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When people are forced to make choices that have 
life-and-death consequences for others, to what extent 
do the deciders’ individual biases come into play? This 

question was thrust to the forefront of public discussion during the 
COVID-19 outbreak that infected hundreds of millions of individ-
uals around the world. During the outbreak, many nations faced 
critical shortages of life-saving medical equipment. One example of 
such a shortage was the stock of ventilators—medical devices that 
move breathable air into and out of patients’ lungs. These devices 
are vitally important, as some patients infected with SARS-CoV-2 
struggled to breathe on their own1–4. For this reason, ventilators 
have been referred to as “the device[s] that become the decider 
between life and death” for COVID-19 patients5. (There were other 
treatments—such as oxygen therapy/extracorporeal membrane 
oxygenation—but many COVID-19 patients still received treatment 
from ventilators6.) However, in many locations around the world, 
the number of ventilators needed far surpassed the number of ven-
tilators available7,8. Although these shortages were especially acute 
in developing contexts9–13, developed nations experienced shortfalls 
as well8,14. At the beginning of the pandemic, for example, some 
estimates pegged the number of ventilators needed in the United 
States alone at several hundred thousand to as many as a million15; 
only somewhere between 60,000 and 160,000 ventilators were actu-
ally available in the country at that time. (Estimates of the number 
of ventilators available at a given period depend on whether one 
includes partially functioning machines or not16.) This led medi-
cal experts to issue direct and dire warnings that “there [were] not 
enough ventilators for patients with COVID-19”7 and that there 
was “no way to solve the problem before the disease reache[d] full 
throttle.”17 Some areas faced fewer shortages than others18 (largely 
because many developed nations resorted to extreme tactics to build 
more ventilators or to improvisational means of finding substitutes 

for them), but the threat of shortages of ventilators remained ever 
present8,18,19. Under these circumstances, many were left to ask what 
we would do “if two COVID-19 victims need[ed] ventilators and 
just one [was] available.”20

Under these emergent circumstances, many medical deci-
sion makers had to make truly excruciating choices about which 
patients were most deserving of scarce medical resources. Many of 
these choices involved decision makers having to choose between 
patients with similar likelihoods of survival. As a result, some phy-
sicians have called choices over the allocation of ventilators “the 
toughest [form of] triage”1—a truly “heart-wrenching choice”21 for 
any decision maker. Although some guidelines have been developed 
to govern how ventilators are allocated during the pandemic1,4,22–31, 
many of them come to different conclusions about who should ethi-
cally have preference, and even when the guidelines do agree, all of 
them leave much room open for individual discretion by the key 
stakeholders in the decision-making process. Previous research in 
other social contexts has shown that administrative discretion pro-
vides decision makers with opportunities to rely on heuristics or 
shortcuts that advantage some groups over others32–39. Given this, 
we can reasonably theorize that when several patients have the same 
chances of surviving, decision makers may rely on their individual 
biases—whether deeply embedded, unconscious or overt—in mak-
ing their decisions about how to allocate scarce medical resources.

Some prior work has explored the extent to which discrimina-
tion occurs in health-care settings. This work ranges from studies  
that explore whether physicians perceive that certain types of 
patients have higher pain thresholds40–42, to studies that explore the  
extent to which various groups are given preferential access to 
health resources43–57, to studies that explore how much time phy-
sicians give to and how they communicate with their patients58–60. 
A vast majority of these studies focus on the extent and nature of 
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racial and ethnic biases34,40–54. The next most common are studies 
that examine socio-economic37,55,61–63, age64–68 and religious36,69–72 
biases in the health-care system.

Though a large body of research has explored the role of individ-
ual biases in decision-making processes, this literature has faced sig-
nificant hurdles. First, though previous work has documented large 
observational disparities in access to health care and in the health out-
comes that result downstream45–52, it is difficult to attribute these pat-
terns to discrimination alone. Given that many difficult-to-observe 
characteristics could be driving unequal outcomes (for example, 
economic inequality, cultural differences and institutional design), 
observational differences in individual health outcomes are not 
sufficient to definitively demonstrate discrimination. This method-
ological weakness is not avoided by using implicit association tests 
that look for subtle differences in click patterns in structured arti-
ficial tasks73–77. Unfortunately, this research design too leaves open 
the possibility of endogeneity—wherein relationships attributable 
to discrimination are really driven by other unobserved factors. 
Furthermore, implicit association test measures themselves face dis-
tinct challenges in capturing individuals’ tendencies to discriminate. 
For example, scholars have recently argued that implicit association 
tests often lack construct, external, and predictive validity78–86.

Moreover, much of the work that has tried to account for endo-
geneity has looked solely in low-stakes environments. Many of these 
studies have used the so-called correspondence audit design to see 
whether, for example, decision makers discriminate in providing dif-
ferential access to appointments for outpatient care32–39. Much of the 
research that social scientists do on discrimination in life-and-death 
decisions has been limited by the fundamental biases that shape the 
data-generating process. For example, studies of discrimination 
patterns in policing often face issues with post-treatment/collider 
biases that arise from not observing the population of individuals 
that could have been exposed to treatment87,88. This same problem—
and others such as omitted variable bias—may also be present in 
the health domain. (We return to these methodological challenges 
in the Discussion and Methods.) This gap in the literature is unfor-
tunate for many reasons but particularly given the many contexts 
for intense resource scarcity in the medical field. Because we know 
little about discrimination in many high-stakes situations, we can 
only theorize that it might be lower—because people might be more 
intentional about their choices and less likely to rely on subcon-
scious biases—or higher—because people might be more likely to 
rely on crude heuristics under periods of threat. These emergent 
conditions and large inequities demand rigorous evidence that 
teases apart just how much of a role individual biases play in pro-
moting health inequalities. Our work helps fill this important gap in 
the scientific literature.

Given the large hurdles that previous research has been unable to 
clear, there is a great deal of merit to using experimental designs to 
study discrimination in the health-care domain. Unfortunately, not 
many experiments have been run to study the extent and nature of 
discrimination in health care89,90. As Currie et al. succinctly put it, 
“[experimental tests for discrimination] are still unusual in health 
care and existing studies often have very small samples”91.

In short, what we lack in the study of discrimination in the 
health-care domain is a study with an experimental design on 
a large sample of participants at various stages of the health-care 
chain that measures discrimination in a higher-stakes environment. 
In this paper, we push towards achieving these objectives. We use 
conjoint experiments to explore the extent and nature of individual 
racial, religious, age and socio-economic biases among American 
health-care decision makers and stakeholders—that is, the physi-
cians who treat patients, the members of the public who receive these 
services and the public officials who play a large role in allocating 
scarce health-care resources—in the allocation of the limited stock 
of medical ventilators. We also test whether patients who would be 

more likely to survive with a ventilator are more or less likely to 
receive access to that life-saving treatment. We chose to randomize 
this set of attributes because they are often considered to be impor-
tant in making ventilator allocation decisions (for example, age and 
the probability of survival1,4,22–27), have been shown to have biases in 
other social contexts (for example, race and religion33,34,36,92–94), have 
well-documented inequities in the health domain45–52 and/or are the 
types of information that those in our sample know, or could find 
out, about potential medical patients.

Results
We ran three conjoint experiments to test for individual biases 
in decisions made by physicians, policymakers and the public. 
Conjoint experiments are commonly used in the social sciences to 
help understand how people value different attributes of possible 
choices95–103. In our conjoint experiments, physicians (N = 1,523), 
politicians (N = 839) and members of the public (N = 2,080) viewed 
fictional patient case files with the following characteristics ran-
domized: patient survivability, age, socio-economic status (SES), 
race/ethnicity and religion. We kept our list of baseline variables 
small to ensure that our survey was not an undue burden on the 
respondents. The other questions focused on the demographic 
and political backgrounds of the participants in our study. They 
included fear about catching the coronavirus, fear about the people 
they care about catching the coronavirus, how closely they follow 
the news, approval of President Trump overall and in regard to the 
response to the pandemic, political ideology, age, race/ethnicity 
and political party. Doctors were also asked how many years they 
had practised medicine, whether they had treated patients who 
have had the COVID-19 virus, whether they prescribe life-saving 
COVID-related interventions, whether they had difficulty obtain-
ing personal protective equipment, and about their own mental 
health state and their fear levels that their patients will contract the 
coronavirus. (For the full list of baseline characteristics we measured 
and for more details on our experimental design and the methods 
employed in our study, see the Methods.)

