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Abstract 

Background:  Allocation of scarce medical resources can be based on different principles. It has not yet been investi‑
gated which allocation schemes are preferred by medical laypeople in a particular situation of medical scarcity like an 
emerging infectious disease and how the choices are affected by providing information about expected population-
level effects of the allocation scheme based on modelling studies. We investigated the potential benefit of strategic 
communication of infectious disease modelling results.

Methods:  In a two-way factorial experiment (n = 878 participants), we investigated if prognosis of the disease or 
information about expected effects on mortality at population-level (based on dynamic infectious disease modelling 
studies) influenced the choice of preferred allocation schemes for prevention and treatment of an unspecified sexu‑
ally transmitted infection. A qualitative analysis of the reasons for choosing specific allocation schemes supplements 
our results.

Results:  Presence of the factor “information about the population-level effects of the allocation scheme” substantially 
increased the probability of choosing a resource allocation system that minimized overall harm among the popula‑
tion, while prognosis did not affect allocation choices. The main reasons for choosing an allocation scheme differed 
among schemes, but did not differ among those who received additional model-based information on expected 
population-level effects and those who did not.

Conclusions:  Providing information on the expected population-level effects from dynamic infectious disease mod‑
elling studies resulted in a substantially different choice of allocation schemes. This finding supports the importance 
of incorporating model-based information in decision-making processes and communication strategies.

Keywords:  Allocation strategies, Factorial design, STI

© The Author(s) 2022. Open Access This article is licensed under a Creative Commons Attribution 4.0 International License, which 
permits use, sharing, adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the 
original author(s) and the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or 
other third party material in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line 
to the material. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory 
regulation or exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this 
licence, visit http://​creat​iveco​mmons.​org/​licen​ses/​by/4.​0/. The Creative Commons Public Domain Dedication waiver (http://​creat​iveco​
mmons.​org/​publi​cdoma​in/​zero/1.​0/) applies to the data made available in this article, unless otherwise stated in a credit line to the data.

Background
Medical resources can be scarce because of restricted 
supply chains (e.g., vaccines) or high costs (e.g., antiret-
roviral therapy). Even in high-income countries, gen-
erally available resources can become scarce during 
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emergencies like a pandemic. Persad et al. [1, 2] proposed 
guiding principles for the allocation of scarce resources: 
equal treatment (random selection, waiting list), utilitari-
anism (prognosis, number of lives saved), prioritarian-
ism (sickest first, youngest first), and instrumental value 
(rewarding social usefulness in the past or in the future). 
Yousef et al. [3] added the two principles monetary con-
tribution to the costs of one’s own medical treatment and 
individual behaviour (not engaging in risky behaviours 
that caused one’s medical condition) to this list.

The allocation of scarce treatment and prevention 
measures against infectious diseases is particularly 
challenging since the prevention or reduction of infec-
tiousness directly affects the risk of infection for other 
individuals in the population. Dynamic infectious dis-
ease modelling studies can be used to assess the effects 
of different allocation schemes on a population level and 
to provide evidence for public health decision-making 
[4, 5]. An example of a compartmental model of disease 
dynamics was published by Mikolajczyk et  al. [6] who 
showed how to estimate the number of deaths from influ-
enza under different intervention strategies. Neverthe-
less, it is not clear if people consider such results from 
modelling studies as an important source of information. 
Furthermore, information from modelling studies under-
scores the utilitarian perspective, i.e., looking for the 
allocation scheme that saves most human lives or max-
imises (on average) a favourable outcome, while possibly 
ignoring the individual suffering. Zhang et al. [7] discuss 
this dilemma in a commentary about the consequences 
of redistributing antiretroviral therapy in low-resource 
settings to sicker HIV/AIDS patients, and not to patients 
immediately upon diagnosis, which would minimize 
overall harm among the population [1]. In addition, utili-
tarian allocation schemes regarding sexually transmitted 
infections (STI) often favour those individuals with the 
riskiest behaviour.

