used at TOHCC.  Workflow process 

steps that could occur concurrently were given the same step number in the workflow map.  All 

of the process steps in the Delivery domain were given the same step number in the workflow 

map due to insufficient data in SaILS to establish a sequential order.  Descriptions of the process 

steps in the high-level workflow map are shown in Figure 4-1. 
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4.4.5 Unit of analysis 

Data on safety barrier processes were not directly recorded in the TOHCC SaILS 

database (1, 6).  Workflow process step completion was chosen as a surrogate measure for safety 

barrier process completion in the analyses.  Workflow that was completed while there was a 

detectable error during an incident was the defined unit of analysis.  The selection of workflow 

completion while there was a detectable error was based on the developed workflow map and 

SaILS data that records the process step of origin and detection of each error that led to each 

incident (1, 6).   

4.4.6 Endpoint 

The outcome for this study was the process step within the workflow map that error 

detection occurred during the incident.  

4.4.7 Analytic variables 

Several factors recorded in TOHCC SaILS thought to potentially affect error detection by 

safety barriers were included in the analyses.  Treatment technique was the primary factor of 

interest with five categories: 2-dimensional radiotherapy (2D), 3-dimensional radiotherapy (3D), 

intensity modulated radiotherapy (IMRT), tomotherapy, and an ‘other’ category.  The ‘IMRT’ 

category was a composite of volumetric arc therapy, step-and-shoot, stereotactic and breast 

IMRTs, while the ‘other’ category was a composite of less common techniques that included 

brachytherapy, total body irradiation, orthovoltage, electrons, and stereotactic body radiotherapy.  

Other variables included in the analyses were the treatment intent (curative or palliative), year 

(2014, 2015, 2016, or 2017), meteorological season (fall, spring, summer, or winter), error 

severity (minor or non-minor), domain of error origin (Decision To Treat, Simulation, Planning, 

Pre-Treatment QA, Delivery, or Discharge), and primary reported cause of the incident 

(communication issue, policy issue, failure to detect, interpret or plan for developing safety 

problem, or other). 
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4.4.8 Statistical analysis 

Descriptive statistics for all of the clinical incidents that provided data for the analyses 

were assessed.  The overall pattern of error origin and corresponding error detection were 

described.  For errors originating in Decision to Treat, Simulation, and Planning domains, 

Kaplan-Meier curves (13) stratified by treatment technique were used to compare the cumulative 

percentage of error detection upon completion of each subsequent process step in the workflow 

map.  Modified Poisson regression models with robust error variance (22) were used to assess the 

association between treatment technique and error detection by safety barriers implemented 

throughout the Simulation, Planning, and Pre-Treatment QA domains.  Offsets were used in the 

regression models to estimate the error detection event rate per process step completed while a 

detectable error was present in the domain.  The relative security of detection (RSD), which is 

equivalent to the relative risk of an error detection event, was calculated and used to assess 

associations.  A backwards elimination procedure using a 0.20 p-value cut-off (23) was used to 

select potential confounders among the analytic variables recorded in TOHCC SaILS for each 

multivariable model.  Unadjusted associations between the other variables and error detection 

were also assessed.   

4.4.9 Power and sample size 

We assessed the statistical power for each of our analyses assessing the association 

between the treatment technique variable and error detection.  We had adequate power (³0.8) to 

detect a 20% difference in error detection probability in the smallest comparison grouping in both 

the Simulation and Planning domains, and a power of 0.75 to detect a difference of 25% in the 

smallest comparison grouping in the Pre-Treatment QA domain (Appendices C2-C4).  All data 

analyses used SAS version 9.4 (SAS Institute, Cary NC) with two-sided statistical testing at the 

0.05 significance level.   
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4.5 Results 

4.5.1 Incident sample 

 We identified 991 clinical incidents from the TOHCC SaILS database that met our 

selection criteria.  Approximately 90% (891/991) of the incidents originated from a workflow 

domain upstream of the Delivery domain (i.e. Decision To Treat, Simulation, Planning, or Pre-

Treatment QA).  Overall, the majority of the incidents were minor (91.0%) and did not result in 

significant patient harm (only 3 actual incidents were reported as non-minor).  Inadequate safety 

training and awareness as a result of clinical staff not properly identifying, interpreting or 

planning for a developing safety problem was the most common primary reported cause of the 

incidents (49.9%), while poor communication (17.3%) and issues surrounding departmental 

policy (12.9%) were reported as the next two most common primary reported causes (Table 4-1).  

There was some variation observed in the incident characteristics when they were stratified by 

their error domain of origin (Appendix C5). 
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Table 4-1: Descriptive statistics of the TOHCC clinical incidents (n=991)      
Variable n (%) 
Technique 
  2D 
  3D 
  IMRT 
  Tomotherapy 
  Other*  
  [Missing] 

 
79 (8.0) 

302 (30.5) 
361 (36.4) 
118 (11.9) 
109 (11.0) 
[22 (2.2)] 

Intent 
  Curative 
  Palliative 
  [Missing] 

 
582 (58.7) 
377 (38.0) 
[32 (3.3)] 

Year 
  2014 
  2015 
  2016 
  2017 

 
228 (23.0) 
295 (29.8) 
230 (23.2) 
238 (24.0) 

Season 
  Fall 
  Winter 
  Summer 
  Spring 

 
227 (22.9) 
228 (23.0) 
268 (27.2) 
268 (27.0) 

Origin  
  Decision To Treat 
  Simulation 
  Planning 
  Pre-Treatment QA 
  Delivery 
  Discharge 

 
378 (38.1) 
154 (15.5) 
286 (28.9) 

73 (7.4) 
99 (10.0) 
1 (0.1) 

Incident type 
  Actual  
  Potential  

 
64 (6.5) 

927 (93.5) 
Error severity 
  Non-minor   
  Minor 
  [Missing] 

 
65 (6.6) 

902 (91.0) 
[24 (2.4)] 

Primary cause  
  Communication issue  
  Policy issue 
  Failure to detect, interpret, or plan for a developing problem 
  Other 

 
172 (17.3) 
128 (12.9) 
494 (49.9) 
197 (19.9) 

Primary cause by major category 
  Infrastructure 
  Process 
  Management   

 
35 (3.5) 

604 (61.0) 
352 (35.5) 

Abbreviations: 2D = two-dimensional radiotherapy; 3D = three-dimensional radiotherapy; IMRT 
= intensity modulated radiotherapy. 

*Includes high-dose-rate brachytherapy, low-dose-rate brachytherapy, orthovoltage, total-body 
irradiation, and stereotactic body radiotherapy. 
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4.5.2 Error detection  

Figure 4-1 describes where the analyzed errors from the reported incidents originated and 

were subsequently detected.  There were errors originating in every workflow domain.  Some 

errors were detected within the same workflow domain that they originated, while others were 

detected in a subsequent downstream workflow domain.  The majority of errors were detected 

during Pre-treatment QA (24.6%) and Delivery (45.1%).  The largest collection of errors at risk 

for detection by the safety barriers occurred during Planning (n=656).  There were 352 errors with 

an upstream origin from either Decision To Treat, Simulation, Planning, or Pre-Treatment QA 

domains that remained at risk for detection by a safety barrier during workflow completion 

through to the Delivery domain.  Approximately 7.4% (26/352) of these upstream errors led to an 

actual incident.  Safety barriers implemented during the ‘validation of patient preparation’ and 

‘patient positioning’ process steps within the Delivery domain were responsible for detecting 

66.0% (232/352) of this error subset (Appendix C6).   
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  Sequential order of process steps completed in the workflow domains 

1. Coordination of pre-simulation requirements (fiducials, bowel prep, etc.) (DTT) 
1. Entry of treatment intent instructions (DTT) 
1. Evaluation of patient condition and treatment readiness (DTT) 
1. Patient education (DTT) 
2. Scheduling of appointments & patient contact (DTT) 
3. Validation of patient preparation (bladder prep, pregnancy check, identity, laterality, etc.) (SIM) 
4. Patient education (SIM) 
5. Positioning, tattooing (SIM) 
6. Image acquisition (SIM) 
7. Documentation (SIM) 
8. Contour of normal structures (SIM) 
8. Image fusion (SIM) 
9. Contour of target volumes & organs at risk & field placement (PLA) 

10. Creation of dose distribution & calculation of dose (PLA) 
11. Planning quality assurance (PLA) 
12. Review & approval of treatment plan (PLA) 
13. Transfer of treatment plan in record and verify system (PLA) 
14. Physics quality assurance (PRE) 
15. Patient-specific dose quality assurance (PRE) 
16. Radiation therapist new plan check (PRE) 
17. Validation of patient preparation (bladder prep, pregnancy check, identity, laterality, etc. ) (DEL) 
17. Patient education (DEL) 
17. Positioning (DEL) 
17. Image-guided radiotherapy (DEL) 
17. Time out script (DEL) 
17. Beam delivery (DEL) 
17. Documentation (DEL) 
17. On treatment review (DEL) 
17. Radiation therapist weekly chart check (DEL) 
17. Supportive care intervention (Radiation nurse, dietitian, pain management, etc.) (DEL) 
17. Chart audit (DEL) 
18. Patient education (DIS) 
18. Radiation therapist final chart check (DIS) 
18. Coordination of follow-up appointments (DIS) 
 
Figure 4-1: Pattern of error detection at TOHCC throughout workflow completion in Decision To Treat 
(DTT), Simulation (SIM), Planning (PLA), Pre-Treatment Quality Assurance (PRE), Delivery (DEL) and 
Discharge (DIS) domains  
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4.5.3 Error detection pattern throughout downstream workflow completion 

 Figure 4-2 shows Kaplan-Meier curves stratified by treatment technique comparing the 

cumulative percent of errors detected upon completion of each subsequent process step in the 

workflow map for errors that originated during either Decision To Treat, Simulation or Planning.  

The error detection curves were found to be statistically significantly different based on the 

treatment technique for errors that originated during Simulation (p=0.004) and Planning 

(p=0.020), and borderline statistically significantly different for errors that originated during 

Decision To Treat (p=0.052).  Visually, tomotherapy errors originating from Decision to Treat 

had a distinctly different error detection pattern compared to the other techniques with 

approximately 67.6% (50/74) occurring at the Planning process step ‘creation of dose distribution 

and calculation of dose’ (Figure 4-2A).  Further analysis showed that safety barrier processes 

verifying dose intent were responsible for 82% (41/50) of these tomotherapy error detections 

(Appendix C7).  Based on the developed workflow map, the safety barriers implanted at the 

Simulation process step ‘validation of patient preparation’ (step #3), the Planning process step 

‘creation of dose distribution and calculation of dose’ (step #10), and Pre-Treatment QA process 

steps ‘physics QA’ (step #14) and ‘radiation therapist new plan check’ (step #16) were 

responsible for detecting the largest relative percentages of errors (Figure 4-2).  Upon completion 

of the final process step in Pre-Treatment QA defined as ‘radiation therapist new plan check’ 

(step #16) approximately 70.9% of the Decision To Treat errors,  50.0% of the Simulation errors, 

and 56.6% of the Planning errors had been detected (Appendices C8-C10).   
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Figure 4-2: Cumulative percentage of errors detected by safety barriers per RT workflow process step 
completed Kaplan-Meier curves stratified by treatment technique comparing errors that originated during 
(A) Decision To Treat; (B) Simulation; and (C) Planning. All curves are truncated at the final process step 
in the Pre-Treatment QA domain defined as ‘radiation therapist new plan check’. 
 

Process 
Step  

Domain Description  

D* DTT Decision To Treat domain 
process steps 

S* SIM Simulation domain process 
steps 

P* PLA Planning domain process 
steps 

3 SIM Validation of patient 
preparation (bladder prep., 
pregnancy check, 
identification check, 
laterality, etc.) 

4 SIM Patient education 
5 SIM Positioning and tattooing 
6 SIM Image acquisition 
7 SIM Documentation 
8 SIM Contouring normal 

structures and image 
fusion 

9 PLA Contouring target volumes 
and organs at risk, and 
field placement 

10 PLA Creation of dose 
distribution and dose 
calculation 

11 PLA Planning QA 
12 PLA Plan review and approval  
13 PLA Transfer of plan to record 

and verify system 
14 PRE Physics QA 
15 PRE Patient-specific dose QA 
16 PRE Radiation therapist new 

plan check 
17 DEL Start of workflow in the 

Delivery domain  

C 

Descriptions of workflow process step 
numbers that are displayed on the x-axis in 
Figure 4-2. 

B 

A 
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4.5.4 Factors associated with error detection by safety barriers implemented throughout 

Simulation, Planning, and Pre-Treatment QA domains 

We identified 457 detectable errors by Simulation domain safety barriers, 656 detectable 

errors by Planning domain safety barriers, and 596 detectable errors by Pre-Treatment QA 

domain safety barriers throughout the reported incidents.  There was some variation observed in 

the characteristics of the detectable errors that were present in the three domains (Table 4-2).  