Do stakeholders give preference to patients with higher odds of 
survival? We started by testing whether our samples were sensitive 
to the patients’ estimated probability of survival (if they were given 
a breathing assistance treatment) in assigning the use of scarce ven-
tilators. This allowed us to explicitly test whether physicians, poli-
ticians and the public were responding to the core characteristic 
undergirding much, if not all, medical triage decisions—the idea 
that patients that are more likely to benefit from a scarce service 
should be given priority. After all, most medical groups agree that 
this should be an important deciding factor in the provision of 
ventilators. If our respondents were taking the task seriously and 
responding in a way that many key actors have deemed appropriate, 
we would expect that chances of survival would have a substantial 
effect on ventilator allocation decisions, given that virtually every 
decision-making criterion for allocating scarce medical resources 
focuses first on the probability of a patient surviving. (In the 
Discussion, we briefly return to a broader consideration of whether 
preferential treatment for patients deemed to have a higher prob-
ability of survival is actually universally desirable.)

Figure 1 shows the average effect of a patient having a high prob-
ability of survival (if they were given treatment from a ventilator) 
on the chances that the participants in our three samples chose to 
give the ventilator to that person. In the figure, the circles repre-
sent the coefficients, while the thick and thin bars show the 90% 
and 95% confidence intervals. If doctors, elected politicians and the 
public were responding to the chances that a patient would survive 
with the ventilator treatment, we would expect the coefficients to 
be positive and distinct from zero (that is, to the right of the grey 
dashed reference line).
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In fact, this is just what we saw. Figure 1 shows that physicians 
who prescribe treatments to patients, politicians who make key 
health policy decisions and the public that receives these treat-
ments (and who often influence the decisions of doctors and elected 
politicians) were—as we would expect if these groups are adher-
ing to common medical guidelines—highly sensitive to a patient’s 
probability of survival in assigning life-saving medical equipment. 
Patients with a high probability of survival (that is, 70%) were 
much more likely to be prescribed a ventilator than patients with 
a low probability of survival (that is, 10%). All else being equal, 
doctors were 42.6 percentage points more likely to choose the 
high-probability-of-survival patient for the treatment (βd.f. = 1,522; 
P < 0.001; β = 42.6 percentage points; 95% confidence interval, 
(40.6, 44.6)). Though less sensitive to this treatment condition, poli-
ticians (βd.f. = 838; P < 0.001; β = 30.6 percentage points; 95% confi-
dence interval, (28.0, 33.2)) and the public (βd.f. = 2,079; P < 0.001; 
β = 31.7 percentage points; 95% confidence interval, (30.0, 33.4)) 
were still quite sensitive to a patient’s probability of survival. (For 
the estimates used in Fig. 1, see Supplementary Table 4; for formal 
statistical tests of the difference in response to survivability across 
our three samples, see Supplementary Table 19; for the full set of P 
values adjusted for multiple comparisons that we employ through-
out our results—that is, the Westfall–Young ‘stepdown’ adjusted P 
values104—see Supplementary Table 15.) This difference in the pre-
scription patterns of physicians versus politicians and the public 
was consistent with physicians being more attuned to the criteria 
frequently emphasized in medical training, as we might expect 
given their extensive training that reinforces this core principle of 
medical triage. However, these results also suggested that all three 
samples are making decisions as we would expect if they were tak-
ing this hypothetical prompt seriously.

Do stakeholders respond to other patient characteristics? We 
next turn to whether physicians, politicians and the public prescribe 
life-saving medical treatment on the basis of other patient charac-
teristics outside of the estimated probability of survival. If the three 

groups in our sample were making decisions solely on the basis of a 
patient’s chances of survival, we would expect that all other charac-
teristics manipulated in our conjoint experiment—age, SES, religion 
and race/ethnicity—would have no effect on the odds that a patient 
was chosen. If the respondents were treating young and old, rich 
and poor, religious majorities (that is, Protestants and Catholics) 
and religious minorities (that is, Muslims and Atheists), and racial/
ethnic majorities (that is, non-Hispanic white people) and racial/
ethnic minorities (that is, Black, Hispanic or Latino, and Asian peo-
ple) the same—or simply responding to our conditions randomly—
we would expect to see no differences across these dimensions.

In fact, this is not what we observed. Figure 2 shows the effect 
of patients’ age, SES, religion and race/ethnicity—independent of 
their chances of survival—on the chances that our pooled samples 
prescribed them a ventilator. (Supplementary Tables 5–7 provide 
the estimates for Fig. 2, along with the corresponding Bayes factors  
(BFs) for these estimates; Supplementary Table 15 provides the  
P values adjusted for multiple comparisons that we mention below.)

When we pool all of our groups together within our three sam-
ples (that is, not breaking down our models by individual charac-
teristics of the respondents), across all three groups, older patients 
were less likely to be chosen independent of their chances of sur-
vival (if given a ventilator). Interestingly, this age penalty was largest 
among doctors. All else being equal, physicians were 9.4 percent-
age points (βd.f. = 1,522; two-tailed P < 0.001; β = −9.4 percent-
age points; 95% confidence interval, (−11.4, −7.4)) less likely to 
give a ventilator to an older patient (holding constant their prob-
ability of survival). This age penalty was present among the public 
(βd.f. = 2,079; two-tailed P < 0.001; β = −3.9 percentage points; 95% 
confidence interval, (−5.4, −2.4)) and among elected politicians 
(βd.f. = 838; two-tailed P < 0.001; β = −5.4 percentage points; 95% 
confidence interval, (−7.6, −2.9)), but these effects were statistically 
and substantively smaller than among doctors. (For formal statisti-
cal tests of differences in the age penalty across our three samples, 
see Supplementary Table 19.)

There were some interesting patterns in how our three samples 
treated religious minorities. Doctors as a whole were equally likely 
to prescribe a life-saving ventilator to a religious minority (that is, to 
a Muslim or Atheist) as to a religious majority (that is, to a Catholic) 
(Muslim patient: βd.f. = 1,522; two-tailed P = 0.63; β = 1.9 percent-
age points; 95% confidence interval, (−0.7, 4.4); BF[−2.0, 2.0| = 0.036; 
Atheist patient: βd.f. = 1,522; two-tailed P = 0.71; β = 1.3 percent-
age points; 95% confidence interval, (−1.9, 3.3); BF[−2.0, 2.0| = 0.013). 
However, in our pooled individual samples of politicians and the 
public, we found evidence that respondents were less likely to pro-
vide ventilators to patients from religious minority groups. With all 
other factors about the patient held constant, politicians were 6.5 
percentage points (βd.f. = 838; two-tailed P < 0.001; β = −6.5 per-
centage points; 95% confidence interval, (−9.7, −3.2)) less likely 
to give a scarce ventilator to an Atheist and 4.5 percentage points 
(βd.f. = 838; two-tailed P < 0.030; β = −4.5 percentage points; 95% 
confidence interval, (−7.8, −1.3)) less likely to give one to a Muslim. 
Similarly, the public were 4.7 percentage points (βd.f. = 2,079; 
two-tailed P < 0.001; β = −4.7 percentage points; 95% confidence 
interval, (−6.6, −2.7)) less likely to choose an Atheist patient and 
5.3 percentage points (βd.f. = 2,079; two-tailed P < 0.001; β = −5.3 
percentage points; 95% confidence interval, (−7.2, −3.3)) less likely 
to choose a Muslim patient. Supplementary Table 19 confirms that 
the public and elected officials were statistically and substantively 
more likely to be punitive against Muslim and Atheist patients than 
physicians were.