When confronted with hypothetical situations of scar-
city, health professionals may choose different allocation 
schemes compared with laypeople [8]. Some authors 
have asked experts and laypeople to rank allocation 
schemes [3, 9], but it has not yet been investigated which 
allocation schemes are chosen by laypeople in the con-
text of infectious disease prevention and how the choices 
are affected by providing information about expected 
results based on modelling studies. This is relevant for 
communication of decisions regarding allocation: If the 
allocation scheme by the authorities is not in line with 
the choices of the general population, this decreases the 
acceptance of their implementation [10]. By surveying 
a sample of inhabitants of Lower Saxony, Germany, we 
investigated the effect of providing information about 
expected population-level outcomes (based on dynamic 

infectious disease modelling studies) on the choice of 
allocation schemes. In addition, we investigated if prog-
nosis of disease (time until death in case of infection) 
plays a role in choosing an allocation scheme. Our study 
aimed to provide insight for public health professionals 
to understanding the mind-set of the general population, 
as well as the potential benefit of strategic communica-
tion of infectious disease modelling results.

Methods
Sample
We implemented a factorial experiment within HaBIDS, 
an online panel to assess preventive behaviour regarding 
infectious diseases [11, 12]. In brief, 26,895 individuals 
(15–69  years old) from four districts in Lower Saxony, 
Germany were invited, of which 9% participated in the 
panel. In February 2016, the questionnaire about allo-
cation of scarce medical resources (Additional File 1) 
was activated; 1,037 participants were still enrolled in 
HaBIDS at that time.

Of those, 878 individuals participated in this facto-
rial experiment. Compared with the sampling frame 
(the four districts in Lower Saxony), the participants of 
this study were older (median age group 50–54 years vs. 
40–44  years in the sampling frame), more likely to be 
female (59.9% vs. 50.0%), more likely to have a university 
degree (41.8% vs. 13.5%), and more likely to be married 
(59.0% vs. 46.7%).

Factorial experiment
Participants were presented with a hypothetical resource 
allocation problem concerning an STI that is spreading in 
a city. Participants were 1:1 randomly assigned to a sce-
nario where either prevention (vaccination) or treatment 
(cure) should be distributed.

The description stated that inhabitants differ in how 
often they change sex partners and how often they have 
several sex partners at the same time (information cor-
responding to results from the Natsal study [13]). Partici-
pants were randomly assigned to one of 6 combinations, 
based on a 2 × 3 factorial design (Fig.  1): time until 
death as indicator of severity of the disease (5  years vs. 
15 years) × model-based information on expected popu-
lation-level effects of each allocation scheme (number of 
the avoided deaths in two versions as described below vs. 
no information). The two factors were randomized inde-
pendently from each other.

Participants were asked to choose among the follow-
ing options for allocation: “random allocation” (i.e., equal 
treatment), “young individuals first” (i.e., prioritarianism), 
“promiscuous individuals first” (i.e., utilitarianism in the 
case of this STI), “individuals with long-lasting partner-
ships first” (i.e., individual behaviour), or “undecided”. In 
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the scenario “treatment”, an additional option “first come, 
first served” was given because the waiting-list principle 
is often applied to (expensive) treatments, but usually not 
to (non-expensive) vaccinations. We excluded allocation 
schemes based on instrumental value or monetary con-
tribution because these are not applicable to STI.

For the model-based information on expected pop-
ulation-level effects, there were three options: no infor-
mation, or one of two versions of information on the 
effects of the various allocation schemes. The informa-
tion consisted of a bar chart (Fig. 2): The top bar showed 
the expected number of deaths in the absence of treat-
ment. Then, for each allocation scheme, a bar showed the 
expected number of deaths if the treatment was distrib-
uted according to this scheme. The expected numbers 
of deaths were based on the results of a simple compart-
mental model of the disease dynamics, similar to the 
model published by Mikolajczyk et  al. [6]. The model-
based information on expected population-level effects 
was prepared before starting the experiment; participants 
were presented with the static bar charts (Fig. 2) during 
the experiment. There was no interaction between the 
dynamic infectious disease model and the experiment, 
i.e. the participants’ choices of allocation schemes did not 
alter model-based information on expected population-
level effects.

