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Supplementary Text 1
Following discussion with clinical experts and targeted literature searches, outcomes relevant to the natural history of paroxysmal nocturnal hemoglobinuria (PNH) included: 
Abdominal pain
Anemia
Bone marrow disorders (e.g. aplastic anemia, myelodysplastic syndromes)
Breakthrough hemolysis (BTH)
Chest pain
Chronic kidney disease 
Dysphagia
Dyspnea (difficulty breathing)
Erectile dysfunction
Esophageal spasm
Fatigue
Hemochromatosis (i.e. iron overload)
Hemoglobinuria (nocturnal)
Meningococcal disease
Mesenteric insufficiency
Mortality
Neutropenia
Pancytopenia
Pulmonary hypertension
Recurrent infectious diseases
Red blood cell transfusions
Smooth muscle dystonia (caused by nitric oxide depletion)
Spontaneous remission (i.e. recovery)
Stem-cell transplant
Thrombocytopenia
Thrombosis/hypercoagulability


Supplementary Text 2
Patient allocations to the model cohorts were 8.2%, 91.8% and 0% to Cohort 1, Cohort 2 and Cohort 3, respectively. The values for Cohort 1 and Cohort 2 are based on UK data reported by Hill et al. (2006)[1]. In this analysis, there was an estimated prevalence of PNH of 1.59 per 100 000 and an associated incidence of 0.13 per 100 000 per year. On this basis, it was assumed that, in a given year, 8.2% (0.13/1.59) of patients are newly-presenting with PNH and 91.8% (1.59–0.13)/1.59) are existing patients. Furthermore, it was assumed that probability of treatment does not differ between newly-presenting and existing patients.

Supplementary Text 3
In the base-case analysis, a utility difference between ravulizumab and eculizumab patients is modeled based on the mean difference of mapped utilities observed in the 301 and 302 trials, controlling for other factors such as BTH, transfusions, and number of visits. One aspect of the health-related quality of life (HRQoL) benefit of ravulizumab versus eculizumab that could not be quantified based on HRQoL data collected in the 301 and 302 trials is the reduction in healthcare-provider visits that would be possible with ravulizumab’s less frequent (every 8 weeks) dosing schedule compared with eculizumab (every 2 weeks).
Frequency of healthcare-provider visits may impact patients’ ability to conduct usual activities and their social and psychological well-being. At the Leeds UK 2018 advisory board meeting UK PNH clinical expert Anita Hill noted that “patients would be happy with a less frequent intravenous treatment […] for greater independence and reduced disease visibility, as many patients what to ‘hide their disease’”[2]. Evidence in patients with PNH reflects that reduction of these dimensions of treatment burden may allow patients to avoid time away from daily activities (e.g., work, school) for treatment, with associated financial benefits and improvements in psychological well-being, as well as significant improvements in social life and family relationships in a majority of patients[3]. Given that the ability to conduct usual activities and psychological well-being are primary dimensions of HRQoL (e.g., “usual activities” and “anxiety / depression” are explicit dimensions of the EQ-5D), capturing these determinants of health utility is important for the cost utility analysis (CUA).
To explore the utility benefit of reduced treatment burden, a discrete choice experiment (DCE) was conducted in the UK [4]. The DCE was designed to understand the importance of different aspects of treatments for PNH and associated outcomes. These “attributes” included (1) life expectancy (2) treatment administration (3) severity and frequency of hemolysis (4) risk of meningococcal infection and (5) frequency of blood transfusions. Variations of these attributes were combined using a published orthogonal array into choice sets presented in 16 questions, and administered as an online survey to a sample of 507 respondents in the UK (broadly representative of the general population in terms of age, gender, ethnicity, and geography). 
Responses to the survey were analyzed to estimate the utility impact of different attributes included in the DCE, using methodology reported previously[5]. As a first step in the analysis, responses were reviewed against a consistency choice test (dominant-choice test), whereby one alternative is superior in terms of all attributes versus every other alternative, and therefore should logically be preferred if respondents understand the choices described. Of the 507 survey respondents, 122 (24%) failed the dominant-choice test; in analyses for estimation of utility impacts, data for these respondents were excluded. Data for the 385 respondents who passed the dominant-choice test were used to estimate a mixed-effects logistic-regression model[footnoteRef:2], to quantify the strength of respondents’ preferences for different attributes of treatments for PNH. Parameter estimates from the mixed-effects logistic-regression model are summarized in the table below. Estimates indicate that all attributes were significant predictors of choice, but typically only the most extreme level of each attribute was statistically significant. [2:  The mixed-effects logistic regression model expands on the standard conditional logistic regression model by including fixed and random effects, allowing for estimation of parameters as random variables (i.e., coefficients are not fixed, but instead conform to a normal distribution across individuals in the analysis) and clustering of errors by individual. The mixed-effects model thus allows for different individuals in the analysis to have different preferences (i.e., values of parameter/coefficient estimates).] 