Table 4-3 shows results of adjusted analyses assessing the association between treatment 

technique and error detection by safety barriers implemented throughout the Simulation, 

Planning, or Pre-Treatment QA domains.  In the Simulation domain safety barrier comparison, 

3D errors (RSD=0.55 95% CI 0.33-0.93) and tomotherapy errors (RSD=0.23 95% CI 0.10-0.54) 

had statistically significantly lower probability of detection compared to IMRT errors, while 2D 

errors (RSD=1.09 95% CI 0.63-1.89) and errors from the ‘other treatments’ category (RSD=1.29 

95% CI 0.82-2.04) did not have statistically significantly different detection probability compared 

to the IMRT referent after adjusting for the domain of error origin and primary reported cause.  In 

the Planning domain safety barrier comparison, tomotherapy errors were 3.97 (95% CI 2.71-5.82) 

times more likely to be detected compared to errors from the IMRT referent, while 2D errors 

(RSD=0.48 95% CI 0.11-2.07), 3D errors (RSD=1.24 95% CI 0.70-2.18), and errors from the 

‘other treatments’ category (RSD=0.57 95% CI 0.21-1.56) did not have statistically significantly 

different detection probability compared to the IMRT referent after adjusting for the domain of 

error origin, year, and treatment intent.  In the Pre-Treatment QA domain safety barrier 

comparison, 2D errors (RSD=0.93 95% CI 0.66-1.30), 3D errors (RSD=0.84 95% CI 0.68-1.04), 

tomotherapy errors (RSD=0.99 95% CI 0.63-1.54), and errors from the ‘other treatments’ 

category (RSD=0.70 95% CI 0.50-1.00) did not have statistically significantly different detection 

probability compared to the IMRT referent after adjusting for the domain of error origin and 

treatment year.  
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Table 4-4 shows results of unadjusted analyses exploring associations between the other 

analytic variables recorded in TOHCC SaILS and error detection by safety barriers implemented 

throughout the Simulation, Planning, or Pre-Treatment QA domains.  A crude statistically 

significant association between the domain of error origin and error detection was observed in all 

three safety barrier domain comparisons.  A crude statistically significant association between 

treatment intent and error detection by Planning domain safety barriers (p<0.001) was also 

observed with errors from curative plans being 2.89 (95% CI 1.90-4.38) times more likely to be 

detected compared to errors from palliative plans.  Primary reported cause was found to have a 

crude statistically significant association with error detection by Simulation (p<0.001) and 

Planning (p=0.035) domain safety barriers but not Pre-Treatment QA domain safety barriers 

(p=0.470).  Treatment year was found to have a crude statistically significant association with 

error detection by safety barriers in all three domains, while error severity was not found to be 

associated with error detection by safety barriers in any of the domains.   
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Table 4-2: Descriptive statistics of detectable errors by safety barriers implemented in Simulation 
(n=457), Planning (n=656), and Pre-Treatment QA (n=596) domains 
Variable Simulation domain 

 safety barriers  
(total errors n=457) 

Planning domain  
safety barriers  

(total errors n=656) 

Pre-Treatment QA 
domain safety barriers  

(total errors n=596) 
Technique – n (%) 
  2D 
  3D 
  IMRT 
  Tomo 
  Other* 
  [Missing] 

 
36 (7.9) 

115 (25.2) 
164 (35.9) 
90 (19.7) 
40 (8.8) 

[12 (2.6)] 

 
50 (7.6) 

207 (31.6) 
225 (34.3) 
93 (14.2) 
69 (10.5) 
[12 (1.8)] 

 
51 (8.6) 

200 (33.6) 
232 (38.9) 

30 (5.0) 
73 (12.3) 
[10 (1.7)] 

Intent – n (%) 
  Curative 
  Palliative 
  [Missing] 

 
279 (61.1) 
161 (35.2) 
[17 (3.7)] 

 
385 (58.7) 
250 (38.1) 
[21 (3.2)] 

 
329 (55.2) 
248 (41.6) 
[19 (3.2)] 

Year - n (%) 
  2014 
  2015 
  2016 
  2017 

 
92 (20.1) 

167 (36.5) 
108 (23.6) 
90 (19.7) 

 
156 (23.8) 
216 (32.9) 
167 (25.5) 
117 (17.8) 

 
155 (26.0) 
159 (26.7) 
161 (27.0) 
121 (20.3) 

Season - n (%) 
  Fall 
  Spring 
  Summer 
  Winter 

 
92 (20.1) 

142 (31.1) 
126 (27.6) 
97 (21.2) 

 
150 (22.9) 
184 (28.1) 
169 (25.8) 
153 (23.3) 

 
131 (22.0) 
167 (28.0) 
149 (25.0) 
149 (25.0) 

Origin – n (%) 
  DTT 
  SIM 
  PLA 
  PRE 

 
303 (66.3) 
154 (33.7) 

- 
- 

 
228 (34.8) 
142 (21.7) 
286 (43.6) 

- 

 
151 (25.3) 
104 (17.5) 
268 (45.0) 
73 (12.3) 

Incident type – n (%) 
   Actual 
   Potential  

 
19 (4.2) 

438 (95.8) 

 
31 (4.7) 

625 (95.3) 

 
28 (4.7) 

568 (95.3) 
Severity – n (%) 
   Minor 
   Non-Minor 
   [Missing] 

 
421 (92.1) 

26 (5.7) 
[10 (2.2)] 

 
599 (91.3) 

41 (6.3) 
[16 (2.4)] 

 
546 (91.6) 

34 (5.7) 
[16 (2.7)] 

Primary cause – n (%)   
   Comm  
   Policy  
   DIP  
   Other  

 
100 (21.9) 
76 (16.6) 

210 (46.0) 
71 (15.5) 

 
128 (19.5) 
76 (11.6) 

346 (52.7) 
106 (16.2) 

 
114 (19.1) 
72 (12.1) 

295 (49.5) 
115 (19.3) 

Abbreviations: 2D = two-dimensional radiotherapy; 3D = three-dimensional radiotherapy; Comm 
= communication issue; DEL = delivery; DIP = detect, interpret or plan for developing problem; DIS = 
discharge; DTT = decision to treat; IMRT = intensity modulated radiotherapy; PLA = planning; PRE = pre-
treatment quality assurance; SIM = simulation; Tomo = tomotherapy. 

*Includes high-dose-rate brachytherapy, low-dose-rate brachytherapy, orthovoltage, total-body 
irradiation, and stereotactic body radiotherapy. 
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Table 4-3: Unadjusted and adjusted regression assessing the association between treatment technique 
and error detection by safety barriers implemented in Simulation (n=457), Planning (n=656), and 
Pre-Treatment QA (n=596) domains     
Safety barrier group  
 

n 
errors  

(offsets1) 

n  
errors 

detected2 

Unadjusted RSD 
(95% CI) 

 

p-value3 Adjusted RSD  
(95% CI)4 

p-value5 

Simulation  
  IMRT (ref) 
  2D 
  3D 
  Tomo 
  Other* 
  Unknown 

 
164 (303) 
36 (67) 

115 (201) 
90 (170) 
40 (78) 
12 (22) 

 
40 
10 
14 
6 
15 
2  

 
Ref 

1.13 (0.63 – 2.02) 
0.53 (0.30 – 0.91) 
0.27 (0.12 – 0.60) 
1.46 (0.91 – 2.34) 
0.69 (0.19 – 2.46) 

 
<0.0001 

 

 
Ref 

1.09 (0.63 – 1.89) 
0.55 (0.33 – 0.93) 
0.23 (0.10 – 0.54) 
1.29 (0.82 – 2.04) 
0.70 (0.19 – 2.54) 

 
<0.0001 

Planning  
  IMRT(ref) 
  2D 
  3D 
  Tomo 
  Other* 
  Unknown 

 
225 (398) 
50 (86) 

207 (352) 
93 (181) 
69 (105) 
12 (23) 

 
28 
2 
24 
71 
4 
4 

 
Ref 

 0.33 (0.08 – 1.35) 
0.97 (0.59 – 1.60) 
5.58 (3.89 – 7.99) 
0.54 (0.20 – 1.48) 
2.47 (1.05 – 5.83) 

 
<0.0001 

 
Ref 

0.48 (0.11 – 2.07) 
1.24 (0.70 – 2.18) 
3.97 (2.71 – 5.82) 
0.57 (0.21 – 1.56) 
1.93 (0.70 – 5.33) 

 
<0.0001 

Pre-Treatment QA  
  IMRT(ref) 
  2D 
  3D 
  Tomo 
  Other* 
  Unknown 

 
232 (457) 
51 (101) 
200 (397) 
30 (58) 

73 (144) 
10 (20) 

 
102 
21 
80 
13 
24 
4 

 
Ref 

0.93 (0.65 – 1.33) 
0.90 (0.72 – 1.13) 
1.00 (0.66 – 1.54) 
0.75 (0.52 – 1.07) 
0.90 (0.41 – 1.94) 

 
0.658 

 
Ref 

0.93 (0.66 – 1.30) 
0.84 (0.68 – 1.04) 
0.99 (0.63 – 1.55) 
0.70 (0.50 – 1.00) 
1.02 (0.47 – 2.20) 

 
0.323 

Abbreviations: 2D = two-dimensional radiotherapy; 3D = three-dimensional radiotherapy; IMRT 
= intensity modulated radiotherapy; Ref = referent group; RSD = relative security of detection; Tomo = 
tomotherapy. 

1The total number of remaining process steps completed within the domain while a detectable 
error was present representing the amount of workflow opportunity for safety barrier error 
detection in compared groups. 
2Error detection during completion of a process step conducted within the workflow domain was 
considered an event. 
3Calculated using chi-square statistic. 
4Adjusted for domain of error origin and primary reported cause in the Simulation domain 
comparison; adjusted for domain of error origin, intent, and year in the Planning domain 
comparison; and adjusted for domain of error origin and year in the Pre-Treatment domain 
comparison. 

 5Calculated using the Wald statistic. 
*Includes high-dose-rate brachytherapy, low-dose-rate brachytherapy, orthovoltage, total-body 
irradiation, and stereotactic body radiotherapy. 
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Table 4-4: Unadjusted regression assessing factors associated with error detection by safety barriers implemented in Simulation (n=457), Planning (n=656), 
and Pre-Treatment QA (n=596) domains   
 
Variable 
 

Simulation domain safety barriers Planning domain safety barriers Pre-Treatment QA domain safety barriers 
n 

errors  
 (offsets1) 

n  
errors 

detected2 

Unadjusted RSD 
(95% CI) 

 

p-
value3 

n 
errors 

 (offsets1) 

n  
errors 

detected2 

Unadjusted RSD 
(95% CI) 

 

p-
value3 

n 
errors 

 (offsets1) 

n  
errors 

detected2 

Unadjusted RSD 
(95% CI) 

 

p-
value3 

Intent 
  Palliative 
  Curative 
  Missing 

 
161 (295) 
279 (513) 
17 (33) 

 
31 
53 
3 

 
Ref 

0.98 (0.66 – 1.46) 
0.87 (0.30 – 2.52) 

 
0.961 

 
250 (429) 
385 (678) 
21 (38) 

 
23 

105 
5 

 
Ref 

2.89 (1.90 – 4.38) 
2.45 (1.06 – 5.68) 

 
<0.001 

 
248 (494) 
329 (645) 
19 (38) 

 
105 
133 
6 

 
Ref 

0.97 (0.80 – 1.18) 
0.74 (0.38 – 1.46) 

 
0.625 

Season 
  Spring  
  Fall 
  Summer 
  Winter 

 
142 (261) 
92 (168) 
126 (236) 
97 (176) 

 
35 
10 
26 
16 

 
 Ref 

0.44 (0.23 – 0.85) 
0.82 (0.53 – 1.28) 
0.68 (0.40 – 1.14) 

 
0.037 

 
184 (323) 
150 (259) 
169 (304) 
153 (259) 

 
34 
30 
42 
27 

 
Ref 

1.10 (0.72 – 1.69) 
1.31 (0.89 – 1.94) 
0.99 (0.64 – 1.54) 

 
0.502 

 
167 (331) 
131 (257) 
149 (294) 
149 (295) 

 
78 
49 
51 
66 

 
Ref 

0.81 (0.62 – 1.06) 
0.74 (0.56 – 0.97) 
0.95 (0.75 – 1.21) 

 
0.099 

Year 
  2015 
  2014 
  2016  
  2017 

 
167 (312) 
92 (167) 
108 (192) 
90 (170) 

 
25 
21 
14 
27 

 
 Ref 

1.57 (0.94 – 2.62) 
0.91 (0.50 – 1.66) 
1.98 (1.24 – 3.18)  

 
0.017 

 
216 (385) 
156 (257) 
167 (292) 
117 (211) 

 
77 
15 
26 
15 

 
 Ref 

0.29 (0.18 – 0.48) 
0.45 (0.30 – 0.66) 
0.36 (0.21 – 0.58) 

 
<0.001 

 
159 (313) 
155 (308) 
161 (318) 
121 (238) 

 
76 
69 
61 
38 

 
Ref 

0.92 (0.73 – 1.17) 
0.79 (0.61 – 1.02) 
0.66 (0.48 – 0.89)  

 
0.026 

Severity 
  Minor 
  Non-minor 
  Missing 

 
421 (777) 
26 (46) 
10 (18) 

 
76 
6 
5 

 
 Ref 

1.33 (0.66 – 2.71) 
2.84 (1.56 – 5.17) 

 
0.170 

 
599 (1042) 

41 (75) 
16 (28) 

 
475 
33 
15 

 
Ref 

0.90 (0.48 – 1.68) 
0.30 (0.04 – 2.13) 

 
0.17 

 
546 (1078) 

34 (67) 
16 (32) 

 
224 
13 
7 

 
Ref 

0.93 (0.60 – 1.44) 
1.05 (0.60 – 1.85) 

 
0.934 

Cause 
  Other 
  DIP 
  Comm 
  Policy  

 
71 (131) 
210 (383) 
100 (187) 
76 (140) 

 
13 
36 
10 
28 

 
 Ref 

0.95 (0.53 – 1.67) 
0.54 (0.25 – 1.15) 
2.02 (1.15 – 3.53) 

 
<0.001 

 
106 (188) 
346 (598) 
128 (228) 
76 (131) 

 
20 
82 
22 
9 

 
Ref  

1.29 (0.83 – 1.99) 
0.91 (0.53 – 1.56) 
0.65 (0.31 – 1.33) 

 
0.035 

 
115 (228) 
295 (582) 
114 (226) 
72 (141) 

 
51 
115 
52 
26 

 
Ref 

0.88 (0.69 – 1.13) 
1.03 (0.77 – 1.37) 
0.82 (0.57 – 1.19)  

 
0.470 

Origin 
  DTT 
  SIM 
  PLA 
  PRE 

 
303 (606) 
154 (235) 

- 
- 

 
75 
12 
- 
- 

 
2.42 (1.38 – 4.27) 

Ref 
- 
- 

 
<0.001 

 
228 (456) 
142 (284) 
286 (405) 

- 

 
77 
38 
18 
- 

 
3.80 (2.36 – 6.12) 
3.01 (1.79 – 5.06) 

Ref 
- 

 
<0.001 

 
151 (302) 
104 (208) 
268 (536) 
73 (131) 

 
41 
27 
144 
32 

 
0.50 (0.38 – 0.67) 
0.48 (0.34 – 0.68) 

Ref 
0.91 (0.69 – 1.19) 

 
<0.001 

Abbreviations: Comm = communication; DIP = detect, interpret or plan for developing problem; DTT = decision to treat; Ref = referent group; RSD = relative security 
of detection; SIM = simulation; PLA = planning; PRE = Pre-Treatment QA. 

1The total number of remaining process steps completed within the domain while a detectable error was present representing the amount of workflow opportunity for 
safety barrier error detection in compared groups. 
2Error detection during completion of a process step conducted within the workflow domain was considered an event. 
3Calculated using chi-square statistic 
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4.6 Discussion 

Our study successfully applied an analytic framework that was developed to statistically 

analyze ILS data to explore factors associated with error detection by RT safety barriers.  Our 

analyses found that prescribed treatment technique was associated with error detection by 

redundancy (i.e. overlapped or repeated processes) (24) found in various safety barrier groups 

implemented throughout the RT workflow sequence.  Unadjusted analyses also identified 

‘treatment intent’ and ‘domain of error origin’ as factors that were associated with error detection 

by redundant safety barrier processes.  Several contemporary RT incident learning researchers 

have established links between similar factors and the occurrence of incidents (16-19).  Our study 

adds to this literature by identifying these factors as potentially playing an important role in error 

detection, which is a necessary component of incidents.   