The two versions of the information differed only in the 
top bars of the bar chart: One version showed that in the 
absence of treatment, 10,000 inhabitants would die while 
the other stated that 20,000 inhabitants would die (Addi-
tional File 1). All other numbers of deaths (i.e., all other 
bars) were equal for both versions, so that in the ver-
sion with 10,000 deaths the relative differences between 

various allocation schemes appeared substantially larger, 
while in the version with 20,000 deaths the various allo-
cation schemes appeared more similar to each other (but 
more different from the scenario with no treatment).

Sample size
We aimed to investigate any difference in the distribu-
tion of the choices of allocation schemes dependent on 
the randomization factors. We estimated that 500 partic-
ipants per scenario (i.e., 1,000 participants in total, cor-
responding to the size of the HaBIDS panel), would allow 
us to achieve at least 95% power in a chi-squared test if 
there was a medium or large effect (Cohen’s effect size 
index [14] w = 0.3 or w = 0.5, respectively).

The 1:1 randomization resulted in 441 participants in 
the scenario “prevention” (Additional File 2) and 437 par-
ticipants in the scenario “treatment” (Additional File 3).

Statistical analysis
First, we investigated the influence of the scenario (pre-
vention vs. treatment) on the choice of allocation scheme 
with Pearson’s chi-squared test. We repeated this test in 
the subsets of participants who received either no infor-
mation or any additional information.

The following statistical tests were conducted within 
each scenario separately: The influence of each factor 
(model-based information and disease severity) on the 
choice of allocation scheme was investigated with Pear-
son’s chi-squared tests. The factor “model-based infor-
mation on expected population-level effects” was entered 
as no information vs. any additional information for the 
primary analysis. To assess if there was any interaction 
between the two factors, we used the likelihood-ratio 

Fig. 1  Factorial design
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Fig. 2  Versions of the model-based information on expected population-level effects
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test to compare a multinomial log-linear model includ-
ing the interaction “any info × severity” with a model 
including the two main factors only (R package ‘nnet’ 
[15] version 7.3–16). In the same way, we investigated if 
there was an interaction “any info × university degree” 
to exclude that education affected how individuals pro-
cessed model-based information. Because university 
degree was not randomized, but a sociodemographic 
characteristic of the participants, we included age and 
sex in the multinomial log-linear models as proposed by 
VanderWeele and Knol [16]. We used the likelihood-ratio 
test to compare the model multinom(Choice of alloca-
tion scheme ~ age + sex + any info + university degree) to 
multinom(Choice of allocation scheme ~ age + sex + any 
info + university degree + any info × university degree).

To investigate if the number of deaths in the event of 
no treatment influences the choice of allocation scheme 
by making the differences between them appear larger 
or smaller, the two versions of the factor “model-based 
information on expected population-level effects” were 
analysed with chi-squared tests among the participants 
who had received any additional information. All analy-
ses were performed with R [17] version 4.1.2.

Qualitative analysis
In a free text field, participants were also asked to give 
the reason for their choice of allocation scheme within 
the factorial experiment. These responses were evalu-
ated with a modified and extended structured content 
analysis according to Mayring [18]. They were presented 
to three independent researchers who developed a cat-
egory system with subcategories, which was further 
elaborated with the help of an external researcher. Three 
researchers, one of whom was not involved in the previ-
ous process, applied the category system independently. 
Intercoder reliability was calculated by using Krippen-
dorff’s alpha [19], which indicates the overall match of 
the three encoders (0 = no match, 1 = perfect match). A 
consensus was found for any nonmatching categoriza-
tions according to pre-established rules by two research-
ers to determine the final classification. The structured 
content analysis revealed four categories with a total of 
eight subcategories (Additional File 4). Krippendorff’s 
alpha among the three encoders was lowest for “con-
demnation of a particular lifestyle” (0.51) and highest for 
“minimize risks/number of deaths” (0.83).

Results
When comparing the two scenarios “treatment” versus 
“prevention,” the frequency of undecided participants 
was higher in the scenario “treatment” (28.4%) than in 
the scenario “prevention” (16.6%), while the frequency 

of choosing the utilitarian allocation scheme was lower 
(24.3% vs. 46.0% in the scenario “treatment” vs. “pre-
vention,” respectively). There was evidence for an influ-
ence of the scenario on the choice of allocation scheme 
(p < 0.001). This scenario effect was also present in the 
subgroups of participants with or without model-based 
information (Table 1).

