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Abstract 

Introduction While external beam radiotherapy (EBRT) has always been a standard of care for 

localized prostate cancer patients, hypofractionated EBRT has now become a standard EBRT approach. 

We aimed to elicit the relative weight patients place on various aspects of EBRT and to compare these 

findings to clinical trials results, with a goal of informing clinical practice. 

Methods A discrete choice experiment was designed in which men had to choose between two 

EBRT profiles that differed in five treatment attributes: effectiveness, acute toxicity, late toxicity, length, 

and fiducial marker implantation. We recruited prostate cancer patients with localized disease who had 

completed or were undergoing EBRT at our institution. Conditional (multinomial) logit regression 

(MNL), mixed multinomial logit (MXL), and latent class (LC) models were used to analyze the relative 

importance of treatment attributes, and the trade-offs this patient population were willing to make 

between attributes. These results were compared to explicit ranking and rating scores the participants 

completed for internal validation, as well as to clinical trials findings for interpretation. The MXL and LC 

models were used to compare realistic EBRT scenarios that corresponded to conventional fractionation, 

moderate hypofractionation, and stereotactic body radiotherapy, and determine what characteristics 

resulted in individuals preferring certain scenarios. 

Results  All treatment attributes’ parameter estimates were significantly different from zero, and 

across the MNL and MXL models the most important attributes were risks of PSA recurrence and late 

toxicity. The rating exercises agreed with the quantitative results. Preference heterogeneity was present, 

largely due to age and distance patients traveled to the cancer centre. One latent class (the “convenience 

group”) were not willing to lengthen EBRT to reduce risk of toxicity at any level within the model.  

Conclusions Prostate cancer patients with localized disease place importance on convenience of 

EBRT. Older participants tend to be willing to accept a risk of increased toxicity to be treated with 

hypofractionated regimens. This risk is well within the expected risk based on clinical trial results. 

Participants had a good understanding of the DCE, and the responses were internally valid. 
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Chapter 1 

Introduction 

 

This chapter briefly reviews the two main concepts key to my thesis: (1) radiotherapy to treat 

localized prostate cancer; and (2) quantifying patient preferences via a discrete choice experiment. I then 

provide my three objectives and in the final section an overview of my thesis. 

 

Radiotherapy and hypofractionation 

In North America prostate cancer is the most commonly diagnosed non-cutaneous cancer in men, 

and approximately 250 000 men were diagnosed in 2017 (1). Over 90% of men with prostate cancer are 

diagnosed with localized (non-metastatic) disease, and one of the primary treatment methods for these 

patients is radiotherapy (1, 2). Based on disease factors and with patient input, physicians initially 

prescribe one (or a combination) of several treatment methods that include surgery, radiotherapy, 

androgen deprivation therapy (ADT), or active surveillance (3). External beam radiotherapy (EBRT) has 

always been a standard of care for localized prostate cancer patients, and up until recently has consisted of 

radiotherapy doses of 76-80 Gray (Gy) delivered in 2 Gy per fraction. A fraction is the amount of 

radiation delivered each day, and typically patients receive radiotherapy at their local cancer centre daily 

until the complete dose of radiotherapy has been delivered. This means conventional fractionated 

radiotherapy (CFRT) results in patients travelling to the cancer centre daily Monday to Friday for up to 8 

weeks. 

Clinical studies suggest prostate cancer has biologic characteristics that make it more sensitive to 

larger doses of daily radiotherapy, known as hypofractionation (4). Hypofractionated EBRT has now 

become a standard EBRT approach. Hypofractionation also has the benefit of increased patient 

convenience and reduced treatment burden due to a shorter radiotherapy course. Recently, moderate 
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hypofractionation (MH) regimens (2.4-4 Gy per fraction) have been investigated in several international 

multi-centre Phase III clinical trials comparing MH to CFRT (5-8). These trials have demonstrated that 

disease-related outcomes are quite similar between approaches, but toxicity outcomes differ among the 

studies. Three key uncertainties are: (1) long-term treatment efficacy; (2) long-term toxicity rates; and (3) 

acute toxicity rates. The trials do, however, provide evidence regarding the plausible range of outcomes 

(5-8). Two articles review the two main goals of these prostate hypofractionation RCTs; superiority trials 

hypothesize greater efficacy of hypofractionation with equivalent toxicity, and non-inferiority studies aim 

to demonstrate equivalent efficacy with reduced or similar toxicity (9, 10). The review papers concluded 

that MH can now be considered standard of care for localized prostate cancer (9). 

Stereotactic body radiotherapy (SBRT) is a technique that delivers extremely conformal high 

dose radiotherapy in five or fewer fractions of greater or equal to 6.5 Gy per fraction. This modality is 

only safe in settings with precise, image-guided technology and implantation of fiducial markers (tiny 

permanent gold markers) into the prostate gland (1). Studies have investigated regimens of 35-36.25 Gy 

in five fractions (7-7.25 Gy per fraction) delivered every other day. The studies concluded these regimens 

are safe and appear effective, however there are no published phase III RCTs comparing CFRT and 

SBRT at this time (1, 11). A Scandinavian phase III trial has recently been published comparing ultra-

fractionated radiotherapy of 42.7 Gy in seven fractions (6.1 Gy per fraction) compared to CFRT (78 Gy in 

39 fractions) (12). This is similar to SBRT with slightly more fractions. With an average of five year 

follow up there was no significant difference of failure-free survival between the two groups, however 

there was significantly more acute urinary and bowel toxicity in the ultra-fractionated group (12).  

A large proportion of Radiation Oncology department workload consists of radiotherapy to the 

prostate (in one study 27%) (13). With increased uptake of hypofractionation there should be a decrease 

in radiotherapy wait times in jurisdictions where waits for radiotherapy exist, and for all cancer patients 

since each prostate cancer patient would spend less time on treatment (13). The switch to 

hypofractionation could decrease the cost of treatment as SBRT is less expensive to the Canadian health 
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care system than CFRT (14, 15). SBRT could reduce treatment costs by 27-55% compared with CFRT, 

and MH could account for a 22% decrease in cost (13). However, this is slightly offset by SBRT 

requiring more expensive technology (13, 16). Therefore, it follows that SBRT should be the radiotherapy 

modality of choice if studies are able to demonstrate non-inferiority to other radiotherapy techniques (1). 

Ideally patient preferences should be studied in this area to ensure they are in line with the evolving 

standard of care and changes due to cost considerations. The cost effectiveness of therapies can be 

increased by aligning care with patient preferences and utilities as this could lead to improved adherence 

and/or compliance, and therefore greater efficiency (17, 18).  

The American Urological Association (AUA), the American Society for Radiation Oncology 

(ASTRO), and the American Society for Clinical Oncology (ASCO) published a consensus paper in 2019 

that strongly recommended with high quality evidence that MH of 2.4-3.4 Gy per fraction be offered to 

prostate cancer patients with localized disease who are being treated with EBRT since MH provides 

similar prostate cancer control to CFRT (19). The paper notes that patients should be counseled about the 

small increased risk of acute gastrointestinal (GI) toxicity with MH (19). The consensus for SBRT is less 

clear due to the dearth of published RCTs examining SBRT. Currently the only SBRT phase III RCT, the 

gold standard of evidence in medicine, is a study at a centre in the United Kingdom (UK) has not yet 

reached maturity (11). The UK trial consists of two arms; non-operable patients randomized between 

36.25 Gy in five fractions (SBRT) or CFRT, and operable patients randomized between SBRT or surgery 

(11). There is moderate consensus SBRT can be considered in a clinical trial setting in patients with lower 

disease burden (19). The National Comprehensive Cancer Network (NCCN) guidelines indicate that MH 

and SBRT can be considered as an alternative to CFRT for localized prostate cancer. However, longer 

follow up and prospective multi-institutional data are required to evaluate longer-term results since late 

toxicity could be worse in hypofractionated regimens compared to CFRT (20).  

Some clinicians have expressed concern about the long-term risks of hypofractionation based on 

the variable trial findings and limited follow-up. However, there is a consensus in the literature that 
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suggests a growing trend to prescribe hypofractionated regimens (14). There is a historical trend for 

Canadian clinicians to uptake hypofractionation at higher rates than their American colleagues. For 

example, hypofractionation regimens for breast cancer have been the standard of care for several years, 

but in 2011 only 35% of American breast cancer patients were prescribed hypofractionated regimens, 

while in Canada the rate was 70% (14). The difference between the two countries may reflect the 

variances in practice due to the varying models of health care, including reimbursement methods (14). 

Additionally, since there are no clear cut guidelines for clinicians to implement SBRT for the treatment of 

prostate cancer, this may contribute to lower rates of uptake (14). Therefore, a preference study in this 

patient population can help identify groups of patients willing to be treated with MH or SBRT. 

 

Patient preferences 

Discrete choice experiments 

Patient choice has recently been an area of increasing interest, as addressed further below. 

Discrete choice experiments (DCEs) are an important method of quantitatively eliciting patient 

preferences that combine random utility theory, consumer theory, experimental design theory, and 

economic analysis (21). DCEs are surveys of hypothetical choices between two medical interventions 

(known as alternatives) and ask participants to choose their preferred option (21). DCE respondents are 

offered a series of choices (known as choice sets) and in each case are asked to choose between two or 

more alternatives (22). Each alternative is described by its characteristics (known as attributes) and the 

theoretical basis for DCEs makes the assumption that alternatives can be meaningfully described by a set 

number of attributes (21). Individuals’ valuations depend on the levels set for each of these attributes (21). 

For example, if the DCE presents two alternative drugs for relief of headaches, the attributes could be 

effectiveness in reducing headache pain, size of tablet, and side effects. The levels for the effectiveness 

attribute could include three probabilities of successful pain relief (e.g. 50%, 75%, and 100%); the levels 

for the size of tablet could be small, medium, and large; and the levels for the side effects could be minor,  
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 Drug A Drug B 

 

Chance of pain relief 

 

 

50% of people will have no headache 

 

75% of people will have no headache 

 

Size of tablet 

 

 

Small 

 

Large 

 

Risk of side effects 

 

 

Minor: upset stomach 

 

Intermediate: vomit 

 

I choose: 

 

  

Figure 1: Mock choice set of example in text for pain relief drug. 

intermediate, or major GI side effects (Figure 1). By asking participants to choose between alternatives 

with different attribute levels multiple times, DCEs represent a stated preference survey method using 

conjoint analysis to systematically examine the factors that drive individuals choices’ (22, 23). The 

relative importance of attributes, and the trade-offs that respondents make between them, can be modeled 

based on participants choices (21). A statistical model is used to analyze the influence of attribute levels 

on choice decisions, and then the relative importance of the attributes and the rate respondents are willing 

to trade between the attributes can be estimated (24, 25). The relative significance of attributes can be 

evaluated by taking a ratio of the coefficients of each possible pair of attributes, which provides the 

marginal rates of substitution (MRS) (26). For example, the MRS of attribute X for attribute Y is the 

amount of attribute X that an individual is willing to exchange for attribute Y. 

 

Rationale 

DCEs allow investigators to determine whether a health intervention or service is important to 

patients, the relative importance of the intervention’s attributes, and the trade-offs individuals are willing 

to make between these attributes (21). Patients are both the potential beneficiaries of new treatments, but 

also the ones who bear the risks associated with these treatments, and their preferences warrant 

consideration (27). There has been recent emphasis on patient-centered healthcare in regulatory and 
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policy decisions, and this has led to augmented interest in choice experiments for quantifying patient 

concerns and values (28). To date, no DCE has been conducted examining patient preferences’ for SBRT 

or MH. Conducting a DCE to determine respondents’ preferences for EBRT is ideal in the setting of 

localized prostate cancer because there are no clear guidelines for SBRT recommendations yet. 

Independent of health outcomes, cancer patients prefer treatments that are convenient (29), as there may 

be considerations such as family, work, or out-of-pocket expense. This suggests that patient outcomes can 

be optimized by considering how patients value disease and treatment-related outcomes, and other factors 

such as treatment duration and its associated implications (29, 30). Suitable prostate cancer patients with 

localized disease could be treated with CFRT, MH, or possibly SBRT. If the trade-offs prostate cancer 

patients with localized disease are willing to make for treatment convenience were quantified, then 

clinicians would be better able to counsel these patients regarding their treatment options when the phase 

III trial data become available. Therefore, a DCE is an ideal experimental design to determine patients’ 

preferences for hypofractionation, and their willingness to trade off the possible increased risk of toxicity 

and extra intervention with fiducial marker implantation, for the convenience of shorter treatment time.  

 

Objectives 

The purpose of this study was to design and conduct a DCE to measure the trade-offs patients 

with localized prostate cancer were willing to make between five attributes of EBRT: treatment length; 

fiducial marker implantation; long-term PSA control (disease-specific outcome); risk of acute GI and 

genitourinary (GU) toxicity; and risk of late GI and GU toxicity. My intent was to compare the magnitude 

of these trade-offs with clinical trials results with a goal of informing clinical practice. The target 

population was men with prostate cancer who were undergoing or had previously completed EBRT for 

localized disease.  
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Objective 1 

The first objective was to quantify the coefficient values, known as part-worth estimates, for each 

attribute to prioritize their relative importance to respondents. The null hypotheses were that the estimates 

for each attribute would not be significantly different from 0. If the null hypothesis was rejected for a 

given attribute, based on the literature that attribute could be concluded to statistically significantly play a 

role in respondents’ choices across the studied population (31). The sign of a parameter coefficient 

indicated whether the attribute had a positive or negative impact on the participants’ preferences (32). It 

was hypothesized a priori that the part-worth estimates for all the attributes would be negative as 

respondents should prefer: treatment alternatives that have a lower risk of not being effective; a lower risk 

of side effects; not to have a procedure to implant fiducial markers; and a shorter treatment time. 

Preference heterogeneity was expected to be present within the sample since one group of respondents 

may trade-off increased risk of toxicity for the benefit of shorter treatment length, while another group 

might not and prefer to minimize risk of treatment toxicity no matter the length of treatment. Several 

methods of analysis were explored to determine what respondent factors influence choice. For example, it 

was hypothesized that older respondents and those who lived further from the cancer centre would value 

length of EBRT more strongly than younger participants and those who lived closer to the cancer centre.  

 

Objective 2 

The second objective was to quantify how systematically varying the levels assigned to each 

attribute impacted the respondents’ willingness to trade-off each attribute for the ease of shorter treatment 

time (30). This trade-off is known as the marginal rate of substitution (MRS). These values would be 

compared to the known risks for MH and SBRT from the RCT literature. Additionally, theoretical EBRT 

scenarios were created and the parameter estimates for significant attributes were used to compare the 

relative ranking of these scenarios with two statistical models.  
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Objective 3 

The third objective was to assess the internal validity of the DCE via choice sets additional to the 

experimental design. Participants completed a post-DCE questionnaire to determine how they made 

choices in the DCE, explicit rankings, and a qualitative question would assess why certain attributes were 

important to participants. Participant-reported scores were compared to interviewer-reported scores for 

inter-rater consistency. Explicit ratings of the attributes were compared to the quantitative results. 

 

Thesis overview 

Following this introductory chapter, chapter 2 reviews the literature regarding the role of 

hypofractionation to treat localized prostate cancer, best methods to conduct a DCE, limitations of this 

type of study, critique of DCEs compared to other methods to elicit patient preference data, and review of 

selected published oncology DCEs. Chapter 3 is a detailed methods chapter, followed by the results in 

chapter 4, and my thesis concludes in chapter 5 with the discussion and implications of my results. 
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Chapter 2 

Literature Review 

Introduction 

This chapter has two main goals; to examine the current literature on the most effective external 

beam radiotherapy (EBRT) regimens for localized prostate cancer, and to review the papers that discuss 

best practices and current trends to conduct discrete choice experiments (DCEs), including specifically in 

the oncology patient population. Following the methods and results sections of this chapter, the 

discussion section reviews the recent randomized clinical trials (RCTs) underlying new guidelines to treat 

localized prostate cancer, and explains the theory, best methods for design and analysis, and limitations of 

DCEs. The final section reports on areas of future research and the justification for selecting a DCE to 

answer the study objectives. 

 

Methods 

Review articles published between 2016 to 2018 were searched through Pubmed using the terms; 

prostate cancer, hypofraction*, radiotherapy. Any articles identified would have their cited papers 

reviewed for phase III clinical trials and key papers. Updated guidelines by known leading organizations 

were searched in Pubmed (American Urological Association (AUA), American Society for Radiation 

Oncology (ASTRO), American Society for Clinical Oncology (ASCO), and National Comprehensive 

Cancer Network (NCCN)). 

A literature search was conducted in Ovid Medline, CINAHL, and Ovid PsychInfo for review 

methodologies published from 2009 to 2018 with any of the following terms; discrete choice 

experiment(s), discrete choice modelling, discrete choice modeling, stated preference, part-worth utilities, 

functional measurement, paired comparisons, pairwise choices, conjoint analysis, conjoint measurement, 

conjoint studies, or conjoint choice experiments. These terms are from two older reviews, first Ryan and 
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Gerard in 2003 reviewed DCEs published between 1990 to 2000, and de Bekker-Grob et al. in 2012 

reviewed DCEs published between 2001 to 2008 (1, 2). These two systematic reviews reference lists were 

reviewed to identify landmark papers for conducting DCEs. 

A literature search was conducted in Pubmed using the terms; discrete choice experiment(s) and 

prostate cancer. The systematic review of oncology DCEs by Bien et al. (3) reference list was manually 

searched to identify any other relevant oncology DCEs.  

 

Results 

The literature search on prostate hypofractionation identified 11 review articles (Figure 2). Three 

guidelines were identified based on the targeted search, two published in 2017 and one each in 2018 and 

2019 (Figure 2). 

The literature search on DCEs found 153 articles with five duplicates, and of the 148 original 

articles 42 were included (Figure 3). The included articles were determined after screening abstracts for 

studies that focused on best current methods to design a DCE or that identified any issues with conducting 

a DCE and how best to resolve them. Additional papers were identified to supplement the original 

electronic search by manually reviewing the reference lists of articles retrieved from the databases. 

Five DCEs conducted with prostate cancer patients were identified from this literature search. A 

further three DCEs conducted with cancer patients and deemed relevant to this study were included for 

the discussion of oncology DCEs in this chapter. 
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Figure 2: Flow chart of literature review for hypofractionated prostate cancer radiotherapy. 

 

Figure 3: Flow chart of DCE literature review. 
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Discussion 

Treating localized prostate cancer with radiotherapy 

Localized prostate cancer is divided into three main risk groups; low, intermediate, and high. This 

is based on Prostate Specific Antigen (PSA; an enzyme that is secreted by prostatic cells) level, pathology 

findings, and tumour extent at time of diagnosis (4). The risk groups are linked to prognosis, and help 

health care practitioners determine the best treatment(s) to recommend to patients (4). For example, active 

surveillance is only recommended to low risk prostate cancer patients, while the combination of EBRT 

with ADT is usually only recommended to high risk prostate cancer patients (4). EBRT can be used as the 

sole treatment for low and intermediate risk disease. Recurrence is monitored for via a blood assay for 

PSA (4). If a biochemical recurrence has occurred testing for metastatic disease and/or further therapy is 

likely necessary (4). 

EBRT is an effective method for treating localized prostate cancer, however there are risks of side 

effects from this therapy. This includes toxicity to organs near the prostate, known as ‘organs at risk’ 

(OARs), specifically the bladder and rectum. Early side effects are defined as acute toxicity that develops 

and resolves within three months of radiotherapy. Long term side effects are defined as late toxicity that 

develops at any point three months post EBRT, and may affect either organ (5). The Radiation Therapy 

Oncology Group (RTOG) defined the grades of toxicity for each OAR (6). Toxicity is graded on a scale 

of 0 (no toxicity) to 5 (death from the toxicity), with grade 2 toxicity considered moderate (6). 

Intensity-modulated radiation therapy (IMRT) was developed in an attempt to decrease toxicity 

by delivering radiation from several beam angles and dynamically varying the shape and intensity of the 

beams to decrease dose delivered to OARs (7). Several comparative studies have reported a reduction in 

acute and late toxicities with IMRT compared to conventional 3-Dimensional conformal radiotherapy 

(3DCRT) (7). Image-guided radiation therapy (IGRT) has been incorporated to increase the accuracy of 

radiotherapy by enhancing the target definition. This results in better localization of the prostate with 

computed tomography (CT) imaging to verify patient position prior to delivery of radiotherapy (7). 
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Highly conformal IMRT with image guidance resulted in high doses of radiotherapy becoming the current 

standard of care by reducing radiation related side effects (7). However, dose escalation has been 

achieved through increasing the number of fractions, leading to prolongation of treatment time, increased 

hospital visits for patients, greater departmental workload, and higher costs (8).  

A review article published in 2016 explored the history of conformal radiotherapy techniques 

enabling safer delivery of higher doses of radiation to the prostate (7). The current standard fractionation 

dose of up to 80 Gray (Gy) is known as ‘dose escalated’, delivered in daily 2 Gy fractions called 

conventionally fractionated radiotherapy (CFRT). Dose escalated radiotherapy increased grade 2 or 

greater acute and late GI and GU toxicity compared to the previous traditional doses of up to 70 Gy (7). 

However, dose-escalated radiotherapy was accepted as the new standard of care as the dose-escalated 

regimens consistently demonstrated improved disease free survival (DFS) in at least five RCTs (7).  

Besides EBRT, another method of delivering radiotherapy exists called brachytherapy, which 

consists of radioactive implants inserted into and around the tumour. Brachytherapy is a second method of 

delivering a dose boost directly to the tumour after a patient receives a lower conventionally fractionated 

dose to the pelvis via EBRT, usually 46 Gy (9). In 2017 Cancer Care Ontario (CCO) and the American 

Society of Clinical Oncology (ASCO) updated their guidelines and indicated for suitable intermediate or 

high risk prostate cancer patients treated with EBRT, a boost with brachytherapy should be offered as 

standard of care, and eligible patients with low risk disease can be treated with brachytherapy or EBRT 

alone (10). In an RCT with 9 years of follow up that compared two methods of dose escalation (EBRT to 

78 Gy compared to 46 Gy with EBRT plus a brachytherapy boost) the biochemical failure was higher for 

the arm without a brachytherapy boost. There was no difference in severe (grade 3 to 4) late GI toxicity, 

however there was significantly more severe late GU toxicity in the brachytherapy boost arm (9). 

Clinical studies suggest prostate cancer has biologic characteristics that make it more sensitive to 

larger doses of daily radiotherapy, known as hypofractionation (7). This technique achieves better tumour 

kill while delivering an isoeffective dose to the prostate (7). Hypofractionation should achieve similar late 
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toxicity compared to CFRT (7, 11). Therefore, hypofractionation is an attractive means of dose escalation 

without prolonging treatment time (7). Recently, moderate hypofractionation (MH) regimens (2.4-4 Gy 

per fraction) have been investigated in several international multi-centre Phase III clinical trials 

comparing MH to CFRT (5, 12-14). These trials have demonstrated that disease-related outcomes are 

quite similar between approaches, but toxicity outcomes differ among the studies.  

There are four superiority trials that together only provide weak evidence that MH can improve 

efficacy compared to dose escalated EBRT, as only the two smallest studies were positive (15). The 

HYPRO study is the largest superiority study and randomized 804 patients with intermediate or high risk 

disease to CFRT or MH (64.6 Gy in 19 fractions; 3.4 Gy per fraction) (14). This trial was negative as 

there was no statistical difference between the five year relapse free survival between the two arms (MH 

77.1% vs. CFRT 80.5%) (14). Combined with the three other smaller superiority trials (Arcangeli et al., 

Hoffman et al., and Pollack et al.) there was no demonstrated difference in efficacy after five years based 

on metastasis-free, cancer-specific survival, or overall survival (8). The HYPRO trial found the incidence 

of acute GI and late GU toxicity was significantly higher in the MH arm (14). However, the other three 

randomized superiority trials did not demonstrate any significant difference in toxicity between the CFRT 

and MH arms, and the dose per fraction ranged from 2.4-3.1 Gy (15). Based on the HYPRO trial findings 

a MH regimen of 3.4 Gy per fraction could not be recommended (15).  

The CHHiP trial is the largest non-inferiority RCT and concluded there was no difference in five 

year biochemical failure-free survival between the MH (60 Gy in 20 fractions, 3 Gy per fraction) and 

CFRT arms (90.6% and 88.3%) (5). Regarding toxicity the only significant difference was acute GI 

toxicity, which was 38% in the MH arm and 25% in the CFRT arm (5). The RTOG 0415 non-inferiority 

study found the MH arm (70 Gy in 28 fractions, 2.5 Gy per fraction) to be non-inferior to CFRT for five 

year disease free and biochemical recurrence survival (86.3% vs. 85.3%) (13). With regards to toxicity 

the MH arm had significantly higher late grades 2 to 3 GI (22.4% vs. 14.0%) and GU (29.7% vs. 22.8%) 

toxicity (13). The PROFIT non-inferiority trial demonstrated no difference in efficacy between the MH 
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(60 Gy in 20 fractions) and CFRT arms (12). Acute GI grade 2 or greater toxicity was significantly higher 

in the MH arm (16.7% vs. 10.5%), however conversely late GI grade 2 or greater toxicity was 

significantly lower in the MH arm (8.9% vs. 13.9%) (12). In summary, there may be up to a 6% to 10% 

increased risk of moderate acute and late GI and GU toxicity for MH compared to CFRT. 

Two review papers recently examined the hypofractionation trials, and concluded MH regimens 

of 2.5 to 3 Gy per fraction for localized prostate cancer is safe, effective, and non-inferior to CFRT (8, 

15). In regimens of 3 Gy per fraction or higher more acute toxicity is observed, though late GI and GU 

toxicity is similar between MH and CFRT (15). All of the reviewed RCTs compared MH regimens 

(usually 60 Gy in 20 fractions) to CFRT regimens that varied in each paper but ranged from 73.8 to 80 Gy 

in 37 to 42 fractions (seven and a half to eight and a half weeks) (15). Overall, the superiority trials 

included less than 1500 men, while the three large non-inferiority trials enrolled more than 5000 men 

(15). The review papers concluded that based on these trials MH at around 3 Gy per fraction could be 

considered standard of care for localized prostate cancer (8). 

Stereotactic body radiotherapy (SBRT) is an advanced radiotherapy technique that requires IGRT 

to ensure the highly conformal dose is delivered accurately to the target volume, and that toxicity to 

OARs is minimized at each treatment (fraction) by accounting for daily changes in anatomy and 

positioning (16). When SBRT is used to treat localized prostate cancer IGRT is usually achieved by 

transperineally inserting fiducial markers into the prostate via ultrasound guidance (16). This is an 

outpatient procedure done with local anesthetic and the fiducial markers are usually gold and permanently 

remain in the prostate (16). 

SBRT clinical trials have demonstrated excellent long-term results as the eight year biochemical 

failure rate was only 5.0% in two phase II trials (11). In the largest cohort treated with SBRT the 10 year 

biochemical disease-free survival was 93.6% for low risk disease, and at 8 years was 94.3% for 

intermediate and 94.6% for low risk disease (11). Severe GU and GI side effects (RTOG grade 3 or 

worse) were rare. A review paper that pooled 835 patients with a median follow up of 63 months found 
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severe acute side effects were 0.6% and 0.3% for GU and GI toxicity respectively, and in the late term 

were 2.6% for GU and 1.0% for GI toxicity (11). A pan-Canadian propensity-based analysis matched and 

compared the outcomes for 602 low-risk prostate cancer patients treated with SBRT, CFRT, or 

brachytherapy (11). With an average of over five years of follow up there was no significant difference 

between those treated with SBRT and brachytherapy, though SBRT patients had significantly lower 

biochemical failure compared to EBRT patients (11). However, a review paper published in 2017 noted 

that outcomes were likely worse for intermediate and high risk patients, as pooled data from 1 100 

patients treated at eight institutions in two phase II trials found the five year freedom from biochemical 

failure rate was 95.2% for low risk, 84.1% for intermediate risk, and 81.2% for high risk disease (17). 