Other patterns emerged regarding the race/ethnicity of the 
patient. Physicians were more likely to prescribe a ventilator to a 
racial/ethnic minority than to a non-Hispanic white patient, all else 
being equal. That is, doctors were 4.1 percentage points more likely 
to prescribe a ventilator to an Asian patient (βd.f. = 1,522; two-tailed 

Elected
officials

Public

Doctors

0 0.1 0.2 0.3 0.4

More likely to choose the patient with high survival probability

Effect of characteristic on the probability of choosing the patient

Fig. 1 | Patterns of physicians’, politicians’ and the public’s allocation of 
ventilators based on patients’ probability of survival (pooled individual 
samples). Coefficient plot for the effect of patient probability of survival 
(high (70%) versus low (10%)) if they have access to a ventilator on the 
probability of choosing that patient type. The circles represent the average 
marginal component effects, while the thick and thin bars show the 90% 
and 95% confidence intervals. Coefficients on the right side of the dashed 
line indicate a higher likelihood of choosing a patient with the given 
characteristic, all else being equal. As in all conjoint experiments, the unit 
of analysis is the respondent–comparison pair–individual profile. Pooled 
Ndocs = 12,596; pooled Npublic = 18,962; pooled Npols = 7,442.
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P < 0.001; β = 4.1 percentage points; 95% confidence interval, (1.8, 
6.3)), 5.7 percentage points more likely to prescribe a ventilator to 
a Black patient (βd.f. = 1,522; two-tailed P < 0.001; β = 5.7 percent-
age points; 95% confidence interval, (3.5, 7.9)) and 7.9 percentage 
points more likely to prescribe a ventilator to a Hispanic or Latino 
patient (βd.f. = 1,522; two-tailed P < 0.001; β = 7.9 percentage points; 
95% confidence interval, (4.7, 11.1)). Among the public, there is 
evidence of preferential treatment of Black patients (βd.f. = 2,079; 
two-tailed P = 0.02; β = 2.6 percentage points; 95% confidence inter-
val, (0.8, 4.3)) but no statistical evidence of differential treatment of 
Hispanic patients (βd.f. = 2,079; two-tailed P = 0.09; β = 2.7 percent-
age points; 95% confidence interval, (0.3, 5.2); BF[−2.0, 2.0| = 0.415) 
or Asian patients (βd.f. = 2,079; β = 0.2 percentage points; 95% con-
fidence interval, (−1.6, 2.0); BF[−2.0, 2.0| = 0.005) relative to white 
patients. Among elected politicians, there is no evidence of prefer-
ential treatment of Hispanic patients (βd.f. = 838; two-tailed P = 0.79; 
β = −1.7 percentage points; 95% confidence interval, (−5.7, 2.3); 
BF[−2.0, 2.0| = 0.149) or Black patients (βd.f. = 838; two-tailed P = 0.44; 
β = −2.3 percentage points; 95% confidence interval, (−5.0, 0.4); 
BF[−2.0, 2.0| = 0.254). In fact, both of the coefficients for these groups 
are negative (though not statistically significant). However, elected 
politicians do seem to discriminate against Asian patients. All else 
being equal, elected politicians are 4.5 percentage points (βd.f. = 838; 
two-tailed P = 0.02; β = −4.5 percentage points; 95% confidence 
interval, (−7.2, −1.8)) less likely to recommend prescribing a 
ventilator to a patient of Asian descent than to a non-Hispanic 
white patient. (For formal tests of differences in responsiveness 
to racial/ethnic minority patients across our three samples, see 
Supplementary Table 19.)

Finally, regarding the wealth of the patient, the public showed 
no differential treatment of wealthy persons (βd.f. = 2,079; P = 0.090; 
β = −1.6 percentage points; 95% confidence interval, (−3.1, −0.1); 

BF[−2.0, 2.0| = 0.067). Moreover, doctors and elected politicians showed 
no statistically significant evidence for a bias based on wealth 
(elected politicians: βd.f. = 838; two-tailed P = 0.95; β = 0.2 percent-
age points; 95% confidence interval, (−2.1, 2.4); BF[−2.0, 2.0| = 0.016; 
doctors: βd.f. = 1,522; two-tailed P = 0.11; β = −1.7 percentage points; 
95% confidence interval, (−3.7, 0.3); BF[−2.0, 2.0| = 0.082). Overall, our 
results point towards patient wealth not playing a very large role in 
the chances of being chosen to have a scarce ventilator.

Differences in response based on survivability being tied or 
not. Did the participants in our study behave differently when the 
probabilities of the two patients surviving were tied as opposed to 
when they were not? Answering this question is vitally important, 
as, in the real world, decision makers have to make decisions both 
when they have two patients with similar odds of survival and when 
patients’ survivability differs20. Examining this potential treatment 
effect heterogeneity, then, adds to the construct and ecological 
validity of our estimates. Before providing these results, we note 
that even when the probabilities of survival are tied, the participants 
need not exhibit bias along the dimensions that we study. If the par-
ticipants were not biased when patients’ probabilities of survival 
were tied, we would expect to see null effects for our other patient 
characteristics; after all, even when patients’ probabilities of survival 
were tied, the respondents could pick patients randomly rather than 
on the basis of their individual characteristics.

Figures 3 and 4 show our results broken down by whether the 
patients’ probabilities of survival were tied (see Supplementary 
Tables 8, 9 and 15 for the output associated with these figures). 
In practice, we observed that differential treatment based on 
patient traits occurs mostly when patients’ probabilities of survival 
are tied—that is, when doctors face the most pressure in mak-
ing decisions about whom to allocate scarce medical resources.  

a
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Less likely to choose More likely to choose

Wealthy

Protestant
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Asian

–0.1 0 0.1

Physicians b cPoliticians Public

–0.1 0

Effect on probability of choosing the patient

0.1 –0.1 0 0.1

Less likely to choose More likely to choose Less likely to choose More likely to choose

Fig. 2 | Patterns of physicians’, politicians’ and the public’s allocation of ventilators to patients based on their age, SES, religion and race/ethnicity (pooled 
individual samples). a–c, Coefficient plots for the effects of patient characteristics (listed on the vertical axis) on the probability of choosing that patient type 
for a scarce ventilator (on the horizontal axis) among doctors (a), politicians (b) and the public (c). The circles represent the average marginal component 
effects, while the thick and thin bars show the 90% and 95% confidence intervals. Coefficients on the left side of the dashed line indicate a lower likelihood 
of choosing a patient with the given characteristics, all else being equal; those on the right indicate a higher likelihood of choosing a patient with the given 
characteristics, all else being equal. The baseline categories are young, low SES, Catholic and white. Ndocs = 12,606; Npublic = 18,962; Npols = 7,442.
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In this scenario, physicians were 8.4 percentage points more likely 
to choose an Asian patient (over a white patient; βd.f. = 1,161; 
two-tailed P < 0.001; β = 8.4 percentage points; 95% confidence 
interval, (4.1, 12.8)), 6.9 percentage points more likely to choose a 
Black patient (βd.f. = 1,161; two-tailed P < 0.001; β = 6.9 percentage 
points; 95% confidence interval, (2.6, 11.2)), 12.6 percentage points 
more likely to choose a Hispanic or Latino patient (βd.f. = 1,161; 
two-tailed P < 0.001; β = 12.6 percentage points; 95% confidence 
interval, (5.5, 19.6)), 6.7 percentage points more likely to choose a 
Muslim patient (over a Catholic; βd.f. = 1,161; two-tailed P = 0.030; 
β = 6.7 percentage points; 95% confidence interval, (1.3, 12.1))), 
6.1 percentage points more likely to choose a patient of lower SES 
(βd.f. = 1,161; two-tailed P < 0.001; β = 6.1 percentage points; 95% 
confidence interval, (1.9, 10.2)) and 24.7 percentage points less 
likely to choose an older patient (βd.f. = 1,161; two-tailed P < 0.001; 
β = −24.7 percentage points; 95% confidence interval, (−29.0, 
−20.4)). All other effects were not statistically significant, as can be 
seen in Supplementary Table 9.