 The knowledge generated by our analyses may have several safety implications for 

TOHCC.  The visual pattern of error detection throughout downstream workflow completion 

appeared to vary based on the prescribed treatment technique (Figure 4-2), which may suggest 

that error detection efficiency by downstream safety barrier redundant processes could be 

improved for certain RT techniques.  Similar variation in error detection was observed when 

errors were stratified by the treatment intent and primary reported cause of the incident 

(Appendix C11-C12).  Visually, the error detection curves also appear to reveal workflow 

segments where very little error detection occurred, which could highlight process steps where 

added redundancy might help to increase the percentage of errors detected earlier in the RT 

workflow sequence.  One of the more interesting study findings was that the treatment technique 

was not found to be associated with error detection by Pre-Treatment QA domain safety barrier 

redundancy.  This result appears to provide positive feedback to TOHCC that error detection by 

these critically important redundant safety barrier processes implemented directly prior to 

Delivery was not strongly affected by the prescribed RT technique.  Our adjusted regression 



 

 

 

129 

analyses found that Simulation domain safety barrier redundancy was less likely to detect 3D 

errors compared to IMRT errors (Table 4-3), while unadjusted analyses indicated that Planning 

domain safety barrier redundancy was more likely to detect errors from curative plans compared 

to palliative plans (Table 4-4).  These exploratory results may warrant further investigation by the 

TOHCC RT QA program to ascertain whether there are important systematic factors contributing 

to these observed differences.  Our adjusted regression analyses showed that errors from 

tomotherapy plans were almost four times as likely to be detected by Planning domain safety 

barrier redundancy compared to IMRT treatments (Table 4-3).  There could be several plausible 

treatment technique related explanations for this observed association, such as the adaptive 

planning processes more common to tomotherapy delivery contributing to increased error 

detection (25).  However, further investigation by the TOHCC RT QA program noticed a large 

number of tomotherapy ‘dose intent’ errors had been reported over the study period.  We believe 

that overreporting of this error subset which are usually detected during Planning and reported as 

potential incidents is a more likely explanation.  

Our analytic approach incorporated several concepts found in the RT incident learning 

literature.  Our RT workflow map is similar to others that have been previously described (1-6, 

20, 26).  Portraying error detection patterns as a ‘flowing’ of errors in and out of a RT workflow 

map has been conceptualized elsewhere (27).  We demonstrated the use of an analytic method to 

quantitively assess this error detection pattern in a well-defined RT workflow map.  An important 

analytical issue that required careful consideration was the understanding that not all safety 

barriers are designed to detect every error (28).  By analyzing domains of safety barriers our 

analytic approach did not require the removal of irrelevant errors from the analyses, which could 

be required when assessing a singular safety barrier.  Our study generates knowledge that may 

add to conceptual models of incident causality found in the literature.  The Reason model (29) is 

an example of a popularized incident causality model that has been adapted to RT delivery (30) 
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that describes several direct and indirect causes of error but barely touches on factors affecting 

error detection.  Comparable to Reason’s ‘latent conditions’ and his ‘Swiss cheese’ analogy that 

describes systematic flaws found in QA process layers (29), our analyses attempted to uncover 

potential unseen ‘holes’ in redundant safety barrier processes implemented throughout specific 

RT workflow domains.  Our investigation also explored potential causes of a positive outcome of 

QA process (i.e. error detection), while making no attempts at designating individuals to blame 

for these incidents. Therefore, our evaluation approach was system focused not person focused 

(29).   

 There were several limitations to this study.  Study power was limited by the number of 

incidents recorded in the TOHCC SaILS dataset.  At TOHCC, when an error is detected by the 

correct safety barrier it does not generate a reported incident (i.e. ‘good QA’).  Therefore, our 

analyses were unable to assess the overall effectiveness of the TOHCC safety barriers, which 

would require the inclusion of these error detections through good QA.  Our analyses were only 

able to assess error detection by the redundancy designed into the assessed safety barrier groups.  

We were also restricted to an analysis of reported incident data, therefore, reporting practices at 

TOHCC had the potential to bias our results.  There were also a limited number of measured 

variables recorded in the TOHCC SaILS dataset that could be statistically analyzed.  There were 

several unmeasured confounders that we were unable to adjust for in our analyses, such as cancer 

site, disease complexity, staff experience, and outside distractions that could all potentially 

impact the probability of error detection throughout the completion of safety barrier processes.  

The presented Kaplan-Meier curves were not on a continuous time scale (i.e. process step) and 

therefore were only able to provide a rough visual comparison of the cumulative incidence of 

detection in the stratified error subgroups.  Our results were also obtained using an observational 

study design, which could be biased by residual and unknown confounding (31).  The nature of 

workflow processes that are completed in the Delivery domain, which can be repeated for several 
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RT fractions, made it impossible to accurately sequence error origins and detections using the 

data recorded in TOHCC SaILS.  This inability to differentiate process steps completed on 

subsequent treatment fractions restricted our analyses to assessments of error detection by safety 

barriers implemented prior to the Delivery domain.  Finally, our study pertained specifically to 

the system and culture that is unique to TOHCC, therefore, our results may not be generalizable 

to other institutions that may have different systems and cultures.  

 There were several advantages of conducting the analyses using TOHCC SaILS data.  

The data collection process at TOHCC resulted in almost no missing data (³96.6% of incident 

data was complete) (Table 4-1).  Embracing failures to improve safety is a core principle of High 

Reliability Organizations (32).  Our study demonstrates the benefit of conducting quantitative ILS 

data analysis in the presence of a strong safety culture.  Although our analytic approach was 

developed using SaILS data structure, we believe it is adaptable to other RT incident learning 

systems, such as the National System for Incident Learning in Radiotherapy (3) and Radiation 

Oncology Safety Information System (26).   

We successfully applied our analytic framework that uses epidemiologic concepts and 

principles to explore the association between treatment technique and error detection by RT 

safety barriers.  We believe that this general methodological approach to ILS data analysis could 

be applied by other institutions, which could help to identify similar associations between 

treatment technique and error detection by safety barriers implemented by other RT departments.  

Our results suggest that the association between prescribed treatment technique and error 

detection by safety barriers might differ depending on the RT workflow domain.  To our 

knowledge, this is the first documented attempt at applying analytic epidemiology to study factors 

associated with error detection by RT safety barriers.  Our results add to an evolving RT incident 

learning literature that utilizes a diverse set of analytic approaches to study incident etiology. 
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Chapter 5 

The association between two radiotherapy delivery changes and safety 

barrier error detection at a single Canadian cancer centre.  
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5.1 Summary 

 Radiotherapy (RT) Incident Learning System data from a single cancer centre were 

analyzed using epidemiologic methods.  Our results suggest that changes to RT delivery are both 

positively and negatively associated with error detection by RT safety barrier redundancy. 
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5.2 Abstract 

Purpose:  To conduct pre-post comparisons assessing the association between two changes made 

to radiotherapy (RT) delivery at the Ottawa Hospital Cancer Centre (TOHCC), Ottawa, Canada 

and safety barrier error detection.  

Methods:  Incident report data were obtained from an ILS database that characterized 1062 

clinical incidents reported by TOHCC from 2014-2017.  We assessed effects of both the launch 

of a new treatment planning system (“Monaco 5”) and the implementation of a new safety barrier 

(“Dose Intent Form”) on error detection by Planning domain and Pre-Treatment Quality 

Assurance (QA) domain safety barrier redundancy.  Regression analyses were used to estimate 

the relative security of detection (RSD) by safety barriers throughout incidents that were reported 

prior-to versus after the two changes.   

Results:  There were a total of 572 detectable errors by safety barriers throughout incidents 

reported within the year prior-to or the year after the Monaco 5 launch and 547 detectable errors 

by safety barriers throughout incidents reported within the year prior-to or the year after the Dose 

Intent Form implementation.  Adjusted analyses showed the Monaco 5 system launch had a slight 

negative association with error detection by Pre-Treatment QA domain safety barriers (RSD pre 

vs. post =1.40, 95% CI 1.02-1.91, p=0.03) but did not have a significant association with error 

detection by Planning domain safety barriers (RSD pre vs. post=1.21, 0.64-2.27, p=0.56).  

Adjusted analyses showed the Dose Intent Form implementation had a positive association with 

error detection by Planning domain safety barriers (RSD post vs. pre=1.93, 95% CI 1.08-3.44, 

p=0.03) but did not have a significant association with error detection by Pre-Treatment QA 

domain safety barriers (RSD post vs pre=1.10, 95% CI 0.87-1.39, p=0.41). 

Conclusions:  Pre-post comparisons suggest that changes to RT delivery processes may have 

both positive and negative short term associations with error detection by safety barrier 

redundancy. 
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5.3 Introduction 

Incident Learning Systems (ILSs) are used by radiotherapy (RT) quality assurance (QA) 

programs for the purpose of improving patient safety (1).  The knowledge generated through ILS 

data analysis has helped RT QA programs to effectively respond to identified safety issues 

through suitable corrective actions (or ‘action plans’) (2).  Several quality improvement strategies 

are commonly used in radiation oncology to ensure safe RT delivery for patients, although there 

is disagreement regarding best overall practice for amending organizational system processes in 

response to incidents (3).  One common approach to incident prevention in radiation oncology is 

the use of effective redundant QA processes (or so-called ‘safety barriers’), which are designed to 

safely detect errors made throughout the RT workflow process (4).  Designing new or modifying 

existing safety barriers joins several other incident prevention strategies explored by RT QA 

programs to improve system safety, some of which have included streamlining, simplifying, and 

automating workflow processes (5-6).   

RT QA programs will generally monitor and evaluate the impact of various process 

changes on system safety.  The use of a holistic or ‘system focused’ approach to evaluate system 

safety has become an accepted practice in RT incident learning (2).  Although there are some 

examples of RT incident learning researchers using system focused evaluations of various 

changes made to RT delivery process (5-6),  the data collection activities required for these ‘pre-

post’ studies can be resource intensive and may deter many RT QA programs from attempting 

similar in-depth evaluations.  Several RT incident learning researchers have used ILS data 

analysis to identify factors that contribute to incidents (7-10).  Although these investigations 

might be best described as retrospective studies attempting to identify the safety issues that may 

require corrective action, their use of pre-existing ILS data to conduct system focused evaluations 

is adaptable to pre-post comparisons of systems before and after changes are made.   
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We have previously developed (Chapter 3) and applied (Chapter 4) an analytic approach 

to ILS data analysis that can be used to identify and assess factors that are associated with safety 

barrier error detection throughout reported incidents.  The current study provides results of pre-

post analyses utilizing our approach with the aim of assessing the impact of two significant RT 

program changes made by a single Canadian RT department on safety barrier error detection 

probability.  The first change was a treatment planning system upgrade from Monaco 3.2 to 

Monaco 5, which was accompanied by enhanced efforts by the RT QA program to standardize 

and streamline RT planning processes.  The second change was the implementation of a new 

safety barrier termed the ‘Dose Intent Form’, which is a dose prescription validation document 

that was put into operation in response to several dosing errors reported at the centre.  

5.4 Methods and materials 

5.4.1 Design 

 ILS data from a single Canadian cancer centre were used to identify RT workflow that 

had been completed while there was a detectable error during an incident (i.e. after an error origin 

but prior to the error being detected and reported as an incident).  The origin and subsequent 

detection of the error that led to each incident was defined within a high-level RT workflow map.  

Errors were grouped based whether they could have been detected by a safety barrier 

implemented throughout the Planning or Pre-Treatment QA domains where error detection would 

avoid a non-minor actual incident.  The effects of both the Monaco 5 launch and the Dose Intent 

Form implementation on safety barrier error detection were assessed in the Planning and Pre-

Treatment QA domains.   

5.4.2 Database 

 A web-based Safety and Incident Learning System (SaILS) provided the incident report 

data for this pre-post study.  The database contained 1062 clinical incidents reported by the 
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Ottawa Hospital Cancer Centre (TOHCC), Ottawa, Canada from 2014-2017.  Clinical incidents 

were defined as those that had the potential to, or did result in patient harm (12).  Details on the 

development of TOHCC SaILS and results from previous analyzes of these data can be found 

elsewhere (11-13).   

5.4.3 Incident sample  

Characterized clinical incidents in the TOHCC SaILS database from 2014-2017 that met 

our selection criteria constituted the data that were statistically analyzed.  This clinical incident 

data included both actual incidents (i.e. resulted in patient harm) and potential incidents (i.e. did 

not result in any patient harm).  Clinical incidents that were recorded as invalid, duplicated, or 

had missing data on variables used to identify or characterize the detectable errors by the safety 

barriers in the two assessed domains were excluded from the final analyses.  Clinical incidents 

were excluded if they did not have detectable errors while workflow was completed during the 

Planning or Pre-Treatment QA domains.  In total, there were 794 clinical incidents that provided 

data for the pre-post comparisons that met our selection criteria (detailed description of the 

clinical incident selection process is shown in Appendix D1). 

5.4.4 Workflow map  

A high-level RT workflow map was developed using the TOHCC SaILS data structure  

This workflow map contained 6 sequentially ordered domains (1. Decision To Treat; 2. 

Simulation; 3. Planning; 4. Pre-Treatment QA; 5. Delivery; and 6. Discharge).  Within the 

workflow map, the Planning domain contained 5 sequentially completed process steps (1. 

Contouring & field placement; 2. Creation of dose distribution & dose calculation; 3. Planning 

QA; 4. Plan review and approval; and 5. Transfer of plan to record and verify system) and the 

Pre-Treatment QA domain contained 3 sequentially completed process steps (1. Physics QA; 2. 

Patient specific dose QA; 3. Radiation therapist new plan check).  Further description of the 

workflow map is shown in Appendix D2. 
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5.4.5 Unit of analysis 

Information on safety barrier process completion was not recorded in TOHCC SaILS.  

Workflow process completed was used as a surrogate measure for the amount of safety barrier 

process completed in the analyses.  The unit of analysis for this study was defined as workflow 

that was completed within the assessed domain while there was a detectable error during an 

incident (14).   

5.4.6 Endpoint 

The outcome for this study was error detection while workflow was completed within the 

assessed domain.  

5.4.7 Analytic variables  

The first intervention variable was the launch of the Monaco 5 system.  The launch date 

of Monaco 5 (June 20, 2016) was used to assign workflow that was completed with or without the 

new planning system in operation throughout reported incidents.  Workflow completed during 

incidents reported after the Monaco 5 launch date was defined as being ‘exposed’ (i.e. post-

Monaco 5), while workflow completed during incidents reported prior to the launch date was 

defined as ‘unexposed’ (i.e. pre-Monaco 5).   

The second intervention variable was the implementation of the Dose Intent Form.  The 

official implementation date of the Dose Intent Form (January 1, 2015) was used to assign 

workflow that was completed with or without the form in operation throughout reported 

incidents.  Workflow completed during incidents reported after the Dose Intent Form 

implementation date was defined as being ‘exposed’ (i.e. post-Dose Intent Form), while 

workflow completed during incidents reported prior to the implementation date was defined as 

‘unexposed’ (i.e. pre-Dose Intent Form).   