[bookmark: _Toc24046365][bookmark: _Toc16243665]Parameter estimates from DCE mixed-effects logistic-regression model
	Attributes and levels
	Coefficient
	SE
	z

	Life expectancy
	
	
	

	Reference value: Not reduced
	
	
	

	Reduced by 4 years
	–0.794
	0.072
	–11.08

	Reduced by 8 years
	–1.669
	0.094
	–17.82

	Reduced by 12 years
	–3.497
	0.145
	–24.15

	Treatment administrations
	
	
	

	Reference value: IV infusion 6-7 times a year at home, takes 3 hours
	
	

	IV infusion 26 times a year at home, takes 1 hour
	–0.521
	0.072
	–7.27

	Risk of meningococcal infection
	
	
	

	Reference value: No risk
	
	
	

	1 in 1000: every 5 years
	0.028
	0.080
	0.35

	1 in 1000: every 2 years
	0.151
	0.095
	1.60

	1 in 1000: every 1 year
	–0.362
	0.078
	-4.63

	Risk of recurrence of hemolysis
	
	
	

	Reference value: No hemolysis
	
	
	

	Mild hemolysis, treated at home for a few days
	0.013
	0.073
	0.18

	Mild hemolysis, treated at home for a few weeks
	0.090
	0.099
	0.91

	Severe hemolysis, treated in hospital
	–1.435
	0.091
	-15.78

	Need for blood transfusion(s)
	
	
	

	Reference value: Never needed
	
	
	

	1 every 5 years
	–0.041
	0.075
	–0.54

	1 every 2–5 years
	–0.034
	0.094
	–0.36

	1 every year
	–0.664
	0.073
	–9.16


IV, intravenous; SE, standard error.

[bookmark: _Hlk37192844]Estimates of the strength of preference for single attributes included in the DCE, as presented above, were then used to explore the extent to which individuals may be willing to trade between different attributes. To estimate cross-attribute preferences, the marginal rate of substitution (MRS) was calculated between attributes, based on the ratio of coefficients for two attributes. MRSs indicate the extent to which participants are willing to forego a unit of one attribute to gain a unit in a different attribute. 

For the purpose of estimating utility impacts of attributes of the DCE, MRSs of interest should compare willingness to trade a year of life expectancy for a level of an attribute. The coefficient on the “Reduced by 12 years” level of the life-expectancy attribute, –3.497, was therefore scaled to a value of –0.2914 per year; the ratio of this value to other coefficients was then calculated. For example, the coefficient on severe hemolysis requiring hospitalization is –1.435, implying that the MRS between a year of life expectancy and living with ongoing risk of severe hemolysis is –1.435 / –0.2914 = 4.93 (i.e., the preference for not living with severe hemolysis is 4.93 times that for life expectancy reduced by a year). Among the 385 respondents whose data were used in the analysis, mean age was 49.8 years (standard deviation = 15.1). Average life expectancy in the UK was 81 years from 2015–2017[6]. It was therefore estimated that the sample of respondents had an average of 31.2 remaining years of life expectancy. This was used to estimate utility impacts associated with severe attribute levels; for example, for severe hemolysis, the MRS (i.e., 4.93) was divided by 31.2 years, yielding a disutility of 0.158.

Below, marginal rates of substitution and disutilities from the DCE research are presented.

[bookmark: _Toc24046366][bookmark: _Toc16243666]Marginal rates of substitution and disutilities from DCE
	Attribute
	MRS
	Disutility

	Treatment administration (26 vs. 6–7 times per year)
	1.789
	–0.057

	Risk of infection (1:1000 every year)
	1.242
	–0.040

	Severe hemolysis, treated in hospital
	4.926
	–0.158

	Need for a blood transfusion every year
	2.280
	–0.073


MRS, marginal rate of substitution.