A recently published phase III RCT compared intermediate and high-risk prostate cancer patients 

treated with CFRT 78 Gy in 2 Gy per daily fraction over 8 weeks, or ultra-fractionated radiotherapy 42.7 

Gy in 6.1 Gy fractions with 3 fractions given weekly over 2.5 weeks (18). The failure free survival rate 

after five years of follow up was the same in both arms (84%) (18). In the ultra-fractionated arm there was 

a significant difference of 5% increased acute, and 4% late, GU toxicity that was grade 2 or worse (18). 

 The 2019 summary guideline published by ASTRO, ASCO, and AUA clearly supported MH as a 

new standard of care when EBRT is selected to treat localized prostate cancer (19). The guideline was not 

as clear or supportive for SBRT (19). There is currently one phase III RCT with maturing data to examine 

SBRT to treat localized prostate cancer as noted in chapter 1, however until the data are published 

clinicians will continue to have reservations about prescribing SBRT in this patient group off trial. 

Additionally, even for MH, long-term data to examine late toxicity are not yet available, which may make 

some clinicians hesitant to prescribe MH. It is important to determine patient preferences and opinions 

regarding toxicity, and if participants would trade-off potentially increased toxicity for the benefit of 

reduced treatment time. 
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Theory of discrete choice experiments 

There are two main underlying theories of DCEs. First is Lancaster’s theory of value that argues 

individuals view an alternative as a combination of its separate partial utilities for each attribute (X) to 

make up the total utility (U) (20). It is assumed a reasonable individual would choose the alternative that 

yields their highest individual benefit, known as utility. This theory argues that an individual should 

choose alternative A over B if: 

Equation 1 

where U represents the individual’s total utility function based on the presented alternatives with certain 

attributes and levels, XA represents the attributes and levels in alternative A and XB the attributes and 

levels of alternative B, and Z represents the characteristics of the individual (e.g. socioeconomic) that 

influence their decision (20). The distinct choices observed in a DCE are assumed to reveal an underlying 

(latent) utility function.  

The second theory is random utility theory (RUT), where the value individuals place on an 

attribute is composed of an explainable (systematic) and an unexplainable (random) component (20). The 

explainable component is the attributes in the DCE, and the unexplainable is unobserved factors unknown 

to the researcher (20). Therefore, the error term due to unknown factors that influences respondents’ 

decisions needs to be included in the utility function. Thus, a respondent will choose alternative A over B 

if: 

Equation 2 

where V is the measurable or systematic component of utility estimated empirically, and ε reflects the 

unknown factors.  

A statistical model is used to analyze the influence of attribute levels on choice decisions, and 

then the strength of preferences for the attributes and attribute levels can be estimated (21). The relative 

significance of attributes can be evaluated by taking a ratio of the coefficients of each possible pair of 
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attributes to provide MRS values (20). The MRS analysis provides important interpretation of the results 

that are relevant for clinical practice as the parameter estimates are not intrinsically interpretable (22).  

 

Methodology of discrete choice experiments 

 In this section I review key guidelines for designing DCEs, seminal systematic reviews and 

papers in DCEs, and crucial DCEs conducted in the field of oncology pertinent to my study. I then use 

these papers to provide an overview of the steps involved in conducting a DCE. 

 

Guidelines 

The International Society for Pharmacoeconomics and Outcomes Research (ISPOR) has 

published three guidelines for DCEs. The first paper published in 2013 was a checklist to facilitate and 

endorse good research practices for the application of conjoint analysis in the health care setting (23). The 

second guideline published in 2013 summarized and compared several approaches for constructing 

experimental designs to assist researchers in evaluating the best approach for their research question (24). 

The third paper was published in 2016 and contrasted and reviewed several methods of statistical analysis 

(21). The next sections in this chapter outline the key parts of a DCE based on these guidelines. Any 

issues identified in the literature and how to resolve them are discussed in detail as they were applied to 

the development of my study’s methods and are expanded upon in chapter 3.  

 

Preference-based studies quality assurance 

 The checklist for good research practice published by ISPOR included 10 broad ‘steps’ for DCEs: 

(1) define research question and the study’s context; (2) set the attributes and levels; (3) construction of 

tasks, (4-5) experimental design and preference elicitation occur simultaneously and are inter-related; (6-

7) instrument design and data collection; (8-9) statistical analyses, results, and conclusions; and finally 

(10) study presentation (23). Bridges et al. provide a solid introduction to the overall approach to 
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designing and implementing a DCE, though there was limited discussion about each stage of the DCE 

process (23).  

 A 2013 scoping review by Joy et al. developed a quality assessment checklist for preference-

based studies (25). This novel checklist, PREFS, has five criteria and stands for; Purpose, Respondents, 

Explanation, Findings, and Significance (25). Joy et al. reported that there were no universal standards to 

review preference research. This paper found of the 61 included studies only one met all five of their 

quality standards, while 12 studies met four of the criteria (25). This may reflect poor quality across this 

field of study, or unfortunately the authors did not routinely include this checklist information in their 

write ups. This may have occurred because this information is not a requirement or part of a common 

guideline, and they did not expect their work to be included in a systematic review (25). Additionally, this 

method of quality assessment may need to be improved as it has not been validated, and the authors 

indicated next steps included a task force to validate a suitable instrument for assessing quality and risk of 

bias in preference studies (25). The contents of these checklists are discussed in future chapters as they 

were utilized as an initial planning tool to develop a broad framework for my DCE and to support good 

research practice.  

 

Health care DCE literature reviews 

Three systematic reviews have compared the design of published DCEs in different time periods. 

Ryan et al. discussed the application of DCEs during 1990 to 2000, de Bekker-Grob et al. updated this 

paper by reviewing the literature between 2001 to 2008 and comparing their results to Ryan et al.’s 

findings, and Clark et al. reviewed 149 DCEs published between 2009 to 2012 and compared trends to 

DCEs discussed in the first two reviews (1, 2, 26). The focus of de Bekker-Grob’s paper was 

experimental design, estimation procedures, and validity of responses (1). I discuss these three papers in 

the context of changes in practice and the trends in health care DCEs for the issues identified in the next 

sections. After completion of this search a fourth systematic review with identical criteria was published 
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in 2019 that reviewed the literature between 2013 and 2017 (27). This most recent paper which was 

published after this study was not used to design the DCE and is not discussed further. 

 

Oncology DCEs 

In this section I provide an overview of DCEs completed in the field of oncology that are relevant 

to my study. I first discuss a systematic review and three pertinent examples of non-prostate cancer 

oncology DCEs. All DCEs involving prostate cancer patients published in English are then critiqued as 

the included attributes, and magnitude and significance of part-worth estimates, were important to 

consider in the design phase of my study (Table 1). 

A systematic review by Bien et al. identified 28 DCEs conducted to elicit cancer patients’ 

preferences for treatment between January 2010 and April 2016 (3). There were 29 DCEs published in the 

PubMed database in this area of oncology since May 2016. This higher number in a shorter time frame 

indicates DCEs are increasing in popularity. Bien et al.’s review found 56% of the included studies 

received a score lower than 4 on the PREFS 5-point scale (3). The highest proportion (70%) of included 

attributes were related to outcome (treatment effectiveness and adverse effects) and had the highest 

likelihood of being significant to patients’ choices (81%). Treatment process and cost attributes were 

included in the studies less often (25% and 5% respectively), but are generally still important to 

respondents as 73% and 67% respectively of these attributes were significant (3). With regards to my 

study, this would indicate the three risk attributes for PSA recurrence and toxicity were likely to be more 

important to participants, though the treatment process attributes (corresponding to length of EBRT and 

fiducial markers implantation) tended to be significant when they are included in DCEs.  

 

Non-prostate cancer specific oncology DCEs 

In 2014 Havrilesky et al. conducted a DCE out of Duke University that found women with 

advanced or recurrent ovarian cancer were willing to trade-off progression free survival (PFS) for the 
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benefit of decreased treatment related toxicity (28). Interestingly, this study also elucidated patient 

preferences with ratings and rankings of the attributes (28), which was duplicated in my study to compare 

the quantitative DCE findings to this ranking information. The efficacy attribute was PFS because the 

primary endpoint in trials is usually PFS (28), which was interesting as I also based attributes and levels 

from clinical trial findings. 

In 2015 Muhlbacher and Bethge conducted a DCE in Germany to determine patient preferences 

for treatment of non-small cell lung cancer (NSCLC). This study found respondents had strong preference 

for PFS and relief from tumor associated symptoms, while mode of administration was less important but 

still significant (29). This is noteworthy for my study as it demonstrated the treatment process was 

significant to patient decisions, and the importance of collecting socioeconomic status (SES) information 

as three groups of preference selection based on patient factors data were identified (29).  

In 2015 de Bekker-Grob et al. conducted a DCE in the Netherlands for surgical management of 

esophageal cancer that demonstrated patients were willing to trade-off some 5-year survival for an 

improvement in quality of life after surgery (30). This was a well-designed study that provided evidence 

in oncology that survival was not the only consideration for patients’ curative treatment decisions.  

 

Prostate cancer specific DCEs 

Table 1 details the five DCEs conducted with prostate cancer patients, the final two rows are 

qualitative studies completed with this patient population and are discussed in chapter 3.  

King et al. found that respondents were willing to trade off several months of survival benefit to 

avoid GI and GU side effects that could be expected from EBRT (31). The parameter estimates for the 

‘mild’ levels of erectile dysfunction, loss of libido, and fatigue attributes were not significant, and 

interestingly corresponded to the actual level of toxicity expected from EBRT (31). The specific attributes 

and parameter estimates are found in Table 1. These findings provided some evidence that fatigue and 

sexual side effects did not need to be included as attributes in my study. This study also demonstrated that 
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Table 1: Five DCEs and two qualitative preference studies for prostate cancer treatment. 

Authors Year Study description Attributes/ characteristics Coefficients  

King et al. 2012 DCE in Australia with 

prostate cancer patients who 

are recurrence free 3 years 

after treatment and a random 

sample of age matched 

controls exploring 

importance of attributes 

decision between EBRT, 

ADT, and surgery. Negative 

values indicate no side 

effects were preferred. 

- Urinary leakage 

- Mild4  

- Severe5  

- Urinary blockage 

- Mild4  

- Severe5  

- Erectile dysfunction 

- Mild 

- Severe 

- Loss of libido 

- Mild 

- Severe 

- Bowel symptoms 

- Mild4  

- Severe5  

- Fatigue 

- Mild  

- Severe 

 

 -0.20 

 -1.33 

 

 -0.23 

-1.08 

 

 NS 

 -0.30 

 

NS 

 -0.21 

 

NS 

 -1.23 

 

 NS 

-0.62 

de Bekker-

Grob et al. 

2013 DCE in Europe with prostate 

cancer patients with localized 

disease and urologists 

comparing surgery, EBRT, 

and active surveillance. The 

patient group’s parameter 

estimates for EBRT are 

listed. The negative values 

indicate less risk is preferred 

and that active surveillance is 

preferred to EBRT by 

patients. 

- Risk of urinary incontinence5 

 

- Risk of erectile dysfunction 

 

- EBRT alternative specific  

- Substantial risk of 

bowel problems and 

frequent urination5 

- Main aim is cure 

- Once a year PSA 

testing with no risk of 

new biopsies 

-0.18 

 

NS  

 

-5.33 

Howard et 

al. 

2014 DCE in Australia to 

determine preferences for 

PSA screening to detect 

prostate cancer; population 

was men aged 40-69 (split 

into three age groups: 40-59; 

50-59; and 60-69 years old). 

Part-worth utilities varied 

significantly based on age, 

younger men more strongly 

preferred less toxicity 

(parameter estimates larger 

in magnitude). 

- Men who will die from 

prostate cancer3 

 

 

- Men diagnosed with prostate 

cancer including over-

diagnosed 

 

- Unnecessary biopsies2 

 

 

 

- On-going impotence 

 

- Ongoing urinary 

incontinence or moderate-

severe bowel problems5 

40-59: 0.63 

50-59: 0.40 

60-69: 0.08 

 

NS  

 

 

 

40-59: NS 

50-59: -0.17 

60-69: -0.06 

 

NS 

 

40-59: -2.07 

50-59: -0.54 

60-69: -0.17 
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- Approximate out of pocket 

expense1 

  

-0.1  

(mean score) 

Eliasson et 

al. 

2017 DCE in Europe conducted 

with metastatic prostate 

cancer patients to determine 

hypothetical treatment 

preferences by determining 

attribute importance and 

calculating trade-offs 

participants were willing to 

make. A larger part-worth 

magnitude means an attribute 

was more important to 

participants’ decisions.  

1. Bone pain 

 

2. Fogginess 

 

3. Time before chemo needed 

 

4. Possible drug interactions 

 

5. Fatigue 

 

6. Food restrictions related to 

treatment 

2.49 

 

0.75 

 

0.55 

 

0.33 

 

0.31 

 

NS 

Nakayama et 

al. 

2018 Japanese DCE; patients with 

advanced and non-advanced 

prostate cancer that included 

attributes for a general 

treatment. Patients ranked the 

attributes and these results 

agreed with the quantitative 

findings (larger magnitude 

indicates higher importance).  

1. Treatment accessibility1 

 

2. Quality of life4,5 

 

3. Side effects4,5 

 

4. Treatment effectiveness3 

0.507 

 

0.340 

 

0.262 

 

0.182 

Feldman-

Stewart et al. 

2004 Interview, listing, and trade-

off exercises conducted in 

Canada to determine 

important characteristics to 

patient’s treatment decision 

for localized prostate cancer; 

10 were identified as the 

most important; median 4 per 

participant. 

1. Effect on bladder functioning4,5 

2. Chances of PSA rising3 

3. Procedure1,2 

4. Effect on sexual functioning 

5. Chances of dying of cancer3 

6. Effect on length of life3 

7. Effect on quality of life1,2,4,5 

8. How treatment works1,2 

9. Doctor’s advice 

10.  Effect on bowel (colostomy)5 

Helou et al. 2016 Interviews with newly 

diagnosed localized prostate 

cancer patients in the United 

States to identify categories 

important to participants’ 

treatment decision; listed 

categories pertinent to EBRT 

in Canada; most frequently 

disliked EBRT due to long 

duration. 

- Evidence of treatment for cure3 

 

- Likelihood of side effects4,5 

 

- Duration of treatment, loss of income, travel 

expense1 

 

- Length of recovery4 

 

- Recommendations and general preferences 

Parameter estimates with coefficients in parentheses for the DCEs; NS: not significant. Superscript 

numbers refer to related attributes in my DCE: 1length of radiotherapy, 2fiducial markers implanted, 3risk 

of PSA recurrence within 5 years of treatment, 4risk of acute moderate GI and GU toxicity, and 5risk of 

late moderate GI and GU toxicity.   
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including men without a diagnosis of prostate cancer in the sample resulted in preference heterogeneity, 

indicating men without prostate cancer may make different decisions than men diagnosed with prostate 

cancer. This finding reduced the external validity and ability to implement the results in clinical practice. 

de Bekker-Grob et al. demonstrated in their DCE that for the prostate cancer patient group only 

one attribute - ‘risk of urinary incontinence’ - was significant for the radiotherapy alternative (32). This 

finding suggested that GU toxicity is significant for radiotherapy patients and should be an included 

attribute in my study. This DCE demonstrated urologists had different preferences than prostate cancer 

patients (Table 1). Since the goal of my DCE was to quantify the trade-offs patients are willing to make 

and are not concerned with physician beliefs about patient preferences, thus only prostate cancer patients 

were included in my study.  

Howard et al. demonstrated the attribute part-worth estimates for unnecessary biopsies and GI 

and GU side effects varied by age and were larger for younger men (33). This indicated younger 

respondents had stronger preference to avoid these attributes than older men (33). This finding was 

important for my study as it indicated respondent age should be tested for any interaction with toxicity 

and treatment process attributes (Table 1). 

Eliasson et al. conducted a large comprehensive DCE that found management of cancer 

symptoms was important to patients, even compared with potential increased treatment toxicity (34), in 

the metastatic castrate resistant prostate cancer population regarding their hypothetical treatment 

preferences (34). A larger value indicated the specified attribute was more important to respondents’ 

decisions. For example, avoiding bone pain from metastases was overall more important to respondents 

than the risk of experiencing fogginess as a symptom. This was pertinent to my study as it provided some 

evidence that prostate cancer patients were willing to accept increased toxicity if they could be guaranteed 

what they consider a beneficial outcome (Table 1).  

Nakayama et al.’s DCE found opposing preferences between the included groups. This indicated 

only patients with localized prostate cancer and experience with EBRT should be included in my study to 
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improve the interpretation of the results in the correct context. As in Havrilesky et al.’s study the ranking 

and quantified DCE results agreed with each other and provided a good method to assess the validity 

(Table 1). 

 

Attribute selection 

A range of attributes relevant to the clinical context should be included in a DCE, and ideally 

these ought to be identified from multiple sources, such as review of the literature and interviews with the 

target population (23). Researchers should strike a balance between characteristics important to 

respondents and what is relevant to the particular decision-making environment (23). The Clark et al. 

systematic review found a trend towards DCEs including more attributes, with the average 4-6 attributes 

as found in earlier studies but with a higher proportion of studies including 7-9 attributes (26). Next, 

consultation with experts and qualitative or preliminary studies with patients can be used to determine the 

final set of key attributes (23). Qualitative methods involving the target population can improve the face 

validity of the planned DCE (1). Helter et al. indicated there are four steps for attribute selection: (1) raw 

data collection; (2) data reduction to the upper limit of 6-7 attributes to minimize the burden on 

respondents; (3) removing inappropriate attributes; and (4) wording (35). Ryan et al. reported appropriate 

attributes should be salient to patients and/or policy makers, plausible, and capable of being traded (2). In 

an expert overview Coast et al. added four further criteria to Ryan et al.’s such that attributes: should 

include all those important for an individual to make their decision; not too close to the latent construct of 

the DCE; cannot have such a large impact on the decision that based on the level of this attribute the 

choices become deterministic; and must be experimentally manipulatable (36). Attribute selection is a 

multi-step process that requires an extensive literature review, discussion with experts and patients, and 

careful thought about the final language used to describe the attributes. 

Attributes were selected based on a literature search in all the selected oncology DCEs (studies 

highlighted in the previous section), qualitative interviews with participants in four of the eight studies, 

interviews with care givers in only one, and interviews with clinical experts in seven (28, 30-34, 37). 
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Experts were asked what would be relevant to patients and the context of previous findings from clinical 

trials. The number of attributes selected varied from four to eight. All of the selected oncology DCEs first 

conducted a pilot study in an interview-based setting, size ranging from 5 to 12, to assess interpretation 

and validity (28-30).  

 

Level selection 

The levels for each attribute should be relevant to the target population and can include plausible 

and/or hypothetical levels, though improbable level ranges could result in respondents’ rejection of a 

choice decision (23, 38). Two of the oncology DCEs set the levels based on data from randomized 

clinical trials (28, 32). Levels do not need to be clinically possible as participants can be told the levels 

describe possible future options (38). All studies had two to four levels per attribute, which is consistent 

with the suggested range (28, 30-34, 37). 

Level ranges should be wide enough to induce trade-offs away from strongly preferred attributes 

such as efficacy (38). If a wider range is used for continuous attributes this can lead to higher importance 

being placed on that attribute (39). Levels are generally within one standard deviation (SD) of the mean, 

or include values from within an interquartile range, and evenly spaced attribute levels can be useful for 

interpreting the estimated effects of numerical attributes (40).  

 

Experimental design 

The experimental design is a key component of conducting a DCE. A full factorial design 

includes all possible combinations of attributes (A) and levels (L) which gives LA possible alternatives 

(1). For example, a DCE with four attributes each with three levels results in 81 potential combinations of 

attributes and levels. A fractional factorial design consists of a smaller sub-set of choice sets are selected 

using research design principles (e.g. balance and orthogonality). This creates a DCE experimental design 

that can obtain sufficient information about the trade-offs between each attribute while also minimizing 
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respondent effort (1). D-efficient designs allow researchers to assume a priori that parameters are equal to 

zero, or to use prior assumptions from a literature search or pilot study data (1). When there is uncertainty 

over the prior assumptions for the parameter estimates a Bayesian efficient design (resulting in a Db-error) 

is recommended (41). 

 

Construction of choice sets 

Choice sets are the mechanism by which profiles are presented to respondents. Each choice set 

consists of two alternatives (in a forced choice DCE) or two alternatives and an opt-out option. There are 

numerous ways to design these choice sets and based on the purpose and target population of the 

preference study the best method can be deduced by researchers (41). Statistical and response efficiency 

must be balanced in DCEs. Statistical efficiency is improved by asking many difficult trade-off questions, 

and response efficiency is improved by asking a smaller number of comparatively easier trade-off 

questions (24).The optimal amount of choice sets depends on the number and complexity of the attributes, 

and the target population (23). Doubling the number of choice sets from 10 to 20 per respondent is more 

effective than increasing the precision of the survey with twice the number of respondents (42). However, 

this must be balanced with cognitive fatigue as when more than 20 choice sets were included in conjoint 

analysis surveys the respondents tended to complete the questionnaires much faster and reliability was 

lost (42). From among the relevant oncology studies Muhlbacher and Bethge reduced the cognitive 

burden on the participants who had stage IV NSCLC by systematically overlapping the ‘moderate’ 

attribute levels to ensure the number of differences respondents had to evaluate was reduced in each 

choice set (29). My study aimed to include less than 20 choice sets per respondent and allowed overlap of 

levels to reduce the cognitive effort for respondents. 

Statistical and response efficiency can be balanced by incorporating blocking into the 

experimental design (24). Blocking is where each respondent randomly answers only a portion of the 

entire choice set of questions that the researcher included in the experimental design (24). For example, in 
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de Bekker-Grob et al.’s esophageal cancer and Muhlbacher and Bethge’s DCEs they divided 24 choice 

sets over two versions of the questionnaire (12 choice sets per participant) (29, 30). Interestingly, 

Havrilesky et al. generated 120 choice sets and blocked them into 10 questionnaire versions (28). 

Blocking increases response efficiency by reducing the cognitive effort for respondents, however the 

limitation of this was the desired statistical property of no correlation among attribute levels may not hold 

for each block due to disruptions to orthogonality and balance (24). Of note, more recent studies tend to 

present more choices per respondent with the highest proportion of DCEs presenting 9 to 16 choice sets 

(26). From the relevant oncology DCEs Howard et al.’s study had 15 choices sets per participant (33).  

All the selected oncology DCEs reported using the experimental design methods discussed in the 

ISPOR paper (24). The de Bekker-Grob et al., Muhlbacher and Bethge, and Howard et al. studies used 

Ngene software to generate designs that were highly efficient (maximized D-efficiency or minimized D-

error) (29, 30, 33). Havrilesky et al. used Sawtooth Conjoint Value Analysis designer to generate the 

paired alternatives for the choice sets using a balanced-overlap experimental design (28). Eliasson et al. 

and King et al. used orthogonal fractional factorial design with combinations paired with fold-over that 

resulted in 18 choice sets with two hypothetical scenarios per choice question in the Eliasson et al. study, 

and 18 choice sets with three versions in the King et al. study (31, 34). These latter methods are now 

considered outdated and recent DCEs utilize design software such as Ngene, which is further detailed in 

chapter 3 as part of my methods (26). 

 

Opt-out or status quo alternatives 

The inclusion of an opt-out option (neither, status quo, or no treatment) helps prevent a 

respondent making a forced choice (i.e. one of the alternatives must be chosen), which can falsely 

increase the strength of preference associated with any of the alternatives (43). Lancsar and Louviere 

instruct that the types of choice formats must be evaluated carefully and should simulate the actual choice 

of interest as closely as possible, for example whether a binary option or including an opt-out alternative 
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would be most realistic for the situation at hand (40). Allowing respondents to opt-out and select no 

alternative, or a status quo option with set levels for each attribute, should be considered. However, if in 

the real world patients would have to select one of the alternatives in the scenario, then no opt out is 

required and a forced choice analysis would have more easily interpretable results (40). If the opt-out 

option is selected by the majority of the participants there is the risk of not obtaining sufficient 

information on preferences to estimate the statistical model (43). From the relevant oncology DCEs 

Howard et al.’s study had an opt out (no screening) option and was the only one examined oncology study 

that did so (33). Since PSA screening is not recommended to the general population, unlike the treatments 

to the target population of cancer patients in the other DCE studies, an opt-out option was ideal in that 

scenario. 

 

DCE type: Generic vs. labelled 

A generic DCE is one in which the alternatives are unlabelled, such that the choice set offers two 

scenarios that only differ in terms of the specified attributes and levels (20). For example, each alternative 

is only labelled by A or B and described by the attribute labels. An alternative-specific DCE compares 

labelled alternatives that have meaning to the participants (20), such as in de Bekker-Grob et al.’s prostate 

cancer DCE where one alternative is always surgery and the other is always radiotherapy (32). The 

benefit of a labelled DCE is the participants are familiar with the context of the scenarios which reduces 

the cognitive burden, however this may lead to participants ignoring the trade-offs between the specified 

attributes in the DCE and instead using unknown attributes or personal biases to make their choice (20). 

For example, a participant believes they would never want surgery they may select the radiotherapy 

alternative in each choice set. Therefore, the generic version is more common in health services literature 

and the rest of the selected oncology DCEs were generic (20).  
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Sample size 

The minimum sample size to estimate models based on DCE data has many approaches in the 

literature. In Orme’s seminal paper he noted for investigational work and developing hypotheses between 

30 and 60 respondents is a plausible sample size (44). Orme also proposed a rule of thumb for minimum 

required sample size that used the number of choice sets, number of alternatives per task, and the largest 

number of levels for any one attribute (44). Muhlbacher and Bethge used this reasoning in their oncology 

DCE to determine the minimum required sample size (29). Leaders in the field Lancsar and Louviere 

report in their experience 20 respondents per questionnaire version was able to estimate reliable models 

(40). However, if there was significant post hoc analysis to identify co-variate effects then a larger sample 

size would be required (40). Eliasson et al. targeted 300 participants as per the ISPOR paper 

recommendation, but had difficulty reaching this target and ended up recruiting 285 participants (34). In 

the prostate DCE de Bekker-Grob et al. reported at least 40 to 100 participants were sufficient for reliable 

statistical analyses (32). There are disadvantages to using rules of thumb to calculate sample size as they 

are not always accurate or reliable since they do not consider parameter effect sizes (45). 

A minimum sample size can be calculated based on Rose and Bliemer’s parametric approach, 

where one assumes that the estimated coefficient is normally distributed (46). This approach focuses on 

the minimum sample size required based on the most “critical” parameter, in other words a minimum 

sample size is provided for each parameter (46). This parametric approach can only be used if prior 

parameter estimates are available and not equal to zero (46). Rose and Bliemer’s approach may be more 

reliable than rules of thumb, however it is not specific to a certain hypothesis and does not depend on a 

desired power level (45). 

