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S1. YOU.GOV Sampling Methodology  

 
YouGov interviewed 2,182 respondents who were then matched down to a sample of 2,000 
to produce the final dataset. The respondents were matched to a sampling frame on gender, 
age, race, and education. The frame was constructed by stratified sampling from the full 
2018 American Community Survey (ACS) 1-year sample with selection within strata by 
weighted sampling with replacements (using the person weights on the public use file).The 
matched cases were weighted to the sampling frame using propensity scores. The matched 
cases and the frame were combined, and a logistic regression was estimated for inclusion 
in the frame. The propensity score function included age, gender, race/ethnicity, years of 
education, and region. The propensity scores were grouped into deciles of the estimated 
propensity score in the frame and post-stratified according to these deciles. 
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Table S1 – Characteristics of You.Gov Survey Respondents vs. US Population 

 

Characteristic of Respondent You.Gov Sample US Population 

(2019 ACS Census 

Data) 

Household Size (mean) 2.8 2.6 

Household Annual Income 
(median, US$) 

65,000 62,843 

Female 53.1% 50.8% 

Percent of Respondents 65 years 
and over (from all adults 18 years 
and older) 

20.45% 20.51% 

White 68.95% 76.3% 

Black 9.75% 13.4% 

Bachelor’s degree or higher 
(percent of persons age 25 years+) 

34.4% 32.1% 

Age 
(percent of 
persons age 
18 years+) 

< 30 yrs 19.2% 20.8% 

30 – 49 yrs 32.1% 33.2% 

50 – 69 yrs 35.8% 31.7% 

> 70 yrs 13.0% 14.2% 

 
 
S2. IRB Approval and Survey Administration 
 
The data collection plan for this study was approved by the Arizona State University 
Institutional Review Board (Study 00011907). Our survey instrument was administered 
between August 28 and September 4, 2020 to a nationally representative sample of 2000 
Americans, at least 18-years old, drawn from YouGov’s U.S. internet panel of two million 
participants. YouGov is a leading international survey research firm (YouGov.com) which 
routinely does surveys for major news organizations (including CBS News and the 
Economist, commercial firms, government agencies, NGOs, and universities). 
 

S3. Experimental Design 

 

Discrete Choice Experiments (DCE) are based on the idea that any set of choice options 
that individuals choose among can be decomposed into a set of factors (often called 
“attributes” or “characteristics”) where each factor has associated levels that can be discrete 
like a patient’s gender or continuous like a patient’s age. While it is possible to sample (or 
choose specific) levels for a continuous variable over some pre-defined range from a 
distribution like the uniform, typical practice is to use a small number of discrete levels to 
represent the continuous variable.    
 
To create the options that survey respondents see in each choice set, an experimental design 
typically is used to assign combinations of levels of the factors of interest. The objective 
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of an experimental design is to adequately span the space represented by the different 
factors and their levels in such a way as to ensure the statistical identification of the 
parameters of interest and to be able to estimate them with reasonable efficiency [1, 10]. 
In this case we have two four-level factors and two two-level factors. All possible 
combinations of these attribute levels produce 22 x 42 = 64 total combinations. This is 
known as a “Full” (or “Complete”) factorial design. The 64 combinations are infeasible to 
implement in survey even as large as ours due to the large number of overall questions that 
need to be asked. To reduce the number of possible options to a manageable number, 
typically a fractional factorial design is used to make a smaller set of combinations. This 
trades off increased reliability via more replications of the same combination of factor 
levels versus the ability to estimate more statistically complex models (i.e., an ability to 
estimate all or some higher order terms apart from only the main effects). In this case, we 
used an orthogonal fractional factorial design selected from the 45 Full factorial to make 
16 pairs of choice options. 
 
The procedure we used to make the combinations was to reverse code two of the four-level 
columns (i.e., 0=3, 1=2, 2=1, 3=0), and expand one other 4-level column into a 2 x 2 
factorial (0= 0 0; 1= 0 1; 2 = 1 0; 3 = 1 1). This creates one set of 16 attribute level 
combinations that we will term “Option A”. We then reverse coded one of the two-level 
columns (0 = 1; 1 =0); and used the two remaining four-level columns with the two two-
level columns previously created (not reverse coded) to make a different set of 16 attribute 
level combinations that we will call “Option B”. Finally, we paired the 16 Option A 
combinations with the 16 Option B combinations randomly and without replacement to 
make 16 different sets of pairs. We then added the constant Option C described in Figure 
1 to each pair to make a set of 16 triples. This constant option ensures statistical 
identification [10]. The use of a common Option C across choice sets requires the use of 
alternative specific constants induced by the experimental design. Here the effects for the 
A and B Option Indicators should be of the same sign and equal in magnitude. The 
coefficient estimates of Female and Alzheimer suggest a small positive effect, which 
cannot be rejected at the p < 0.05 level. Because Options A and B are “Generic” (i.e., 
differentiated only by their attributes and levels, not names, labels or brands) we expect the 
attribute effects to be “Generic”; i.e., the same for both Options A and B, except for random 
statistical variation. Finally, we randomly assigned 4 triples without replacement to one of 
four versions to minimize task difficulty and/or the number of questions in the overall 
survey. This is reflected in the task shown in Figure 1, where individuals choose the patient 
(Option A, B, or C) who should get the only available ICU bed. 
 
 
S4.  Distribution of Respondents’ Characteristics by Treatment Groups and Entire 

Sample  
 
The following table shows the effectiveness of the randomization process. It presents the 
frequency and percentage of respondents for each treatment of the choice experiment, as 
well as the frequency and percentage of respondents for the entire surveyed sample. 
Treatment groups and the entire sample have similar distributions of the respondents’ 
characteristics, including age categories and gender. 
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