As reflected above, the DCE indicates that the utility impact of intravenous (IV) infusion administration 26 versus 6–7 times per year is –0.057 (SE = 0.008[footnoteRef:3]). It should be noted that the DCE described that IV infusions would be received at home, as is common practice in the UK, so likely omits the impact that visiting a site of care might have. [3:  The standard error is calculated based on the standard error of the coefficient for treatment administration from the mixed-effects logistic-regression, 0.072. The disutility of –0.057 is calculated by multiplying the coefficient value by (1 / (0.2914 x 31.2)); the standard error of the disutility is therefore approximated as 0.072 x (1 / (0.2914 x 31.2)) = 0.008.] 


Supplementary Text 4
Parameter values modeled in the CUA – including in the base case analysis, as well as in scenario and probabilistic sensitivity analyses – are presented in Supplementary Table 1.
In probabilistic sensitivity analysis, selection of sampling distributions used to model parameter uncertainty was informed based on the nature of parameters (e.g. the possible range of values they may take) and on their method of estimation (e.g. a probability estimated with a logistic regression model reflects an outcome distributed binomial), as described in published guidance around probabilistic decision modeling. For example, Briggs et al. (2006) [7] note that:

“One criticism often levelled at probabilistic decision models is that the choice of distribution to reflect uncertainty in a given parameter is essentially arbitrary, which adds an additional layer of uncertainty that must itself be subjected to sensitivity analysis. In this section we argue that this is not the case. Rather, the type of parameter and its method of estimation will usually reveal a small number of (often similar) candidate distributions that should be used to represent uncertainty. These distributions will often reflect the standard distributional assumptions employed to estimate confidence intervals, as described in almost any introductory medical statistics text. Indeed, we would argue that by following standard approaches to distributional assumptions whenever possible, the quality and credibility of the analysis will be enhanced.”

In probabilistic sensitivity analysis of the CUA, sampling distributions for each parameter were selected in accordance with recommendations from Briggs et al. (2006) [7]; beta distributions were used for sampling of transition probabilities and other proportions[footnoteRef:4], Dirichlet distributions for multinomial parameters[footnoteRef:5], gamma distributions for costs[footnoteRef:6], beta distributions for utilities that did not approach zero[footnoteRef:7], and gamma distributions for utility decrements. A normal distribution was used for sampling age at baseline, because the mean and SD were reported from clinical studies 301 and 302, as well as for body weight by age, which was assumed to be distributed normally at each year of age.  [4:  “the beta distribution is a natural choice for representing uncertainty in a probability parameter where the data informing that parameter are binomial.”]  [5:  “Instead of having binomial data, it is often common for the data to be divided into a number of categories; that is, the data are multinomial. […] The Dirichlet distribution, which is the multivariate generalization of the beta distribution with parameters equal to the number of categories in the multinomial distribution, can be used to represent, in a probabilistic fashion, [a multinomial parameter].”]  [6:  “cost data are constrained to be non-negative and are made up of counts of resource use weighted by unit costs. Count data are often represented by the Poisson distribution (which is discrete) in standard statistical methods. The gamma distribution […] is conjugate to the Poisson, which means that posterior parameter distributions for Poisson data are often characterized by gamma distributions […] This suggests that a gamma distribution, which is constrained on the interval 0 to positive infinity, might be used to represent uncertainty in cost parameters.”]  [7:  “The theoretical constraints on utility parameters in terms of their construction are infinity at the lower end (representing the worst possible health state) and 1 at the upper end (representing perfect health). A pragmatic approach, often employed when health states are far from zero, is to use a beta distribution. However, this is not appropriate for states close to death where values less than one are possible.”] 

For beta distributions, sample means and standard errors were used to calculate alpha (α) and beta (β), according to the following transformations (where µ represents the sample mean value and s2 the sample variance):

α = µ • [ µ • (1 - µ) / s2  - 1 ]

β = α • [ (1 - µ) / µ ]

For gamma distributions, sample means and standard errors were used to calculate alpha (α) and beta (β), according to the following transformations (where µ represents the sample mean value and s2 the sample variance):

α = µ2 / s2

β = s2 / µ
			2


Supplementary figures
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Supplementary Fig. 1 Markov traces for Cohort 1 base case model, under treatment with eculizumab (left) and ravulizumab (right)

[image: ]

Supplementary Fig. 2 Markov traces for Cohort 2 base case model, under treatment with eculizumab (left) and ravulizumab (right)
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Supplementary Fig. 3 Markov traces for Cohort 3 base case model, under treatment with eculizumab (left) and ravulizumab (right)
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