To determine the optimal sample size a systematic review by de Bekker-Grob et al. indicated that 

there were five required elements: (1) significance level; (2) power level; (3) statistical model used; (4) 

initial belief about parameter values (requires pilot study); and (5) DCE design (45). The ability to recruit 

participants tends to be limited in health care settings as there are only a set number of eligible 
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individuals, and helpfully this paper provides a method to calculate minimum required sample size based 

on the desired power and significance level, as well as the power level based on a certain sample size (24, 

45). From the relevant oncology studies Havrilesky et al. reported their sample size of 95 (consented 100 

initially) was sufficient to demonstrate statistical significance for six of the seven attributes, though a 

larger sample size would have provided tighter confidence intervals (CI) and additional power to make 

comparisons between groups (28). This approach is most statistically sound as an investigator is able to 

calculate the power and significance of their study. 

 

Analysis approach in DCEs 

In DCEs the impact of each attribute is the independent variable and the participants’ choices are 

the dependent variables (34). A regression analysis can be used to linearly relate the probability of 

choosing one alternative over another based on the attributes and levels presented in the choice task. This 

model assumes the probability of selecting one alternative is a linear function of the attribute levels: 

Equation 3 

where Xi is the level of attribute i, β0 is the intercept, and βi is the preference weight for attribute i (21). 

Based on the relation between choices and attribute levels the preference weights can be estimated 

through several types of estimators (21).  

DCE choices have commonly been analyzed using McFadden’s conditional logit model (MNL) 

(21). This is a limited dependent-variable method and differs from regular logistic regression as the data 

are grouped and the likelihood is calculated to each group (21). This is unique from a logit model because 

McFadden applied it to choice behaviour and demonstrated it was consistent with economic theory and 

RUT, and he derived a regression model that relates choice to the attribute levels present (21). From 

equation (eq.) (3), the P(choice) variable is equal to 1 for the alternative that was chosen, and equal to 0 

for the alternative that was not (in a forced choice DCE) (21). As seen in eq. (1) and (2), the utility 

associated with an alternative is assumed to be a function of known attribute levels and unknown 
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characteristics (random error term), and that an individual will select the alternative that maximizes their 

utility (21). A statistically significant coefficient indicates the respondents differentiated between attribute 

levels (30). The utility score has no direct interpretation but can be used to compare to other scenarios 

within the same DCE (30). 

McFadden then applied the assumption of extreme-value distribution of εi where the error terms 

are independent of each other, for example εM for M alternative is unrelated to εN for another N 

alternative. This resulted in the logit model: 

Equation 4 

where V(β, xi) is the known attribute levels for alternative i, and i is one alternative among a set of j 

alternatives (21). Therefore, the probability of selecting alternative i is a function of both the attribute 

levels of i and the attribute levels of all other alternatives in a choice task (21). The probability of 

choosing the other alternative in a forced choice DCE (total two alternatives) is 1 minus the probability of 

choosing i (21). This results in a model that never has less than 0%, or greater than 100%, chance of 

selecting a specific alternative (21). Thus, MNL models result in good estimates of patient preference 

data. However, as discussed in the next section there are key limitations of the MNL model that has led to 

most researchers analysing the data with more flexible models (38). 

MNL models assume the utility is linear and additive in parameters, and the interaction of factors 

such as age and health history can be tested (38). Two key limitations of MNL are that the model does not 

account for scale nor preference heterogeneity (21). Since DCE data are commonly panel in nature results 

can be biased, and in small samples or if substantial preference heterogeneity is present the model may 

not converge (21).  

 

Assumptions of MNL 

MNL has four assumptions: (1) constant error terms (homoscedastic) across observations; (2) 

respondents have homogeneous preferences (or that preferences depend on observable characteristics); 
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(3) no panel data (no correlation allowed for within responses); and (4) the IIA property known as 

independent errors where there is independence of irrelevant alternatives (for a specific respondent the 

ratio of the choice probability of any two alternatives is unaffected by other alternatives) (21). The issue 

with the first assumption is that individual preferences not captured by observable characteristics 

(attributes and levels) will carry that preference across choice occasions. This would not allow for 

multiple observations from respondents (21). Preference heterogeneity is very unlikely to not exist within 

a population of individuals, and the issue with MNL is it assumes that all respondents have the same 

preferences that will yield a single set of preference weights. MNL does not account for systematic 

variations in preferences across respondents (21). The assumption of independence of irrelevant 

alternatives (IIA), also known as Sen’s property, states: if an alternative A is chosen from a set (A,B), and 

A is also an element of a subset (A,B,C), then A must be chosen from (A,B,C). That is, eliminating some 

of the unchosen alternatives shouldn’t affect the selection of A as the best option. Therefore, C is 

irrelevant to the choice between A and B. Some experts believe this is too strict of an axiom, and it has 

been shown that human behaviour rarely adheres to this axiom which leads to unrealistic predictions with 

the MNL model (21). These assumptions result in the MNL model being too restrictive in describing 

human behaviour, which likely restricts the realism of the analysis. There are multiple further models to 

analyze choice data that is obtained from different assumptions about the distribution of the random terms 

and is believed to increase the behavioural realism of choice models (21). One key limitation these other 

models relax are heterogeneity, discussed in more detail in the next two sections. 

 

Scale heterogeneity 

 Scale heterogeneity is the differences in the error variance of respondents’ preferences, and 

therefore impacts the size of the parameter estimates (47). The difference in variance between individuals 

is introduced because some participants may be quite certain of their choices or use decision heuristics 

that reduce variance, while some may not fully understand the task or make mistakes which increases the 
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variance (43). A systematic review of health care DCEs published between 1990 and 2016 by Wright et 

al. found that scale heterogeneity is generally not addressed even though scale heterogeneity was present 

in 65% of studies that tested for it (47). Wright et al. recommended that identification and addressing 

scale heterogeneity should be a fundamental component of DCE analysis, otherwise the results are likely 

to be biased (47). Methods used to test for scale heterogeneity include coefficient plots, heteroscedastic 

MNL models, Swait and Louviere tests, generalized multinomial logit models, and scale-adjusted latent 

class analysis (47).  

 

Preference heterogeneity 

Preference heterogeneity is nearly always present as preferences vary across individuals since 

people have different beliefs and values (47). Several systematic reviews of health care related DCEs 

found significant heterogeneity in patient responses (47-49). This is important to my study as the 

objective was to determine if there are certain groups or characteristics of prostate cancer patients with 

localized disease who were willing (or more willing) to trade-off increased risk of PSA recurrence and 

radiotherapy toxicity for the benefit of shorter treatment time. There was evident heterogeneity of 

preferences in the oncology DCE by Havrilesky et al., who found about a quarter of respondents ranked 

an attribute other than PFS (efficacy) as most important, and 79% of women accepted reductions in PFS 

for improvements in toxicity or treatment convenience (28). This demonstrated that a large proportion of 

participants were making choices based on attributes other than efficacy (28). Clark et al.’s systematic 

review found a trend in more recent DCEs towards flexible and appropriate econometric methods to 

analyze DCEs to ensure preference heterogeneity is assessed for to inform the results (26).  

The SES and health information is generally collected from each respondent to allow testing for 

systematic differences and heterogeneity in preferences that might be associated with variability in choice 

behaviour (23, 38). It is pertinent to assess respondents previous history with event (e.g. side effect) 

severity and frequency (if any) to understand fully how this affects patient choice (50). SES data was 
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collected in all the oncology DCEs, and generally included: age, gender, ethnicity, level of education, and 

household situation. Most studies also collected clinical data that usually included cancer stage, previous 

treatment experience, performance status, and some studies collected patient-reported outcome (PRO) 

data with validated symptom and quality of life surveys. From the relevant oncology DCEs Eliasson et al. 

and de Bekker-Grob et al.’s esophageal study reported the SES statistics descriptively, and King et al. 

calculated likelihood ratio tests for the effect of age on the attributes (30, 31, 34). In de Bekker-Grob et 

al.’s prostate DCE the interaction between treatment choice and participants’ SES factors entered the 

model and were tested for significance (32). Three studies ran separate subgroup analyses to test for 

differences in SES and/or clinical factors (e.g. non-advanced vs. advanced prostate cancer) (28, 33, 37). 

One study analysed the latent class responses accounting for SES and clinical factors (29).  

 

Models to address heterogeneity 

Several methods of analysis have been used to address the issues with conditional logit (21). 

Clark et al.’s systematic review found a trend towards use of more flexible econometric methods to 

analyze DCEs to ensure preference heterogeneity was assessed for (26). One method is the mixed 

multinomial logit (MXL), also called random parameters model, that is an extension of the conditional 

model. MXL relaxes restrictive assumptions by allowing for preference heterogeneity of attributes and 

correlation between the choice tasks completed by each individual (21). MXL models assume there is a 

continuous distribution of preference weights across the sample reflecting differences in preference, and it 

models the distribution for each attribute level (43). However, this model is more difficult to use, requires 

researchers to make assumptions about random parameters and their distributions, and may require larger 

sample sizes (21).  

Another method is latent class (LC) modeling that accounts for heterogeneous effects by 

determining a number of classes or groups of respondents at the analysis stage (47), and within each class 

the preference weights are estimated using conditional logit (21). This assumes there is no difference in 
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preference heterogeneity between groups, and results in discrete distributions for the part worth-estimates 

(47). The latent-class model (LCM) provides a good method for measuring preference heterogeneity and 

does not require the researcher to make specific assumptions about the distribution of parameters across 

individuals. However, researchers must select the classes themselves, the model likely requires larger 

sample sizes due to the higher number of parameters to be estimated, and specialized software is 

necessary (21). This method works well for DCEs with the objective of estimating how preferences vary 

by individual respondent characteristics (23), which was one of the objectives of my study. 

A paper by Ku et al. proposed a method to detect outliers who have unusually high respondent 

variability called utility deviation (UD) (51). The identified outliers were those with a large UD and had 

vague preferences when making choices based on reliability and validity tests (51). This outlier detection 

could be used to exclude misleading data which may improve the quality of estimation and resultant 

models (51). Utility outliers and respondents with non-rational responses could have their preference 

responses removed from the data set. This would improve internal validity but reduce external validity 

(52, 53). In the literature it is recently being advocated that all data should be included, as removing data 

can increase sample selection bias and decrease statistical efficiency and power of the models (23, 52).  

From the relevant oncology DCEs Eliasson et al. and Nakayama et al. both used the MNL model, 

and Eliasson et al. reported not accounting for heterogeneity was a limitation of their study (34, 37). Four 

oncology studies analysed the data with MXL models to take preference heterogeneity and correlation 

between the choice tasks into account (28, 30, 31, 33), and two studies utilized LCM (29, 32).  

The MRS is the rate at which an individual is likely to give up one level of an attribute in 

exchange for another attribute, and this was calculated by multiple oncology DCE papers (29-31, 33). The 

esophageal de Bekker-Grob et al. study calculated the willingness to trade-off 5-year survival to achieve 

an improvement in side effects using the ratios between coefficients with the attribute ‘5-year survival’ as 

the denominator (30). Havrilesky et al. and Eliasson et al. calculated odds ratios (ORs) controlling for 

unobserved heterogeneity in preferences, which is similar to MRS as the goal was to estimate the rate 
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participants’ were willing to trade off units of one attribute in exchange for those of another attribute, 

while maintaining the same level of utility (28, 34).  

 

Limitations of discrete choice experiments 

 In this section several areas of concern that threaten the validity and generalizability of DCEs are 

discussed. The limitations of the relevant oncology DCEs highlighted previously are reported. 

 

Simplifying heuristics 

DCEs are partly so cognitively demanding due to the simultaneous comparisons of multiple 

attributes and levels of attributes that must be contemplated for each choice an individual makes (54). 

Simplifying heuristics could be used by participants to reduce the number of attributes they have to weigh 

in their decision by ignoring certain attributes (39). It should be assumed that participants select their 

preferred alternative according to the overall value they place on each treatment (39). Some participants 

may focus on a subset of attributes using simplifying heuristics to streamline their choices, and this 

method is appropriate if patients have considered all attributes and decided that some are unimportant 

regardless of level (39). However, if participants do not trade-off due to other reasons like not 

understanding a certain attribute, or a range of levels does not seem appropriate to them, then this can lead 

to biased responses (39). One study compared response rates and respondent’s self-reported perception of 

the uncertainty of their answers for DCEs with either 5, 9, or 17 choice sets (55). There was higher 

response variance when the 17 and 5 choice set DCEs were compared, and the authors believed this 

indicated higher cognitive burden above a certain threshold (55). Some differences in preferences were 

found across the three groups, suggesting respondents changed their decision making strategies during the 

answering process, though the investigators could not determine if this was due to positive learning where 

respondents become more convinced about their decision rule, or that respondents changed their strategy 

to a less cognitively demanding one such as adaptation of heuristics and use of non-compensatory 
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decision making (55). Overall, the literature indicates respondents could manage multiple choice sets 

without problems and there was no serious influence on response behavior with additional choice sets 

(55). If there is concern about the cognitive burden the number of choice sets can be reduced or 

investigators could consider face-to-face elicitation (48). There is a gap in the literature identifying how 

participants decide to make their choices in DCEs, and how uncertain or confused they are about the tasks 

asked of them. 

 

Omitted variable bias 

Researchers may cause omitted variable bias by excluding key attributes, and this risk needs to be 

weighed against increasing the complexity of a DCE by including too many attributes (40). Not every 

attribute important to every possible participant needs to be included in a DCE, though attributes 

important to a majority of participants should be included (40). Omitted variable bias can be avoided at 

the design stage via a pilot study that includes potential participants from the target population to identify 

possible attributes, and ensure participants are not considering any other characteristics of the options that 

would alter their evaluation of the included attributes (3, 22). Two recent systematic reviews of health 

care related DCEs noted a decrease of qualitative methods to inform attribute selection, which could lead 

to omitted variable bias if the target populations decision framework is not known prior (26, 56). Over 

three quarters of the investigators in one of the reviews used interviews as the qualitative method, usually 

for attribute and/or level selection (66%), and less commonly to pilot the DCE (18%) (56). Unfortunately 

use of qualitative methods was not consistently reported, and this lack of reporting may lead to the 

incorrect inference that qualitative methods are not useful in designing DCEs (56). 

Harrison et al. published a systematic review comparing DCEs published during 1995-2015 to 

examine patient and health care provider preferences (57). These types of DCEs were more likely to 

include attributes related to process (63%) compared to outcomes (29%) than in the DCEs designed for 

only cancer patients as in Bien et al.’s systematic review (3, 57). Patients tended to place more importance 
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on issues of process attributes (e.g. safety, delivery, and timing) than health care providers (57). The 

greatest discordance was mortality, as health care providers placed higher weight to this outcome than 

patients tended to (57). Therefore, the target population needs to be surveyed during the design stage of a 

DCE to ensure attributes important to them and that may be missed by researchers are included. 

 

Understanding of risk 

Special attention is required to properly describe risk attributes as participants may have difficulty 

interpreting probabilities (40). There is a general lack of understanding about risk across all demographics 

and an overall low level of numeracy in the general population, and risk has not always been successfully 

communicated to DCE participants (58, 59). For example, participants may have difficulty evaluating 

small probabilities, and conversely even have difficulty understanding if the outcome would be a 

disastrous one (59). A person’s familiarity with the risk, and possible heuristics that individuals use to 

translate population risks into personal risk, need to be considered (59). Individuals make more informed 

decisions when the information is relayed in an understandable format that reduces the cognitive effort 

required (60). For example, keeping the denominator constant, incorporating visuals, not using decimals, 

and displaying absolute risks instead of relative risks should reduce effort and increase comprehension 

(60). Harrison et al. conducted a systematic review and published key recommendations for explaining 

risk to respondents and incorporating better communication of risk in the choice sets, such as visual aids 

(61). The authors noted improvements in reporting and representation of risk throughout the entire design 

and analysis stages of DCEs were needed (61). Interestingly, a study by Veldwijk et al. found opposing 

results to Harrison et al.’s review (62). The authors reported that independent of educational level and 

health literacy that words, compared to graphics, resulted in higher choice consistency and more valid 

attribute level estimates (62). The authors of this study recognized that these findings were opposed to the 

results of multiple other studies in this area, and reasoned it may be more difficult for respondents to 

compare multiple graphics and this may reduce the comparability between studies (62). 
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A qualitative analysis of how participants understood a DCE found only a small number of 

participants had difficulty evaluating probabilities, and was generally related to deciding on the 

importance of rare but severe side effects (63). Most participants in this study were able to accurately 

quantify the effectiveness attribute (63). It is important to consider potential participants previous 

exposure to the topic, understanding of risk, and framing, and ensure the background information about 

each attribute presented to participants is done such that no attribute is biased as more important (61). The 

framing (positive or negative) used to present risk has an influence on respondents’ choices, however 

there is a lack of evidence supporting if positive or negative framing is best (58). Researchers should also 

consider showing the probability of both the event and non-event (39). Therefore, close attention to how 

risk is presented and described to respondents will help the less numerate make informed decisions. This 

is important for my study as risk was used as levels for the effectiveness and toxicity attributes. 

 

Validity and reliability 

Preference studies require a logical soundness of the patient preference information to allow for 

validity of results (52). Validating stated-preference assessments is difficult due to their hypothetical 

nature, and whether respondents would make the same choices if they were presented with these options 

in the real world and had to experience the consequences is unclear (52).  

A systematic review by Mandeville et al. collated a list of 13 criteria to assess the validity of 

DCEs at the choice task design, experimental design, conduct, and analysis stages (43). The researchers 

drew on the quality checklist published by Lancsar and Louviere and de Bekker-Grob et al.’s systematic 

review (1, 40). All studies included in this systematic review failed at least some criteria, which 

underlines that best practices at each stage of design must be considered to ensure validity (43). An 

overview published by Janssen et al. discussed the tests of validity and reliability that have been applied 

to DCEs in the literature to determine if choice decisions were reliable and valid (52). There were four 

intersecting groups; validity, reliability, measurement, and choice (52). Measures of validity capture how 
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accurately an instrument measures the outcome of interest, while measures of reliability capture how 

consistently an instrument measures the outcome of interest (52). Choice validity and choice reliability 

assess accuracy and consistency, as well as determine if the results of the study adhere to assumptions 

specific to choice behaviour (52). The tests for these four overlapping concepts of internal validity are 

outlined in detail in Appendix B and their implementation in my study are expanded upon in chapter 3. 

 

Response bias 

Self-completed DCEs via mail or online are common in the literature, however they tend to have 

low response rates and may result in lower quality data than in-person interviews (23, 40). Interviews 

with a person present to answer participants questions when necessary improved face validity (23, 40). 

Interviewer-led studies may be less prone to measurement error (63). However, in the systematic review 

by Bien et al. only 18% of surveys were interviewer-led (3). This was likely related to the increased cost 

and larger time commitment required, and in-person interviews have their own biases due to the 

recruitment methods and possible incentives used to enhance the response rate (3). However, online 

interviews may not be representative of the target population, especially if an older target population is 

needed (40, 64). In de Bekker-Grob et al.’s 2012 systematic review compared to Ryan et al.’s earlier 

findings there was increased use of interviewer-led DCEs (19% compared to 9%), and the authors 

indicated that internet-based surveys needed to be further researched (1). A 2013 study comparing in 

person and online modes of assessment found no significant difference in the choices and preferences 

between the two samples, though the in person assessments were significantly longer and therefore there 

was concern the online sample did not fully engage with the task (64). Additionally, the online 

respondents were found to be more educated which is concerning if a DCE is to be completed with older 

participants who may also be ill (64), and therefore may have greater difficulty with online applications. 

The selected oncology studies varied in how they contacted eligible participants. Some studies 

contacted eligible patients in clinic, however most mailed out an information letter with the DCE 
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interview if it was on paper, or a link to access an informative video and the computer assisted 

questionnaire. Eliasson et al. had both online and paper versions based on patient preference (34). The 

Muhlbacher and Bethge, Eliasson et al., and Howard et al. studies used an external research institute to 

contact eligible participants (29, 33, 34). For purely mailed letters the response rate varied from 68% in de 

Bekker-Grob et al.’s esophageal study to 92% in King et al.’s study, and for the clinic and mail approach 

the percentage of patients that enrolled was only 39% in Havrilesky et al.’s study up to 73% of patients in 

the prostate de Bekker-Grob DCE (28, 30, 32).  

The response rate, and basic sociodemographic data of non-responders, should be recorded (40) 

as non-response bias may exist if responders are systematically different from non-responders (39). The 

response rate was generally an issue in the reviewed oncology studies that reported this rate, and de 

Bekker-Grob et al. noted that selection bias could not be excluded for their study’s response rate of 68% 

(30). Two studies reported the characteristics of non-participants was unknown and therefore selection 

bias could not be ruled out (29, 34).  

 

Patient preference survey methods 

DCEs are an ideal method to determine patient preferences for several reasons. First, compared to 

other stated preference techniques such as willingness to pay (WTP), visual analogue scale (VAS), 

standard gamble (SG), time trade-off (TTO), rate or scale alternatives, and other conjoint analysis 

methods such as best worse scaling (BWS), a DCE presents a relatively straight forward scenario and one 

that more closely imitates a real world decision (20). Second, DCEs are best suited in assisting health care 

practitioners to make clinical management decisions using patient preferences since DCEs are the ordinal 

preference method that can calculate trade-offs between alternatives (20). These quantitative trade-off 

values can be difficult to elucidate using ranking or cardinal preference methods such as TTO or SG (20).  

DCEs are of greater benefit than ranking exercises as individuals can find it more difficult to 

distinguish between less-preferred alternatives (those at the bottom), thus producing biased rankings (20). 
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Additionally, this complete ranking can be more cognitively challenging than a DCE (20). However, it 

has been argued that ranking studies can produce more efficient preference estimation compared to DCEs 

(20), and DCE tasks can be cognitively demanding because respondents must make simultaneous 

comparisons of multiple attributes and levels before they make their choice (65).  

DCEs are advantageous over TTO and SG studies as they allow for the simultaneous assessment 

of multiple attributes, rather than a dichotomous choice between one attribute and survival (54). 

Individuals may value many aspects of quality of life and more treatment attributes than survival (54). 

Conjoint analysis based experiments that involve subjective judgements by many decision makers are 

better able to determine individuals’ willingness to accept treatment-related risks in exchange for 

treatment benefits, while direct elicitation methods such as SG and rating exercises determine the relative 

importance of each of these different types of outcomes (59). 

In the last few years maximum difference conjoint analysis, known as BWS, has become 

increasingly popular (66). This type of conjoint analysis can be relatively easy to determine participants’ 

preferences over a wide range of health care topics (66). One type of BWS, called multi-profile, is most 

similar to a DCE. The BWS elicits additional information than a DCE on the least preferred alternative as 

individuals are presented with a minimum of three alternatives and respondents are asked to indicate the 

best and worst (66). The benefit of this type of study is it requires less participants, and the drawback is it 

is more cognitively demanding (66). There is greater consistency within DCEs (tested with repeat choice 

sets) even after controlling for the higher likelihood of selecting the correct repeat choice tasks by chance 

alone in DCEs (two compared to three or more alternatives in BWS) (67). Potoglou et al. compared DCEs 

and a simpler type of BWS called profile case where respondents only choose between attributes (not full 

choice sets) (68). This study found similar preference patterns and no significant difference between the 

part-worth estimates derived from the analyses (68). Though both methods are valid there is greater 

trading between attributes and levels in DCEs as more participants exhibited dominant preferences for a 
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single attribute in profile case BWS tasks (67). Therefore, DCEs provide better trade-off information for 

researchers and may have greater internal validity. 

 

Suggestions for Future Research 

There is growing sentiment that benefit-risk evaluations should take patient perspectives into 

consideration, and this requires that patients’ values be quantified (59). Physicians tend to underestimate 

the side effects and the impact of the characteristics of a treatment on patients’ decision making, and 

overestimate the effectiveness of treatments (69). In many studies it was reported that patients focused on 

the quality of the process (69). Therefore, preferences of different stakeholders are not always congruent, 

and patients’ preferences should be sought (69). There is evidence in the literature that a preference for 

convenience exists among respondents’ independent of health outcome (70). Convenience related 

processes include distance to travel, duration of intervention, frequency of intervention, and waiting time 

(70). Multiple studies have demonstrated that treatment related and convenience attributes can be just as 

important, and sometimes more important, to patients than efficacy attributes (48, 70, 71). This is 

supported by the selected oncology DCE studies that overall found a modest but positive value placed by 

patients on convenience attributes. Therefore, it is feasible to design a DCE with the objective of 

quantifying how the length of radiotherapy impacts prostate cancer patients’ EBRT decision to treat 

localized disease.  

Suitable prostate cancer patients with localized disease can be treated with CFRT, MH, and 

sometimes SBRT as well. Therefore, a DCE is an ideal experimental design to determine patients’ 

preferences for hypofractionation and their willingness to trade off the possible increased risk of toxicity 

and extra intervention with fiducial marker implantation, for the convenience of shorter treatment time. 

No patient preference data currently exists exploring preferences of patients with localized prostate cancer 

for EBRT. My study provides great value to the literature as it reveals what aspects of EBRT prostate 

cancer patients specifically value and how this varies based on age and other patient factors. A DCE 
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conducted with this patient population is ideal as multiple attributes and trade-offs can be quantified and 

applied to the clinical trial findings, and patient factors can be tested to determine if they significantly 

impact decisions. A DCE is the most realistic and similar to a real-world scenario of the available patient 

preference survey methods, while still being at an understandable level to this population that includes 

many older men. The results of this study can help clinicians in their decisions on how best to treat their 

specific patient with localized prostate cancer by considering all pertinent patient factors and the multiple 

methods available to treat these patients. 

Few published studies have compared risk tolerance estimates to actual clinical data, a necessary 

condition if the results of these studies are to be used to inform regulatory benefit-risk decisions (59). The 

design of this DCE incorporated clinical trial efficacy and toxicity outcomes into the attribute levels, 

which was done in some of the selected oncology DCEs but is new to EBRT preference research with 

localized prostate cancer patients.  

This DCE was designed by following the best practices obtained from the most recent literature 

on DCEs that were discussed throughout this chapter. The pros and cons of the selected oncology DCEs 

were carefully considered during the design for this study. Therefore, based on the best practices the 

ensuing steps and processes were followed in this study: pilot study; all included attributes were based 

upon a thorough literature review; level selection was only based on RCTs; efficient choice set 

construction; best methods to calculate minimum sample size; SES information and possible pertinent 

factors were collected from responders and non-responders; face to face elicitation instead of computer-

assisted; and data were analyzed with extended models after initial analysis with conditional logit. These 

steps are further elucidated in chapter 3. 
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Chapter 3 

Methods 

Introduction 

This DCE was designed by following the evidence-based best practices discussed extensively in 

chapter 2. The pros and cons of the selected oncology DCEs were carefully considered during the design 

for this study. Therefore, based on the best practices the following steps and processes were followed and 

are expanded upon in the subsequent sections: completing a pilot study; included attributes were based 

upon a literature review, insight of an expert (staff Radiation Oncologist), and patient input; level 

selection was based on RCTs data and expert opinion; efficient choice set construction; best methods to 

calculate minimum sample size; collecting sociodemographic and disease specific information on 

possible pertinent factors from responders and non-responders; in-person interviews instead of computer-

assisted; and analyzing the data with extended models after initial analysis with conditional logit.  