Among our pooled sample of members of the public, there 
were also signs of bias when the probabilities of patients’ survival 
were tied. However, the responses of members of the public were 
somewhat different from those of physicians. (For a full statisti-
cal comparison of how our three samples responded when the 
probabilities of survival were tied, see Supplementary Table 20.) 
When the probabilities of survival were tied, members of the pub-
lic were 5.1 percentage points more likely to choose a Black patient 
(βd.f. = 1,935; two-tailed P < 0.030; β = 5.1 percentage points; 95% 
confidence interval, (1.5, 8.8)), 8.7 percentage points more likely 
to choose a Hispanic or Latino patient (over a white patient; 
βd.f. = 1,935; two-tailed P = 0.01; β = 8.7 percentage points; 95% 
confidence interval, (3.4, 14.0)), 7.6 percentage points less likely to 
choose a Muslim patient (βd.f. = 1,935; two-tailed P < 0.001; β = −7.6 
percentage points; 95% confidence interval, (−3.3, −11.8)),  

8.2 percentage points less likely to choose an Atheist patient 
(βd.f. = 1,935; two-tailed P < 0.001; β = −8.2 percentage points; 95% 
confidence interval, (−3.8, 12.6)) and 9.7 percentage points less 
likely to choose an older patient (βd.f. = 1,935; two-tailed P < 0.001; 
β = −9.7 percentage points; 95% confidence interval, (−6.5, 12.9)). 
All other effects were not statistically significant, as can be seen in 
Supplementary Table 9.

Our pooled sample of elected politicians also showed signs of 
bias when the probabilities of patients’ survival were tied. When the 
probabilities of survival were tied, elected politicians were biased 
against Atheist patients (βd.f. = 756; two-tailed P = 0.01; β = −11.1 
percentage points; 95% confidence interval, (−18.0, −4.1))) and 
older patients (βd.f. = 756; two-tailed P < 0.001; β = −12.9 percent-
age points; 95% confidence interval, (−18.0, −8.0)). However, all 
other effects were not statistically significant, as can be seen in 
Supplementary Table 9.

Figure 3 confirms that, as we would expect, when patients’ 
probabilities of survival differ, our participants were more likely to 
choose the patient with a high probability survival and less likely to 
rely on other factors. This can be seen in Supplementary Table 8. 
Taken together, these results suggest that when patients have similar 
likelihoods of survival, differential treatment occurs.

Treatment effect heterogeneity. Did our main effects mask sub-
stantial heterogeneity across the characteristics of the respondents 
in our sample? None of these tests of treatment effect heteroge-
neity were specified a priori. As such, these should be treated as 
post hoc examinations for treatment effect heterogeneity. To be 
thorough, however, we test the entire universe of possible treat-
ment effects across all of our baseline variables. As we show below, 
respondents’ political affiliation—measured by their political party, 
ideology, approval of (then) President Donald Trump or approval 
of President Trump’s handling of the COVID-19 pandemic—was 
the only construct that consistently showed signs of treatment effect 
heterogeneity.

Interestingly, all three samples (physicians, politicians and the 
public) responded to the signal of survivability. Figure 5 shows this 
visually. The corresponding estimates for this figure can be found in 
Supplementary Table 10.

Figure 6 shows the effects of the other characteristics we 
tested broken down by respondents’ political parties. (For the 
results broken down by both survivability and political party, see 
Supplementary Tables 16–18.) Here, each panel is a different sub-
set of our samples—Republicans (top left), Democrats (top right) 
and Independents (bottom left). The bottom right panel tests for 
differences between Republicans and Democrats. (For the corre-
sponding estimates in table form, see Supplementary Tables 11–15.) 
Republican physicians showed consistent signs of bias against reli-
gious minorities (that is, Muslims and Atheists) in the prescribing of 
life-saving medical equipment. All else about the patient being held 
constant, Republican doctors were 8.1 percentage points less likely 
to prescribe a needed ventilator to an Atheist patient (βd.f. = 255; 
two-tailed P = 0.03; β = −8.1; 95% confidence interval, (−14.2, 
−2.0)). Republican physicians were likewise 7.4 percentage points 
less likely to prescribe a ventilator to a Muslim patient (βd.f. = 255; 
two-tailed P = 0.04; β = −7.4; 95% confidence interval, (−13.3, 
−1.6)). Republican elected politicians were 9.3 percentage points 
less likely to give a scarce ventilator to an Atheist patient (βd.f. = 274; 
two-tailed P < 0.001; β = −9.3; 95% confidence interval, (−14.8, 
−3.9)) and 8.8 percentage points less likely to give a ventilator to a 
Muslim patient (βd.f. = 274; two-tailed P < 0.001; β = −8.8; 95% con-
fidence interval, (−14.3, −3.3)). Republican members of the public 
were 8.3 percentage points less likely to give a scarce ventilator to an 
Atheist patient (βd.f. = 614; two-tailed P < 0.001; β = −8.3; 95% confi-
dence interval, (−12, −4.7)) and 12.1 percentage points less likely to 
give a ventilator to a Muslim patient (βd.f. = 614; two-tailed P < 0.001; 
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Fig. 3 | Patterns of physicians’, politicians’ and the public’s allocation of 
ventilators based on patients’ probability of survival (by probability of 
survival tied or not). Coefficient plot for the effect of patient probability of 
survival (high (70%) versus low (10%)) if they have access to a ventilator 
on the probability of choosing that patient type. The circles represent 
the effect estimates, while the thick and thin bars show the 90% and 
95% confidence intervals. The light purple plotted coefficients denote 
when the survival estimates are tied and is, as expected, statistically and 
substantively zero. Coefficients on the left side of the dashed line indicate 
a lower likelihood of choosing a patient with the given characteristic, 
all else being equal; those on the right indicate a higher likelihood of 
choosing a patient with the given characteristic, all else being equal. 
As in all conjoint experiments, the unit of analysis is the respondent–
comparison pair–individual profile. Pooled Ndocs = 12,596; pooled 
Npublic = 18,962; pooled Npols = 7,442.
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β = −12.1; 95% confidence interval, (−15.7, −8.5)). Republican phy-
sicians and members of the public showed no evidence of discrimi-
nation on the basis of race or SES. These estimates can be found 
in full in Supplementary Table 11. Republican doctors did, how-
ever, show signs of bias against older patients (βd.f. = 255; two-tailed 
P < 0.001; β = −9.9; 95% confidence interval, (−14.5, −5.3).)

In comparison, Democratic doctors (but not elected offi-
cials or the public) showed favouritism towards Muslim patients 
(βd.f. = 459; two-tailed P < 0.001; β = 7.7; 95% confidence inter-
val, (3.7, 11.7)), Atheist patients (βd.f. = 459; two-tailed P < 0.001; 
β = 7.0; 95% confidence interval, (2.5, 11.4)), Hispanic patients 
(βd.f. = 459; two-tailed P < 0.001; β = 12.6; 95% confidence inter-
val, (7.4, 17.8)) and Black patients (βd.f. = 459; two-tailed P = 0.03; 
β = 8.4; 95% confidence interval, (4.4, 12.3)), over all-else-equal 
religious majority (that is, Catholic) and white patients. 
Democratic members of the public and elected politicians showed 

no signs of bias for or against religious and racial/ethnic minori-
ties (Supplementary Tables 12 and 15).