There were several additional analytic variables recorded in TOHCC SaILS that were 

used to describe the detectable errors in the assessed domains including treatment technique, 
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treatment intent, reporting year, meteorological season, error severity, error domain of origin, and 

primary reported cause of the incident.   

5.4.8 Statistical analysis 

The association between each change to RT delivery and safety barrier error detection 

was assessed in two domains.  In total, there were four separate pre-post comparisons that were 

made: 1) error detection by Planning domain safety barriers was compared pre-Monaco 5 vs. 

post-Monaco 5; 2) error detection by Pre-Treatment QA domain safety barriers was compared 

pre-Monaco 5 vs. post Monaco 5; 3) error detection by Planning domain safety barriers was 

compared pre-Dose Intent Form vs. post-Dose Intent Form; and 4) error detection by Pre-

Treatment QA domain safety barriers was compared pre-Dose Intent Form vs. post-Dose Intent 

Form.  To limit the potential for bias resulting from changes to policy, procedure, and process at 

TOHCC during the study period, a 2-year calendar time window was used for all four pre-post 

comparisons (i.e. safety barrier error detection was compared throughout incidents reported 

within the 365 days prior-to versus the 365 days after the relevant cut-off date).   

Errors were described for each pre-post comparison using the analytic variables present 

in the TOHCC SaILS dataset.  The relative percentage of errors that were detected by the safety 

barriers was visually assessed in all four pre-post comparisons.  Modified Poisson regression 

models with robust error variance (15) were used to assess the association between each process 

change and error detection by RT safety barriers implemented throughout the Planning and Pre-

Treatment QA domains.  Offsets were used in the regression models to estimate the error 

detection event rate per process step completed while a detectable error was present in the 

assessed domain.  The relative security of detection (RSD), which is equivalent to the relative risk 

of an error detection event, was calculated and used to assess associations.  Our previous analysis 

of the TOHCC SaILS data identified treatment technique (tomotherapy vs. other techniques), 

treatment intent (curative vs. palliative), and error domain of origin (Decision To Treat vs. 
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Simulation vs. Planning) as factors that could potentially confound the Planning domain safety 

barrier pre-post comparisons (Chapter 4).  These factors were included in multivariable 

regression models to estimate adjusted RSDs in both Planning domain comparisons.  Our 

previous work also identified error domain of origin (Decision To Treat vs. Simulation vs. 

Planning vs. Pre-Treatment QA) as a factor that could confound the Pre-Treatment QA domain 

safety barrier pre-post assessments (Chapter 4).  Multivariable regression models were used to 

estimate RSDs that adjusted for error domain of origin in the Pre-Treatment QA domain pre-post 

comparisons.   

5.4.9 Power and sample size 

We had adequate power (³0.9) to detect a 20% difference in error detection probability in 

all four pre-post comparisons (Appendices D3-D4). All data analyses used SAS version 9.4 (SAS 

Institute, Cary NC) with two-sided statistical testing at the 0.05 significance level.   

5.5 Results   

5.5.1 Monaco 5 

 We identified 572 clinical incidents in TOHCC SaILS that met our selection criteria for 

comparing the RSD pre- vs. post-Monaco 5.  Final analyses included 329 detectable errors by 

Planning domain safety barriers (pre-Monaco 5, n=204; post-Monaco 5, n=125) and 295 

detectable errors by Pre-Treatment QA domain safety barriers (pre-Monaco 5, n=164; post-

Monaco 5, n=131).  The total number of detectable errors decreased in both domains following 

the Monaco 5 launch.  There was some variation observed in the error types reported within the 

365 days prior-to versus the 365 days after the Monaco 5 launch (Table 5-1).  

 Figure 5-1 shows the relative percentage of errors that were detected by safety barriers 

pre- versus post-Monaco 5 launch throughout the Planning (Fig. 5-1A and 5-1B) and Pre-

Treatment QA domains (Fig. 5-1C and 5-1D).  When calendar time was separated into 6-month 
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intervals, a discontinuity in the form of a decrease in error detection by the safety barriers was 

observed in both Planning (Fig. 5-1A) and Pre-Treatment QA domains (Fig. 5-1C).  Further 

subdivision into 3-month calendar time intervals showed similar patterns of a decrease in error 

detection after the Monaco 5 launch (Fig. 5-1B and 5-1D).   

 Table 5-2 presents the results of unadjusted and adjusted analyses comparing the RSD by 

Planning and Pre-Treatment QA domain safety barriers pre- versus post- Monaco 5 launch.  

Unadjusted analysis showed that error detection by Planning domain safety barriers was 3.0 times 

(95% CI 1.7 – 5.2) more likely pre-Monaco 5 compared to post-Monaco 5.  After adjusting for 

the error domain of origin, treatment technique, and treatment intent, the effect of the Monaco 5 

launch on error detection by the Planning domain safety barriers was no longer statistically 

significant (p=0.56).  Both unadjusted and adjusted analyses showed that error detection 

probability by Pre-Treatment QA domain safety barriers was statistically significantly higher pre-

Monaco 5 compared to post-Monaco 5.   
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Table 5-1: Descriptive statistics of errors that contributed to reported incidents within 365 days 
prior or 365 days after the Monaco 5 launch that were detectable by safety barriers implemented 
throughout Planning or Pre-Treatment QA domains 

 
 
Variable 
 

Planning domain 
safety barriers 

Pre-Treatment QA domain 
safety barriers 

Pre- 
Monaco 5 

errors 
(n=204) 

Post- 
Monaco 5 

errors 
(n=125) 

Pre- 
Monaco 5 

errors 
(n=164) 

Post- 
Monaco 5 

errors 
(n=131) 

Incident type - n (%) 
  Actual 
  Potential 

 
9 (4.4) 

195 (95.6) 

 
8 (6.4) 

117 (94.6) 

 
9 (5.5) 

155 (94.5) 

 
7 (5.3) 

124 (94.7) 
Intent - n (%) 
  Curative 
  Palliative 

 
141 (69.1) 
63 (30.9) 

 
75 (60.0) 
50 (40.0) 

 
103 (62.8) 
61 (37.2) 

 
79 (60.3) 
52 (39.7) 

Technique - n (%) 
  2D 
  3D 
  IMRT 
  Tomotherapy 
  Other*  

 
5 (2.5) 

47 (23.0) 
70 (34.3) 
61 (29.9) 
21 (10.3) 

 
12 (9.6) 
42 (33.6) 
52 (41.6) 

4 (3.2) 
15 (12.0) 

 
6 (3.7) 

46 (28.1) 
73 (44.5) 
15 (9.2) 
24 (14.6) 

 
12 (9.2) 
44 (33.6) 
57 (43.5) 

3 (2.3) 
15 (11.5) 

Primary reported cause – n (%) 
  Communication  
  Policy issue 
  Failure to detect, interpret, or plan 
for a developing problem 
  Other 

 
34 (16.7) 
13 (6.4) 

 
131 (64.2) 
26 (12.8) 

 
16 (12.8) 
20 (16.0) 

 
67 (53.6) 
22 (17.6) 

 
26 (15.9) 
12 (7.3) 

 
95 (57.9) 
31 (18.9) 

 
18 (13.7) 
17 (13.0) 

 
68 (51.9) 
28 (21.4) 

Domain of origin 
  Decision To Treat 
  Simulation 
  Planning 
  Pre-Treatment QA 

 
83 (40.7) 
41 (20.1) 
80 (39.2) 

- 

 
32 (25.6) 
35 (28.0) 
58 (46.4) 

- 

 
39 (23.8) 
25 (15.2) 
76 (46.3) 
24 (14.6) 

 
29 (22.1) 
31 (23.7) 
52 (39.7) 
19 (14.5) 

Season – n (%) 
  Fall 
  Winter 
  Summer 
  Spring 

 
56 (27.5) 
48 (23.5) 
56 (27.5) 
44 (21.5) 

 
38 (30.4) 
17 (13.6) 
41 (32.8) 
29 (23.2) 

 
43 (26.2) 
38 (23.2) 
38 (23.2) 
45 (27.4) 

 
37 (28.2) 
21 (16.0) 
43 (32.8) 
30 (22.9) 

Year - n (%) 
  2015 
  2016 
  2017 

 
117 (57.4) 
87 (42.6) 

- 

 
- 

77 (61.6) 
48 (38.4) 

 
86 (52.4) 
78 (47.6) 

- 

 
- 

80 (61.1) 
51 (38.9) 

Abbreviations: 2D = two-dimensional radiotherapy; 3D = three-dimensional radiotherapy; IMRT 
= intensity modulated radiotherapy. 

*Includes high-dose-rate brachytherapy, low-dose-rate brachytherapy, orthovoltage, total-body 
irradiation, and stereotactic body radiotherapy. 
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Figure 5-1: Percentage of errors detected by calendar time interval for the Monaco 5 Planning domain 
comparison with calendar time presented in (A) 6-months intervals and (B) 3-month intervals; and the 
Monaco 5 Pre-Treatment QA domain comparison with calendar time presented in (C) 6-months intervals 
and (D) 3-month intervals (D).  
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Table 5-2: Results of unadjusted and adjusted regression assessing the association between Monaco 
5 launch and error detection by Planning or Pre-Treatment QA domain safety barriers 

Comparison n 
errors  

n  
events1 

Offsets2 Unadjusted RSD 
(95% CI)3 

p-
value4 

Adjusted RSD 
(95% CI)3 

p-
value4 

Planning 
  Pre-Monaco5 
  Post-Monaco5 
Pre-Treatment QA 
  Pre-Monaco5 
  Post-Monaco5 

 
204 
125 

 
164 
131 

 
64 
13 

 
70 
38  

 
361 
220 

 
321 
258 

 
3.00 (1.73 – 5.19) 

Ref 
 

1.48 (1.08 – 2.04) 
Ref 

 
<0.001 

 
 

0.015 

 
1.21 (0.64 – 2.27) 

Ref 
 

1.40 (1.02 – 1.91) 
Ref 

 
0.558 

 
 

0.032 
 

Abbreviations: Ref = referent group; RSD = relative security of detection. 
1Error detection during completion of a process step conducted within the workflow domain was 
considered an event. 
2The total number of remaining process steps completed within the domain while a detectable 
error was present representing the amount of workflow opportunity for safety barrier error 
detection in compared groups. 
3Adjusted for error domain of origin (Decision to Treat, Simulation, or Planning), treatment intent 
(palliative or curative), and treatment technique (tomotherapy or other) in the Planning domain 
assessment; adjusted for error domain of origin (Decision to Treat, Simulation, Planning, or Pre-
Treatment QA) in the Pre-Treatment QA domain assessment. 
4Calculated using chi-square statistic. 
 

5.5.2 Dose Intent Form 

 We identified 547 clinical incidents in TOHCC SaILS that met our selection criteria for 

comparing the RSD pre- vs. post-Dose Intent Form.  Final analyses included 356 detectable errors 

by Planning domain safety barriers (pre-Dose Intent Form, n=144; post-Dose Intent Form, 

n=212) and 302 detectable errors by Pre-Treatment QA safety barriers (pre-Dose Intent Form, 

n=146; post-Dose Intent Form, n=156).  The total number of detectable errors increased in both 

domains following the Dose Intent Form implementation.  There was some variation observed in 

the error types reported within the 365 days prior-to versus the 365 days after the Dose Intent 

Form implementation (Table 5-3).  

Figure 5-2 shows the relative percentage of errors that were detected by safety barriers 

pre- versus post-Dose Intent Form implementation throughout the Planning (Fig. 5-2A and 5-2B) 

and Pre-Treatment QA domains (Fig. 5-2C and 5-2D).  When calendar time was separated into 6-

month intervals a discontinuity in the form of an increase in error detection by both Planning 

domain and Pre-Treatment QA domain safety barriers was observed post-Dose Intent Form (Fig. 

5-2A and 5-2C).  In the Planning domain comparison, when calendar time was further sub-
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divided into 3-month intervals an initial decrease in error detection by the safety barriers was 

observed directly following the Dose Intent Form implementation.  This initial decrease in error 

detection by the Planning domain safety barriers was followed by an increase over the subsequent 

3-month interval (Fig. 5-2B).  In the Pre-Treatment QA domain comparison, a similar visual 

trend was observed where error detection initially decreased in the first 3-month interval post-

Dose Intent Form but was followed by an increase in the subsequent 3-month interval (Fig. 5-

2D).  When visually comparing the most recent two 3-month intervals of calendar time, the 

observed increase in error detection probability following the Dose Intent Form implementation 

was more stable for the Planning domain safety barriers compared to Pre-Treatment QA domain 

safety barriers (Fig. 5-2B and 5-2D).  

 Table 5-4 presents the results of unadjusted and adjusted analyses comparing the RSD by 

Planning and Pre-Treatment QA domain safety barriers pre- versus post-Dose Intent Form 

implementation.  Unadjusted analysis showed that error detection by Planning domain safety 

barriers was 3.8 times (95% CI 2.2-6.7) more likely post-Dose Intent Form compared to pre-Dose 

Intent Form.  After adjusting for treatment technique, treatment intent, and error domain of origin, 

the effect of the Dose Intent Form remained statistically significant with error detection by the 

Planning domain safety barriers estimated at 1.9 (95% CI 1.1-3.4) times higher post-Dose Intent 

Form versus pre-Dose Intent Form.  Both unadjusted and adjusted analyses showed the error 

detection probability by Pre-Treatment QA domain safety barriers was not statistically 

significantly different pre- versus post-Dose Intent Form.      
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Table 5-3: Descriptive statistics of errors that contributed to reported incidents within 365 days 
prior or 365 days after the Dose Intent Form implementation that were detectable by safety 
barriers implemented throughout Planning or Pre-Treatment QA domains 

 
 
 
Variable 
 

Planning domain  
safety barriers 

Pre-Treatment QA domain 
safety barriers 

Pre- 
Dose Intent 

Form 
errors 

(n=144) 

Post- 
Dose Intent 

Form 
errors 

(n=212) 

Pre- 
Dose Intent 

Form 
errors 

(n=146) 

Post- 
Dose Intent 

Form 
errors 

(n=156) 
Incident type - n (%) 
  Actual 
  Potential 

 
8 (5.6) 

136 (94.4) 

 
8 (3.8) 

204 (96.2) 

 
8 (5.5) 

138 (94.5) 

 
7 (4.5) 

149 (95.5) 
Intent - n (%) 
  Curative 
  Palliative 

 
73 (50.7) 
71 (49.3) 

 
140 (66.0) 
72 (34.0) 

 
77 (52.7) 
69 (47.3) 

 
89 (57.1) 
67 (43.0) 

Technique - n (%) 
  2D 
  3D 
  IMRT 
  Tomotherapy 
  Other*  

 
21 (14.6) 
63 (43.8) 
41 (28.5) 

8 (5.6) 
11 (7.6) 

 
11 (5.2) 
61 (28.8) 
66 (31.1) 
59 (27.8) 
15 (7.1) 

 
21 (14.4) 
61 (41.8) 
45 (30.8) 