 

Questionnaire design 

Attribute selection 

In this study the attributes were set based on the clinical trial literature that included five DCEs 

and two qualitative studies undertaken with prostate cancer patients to determine what was important to 

their treatment decision making process (1-5). The decision was also guided by the overarching goal to 

determine individuals’ willingness to trade off the risk of increased toxicity for the convenience of shorter 

treatment time within the framework of the clinical trial findings. Five attributes were included; ‘length of 

radiotherapy’, ‘fiducial markers implanted’, ‘risk of PSA rising within 5-years’, ‘risk of acute moderate 

GI and GU toxicity’, and ‘risk of late moderate GI and GU toxicity’ (Table 2).  
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Table 2: Attributes and levels in questionnaire. 

Treatment attributes Levels 

Length of radiotherapy  

(Length) 

2 weeks (5 treatments) 

4 weeks (20 treatments) 

8 weeks (40 treatments) 

Fiducial marker implantation  

(Markers) 

Yes 

No 

Risk of PSA recurrence within 5 years of treatment 

(PSA) 

6% 

12% 

18% 

Risk of acute toxicity 

(Acute) 

20% 

35% 

50% 

Risk of late toxicity 

(Late) 

10% 

15% 

20% 

 Attribute short form notation in parentheses. PSA – Prostate specific antigen. 

 

As discussed in chapter 2, to increase measurement validity there was no conceptual overlap 

between the selected attributes and each was uni-dimensional (6). The ‘fiducial markers implanted’ 

(Markers) attribute’s effect was studied independently even though in clinical practice it is required only 

for SBRT. The two toxicity attributes (Acute and Late) only incorporated GI and GU toxicity since sexual 

side effect attributes tended to be either non-significant or of minimal influence in prostate cancer DCEs 

(Table 1). There is a higher risk of erectile dysfunction after prostatectomy, thus I decided to exclude 

sexual side effects since this attribute would likely not be of great importance to patients’ preferences for 

EBRT scenarios as the associated risk levels would be low. Fatigue was only included in two DCEs due 

to it being a main side effect of androgen deprivation therapy (ADT). Toxicity was defined as moderate 

(RTOG 2) since mild side effects were non-significant in previous DCEs, and severe toxicity is rare in 

EBRT. This ensured that a wide range of plausible levels were presented to participants. 

The five attributes were assessed based on previous qualitative work undertaken in a similar 

patient population. Qualitative data was included to increase measurement validity, determine if patients 

reported these attributes as important to their decision making, and inspect if any key attributes were 

missing. A qualitative study undertaken at the Cancer Centre of Southeastern Ontario in 2004 interviewed 
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60 patients with early-stage prostate cancer to determine what treatment they preferred as they could be 

treated with EBRT, surgery, or active surveillance (see Table 1) (7). These three treatments were the 

standard options with no changes in practice until recently with the addition of brachytherapy and 

introduction of hypofractionation as outlined in chapter 2, thus the findings of this 2004 study are likely 

still relevant to current patient preferences for EBRT. However, there has been no comparable qualitative 

study over the past 15 years and perceptions of cancer and survival expectations may have shifted. 

This qualitative study identified a median of four important attributes per patient (7). Aspects 

from eight of the 10 overall most important attributes were incorporated into the five attributes in my 

study (listed in Table 2). The ‘length of radiotherapy’ (Length) attribute incorporated ‘quality of life’ and 

‘how treatment works’; Markers incorporated ‘procedure’ and ‘how treatment works’, ‘risk of PSA rising 

within 5-years’ (PSA) incorporated ‘chances of PSA rising’, ‘chances of dying of cancer’, and ‘effect on 

length of life’, and both of the toxicity attributes incorporated ‘effect on bladder functioning’, ‘effect on 

quality of life’, and ‘effect on bowel functioning’ (7). The two characteristics not incorporated were either 

not pertinent or previously found not to be significant in the prostate cancer DCEs.  

The second qualitative study reported in Table 1 was completed in the United States in 2016 and 

corroborated the preferences identified in the earlier study in this patient population (8). In Table 1 I 

highlight pertinent categories identified as important by newly diagnosed prostate cancer patients to their 

treatment decision. I omitted characteristics not pertinent to EBRT or the Canadian health care system, for 

example the category ‘insurance coverage of treatment’ is not relevant since all costs of cancer treatment 

are covered by the provincial health care system for Canadian citizens and residents. The category 

‘recommendations and general preferences’ was not directly related to one of the attributes in my DCE. 

However, in my study participants were informed that in the hypothetical scenario their Radiation 

Oncologist has recommended both the alternatives they were deciding between, and it was up to their 

personal preference to select their treatment.  
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In summary, the five included attributes were demonstrated in DCEs and qualitative studies to be 

pertinent to this patient population’s decision making, and each attribute was considered independent of 

each other. 

 

Level selection 

The three levels for the four quantitative attributes (Length, PSA, Acute, and Late) were selected 

based on results from clinical trials in the localized prostate cancer population to ensure realism (Table 2). 

For Length the plausible lengths of 2, 4, and 8 weeks were chosen (Table 2). Radiotherapy is delivered 

Monday to Friday, and the 2 weeks level corresponded to SBRT (5 fractions every other day for a total of 

10 days), 4 weeks to MH (20 fractions daily), and 8 weeks to CFRT. The Markers attribute was dummy 

coded with two levels (yes and no). 

For the outcome attributes the phase III RCT data comparing MH and CFRT, which included 

studies that enrolled prostate cancer patients with localized disease from all three risk groups, were used 

as a baseline (9, 10). No similar data for SBRT was published at the beginning of this study, though the 

phase II SBRT clinical trials suggested similar outcomes to CFRT and MH (11). The superiority HYPRO 

trial data were excluded since the toxicity was significantly higher for the MH arm, possibly explained by 

the higher dose per fraction of 3.4 Gy. The six other trials MH arm doses range from 2.4-3.1 Gy per 

fraction (9). Efficacy and toxicity data were used from both the CFRT and MH arms in the six trials. In 

the trials the 5-year biochemical relapse free results ranged from 79% to 96%, with a mean of 87.4% and 

SD of 5.8% (9). The PSA attribute levels were framed negatively, which provided a range of 4% to 21% 

and a mean risk of recurrence of 12.6%. The middle risk level was set to 12%. The highest risk level was 

determined by adding one SD, rounded to 6%, to the middle level which equaled 18%, and the minimum 

level by subtracting one SD from the middle level to equal 6% (Table 2). In the trials the acute moderate 

GI and GU toxicity risk ranged from 10.3% to 49% (9). This is a large range with a mean of 34.5% and 

SD of 12.9%. The mean was rounded to 35% and set as the middle risk level. The SD was rounded to 
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15%, and the highest risk level was set to 50% (35% + 15%) and the lowest risk level was set to 20% 

(35% - 15%) (Table 2). In the trials the risk of late moderate GI and GU toxicity ranged from 5.1% to 

29.7% (9). The mean is 15.2% with a SD of 5.9%. The SD was rounded down to 5%, and the highest risk 

level was set to 20% (15% + 5%) and the lowest risk level was set to 10% (15% - 5%) (Table 2). For both 

toxicity attributes the levels were rounded to whole numbers that ensured equal spacing that should 

improve participants’ comprehension (the closest number ending in 0 or 5).  

 

Efficient design 

My study included 12 choice sets in the experimental design. This number was determined based 

on literature that suggested, in order to ensure statistical sufficiency, the number of choice sets included in 

a DCE should not be smaller than: 

Equation 5 

where K is the number of parameters to be estimated, and J is the number of alternatives (12). In this 

study K = 5 if the quantitative attributes were coded as continuous variables. Sufficiency was obtained by 

varying the attribute levels within and across choice sets to ensure enough combinations of attribute levels 

were presented to participants that would require them to weigh the trade-offs of each attribute (12). If 

these four attributes were coded as categorical variables K = 9 since there was three levels for four 

attributes (one reference level per attribute), plus one parameter for the dummy coded attribute Markers. 

As in all forced choice DCEs J = 2. Thus, the two minimum numbers were 5 and 9, so in my study greater 

than nine choice sets were included in the experimental design. The appropriate number of choice sets is 

context specific and a pilot test was conducted to ensure the number was feasible for this target 

population (13). 
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Risk and framing 

As discussed in chapter 2, choice set presentation was considered carefully to ensure the best 

comprehension possible by participants. Whole numbers were used with a consistent denominator (e.g. 

compared to 100 men) and diagrams were included for the risk attributes (Figure 4). Efficacy and toxicity 

attributes were all framed negatively in the diagrams to provide consistency and to increase 

comprehension since toxicity is generally described by health care practitioners negatively (e.g. one in 

five patients may experience this side effect). The positive framing was included in words underneath the 

diagram (Figure 4). 

 

Figure 4: Example of choice set that participants used from experimental design. 
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Pilot study 

A pilot test of the DCE choice sets was required to assess the feasibility of the DCE in this patient 

population and calculate appropriate part-worth estimates for the design of the full DCE. A total of six 

pilot participants were involved. The pilot parameter estimates were set for each attribute based on the 

characteristics and the associated parameter estimates from the prostate cancer DCEs listed in Table 1. 

The Length attribute (referred to as 1 in Table 1) was hypothesized to be negative in magnitude as 

participants should prefer shorter treatment time, and for the pilot study was given a value of -0.4. The 

Markers attribute (referred to as 2 in Table 1) had the least amount of previous evidence since this 

specific procedure had not been included in a DCE prior to my study. This dummy coded attribute was 

hypothesized to be negative in magnitude with the reference level ‘no’. For the pilot study it was given a 

value of -0.2 since it was hypothesized to have similar importance to participants as acute toxicity. The 

PSA attribute (referred to as 3 in Table 1) represented treatment efficacy and was hypothesized to be 

negative in magnitude as participants should prefer less risk of their PSA rising. For the pilot study this 

was given a value of -1.3, larger in magnitude than previous studies’ findings but this was expected to be 

the attribute with the highest importance. The two toxicity attributes (Acute and Late referred to as 4 and 

5 respectively in Table 1) encompassed numerous urinary and bowel side effects noted in the previous 

published DCEs. The Acute attribute was given a value of -0.2 which was at the lower range of parameter 

values found for side effect attributes, and the late toxicity attribute a value of -1.2 from the higher range. 

These continuous attributes were hypothesized to both be negative in magnitude as participants were 

expected to prefer less risk of side effects. 

The experimental design was coded in the software program Ngene with the attributes Length and 

Late set as random parameters with a normal distribution and a SD of 0.1 and 0.2 respectively. These 

attributes were set as random due to the higher uncertainty about these estimates and belief they would be 

calculated as Bayesian in the full DCE. The most efficient design estimated had a Db-error of 0.009762 

for random parameter analysis and a fixed Db-error of 0.008177. There was a total of 24 choice sets 
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divided into two blocks, and three participants answered each version of 12 choice sets from this initial 

experimental design. Six additional choice sets were included to test internal validity (repeatability, 

monotonicity, transitivity, and version consistency) that resulted in a total of 18 choice tasks per pilot 

participant.  

A semi-structured interview with each pilot study participant was completed. It was discovered 

that all participants understood the attributes and levels, did not have comprehension difficulties, and 

could not identify any additional attributes important to their decision making. None of the pilot 

participants reported ignoring any attributes (e.g. attribute non-attendance). The five attributes were 

labeled as ‘treatment length’, ‘seeds inserted’, ‘risk of PSA rising within 5-years’, ‘short term side 

effects’, and ‘long term side effects’ with the goal of simplifying language and increasing participants’ 

comprehension. All six participants reported at least considering and understanding each attribute after a 

thorough explanation by the interviewer.  

The six pilot study participants ranged in age from 68 to 80 years old, and at the time three were 

undergoing EBRT and the other three had completed EBRT. They had diverse educational backgrounds, 

three having obtained university/college degrees and the remaining three had completed high school. The 

time it took the participants to drive to the cancer centre varied from less than 30 minutes to over 2 hours. 

Through the semi-structured interviews all participants stated that all attributes that were of importance to 

them had been included in the DCE. Participants generally found the concept confusing at the beginning 

of the study, as one respondent noted “due to the similarity between the questions was hard to determine 

what I had to decide”. Interestingly, three of the participants indicated that after the first few choice sets 

were answered they did not find any remaining tasks confusing, suggesting a learning effect. Two 

participants provided feedback that they thought the attribute ‘seeds inserted’ sounded like brachytherapy 

since the term seeds were used with that procedure. Two participants noted that they found the diagrams 

helpful. Five of the respondents reported comparing the absolute differences between the levels, and only 

one noted he didn’t compare the absolute numbers and only determined if the risk level was higher or 
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lower than in the other alternative. All participants reported that even though there was the smallest 

absolute difference in the risk for ‘long term side effects’ that this attribute was considered carefully and 

was very important to them. In fact, this attribute was ranked as most important by four participants and 

second most important by two participants. The efficacy attribute ‘PSA rising within 5-years’ was ranked 

as most important by two participants and second most important by three participants. The attribute 

‘treatment length’ was deemed most important by only one participant, and it was generally in the middle 

of the priorities list as only one participant ranked it as least important. When asked why a certain 

attribute was most important to them, one respondent who indicated ‘treatment length’ as most important 

noted “driving far” was his highest concern, and another participant who indicated ‘long term side effects’ 

was most important to him reported “chronic side effects would bother me more than anything.” One 

respondent who reported the attribute ‘PSA rising within 5-years’ as most important to their decision 

making stated that “getting rid of the cancer” was most important to them. 

Two dominant choice sets were placed at the beginning of the DCE (outside of the two versions 

of 12 choice sets each) to test comprehension. As noted in chapter 2, a dominant choice task contains one 

alternative where all of the attribute levels are as good as or better than the other alternative (for example 

alternative A has a shorter length of EBRT, no fiducial markers implanted, and less risk of PSA 

recurrence and toxicity and therefore should be preferred over alternative B by all participants). All six 

participants answered these correctly. The last choice set, number 18, was a repeat of the third choice set 

and all six participants answered these the same. If this was due to chance alone it would be 50% for each 

participant. All six participants’ responses to the choice sets resulted in the principle of transitivity being 

upheld.  

The results of the pilot study were analyzed in two ways, as originally coded (MNL continuous in 

Table 3), and as all categorical (MNL categorical in Table 3). When the results were initially analysed, 

with only Markers as dummy coded, the parameter estimates were close to the expected values (Table 3). 

The Markers parameter estimate was highest in magnitude due to its categorical coding. All five 
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parameter estimates were negative as participants preferred the lower value levels of these attributes (e.g. 

shorter treatment time, no markers implanted, less risk of PSA rising, less risk of toxicity). Each attribute 

was then dummy coded with the lowest value set as the reference level for the categorical model.  This 

produced nine parameter estimates, as there were two for the four attributes with three levels, and still 

only one parameter estimate for the Markers attribute (Table 3). When linearity was not assumed the 

parameter estimates fit the respondents’ interview responses well, and the model fit was slightly improved 

based on the log likelihood statistic (Table 3). In this model it was easier to compare the relative 

importance of the attributes. The PSA attribute had the largest magnitude for the highest risk level (18%) 

and the Late attribute had the second largest magnitude for the highest risk level (20%), where 

respectively the 6% and 10% levels were the reference categories with a value of zero. This was 

consistent with the interview results as all participants rated these two attributes as first or second most 

important to their decision making. In keeping with the interview results the Markers attribute had a lower 

value, indicating less importance to participants’ choices, than the highest risk levels and 8-week EBRT 

level.  

Table 3: Pilot test results for continuous and categorical variables. 

Attributes MNL continuous MNL categorical 

Length β1 (ref. 2 weeks) 

   4 weeks β1a 

   8 weeks β1b 

-0.1278  

-0.2805 

-0.9110 

Markers β2 (ref. no markers) -0.6211 -0.6079 

PSA (ref. 6% β3) 

   12% β3a 

   18% β3b 

-0.2490  

-1.3691 

-3.0745                        

Acute (ref 20% β4) 

   35% β4a 

   50% β4b 

-0.0429  

-0.6833 

-1.2889                    

Late (ref. 10% β5) 

   15% β5a 

   20% β5b 

-0.1837  

-1.1195 

-1.8951                

Goodness of fit 

   Log likelihood                                       

 

-45.49 

 

-45.32 
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An interaction term between Length and Acute was included in the design of the pilot study. It 

was thought participants may associate the acute treatment side effects lasting over the course of the 

radiotherapy, though they were instructed that acute toxicity takes weeks to 3 months to resolve after the 

completion of EBRT. The pilot participants reported all five attributes were considered independently in 

the decision-making process. Additionally, the sample size required to take interaction into account with 

adequate statistical significance and power was not realistic for this study. Therefore, it was decided 

going forward this interaction term would not be accounted for at the design stage. 

In summary, participants were able to tolerate 18 choice sets without undergoing comprehension 

fatigue. Furthermore, no important attributes to respondents’ decision making were missing from the 

DCE. The DCE passed the reliability and validity tests at this point, though there was a small sample size. 

These choice sets were included for initial testing of comprehension and to ensure participants could 

tolerate 18 choice sets. The task complexity was deemed appropriate and the length of the interview and 

the attributes and levels remained unedited except for the description of the Markers attribute to exclude 

the term ‘seeds’ when described to participants. 

 

Experimental design 

Based on the pilot test results the DCE was planned in the experimental design software Ngene 

with all attributes categorically coded. The nine parameter estimates (MNL categorical in Table 3) and 

SDs were used to assume a fixed variable as the prior estimate for the Markers attribute, while Bayesian 

priors with normal distributions were assumed for Length, PSA, Acute, and Late attributes. This was to 

ensure the most efficient design as possible since the parameter values were obtained from the pilot study 

which had a small sample size and large uncertainty. The experimental design was specified to have 24 

total choice sets in two blocks with dominated alternatives excluded. This Bayesian approach estimated a 

Db-error of 0.02468 for conditional logit analysis and a Db-error of 0.0715 for random parameter analysis.  
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Validity 

Internal validity 

Six choice sets were included in the DCE interview to test for internal validity: two dominant 

choice sets to test for monotonicity and comprehension; a repeat of a profile from the experimental 

design; two transitive choice sets based on a profile from the experimental design within Ngene to 

complete the set of three; and a holdout profile from the other version the respondent had not seen before. 

Therefore, each respondent saw 18 profiles. The first dominant choice set in the questionnaire was the 

first profile, which also served to ease respondents gradually into the survey. The second dominant choice 

set was the 15th choice set in each version (the other dominant choice set was first followed by the 12 

choice sets from the experimental design). Repeatability was assessed by repeating the third choice set 

from within the experimental design at the 14th position, and intra-rater agreement was tested with 

Cohen’s kappa (κ) statistic. Transitivity was tested by adding two choice sets outside the experimental 

design to determine if the preference relation was consistent between three choice profiles within each 

respondents’ choices. By necessity these choice sets differed between the blocks, however they were 

similar in principle and were not more difficult in either version and placed at the 16th and 17th positions. 

Version consistency was tested via holdout prediction and was the 18th choice set presented to 

respondents. Since there were two versions of the DCE respondents all answered one choice set from the 

opposite block they had not seen previously. The purpose was to test if the model could predict choices 

outside the choice model. The utility for each alternative was calculated using the mixed multinomial 

logit (MXL) model. This model only incorporated choice data from the choice sets within the 

experimental design. For example, the holdout choice set for block 1 (in the 18th position) was part of the 

validity check and these choices did not enter the choice model, while this same choice set in block 2 was 

part of the experimental design and model estimation. Block 1 participants’ choices for this holdout 

choice set were only used to compare the choices to what would be ‘expected’ using the κ statistic. The 

alternative with the less negative utility was more likely to be chosen.  
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Task or attribute non-attendance was assessed via three methods: (1) it was considered if 

respondents appeared to have a pattern to their choices (e.g. selected all A); (2) participants were asked if 

they understood the concept of making choices between the two alternatives in the DCE; and (3) each 

participant was asked how many attributes they considered when making their choices, and the 

interviewer also reported how many attributes they believed the participant considered based on the 

participants comments during the DCE and the debriefing survey. Each participants’ answers in the DCE 

were examined for non-compensatory decision making by reviewing if anyone always selected the 

alternative with the best level for their preferred attribute (e.g. if a participant most preferred to reduce 

risk of recurrence and always chose the alternative with the least risk of PSA recurrence).  

 

External validity 

The sample population consisted of prostate cancer patients who were undergoing or had 

completed EBRT targeted to the prostate at the time of recruitment. This was similar to the larger 

population of interest; prostate cancer patients with localized disease considering different fractionation 

regimens of EBRT (14). The more the respondents approximated the target population, the better the 

external validity of the results (14). It was important that the situation presented to participants was 

familiar to them, otherwise responses may have been artificial (14). Thus, only prostate cancer patients 

who had at least started EBRT were eligible for this study. The use of concrete values (attributes and 

levels based on RCTs) presented more lifelike scenarios to respondents, and therefore increased the 

generalizability of the results (14). The realism of this study was improved by completing the DCE in one 

session and in a natural setting, in this case a clinic room in the cancer centre (14). To increase the 

likelihood that the DCE was capturing the latent beliefs and choices of respondents, the respondents were 

asked to deliberate carefully as their responses had the possibility to help determine future research 

directions at the institution. Thus, they understood there were real effects from the outcome of the survey 

even though it would not affect them on an individual level.  
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Ranking, rating, and qualitative information 

After the pilot study was completed the planned debriefing questions all participants in the full 

DCE answered were adjusted (Figure 5). All the respondents to the full DCE were asked to assess their 

self-reported overall confusion on a five-point Likert scale where the end points of 1 corresponded to ‘not 

confused’, and a score of 5 to ‘very confused’ (Figure 5 question 1). To help assess attribute non-

attendance participants were asked in multiple choice format how they made their decision between the 

alternatives, and they selected if they were unsure or considered one, some, most, or all of the attributes 

(Figure 5 question 3) (14). There was a short qualitative question where respondents were asked why one, 

or a subset, of attributes were most important to them and their answers were written down verbatim by 

the interviewer with their answer repeated back to the respondent to ensure accuracy (Figure 5 question 

6). These answers were examined with content analysis (16). To slightly mimic the trade offs participants 

made between the attributes in the DCE participants were asked to allocate points to various attributes 

based on their importance (Figure 5 question 7) (17). Specifically, participants were told to; “Assume you 

have a total of 100 importance points to assign to the five radiotherapy characteristics. Please show how 

important each item is to you by distributing your 100 points among the five items; to show that one item 

is more important to you than another you should give more points to it. You do not need to give points to 

all the items, but remember the total needs to equal 100” (17). The internal consistency of the implicit 

ranking of the attributes by the DCE were compared to the explicit ranking and rating exercises 

completed by all participants. The explicit ranking was determined by first calculating the sample-wide 

(overall mean) for each attribute for the rating and point assignments questions in Figure 5 (questions 5 

and 7). Comparison was made on a class basis (from the results of the LCM) using one-way analysis of 

variance (ANOVA) comparison of means between groups to determine if there was a significant 

difference. Second, these two results were assessed to determine if the ratings and points were consistent 

with the DCE model estimates (17). 
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Figure 5: Sample questionnaire participants completed after DCE. 

 

The interviewer answered similar questions about how participants responded to the DCE to 

determine inter-rater agreement using the κ statistic and several other factors about participants (Figure 

6). The interviewer reported categorical scores were tested for association with χ2 Test of Independence. 

 



 

 

 

67 

 
      Bolded: options interviewer could select. 

Figure 6: Sample interviewer form interviewer. 

 

Participant accrual 

Recruitment 

 Potential participants were patients of the Cancer Centre of Southeastern Ontario who had been 

diagnosed with localized prostate cancer and had completed or were receiving curative intent EBRT to 

their prostate at the time of recruitment. This target population was appropriate for these research 

objectives since this was a forced choice DCE between two EBRT options. The sampling frame was 

representative of the target population as all patients receiving EBRT to their prostate between February 

and April 2019 were approached and invited to participate in the study by the attending Radiation 
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Oncologist and researcher. Additionally, patients from three Radiation Oncologists’ follow up clinics 

were also approached to participate in the study. If possible, all eligible patients in a clinic were asked to 

participate; some patients were missed if their appointment was completed while the interviewer was 

finishing the DCE with a different patient. Basic information about non-responders (patients who declined 

to take part in the study) was collected, including age and distance from the cancer centre. 

 

Background Information 

A general information hand out was provided to participants. This information was repeated at 

the time of the DCE (Figure 7). Participants were also informed about: a planning CT scan occurred prior 

to radiotherapy in all cases; placement of fiducial markers for SBRT; the meaning of moderate GI and 

GU side effects; and all other side effects (e.g. fatigue, erectile dysfunction) should be considered to be 

the same between the two alternatives in the DCE. The explanation of toxicity seen in Figure 7 was taken 

from the descriptions of grade 2 (moderate) GU and GI toxicity in the RTOG schema (18). 

 

Sample size 

One rule of thumb to calculate required sample size was proposed by Orme:  

Equation 6 

where n is the number of respondents, t is the number of tasks (choice sets in the experimental design), a 

is the number of alternatives per task (not including the opt-out), and c is the number of analysis cells 

(equal to the largest number of levels for any one attribute when using main effects, and if considering 

two way interactions then equal to the largest product of levels of any two attributes) (19). In this study  

t = 12, a = 2, and c = 3, and therefore the suggested minimum sample size based on this method was 63. 

Interaction between two attributes was only investigated if the two attributes were related, and in my 

study no attributes were expected to interact (12). 
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Figure 7: Explanation of attributes and side effects the interviewer provided to each participant. 

 

In the parametric approach (parameter estimates assumed to be normally distributed) the 

minimum sample size required is based on the most “critical” parameter. This parameter was the Markers 

attribute based on the Ngene calculation with a minimum required sample size of 42 for random 



 

 

 

70 

parameter analysis (20). This approach was likely more reliable than rules of thumb since it required prior 

parameter estimates and utilized a 95% significance level. However, this sample size method was not 

specific to a certain hypothesis and did not depend on a desired power level (21). 

The final formula used in this study to determine the optimal sample size for conditional logit 

analysis took into account: (1) a two-tailed significance level of 5% (to rule out findings due to chance 

alone at 2.5% on either side of the mean); (2) an 80% power level, (3) the number of attributes, (4) levels, 

and (5) number of choice sets in the DCE (21). The prior estimates from the pilot study were also 

included (21). The paper by de Bekker-Grob et al. provided an R code freely available online for this 

application (21). This was the most accurate sample size estimation that determined the critical parameter 

was the Late attribute and at least 28 respondents per version (block), a total of 56 across both versions, 

were required to significantly estimate the Late toxicity parameter estimate. Therefore, since this sample 

size calculation tested for the significance of the null hypotheses and had an associated power level this 

was the minimum sample size aimed for prior to start of recruitment. 

 

Participant sociodemographic information 

 Sociodemographic data and prostate cancer specific information was collected from all 

participants prior to the DCE (Figure 8). 

 

Analysis 

The DCE was analysed by taking each choice among the two alternatives as an observation. No 

data were planned to be excluded regardless of participants’ responses to the internal validity choice sets. 

The pilot study data were not included in the analysis, though five of the six pilot participants were later 

recruited to take part in the study from follow up clinics. As for all of the reviewed oncology DCEs, a 

statistically significant attribute (p < 0.05) was interpreted to indicate that respondents considered the 

attribute important and differentiated between one attribute (or attribute level) and another when they 
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made their choices in the DCE. A priori all attributes were expected to be important, and all attribute 

levels (except the reference level)would have a negative parameter estimate based on the framing of the 

DCE since respondents should find it preferable to have shorter treatment, no markers, and less risk of 

PSA recurrence and GI and GU toxicity. The variables were initially all categorically coded.  