Figure 6d shows these differences across Republicans and 
Democrats. Republican physicians, elected politicians and members 
of the public consistently recommended providing less favourable 
treatment to Muslim patients and Hispanic patients. Republican 
physicians and members of the public recommended providing less 
favourable treatment to Atheist patients. (For these formal tests, see 
Supplementary Table 21.)

Interestingly, these biases among partisans of various back-
grounds arose mainly when the two comparison patients had the 
same probability of survival. Again, these results suggest that when 
patients have similar odds of survival—as is often the case during 
pandemics and times of scarcity—key opportunities for differen-
tial treatment arise and are realized. The full set of estimates can be 
found in Supplementary Tables 12–14 and 16–18.
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Fig. 4 | Patterns of physicians’, politicians’ and the public’s allocation of ventilators based on patient age, SES, religion and race/ethnicity (by probability 
of survival tied or not). Coefficient plots for the effects of patient characteristics (on the y axis) on the probability of choosing that patient type. The circles 
represent the effect estimates, while the thick and thin bars show the 90% and 95% confidence intervals. Coefficients on the left side of the dashed line 
indicate a lower likelihood of choosing a patient with the given characteristics, all else being equal; those on the right indicate a higher likelihood of choosing 
a patient with the given characteristics, all else being equal. As in all conjoint experiments, the unit of analysis is the respondent–comparison pair–individual 
profile. Docs, pooled, Asian N = 12,606; docs, no, Asian N = 7,164; docs, yes, Asian N = 5,432; pub, no, Asian N = 9,758; pub, yes, Asian N = 9,204; pub, 
pooled, Asian N = 18,962; pols, yes, Asian N = 3,572; pols, pooled, Asian N = 7,442; pols, no, Asian N = 3,870; docs, no, Black N = 7,164; docs, yes, Black 
N = 5,432; docs, pooled, Black N = 12,606; pub, pooled, Black N = 18,962; pub, yes, Black N = 9,204; pub, no, Black N = 9,758; pols, yes, Black N = 3,572; pols, 
pooled, Black N = 7,442; pols, no, Black N = 3,870; docs, no, Hispanic N = 7,164; docs, yes, Hispanic N = 5,432; docs, pooled, Hispanic N = 12,606; pub, yes, 
Hispanic N = 9,204; pub, pooled, Hispanic N = 18,962; pub, no, Hispanic N = 9,758; pols, pooled, Hispanic N = 7,442; pols, yes, Hispanic N = 3,572; pols, 
no, Hispanic N = 3,870; docs, no, Atheist N = 7,164; docs, pooled, Atheist N = 12,606; docs, yes, Atheist N = 5,432; pub, pooled, Atheist N = 18,962; pub, 
yes, Atheist N = 9,204; pub, no, Atheist N = 9,758; pols, no, Atheist N = 3,870; pols, yes, Atheist N = 3,572; pols, pooled, Atheist N = 7,442; docs, pooled, 
Muslim N = 12,606; docs, yes, Muslim N = 5,432; docs, no, Muslim N = 7,164; pub, no, Muslim N = 9,758; pub, pooled, Muslim N = 18,962; pub, yes, Muslim 
N = 9,204; pols, pooled, Muslim N = 7,442; pols, yes, Muslim N = 3,572; pols, no, Muslim N = 3,870; docs, yes, Protestant N = 5,432; docs, no, Protestant 
N = 7,164; docs, pooled, Protestant N = 12,606; pub, yes, Protestant N = 9,204; pub, pooled, Protestant N = 18,962; pub, no, Protestant N = 9,758; pols, 
pooled, Protestant N = 7,442; pols, yes, Protestant N = 3,572; pols, no, Protestant N = 3,870; docs, no, wealthy N = 7,164; docs, pooled, wealthy N = 12,606; 
docs, yes, wealthy N = 5,432; pub, no, wealthy N = 9,758; pub, yes, wealthy N = 9,204; pub, pooled, wealthy N = 18,962; pols, yes, wealthy N = 3,572; pols, 
no, wealthy N = 3,870; pols, pooled, wealthy N = 7,442; docs, no, older N = 7,164; docs, pooled, older N = 12,606; docs, yes, older N = 5,432; pub, pooled, 
older N = 18,962; pub, yes, older N = 9,204; pub, no, older N = 9,758; pols, pooled, older N = 7,442; pols, no, older N = 3,870; pols, yes, older N = 3,572.
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Some may wonder whether our treatment effects vary by any 
other characteristics not involving political leanings. The answer is 
that the clearest evidence of treatment heterogeneity, by far, is with 
the political leanings of the respondent. We provide all estimates 
of treatment effect heterogeneity in full in Supplementary Table 
21. However, to summarize these findings, Fig. 7 shows the results 
from models that test for treatment effect heterogeneity across all 
of our baseline variables. (An analogue to Fig. 7 is Supplementary 
Fig. 6, which breaks the results down by each of the political vari-
ables and shows that treatment effect heterogeneity seems to be 
more prevalent along all of these dimensions than non-political 
dimensions.) Figure 7 shows the distribution of t-statistics from the 
tests of treatment effect heterogeneity across our eight treatments 
in the conjoint experiment. When considering all baseline vari-
ables, variables that captured respondents’ political leanings (par-
tisanship, ideology and Trump approval) showed the most signs of 
heterogeneity. In Fig. 7—across all three of our samples—political 
variables comprise most of the statistically significant tests of treat-
ment effect heterogeneity (that is, the black dots in the right panels 
are more frequently outside the red dashed lines that demarcate 
statistically significant tests). Among elected officials, 74% of the 
significant tests of treatment effect heterogeneity are variables that 
measure the respondents’ political leanings. Among the public, that 
number is 70%; among physicians, it is 61%. Also apparent is that 
political variables produce larger test statistics, on average, across 
all samples (that is, the distribution is flatter and wider in the right 

panels than in the left panels). Among elected officials, the aver-
age t-statistic for political variables is 1.4, while for non-political 
variables it is only 0.89. Among physicians, the average t-statistic is 
1.8 for political variables and 0.9 for non-political variables. Among 
the public, the average t-statistic is 2.2 for political variables and 
1.04 for non-political variables.

Discussion
Here we reported results from three conjoint experiments designed 
to reveal the preferences of key stakeholders in the allocation of 
life-saving medical equipment. Our study included the physi-
cians that prescribe life-saving medical equipment, the elected 
politicians that make key decisions about how to allocate public 
resources (which constrain the decisions of health-care workers on 
the ground) and the public that receives life-saving treatment and 
oversees the decisions of public officials and doctors. We chose a 
conjoint design that leveraged hypothetical patients because this is 
the best available research design for studying the question at hand. 
This is true for at least two important reasons. First, the main alter-
native to a conjoint experiment—looking at the actual patterns in 
the prescription of ventilators across various demographic groups—
would be a highly problematic way of testing for individual biases 
in this domain. With this research design, we could not hold all 
other factors about the patient constant. As a result, if we saw dif-
ferential rates of ventilator prescriptions across various demographic 
groups, we would never know whether they were caused by those 
features or other difficult-to-observe characteristics. Second, data-
sets that track who receives a ventilator do not include the full pool 
of patients that could have received a ventilator; that is to say, they 
do not include those that—ultimately, for whatever reason—did not 
receive this treatment. This means that any analyses using these data 
would probably suffer from post-treatment/collider biases105–108. 
This form of bias is unavoidable when one only has administrative 
records documenting those that actually received a public good or 
service. These biases can profoundly undermine our ability to draw 
inferences about social inequities in public service provision. For 
example, refs. 87,88,109 show that in an analogous domain—that of 
administrative records tracking police violence—conditioning on 
those who ‘successfully’ make their way into an administrative data-
set completely undermines our ability to measure biases in service 
provision. The same could hold true in any use of health records that 
track only those who successfully gain access to a ventilator. Leaving 
out those who were in the pool to receive ventilators, but didn’t, could 
bias any naive estimates of differential treatment in this domain. 
Finally, even if we were willing to set these two large methodological 
problems aside, it is practically impossible to find an administrative 
health-care dataset that has the degree of coverage we would want 
to answer our research question. No readily available dataset exists 
that tracks ventilator usage across all states in the United States. Even 
though these datasets exist in small, non-representative areas of the 
country, most of these records do not include all of the individual 
patient attributes that we need to test for our set of biases. Also, 
many of these datasets are protected by strict legal restrictions. For 
all of these reasons, conjoint experiments with hypothetical patients 
are, in our view, the best feasible way to look for biases in the alloca-
tion of scarce life-saving medical treatments.