7 (4.8) 
12 (8.2) 

 
11 (7.1) 
55 (35.3) 
63 (40.4) 
12 (7.7) 
15 (9.6) 

Primary reported cause – n (%) 
  Communication  
  Policy issue 
  Failure to detect, interpret, or plan 
for a developing problem 
  Other 

 
34 (23.6) 
26 (18.1) 

 
54 (37.5) 
30 (20.8) 

 
56 (26.4) 
11 (5.2) 

 
118 (55.7) 
27 (12.7) 

 
35 (24.0) 
26 (17.8) 

 
55 (37.7) 
30 (20.6) 

 
38 (24.4) 
12 (7.7) 

 
73 (46.8) 
33 (21.2) 

Domain of origin 
  Decision To Treat 
  Simulation 
  Planning 
  Pre-Treatment QA 

 
33 (22.9) 
29 (20.1) 
82 (56.9) 

- 

 
102 (48.1) 
36 (17.0) 
74 (34.9) 

- 

 
31 (21.2) 
23 (15.8) 
78 (53.4) 
14 (9.6) 

 
41 (26.3) 
27 (17.3) 
70 (44.9) 
18 (11.5) 

Season – n (%) 
  Fall 
  Winter 
  Summer 
  Spring 

 
25 (17.4) 
54 (37.5) 
20 (13.9) 
45 (31.3) 

 
56 (26.4) 
42 (19.8) 
55 (25.9) 
59 (27.8) 

 
24 (16.4) 
55 (37.7) 
20 (13.7) 
47 (32.2) 

 
43 (27.6) 
38 (24.4) 
35 (22.4) 
40 (25.6) 

Year - n (%) 
  2014 
  2015 

 
144 (100) 

- 

 
- 

212 (100) 

 
146 (100) 

- 

 
- 

156 (100) 
Abbreviations: 2D = two-dimensional radiotherapy; 3D = three-dimensional radiotherapy; IMRT 

= intensity modulated radiotherapy. 
*Includes high-dose-rate brachytherapy, low-dose-rate brachytherapy, orthovoltage, total-body 
irradiation, and stereotactic body radiotherapy. 
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Figure 5-2: Percentage of errors detected by calendar time interval for the Dose Intent Form Planning 
domain comparison with calendar time presented in (A) 6-months intervals and (B) 3-month intervals; and 
the Dose Intent Form Pre-Treatment QA domain comparison with calendar time presented in (C) 6-months 
intervals and (D) 3-month intervals (D). 
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Table 5-4: Results of unadjusted and adjusted regression analyses assessing the association between 
Dose Intent Form implementation and error detection by Planning or Pre-Treatment QA domain 
safety barriers 

Comparison n 
errors  

n  
events1 

Offsets2 Unadjusted RSD 
(95% CI)3 

p-
value4 

Adjusted RSD 
(95% CI)3 

p-
value4 

Planning 
  Pre-Dose Intent Form 
  Post-Dose Intent Form 
Pre-Treatment QA 
  Pre-Dose Intent Form 
  Post-Dose Intent Form 

 
144 
212 

 
146 
156 

 
12 
74 
 

67 
75 

 
234 
377 

 
290 
307 

 
Ref 

3.83 (2.17 – 6.73) 
 

Ref 
1.06 (0.83 – 1.34) 

 
<0.001 

 
 

0.646 

 
Ref 

1.93 (1.08 – 3.44) 
 

Ref 
1.10 (0.87 – 1.39) 

 
0.026 

 
 

0.413 

Abbreviations: Ref = referent group; RSD = relative security of detection. 
1Error detection during completion of a process step conducted within the workflow domain was 
considered an event. 
2The total number of remaining process steps completed within the domain while a detectable 
error was present representing the amount of workflow opportunity for safety barrier error 
detection in compared groups. 
3Adjusted for error domain of origin (Decision to Treat, Simulation, or Planning), treatment intent 
(palliative or curative), and treatment technique (tomotherapy or other) in the Planning domain 
assessment; adjusted for error domain of origin (Decision to Treat, Simulation, Planning, or Pre-
Treatment QA) in the Pre-Treatment QA domain assessment. 
4Calculated using chi-square statistic. 
 

5.6 Discussion  

Our system-focused evaluations yielded several interesting findings that suggest the 

Monaco 5 system had both positive and negative short-term associations with safety barrier error 

detection.  A potential positive finding was that the number of RT prescriptions started at 

TOHCC increased over the study period (Appendix D5), yet the total number of reported errors 

that were detectable in the analyzed domains decreased post-Monaco 5.  Assuming RT 

prescriptions started approximates the relative amount of RT workflow activity that could have 

produced errors at TOHCC, these observed results suggest that the Monaco 5 system may have 

had a positive effect on ‘Good QA’, and that an increase in Good QA error detections would 

generally result in fewer reported errors.  Another positive finding was that the total frequency of 

actual incidents resulting from the analyzed errors was similar in the 1-year post-Monaco 5 (n=8) 

vs. the 1-year pre-Monaco 5 (n=9), which suggests the Monaco 5 launch did not contribute to 

more severe system failures resulting in patient harm.  Unadjusted analysis showed a statistically 

significant decrease in the error detection probability by Planning domain safety barrier 
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redundancy post-Monaco 5.  However, after adjusting for potential confounding factors, this 

association was no longer found to be statistically significant (Table 5-2).  Adjusted analysis 

estimated that pre-Monaco 5 errors were approximately 1.4 times more likely to be detected by 

Pre-Treatment QA domain safety barrier redundancy compared to post-Monaco 5 errors (Table 5-

2).  The ability for an organization to effectively defer to experts is thought to protect against 

developing safety issues (16-19).  An elevated level of inexperience with the Monaco 5 planning 

system is one plausible explanation for this modest decrease in error detection by the planning 

domain safety barrier redundancy.  Another plausible explanation is that the Monaco 5 launch 

may have been associated with an increase in Good QA detections of error subsets that are more 

likely to be detected during Pre-Treatment QA and reported as incidents.  Although visual 

comparison did show an overall decrease in error detection probability by safety barrier 

redundancy in the 1-year post-Monaco 5 compared to the 1-year pre-Monaco 5 (Fig. 5-1), the 

percentage of errors detected increased in the most recent 3-months of analyzed ILS data (Figs. 5-

1B and 5-1D).  These results could indicate that redundant safety barrier processes within the 

domain are beginning to assimilate more effectively with the planning system upgrade. 

Our Dose Intent Form evaluation appears to provide mostly positive feedback to 

TOHCC.  Although the number of reported errors increased post-Dose Intent Form, the total 

frequency of actual incidents resulting from the analyzed errors was identical in the 1-year post-

Dose Intent Form (n=8) vs. the 1-year pre-Dose Intent Form (n=8).  As previously mentioned, the 

amount of RT workflow activity, and thus potential opportunity for errors increased over the 

study period (Appendix D5), therefore, these results suggest that the Dose Intent Form 

implementation did not contribute to more severe system failures leading to actual incidents.  

Both unadjusted and adjusted analyzes of the Planning domain safety barriers showed a 

significant increase in error detection probability post-Dose Intent Form (Table 5-4).  Error 

detection probability by Pre-Treatment QA domain redundancy was not found to be associated 
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with the Dose Intent Form implementation (Table 5-4).  These results appear to suggest that 

TOHCC may have successfully implemented a new safety barrier that had a net positive 

association with error detection by redundant safety barrier processes, particularly those 

implemented throughout the Planning domain.     

 To our knowledge this is the first study to use epidemiologic methods to analyze ILS 

data to evaluate the effect of RT process changes on safety barrier error detection.  This study 

builds on our previous work that has attempted to incorporate common analytic methods used in 

epidemiology to enhance incident learning analysis of ILS data (Chapters 3 and 4).  This work 

joins other RT incident learning research that has used ILS data for system focused evaluations, 

primarily exploring factors that contribute to incidents (7-10).  Our pre-post study also joins 

others who have conducted similar in-depth evaluations of process changes made to RT delivery 

(5-6).  The results of our analyses generate evidence that supports High Relatability Theorists 

who have advocated for effective use of redundancy within organizational systems as well as the 

need for mindfulness of inevitable safety issues that can arise from process change (18).  Our 

results appear to indicate that well-thought-out and executed changes to RT delivery have the 

potential to improve error detection by redundant safety barrier processes during an incident. 

There were several limitations of this study.  This was an observational study, which can 

be prone to several biases (20).  We were only able to adjust for a limited number of measured 

variables that were recorded in the TOHCC dataset.  Therefore, we were not able to adjust for 

several confounding factors that could have biased our results, such as cancer site, clinician 

experience, expertise and training, and numerous working environment factors that may also 

affect error detection by safety barrier processes.  Our use of incident report date to assign errors 

to pre-post intervention groups may have led to some misclassified errors present in the 

comparison groups, particularly those reported immediately after the cutoff date that may not 

have been detectable by the intervention.  This misclassification of errors in the comparison 
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groups could have biased our results.  We limited our analyses to evaluating the short-term 

impact of both process changes.  Initial decreases in error detection probability by redundant 

safety barrier processes could coincide with natural adjustment periods required to safely 

integrate changes into the workflow.  Visual comparisons showed initial decreases in error 

detection probability may have lasted longer post-Monaco 5 compared to post-Dose Intent Form 

(Figures 5-1B, 5-1D, 5-2B, and 5-2D).  It is possible that the 1-year post-Monaco 5 calendar time 

window may only capture a longer adjustment period that was required for the redundant safety 

barrier processes to adapt to the change.  We analyzed reported incident data, which did not 

include errors detected by the first relevant safety barrier that generally are not reported (i.e. 

‘Good QA’).  Therefore, we were only able to statistically assess the association each change may 

have had with error detection by redundant safety barrier processes.  Over- and under-reporting of 

incidents is a known limitation of ILS data (21-23).  It is possible that reporting practices at 

TOHCC varied throughout the 2-year calendar time windows, which could have biased our 

results.  The knowledge generated by our study also pertains specifically to the system and 

culture that is present at TOHCC, therefore, our results may not necessarily be generalizable to 

other RT departments.  

This study used an epidemiolocal approach to ILS data analysis for the purpose of RT 

incident learning.  Our results suggest that process changes to RT workflow can have both 

positive and negative associations with error detection by redundant safety barrier processes.  The 

general approach taken in this paper has the potential to be used by other RT QA programs 

wishing to conducted system focused evaluation of their own process changes.  
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Chapter 6 

General Discussion 

6.1 Summary of main findings 

 In the first manuscript of this thesis, entitled “An analytic framework to explore factors 

associated with error detection by radiotherapy safety barriers,” the core principles and methods 

of analytic epidemiology were successfully incorporated into an approach to ILS data analysis 

using frequentist statistics that aims to study the average effect a factor has on error detection by 

RT safety barriers.  There were several unique components of this analytic framework, including 

defining RT safety barrier process completed while there was a detectable error during an 

incident as the unit of analysis.  The paper also detailed several important methodological 

considerations that should be thought through carefully when conducting an analytic study of ILS 

data, including the potential biases that can result from clinician reporting practices and the need 

for careful interpretation of the study findings.  

 In the second manuscript of this thesis, entitled “Exploring factors associated with error 

detection by radiotherapy workflow safety barriers at a single Canadian cancer centre,” the 

analytic framework was successfully applied to a real-world ILS data analysis.  The results of 

these exploratory analyses identified several factors associated with error detection by RT safety 

barrier redundancy.  The knowledge generated by these analyses were able to identify several 

potential deficiencies in the RT safety barrier redundancy that may warrant further investigation 

by the TOHCC RT QA program. 

 In the third manuscript of this thesis, entitled “The association between two radiotherapy 

delivery changes and safety barrier error detection at a single Canadian cancer centre,” the 

analytic framework was successfully applied to a “pre-post” study.  In this pre-post study, the 

implementation of an additional redundant process designed into the TOHCC workflow to further 

validate dose prescription (i.e. the Dose Intent Form) appeared to have a net positive effect on 
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error detection by the RT safety barrier redundancy.  The observed results of the pre-post study 

also suggested that a separate change at TOHCC that streamlined RT planning processes (i.e. the 

implementation of the Monaco 5 planning system) may have had a slight negative short-term 

impact on error detection by the safety barrier redundancy.  The total frequency of actual 

incidents resulting from the analyzed errors was very similar in all pre-post comparisons, which 

suggests neither change to RT delivery at TOHCC contributed to more severe QA process 

failures. 

 Overall, this thesis project successfully developed and applied an analytic framework that 

uses epidemiologic methods to explore patterns of error detection by RT safety barriers.  The 

analyses using the analytic approach demonstrated that frequentist statistics can be effectively 

used to analyze RT ILS data to identify and assess factors that may contribute to multiple 

incidents.  

6.2 Strengths and limitations 

 There were several general strengths of the thesis project.  The developed framework 

utilizes established quantitative data analysis methods that are commonly used in epidemiology as 

well as many other research disciplines (1).  The successful piloting of the framework in a single 

centre setting demonstrated the real-world application of frequentist statistics (2) in an ILS data 

analysis.  Although the analyses presented in this thesis were specifically tailored to the TOHCC 

SaILS data structure (3), we believe the general approach could be adapted to analyze other ILS 

databases that are commonly used by RT departments (4-9).  The general methodology was also 

developed to specifically analyze ILS datasets, which are readily available data sources for the 

majority of RT incident learning researchers.  We also believe that the general analytic approach 

used in this thesis could be applied in a multi-centre setting to identify and assess factors that may 

affect error detection by RT safety barriers similarly across RT departments.  
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 An additional strength of the thesis project was that it generated specific knowledge that 

could be used by the TOHCC RT QA program.  The analytic framework was adapted specifically 

to the TOHCC system using a high-level workflow map that was specific to their RT planning 

and delivery sequence.  Therefore, the knowledge generated by the analyses presented in this 

thesis were able to identify potential deficiencies in the analyzed RT safety barriers that were 

relevant to the RT QA program who provided the ILS data.  The TOHCC SaILS dataset 

represented a catalog of characterized incidents that were deemed most important collectively by 

the staff membership working at TOHCC.  Therefore, our results were also able to explore factors 

that may contribute to system failures deemed most important by TOHCC.  The safety culture 

(10) at TOHCC led to a large number of cataloged and characterized incidents in the ILS 

database, which provided sufficient study power to assess the effect of different variables of 

interest on error detection by safety barriers implemented in different workflow domains.  

 Another strength of this thesis project was that it was conducted using an integrated 

knowledge translation approach (11).  A representative from the TOHCC RT QA program 

(Crystal Angers) was an advisory member on the PhD committee team, and she played an 

influential role in the development of the research project.  Representatives from other RT 

departments and members from the Canadian Partnership for Quality Radiotherapy (12), which is 

an alliance between national radiation oncology professional associations created to research, 

monitor and improve RT quality and safety, were also engaged throughout the development of 

this thesis project.  The input and advice that was provided from these members of the RT 

incident learning research community helped to ensure that this thesis project was conducted to 

help inform individuals most likely to use the generated knowledge. 