 

 

Figure 8: Form for sociodemographic and prostate cancer specific information.  
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Conditional logit models 

The observations were analyzed using a conditional, also known as multinomial, logit regression 

model (MNL) that assumed all attributes had an independent influence on a participant’s preference: 

Equation 7 

 

where V represents the utility derived from EBRT for localized prostate cancer and β1-5 are coefficients 

that indicate the relative importance of each attribute (Table 4). β0 was a dummy coded alternative 

specific constant (ASC) where the base level 0 was set to alternative A, and alternative B coded with a 1. 

This was included initially to test for ordering effect; if respondents were more likely to choose the option 

that was presented first or second. If the coefficient for this constant was not significantly different from 0 

it would be excluded from further models. The F test for linear correlation was used to verify the Length 

attribute was sufficiently linear (p < 0.05), and then the Length attribute would enter the model as a 

continuously coded parameter. The MRS estimation requires the parameter on the denominator (the 

comparison attribute) to be continuous. If the Length attribute was significantly linearly related and β0 

was not significant equation 7 would simplify to:  

Equation 8 

 

where the β1-5 variables are described in Table 4. 

As discussed in chapter 2, there are four main limitations of MNL. The assumption of 

independence of irrelevant alternatives (IIA) did not apply in this study since it was a forced choice DCE 

and there were only two alternatives per choice set. However, the other three assumptions of MNL limit 

estimation of true human behaviour, especially the assumption of preference homogeneity, which likely 

restricted the realism of the analysis. 
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Table 4: Description of coefficients and the corresponding attributes. 

Coefficients Coding The coefficient represents the attribute… 

β1LENGTH 

 

β1aLENGTH4   

β1bLENGTH8 

Continuous  

 

Dummy 

‘Length of radiotherapy’. 

 

‘Length of radiotherapy’ with ‘2 weeks’ as the reference level. 

β2MARKERS Dummy  ‘Fiducial marker implantation’ with ‘no marker’ as the reference 

level. 

β3aPSA12% 

β3bPSA18% 

Dummy ‘Risk of PSA recurrence’ with ‘6% by 5 years’ as the reference level. 

β4aACUTE35% 

β4bACUTE50% 

Dummy ‘Risk of acute moderate GI and GU toxicity’ with ‘20%’ as the 

reference level. 

β5aLATE15% 

β5bLATE20% 

Dummy ‘Risk of late moderate GI and GU toxicity’ with ‘10%’ as the 

reference level. 

β0 Dummy  Alternative specific constant (ASC) with reference level set to 

alternative A to test for ordering effect. 

  

Goodness of fit 

Conditional logit models are not able to measure absolute goodness of fit. An indicator used to 

determine the relative explanatory power of a model was the log likelihood value, which was developed 

to mimic the R2 calculation. Higher (less negative) log likelihood values are associated with greater 

ability of a model to explain the pattern of choices in the data. These values cannot be used alone since 

they are a function of sample size. The likelihood ratio χ2 test provided a method to determine whether 

including attribute-level variables significantly improved the model fit compared to a model without any 

attribute-level variables, and whether one or more of the preference weights were expected to be different 

from 0. The critical value for this test can be calculated as: 

Equation 9 

where LL is the log-likelihood value (22). The likelihood ratio has a χ2 distribution where the degrees of 

freedom (df) are equal to the number of preference weights estimated in the model minus the number of 

alternative-specific constants (22). The model with the higher ratio can be assumed to fit the data better if 

each model has the same degrees of freedom. McFadden’s pseudo R2 value improves with the number of 

explanatory variables. In general, a measure between 0.2 to 0.4 indicates a good model fit. between 0.2 to 

0.4 can be considered a good model fit.  
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The Akaike Information Criterion (AIC) and Bayesian Information Criterion (BIC) are 

commonly used for model selection. AIC minimizes the mean square error of predictions. BIC is more 

consistent than AIC and tends to select the ‘truer’ model as sample size increases. When heterogeneity is 

small AIC is more likely to perform well, but since heterogeneity is expected BIC likely outperformed 

AIC in my DCE due to the stronger penalty afforded. A third criterion called Consistent Akaike 

Information Criterion (CAIC) has a stronger penalty for overparametrized models, and thus was used for 

comparison of latent classes due to the small sample size per group.  

 

Subgroup analysis 

Objective 1 included the hypothesis that preferences would vary based on respondent factors. It 

was expected that older respondents and those who lived further from the cancer centre would value 

length of EBRT more strongly than younger participants and those who lived closer to the cancer centre. 

The MNL model was estimated for two subgroups: (1) respondents younger than 70 years old and those 

70 years and older; and (2) respondents who lived less than a 60-minute drive to the cancer centre and 

those whose drive was 60-minutes and longer. The MNL model was used for this objective because it was 

likely to be more accurate with the small sample sizes in each subgroup. More flexible analyses, such as 

MXL and LC, require researchers to make assumptions about random parameters and their distributions 

and likely need larger sample sizes (22).  

 

Mixed multinomial logit model 

An MXL model was initially tested with the dummy alternative ASC as the only randomly 

distributed variable, if this was not significant it was removed from the model. Next, each of the five 

attributes were added to the model as a random normal distribution variable, either as continuous 

(Length), dummy (Markers), or categorical (PSA, Acute, Late) based on the MNL model. After the 

addition of each randomly distributed variable the resulting model was compared with the previous model 
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using a likelihood (LL) ratio test (Eq. 9). If the SDs for the mean values were significant and the model fit 

improved significantly the specified attribute level remained in the model as a random parameter. 

However, if these two conditions were not met then the attribute level was entered as a fixed parameter. 

Random parameter variables (βi) were drawn from normal distributions (N): 

Equation 10 

where μi is the mean coefficient and σi is the SD of the original distribution. The distribution of the 

predicted individual β coefficients for each of the random parameters were plotted to examine if they 

followed the assumed posterior normal distribution. Individual preference weights are not directly 

interpretable and it is often difficult to determine the distributional characteristics of preferences (22). The 

proportion of respondents with positive parameter coefficients (opposite of what was expected) for each 

attribute estimated with the MXL model were examined, and if present was a good indication  preference 

heterogeneity was present. This would be evidence that LC analysis could be useful to characterize which 

respondents had different preferences.  

 

Latent class analysis 

 An alternative model called the LC model was used to express the potential preference 

heterogeneity with the best possible model fit for a set number of classes. For each class, different 

coefficients (or discrete random effects) were estimated for each attribute. The optimal number of classes 

was determined in an iterative procedure by comparing models’ CAIC, AIC, and BIC values that varied 

by number of classes (23). LCM assumes individuals are implicitly sorted into a set of Q classes, but 

which class contains any specific respondent is unknown to the researcher (24). The model for a discrete 

choice among Ji alternatives: 

Equation 11   
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by individual i observed in Ti choice situations (24). This logit model posits the behaviour of individuals 

depends on observable attributes and on latent heterogeneity that varies with factors unknown to the 

investigator (24). Thus, the probability of selecting a certain alternative in the choice set depended on the 

class the participant was sorted into. With the estimated parameter coefficients the unconditioned prior 

probability for each individual to be in class q was modeled based on observable characteristics or risk 

factors (24). Using these probabilities and respondents’ estimated choice probabilities based on Bayes 

theorem, the conditioned posterior estimates of the latent class probabilities were calculated (24).  

The association of class membership with sociodemographic and prostate cancer factors were 

explored in the 2- and 3- class models by adding each as a covariate for predicting class membership. All 

covariates found to significantly impact class membership status were together estimated in the final LC 

model. The significant sociodemographic and prostate cancer factors identified within the LCM were 

tested for association with each class using Fisher’s exact test. 

 

Comparing models 

This study used several different estimation models to quantify the preferences of prostate cancer 

patients for aspects of EBRT to treat localized disease. Choosing the optimal model to describe the 

respondents’ choices was challenging given the many domains of contrast (24). The MXL model 

incorporated preference heterogeneity, and the LCM was able to identify different groups of participants 

based on their heterogeneity of preferences. Since the MXL and LC models are not nested, comparison of 

the likelihood ratio tests is not appropriate (24), and instead comparison of AIC and BIC was employed.  

The willingness to trade off EBRT length to achieve less risk or recurrence, less risk of toxicity, 

or no marker implantation was estimated using marginal rate of substitution (MRS). The MRS was 

calculated for each attribute level by dividing the specified level coefficient by the coefficient for the 

continuous attribute Length (β1). These results and comparisons are discussed in the next two chapters. 

Preference scores (also known as relative utility) for EBRT were generated based on the MXL and LC 
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models. This resulted in relative utility scores for hypothetical EBRT scenarios. These scenarios were 

created to illustrate possible differences in patient preference for EBRT that would vary by model type. 

The higher (less negative) relative utility score indicated participants in that model (or class) would prefer 

that particular scenario over another scenario with a lower utility. The absolute values of utility (V) had 

no direct interpretation and could not be compared between models. However, the ranking of the 

hypothetical scenarios within each model could be compared. The preference score was first calculated 

for a ‘base case’ scenario using eq. (8) where the attribute levels were set as the middle levels (4 weeks, 

12% risk of PSA recurrence, 35% risk of acute toxicity, and 15% risk of late toxicity) and no markers 

implanted. One or more attribute levels was then changed to gain insight about how each attribute 

systematically affected the utility score and rank relative to the base case. This is explored further in 

chapter 4. 
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Chapter 4 

Results 

Sample population 

Respondents 

 Fifty-eight participants were recruited for this study, 29 completed each version of the 

questionnaire. Respondent characteristics are detailed in Table 5. More than 70% of participants were 

between the ages of 65 to 80, with a mean age of 72 (Table 5). Almost 80% of participants described no 

late toxicity, which included the almost half of participants who were undergoing EBRT when they 

completed the questionnaire and the time for this side effect to develop had not passed yet. Of the 

remaining 33 participants who had previously completed EBRT five reported mild, six moderate, and one 

severe late toxicity. 

 

Non-responders 

 Twenty-four potential participants declined to be part of the study, giving a response rate of 

70.7% (58/82). The mean age of non-responders was the same as responders, 72 years old, and similar to 

the overall sample about a third of participants lived less than 30 minutes from the cancer centre. 

Response rates were similar between younger patients and those 70 years or older (38/52, 73.1%; and 

20/30, 66.7% respectively). Two of the non-responders initially agreed to take part in the study but after 

an initial explanation of what a DCE was they felt it was too confusing and declined to take part. One 

participant informed the researcher the study’s purpose did not make sense to him, and the other indicated 

their physician should make this choice so he would not be able to make choices in the DCE. 
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Table 5: Characteristics of the respondents. 

Characteristics Value n=58 (%) 

Age  

   <65 7 (12.1) 

   65-69 13 (22.4) 

   70-74 12 (20.7) 

   75-79 16 (27.6) 

   ≥80 10 (17.2) 

Household  

   Single 7 (12.1) 

   With partner 51 (87.9) 

Driving distance from local cancer centre  

   < 30 minutes 18 (31.0) 

   30-60 minutes 16 (27.6) 

   > 60 minutes 24 (41.4) 

Education  

   University, college, or technical certificate 37 (63.8) 

   High school or less 21 (36.2) 

Employment status  

   Currently working part or full time 9 (15.5) 

   Retired or on disability 49 (84.5) 

Currently receiving radiotherapy  

   Yes 25 (43.1) 

   No 33 (56.9) 

Received systemic therapy for prostate cancer  

   Yes 27 (46.6) 

   No 31 (53.4) 

Undergone surgery for prostate cancer  

   Yes 8 (13.8) 

   No 50 (86.2) 

Undergone brachytherapy for prostate cancer  

   Yes 6 (10.3) 

   No 52 (89.7) 

Self-reported severity of acute toxicity  

   None 14 (24.1) 

   Mild 20 (34.5) 

   Moderate 19 (32.8) 

   Severe 5 (8.6) 

Self-reported severity of late toxicity  

   None or not applicable 46 (79.3) 

   Mild 5 (8.6) 

   Moderate 6 (10.4) 

   Severe 1 (1.7) 
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Models 

 A total of 1392 observations (12 choice sets thus 24 observations per respondent) were used for 

each model. No data were excluded and there were no missing values. The DCE responses were analysed 

with three model types discussed in detail in chapter 3. The multinomial logit (MNL), mixed multinomial 

logit (MXL), and latent class model (LCM) analyses, and goodness of fit are examined in this section. As 

indicated in chapter 3, attributes that were statistically significant (p < 0.05) were interpreted to be 

important to how participants made their choices in the DCE. This indicated respondents differentiated 

between one attribute (or attribute level) and another in making their choices in the DCE. Non-significant 

results were of unknown significance as they could not be determined to be not important to participants’ 

choices, especially in the subgroup and latent class analyses since they were underpowered due to the 

small sample size. A priori all attributes were expected to have a negative effect based on the framing of 

the attributes. As explained in chapter 3 the Length attribute parameters were tested for a linear 

relationship, and the Markers, PSA, Acute, and Late attributes were dummy coded. 

 

Objective 1: Parameter estimates 

MNL 

The first objective of my thesis was to quantify the coefficient values, also known as parameter 

estimates, for each attribute. The null hypotheses were that the estimates for each attribute would not be 

significantly different from zero. The sign of a coefficient indicated whether the attribute had a positive or 

negative impact on the utility score (32). The alternative specific term was not significantly different from 

0 (p= 0.291), thus there was no ordering effect present in the model that would have represented an 

underlying preference for radiotherapy alternative A or B. Consequently, none of the models presented in 

this chapter include an ASC. The F-test of linearity for the attribute length of radiotherapy was significant 

(p= 0.004); therefore, this attribute was fitted as a continuous attribute in all analyses going forward 

(Table 6). In the MNL model all attributes were statistically significant; thus, it was interpreted that all 
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attributes were important to participants’ choices (Table 7). The a priori hypothesis that the signs for all 

the parameter estimates would be negative was correct. This indicated participants preferred a shorter 

radiotherapy treatment without fiducial markers and less risk of PSA recurrence and toxicity (Table 7). 

 

Table 6: Test of linearity for Length attribute. 

Parameter description Reference (2 weeks) β1a (4 weeks) β1b (8 weeks) 

Coefficients 0 -0.137 (.295) -0.420 (.003) 

F- test R2 = 1.000 (.004) 

 p-values in parentheses.  

 

 

Table 7: Comparison of MNL and MXL models. 

 

Characteristic 

MNL MXL 

β p-value β p-value SD (p-value) 

Length β1 -0.052* .021 -0.091* .017 0.176 (<.001) 

Markers β2 

(ref. no markers) 

-0.282* .002 -0.563* .004 1.043 (<.001) 

PSA (ref. 6%) 

   12% β3a 

 

   18% β3b 

 

-0.990* 

 

-1.653* 

 

<.001 

 

<.001 

 

-1.456* 

 

-2.581* 

 

<.001 

 

<.001 

 

- 

 

1.772 (<.001) 

Acute (ref. 20%) 

   35% β4a 

 

   50% β4b 

 

-0.426* 

 

-0.568* 

 

<.001 

 

<.001 

 

-0.724* 

 

-1.005* 

 

<.001 

 

<.001 

 

- 

 

0.675 (.008) 

Late (ref. 10%) 

   15% β5a 

 

   20% β5b 

 

-0.568* 

 

-1.005* 

 

<.001 

 

<.001 

 

-0.969* 

 

-1.854* 

 

<.001 

 

<.001 

 

- 

 

1.431 (.001) 

Goodness of fit 

Log likelihood 

Degrees of freedom (df)                  

Likelihood ratio χ2              

Prob > χ2 than model with df-1 

Pseudo R2      

AIC 

BIC                      

 

-430.33 

8 

4.16 

.041 

0.1080 

876.68 

918.58 

 

-395.26 

8 

70.14 

.000 

- 

816.53 

884.63 

     *indicates parameter estimate is significant at 0.05 level; - indicates not applicable. 
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    Reference levels set at 0: No, 6%, 20%, 10%. 

Figure 9: Clustered bar chart of MNL parameter estimates. 

 

The largest parameter estimate was the decrease in risk of PSA recurrence from 18% to 6%  

(-1.653). The second largest was the parameter estimate for a decreased risk of late toxicity from 20% to 

10% (-1.055). The smallest coefficient for a non-continuous variable was the Markers attribute (-0.282). 

Overall the smallest coefficient was the continuous Length variable (-0.052). The magnitude of the 

attribute coefficients corresponded with the relative importance of the attributes, for example on average 

in the MNL model risk of late toxicity was more important to participants than risk of acute toxicity even 

though the 95% CI overlapped (Figure 9). For correct interpretation of the comparison of the parameter 

estimates within one model (e.g. only considering MNL) the units of measurement must be considered 

carefully. The continuous attribute Length had a coefficient of -0.052, which indicated for a 1 week 

increase in treatment length the average utility decreased by this number. For example, the difference in 

utility between the levels 2 weeks and 8 weeks was -0.312 (-0.052 x 6) (visualized in Figure 9). The 

coefficient in the MNL model for the PSA attribute at the 12% level was -0.990, which corresponded to 

the average decrease in utility of a change from 12% to 6% risk. With higher risk there was a larger 
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associated difference in utility between the 18% and 6% levels (-1.653). The Acute attribute was dummy 

coded, and respondents had greater preference to decrease risk of acute toxicity from 35% to 20% (-

0.426) than 50% to 35% (-0.142 = -0.568 – (-0.426); Figure 9). This larger difference in utility between 

the middle and lowest risk levels was demonstrated by all three risk attributes (Figure 9), though the 

difference between the Late attribute parameter estimates resulted in relative marginal utility differences 

that were more proportional. When the risk of late toxicity was reduced from 15% to 10% the utility 

changed by -0.587, while 20% to 15% was similar with a parameter estimate of -0.474 (-1.061 –  

(-0.587)). Therefore, on average (though some of the 95% CI overlapped) the ranking of the attributes 

from most to least important to the participants was: (1) risk of PSA recurrence; (2) risk of late toxicity; 

(3) risk of acute toxicity; (4) length of EBRT; (5) and fiducial marker implantation (Figure 9). 

 

Subgroup analysis 

 As part of my first objective I hypothesized older respondents and those who lived further from 

the cancer centre would value length of EBRT more strongly than younger participants and those who 

lived closer to the cancer centre. Two subgroup analyses were conducted using the MNL model: (1) 

respondents under and over 70 years old (Table 8); and (2) those who lived less than 60 minutes, 

compared to a 60 minute or longer drive to the cancer centre (Table 9). The under 70 years old subgroup 

model fit the data well even though there were only 480 observations (20 respondents in this subgroup). 

The pseudo R2 value was within the good fit range of 0.2 to 0.4 with a value of 0.243, and the AIC and 

BIC values were low. The over 70 years old subgroup did not have as good a fit leading to the conclusion 

older participants likely had more heterogeneous preferences, though all parameter estimates were 

significantly different from zero (Table 8). Similarly, the model fit for respondents who lived over 60 

minutes from the cancer centre fit the data better than the model for those who lived closer, even though 

this latter group had a larger sample size (Table 9). The pseudo R2 value for the subgroup who lived 
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further away was 0.1559, closer to the good fit range than the overall MNL model, even though it only 

included 24 participants.  

As expected, the parameter estimates for the subgroups varied from those in the main MNL model. These 

results suggest that age and distance acted as effect modifiers on the relationship between preferences and 

the choices participants made in the DCE. In the subgroups some attributes were not statistically 

significant, thus they were of unknown significance to participants’ decisions. All attributes were 

statistically significantly important to older participants’ (70 years or older) choices, which was similar to 

the main MNL model. For participants who lived closer (less than an hour drive to cancer centre), length 

of EBRT was of unknown significance to their choices. Those who lived further away statistically 

significantly considered length important. These findings proved my a priori hypothesis that age and 

distance would influence respondents’ choices for length of EBRT was correct. 

Table 8: MNL subgroup analysis by age. 

Age subgroup <70 years old ≥70 years old 

Characteristic β p-value 95% CI β p-value 95% CI 

Length β1 -0.04 .551 (-0.11, 0.04) -0.06* .024 (-0.12, -0.01) 

Markers β2 -0.16 .346 (-0.57, 0.12) -0.31* .006 (-0.52, -0.09) 

PSA  

   12% β3a 

 

   18% β3b 

 

-1.60* 

 

-3.00* 

 

<.001 

 

<.001 

 

(-2.15, -1.06) 

 

(-3.86, -2.15) 

 

-0.77* 

 

-1.11* 

 

<.001 

 

<.001 

 

(-1.11, -0.44) 

 

(-1.62, -0.59) 

Acute  

   35% β4a 

 

   50% β4b 

 

-0.75* 

 

-1.29* 

 

.001 

 

<.001 

 

(-1.19, -0.27) 

 

(-1.88, -0.71) 

 

-0.37* 

 

-0.39* 

 

.011 

 

.017 

 

(-0.66, -0.09) 

 

(-0.71, -0.07) 

Late  

   15% β5a 

 

   20% β5b 

 

-0.65* 

 

-1.06* 

 

.005 

 

.003 

 

(-0.98, -0.09) 

 

(-1.89, -0.54) 

 

-0.42* 

 

-0.98* 

 

.009 

 

<.001 

 

(-0.73, -0.11) 

 

(-1.41, -0.54) 

Goodness of fit 

Log likelihood        

LL ratio χ2              

Prob > χ2  

Pseudo R2      

# observations 

AIC 

BIC                      

 

-257.14 

51.34 

.000 

0.0908 

816 

530.27 

567.91 

 

-168.50 

62.25 

.000 

0.1559 

576 

353.00 

387.85 

*indicates significance at 0.05 level; obs: observations. 
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Table 9: MNL subgroup analysis by driving distance from cancer centre. 

Distance subgroup < 60 min ≥ 60 min 

Characteristic β p-value 95% CI β p-value 95% CI 

Length β1 -0.026 .377 (-0.09, 0.02) -0.083 .023 (-0.14, -0.02) 

Markers β2 -0.393 .001 (-0.54, -0.11) -0.167 .245 (-0.53, 0.09) 

PSA  

   12% β3a 

 

   18% β3b 

 

-0.887 

 

-1.466 

 

<.001 

 

<.001 

 

(-1.16, -0.49) 

 

(-1.82, -0.79) 

 

-1.259 

 

-2.104 

 

<.001 

 

<.001 

 

(-1.85, -0.74) 

 

(-2.78, -1.51) 

Acute  

   35% β4a 

 

   50% β4b 

 

-0.353 

 

-0.553 

 

.023 

 

.002 

 

(-0.70, -0.05) 

 

(-0.99, -0.10) 

 

-0.586 

 

-0.741 

 

.003 

 

.002 

 

(-0.96, -0.11) 

 

(-1.21, -0.29) 

Late  

   15% β5a 

 

   20% β5b 

 

-0.716 

 

-1.083 

 

<.001 

 

<.001 

 

(-0.97, -0.08) 

 

(-1.87, -0.56) 

 

-0.351 

 

-0.914 

 

.069 

 

.001 

 

(-0.71, 0.01) 

 

(-1.38, -0.57) 

Goodness of fit 

Log likelihood        

LL ratio χ2              

Prob > χ2  

Pseudo R2      

# observations 

AIC 

BIC                      

 

-257.14 

51.34 

.000 

0.0908 

816 

530.27 

567.91 

 

-168.50 

62.25 

.000 

0.1559 

576 

353.00 

387.85 

*indicates significance at 0.05 level; obs: observations. 

 

Thus, it was determined heterogeneity was present in participants’ choices based on some known 

factors that the MNL model was unable to account for. This was evidenced in the improved, but not ideal 

pseudo R2 values in the subgroup analyses compared to the main MNL model. The next section explores 

the MXL analysis that considered unknown factors influencing preference heterogeneity.  

 

MXL 

 An MXL analysis accounts for the relative weight each respondent placed on a certain attribute, 

known as preference heterogeneity, with randomly distributed parameters. As in the MNL model all 

attributes in the MXL model were statistically different from zero and therefore the null hypothesis was 

rejected for each attribute (Table 7). The negative signs of the coefficients indicated participants preferred 
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a shorter radiotherapy treatment without fiducial markers and less risk of PSA recurrence and toxicity. 

Five of the eight attributes significantly improved the fit when they entered the model as random 

parameters (Length, Markers, PSA at the 18% level, Acute at the 50% level, and Late at the 20% level). 

These five parameters all had significant SDs which indicated participants had heterogenous preferences 

for all five attributes of EBRT management for localized prostate cancer and they should be modeled as 

randomly distributed parameters (Table 7). The SDs for the middle levels of the risk attributes (PSA at the 

12% level, Acute at the 35% level, and Late at the 15% level) were not statistically significant, and 

therefore these three attribute levels entered the model as fixed parameters.  

The ranking of the mean magnitude of the coefficients were the same as for the MNL model; the 

largest coefficient was the PSA attribute to decrease risk from 18% to 6% (-2.581), the second largest was 

the Late attribute to decrease risk from 20% to 10% (-1.854), and the smallest coefficient for a non- 

continuous variable was the Markers attribute (-0.563) (Figure 10). Overall the smallest coefficient was 

for the continuously related Length variable (-0.091). As reported for the MNL model, the interpretation 

of the magnitude of the coefficients were carefully considered (visualized in Figure 10). For example, the 

random parameter coefficient in the MXL model for the Acute attribute at the 50% level was -1.005 and 

implied the average decrease in utility of a change from 50% to 20% risk was this value (-1.005 x 1) 

(Table 7). The fixed parameter coefficient in the MXL model for this same attribute but at the 35% level 

was -0.724 (Table 7). The continuous Length coefficient was -0.091 and indicated for each 1 week 

increase in length the average utility decreased by this number. For example, the difference in utility 

between 8 and 2 weeks was 0.546 (-0.091 x 6) (visualized in Figure 10), thus the Length attribute levels 

had the smallest changes in utility (Figure 10). In other words, worse utility is associated with the 8-week 

level overall, however the difference to shorten treatment to 2 weeks resulted in a smaller utility change 

than avoiding Markers (level change from yes to no), so participants in general prefer to avoid fiducial 

marker implantation even at the expense of an 8 week EBRT regimen. Therefore, the ranking of the 

attributes in this model from most to least important (using the largest expected difference in utility 
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     Reference levels set at 0: No, 6%, 20%, 10%. 

 

Figure 10: Clustered bar chart MXL parameter estimates. 

 

between the best and worst levels) was; risk of PSA recurrence, risk of late toxicity, risk of acute toxicity, 

fiducial marker implantation, and length of EBRT. For correct comparison between models only the 

ranking of the coefficients could be assessed and not the actual estimate due to scale differences between 

types of analyses. The ranking of the attributes for MNL and MXL models was the same for the risk 

attributes. In the MNL analysis length was more important than avoiding fiducial marker implantation, 

while in the MXL analysis that accounted for preference heterogeneity avoiding fiducial marker 

implantation was more important to participants than shortening EBRT.  