Chi-squared tests indicated an effect of the factor 
“model-based information on expected population-level 
effects” on the choice of an allocation scheme (Table 1). 
The frequency of choosing the utilitarian allocation 
scheme was higher among participants who received 
information about expected effects of the various choices 
based on modelling (52.1% vs. 34.2%, p < 0.001, in the sce-
nario “prevention” and 30.0% vs. 12.5%, p = 0.004, in the 
scenario “treatment”). The frequencies of choosing ran-
dom allocation or “undecided” were not affected by pro-
viding additional information. The higher frequency of 
choosing the utilitarian allocation scheme in the scenario 
“prevention” was accompanied by lower frequencies of 
choosing “young individuals first” and “long-lasting part-
nerships first”. This shift was not that pronounced in the 
scenario “treatment”.

Differences in the population-level effects (resulting 
from the number of deaths in the absence of treatment) 
played no role for the choice of the utilitarian allocation 
scheme among participants who had received model-
based information on expected population-level effects; 
in the scenario “prevention”, 54.9% chose the utilitarian 
allocation scheme among those presented with 10,000 
deaths in the absence of treatment compared with 49.3% 
among those presented with 20,000 deaths (Additional 
File 5). In the scenario “treatment”, 28.1% vs. 32.0% chose 
the utilitarian allocation scheme among those presented 
with 10,000 vs. 20,000 deaths in the absence of treatment 
(Additional File 5).

There was neither evidence for an effect of the factor 
“time until death” on choosing an allocation scheme in 
the scenario “prevention” (e.g., utilitarian scheme: 45.4% 
for 5 years until death vs. 46.7% for 15 years until death, 
p-value of chi-squared test across all categories = 0.77; 
Table  1) nor in the scenario “treatment” (e.g., utilitar-
ian scheme: 26.0% vs. 22.3%, p = 0.82). The distribu-
tion of chosen allocation schemes did not differ when 
stratifying by both “time until death” and “model-based 
information on expected population-level effects” (Addi-
tional File 6) except for the scenario “prevention” where 
a longer time to death doubled the percentage of par-
ticipants who chose “individual behaviour” if there was 
no additional information (11.5% for 5 years until death 
vs. 22.5% for 15  years until death). This effect was not 
seen in participants who received additional informa-
tion nor in the scenario “treatment” (Additional File 6). 
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In likelihood-ratio tests between two nested multinomial 
log-linear models, there was no evidence that both ran-
domization factors interacted with each other (p = 0.59 
and p = 0.52 in the scenario “prevention” and “treatment”, 
respectively). There was also no evidence for the interac-
tion “any info × university degree” (p = 0.41 and p = 0.07 
in the scenario “prevention” and “treatment”, respectively; 
Additional File 7), although it seemed that in the scenario 
“treatment”, providing additional information made par-
ticipants with university degree choose the utilitarian 
scheme more often (10.2% without information vs. 35.4% 
with information) and “individual behaviour” less often 
(13.6% vs. 6.3%), while additional information made par-
ticipants without university degree choose “individual 
behaviour” more often (7.8% vs. 11.9%) and “equal treat-
ment” less often (10.4% vs. 5.0%). It has to be noted that 
the percentage of participants with university degree was 
higher among men than that among women (49.5% vs. 
37.2%) in the scenario “treatment”.

Qualitative analysis
Eighty-three percent of the participants (n = 728) entered 
reasons for their choice of an allocation scheme. Utilitar-
ian choices were provided by 63.4% of these participants 
in the scenario “prevention” and 47.8% in the scenario 
“treatment” (Additional File 4). The main reasons for 
choosing an allocation scheme differed among all the 
schemes (Fig.  3). The percentage of participants who 

chose “promiscuous individuals first” to “minimize risks/
number of deaths” was above 90%. This did not differ 
among those who received additional model-based infor-
mation on expected population-level effects and those 
who received no additional information.

Discussion
We show that providing information about expected 
population-level outcomes (based on dynamic infectious 
disease modelling studies) affects the choice of preferred 
allocation schemes among medical laypeople.