 There were several limitations to this thesis project relating to the TOHCC SaILS data 

source.  The SaILS data source contained a limited number of variables.  These data limitations 

restricted the association assessments to only a handful of factors.  The general nature of ILS data 
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also restricted the available study designs that could be conducted.  These observational study 

designs are innately more prone to certain biases compared to prospective studies, while they are 

also unable to adjust for unknown and unmeasured confounding variables (13).  The specific data 

structure of the TOHCC SaILS database also restricted the analyses to explorations of factors that 

are associated with error detection by safety barriers implemented prior to the Delivery domain.  

However, we believe that the analytic framework could be applied to an assessment of the 

Delivery domain safety barriers in a future analysis if additional variables were available to better 

establish a process step order, such as the fraction number the error was detected.   

 Another important limitation of this thesis project was that it presents an analytic 

framework that requires careful interpretation.  Due to the reporting practices at TOHCC, the 

specific analyses that were conducted on the SaILS dataset only included samples of undetected 

errors (i.e. those not detected through good QA).  The lack of data on error detection through 

Good QA at TOHCC prevented any assessments of the overall effectiveness of their safety 

barriers at detecting errors.  Therefore, our analyses were only able to explore factors that were 

associated with error detection by safety barrier redundancy.  However, with sufficient data on 

error detections throughout Good QA, the analytic approach could be applied to explore factors 

that contribute to the overall error detection ability of one or several specific safety barriers.  

 Although the observed associations from the TOHCC study were interpreted as factors 

that may contribute to error detection by safety barrier redundant processes, underreporting of 

less severe potential incidents could have biased our results.  Incident researchers have long 

theorized that there are likely far more errors resulting in potential or minor incidents compared 

to major or critical incidents (14, 15).  Some scholars have described a pyramid structure of 

expected incidents suggesting there should be a much larger number of reported minor incidents 

compared to non-minor incidents (14).  Other incident learning researchers have theorized 

expected incident reporting ratios, such as the 1:10:30:600 ratio for reporting 
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critical:major:serious:minor incidents (15).  Incident reporting at TOHCC yielded a ratio of 

approximately 1 actual incident per 15 potential incidents recorded in the ILS dataset, which is 

comparable to suggested RT incident reporting ratio targets found in the patient safety literature 

(16).  However, it is impossible to verify whether underreporting of some less severe incidents 

may have occurred at TOHCC and biased our study findings.  

 There were several other limitations that were specific to the TOHCC analyses.  The data 

from TOHCC did not include any direct information on the safety barriers that were implemented 

throughout the RT workflow, including successful or missed error detections.  Without direct 

information on the success or failure of the individual safety barrier processes, the analyses 

required the use of a surrogate measure for safety barrier completion, which was RT workflow 

process step completion.  Therefore, the analyses that are presented in the thesis assume that all 

safety barrier processes were actively completed as indented at each process step in the workflow 

for every analyzed error, which may not actually have happened.  Similarly, the SaILS database 

did not record information on the time that elapsed during each incident (i.e. minutes, hours, days, 

etc.), which could have allowed for assessments of relative differences in time to error detection 

by safety barrier redundant processes while various detectable error types were present.  

 Another specific limitation of the TOHCC analyses was the sequencing of process steps 

in the RT workflow map.  The TOHCC SaILS dataset only provided enough data to develop a 

‘high-level’ RT workflow map, which was much less detailed than other RT workflow maps that 

can be found in the patient safety literature (17).  The chosen method applied in the regression 

analyses that used the remaining process steps completed while there was a detectable error in the 

domain could have been more accurate with more granular workflow sequence data. 

 The available incident sample sizes restricted study power throughout the thesis.  

Although the reporting practices at TOHCC did provide a relatively large sample of clinical 
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incidents in the analyzed ILS dataset over the study period (n=991), some of our comparisons 

were only powered to detect relatively large effect sizes.   

 Finally, the generalizability of the results from the presented TOHCC analyses is another 

limitation of this thesis.  The study results were generated using a single centre dataset, which 

may only reveal associations that exist within the TOHCC RT planning and delivery system.  It is 

likely that different results could be observed if our analytic approach was performed on an ILS 

dataset from a different RT department.  Until similar analyses are repeated using ILS data from 

other cancer centres, it is impossible to assess the external validity of the study results presented 

in this thesis. 

6.3 Contributions of this research 

 Previous authors from the RT incident learning research community have used 

quantitative methods for ILS data analysis similar to those that are presented in this thesis (18-

21).  Our project adds to this literature by detailing an analytic approach that can be used to assess 

a factor’s association with error detection by specific RT safety barriers.  Contemporary RT 

incident learning researchers using frequentist statistics for ILS data analysis have identified 

several factors that likely contribute to incidents (18-21).  Our analyses add to this literature by 

identifying treatment technique, treatment intent and error domain of origin as factors that may 

contribute to error detection probability by safety barrier redundancy.  

 Compared to previous system-focused evaluations in the RT incident learning literature 

that have identified factors that contribute to system-wide failures (i.e. incidents) (18-21), our 

analytic approach is able to explore the potential effect a factor may have on specific sub-systems 

within RT departments (i.e. safety barrier redundancy).  This safety barrier focused evaluation 

approach could help RT QA programs to identify sub-system issues that may require further 

investigation and corrective action.  
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 We believe that the general methodology that is presented in this thesis is adaptable to 

other outcomes that are common to incident event-chains.  Although the analytic framework that 

was presented in this thesis was specific to exploring factors associated with error detection, the 

analytic approach also has the potential to explore factors that are associated with the occurrence 

of errors during RT delivery.  The analyses showed that a large proportion of the actual incidents 

at TOHCC resulted from errors that occurred during workflow completed throughout the 

Delivery domain (43.8%) (Appendix C5).  An assessment of factors that contribute to Delivery 

domain errors could generate knowledge that may help RT QA programs to reduce the 

occurrence of these potentially harmful errors that can occur within moments of beam delivery.  

One important caveat to adapting the presented analytic framework to an assessment of ‘error’ 

instead of ‘error detection’ is that it would require additional data collection on workflow 

activities that are not generally recorded in ILS databases (i.e. workflow that did not result in any 

error). 

 The analytic framework that was developed explores factors that were associated with an 

important outcome event within incident event-chains that is not definitively diagramed in many 

incident causality models found in the literature, including the commonly referenced Reason 

model (22).  An important analytical consideration while studying incident etiology using ILS 

data is the potential impact of safety culture on data collection (10).  Although organizational 

culture is referenced in almost all incident causality models including the RT adapted Reason 

model (23), the impact of an RT department’s safety culture (10) on the validity of ILS data 

analysis is an important aspect of studying incidents.  Almost everything that is known about 

incident etiology comes from analyses of information from reported incidents, which is data that 

could be biased by safety culture. 

 There are several main categories of factors thought to cause errors that are found in the 

RT adapted Reason model, including patient, clinician, clinician team, task and working 
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environment factors (23).  The analytic framework developed for this thesis conceptualized these 

factors as also potentially contributing to error detection by RT safety barriers.  The framework 

also conceptualized an additional category of factors that may contribute to error detection that is 

not present in the RT adapted Reason model, which are the factors that relate to the nature of the 

error itself (i.e. ‘error factors’ such as error type, error severity, timing of the error in the 

workflow sequence, etc.).    

 The patient safety literature has identified many upstream factors in organizational 

systems that may impact the occurrence of errors.  System change is thought to have the potential 

for both positive and negative safety impacts throughout organizational systems (24).  Our pre-

post study results were agreeable with this literature, where one change to RT planning and 

delivery process (i.e. the Dose Intent Form implementation) appeared to lead to an overall short-

term improvement in error detection by safety barrier redundancy, while another change (i.e. the 

Monaco 5 planning system launch) may have led to a short-term deficit in error detection by the 

same redundant safety barrier processes.  

 Finally, our analytic framework adopts a systems approach to studying incident causality 

instead of a person approach (25), which is employed by the majority of the RT incident learning 

research community (26).  Our analytic framework uses frequentist statistics to explore system 

deficiencies contributing to multiple incidents instead of studying single incidents, which has 

been suggested as an approach that can provide additional value to incident learning (26).  We 

focused the analyses on assessing factors that contribute to a positive outcome of RT QA (i.e. 

error detection), which may also help to reduce the likelihood that the knowledge generated by 

this thesis project will result in the assignment of blame to specific staff members working at 

TOHCC.  
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6.4 Conclusions and future directions 

 This thesis project successfully adapted established quantitative data analysis methods to 

the context of studying RT incident etiology.  We believe the general analytic approach could be 

repeated by other single-centre RT QA programs.  The recently launched NSIR-RT database (5) 

may represent an opportunity to conduct similar analyses using multi-centre ILS data.  Repeating 

our analysis approach with NSIR-RT data could help to verify the external validity of the 

TOHCC study findings as well as potentially identifying other important factors that contribute to 

error detection by safety barriers across different Canadian RT departments.   

 The results of the analyses that utilized the developed analytic framework could be used 

to inform future qualitative investigations by the TOHCC RT QA program.  The exploratory 

nature of ILS data analysis, where the contributing factors of the incidents come from a dynamic 

RT delivery system and are never initially known by the RT QA program, may naturally benefit 

from a combination of both quantitative and qualitative research, or so called ‘mixed-methods’ 

(27).  For example, our study results were able to identify several potentially important factors 

that could be contributing to error detection by TOHCC safety barrier redundancy in different RT 

workflow domains.  A subsequent qualitative investigation may help to add important context to 

these exploratory findings, which could help TOHCC to determine their level of response to the 

study results.  The use of qualitative investigations such as interviews or focus groups with 

relevant staff could help the RT QA program to further validate our quantitative findings and 

determine whether any corrective actions should be taken.  One potential benefit of having the 

quantitative data analysis component prior to the qualitative component is that our results may 

help TOHCC develop questions for any follow-up investigations.  For example, the TOHCC RT 

QA program might pose questions that attempt to uncover underlying reasons for the observed 

higher probability of error detection by Planning domain safety barrier redundancy for curative 

errors compared to palliative errors, as well as the lower probability of 3D error detection by 
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Simulation domain safety barrier redundancy compared to IMRT errors.  These questions could 

be posed to relevant staff members who have experience with planning and delivering the 

different RT techniques, and could identify potential underlying factors contributing to these 

observed differences. 

 We were able to identify several potential limitations of the TOHCC SaILS database.  

There was a lack of data collected on several variables that could have helped to enhance the 

validity and comprehensiveness of the analysis.  Variables that measure the date (i.e. calendar 

time) of error origin and subsequent error detection would have allowed for more sophisticated 

time-to-event analyses compared to those conducted in this thesis.  For the purpose of exploring 

safety barriers as the study subjects, variables that record each successful and missed error 

detection by a specific safety barrier or safety barrier group could have drastically expanded the 

scope of the analysis.  Variables that could have been used to better sequence workflow process 

steps would also have allowed for comparative analyses of error detection in the Delivery 

domain.  As was previously mentioned, the inclusion of a variable that records the fraction 

number that the error was detected would have helped to facilitate association assessments in the 

Delivery domain.  Compared to SaILS, NSIR-RT (5) appears to contain some of these data 

elements, which may benefit incident learning researchers wishing to apply our analytic approach 

using this alternative ILS data source.   

 In future, the analyses presented in this thesis could be incorporated into ILS reporting 

practices that are commonly conducted by RT QA programs.  The analyses demonstrated that a 

strong safety culture can produce sufficient incident samples for an etiologic analysis over a 

relatively short data collection period (2-4 years).  Conducting these ‘longer-term’ evaluations of 

the average effects various factors have on workflow system safety may add another dimension to 

RT incident learning by helping to identify areas for QA improvement that could otherwise go 

unnoticed by RT departments.  Although the statistical analyses in this thesis were conducted 
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using SAS, many of the statistics, figures, and tables can be generated using more commonly 

available software such as Microsoft Excel.   

 Epidemiologic concepts and principles appear to be adaptable to analysis of RT ILS data.  

The use of frequentist statistics to analyze ILS data does have several important limitations that 

need to be considered carefully.  If used cautiously, this analytic approach provides statistical 

tools that can be applied by RT incident learning researchers wishing to better understand 

incident etiology. 
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Appendix B 

Supplement for Chapter 3 manuscript titled, “An analytic framework to explore 

factors associated with error detection by radiotherapy safety barriers” 

Appendix B1. Illustrating standard incident reporting practice in RT 

In RT QA, reporting practice tends to be highly dependent on the performance of the RT 

delivery safety barriers.  The example shown in Appendix Figure B-1 will be used to highlight 

how the relative performance of the RT safety barriers influences standard reporting practice by 

RT clinicians.   

 

Figure B-1: Standard incident reporting practice in RT 

In Appendix Figure B-1, a hypothetical error (an incorrect dose prescription) has 

occurred during a specific step in the RT workflow sequence.  This RT delivery error was a result 
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of a combination of several causes.  Appendix Figure B-1 shows a hypothetical safety barrier 

system within the RT workflow that may, or may not, detect this error at a future process step in 

the sequence.  For this error, there are relevant safety barriers (shown in black) and irrelevant 

safety barriers (shown in white).  The relevancy and timing of the safety barriers in RT workflow 

is important as only those that are both relevant and occur at a subsequent process step after the 

RT plan incurs the error can detect the error and prevent an incident.   

Reporting scenario ‘A’ shows the perfect performance of the RT delivery system safety 

barriers.  In scenario ‘A’, the first relevant safety barrier detected the error and prevented an 

incident.  In RT, scenario ‘A’ is commonly referred to as ‘good QA’ or ‘a good catch’ and no 

incident report is usually filed.   