To assess goodness of fit the log likelihood values were directly compared between the models 

since they had the same number of degrees of freedom. Since the MXL model had the lower log 

likelihood, AIC, and BIC values, and a higher likelihood χ2 ratio, the data was concluded to fit the MXL 

model better than the MNL model (Table 7). As seen in Table 10 a proportion of participants had 

opposite preferences than expected for each attribute. The risk attributes had the least amount of 
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preference heterogeneity (range 5.9% to 9.8%), while the Markers and Length attributes had the most 

(29.5% to 30.3%). This is interesting since both the MNL and MXL models found the risk attributes were 

most important to participants, and the Length and Markers attributes were least important. The fit of the 

MXL model was further evaluated by inspecting whether the predicted individual coefficients for each of 

the five random parameters followed the assumed posterior normal distribution (Figure 11 A-E). All five 

attributes’ individual coefficients approximated the normal distribution and therefore the MXL model was 

accepted as fitting the data better than the MNL model. This evidence provided a good picture of the 

heterogeneity of preferences, and together with the significant SD for each attribute this indicated there 

was preference heterogeneity that needed to be further explored for relationships and categories within 

these preferences. This was studied with latent class modeling and discussed in detail in the next section. 

 

LCM 

The LCM model with the optimal number of classes generally has the lowest CAIC value (90). 

The CAIC values for 2- and 3-classes were the lowest, and by a small margin was lowest for 2-classes 

(Figure 12 plots CAIC values for models with 1 to 10 classes). Commonly, the curve is ‘U’ shaped and 

the CAIC values progressively increase for higher classes after the optimal number of classes is found 

(90). This was not seen in Figure 12, likely due to the small sample size as at least 20 to 30 participants 

are required per class to sufficiently model preferences (25). Thus, class sizes larger than 3 could not be 

estimated with the sample size of 58 in this study. The 3-class model parameter estimates are displayed in 

Table 11. The 3-class analysis is reported here as this model fit the data better than the 2-class LCM based 

on goodness of fit, conditioned and unconditioned probability, and the posterior probability (available in 

Appendix C Table 22). Each parameter significantly improved the model fit as calculated with eq. (9). In 

the LCM three preference types were identified and each class incorporated about a third of the 

participants. In the two class LCM classes 3.1 and 3.3 from the three class LCM (Table 11) were  
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Table 10: Proportion of respondents with positive individual coefficients for each randomly 

distributed parameter in the MXL model (visualized in Figure 8). 

Attribute (Figure 8) Z value Proportion with positive individual coefficients  

Length (A) -0.5171  0.3026 

Markers (B) -0.5398  0.2947 

PSA at 18% level (C) -1.4566 0.0726 

Acute at 50% level (D) -1.5630 0.0590 

Late at 20% level (E) -1.2956 0.0976 

 

A.  

B.  

Figure 11: Kernel density charts for individual’s β coefficient for the five randomly distributed 

parameters in the MXL model (A-B; C-E next page). 
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C.  

D.  

E. 
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Figure 12: Plot of CAIC values for LC models. 

 

combined into class 2.2 (Appendix C Table 22), and based on the preference patterns discussed in the 

next paragraphs three classes fit the data better. 

Class 3.1 participants, the “toxicity group”, preferred to avoid marker implantation and toxicity, 

and avoid risk of PSA recurrence at the 12% level, but not the higher 18% level (Table 11). Compared to 

class 3.3, class 3.1 more strongly preferred to avoid the highest (20%) risk of late toxicity (95% CI did 

not overlap). Class 3.2, the “convenience group”, was the only group who preferred shorter treatment 

length. This class also preferred to avoid fiducial marker implantation and risk of PSA recurrence at the 

12% level. Class 3.3, the “efficacy group”, most strongly made their choices based on avoiding risk of 

PSA recurrence and was the only class where both levels of the PSA attribute significantly impacted 

respondents’ choices.  

The highest posterior probability of class membership was 0.993, indicating the model did very 

well in distinguishing among different underlying preferences for the observed choice behaviour (90). 

Thus, there was little uncertainty regarding the classes that respondents belonged to. The model’s ability 

to make in-sample predictions of the actual choice outcomes was examined. The average unconditional 
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Table 11: 3-class LCM. 

 

Characteristics 

Class 3.1 

“Toxicity group” 

Class 3.2 

“Convenience group” 

Class 3.3 

“Efficacy group” 

β p-value β p-value β p-value 

Length β1 0.041 .429 -0.243* 

 

 

<.001 

 

-0.028 .580 

 

Markers β2 

(ref. no markers) 

-0.545* .038 -1.379* <.001 

 

0.024 .909 

PSA (ref. 6%) 

   12% β3a 

 

   18% β3b 

 

-1.277* 

 

-1.198 

 

.001 

 

.065 

 

-1.014* 

 

-0.537 

 

.001 

 

.238 

 

-2.735* 

 

-5.766* 

 

<.001 

 

<.001 

Acute (ref 20%) 

   35% β4a 

 

   50% β4b 

 

-1.077* 

 

-2.334* 

 

<.001 

 

<.001 

 

-0.470 

 

0.293 

 

.058 

 

.289 

 

-0.789* 

 

-1.222* 

 

.011 

 

.001 

Late (ref. 10%) 

   15% β5a 

 

   20% β5b 

 

-2.235* 

 

-3.602** 

 

<.001 

 

<.001 

 

-0.465 

 

-0.103 

 

.099 

 

.758 

 

-0.964* 

 

-1.475** 

 

.002 

 

.001 

Class share 0.311 0.328 0.360 

≥70 years old + + - 

Working - - + 

Prior systemic 

therapy 

+ + - 

Posterior 

probability 

0.993 

Unconditional 

probability 

0.570 0.550 0.651 

Conditional 

probability 

0.738 0.705 0.757 

Observations 216 228 252 

Goodness of fit 

Log likelihood   

AIC 

BIC 

CAIC 

 

-339.50 

795.29 

861.22 

893.22 

  * : parameter estimate significantly different from 0   

  ** : coefficient significantly different from other classes estimates (based on 95% CI exclusion).  

  + : higher probability characteristic present in class members. 
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choice probability was higher than 0.5, which is the value a naïve model would predict given there were 2 

alternatives per choice set (90). The average conditional probability was higher than this number in all 

three classes and was over 75% in class 3.3. This confirmed the model described the choice behaviour 

well. As seen in Table 12 the fit of the model significantly improved when membership for age (dummy 

coded for 70 years and older as 1), working status (full time or part time work dummy coded as 1), and 

previous systemic therapy (dummy coded 1 for ADT or chemotherapy) were included. When class 

membership was tested with Fisher’s exact test classes 3.1 and 3.2 tended to have older members  

(p= 0.094), class 3.3 did not have any members who had been treated with systemic therapy (p= 0.053), 

and there was a significant association between working at the time of the DCE and being a member of 

class 3.3 (p= 0.029). The association of these three factors by class are delineated in Table 13 and positive 

association was indicated in Table 11 with ‘+’ when participants in that class were more likely to be 

associated with that characteristic. Overall the model fit was significantly improved by including all three 

characteristics, however the only significant association between a class and characteristic was work 

status with class 3.3. Of note there was no relationship between class and distance from the cancer centre. 

The LCM identified three groups of participants’ preferences: (1) a group most concerned about 

toxicity and almost all choices were made based on the alternative with the lowest risk of toxicity; (2) a 

group who considered convenience as most important and participants tended to select alternatives with 

shorter treatment lengths and no marker implantation; and (3) a group that considered efficacy as most 

important and almost all choices were based on the alternative with lowest risk of PSA recurrence.  
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Table 12: Covariates relationship with class membership in LCM. 

Covariate df Log 

Likelihood 

Likelihood 

Ratio χ2 

Prob> χ2 

Base - -347.70 - - 

Age (<70 or ≥70) 1 -344.97 5.46 .02* 

Partner status 1 -347.58 0.24 .62 

Distance  1 -347.25 0.45 .50 

Education level 1 -347.55 0.30 .58 

Work status 1 -345.29 4.82 .03* 

Time since diagnosis 1 -347.67 0.08 .78 

Received EBRT at time of DCE 1 -347.37 0.66 .42 

Prior systemic therapy (ADT or chemotherapy) 1 -344.63 6.14 .01* 

Received brachytherapy 1 -346.09 3.22 .07 

Self-reported: acute toxicity 1 -346.97 1.46 .23 

Self-reported: late toxicity 1 -347.68 0.04 .84 

Age ≥70, work, prior systemic therapy 3 -339.50 16.60 .009* 

 * : statistically significant. 

 

Table 13: Significant membership covariates and listed attributes important to participants 

decisions compared by class. 

Characteristic Number of participants (%) 

Over 70 years old 

Class 3.1  

Class 3.2  

Class 3.3 

Total: 38 (65.52%) 

12 (66.67%) 

15 (83.33%) 

11 (50.00%) 

Work 

Class 3.1  

Class 3.2  

Class 3.3 

Total: 9 (15.52%) 

1 (5.56%) 

1 (5.56%) 

7 (31.82%) 

Previous systemic therapy 

Class 3.1  

Class 3.2  

Class 3.3 

Total: 7 (12.07%) 

4 (22.22%) 

3 (16.67%) 

0 

Age 

Class 3.1  

Class 3.2  

Class 3.3 

Mean: 72.88 

72.17 

75.56 

71.27 

 



 

 

 

97 

Objective 2: Trade-offs 

The second objective of my thesis was to quantify how systematically varying the levels assigned 

to each attribute impacted the respondents’ willingness to trade-off each attribute for the ease of shorter 

treatment time. To compare the model results I had to calculate the trade-offs participants were prepared 

to make between the attributes as the absolute coefficient values could not be compared directly (91). 

Two methods were explored to answer this objective: (1) marginal rates of substitution (MRS) discussed 

in chapter 3; and (2) calculating the utility for theoretical EBRT scenarios and comparing the ranking of 

these cases for different models.  

Contrasts in MRS are informative, unlike a direct comparison of absolute parameter estimates due 

to scale differences (91). For example, the MRS to avoid a 5% increased risk of late toxicity (difference 

between 15% and 10%) was estimated as β5a /-β1, where β1 represented the importance of a one week 

change in length of EBRT. The trade-offs between the units/levels of each attribute and length of 

treatment was calculated using the MXL and LC models. The MRS values for several models discussed 

in this chapter are reported in Table 14. Respondents expressed they were prepared to lengthen EBRT to 

avoid increased risk of PSA recurrence, as well as acute and late toxicity, in the MXL model as the 95% 

CIs excluded zero. The participants in the MXL model were not willing to lengthen EBRT to avoid 

fiducial marker implantation since the associated MRS 95% CI included zero (Table 14). The MXL 

model found avoiding the risk of PSA recurrence was most important to participants as they were willing 

to lengthen EBRT by 18 weeks to reduce risk of PSA recurrence from 12% to 6%, and 30 weeks to 

reduce risk from 18% to 6%. However, for these estimates the 95% CI were wide and indicated a range of 

1 to 35 weeks, and 3 to 57 weeks, respectively (Table 14). To avoid risk of acute and late moderate GI 

and GU toxicity participants were willing to significantly lengthen EBRT by many weeks, though there 

was a wide 95% CI (Table 14). In the clinical context these trade-offs indicated the relative importance of 

these attributes, though the MRS estimates do not correspond to EBRT regimens as the longest treatment 

is CFRT at 8 weeks. Additionally, the estimates were not precise as demonstrated by the wide 95% CI.  
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The LC model could not be used to assess MRS values between the classes because Length was 

only significantly different from zero in class 3.2 (“convenience group”). Class 3.2 members were the 

only group of participants who would trade off length of EBRT to avoid fiducial markers, they were the 

least willing to lengthen EBRT to reduce risk of PSA recurrence from 12% to 6%, and the only group 

who would not increase length of EBRT to reduce risk of PSA recurrence from 18% to 6% (Table 13). 

Considering the subgroup analyses, older participants (70 years or older) were less willing to trade-off 

reduced risk of PSA recurrence for longer EBRT and were only willing to lengthen EBRT to reduce risk 

of late toxicity from 20% to 10%. This subgroup has the closest MRS values to class 3.2, which is logical 

since this class was significantly associated with age over 70 years old. Participants who lived further 

from the cancer centre were more willing to trade-off longer EBRT to reduce higher level risks, but the 

model was unable to determine if these respondents would reduce risk from middle to lowest levels (e.g. 

to reduce risk of acute toxicity from 35% to 20%, and late toxicity from 15% to 10%) since the associated 

MRS 95% CI included zero (Table 14). The subgroup analyses identified different groups of participants 

with unique preferences compared to the LC analysis.  

 

Theoretical EBRT scenarios 

Hypothetical alternatives not in the DCE that mimicked clinically realistic scenarios based on the 

attribute levels were created. Eq. 7 in chapter 3 was used to calculate utility scores estimated from the 

MXL and LC models (Tables 15 and 16). Reasonable respondents were expected to select the option 

associated with the highest (least negative) utility. The preference score, or utility, for a base case 

scenario where the attribute levels were set as 4 weeks, no markers implanted, 12% risk of PSA 

recurrence, 35% risk of acute toxicity, and 15% risk of late toxicity was calculated (Table 14). The 

relative ranking of these clinically realistic scenarios was compared (Tables 15 and 16) where a rank of 1 

would be most preferred by respondents.  
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Table 14: MRS estimates for Length compared to other four attributes. 

 

    

MNL MNL Age: ≥70 

years old 

MNL 

Distance:  ≥60 

minutes 

MXL LC 3.2 

“Convenience 

group” 

Interpretation 

Willing to lengthen EBRT 

by… 

Markers β2 

(ref. no markers) 

-5.39 

(-11.00, 0.22) 

-4.84 

(-10.30, 0.61) 

-2.02 

(-5.87, 1.83) 

-7.09 

(-14.98, 0.80) 

-5.66* 

(-7.97, -3.35) 

-weeks to avoid markers 

implanted 

PSA (ref. 6%) 

   12% β3a 

 

   18% β3b 

 

-18.94*  

(-35.97, -1.90) 

 

-31.64*  

(-57.63, -5.65) 

 

-12.29*  

(-23.91, -0.66) 

 

-17.57*  

(-32.78, -2.36) 

 

-15.18*  

(-29.95, -0.42) 

 

-25.38*  

(-46.73, -4.03) 

 

-18.16*  

(-35.27, -1.02) 

 

-30.16*  

(-57.26, -3.06) 

 

-4.14* 

(-6.77, -1.51) 

 

-2.21 

(-4.39, 0.30) 

 

-weeks to decrease risk from 

12% to 6% 

 

-weeks to decrease risk from 

18% to 6% 

Acute (ref. 20%) 

   35% β4a 

 

   50% β4b 

 

-8.14* 

(-16.03, -0.26) 

 

-10.87*  

(-20.35, -1.39) 

 

-5.93 

(-12.26, 0.40) 

 

-6.16 

(-12.62, 0.30) 

 

-7.07 

(-14.63, 0.50) 

 

-8.94* 

(-17.38, -0.50) 

 

-8.23* 

(-15.82, -0.64) 

 

-11.90*  

(-23.41, -0.39) 

 

-1.93 

(-4.78, 0.98) 

 

1.21 

(-1.31, 3.90) 

 

-weeks to decrease risk from 

35% to 20% 

 

-weeks to decrease risk from 

50% to 20% 

Late (ref. 10%) 

   15% β5a 

 

   20% β5b 

 

-10.88*  

(-20.57, -1.18) 

 

-19.24* 

(-34.37, -4.11) 

 

-6.60 

(-13.54, 0.34) 

 

-15.49*  

(-27.96, -3.03) 

 

-4.23 

(-9.55, 1.10) 

 

-11.02*  

(-20.29, -1.76) 

 

-11.73*  

(-22.83, -0.64) 

 

-21.13* 

(-38.59, -3.67) 

 

1.91 

(-0.68, 4.77) 

 

-0.42 

(-3.41, 2.40) 

 

-weeks to decrease risk from 

15% to 10% 

 

-weeks to decrease risk from 

20% to 10% 

   *: significant, 95% CI in parentheses
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Table 15: Participants' ranks and utility scores of EBRT scenarios estimated with MXL model. 

Case Length 

(weeks) 

Markers 

(no=0) 

PSA 

(%) 

Acute 

(%) 

Late 

(%) 

MXL Utility       Difference     Rank 

Base 4 0 12 35 15 -6.966 0 11 

One level improvement 

1) 2 0 12 35 15 -6.774 0.192 10 

2) 4 0 6 35 15 -5.484 1.482 4 

3) 4 0 12 20 15 -6.168 0.798 7 

4) 4 0 12 35 10 -6.026 0.940 6 

One level worsening 

5) 8 0 12 35 15 -7.350 -0.384 14 

6) 4 1 12 35 15 -7.525 -0.559 15 

7) 4 0 18 35 15 -8.448 -1.482 18 

8) 4 0 12 50 15 -7.206 -0.240 13 

9) 4 0 12 35 20 -7.906 -0.940 17 

Mixed level change 

10) CFRT best 8 0 6 20 10 -4.130 2.836 3 

11) CFRT worst 8 0 18 50 20 -10.012 -3.046 21 

12) MH best 4 0 6 20 10 -3.746 3.22 1 

13) MH worst 4 0 18 50 20 -9.628 -2.662 19 

14) SBRT best 2 1 6 20 10 -4.113 2.853 2 

15) SBRT worst 2 1 18 50 20 -9.995 -3.029 20 

If higher risk acute toxicity with hypofractionation 

16) CFRT  8 0 12 20 15 -6.552 0.414 8 

17) SBRT 2 1 12 50 15 -7.573 -0.607 16 

If higher risk acute and late toxicity with hypofractionation but improved PSA 

18) CFRT  8 0 12 20 10 -5.612 1.354 5 

19) HF 4 0 6 50 20 -6.664 0.302 9 

20) SBRT 2 1 6 50 20 -7.031 -0.065 12 

 

Using the MXL model, the base case was ranked 11 out of 21 hypothetical EBRT scenarios to 

treat localized prostate cancer (Table 15). When only one attribute level was improved or worsened and 

all other attribute levels held constant at the base case level, the PSA attribute caused the largest change in 

rank (cases 2 and 7). Change in the risk of late toxicity when all other levels were held constant caused 

the second largest change in rank (cases 4 and 9). This was in keeping with what was expected as these 

two attributes had the largest parameter estimates in the MXL model. When two attributes’ levels were 

altered, such as Length and Acute, the utility difference and ranks of scenario 5 (an EBRT option that 

differed from the base case because it was 8 weeks instead of 4 weeks) and scenario 8 (risk of acute 

toxicity was 50% instead of 35% in base case) were compared. As can be seen in Table 15, the utility of 
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scenario 5 was -7.350, and for scenario 8 was -7.206. Thus, to maximize utility most respondents would 

select scenario 8 over scenario 5. Therefore, in general based on the MXL model respondents would 

prefer to avoid an 8-week long EBRT associated with a 35% risk of acute toxicity and would prefer a 

shorter 4-week EBRT with a higher 50% risk of acute toxicity. This is also demonstrated by comparing 

the rank of the scenarios; case 8 was ranked 13th and case 5 was ranked 14th out of 21 scenarios.  

These sample scenarios were used to construct theoretical clinical EBRT options. Stereotactic 

body radiotherapy (SBRT) is 2 weeks long and requires markers to be implanted, while moderate 

hypofractionation (MH; 4 weeks) and conventionally fractionated radiotherapy (CFRT; 8 weeks) 

regimens do not require markers. I found that the top ranked scenario was MH with the least amount 

possible of associated risk (case 12), second ranked was SBRT also with minimal risk (case 14), 

and third CFRT again with minimal toxicity (case 10). A similar order held when the three cases with the 

worse possible associated toxicity (highest attribute risk levels) were compared: (1) MH ranked 19th; (2) 

SBRT ranked 20th; and (3) CFRT ranked 21st. Thus, when toxicity was held constant respondents 

preferred MH over SBRT and CFRT, since MH does not involve marker implantation and is shorter than 

CFRT. If I postulate hypofractionation results in a higher risk of acute toxicity than CFRT, for example 

35% vs. 20%, my model demonstrates respondents would prefer CFRT. Case 16 corresponds to this 

CFRT scenario with 20% risk of acute toxicity and was ranked 8 out of 21, which was better than the 

corresponding 11th out of 21 cases for the MH scenario with 35% risk of acute toxicity (base case). If late 

toxicity risk was higher for hypofractionated regimens this would clearly result in preference for CFRT 

since the Late attribute was more strongly avoided by respondents and impacted utility score more than 

the Acute attribute. I lowered the level for the PSA attribute and increased the level for the Late attribute 

in the MH and SBRT regimens (cases 18, 19, and 20 in Table 15) leading to cases with hypofractionation 

scenarios with lower chance of PSA recurrence and higher risk of late toxicity. This resulted in CFRT 

being preferred (rank 5 out of 21) above the MH (ranked 9th) and SBRT (ranked 12th) regimens.  
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Table 16: LCM ranking of hypothetical scenarios. 

Case LC 3.1: Toxicity 

Difference              Rank 

LC 3.2: Convenience 

Difference              Rank 

LC 3.3: Outcome 

Difference                Rank 

Best and worse scenarios      

10) CFRT best 4.589 1.5 0.042 6.5 4.488 2 

11) CFRT worst -1.347 7 0.042 6.5 -3.975 9.5 

12) MH best 4.589 1.5 1.014 2 4.488 2 

13) MH worst -1.347 7 1.104 2 -3.975 9.5 

14) SBRT best 4.044 3 0.121 4.5 4.488 2 

15) SBRT worst -3.169 11 -0.893 8.5 -6.710 11 

            If higher risk acute toxicity with hypofractionation 

16) CFRT  1.077 5 -0.972 10.5 0.789 7 

17) SBRT -1.802 9 -0.893 8.5 -0.433 8 

            If higher risk acute and late toxicity, and lower risk of PSA recurrence, with hypofractionation  

18) CFRT  3.312 4 -0.972 10.5 1.753 6 

19) MH -1.347 7 1.014 2 1.791 4.5 

20) SBRT -1.892 10 0.121 4.5 1.791 4.5 

 Attribute level details in Table 15. 

 

The LCM was used to compare the three preference groups’ ranking of the hypothetical CFRT, 

MH, and SBRT scenarios (Table 16). The Length and highest level of PSA risk (18%) parameter 

estimates for class 3.1 (“toxicity group”) were not significantly different from zero, thus these terms were 

removed when eq. 8 was used to estimate utility for this class. The utility equation for class 3.2 

(“convenience group”) was only influenced by the parameter estimates for  Length, Markers, and the 

middle level risk of the PSA attribute (12%). The parameter estimates for the risk attributes in class 3.3 

(“efficacy group”) were all significantly different from zero and thus included in the utility equation 

(Table 11). The toxicity group’s most preferred scenarios were a tie between the MH and CFRT scenarios 

with the least associated risk. This was similar for the efficacy group except the first-place tie was 

between all three regimens since this class did not consider fiducial marker implantation in their utility 

calculation (Table 16). Interestingly, my model estimated the convenience group would most prefer MH 

no matter the associated risk levels (Table 16). Case 12 had the lowest levels for the three risk attributes, 

while case 13 had the highest level for all three. Since the convenience group significantly preferred to 

avoid Markers the next most preferred scenarios were SBRT without increased risk of acute toxicity 
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(cases 14 and 20 in Table 16), then CFRT regimens (cases 10 and 11), followed by SBRT with increased 

risk of toxicity (cases 15 and 17), and lastly CFRT with increased risk of toxicity (cases 16 and 18). 

 

Objective 3: Internal validity 

 All participants completed a debriefing questionnaire after the DCE that was used to assess 

internal validity (refer to Figure 5). The interviewer present for every DCE (myself) assessed how the 

participant completed the DCE (refer to Figure 6). These findings are reviewed and contrasted in the 

following sections outlined in greater detail in Appendix B; measurement validity, measurement 

reliability, choice validity, and choice reliability. As mentioned in chapter 3, the experimental DCE 

design included 24 choice sets divided into two versions so each participant answered 12 of these. 

Additionally, I generated six choice sets designed to test four aspects of internal validity and thus each 

participant answered 18 choice sets. 

 

Measurement validity 

Face validity was acceptable since the magnitude and direction of the parameter estimates were in 

keeping with what was expected a priori. Construct validity was measured with rating questions posed to 

the participants following the DCE to compare to the MNL, MXL, and LC model results. Overall the 

respondents rated the attributes PSA and Late highest on a 10-point scale of importance, followed by 

Length, Markers, and Acute (Table 17). The willingness to trade off was assessed by asking each 

respondent to distribute 100 importance points among the five attributes, resulting in the same rank order 

as the rating out of ten (Table 17). This ranking agreed with the MNL and MXL model findings for the 

two most important attributes (PSA and Late), however the rating exercises found Length was third most 

important (Table 17). Participants were asked what attributes were most important to their choices in the 

DCE and were able to list up to three each (Table 17). The largest proportion of participants reported the 

PSA and Late attributes were important to their decision-making (Table 17), which was in keeping with 
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Table 17: Mean ratings and points compared with ANOVA; attributes listed as important per class. 

Attribute Mean rating out of 10 

(SD) 

Mean importance points out 

of 100 (SD) 

Attributes listed as most 

important to decision (%) 

Length 

Overall 

Class 3.1  

Class 3.2  

Class 3.3 

 

5.29 (3.17) 

5.22 (3.04) 

6.83 (3.07) 

4.09 (2.93)  

 

18.12 (21.22) 

12.22 (13.20) 

27.22 (23.72) 

15.50 (22.75) 

 

18/58 (31.03%) 

4/18 (22.22%) 

10/18 (55.56%) 

4/22 (18.18%) 

One-way 

ANOVA  

F= 4.124* 

p= 0.022 

F= 2.667 

p= 0.078 

 

Markers 

Overall 

Class 3.1  

Class 3.2  

Class 3.3 

 

4.36 (3.29) 

3.44 (2.53) 

6.50 (3.54) 

3.36 (2.89) 

 

11.43 (18.51) 

3.61 (4.47) 

26.11 (26.71) 

5.82 (8.13) 

 

10/58 (17.24%) 

0/18  

9/18 (50.00%) 

1/22 (4.55%) 

One-way 

ANOVA  

F= 6.617* 

p= 0.003 

F= 11.258* 

p< 0.001 

 

PSA 

Overall 

Class 3.1  

Class 3.2  

Class 3.3 

 

7.70 (2.63) 

6.94 (3.12) 

6.72 (2.29) 

8.86 (2.05) 

 

36.64 (27.98) 

30.28 (24.64) 

18.06 (16.55) 

57.05 (25.39) 

 

36/58 (62.07%) 

11/18 (61.11%) 

5/18 (27.78%) 

20/22 (90.91%) 

One-way 

ANOVA  

F= 3.871* 

p= 0.027 

F= 15.533* 

p< 0.001 

 

Acute 

Overall 

Class 3.1  

Class 3.2  

Class 3.3 

 

4.29 (2.51) 

4.94 (2.80) 

4.11 (2.54) 

3.91 (2.24) 

 

7.81 (7.59) 

11.22 (9.87) 

7.22 (5.75) 

5.50 (5.92) 

 

8/58 (13.79%) 

4/18 (22.22%) 

1/18 (5.56%) 

3/22 (13.64%) 

One-way 

ANOVA  

F= 0.906 

p= 0.410 

F= 3.102 

p= 0.053 

 

Late 

Overall 

Class 3.1  

Class 3.2  

Class 3.3 

 

7.12 (2.57) 

8.78 (1.77) 

6.72 (2.78) 

6.09 (2.35) 

 

25.52 (22.78) 

40.83 (26.64) 

21.67 (20.15) 

16.14 (14.14) 

 

32/58 (55.17%) 

15/18 (83.33%) 

7/18 (38.89%) 

10/22 (45.45%) 

One-way 

ANOVA  

F= 6.919* 

p= 0.002 

F= 7.630* 

p= 0.001 

 

*: significant at 0.05 level 

 

the models. However, Length was listed as third most important overall which was consistent with the 

rating and allocation of points responses (Table 17). This demonstrated preference heterogeneity was 

present and best modeled with LC analysis since the class apportionment corresponded closely to the 

rating, allocated points, and listed important attributes (Table 17). For example, class 3.3’s (efficacy 
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group) mean rating and allocated points to PSA was significantly higher than the overall mean, while the 

scores for the other four attributes were lower than the overall mean (Table 17). For all three classes the 

findings of the debriefing survey were in keeping with the preferences estimated by the LCM.  