We found that decision makers (regardless of their baseline 
demographics) agree: deference should be given to patients that 
would be more likely to survive with treatment and to younger 
patients. Our results regarding survivability suggest that the core 
health-care principle of maximizing positive impact transcends 
the powerful pull of partisanship in the assignment of life-saving 
medical treatment. This is important because previous work has 
shown that politics shapes (nearly) all aspects of our lives110–114. It is  
also notable given that our other results do not follow this pattern—
politics fundamentally moderate how individuals respond to other 
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Fig. 5 | Patterns of physicians’, politicians’ and the public’s allocation 
of ventilators based on patients’ probability of survival (by party of the 
respondent). Coefficient plot for the effect of patient probability of survival 
(high (70%) versus low (10%)) if they have access to a ventilator on the 
probability of choosing that patient type. The estimates are broken down 
by sample (y axis) and by the political parties of the sample members 
(colours). The circles represent the effect estimates, while the thick and 
thin bars show the 90% and 95% confidence intervals. Coefficients on 
the right side of the dashed line indicate a higher likelihood of choosing 
a patient with the given characteristic, all else being equal. As in all 
conjoint experiments, the unit of analysis is the respondent–comparison 
pair–individual profile. Pooled Ndocs = 12,596; pooled Npublic = 18,962; pooled 
Npols = 7,442; Republican Ndocs = 2,304; Republican Npublic = 6,140, Republican 
Npols = 2,740; Democrat Ndocs = 4,024; Democrat Npublic = 4,470; Democrat 
Npols = 1,990; Independent Ndocs = 4,450; Independent Npublic = 5,630; 
Independent Npols = 1,520.

Nature Human Behaviour | VOL 6 | February 2022 | 244–257 | www.nature.com/nathumbehav250

http://www.nature.com/nathumbehav


ArticlesNATURE HUMAn BEhAviOUR

patient characteristics, when the probability of survival is held con-
stant. What should we make of this preference for patients that are 
more likely to survive if they are given access to a ventilator? One 
way to interpret our results normatively is to conclude that all is 

well in the medical space—that doctors (and members of the public 
and elected politicians) effectively discriminating against patients 
with a low probability of survival (or for those with a high probabil-
ity) is what we would expect to happen in the real world. (After all, 
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as we mentioned earlier, many have assumed that this is the case.) 
However, there may also be reasons to view this type of physician, 
politician and public behaviour at least somewhat warily. In the real 
world, subjective judgements of survivability may be strongly corre-
lated with certain individual traits such as disability status, race and 
pre-existing conditions47–52. One way of interpreting the results in 
Fig. 1 is that the decision to provide ventilators to individuals with a 
high likelihood of survival could, in part, be driven by discriminat-
ing against individuals who have traits correlated with survivability. 
Further research would do well to explore this question.

We also found that when survivability was tied, physicians (on 
average) showed evidence of prioritizing the allocation of ven-
tilators to racial/ethnic minorities (Asian, Black, and Hispanic 
or Latino) over white patients, as well as to Muslim patients and 
patients of lower SES. Interestingly, physicians (on average) showed 
evidence of preferential treatment of Asian patients rather than bias 
against Asian patients, which has been shown in other contexts115. 
The general public (on average) also favoured Black and Hispanic or 
Latino patients but showed evidence of bias against religious minor-
ities (Muslim or Atheist). Elected officials (on average) shared with 
the public the bias against religious minorities but also exhibited  

evidence of bias against Asian patients. In short, when patients’ 
probabilities of survival are similar—as was the case during the 
COVID-19 pandemic—there were ripe opportunities for decision 
makers’ biases to come into play. These results suggest that during 
pandemics and times of scarcity, key opportunities for differential 
treatment of otherwise all-else-equal patients arise and are realized.

Republican and Democratic physicians, politicians and members 
of the public often disagreed about how to prioritize scarce medi-
cal equipment during the pandemic. Republicans and Democrats 
often treated racial/ethnic and religious minorities differently—
Democratic physicians and members of the public (but not elected 
politicians) tended to support providing favourable treatment to 
racial/ethnic (Hispanic, Black and Asian) and religious minori-
ties (Muslims and Atheists), and Republicans consistently showed 
bias towards religious-majority patients, with some evidence of 
bias against some racial/ethnic minorities, particularly among 
Republican elected politicians.

Our work has important practical and theoretical implications. 
From a theoretical perspective, our work speaks to the broader study 
of discrimination. Although a large experimental literature has stud-
ied discrimination, our work overcomes key hurdles in this area 
of inquiry. Much of the work in this area has used audit studies to 
examine discrimination in low-stakes environments—for example, 
requests for help in small tasks or in getting information32,34. And 
much of the research that social scientists do on discrimination in 
life-and-death decisions (for example, policing) has been limited by 
the fundamental biases that shape the data-generating process87,88,109. 
Our work does have some important limitations. First, the public 
and politician recruitment occurred in the spring of 2020, while the 
recruitment of physicians occurred in the fall of 2020. This means that 
the data we collected from physicians occurred at a different point in 
the pandemic than our data collection with members of the public and 
elected officials. It could be that public understanding of health-care 
priorities and patient treatment changed between these two survey 
points. We acknowledge this possibility and encourage future research 
in different temporal contexts to assess the stability of our findings 
over time.

Second, our design relied on hypothetical scenarios, which by 
definition places constraints on ecological validity. However, even 
though we are testing for biases with hypothetical patients, there 
are reasons to suspect that the results from our conjoint experi-
ments correlate with real-world behaviour. Indeed, a growing body 
of research from various fields has shown that results from conjoint 
experiments strongly predict real-world behaviours95–103. For exam-
ple, Hainmueller and Hopkins show that conjoint experiments that 
elicit citizens’ attitudes towards immigrants are strong predictors 
of citizens’ behaviours in this domain96. Likewise, Auerbach and 
Thachil show that conjoint experiments strongly overlap with actual 
political behaviours in the real world102. Conjoint experiments also 
show minimal evidence of satisficing or demand effects116, even 
when a large number of attributes are randomized100,101.

Third, as our study was focused on a high-stakes pandemic set-
ting, our discrimination estimates may not hold in lower-stakes 
environments or in high-stakes environments caused by other 
non-virus threats. Our study was not designed to explore potential 
biases in day-to-day interactions between physicians and patients, 
citizens and their neighbours, and politicians and their constitu-
ents. We think that much more work on these topics, particularly 
the first, is needed.

Fourth, our conjoint experiments may miss out on other poten-
tial factors that influence decision-making (for example, physical 
appearance). As in any study, we cannot identify all of the many 
causal factors that influence our dependent variable (that is, prescrip-
tion patterns); however, our study does explore several key factors 
(for example, survivability, race/ethnicity, age and religion) regard-
ing whether they influence behaviour in health-care provision.
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Fig. 7 | Tests for treatment effect heterogeneity, broken down by 
measures of respondents’ political leanings and other baseline 
variables. The t-statistics are shown for estimates of treatment effect 
heterogeneity broken down by all of our baseline variables. The full list of 
baseline variables is included the Methods. The political variables include 
political party, ideology, Trump approval and Trump approval relating to 
COVID-19. The grey dashed lines show 0, and the red dashed lines show 
abs(1.96) values.
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Fifth, our experiments were not designed to tease out the many 
potential mechanisms behind the effect estimates we provide. In this 
paper, we focused on the first-order question of whether differential 
treatment exists. Future research would do well to examine why this 
differential treatment exists, which could be the product of a mix of 
potential attitudinal, behavioural and contextual mechanisms.