It is only once the RT safety barrier system has failed will a RT clinician consider filing 

an incident report.  The lowest level of safety barrier failure that can occur is when the first 

relevant safety barrier (i.e. primary redundancy) fails to detect the error, which has occurred in 

scenarios ‘B’, ‘C’, ‘D’, and ‘E’. In scenarios ‘B’, ‘C’, ‘D’, and ‘E’, once the first safety barrier 

failed, this creates a latent error (i.e. a RT plan with an error that has gone undetected within 

what is what is considered good QA).  The moment the first relevant safety barrier fails to detect 

the error, this represents ‘time zero’, or the start of when the secondary redundancy within RT 

safety barrier system could detect the error.  In theory, some latent RT delivery errors will go 

completely undetected by the safety barrier system, which is shown in scenario ‘B’.  In the event 

that a latent error is safely detected prior to the patient receiving any RT, this will result in a 

potential incident being reported, as shown in scenario ‘C’.  However, in the event a latent error is 

not detected until after the first RT fraction is delivered, a minor actual incident (scenario ‘D’) or 

a non-minor actual incident (scenario ‘E’) will be reported depending on the severity of harm to 

the patient(s).  
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Appendix C  

Supplement for Chapter 4 manuscript titled, “Explore factors associated with error 

detection by radiotherapy workflow safety barriers at a single Canadian cancer 

centre” 

4620 incidents in Ottawa SaILS dataset from 2007-2017 

3904 incidents                            

3144 incidents 

2626 incidents 

2168 incidents 

1866 incidents 

1635 incidents 

 

1361 total incidents in SaILS from 2014-2017 with data on treatment factors and incident origin/detection 

 

 

 

1109 incidents classified as ‘clinical’ in SaILS from 2014-2017 

1062 incidents in SaILS that were ‘clinical’ and ‘valid’ from 2014-2017 

 

 

 

 

991 clinical incidents used in analysis 

Appendix C1. Selection of clinical incidents for analysis 

716 excluded - no treatment factor 
data collected in 2007 
760 excluded - no treatment factor 
data collected in 2008 
518 excluded - no treatment factor 
data collected in 2009 
458 excluded - no treatment factor 
data collected in 2010 
302 excluded - no treatment factor 
data collected in 2011 
231 excluded - no treatment factor 
data collected in 2012 
274 excluded - no treatment factor 
data collected in 2013 
 

3 excluded - classified as ‘environmental’ 

30 excluded - classified as ‘occupational’ 

213 excluded - classified as ‘operational’ 

6 excluded - classified as ‘security’ 

47 excluded - were classified as ‘invalid’ 

22 excluded – missing data on process step 
of origin/detection 
18 excluded – ‘N/A’ input on process step 
of origin/detection  
25 excluded – incident origin occurred at 
process step after detection 
3 excluded – duplicate incidents 
3 excluded –incident type (actual/potential) 
did not match detection domain 
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Appendix C2. Study power for treatment technique association assessment in the Simulation 
domain (minimum detectable difference in probability of error detection of 10%, 15%, 20%, and 
25% at alpha=0.05)      
Variable n0 n1 Za/2 p0 p1 d* Power 
Treatment technique 
  Smallest comparison 
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36 

 
 

 
1.96 
1.96 
1.96 
1.96 

 
0.12 
0.12 
0.12 
0.12 

 
0.22 
0.27 
0.32 
0.37 

 
0.10 
0.15 
0.20 
0.25 

 
37.1% 
61.2% 
80.1% 
91.6% 

 
 

Appendix C3. Study power for treatment technique association assessment in the Planning domain 
(minimum detectable difference in probability of error detection of 10%, 15%, 20%, and 25% at 
alpha=0.05)     
Variable n0 n1 Za/2 p0 p1 d* Power 
Treatment technique 
  Smallest comparison 
 

 
225 

 

 
50 

 
 

 
1.96 
1.96 
1.96 
1.96 

 
0.12 
0.12 
0.12 
0.12 

 
0.22 
0.27 
0.32 
0.37 

 
0.10 
0.15 
0.20 
0.25 

 
46.4% 
73.4% 
89.9% 
97.1% 

 
 

Appendix C4. Study power for treatment technique association assessment in the Pre-Treatment 
Quality Assurance domain (minimum detectable difference in probability of error detection of 
10%, 15%, 20%, and 25% at alpha=0.05)     
Variable n0 n1 Za/2 p0 p1 d* Power 
Treatment technique 
  Smallest comparison 
 
 
 

 
232 

 
 

 

 
30 

 
 

 

 
1.96 
1.96 
1.96 
1.96 

 
0.40 
0.40 
0.40 
0.40 

 
0.50 
0.55 
0.60 
0.65 

 
0.10 
0.15 
0.20 
0.25 

 
18.6% 
34.9% 
55.1% 
74.7% 
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Appendix C5. Descriptive statistics of the TOHCC clinical incidents stratified by their error domain 
of origin      
Variable 
 

Total 
(n=991) 

DTT 
(n=378) 

SIM 
(n=154) 

PLA 
(n=286) 

PRE 
(n=73) 

DEL 
(n=99) 

DIS 
(n=1) 

Reporting year – 
n (%) 
  2014 
  2015 
  2016 
  2017 

 
 

228 (23.0) 
295 (29.8) 
230 (23.2) 
238 (24.0) 

 
 

62 (16.4) 
136 (36.0) 
68 (18.0) 
112 (29.6) 

 
 

36 (23.4) 
42 (27.3) 
49 (31.8) 
27 (17.5) 

 
 

85 (29.7) 
74 (25.9) 
73 (25.5) 
54 (18.9) 

 
 

14 (19.2) 
20 (27.4) 
20 (27.4) 
19 (26.0) 

 
 

31 (31.3) 
22 (22.2) 
20 (20.2) 
26 (26.3) 

 
 

0 (0.0) 
1 (100) 
0 (0.0) 
0 (0.0) 

Season – n (%) 
  Fall 
  Winter 
  Summer 
  Spring 

 
227 (22.9) 
228 (23.0) 
268 (27.2) 
268 (27.0) 

 
89 (23.5) 
71 (18.8) 
110 (29.1) 
108 (28.6) 

 
35 (22.7) 
34 (22.1) 
41 (26.6) 
44 (28.6) 

 
68 (23.8) 
72 (25.2) 
69 (24.1) 
77 (26.9) 

 
11 (15.1) 
23 (31.5) 
22 (30.1) 
17 (23.3) 

 
24 (24.2) 
28 (28.3) 
26 (26.3) 
21 (21.2) 

 
0 (0.0) 
0 (0.0) 
0 (0.0) 
1 (100) 

Incident type - n 
(%) 
  Actual 
  Potential 

 
 

64 (6.5) 
927 (93.5) 

 
 

7 (1.9) 
371 (98.2) 

 
 

12 (7.8) 
142 (92.2) 

 
 

15 (5.2) 
271 (94.8) 

 
 

2 (2.8) 
71 (97.3) 

 
 

28 (28.3) 
71 (71.7) 

 
 

0 (0.0) 
1 (100) 

Severity – n (%) 
  Non-minor   
  Minor 
  [Missing] 

 
65 (6.6) 

902 (91.0) 
[24 (2.4)] 

 
24 (6.4) 

346 (91.5) 
[8 (2.1)] 

 
12 (7.8) 

140 (90.9) 
[2 (1.3)] 

 
21 (7.3) 

254 (88.8) 
[11 (3.9)] 

 
1 (1.4) 

71 (97.3) 
[1 (1.4)] 

 
7 (7.1) 

90 (90.9) 
[2 (2.0)] 

 
0 (0.0) 
1 (100) 
[0 (0.0)] 

Intent - n (%) 
  Curative 
  Palliative 
  [Missing] 

 
582 (58.7) 
377 (38.0) 
[32 (3.3)] 

 
224 (59.3) 
143 (37.8) 
[11 (2.9)] 

 
89 (57.8) 
58 (37.7) 
[7 (4.6)] 

 
159 (55.6) 
120 (42.0) 
[7 (2.5)] 

 
49 (67.1) 
21 (28.8) 
[3 (4.1)] 

 
60 (60.6) 
35 (35.4) 
[4 (4.0)] 

 
1 (100) 
0 (0.0) 

[0 (0.00)] 
Technique - n 
(%) 
  2D 
  3D 
  IMRT 
  Tomo 
  Other*  
  [Missing] 

 
 

79 (8.0) 
302 (30.5) 
361 (36.4) 
118 (11.9) 
109 (11.0) 
[22 (2.2)] 

 
 

27 (7.1) 
104 (27.5) 
130 (34.4) 
74 (19.6) 
34 (9.0) 
[9 (2.4)] 

 
 

14 (9.1) 
48 (31.2) 
56 (36.4) 
22 (14.3) 
10 (6.5) 
[4 (2.6)] 

 
 

24 (8.4) 
106 (37.1) 
101 (35.3) 

9 (3.2) 
44 (15.4) 
[2 (0.7)] 

 
 

3 (4.1) 
17 (23.3) 
35 (48.0) 
8 (11.0) 
8 (11.0) 
[2 (2.7)] 

 
 

11 (11.1) 
27 (27.3) 
38 (38.4) 

5 (5.1) 
13 (13.1) 
[5 (5.1)] 

 
 

0 (0.0) 
0 (0.0) 
1 (100) 
0 (0.0) 
0 (0.0) 

[0 (0.0)] 
Primary 
reported cause 
by category 
- n (%) 
  Infrastructure 
  Process 
  Management   

 
 
 
 

35 (3.5) 
604 (61.0) 
352 (35.5) 

 
 
 
 

1 (0.3) 
218 (57.7) 
159 (42.1) 

 
 
 
 

7 (4.6) 
90 (58.4) 
57 (37.0) 

 
 
 
 

14 (4.9) 
196 (68.5) 
76 (26.6) 

 
 
 
 

3 (4.1) 
46 (63.0) 
24 (32.9) 

 
 
 
 

10 (10.1) 
54 (54.6) 
35 (35.4) 

 
 
 
 

0 (0.0) 
0 (0.0) 
1 (100) 

Common 
primary 
reported cause – 
n (%) 
  Comm  
  Policy 
  Failure to DIP 
  Other 

 
 
 
 
172 (17.3) 
128 (12.9) 
494 (49.9) 
197 (19.9) 

 
 
 

 
83 (22.0) 
60 (16.0) 
186 (49.2) 
49 (13.0) 

 
 

 
 

27 (17.5) 
21 (13.6) 
74 (48.1) 
32 (20.8) 

 
 

 
 

38 (13.3) 
28 (9.8) 

172 (60.1) 
48 (16.8) 

 
 

 
 

8 (11.0) 
5 (6.9) 

31 (42.5) 
29 (39.7) 

 
 

 
 

16 (16.2) 
13 (13.1) 
31 (31.3) 
39 (39.4) 

 
 

 
 

0 (0.0) 
1 (100) 
0 (0.0) 
0 (0.0) 

Abbreviations: 2D = two-dimensional radiotherapy; 3D = three-dimensional radiotherapy; comm 
= communication; DIP = detect, interpret, or plan for a developing problem; IMRT = intensity modulated 
radiotherapy; PLA = planning; PRE = pre-treatment; SIM = simulation; Tomo = tomotherapy. 
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Appendix C6. Process step of detection in the Delivery domain and 
Discharge domain for errors that originated from Decision to Treat, 
Simulation, Planning or Pre-Treatment Quality Assurance 
Variable 
 

Errors detected  
(n=352) 

Process step of detection - n (%) 
  Delivery domain 
    Validation of patient preparation 
    Patient education 
    Positioning 
    Image-guided radiotherapy 
    Time out script 
    Beam delivery 
    Documentation 
    Radiation therapist weekly chart check 
    On treatment review 
    Supportive care 
    Chart audit or rounds 
 
  Discharge domain 
    Patient education 
    Radiation therapist final chart check 
    Coordination of patient follow-up 

 
 

170 (48.3) 
5 (1.4) 

62 (17.6) 
19 (5.4) 
3 (0.9) 

48 (13.6) 
11 (3.1) 
16 (4.6) 
11 (3.1) 
0 (0.0) 
3 (0.9) 

 
 

1 (0.3) 
2 (0.6) 
1 (0.3) 

Incident type – n (%) 
  Actual 
  Potential 

 
26 (7.4) 

326 (92.6) 
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Appendix C7. Descriptive statistics for tomotherapy errors originating from Decision To Treat      
Variable 
 

All tomotherapy 
errors from DTT 

(n=74) 

Tomotherapy errors 
from DTT detected 

during step 8  (n=50) 
Reporting Year – n (%) 
  2014 
  2015 
  2016 
  2017 

 
7 (9.5) 

50 (67.6) 
15 (20.3) 

2 (2.7) 

 
0 (0.0) 

41 (82.0) 
9 (18.0) 
0 (0.0) 

Season – n (%) 
  Fall 
  Winter 
  Summer 
  Spring 

 
16 (21.6) 
15 (20.3) 
25 (33.8) 
18 (24.3) 

 
13 (26.0) 
12 (24.0) 
17 (34.0) 
8 (16.0) 

Detection domain - n (%) 
  DTT 
  SIM 
  PLA 
  PRE 
  DEL 
  DIS 

 
6 (8.1) 
5 (6.8) 

56 (75.7) 
3 (4.1) 
3 (4.1) 
1 (1.4) 

 
0 (0.0) 
0 (0.0) 

50 (100) 
0 (0.0) 
0 (0.0) 
0 (0.0) 

Incident type - n (%) 
  Actual 
  Potential 

 
3 (4.0) 

71 (96.0) 

 
0 (0.0) 

50 (100) 
Severity – n (%) 
  Non-minor   
  Minor 

 
1 (1.4) 

73 (98.7) 

 
0 (0.0) 

50 (100) 
Intent - n (%) 
  Curative 
  Palliative 

 
69 (93.2) 

5 (6.8) 

 
48 (96.0) 

2 (4.0) 
Primary reported cause by category - n (%) 
  Infrastructure 
  Process 
  Management   

 
0 (0.0) 

61 (82.4) 
13 (17.6) 

 
0 (0.0) 

48 (96.0) 
2 (4.0) 

Most common primary reported causes – n (%) 
  Communication 
  Policy Issue 
  Failed to detect, interpret, or plan for a developing problem 
  Other 

 
5 (6.8) 
6 (8.1) 

57 (77.0) 
6 (8.1) 

 
1 (2.0) 
1 (2.0) 

47 (94.0) 
1 (2.0) 

Dose intent incident – n (%) 
  Yes 
  No 

 
46 (62.2) 
28 (37.8) 

 
41 (82.0) 
9 (18.0) 

Abbreviations: DEL = delivery; DIS = discharge; DTT = decision to treat; PLA = planning; PRE = 
pre-treatment quality assurance; SIM = simulation. 
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Appendix C8. Cumulative probability of error detection by safety barriers per workflow domain 
completed for errors that originated during Decision To Treat  
Domain Errors at risk 

for detection 
in domain 

Errors 
detected in 

domain 

Conditional 
probability of 
detection in 

domain 

Conditional 
probability of 

errors remaining 
undetected in 

domain 

Cumulative 
probability of 

error detection 
from origin to 
end of domain 

DTT 
(origin) 

378 75 0.198 0.802 0.198 

SIM 303 75 0.248 0.752 0.395 
PLA 228 77 0.338 0.662 0.601 
PRE 151 41 0.272 0.728 0.709 
DEL 110 107 0.973 0.027 0.992 
DIS 3 3 1.000 0.000 1.000 

Abbreviations: DEL = delivery; DIS = discharge; DTT = decision to treat; PLA = planning; PRE = 
pre-treatment; SIM = simulation. 
 