The responses to the qualitative question (‘why is one or more of the characteristics most 

important to you?’ in Figure 5) were examined with content analysis to elicit categories of participants’ 

preferences (88). Each category was either positive (preferred longer EBRT), neutral (did not strongly 

prefer the attribute), or negative (preferred shorter EBRT, no markers, and less risk of PSA recurrence 

and toxicity) (Table 18). A negative category indicated the preference would influence the associated 

attribute’s parameter estimate negatively, for example preferring less risk of late toxicity (Table 18). No 

respondents preferred higher risk of PSA recurrence or toxicity. Neutral categories emerged for all three 

risk categories indicating no preference for that attribute (Table 18). Interestingly, for the Length attribute 

there were positive, negative, and neutral categories. Some respondents were not concerned about the 

length of EBRT (neutral), and as expected several negative categories emerged (Table 18). One 

respondent believed longer EBRT would impact his health negatively by increasing what he termed his 

‘radiation exposure’ despite the interviewer’s efforts to explain all three EBRT regimens resulted in 

similar biologically effective doses (Table 18). Further, there were three respondents who were members 

of the positive category ‘shorter EBRT not ideal treatment’ where two respondents did not believe SBRT 

of 2 weeks would be sufficient treatment, and one respondent who had heard of MH before and wanted to 

avoid both the MH and SBRT regimens (Table 18).  

Face and construct validity were satisfactory as the overall and by class rating and ranking of the 

attributes, the association of patient factors and preferences, and participants’ reasoning were consistent 

with prior expectations. While similar results from the DCE and rating exercises were obtained, the DCE 

allowed a more in-depth analysis of how participants traded off between the attributes and levels.
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Table 18: Identified categories with representative quotes to illustrate the respondents’ reasons for preference. 

Attribute Categories  Quotes (participant ID) 

Length  

 

Positive (preferred longer EBRT): 

Shorter EBRT not ideal treatment   

 

 

Neutral: 

Do not mind longer EBRT 

 

 

Negative (preferred shorter EBRT): 

Long EBRT is inconvenient 

 

 

 

 

 

Long EBRT results in worse quality of 

life 

 

 

Radiation exposure 

 

“don’t trust the 2 weeks, how could the treatments be equivalent” (1032) 

“I think 8 weeks is less radiation” (1015) 

 “due to my knowledge of radiation I want to avoid higher dose per treatment” (1008) 

 

“time frame not a negative experience, not a hassle to come here as I live 15 minutes 

away” (1024) 

“already got through 7 ½ weeks of treatment” (1026) 

 

“drive in myself from out of town so want to reduce that time” (1020) 

 “8 weeks is a nuisance” (1028) 

“stayed at hotel during treatment, disruptive to be away from home” (1040) 

“get back to a normal life” (1048) 

“live far away so it’s a long drive” (1054) 

 

“really don’t like 8 weeks, if I went that long I would be too tired” (1014) 

“8 weeks is long, any stress or psychological discomfort will be better when 

treatment is over” (1027) 

 

“2-week option best, otherwise risk of radiation exposure over a longer time” (1043) 

Markers Neutral: 

Do not mind markers 

 

Negative (avoid markers): 

Avoid invasive procedure 

 

 

 

 

 

“markers is quick in a day” (1021) 

 

 

“Not big on invasive procedure” (1011) 

“avoid procedure as I had an infection after the biopsy that was terrible” (1014) 

“most important to me is least invasive as possible” (1037) 

“most important to avoid complications” (1034) 

“don’t like the idea of implants, more invasive” (1055) 

PSA  

 

Neutral: 

Further treatment is available 

 

 

“if PSA goes high there is another treatment” (1017) 

“PSA is just a number, doesn’t mean you will die tomorrow” (1005) 
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Negative (preferred less risk): 

Indicator of oncological outcome 

 

 

 

 

 

 

 

Do not want further treatment 

“PSA can be dealt with” (1047) 

 

“if PSA doesn’t rise it means I am doing well” (1014) 

“if numbers are down it means keeping the cancer away- what treatment is all about” 

(1018) 

“PSA going down after treatment felt like an accomplishment to me” (1025) 

“it tells you if the cancer is still active” (1029) 

“PSA is signal prostate cancer may be back” (1041) 

“it is my ailment why else am I getting treatment” (1042) 

 

“hormones are awful” (1013) 

Acute 

 

Neutral: 

Toxicity will resolve  

 

 

Negative (preferred less risk): 

High overall risk 

 

“short term side effects will go away” (1010) 

“short term side effects just an inconvenience” (1013) 

“can tolerate in the short term” (1039) 

 

“minimize side effects and short-term side effects since higher risk numbers” (1033) 

Late 

 

Neutral: 

Low overall risk 

 

 

 

 

Side effects tolerable 

 

 

 

Negative (preferred less risk): 

Quality of life 

 

 

 

 

 

 

 

 

“15% and 20% not a big difference” (1028) 

“all within that 15% range so not as important” (1052) 

“bigger difference between 50% and 20% for short term than 15% and 20% in long 

term” (1056) 

 

“at my age long term side effects not important to me, if I was younger may be 

different” (1040) 

“PSA worries me the most, I can deal with the side effects” (1045) 

“I can live with the side effects” (1058) 

 

“Quality of life long term most important” (1009) 

“Long term could be more of a problem” (1011) 

“don’t want nothing down the road” (1019) 

“don’t want to live with it for the rest of my life” (1022) 

“want to be back to normal activities” (1005) 

“living with side effects long term will bother me the most” (1035) 

“long term most important to me, I don’t want to spoil my retirement” (1037) 

“quality of life most important to me” (1038) 
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Measurement reliability 

 To determine if this DCE was able to capture participants’ preferences reliably tests for internal 

consistency were analysed. The participants all repeated the third choice set from the experimental design 

and the observed overall agreement was 84.48%. There were nine participants who answered the repeat 

question differently, for example selected alternative A first and on repeat chose alternative B. The 

expected agreement was at least 50% due to chance alone. The κ statistic was calculated as 0.69 which 

indicated substantial agreement. The participants were not informed that a repeat choice set was present, 

and none voiced the concern that there was a repeat. Based on the placement of these two choice sets 

(fourth overall and 14th) I do not believe any participant was cognizant of the repeat choice set. For the 

nine participants who failed the test-retest the mean self-reported confusion score of 2.33 (SD 0.71) and 

the interviewer-reported mean of 2.22 (SD 1.39) was higher than the overall average for participants. The 

interviewer tended to agree with the participant reported scores and were within one point on the 5-point 

scale of each other except for two participants (ID: 1013 and 1044). Participant 1013 reported a confusion 

score of 3 (corresponding to ‘somewhat confused’) while the interviewer assessed them as ‘not confused’ 

(score of 1), and participant 1044 reported a score of 3 while the interviewer scored them a 5 

(corresponding to ‘very confused’). 

To test for version consistency a holdout choice set was included as part of the extra six validity 

check choice sets. In block 1 the holdout was the 8th choice set from the experimental design of block 2. 

In block 2, the holdout was the 9th choice set from the experimental design of block 1. This ensured every 

respondent answered two of the same choice sets no matter which version they were assigned to 

complete. For the block 1 holdout alternative A had a utility of -2.763 and alternative B had a utility of -

4.779 based on the MXL model. Block 1 participants’ selections for this choice set were not part of the 

model estimation, and instead their choices were examined to determine if the alternative with the less 

negative utility was chosen more often (alternative A should have been selected by more participants). In 

block 1 25 participants chose alternative A, compared to 19 in block 2, out of a total of 29 participants in 
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each block. As would be expected, participants tended to prefer alternative A and the observed inter-rater 

agreement was 79.31% between the two versions, while the probability of expected random agreement for 

alternative A was 56.48%. The version consistency was determined with the κ statistic as discussed in 

chapter 3 and found moderate inter-rater agreement of 0.52. The block 2 holdout alternative A had a 

utility of -3.508, and alternative B had a utility of -3.331. Fifteen participants in block 1 selected A, and in 

block 2 nine participants selected A. The observed inter-rater agreement was again 79.31% between the 

two blocks, while the probability of expected random agreement for alternative A was only 16.05%. The 

version consistency was substantial with a κ agreement of 0.75. Therefore, there was moderate to 

substantial agreement of the holdout choice sets, and substantial agreement demonstrating reasonable 

measurement reliability was present in this DCE. 

 

Choice: Internal validity  

DCE choices would not be valid or reliable unless respondents comprehended what was being 

asked of them. The participants’ and interviewer-reported scores for comprehension and difficulty 

completing the DCE were tested for inter-rater agreement. Self-reported mean confusion was lower (1.93, 

SD 1.10) than interviewer assessed participant confusion (mean 2.12, SD 1.36) on a 5-point Likert-scale 

where 1 corresponded to ‘not confused’, 2 to ‘mildly confused’, and 5 to ‘very confused’ (Table 19). The 

fair overall agreement (κ= 0.322) is visualized in Figure 13 as interviewer assessment was usually within 

one or two points on the 5-point scale of the self-reported confusion score. The 11 (18.97%) participants 

assessed by the interviewer to be moderately or very confused tended to make choices in the DCE in 

keeping with the self-reported attributes most important to them. One respondent (ID: 1012) rated Length, 

PSA, and Acute as most important to him (all 10 on a 10-point scale) which spans the three preference 

types identified by the LCM (toxicity, convenience, and efficacy). This participant was classified as 

class3.2 (the “convenience group”). The other 10 respondents reported attributes most important to their  
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Table 19: Tabulation of participant- and interviewer- reported confusion on a 5-point scale. 

 Interviewer  

Participant 1 2 3 4 5 Total 

1 19 1 2 1 0 23 

2 9 6 5 1 1 22 

3 1 2 2 3 1 9 

4 0 0 0 1 1 2 

5 0 0 0 0 2 2 

Total 29 9 9 6 5 58 

Mean (SD) Participant-reported: 1.93 (1.01)             Interviewer-reported: 2.12 (1.36)  

Inter-rater 

agreement 

 

κ: 0.322 (p< .001) 

 

 

Figure 13: Participant- and interviewer-reported confusion and difficulty completing DCE. 

 

choices were consistent with their membership class. This suggests in general the participants understood 

the task as their vocalized preference matched with the LC they were assessed to belong by the model.  

Respondents were asked how easy or difficult it was to choose between the alternatives on a 5-

point scale (where 1 corresponded to ‘very easy’, 3 to ‘neutral’, and 5 to ‘very difficult’), and the 

interviewer assessed the respondents with the same metric. The mean self-reported score was 2.17 (SD 

1.05), score of 2 corresponded to ‘easy’, and the interviewer agreed with this finding with a mean score of  
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Table 20: Tabulation of participant- and interviewer-reported ease or difficulty completing DCE. 

 Interviewer-reported ease or difficulty  

Participant- 

reported  

1 2 3 4 5 Total 

1 8 9 0 0 0 17 

2 6 9 5 1 2 23 

3 0 5 2 3 0 10 

4 0 0 3 2 2 7 

5 0 0 0 0 1 1 

Total 14 23 10 6 5 58 

Mean (SD) Participant-reported: 2.17 (1.05)             Interviewer-reported: 2.40 (1.21)  

Inter-rater 

agreement  

 

κ: 0.148 (p= .023) 

 

2.40 (SD 1.21) (Table 20, Figure 13). The interviewer reported 47 of the 58 (81.03%) respondents seemed 

to know their preferences from the beginning of the DCE and did not change their decision-making 

strategy throughout the DCE. The interviewer reported 16 (27.59%) respondents found the DCE easier to 

complete as they moved through the choice sets, always due to learning and not a simplifying strategy. 

Overall there was slight agreement (κ= 0.148) between the participant- and interviewer- reported scores 

(Table 20, Figure 13). 

The mean time it took for participants to complete the DCE was 2.40, scored by the interviewer 

on a 3-point scale where 1 was ‘quicker than average’, 2 ‘average’, and 3 corresponded to ‘slower than 

average’. The χ2 Test for Independence values were insignificant (p> 0.05) indicating no association 

between time and participant- or interviewer-reported confusion. The interviewer considered this to be 

due to two reasons: (1) confused participants slowed down to try to increase their understanding; or (2) 

confused participants quickly went through the choice sets to finish sooner. Four of the five respondents 

assessed by the interviewer to have ‘great difficulty’ (score of 5 on a 5-point scale) making choices were 

‘slower than average’, while no respondents who found the DCE ‘very easy’ or ‘easy’ were. This 

association was significant (p< 0.001) thus participants who had greater difficulty with the tasks took 

longer to complete the DCE.  
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Choice validity 

The concept of choice validity was explored by assessing rational decision-making with dominant 

choice sets and exploring if task-nonattendance was present in the participants responses. Two dominant 

choice tasks (all attribute levels for alternative A were better than alternative B) were assessed to 

determine if participants were making choices “as expected”. No respondents selected the non-dominant 

alternative, therefore 100% of respondents passed this basic rationality test of monotonicity. There were 

three checks for task-nonattendance: (1) pattern between the selected alternatives; (2) understanding; and 

(3) number of attributes considered by respondents. There was no discernable pattern of responses to the 

DCE, for example no respondents always chose A over B. The majority (57 out of 58; 98.28%) of 

participants reported they understood the concept of choosing between the alternatives. The one 

participant (ID: 1016) who reported not understanding listed PSA as the most important attribute to him, 

and he was classified as most likely to belong to class 3.3 (the “efficacy group”). By this measure his 

choices in the DCE led him to be correctly categorized by the LCM, and likely his choices were valid. 

The interviewer reported 2 out of 58 (3.45%) participants (ID: 1012 and 1015) had not understood the 

concept of making choices in the DCE. Both participants reported being ‘very confused’ (corresponding 

to a score of 5 on a 5-point scale) and the interviewer agreed with this assessment. Both participants were 

classified as belonging to class 3.2 (“convenience group”), and both participants listed Length as one of 

the most important attributes.  

There was moderate inter-rater agreement (κ= 0.434) for assessment of number of attributes the 

participants considered to make their choices (Table 21). As seen in Figure 14 the largest discrepancy was 

for two participants who were unsure of how many attributes they considered, though the interviewer 

found they considered more than one attribute. The interviewer reported 24 respondents considered less 

than five attributes (one to four), and thus utilized attribute non-attendance as a simplifying heuristic to 

make their choices in the DCE. Eight out of 58 (13.79%) participants considered one attribute when 

making their choices. These eight, and two other participants assessed by the interviewer, did not trade  
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Table 21: Tabulation of participant- and interviewer-reported number of attributes considered. 

 Interviewer-reported number of attributes considered  

Participant- 

reported  

1 2 3 Total 

0 0 1 1 2 

1 6 4 0 10 

2 2 10 12 24 

3 0 1 21 22 

Total 8 16 34 58 

Inter-rater 

agreement  

 

κ: 0.434 (p< .001) 

 

 0: unsure; 1: Focused on 1 attribute; 2: considered 2-4 attributes; 3: considered all 5 attributes. 

 

 
0: unsure; 1: Focused on 1 attribute; 2: considered 2-4 attributes; 3: considered all 5 attributes. 

Figure 14: Comparison of number of attributes considered.                                                                    

 

between attributes and thus in total 10 (17.24%) participants did not use compensatory preferences to 

make choices. The mean self-reported confusion score (1.70; SD 0.82) for these 10 participants was lower 

than the sample wide mean, and the interviewer reported a similar mean to the sample (mean 2.10, SD 

1.20). In summary, some task non-attendance was present though the responses were likely valid as these 

participants’ quantified preferences in the LC analysis agreed with the groups they would have belonged 
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to based on their listed most important attributes, and non-compensatory decision makers did not have 

worse comprehension than other responders. 

 

Choice reliability 

Transitivity was assessed via three related choice sets to determine the preference relation 

between three choice profiles. Among the participants 55 out of 58 (94.83%) answered all three choice 

sets upholding the transitive principle of decision theory. The three participants (ID: 1015, 1020, and 

1055) who did not uphold this principle had varying levels of confusion and difficulty making their 

choices in the DCE. All three participants listed attributes most important to their choices accurately 

corresponded to the class they belonged to estimated by the LC model. For example, participant 1020 

identified Length as the attribute most important to him and was classified in the convenience group 

(class 3.2). Thus, the principle of transitivity was upheld by most participants and though three 

participants violated this principle their choices still appeared to be valid since their listed attributes 

important to their decisions corresponded to their class membership in the LC model.  

The attributes participants listed as most important to their choices was assessed for consistency 

with the class the participant was allocated to based on the LC analysis (Table 15 final column). This 

finding generally held for participants assessed by themselves or the interviewer to have not understood 

the task or did not trade between attributes. For example, within class 3.2 three participants (ID: 1010, 

1012, 1033) did not list Length or Markers as important to their decision making. Two of these 

participants (ID: 1010 and 1033) rated the Length attribute an 8 on a 10-point scale and the interviewer 

assessed that these two patients engaged in the task and traded between attributes. Participant 1012 was 

assessed by himself and the interviewer to be ‘very confused’ (score of 5 on a 5-point scale) and found 

the DCE ‘difficult’ (score of 4 on a 5-point scale). This participant rated the Length, PSA, and Late 

attributes 10 on a 10-point scale. Likely these three participants favoured shorter length during the DCE 

but failed to mention this attribute when asked to list attributes important to their decision making. This 
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pattern carried through to the other two classes; five participants in class 3.1 did not list the Acute or Late 

attributes but rated one or both highly out of 10. In summary, most participants’ choices in the DCE 

corresponded to the attributes they listed as important to their decision making in the debriefing survey, 

and for the few participants whose choices did not when examined more closely most of these participants 

rated these attributes highly on a 10-point scale of importance.  

 

Next steps 

Chapter 5 starts with a summary of the findings discussed in this chapter, followed by the main 

limitations of this study, and finally implications for future research and my conclusion. 
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Chapter 5 

General Discussion and Conclusion 

Summary of findings 

Objective 1 

In the overall MNL and MXL models each attribute’s parameter estimate was significantly 

different from zero, thus the null hypotheses were rejected (Table 7). As hypothesized a priori, the part-

worth estimates for each attribute were negative because respondents preferred treatment alternatives that 

had a lower risk of not being effective, a lower risk of side effects, and preferred not to have a procedure 

to implant fiducial markers, along with a shorter treatment time (Table 7). A priori, it was expected that 

preference heterogeneity would exist within the sample, which was proven by demonstrating that a 

portion of respondents had preferences opposite to what was expected (Table 11). The potential 

association of preference for certain attributes and respondent characteristics was explored via several 

analysis methods. For example, the subgroup of respondents 70 years and older significantly preferred 

shorter EBRT in the MNL analysis, while this attribute was of unknown significance in the younger 

subgroup (Table 8). Additionally, the LC analysis identified three classes of respondents, one of which 

significantly preferred shorter length of EBRT (Table 11). There was a trend for this class to be 70 years 

or older (Table 13). The class of respondents who most strongly preferred to reduce risk of PSA 

recurrence was significantly more likely to be working at the time of the DCE than the other two classes 

identified in the model (Tables 11 and 13). The attribute levels’ parameter estimates that excluded zero 

impacted participants’ choices in the DCE, but to determine the clinical significance of these attributes of 

EBRT for prostate cancer the trade-offs participants are willing to make should be estimated. 
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Objective 2 

MRS estimates were used to quantify the trade-offs respondents were willing to make for shorter 

EBRT, for example to accept fiducial marker implantation, or to accept increased levels of the risk 

attributes (Table 14). Most of the MRS values were negative, demonstrating that individuals were willing 

to increase length of EBRT to avoid fiducial markers and risk of worse efficacy or toxicity. Insignificant 

values, some of which were positive, suggested that those respondents were not willing to increase length 

of EBRT to avoid markers or reduce risk. However, the 95% CI were wide, especially for the latent class 

3.2 (the “convenience group) and the subgroup analyses, likely since these MRS estimates were 

underpowered. A willingness to shorten EBRT by 4 weeks corresponded to a change from CFRT (8 

weeks) to MH (4 weeks) and SBRT (2 weeks), and a willingness to shorten EBRT by 6 weeks 

corresponded to a willingness to accept SBRT (2 weeks) over CFRT. Any MRS values larger than 6 

weeks were not clinically meaningful as the model only accommodated for up to a 6-week difference, and 

values larger than 8 weeks are not clinically possible. About a third of respondents belonged to class 3.2 

(“convenience group”) and were willing to increase EBRT by almost 6 weeks to avoid markers (Table 

14). This corresponded to preferring CFRT (8 weeks) to SBRT (2 weeks) or MH (4 weeks). This class, 

like all the other models, were willing to trade-off longer EBRT to reduce risk of PSA recurrence from 

12% to 6%, however there may be an issue with this model since the MRS value to reduce risk of PSA 

recurrence from 18% to 6% was not significant (Table 14). This class was not willing to lengthen EBRT 

to reduce risk of toxicity at any level within the model (Table 14). The MRS values for the other models 

were either larger than feasible for the model, indicating respondents were willing to give up many more 

weeks than even clinically possible to reduce risk, or were not significant. For example, the MRS Markers 

value for the MXL model was not significant, thus conclusions about participants’ willingness to lengthen 

EBRT to avoid fiducial marker implantation cannot be made based on this model, possibly due to the lack 

of power. 
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The preferred rank order of theoretical EBRT scenarios based on the MXL and LC models was 

assessed. The MXL analysis found when toxicity was held constant respondents preferred MH over both 

SBRT and CFRT since this regimen maximized utility by being the middle level for Length and not 

involving marker implantation (Table 15). Class 3.1 (the “toxicity group”) preferred CFRT and MH, since 

SBRT requires markers, with toxicity set at the lowest Acute and Late attribute levels (Table 15). Class 

3.2 (the “convenience group”) members preferred MH scenarios regardless of the level of toxicity (Table 

16). Class 3.3 (the “efficacy group”) most strongly preferred scenarios that minimized risk of PSA 

recurrence, and the Length attribute was of unknown significance, thus the top three scenarios were the 

ones with the least risk of PSA recurrence and toxicity (Table 16). 

As discussed in chapter 2, the RCTs found the efficacy of MH and CFRT to be equivalent with 

the possibility of up to 6% to 10% increased risk of acute and late GI and GU toxicity (1-3). Further 

SBRT RCT data are required, though one ultra-fractionated RCT found efficacy was similar between 

SBRT and CFRT with an increased risk of 4% to 5% toxicity (4). Thus, based on the MRS values and 

scenarios I conclude that prostate cancer patients with localized disease who have similar characteristics 

to class 3.2 (trend for this class to be 70 years and older) prefer MH over CFRT. 

 

Objective 3 

The results of the DCE are valid since most respondents passed the internal validity tests. All 

respondents passed the test of rationality, there was moderate to substantial agreement for internal and 

version consistency, and 55 of the 58 respondents upheld the principle of transitivity. A post-DCE 

questionnaire was completed by participants and the interviewer to examine construct validity. Self- and 

interviewer-reported scores for comprehension, ease or difficulty completing the DCE, and how 

participants made their choices in the DCE had variable inter-rater agreeability (Tables 18, 19, and 20). 

The respondents who the interviewer deemed moderately or very confused (11 of 58; 18.97%), or not to 

understand the attributes and levels (n=2, 3.45%), made choices in the DCE that were consistent with the 
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preferences they expressed in the debriefing survey. Thus, it can be concluded that the model findings and 

estimates are accurate representations of participants’ stated preferences. This was confirmed by 

comparing the respondents’ explicit ratings and allocation of importance points to the attributes by class 

membership assigned by the LCM (Table 17). These ratings were not used to estimate the LCM, and 

therefore consistent findings between the rating scale and LCM helped validate the LCM findings. As 

expected, class 3.2 (“convenience group”) members rated the Length and Markers attributes significantly 

higher on average than the other two classes, significantly allocated more points to the Markers attribute, 

and there was a trend to allocate more points to the Length attribute (Table 17). This was significantly 

demonstrated for class 3.1 (“toxicity group”) for the Late attribute, and class 3.3 (“efficacy group”) for 

the PSA attribute (Table 17). 

Face validity was assessed by identifying that the magnitude and direction of the parameter 

estimates for the attributes were consistent with my hypotheses, and through qualitative methods that can 

be compared to a researcher’s intuition of whether the preference data made sense (5, 6). Overall the 

qualitative content analysis provided reasonable explanations for why the ‘best’ levels of the attributes 

were preferred, for example to improve long term quality of life by minimizing risk of late toxicity (Table 

18). This analysis also offered intriguing reasoning for participants’ preferences. Interestingly there was 

only a ‘positive’ category for the Late attribute, indicating that some participants reported a specific 

reason to prefer increased length of EBRT (Table 18). These respondents’ reasoning was either that they 

did not think two weeks was enough treatment, or, for one respondent, knowing hypofractionation 

resulted in higher doses of radiotherapy per fraction led to a preference to avoid this (Table 18). There 

were neutral attributes for all five attributes indicating that some respondents had no preference for the 

specified attribute (Table 18). Therefore, face validity was adequate as the rating and explanation of 

preference for the attributes was largely consistent with a priori expectations. 
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Study strengths and limitations 

 The strengths of this study are first summarized, and then the potential limitations of this study 

specific to DCEs discussed in chapter 2 are elucidated in this section. 

 

Strengths 

 Findings from this research add new knowledge, understanding, and perspectives about the 

preferences for radiotherapy to treat localized prostate cancer. The research context aligns with the 

emerging priority for patient-oriented research, and patient-centred care where input about clinically 

meaningful topics is sought from patients and included in treatment decisions. The DCE included 

multiple tests of internal validity, and results from the DCE were confirmed in the subsequent rating and 

qualitative questions. The understanding by participants and validity of the results were enhanced by 

utilizing in person rather than the more common computer assisted surveys. This is the first DCE to 

include fiducial markers as an attribute, and the first radiotherapy alternative specific DCE for any cancer 

site. This work may be meaningful to Radiation Oncologists to facilitate their discussions with patients 

regarding concerns patients have about radiotherapy, and how CFRT, MH, or SBRT would best fit an 

individual patient’s preferences with the counseling of their physician that standard of care options 

include both MH and CFRT.  

 

Limitations 

Interaction effects 

This study utilized a main effects design that assumed all attributes were value-independent of 

each other (all interactions between attributes were zero). This was reasonable since main effects typically 

account for 70-90% of the explained variance in DCEs, though specific combinations of attribute levels 

may have specific effects that remained unidentified (7). An interaction term between the attributes 

Length and Acute was included in the design of the pilot study, and as reported in chapter 4, the 
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interaction term was not significant, and participants stated they did not associate the acute toxicity 

varying with length of EBRT. To ensure this continued into the main study, all participants were 

instructed that acute toxicity takes weeks to 3 months to resolve after the completion of EBRT. 

Additionally, if interaction terms are estimated more degrees of freedom are required resulting in larger 

designs and sample sizes for adequate statistical significance and power, which was beyond the scope of 

this thesis. Therefore, interaction terms were not accounted for at the design stage and since the study was 

not powered to detect these interaction effects, they were not tested for at the analysis stage. 