Finally, some of our treatments were relatively light touch. For 
example, our race/ethnicity signals came from variants of individu-
als’ names. Given this, our discrimination estimates may be consid-
ered a lower bound.

Practically speaking, however, our work highlights the discrep-
ancies and biases among key decision makers in the health-care 
domain. Narrowly, our results speak to biases that arise in the pre-
scription patterns of ventilators. However, our results could also have 
implications for other medical scenarios where quantities are lim-
ited and decision makers have to make life-and-death choices (for 
example, vaccines or, more generally, other scarce therapies used to 
treat sick patients). Understanding how key actors in the health-care 
domain make decisions in these types of scenarios is vitally impor-
tant given the current finite quantities of life-saving medical equip-
ment and the high stakes. Ultimately, our results are indicative of 
the forces that shape individual decision-making during times of 
crisis. Our results suggest that when life-and-death decisions need 
to be made, decision makers—regardless of their background and 
training—may, in some instances, rely on the systemic biases that 
fundamentally govern human behaviour. When societies are unpre-
pared for forced instances of scarcity—given a lack of preparation 
by policymakers or other societal agents—individual heuristics and 
biases reveal themselves in key decision-making processes.

We note that there remain real ethical ambiguities about who 
should be given preference in moments of scarcity. The biases that 
we document may reflect how the broader health-care system trains 
medical professionals, which is—in large part—outside the control 
of these individual professionals. Physicians are, after all, trained to 
make decisions based on health characteristics and receive limited, 
if any, training about how individual social biases may come about. 
This reflects itself in our results: when it comes to the health of a 
patient, physicians act consistently with their training. However, 
on other individual characteristics that doctors often know about 
patients, the same cannot be said. Moreover, given that the scar-
city of life-saving medical equipment in the current pandemic is 
largely a function of public policy, we have some reason to lay these 
inequality-enhancing responses at the feet of elected politicians who 
control the response to the current pandemic and the preparation 
for future pandemics. In a system with scarce life-saving medical 
resources, individual biases play an important role.

Methods
Ethics. Our research was conducted with human participants and, as such, was 
approved beforehand by the Brigham Young University Institutional Review Board 
(E17512 and X19052). Our research complied with all relevant ethical regulations. 
Informed consent was obtained from all human participants. The participants were 
not compensated for their participation.

Samples and sampling methods. The overall response rates were 2.0% for the 
public, 5.7% for elected officials and 1% for physicians. Our end sample consisted 
of 2,080 members of the public, 839 elected politicians and 1,523 doctors that 
completed our experimental vignettes. Participants of all genders/sexes and ages 
were invited to be included in the study; for the breakdown of these characteristics, 
see Supplementary Tables 1–3. No statistical methods were used to predetermine 
sample sizes. We invited the population of elected politicians and physicians 
included in our lists to participate in our study. Among the public, our target was 
to invite 5,000 individuals per state to take the survey. Data collection for the public 
and elected officials ran from 1 April to 15 April 2020; data collection for doctors 
ran from 20 October to 12 November 2020.

We included physicians in our conjoint experiments because these are the 
front-line workers that make key decisions about which patients receive treatment. 
(As we show in the Supplementary Information (Supplementary Figs. 1 and 2), our 
results are the same regardless of whether we focus on physicians that prescribe 

ventilators, meet with COVID patients and/or are simply in fields directly involved 
in or adjacent to the treatment of COVID patients.) We included elected politicians 
in our conjoint experiments given the key role that politicians play in health-care 
policy generally and in managing the stocks and flows of ventilators specifically. 
We included the public in our conjoint experiments for three reasons: first, the 
public serves as a useful benchmark because they are the (potential) recipients 
of life-saving medical care; second, because the behaviour of elected politicians 
is often, at its roots, partially driven by the preferences of the public117–121; and 
third, because the behaviour of health-care providers may too be shaped by the 
preferences of the public. Importantly, physicians, politicians and members of the 
public usually form the committees tasked with making guidelines and decisions 
about who receives life-saving medical services1,4,22–31, thus making them important 
bodies to study in the current context.

The samples for our three groups came from three separate sources. Our public 
sample was drawn from voter registration lists. It comprised randomly chosen 
individuals from a nationwide voter registration list compiled and maintained by 
the data and analytics firm DT Client Services LLC (commonly known as ‘The 
Data Trust’), which has matched these individuals with their email addresses. 
Our elected official sample consisted of the population of state legislators, mayors 
and city councillors in the United States. Contact information for these political 
elites was scraped from publicly available sources via openstates.org (these data 
were collected and used in compliance with the terms of use for this platform) 
and collected from a comprehensive email list provided to us by the purveyors 
of the American Municipal Officials Survey122. Our physician sample was 
purchased from a data and analytics firm called Paragon Concepts that runs the 
website Doctordatabases.com, which scrapes health-care providers’ websites and 
provides the contact information of physicians (this dataset also was purchased 
and used in compliance with the terms of use for this platform). To increase the 
ecological validity of our study, we restricted our physician sample to include only 
practitioners that could reasonably be expected to treat COVID-19 patients. For 
more information on our samples, see the Supplementary Information.

Design and analysis. Social scientists commonly use conjoint experiments to help 
understand how people value different attributes of possible choices95–103. Conjoint 
experiments were developed by market researchers in the 1970s to study what 
product attributes made consumers more likely to buy a given product. In recent 
years, conjoint experiments have exploded in popularity as a means of eliciting 
individual preferences95. Under a conjoint design, a researcher shows a survey or 
lab respondent a series of products (in our case, patient case files) and randomizes 
a set of potential product attributes (in our case, the attributes of the patients 
in the case files). Generally speaking, the objective of a conjoint experiment 
is to determine what combination(s) of a limited number of attributes is most 
influential in driving product choices.

Each of our conjoint experiments started with some basic information about 
potential shortages in medical ventilators, followed by a request to evaluate a set 
of five pairwise comparisons of case files of individuals who needed a ventilator 
and to select the individual who should receive life-saving medical care. (This 
instructional text is included in the Supplementary Information.) This type of 
conjoint—a discrete choice experiment where individuals select from at least two 
competing individuals, products or services—has been shown to be preferred 
over alternatives if one desires to generalize from conjoint choices to real-world 
behaviour95. We also used this type of design because it best mimics the real-world 
dilemma that many doctors have faced—that is, what should be done “if two 
COVID-19 victims need ventilators and just one is available?”20.

As in all conjoint experiments, the unit of analysis was the respondent–choice 
profile. All respondents were provided with a full profile, since we had a limited 
number of attributes (that is, eight). The N reported in our models is the number 
of respondents multiplied by the number of pairwise choices (that is, five) and 
individuals within those pairs (that is, two). In the conjoint, individuals were fully 
randomized to patient profiles without blocking. Data collection and analysis 
were not performed blind to the conditions of the experiments; the investigators 
were not blinded to allocation during the experiments and outcome assessment. 
Listwise deletion was used for individuals who completed only part of the conjoint 
experiment; aside from this condition, however, no data were systematically 
excluded from the analyses. The data in our analyses met the assumptions of the 
statistical tests used; normality and equal variances were not formally tested.