Appendix C9. Cumulative probability of error detection by safety barriers per workflow domain 
completed for errors that originated during Simulation 
Domain Errors at risk 

for detection 
in domain 

Errors 
detected in 

domain 

Conditional 
probability of 
detection in 

domain 

Conditional 
probability of 

errors remaining 
undetected in 

domain 

Cumulative 
probability of 

error detection 
from origin to 
end of domain 

SIM 
(origin) 

154 12 0.078 0.922 0.078 

PLA 142 38 0.268 0.732 0.325 
PRE 104 27 0.260 0.740 0.500 
DEL 77 77 1.000 0.000 1.000 
DIS 0 0 0.000 0.000 1.000 

Abbreviations: DEL = delivery; DIS = discharge; PLA = planning; PRE = pre-treatment; SIM = 
simulation. 

 
Appendix C10. Cumulative probability of error detection by safety barriers per workflow domain 
completed for errors that originated during Planning 
Domain Errors at risk 

for detection 
in domain 

Errors 
detected in 

domain 

Conditional 
probability of 
detection in 

domain 

Conditional 
probability of 

errors remaining 
undetected in 

domain 

Cumulative 
probability of 

error detection 
from origin to 
end of domain 

PLA 286 18 0.063 0.937 0.063 
PRE 268 144 0537 0.463 0.566 
DEL 124 124 1.000 0.000 1.000 
DIS 0 0 0.000 0.000 1.000 

Abbreviations: DEL = delivery; DIS = discharge; PLA = planning; PRE = pre-treatment. 
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Appendix C11. Cumulative percentage of errors detected by safety barriers per RT workflow 
process step completed Kaplan-Meier curves stratified by treatment intent comparing errors that 
originated during (A) Decision To Treat; (B) Simulation; and (C) Planning. All curves are truncated 
at the final process step in the Pre-Treatment QA domain defined as ‘radiation therapist new plan 
check’ 
 
 
 
 
 
 
 

Process 
Step  

Domain Description  

D* DTT Decision To Treat domain 
process steps 

S* SIM Simulation domain process 
steps 

P* PLA Planning domain process steps 
3 SIM Validation of patient 

preparation (bladder prep., 
pregnancy check, identification 
check, laterality, etc.) 

4 SIM Patient education 
5 SIM Positioning and tattooing 
6 SIM Image acquisition 
7 SIM Documentation 
8 SIM Contouring normal structures 

and image fusion 
9 PLA Contouring target volumes and 

organs at risk, and field 
placement 

10 PLA Creation of dose distribution 
and dose calculation 

11 PLA Planning QA 
12 PLA Plan review and approval  
13 PLA Transfer of plan to record and 

verify system 
14 PRE Physics QA 
15 PRE Patient-specific dose QA 
16 PRE Radiation therapist new plan 

check 
17 DEL Start of workflow in the 

Delivery domain  

C 

Descriptions of workflow process step numbers that 
are displayed on the x-axis in Figure 4-2. 

B 

A 
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Appendix C12. Cumulative percentage of errors detected by safety barriers per RT workflow 
process step completed Kaplan-Meier curves stratified by primary reported cause of incident 
comparing errors that originated during (A) Decision To Treat; (B) Simulation; and (C) Planning. 
All curves are truncated at the final process step in the Pre-Treatment QA domain defined as 
‘radiation therapist new plan check’ 
 
 

Process 
Step  

Domain Description  

D* DTT Decision To Treat domain 
process steps 

S* SIM Simulation domain process 
steps 

P* PLA Planning domain process steps 
3 SIM Validation of patient 

preparation (bladder prep., 
pregnancy check, identification 
check, laterality, etc.) 

4 SIM Patient education 
5 SIM Positioning and tattooing 
6 SIM Image acquisition 
7 SIM Documentation 
8 SIM Contouring normal structures 

and image fusion 
9 PLA Contouring target volumes and 

organs at risk, and field 
placement 

10 PLA Creation of dose distribution 
and dose calculation 

11 PLA Planning QA 
12 PLA Plan review and approval  
13 PLA Transfer of plan to record and 

verify system 
14 PRE Physics QA 
15 PRE Patient-specific dose QA 
16 PRE Radiation therapist new plan 

check 
17 DEL Start of workflow in the 

Delivery domain  

C 

Descriptions of workflow process step numbers that 
are displayed on the x-axis in Figure 4-2. 

B 

A 
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Appendix C13. TOHCC high-level workflow map (expanded descriptions) 
Domain 
Number 

Domain 
Name 

Process 
Step  

Number 

Description 

1 DTT 1 Coordination of pre-sim requirements (fiducials, bowel prep, ...) 
1 DTT 1 Entry of treatment intent instructions  
1 DTT 1 Evaluation of patient condition and treatment readiness 
1 DTT 1 Patient education 
1 DTT 2 Scheduling of appointments & patient contact 
2 SIM 3 Validation of patient preparation (bladder prep, pregnancy check, identity 

check, laterality, ...) 
2 SIM 4 Patient education 
2 SIM 5 Positioning, tattooing 
2 SIM 6 Image acquisition 
2 SIM 7 Documentation 
2 SIM 8 Contour of normal structures 
2 SIM 8 Image fusion 
3 PLA 9 Contour of target volumes & OAR/field placement 
3 PLA 10 Creation of dose distribution/Calculation of dose 
3 PLA 11 Planning quality assurance 
3 PLA 12 Review & approval of treatment plan 
3 PLA 13 Transfer of treatment plan in record and verify system 
4 PRE 14 Physics quality assurance 
4 PRE 15 Patient-specific dose quality assurance 
4 PRE 16 Radiation therapist new plan check 
5 DEL 17 Validation of patient preparation (bladder prep, pregnancy check, identity, 

…) 
5 DEL 17 Patient education 
5 DEL 17 Positioning 
5 DEL 17 Image-guided radiotherapy 
5 DEL 17 Time out script 
5 DEL 17 Beam delivery 
5 DEL 17 Documentation 
5 DEL 17 On treatment review 
5 DEL 17 Radiation therapist weekly chart check 
5 DEL 17 Supportive care intervention (Radiation nurse, dietitian, pain management, 

...) 
5 DEL 17 Chart audit 
6 DIS 18 Patient education 
6 DIS 18 Radiation therapist final chart check 
6 DIS 18 Coordination of follow-up appointments 

 Abbreviations: DEL = delivery; DIS = discharge; DTT = decision to treat; OAR = organs at risk; 
PLA = planning; PRE = pre-treatment quality assurance; SIM = simulation. 
 

*Not shown in Kaplan-Meier curves due to truncation after step #14 (‘radiation therapist new plan 
check’) 
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Appendix C14. Simulation domain comparison model diagnostics  

 

 
Figure C14-1: Pearson residuals plotted against observations number  
 
 
Table C14-1: Quasi-likelihood information criterion statistics 

Comparison Model QIC 
Simulation domain Crude 590.2 
 Adjusted 568.7 
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Appendix C15. Planning domain comparison model diagnostics 

 

 
Figure C15-1: Pearson residuals plotted against observations number 
 
 
Table C15-1: Quasi-likelihood information criterion statistics 

Comparison Model QIC 
Planning domain Crude 756.7 
 Adjusted 645.0 
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Appendix C16. Pre-Treatment QA domain comparison model diagnostics 

 

 
Figure C16-1: Pearson residuals plotted against observations number 
 
 
Table C16-1: Quasi-likelihood information criterion statistics 

Comparison Model QIC 
Pre-Treatment QA domain Crude 1580.4 
 Adjusted 1527.6 
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Appendix D 

Supplement for Chapter 5 manuscript titled, “The association between two 

radiotherapy delivery changes and safety barrier error detection at a single 

Canadian cancer centre” 

1062 clinical incidents recorded in TOHCC SaILS from 2014-2017 

 

 

 

 

 

 

 

 

 

 

949 clinical incidents available for analysis 

 

 

 

   

 

 

 

 

 

 

 

 

 

Appendix D1. Selection of clinical incidents for analyses. 

64 excluded – missing data on 
process step of origin/detection 
or descriptive variable 
18 excluded – ‘N/A’ input on 
process step of origin/detection  

25 excluded – incident origin occurred 
at process step after detection 

1 excluded – Decision To Treat 
detection and actual incident reported 

1 excluded –  Pre-Treatment 
detection and actual incident reported 

1 excluded –Delivery detection and 
potential incident reported 
3 excluded – duplicate 
incidents 

794 clinical incidents available for 
Monaco 5 comparisons  

155 excluded – incidents where errors 
were not at risk for detection during 
PLAN and/or PRE 

329 incidents  
where errors were at 

risk for detection during 
Planning 

794 clinical incidents available for 
Dose Intent Form comparisons  

222 excluded  
incident recorded 
>365 days pre- or 
post-Dose Intent Form 
implementation date 

247 excluded 
incidents recorded 
>365 days pre- or 

post-Monaco 5 
implementation date 

 

295 incidents  
where errors were at 

risk for detection during  
Pre-Treatment QA 

356 incidents  
where errors were at 

risk for detection during 
Planning 

302 incidents  
where errors were at 

risk for detection during  
Pre-Treatment QA 
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Appendix D2. TOHCC workflow domain and process step map 
Domain 
Number 

Domain 
Name 

Process 
Step  

Number 

Description 

1 DTT 1 Coordination of pre-sim requirements (fiducials, bowel prep, ...) 
1 DTT 1 Entry of treatment intent instructions  
1 DTT 1 Evaluation of patient condition and treatment readiness 
1 DTT 1 Patient education 
1 DTT 2 Scheduling of appointments & patient contact 
2 SIM 3 Validation of patient preparation (bladder prep, pregnancy check, identity 

check, laterality, ...) 
2 SIM 4 Patient education 
2 SIM 5 Positioning, tattooing 
2 SIM 6 Image acquisition 
2 SIM 7 Documentation 
2 SIM 8 Contour of normal structures 
2 SIM 8 Image fusion 
3 *PLAN 9 Contour of target volumes & OAR/field placement 
3 *PLAN 10 Creation of dose distribution/Calculation of dose 
3 *PLAN 11 Planning quality assurance 
3 *PLAN 12 Review & approval of treatment plan 
3 *PLAN 13 Transfer of treatment plan in record and verify system 
4 *PRE 14 Physics quality assurance 
4 *PRE 15 Patient-specific dose quality assurance 
4 *PRE 16 Radiation therapist new plan check 
5 DEL 17 Validation of patient preparation (bladder prep, pregnancy check, identity, 

…) 
5 DEL 17 Patient education 
5 DEL 17 Positioning 
5 DEL 17 Image-guided radiotherapy 
5 DEL 17 Time out script 
5 DEL 17 Beam delivery 
5 DEL 17 Documentation 
5 DEL 17 On treatment review 
5 DEL 17 Radiation therapist weekly chart check 
5 DEL 17 Supportive care intervention (Radiation nurse, dietitian, pain management, 

...) 
5 DEL 17 Chart audit 
6 DIS 18 Patient education 
6 DIS 18 Radiation therapist final chart check 
6 DIS 18 Coordination of follow-up appointments 

 Abbreviations: DEL = delivery; DIS = discharge; DTT = decision to treat; OAR = organs at risk; 
PLAN = planning; PRE = pre-treatment quality assurance; SIM = simulation. 
 
 
 *Domains where error detection probability by safety barriers were compared in pre-post analyses.  
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Appendix D3. Study power for Monaco 5 pre- vs. post-implementation comparison (minimum 
detectable difference in probability of error detection of 10%, 15%, 20% at alpha=0.05)     
Variable n0 n1 Za/2 p0 p1 d* Power 
Domain 
  Planning 
 
 
 
  Pre-Treatment Quality Assurance 
 
 

 
204 

 
 
 

164 
 
 

 
125 

 
 
 

131 

 
1.96 
1.96 
1.96 

 
1.96 
1.96 
1.96 

 
0.30 
0.30 
0.30 

 
0.40 
0.40 
0.40 

 
0.4 

0.45 
0.50 

 
0.50 
0.55 
0.60 

 
0.10 
0.15 
0.20 

 
0.10 
0.15 
0.20 

 
46.1% 
78.5% 
95.3% 

 
40.4% 
73.0% 
93.1% 

 
 

Appendix D4. Study power for Dose Intent Form pre- vs. post-implementation comparison 
(minimum detectable difference in probability of error detection of 10%, 15%, 20% at alpha=0.05)      
Variable n0 n1 Za/2 p0 p1 d* Power 
Domain 
  Planning 
 
 
 
  Pre-Treatment Quality Assurance 
 
 

 
144 

 
 
 

146 
 
 

 
212 

 
 
 

156 

 
1.96 
1.96 
1.96 

 
1.96 
1.96 
1.96 

 
0.10 
0.10 
0.10 

 
0.40 
0.40 
0.40 

 
0.20 
0.25 
0.30 

 
0.50 
0.55 
0.60 

 
0.10 
0.15 
0.20 

 
0.10 
0.15 
0.20 

 
72.8% 
95.8% 
99.7% 

 
41.5% 
74.4% 
93.9% 

 

 Appendix D5. Radiotherapy prescriptions started at TOHCC by calendar year 

 

 

 

 

 

 

 

 

 

 

Year 2014 2015 2016 2017 
Prescriptions started 6426 6574 6812 7155 
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Appendix D6. Monaco 5 Planning domain comparison model diagnostics 

 

 
Figure D6-1: Pearson residuals plotted against observations number (crude) 
 
 

 
Figure D6-2: Pearson residuals plotted against observations number (adjusted) 
 
 
Table D6-1: Quasi-likelihood information criterion statistics 

Comparison Model QIC 
Monaco 5 - Planning domain 
Monaco 5 - Planning domain 

Crude 
Adjusted 

493.92 
385.39 
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Appendix D7. Monaco 5 Pre-Treatment QA domain comparison model diagnostics  

 

 
Figure D7-1: Pearson residuals plotted against observations number (crude) 
 
 

 
Figure D7-2: Pearson residuals plotted against observations number (adjusted) 
 
 
Table D7-1: Quasi-likelihood information criterion statistics 

Comparison Model QIC 
Monaco 5 - Pre-Treatment QA domain 
Monaco 5 – Pre-Treatment QA domain 

Crude 
Adjusted 

690.26 
664.35 

 

 



 

 

 

193 

Appendix D8. Dose Intent Form Planning domain comparison model diagnostics  

 

 
Figure D8-1: Pearson residuals plotted against observations number (crude) 
 
 

 
Figure D8-2: Pearson residuals plotted against observations number (adjusted) 
 
 
Table D8-1: Quasi-likelihood information criterion statistics 

Comparison Model QIC 
Dose Intent Form - Planning domain 
Dose Intent Form – Planning domain 

Crude 
Adjusted 

549.19 
441.30 
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Appendix D9. Dose Intent Form Pre-Treatment QA domain comparison model diagnostics 

 

 
Figure D9-1: Pearson residuals plotted against observations number (crude) 
 
 

 
Figure D9-2: Pearson residuals plotted against observations number (adjusted) 
 
 
Table D9-1: Quasi-likelihood information criterion statistics 

Comparison Model QIC 
Dose Intent Form - Pre-Treatment QA domain 
Dose Intent Form – Pre-Treatment QA domain 

Crude 
Adjusted 

952.66 
931.64 

 