 

Level recoding 

 It is critical for researchers to know how participants interpret the attributes and levels and 

ultimately make their decision (8). Respondents may have thought of the presented risk numbers as ‘low’, 

‘medium’, and ‘high’ categories, known as level recoding (5). I did not assess the extent respondents 

processed the actual risk numbers, though this would only be important for continuous risk attributes 

since the parameter estimates were uniquely estimated for each risk level for the PSA, Late, and Acute 

attributes. The Length attribute levels were not assessed for level recoding and this is not a limitation of 

my study for two reasons; (1) the levels were absolute numbers (length in weeks) and not risk which is 

more difficult for individuals to understand; and (2) the attribute levels were found to be significantly 

linearly related.  

 

Cognitive discordance 

 Patients, irrespective of their type of experience treatment, may ‘defend’ their own treatment (the 

MH 4 week and the 8-week CFRT regimens were both offered at the institution in this study). These 

phenomena are known as status quo bias or cognitive discordance and can bias results (9). To reduce this 

bias, preferences would have to be elicited from prostate cancer patients with localized disease who had 

underwent EBRT and those treated differently, for example surgery or brachytherapy. Due to the 
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complexity of EBRT and the scope of this study, I decided to only recruit prostate cancer patients 

experienced with EBRT,  with the acceptance that newly diagnosed prostate cancer patients who had not 

yet been treated may have different preferences than my study sample.  

 

External validity 

 Multiple tests of internal validity were undertaken and reported in chapters 4 and 5, however for 

DCEs the best test of validity is one that demonstrates external validity; whether behaviour stated in a 

hypothetical context is revealed (carried through) in choices made in the real world. External validity is 

the strongest form of evidence for validity in DCEs, and yet it is the most difficult to demonstrate. 

Respondents with non-rational or non-compensatory (did not trade off between the attribute levels) 

choices could have their preference responses removed from the data set. This would improve internal 

validity but reduce external validity (6, 10). Therefore, in this study no responses were removed. 

The hypothetical bias occurs when researchers assume participants’ choices reflect their true 

underlying preferences if faced with an actual decision (11). To increase the likelihood that a DCE is 

capturing participants’ latent preferences, participants should believe the surveys have meaning (12). 

Furthermore, it was important to match the study sample to the larger population of interest as I did in this 

DCE since the likelihood of genuine responses increases when participants are familiar with the presented 

scenarios (13). In this study participants were asked to deliberate carefully and participants were assured 

no one else besides the interviewer would know their answers (anonymized data) in an attempt to avoid 

participants from selecting answers they may have thought they were ‘supposed’ to choose (11).  

External validity should be tested against a gold standard, and in the case of stated preferences 

research, a revealed preferences study would be needed. However, this is difficult to investigate in 

Canada’s publicly funded health care system where patients have limited choice and do not pay for the 

services. In non-health care related DCEs there is evidence of external validity (14). Imaginative solutions 

to this problem are framed field (in this case would take place in the clinical setting with subjects 
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knowing they are part of an experiment) or natural field (without subjects knowing they are part of the 

experiment) experiments (15). The latter is the stronger external validity test because in a framed field 

experiment an individual’s desire to make a choice they believe the researcher wants may influence their 

behaviour (16). There are ethical concerns about a natural field experiment for this study, and a framed 

field experiment could not be undertaken since all participants had already completed EBRT. The choices 

the respondents in this DCE had to make were realistic, yet real life decisions had already been made. It is 

possible that preferences presented here differ from those of patients who are EBRT naïve. The current 

study does not allow stated preferences to be validated by revealed preferences from actual behaviour. 

This interesting comparison could be an area for further research, where this DCE is repeated 

prospectively in treatment naïve prostate cancer patients with localized disease who had agreed to be 

treated with EBRT but had not yet started treatment, and then followed by asking the participants to select 

a treatment to receive in the real world, with the participants knowing it was an experiment. A prospective 

design study like this would also prevent previous experience from interfering with patients’ choices. 

 

Non-compensatory decision making 

 Compensatory decision making is required in DCEs to measure trade-offs, and occurs when 

respondents trade between the attribute levels and do not always select the alternative with the ‘best’ level 

for their most preferred attribute (10). The opposite of this concept, called non-compensatory decision 

making, occurred in this DCE for each attribute except Acute, as 10 of 58 (17.24%) respondents always 

selected the ‘best’ level of the attribute they dominantly preferred. When respondents did not trade 

between attributes the MRS could not be estimated from their data (10). However, these 10 respondents 

could have used simplifying heuristics to make their choices. This is a valid method in DCEs if the 

participants understood the attributes and levels, and considered all attributes and decided that some were 

unimportant regardless of level (11). Several studies have reported separate analyses to investigate the 

implication of retaining these participants with dominant preferences, and found the findings were not 
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significantly different (10). Furthermore, deleting these respondents’ choices may result in the removal of 

valid preferences, lead to selection bias, and reduce the statistical efficiency and power of the estimated 

choice models. Therefore, it is recommended no data be removed from the statistical analysis and my 

study followed this recommendation (10). 

 

Selection bias 

 In the literature there is indication that DCEs probably cause some extra selection bias compared 

with general questionnaire surveys due to the complexity of a DCE task (8). Given the complexity of a 

DCE task, selection of respondents by education level or language skill is likely. Four of the 24 non-

responders stopped the DCE at the first choice set after hearing the explanation and background of the 

study (and signing consent) and indicated they did not understand, found it too complicated, and no 

longer wanted to take part in the study. This is a small proportion (16.7%), however some of the other 

non-responders may have declined due to not wanting to take on the complexity of a preference survey 

after the initial basic explanation, though education level of non-responders was not collected. This type 

of selection bias was limited in this study by keeping the DCE survey simple with clear language, low 

number of overall attributes and levels, and taking numeracy issues into account by providing diagrams 

for the risk values. Additionally, this design was piloted with six individuals who found the DCE not 

confusing or only mildly confusing, and all passed the rationality (dominance) tests. 

A strength of my study was the good overall response rate of 70.7% (58 of 82 individuals). In the 

reviewed oncology DCEs in chapter 2, of the three studies that enrolled patients in the clinic and followed 

up by mail, the response rate varied from 39% to 73% (17-19). The two subgroups’, age and distance 

from the cancer centre, response rate varied to some extent. Individuals younger than 70 years old had a 

response rate of 66.7%, and those 70 years or older had a response rate of 73.1%. The response rate in 

individuals living closer than a 60-minute drive to the cancer centre was 68.0%, while it was 75.0% for 

individuals living further than a 60-minute drive. My results suggest participants who are older and/or 
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live a 60-minute drive or longer from the cancer centre prefer shorter length of EBRT, while this attribute 

was not significant for younger participants. This may have led to selection bias and therefore a more 

positive attitude towards preferring reduced length of EBRT in the large group models (for example MXL 

risk categorical). I stratified the data based on both covariates which should eliminate this bias in the 

subgroup analyses, plus the difference in response rate between these subgroups was small. The response 

and non-response rates by age and distance were similar, however a limitation of my study is there may 

have been a non-response bias based on systematic differences between responders and non-responders in 

a sociodemographic or prostate cancer specific factor that was not collected. 

 

Framing 

 The direction of framing of the risk levels may have influenced the results. The framing used to 

present risk has an influence on respondents’ choices, though there is a lack of evidence supporting if 

positive or negative framing is best (20). The risk levels were framed positively to ensure similarity to 

participants’ prior experience since clinicians usually explain risk to patients as the chance the event 

would happen to them, and not the risk it would not. This bias was limited by presenting the probability 

of the non-event underneath the diagram describing the risk level (see Figure 4). 

 

Confounding 

There is the possibility of an unobserved confounder that correlates with a covariate and impacts 

choice. If present, this would result in making incorrect inferences about participants’ choices that really 

is not about the covariate at all but is related to this unobserved confounder. Unobserved confounders 

cause problems in modeling and a model’s predictions depend on including all relevant variables. For 

example, in the LC modeling no relationship between the distance respondents lived from the cancer 

centre and class membership was found. This may be due to an unobserved confounder, for example that 

participants who lived a certain distance from the cancer centre qualified for subsidized stays in a hotel 
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near the cancer centre on weekdays. This could compensate for living further away, and therefore the 

distance respondents live from the cancer centre would not impact the relationship to preference for 

length of EBRT, rather the ability to access a hotel does. Though this is one explanation, this does not 

explain the difference in preference found by stratifying the two subgroups of those who lived less than 

and greater than a 60 minute drive from the cancer centre (Table 9), and living in a hotel while 

undergoing cancer treatment is inconvenient and one would assume participants would want to minimize 

length of EBRT. 

Another concern with confounding, is in the regression models the preference weights were 

confounded with error variance, which would vary in scale between models (21). Therefore, to compare 

the different models only the rank of the attributes or the ratio between two attributes (MRS) could be 

likened, and this was carefully carried out in chapter 4.  

 

Model assumptions 

 There are three main assumptions of the MNL model that cause limitations for my DCE: (1) 

homoscedastic error terms not accounting for unobserved variations between respondents; (2) 

homogeneous preferences though this is unlikely within any sample and heterogenous preferences was 

demonstrated in my study; and (3) the panel data of the data is not accounted for (21). MXL is a flexible 

model that relaxes these assumptions of MNL and is considered an improved fit for human choice 

behaviour. However, models that account for scale heterogeneity are preferred to MXL as the normal 

distribution may be mis-specified (22). If scale heterogeneity was present in my study then much of the 

heterogeneity in attribute weights would be accounted for by a scale effect that varied across individuals 

due to differing strength of preferences and certainty of choices. This more advanced model could have 

been applied to my study, however since the LCM was planned to determine classes of participants based 

on preference heterogeneity, I believed this scale-MNL model was unnecessary. Furthermore, I proved 

that the individual preference estimates for each attribute were normally distributed (see Figure 11 A-E). 
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Implications 

 In this section the implications of this study to treating prostate cancer patients with localized 

disease, patient preference research, and future research directions is discussed. 

 

EBRT for localized prostate cancer 

 Several phase III RCTs of CFRT and MH regimens were discussed in chapter 2. Based on 5 year 

follow up data only two trials found increased risk of acute toxicity (about 10% to 15%) in the MH arms 

(1, 2). Two of the smaller superiority trials found MH can improve efficacy, however the larger 

superiority trials and the non-inferiority trials concluded the efficacy was not significantly different 

between the two EBRT regimens (23). At the recommended dose of 3.0 Gy per fraction for MH only two 

trials found a significant difference in risk of toxicity between the regimens, one an increased risk of late 

toxicity for the MH arm while the other found the opposite (2, 3). Longer follow up data are required to 

determine conclusively that there is no difference of late toxicity and biochemical recurrence between 

these two regimens. One phase III RCT investigating ultra-hypofractionated EBRT found significantly 

worse acute and late toxicity in the investigative arm, though the difference was only 5% for acute and 

4% for late toxicity. More phase III trial data that includes SBRT regimens specifically are required. 

 These issues are pertinent to my findings as some prostate cancer patients with localized disease, 

especially older patients and those who lived further from the cancer centre, preferred a shorter EBRT 

regimen with the trade-off of increased risk of acute toxicity within the risk levels found in RCTs. For 

patients who preferred not to risk increased acute toxicity, a candid discussion is required with their 

clinician as not all trials demonstrated this increased risk. In addition, a smaller group (LCM analysis 3.2 

‘convenience group’) were willing to risk increased late toxicity for the benefit of shorter EBRT. As 

hypothesized a priori, no models found participants would trade increased risk of PSA recurrence for 

shorter treatment time. Therefore, if the long-term data demonstrate increased late toxicity is associated 

with MH this must be disclosed to patients so they can make informed decisions about their treatment. 
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Patient preferences 

 The impetus toward patient-centred care can be traced back to the Institute of Medicine (IOM) as 

it first conceptualized patient centredness as “providing care that is respectful of and responsive to 

individual patient preferences, needs and values” (24). The IOM provided this benchmark that prompted 

efforts globally to integrate a patient-centred approach in healthcare across jurisdictions. In Ontario, the 

formal commitment to a patient-centred approach came with the passing of the Excellent Care for All Act 

(ECFAS) in 2010 and was further solidified with the Patient’s First Act (2016) that required hospitals to 

have patient engagement indicators as part of their Quality Improvement Plans (25, 26). This trend to 

place increasing importance on patients’ perspectives and preferences for treatments can better inform 

both clinical practice and resource allocation decisions about patient management by respecting patients’ 

expectations and priorities. My study is in keeping with this trend as the findings quantify patient 

concerns and values. This DCE identified groups of prostate cancer patients with localized disease who 

were more amenable to MH, in this case older patients and those who lived further from a cancer centre.  

Similar to the literature discussed in chapter 2 (27-29), the results of my study demonstrated 

patients have preferences and concerns about the EBRT regimen selected for them by their Radiation 

Oncologists. Therefore, as MH becomes the standard of care for prostate cancer patients with localized 

disease who are treated with EBRT, it is important for clinicians to remember to discuss the risks and 

benefits with each patient and include them in the decision-making process. Since some participants in 

this study were willing to trade-off increased risk of acute and late toxicity for the benefit of shorter 

treatment length, as per discussion in studies by Sharieff et al. and Muralidhar et al., there is potential for 

savings to the health care system since hypofractionation has been proven to be more cost effective than 

conventional radiotherapy, likely due to the decreased incremental cost-effectiveness ratio (ICER) of 

hypofractionation compared to CFRT (30, 31). Also, as discussed by Brazier et al. and Bien et al., and 

demonstrated with the results from this DCE, the cost effectiveness of therapies can be increased by 

aligning care with patient preferences as this should lead to improved compliance (21, 32). Questions still 
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remain on how to balance patient and public preferences with experts’ judgement in healthcare, and when 

physicians make decisions for their patients they need to respect patients’ expectations and priorities (27). 

This study also demonstrated that when given the different choices, along with clear explanations of the 

trade-offs, patients were very interested and benefitted from being part of the decision-making process 

since preference heterogeneity was present in the estimated models as hypothesized a priori. Patients are 

both the potential beneficiaries of increasingly sophisticated EBRT methods, but also the ones who accept 

the risks associated with these treatments and their preferences warrant attention.  

As reported in chapter 2, there is a gap in the DCE literature on perceiving how participants make 

their choices, and how uncertain or confused they are about the tasks asked of them. My study explored 

these issues in depth and found, while most respondents do not consider all attributes, their responses 

were likely to be valid since they were on average only ‘mildly confused’ by the DCE (similar to the 

sample wide mean). Simplifying heuristics were utilized to improve respondents’ understanding and 

nonetheless resulted in the LC analysis class characterization matching with respondents’ rating of the 

attributes.  

 

Further research 

 The trend towards patient focused care has been increasing, though a recent international survey 

found almost half (47%) of cancer patients believe they were not sufficiently involved in treatment 

decisions (33). My study demonstrates prostate cancer patients have preferences regarding the type of 

EBRT offered to them, and further studies to determine if these results are reproducible in prostate cancer 

patients who have not yet undergone EBRT are warranted. The Canadian Institutes of Health Research 

(CIHR) has invested in a Strategy for Patient- Oriented Research (SPOR) with the goal of actively 

involving patients in health research and health care delivery (34). Thus, there is the possibility of interest 

and funding for further investigative studies in this field. An important potential extension of this work 

could use the patient preference results to enhance current prostate cancer patient decision aids to assist 
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their understanding of radiotherapy choices available to them, as well as consider their own values and 

how these might influence their treatment preferences. Furthermore, my study could be adapted to other 

cancer sites where hypofractionation is being investigated to expand the sample size as the trade-offs the 

participants in my study were willing to make may not be generalizable to other populations. My study 

was conducted in Kingston, Ontario where a large proportion of the participants live in small towns or 

rural areas and must drive to the regional cancer centre for EBRT which is not in their hometown. It 

would be interesting to reproduce this study at a cancer centre located in a city with a larger population in 

which many of the participants would live in the same city as the cancer centre. This would also increase 

the diversity of the sample as it would likely introduce a wider range of socioeconomic and demographic 

factors, as most participants in this study were Caucasian. This study could also be scaled up to recruit 

prostate cancer patients with localized disease across Canada, though this would require computer 

assisted DCE administration.  

 

Conclusion 

 At the beginning of this chapter the findings of this thesis were summarized and discussed. This 

DCE provided insight that all five of the selected attributes of radiotherapy are significant to prostate 

cancer patients’ preferences, and whether these attributes and attribute levels are significant to several 

subgroups of participants. Additionally, the relative importance of the attributes, the rate at which 

participants were willing to trade between attributes, and the overall ranking of several theoretical EBRT 

scenarios was estimated. However, the main limitation of this study is the external validity, which was 

discussed at length in the limitations section of this chapter with suggestions for future research to clarify 

if these preferences are reproducible with actual choices and generalizable to other populations. 

Therefore, the main outcome of this DCE is to estimate the relative importance of these attributes of 

EBRT for prostate cancer patients with localized disease and not to predict real choice. 
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 This study demonstrated a high response rate is achievable in this patient population. Since the 

sample population were all familiar with the context of the treatment, no participants failed the rationality 

test and there were no major concerns with internal validity. Therefore, patient preference data can be 

quantified with conjoint analysis methods and it is possible to attempt to reproduce this study in similar 

populations. 

 The DCE conducted in this thesis provides valuable insights into patients’ reasoning and 

preferences, and these results should be considered for future clinical decision-making processes and best 

practice decisions regarding EBRT. 
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Appendix B 

Validity and Reliability 

Measurement validity 

Measurement validity determines whether DCE results meet content and face validity by 

identifying how accurately the DCE measures preference (53, 62). To ensure content validity the choice 

of attributes and levels should be grounded in qualitative work, as discussed in this chapter in the 

Attribute selection section (62). Qualitative research methods have commonly been used at the DCE 

design phase, however they have rarely been reported as an approach to evaluating questionnaire validity 

(72). To draw valid inferences from a survey, most members of the target population should interpret the 

survey as the researchers intended (72). Qualitative debriefing questions and respondents’ rated 

comprehension can help test construct validity of the DCE (73). Kenny et al. examined the validity of a 

DCE via a quantitative analysis and found the DCE conclusions were consistent with the qualitative 

results (72). This provided assurance there were no major inconsistences between participants’ views and 

inferences drawn from the quantitative analysis (72). Among the selected oncology DCEs Havrilesky et 

al., Eliasson et al., and Nakayama et al. asked participants to rank the attributes from most to least 

important (23). Additionally, Havrilesky et al. had participants use the Likert scale (5-point where 1 is not 

concerned and 5 is deeply concerned) to rate their concern for each of the attributes (23, 46, 49). The 

rating and ranking results were tested with paired t-tests, and in Havrilesky et al.’s paper was consistent 

with the quantitative DCE results (23). Construct validity can partly be tested by determining if the 

expected associations between patient variables and patterns of risk preferences are present (50). 

Additionally, the reasoning for an opt-out or status quo alternative, or justification of a forced choice, 

should be noted (53). 

Face validity, also referred to as theoretical validity, is the degree to which the results of a DCE 

are consistent with a priori expectations (62). Face validity of the results can be assessed through 

qualitative methods and compared to a priori hypotheses about magnitude and direction of part worth 
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utilities for the attributes (53, 62). Additionally, the results can also be compared with a researcher’s 

intuition of whether the preference data makes sense (62). Assessing face validity with these two tests is 

fairly simple and about 60% of DCEs published between 2009-2012 completed this test (62).  

Measurement validity also measures the external validity of the results by assessing how 

generalizable the choice preferences are in other circumstances (53, 62). To examine external validity 

researchers technically must compare the DCE results to a gold standard, which are choices people make 

in the ‘real world’ known as revealed preferences data (50). Lancsar et al. published an interesting article 

that discussed seven points of good survey design for DCE-based stated preference models and reported 

the required knowledge about how decisions were made, and what information was required to make 

them by participants (74). In health care relatively few studies have examined external validity of DCEs 

since opportunities to observe preferences through real-life choices are limited (53). Additionally, actual 

treatment choices are often driven by physicians’ preferences and to determine ‘real world’ choices would 

require a prospective study (50). From the selected oncology DCEs, Muhlbacher and Bethge report a 

limitation of their study was subjects may make different decisions after discussion with their physician 

and family members as hypothetical choices do not have clinical, financial, and emotional consequences 

(27, 42).  

Hypothetical bias occurs when investigators assume participants’ choices reflect their true 

underlying preferences if faced with an actual decision, when they may not (50). To increase the 

likelihood that a DCE is capturing participants’ latent preferences all respondents should believe their 

responses could lead to real consequences (75). This can be achieved by asking participants to deliberate 

carefully, and if possible the surveys should be anonymous to avoid participants selecting answers they 

think they are ‘supposed’ to (50). There was a hypothetical bias of the electronic nature in Havrilesky et 

al.’s oncology study as respondents may not be as emotionally connected to each choice, especially since 

the effectiveness of an educational video instead of an interactive approach is unknown (23).  
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It is important to match the study sample to the larger population of interest and the presented 

scenarios are familiar to participants, as otherwise responses may be artificial (76). Realism can be 

improved by completing the DCE in one session and in the setting that is natural to participants (76). 

From the selected oncology DCEs Havrilesky et al. noted the small sample size of 95 and the 

heterogenous study population limit the generalizability of their study (23). Muhlbacher and Bethge and 

de Bekker-Grob et al. reported in their oncology DCEs the external validity could have been improved if 

patients from different hospitals were included as patient preferences can depend on cultural background 

and the existing healthcare system (32, 42). Since participants were only be recruited from one institution 

this was important for the implications of my study.  

 

Measurement reliability 

Measurement reliability captures whether a DCE produces similar results under consistent 

conditions (53). This will never be perfect due to simple variation in responses, though there are several 

tests for preference reliability such as test-retest, version consistency, and holdout prediction (62). In the 

health care setting older patients will be asked to complete DCEs. A study by Milte et al. investigated the 

effect of cognitive functioning on the consistency of older participants responses to a DCE (77). The 

minimum age was 65 and cognitive impairment was assessed with the Mini-Mental State Examination 

(77). The study found there was no significant difference of consistency of responses between participants 

with mild or no cognitive impairment, and those with mild cognitive impairment were able to fully 

complete the DCE and provide meaningful responses (77). 

 

Choice validity 

Choice validity examines whether participants engage with the choice task “as expected” based 

on assumptions about consumer behaviour, and whether choices comply with assumptions about 

preferences, trading, and responsiveness to the attributes (53). There are three main tests for choice 
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validity discussed in the literature; monotonicity, compensatory preferences, and task nonattendance (53). 

Monotonicity (non-satiation) means participants will not prefer ‘worse’ levels of an attribute to ‘better’ 

levels assessed. This is assessed with a ‘test of rationality’ via a dominant choice task such that all of the 

attribute levels for one profile are as good as or better than the other profile (53, 62). Howard et al. 

included a monotonicity or consistency check (where one alternative is set to be dominant across all 

attributes) and only two respondents failed this question, indicating the vast majority of men understood 

what was being asked of them (45). Compensatory preferences refer to the extent that participants trade 

between all attributes of the choice profiles. DCEs assume participants consider all attributes, however 

non-compensatory preferences can be indicated by either attribute dominance or attribute nonattendance 

(53). Dominance is when all but the dominant attribute is ignored, and the opposite is attribute 

nonattendance when a respondent ignores a specific attribute (53). The order the attributes are presented 

to participants in the choice tasks should be considered carefully as the attributes at the top can be 

prescribed more importance by participants (50). Randomizing the attribute order can minimize this (50), 

however Norman et al. proved that order of presentation of attributes had no effect on part-worth 

estimates (78). The group conducted a large DCE with over 2000 individuals who were randomized 

between 60 versions of 16 choice sets, where the order of the attributes was randomized within each 

version (78). It can be difficult to distinguish between true attribute non-attendance (e.g. the attribute is 

important, but the individual is ignoring it to simplify the task) and genuinely non-important attributes to 

the respondent. Similar to this concept is task nonattendance, which is the extent respondents pay 

attention to the choice tasks (21). If the task is too cognitively burdensome, the participant is fatigued, or 

the scenarios are not realistic then individuals may not carefully consider their decisions which can lead to 

invalid conclusions (62). One easy assessment for task nonattendance in a non-labelled DCE is to check if 

any respondents selected all the alternatives on the right or on the left (e.g. only selected ‘A’ or ‘B’) (62).  

Since the purpose of a DCE is to mimic real-world decisions it is valid for participants to use any 

reasoning they prefer to make choices within the DCE. It is critical for researchers to know how 
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participants interpret the attributes and levels and ultimately make their decision (21). If individuals do 

not understand all the information, they will likely not understand the tasks being asked of them and 

therefore would not make reliable and stable choices that reflect their true preferences. It is important to 

comprehensively explain the motivation behind a DCE and describe the tasks that will be asked of 

respondents, including the required medical information in plain language, to improve understanding 

(31). If sufficient material is provided participants can understand the choice tasks, attributes, and levels 

and are successful in using complex decision strategies (22). Choices which appear ‘irrational’ may be 

due to poor study design or be due to factors unknown to the researcher but are valid to the individual 

(63). For example, a pilot study should identify if attribute and task nonattendance were present. 

 

Choice reliability 

Choice reliability examines whether participants make consistent choices in accordance with 

assumptions about consumer choices (53). There are three main concepts of choice reliability; transitivity, 

consistency, and level recoding (62). Transitivity and consistency can be tested by adding specific choice 

sets outside the experimental design to determine the preference relation between three or more choice 

profiles (62). Level recoding refers to the extent that participants process the actual numbers presented in 

continuous attributes, as they may instead think of the presented risk numbers as ‘low’, ‘medium’, and 

‘high’ categories (53). From the oncology DCEs Muhlbacher and Bethge reported they did not include a 

test for test for recoding and this was a limitation as such a test would have improved the internal validity 

(42). It is critical for researchers to know how participants interpret the attributes and levels and 

ultimately make their decision (21). As discussed in the choice validity section, if individuals do not 

understand all the information, they will likely not understand the tasks being asked of them, and 

therefore would not make reliable and stable choices that reflect their true preferences.  
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Appendix C 

Supplementary Table 

Table 22: 2-class LCM. 

 

Characteristics 

Class 2.1 

“Convenience group” 

Class 2.2 

“Toxicity and efficacy 

group” 

β p-value β p-value 

Length β1 -0.256 

 

<.001 

 

0.012 

 

.687 

Markers β2 

(ref. no markers) 

-1.466 <.001 

 

0.090 .468 

PSA (ref. 6%) 

   12% β3a 

 

   18% β3b 

 

-1.136 

 

-0.568 

 

.003 

 

.257 

 

-1.316 

 

-2.642 

 

<.001 

 

.002 

Acute (ref 20%) 

   35% β4a 

 

   50% β4b 

 

-0.482 

 

0.345 

 

.063 

 

.304 

 

-0.494 

 

-1.142 

 

.002 

 

<.001 

Late (ref. 10%) 

   15% β5a 

 

   20% β5b 

 

0.469 

 

-0.131 

 

.115 

 

.716 

 

-1.154 

 

-1.696 

 

<.001 

 

<.001 

Class share 0.318 0.682 

≥70 years old + - 

Working - - 

Had prior systemic therapy - - 

Posterior probability 0.979 

Unconditional probability 0.549 0.588 

Conditional probability 0.719 0.641 

Observations 216 480 

Goodness of fit 

Log likelihood   

AIC 

BIC 

CAIC 

 

-380.20 

817.38 

854.47 

872.47 

 