In our experimental vignettes, we randomized the following characteristics: 
survivability, age, SES, race/ethnicity and religion. Specifically, we randomized 
patients’ estimated chances of survival—either high (70% chance of survival) 
or low (10% chance of survival)—if given access to a ventilator. We chose this 
as a key characteristic given (1) the central role that this feature plays in many 
health-care decisions and (2) the fact that task forces assigned to make decisions 
often have access to and rely on estimated survival odds. Given its central role, 
we manipulated survivability so that we could have a manipulation check and 
test whether doctors, politicians and the public were attentive to the patient 
profiles and were responding in a way that was consistent with what we would 
expect given the weight given to survivability in contemporary discussions of 
the COVID pandemic. If our experiment were ecologically valid, we would 
expect that survivability would have a statistically and substantively meaningful 
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effect on respondents’ choices. Another reason that we chose to manipulate 
survivability was that it allowed us to account for a potentially important form 
of bias in our experimental design. Specifically stating the patients’ probability of 
survival allowed us to account for possible differential biases in the perceptions 
of survivability based on other individual characteristics. This was important 
because previous research has shown that people may mistakenly infer differences 
in the probability of survival on the basis of (among other things) patients’ 
racial/ethnic or disability status123–126. While this means that our (necessary) 
manipulation check blocked a potential channel for discrimination (that is, 
one that arises from misperceptions about survivability that differ across races/
ethnicities and individual disabilities), it left open the possibility of a direct, and 
arguably more pernicious, form of discrimination (that is, one that originates from 
those in our samples inherently valuing the lives of minorities less than those of 
white individuals, for example). This allowed us to estimate a vitally important 
quantity of interest—the extent to which physicians, politicians and the public 
exhibit a preference for discrimination independent of a key form of statistical 
discrimination127–129.

In a similar vein, we also manipulated the age of the patient (younger versus 
older). In addition to the probability of survival and age, we randomized a set of 
other attributes that prior work on discrimination in the United States (including 
the health-care domain) has suggested might influence the quality of care—in 
this case, the provision of life-saving ventilators—that doctors, members of the 
public and elected politicians would provide to an individual. These characteristics 
included SES (high or low), religion (Catholic, Protestant, Atheist or Muslim) 
and race/ethnicity (non-Hispanic white, Hispanic or Latino, Black, or Asian). 
Following previous practice, we signalled SES through patient occupation (a 
construction worker versus an owner of several international construction firms). 
As previous research has established, one’s occupation is the strongest and most 
consistent signal of social class37. Drawing inspiration from the contemporaneous 
methodological approaches in the audit study literature33,34,130, we used racially 
distinctive names that break clearly along demographic lines. Though names 
may constitute, in some respects, a bundle of sticks131, other ways of signalling 
race/ethnicity, such as providing subjects with photographs, may magnify this 
problem. We signalled age based on how long the person had been working in 
their randomized profession. We signalled religion by simply stating the patient’s 
religion. We held the gender of the participant (male) constant to ensure that 
gender was not confounding our results.

All of the attributes in our conjoint designs were information that doctors 
(and elected officials and the public) can and often do know about their patients 
(and constituents/neighbours). Hence, all of these attributes could be used as 
heuristics of who deserves medical treatment. While a patient’s religious affiliation 
is probably the least readily accessible characteristic that we study, there are still 
reasons to explore whether physicians, politicians and the public discriminate 
on the basis of religion. Many hospitals ask patients their religious preferences, 
making it possible that doctors would also know this information. Moreover, many 
religious traditions have overt religious symbols (such as clothing and jewellery) 
that would be easily observable in a variety of social contexts (in a hospital, 
interacting with constituents or in social situations with one’s neighbours). 
Furthermore, given that many religions have unique standards and preferences for 
health care, patients may be required to divulge their religion to their caretakers. 
Even in cases where religious affiliation is not observable, the participants in our 
study may learn patients’ religious leanings from one-on-one social interactions 
with them.

We chose to test for biases in ventilator prescription for several reasons. 
First, we chose ventilators as opposed to other medical interventions because (1) 
there have been actual shortages of these in many geographic areas during the 
current pandemic, (2) many individuals have worried about shortages in other 
geographic areas, and (3) even in areas where there have been abundant ventilators, 
this was only the case after a shortage was seen and extensive resources were 
mobilized. This resulted in various decision-making units (comprising citizens, 
elected politicians and physicians) coming together to establish recommended 
best practices in prescribing ventilators. This increased the ecological validity of 
our task. Second, unlike other medical services, ventilator prescriptions were, at 
least in part, at the discretion of those decision makers in our sample. Another 
alternative to ventilators that we might have used was hospital beds, which were 
also in short supply during the COVID-19 pandemic. However, given underlying 
ethical principles related to not turning away patients, space inside a hospital is 
often determined not by heuristics but by who arrives first. Using beds, then, 
would not provide a good test for potential biases in prescription patterns. Finally, 
though there are different stages of disease progression and treatments—such as 
standard oxygen therapy—many COVID-19 patients still receive treatment from 
ventilators6, and with many unknowns about the new variants of the virus that 
causes COVID-19, many more still may require ventilator treatments in the future. 
(We did not use vaccines as our medical treatment to study because the vaccine 
had not been released at the time of the study.)

In our analyses, we focused on main effects (that is, among our entire samples) 
and on those broken down by all of the self-reported baseline characteristics that 
we collected in our study. None of these tests of treatment effect heterogeneity were 
specified a priori. As such, these should be treated as post hoc examinations for 

treatment effect heterogeneity. To be thorough, however, we test the entire universe 
of possible treatment effects across all of our baseline variables.

We kept our list of baseline variables small to ensure that our survey was not an 
undue burden on the respondents. These questions focused on the demographic 
and political background of the participants in our study. The physician sample 
contained a few extra baseline variables that measure physicians’ experiences 
during the pandemic, as we desired to have these descriptive quantities for future 
research.

Our baseline variables for physicians included these questions:

	1.	 How many years have you been practicing medicine? (1–30+ years)
	2.	 Have you treated or consulted patients who have (or are suspected to have) 

the COVID-19 virus? (Yes/no)
	3.	 Do you have admitting privileges at a hospital? (Yes/no/does not apply to me)
	4.	 In your normal work responsibilities, would you ever play a role in prescrib-

ing life support resources to a patient? (Yes/no)
	5.	 To what extent to you agree or disagree with the following statement: I have 

had trouble obtaining personal protective equipment? (Strongly agree–
strongly disagree)

	6.	 Overall how would you rate your current mental health? (Excellent–poor)
	7.	 I am afraid that I will get the coronavirus. (Strongly agree–strongly disagree)
	8.	 I am afraid that people I care about will get the coronavirus. (Strongly agree–

strongly disagree)
	9.	 I am afraid that my patients will get the coronavirus. (Strongly agree–strongly 

disagree)
	10.	 How closely do you follow the news? (Very closely–not closely at all)
	11.	 Do you approve or disapprove of President Trump’s overall job performance 

thus far? (Strongly approve–strongly disapprove)
	12.	 Do you approve or disapprove of President Trump’s handling of the coronavi-

rus outbreak? (Strongly approve–strongly disapprove)
	13.	 Generally speaking, do you consider yourself to be a(n): Republican; Demo-

crat; Independent, or Unaffiliated; Something else
	14.	 Generally speaking, would you describe your political views as: (Very liberal–

very conservative)
	15.	 Which of the following best describes how you think of yourself?  

(Male/female/in another way—please specify if you wish:)
	16.	 What is your age? (Under 18–over 65)
	17.	 Are you: American Indian/Native American, Asian, Black/African  

American, Hispanic/Latino, White/Caucasian, Pacific Islander and/or Other 
(please specify)?

The public and elected officials were asked questions 7, 8 and 10–17. All 
questions about patients were omitted from the surveys of the public and elected 
officials, as these would not have made sense to these samples.

Reporting Summary. Further information on research design is available in the 
Nature Research Reporting Summary linked to this article.
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