If prevention measures had to be distributed, indi-
viduals predominantly chose the allocation scheme that 
minimized the number of deaths, followed by alloca-
tion schemes that correspond to the “need” principle 
[20]. This trend towards the utilitarian allocation scheme 
accentuated if additional information about the popula-
tion-level effect was provided. If treatment had to be dis-
tributed, most individuals selected “undecided”, followed 
by the utilitarian allocation scheme and waiting-list. If 
additional information about the population-level effect 
was provided, the frequency of choosing the utilitarian 
allocation scheme doubled so that one-third of all partic-
ipants chose to prioritize promiscuous individuals.

Our results show that individuals differentiate between 
prevention and treatment; without additional infor-
mation, prevention is allocated to the group with risky 
behaviour, but treatment is not. There seems to be a 

Fig. 3  Reasons for choosing the allocation schemes
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sound understanding of the transmission of infections 
in the population, and individuals are willing to allocate 
vaccinations to the people that contribute most to trans-
mission, irrespective of their lifestyle. This is not surpris-
ing as this option shows the best effect at a societal level.

If, however, people have been infected because of their 
lifestyle, only a small proportion of individuals would 
allocate treatment to these people. Additional informa-
tion about the expected number of deaths could persuade 
individuals to allocate treatment to infected promiscuous 
people. The qualitative analysis revealed that individu-
als attribute the number of deaths to the whole popula-
tion in the scenario “prevention”, but only to the group of 
promiscuous people in the scenario “treatment.” This can 
be interpreted as retaliation of those self-responsible for 
their medical emergency. It is known from earlier studies 
that people tend to withdraw aid from individuals being 
self-responsible for their precarious situation [21] even if 
it is at costs of their benefits [22].

Our results provide insight for public health profes-
sionals to understanding the mind-set of the general 
population. We do not postulate that resource alloca-
tion by authorities should rely on the preferred alloca-
tion schemes of laypeople; instead, scientific reasoning 
(incl. information on the expected population-level 
effects from dynamic infectious disease modelling stud-
ies) should guide any public health decision-making. For 
authorities, it is important to understand population’s 
preferences and gain their trust in governmental strat-
egies [23]. An example of strategic communication of 
infectious disease modelling results during the Covid-
19 pandemic was the “flattening the curve” approach, 
which meant slowing the rate of infection and reducing 
the number of cases so that it did not overburden the 
healthcare system [24, 25]. Studies about population’s 
preferences have also been implemented during the 
Covid-19 pandemic, e.g. concerning exit strategies from 
lockdown in Germany [26]. While the latter study did not 
provide participants with information on the expected 
population-level effects of their choice, there is, to our 
knowledge, no study so far that investigated acceptance 
of the “flattening the curve” approach [27]. Modifications 
of our experiment could be applied to investigate such 
open questions regarding Covid-19 and other infectious 
diseases.

Our study provides hints that preferences might differ 
in subgroups of the population (e.g., based on education) 
or dependent on the characteristics of the disease (e.g., 
time until death). Further research is needed to confirm 
these findings and to disentangle confounding (e.g., cor-
relation of male sex and university degree).

Limitations
There may be implicit and explicit content overlaps 
among the studied allocation schemes. It was stated 
in the survey that younger inhabitants change their sex 
partners more often than older ones. This could have cre-
ated logical overlaps between the options “young individ-
uals first” and “promiscuous individuals first,” but such 
overlaps cannot be avoided in a real-life scenario. While 
we could not assess whether our sample was representa-
tive for Germany concerning attitudes towards STI and 
promiscuity, our study population contained people with 
more than average education indicating that the results 
are probably not generalizable to the general popula-
tion. We, however, did not find evidence that education 
affected how individuals processed model-based infor-
mation in our sample.

Conclusions
Providing information on the expected population-level 
effects from dynamic infectious disease modelling stud-
ies resulted in a substantially different choice of preferred 
allocation schemes. Strategic communication of infec-
tious disease modelling results, e.g. providing laypeople 
with more information about the expected death toll 
when implementing infection control measures com-
pared to not implementing them, can help to increase 
acceptance of these measures.
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