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Abstract

Primary healthcare systems in many developed countries are under strain, partly
due to unrestricted patient demand. In response, policymakers have introduced
measures to curb unnecessary GP visits, including (i) instituting a small upfront
fee for GP visits, (ii) implementing a self-report based triage system, and (iii)
providing more information to patients about their condition before they make an
appointment with their GP. We evaluate the effectiveness of these approaches using
two online experiments with a representative sample of UK adults. The first exper-
iment involves induced monetary incentives in a laboratory-style study while the
second is a health-framed vignette study. We find that while all three interventions
are effective in the laboratory study, only the intervention that provides patients
with more information about their condition reduces low-priority demand in the vi-
gnette study. We discuss implications for policy and for the study of health-related
decision-making.
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I Introduction

In many high-income countries with fully tax-financed health systems, the demand for pri-
mary healthcare services has outpaced supply. General Practitioners (GPs) are typically a
patient’s first point of contact, yet there is a serious shortage of GPs in many of these coun-
tries, particularly in the UK.1 Declining GP-patient ratios are associated with longer waiting
times and lower quality and continuity of care, ultimately leading to poorer health outcomes
(Swami et al., 2018; Freedman et al., 2021; Vallejo-Torres and Morris, 2018; Shurtz et al., 2022;
Kajaria-Montag and Freeman, 2020; Kajaria-Montag et al., 2024).2 One potential way to solve
this problem would be to increase GP supply by training and retaining more GPs, however this
is difficult to achieve in the short-term (Batavanis et al., 2025).

In a health system where access is free at the point of service, and where, as a result,
there is considerably higher utilization of primary care services (Iizuka and Shigeoka, 2022;
Aron-Dine et al., 2013), the problem might also be addressed by reducing unnecessary demand
stemming from moral hazard, mistakes and need-uncertainty (Finkelstein et al., 2019; Zweifel
and Manning, 2000; Baicker et al., 2015; Dardanoni and Wagstaff, 1990). Specifically, health-
care systems may alleviate the pressure on care by introducing incentives for patients to engage
in a form of self-triage, thereby reducing the number of low-need patients that enter the system
in the first place. In this paper, we use two experiments with a large representative sample
of UK adults to examine the causal effect of three common interventions to better manage
demand: (i) a small fixed payment for GP visits, (ii) a self-report based triage system that
introduces a moral cost of misreporting symptoms, and (iii) improving patients’ knowledge of
their health condition.

Many countries with universal health coverage have rolled out equivalent policy measures
with the aim of better managing the demand for primary care. Introducing or increasing co-
payments for GP visits in particular is quite common.3 Empirical work in this area typically

1In England, the number of patients registered with a GP rose by 10% over the past decade, while the number
of GPs per 100,000 patients fell by 15% (Care Quality Commission, 2024; The Nuffield Trust, 2025). Reasons
for lower GP access in the UK include chronic underinvestment, GP burnout, falling job satisfaction, high
workload, fewer GPs choosing to work full-time, and warped incentives for GP surgeries under the Additional
Role Reimbursement Scheme (ARRS) (Fisher, 2026).

2On average across ten OECD countries, 18% of survey respondents reported waiting more than a week to
see a GP or a nurse, and 57% waited two days or longer (OECD, 2025). When treatment is delayed, patients’
productivity and quality of life is reduced. Limited access to GPs can also lead individuals to seek out care in
emergency care departments, resulting in higher system costs and worse outcomes for those with more urgent
medical needs (Blunt et al., 2015; Cowling et al., 2014; Dolton and Pathania, 2016; Hoe, 2022).

3Countries with universal health coverage that have implemented small co-payments for GP visits include
Ireland, Finland, Norway, Sweden, France, Portugal, Latvia and Slovenia. Countries that have trialed and
subsequently abolished co-payments include Germany (Bauer et al., 2006; Schreyögg and Grabka, 2010), Israel
(Rosen et al., 2011), Hungary, Czech Republic and Slovakia (Baji et al., 2010). In England, patients incur a
fixed fee per prescription rather than per GP visit, which is also a fairly common practice in many European
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exploits policy changes using administrative health data (see for example Jakobsson and Svens-
son, 2016; Iizuka and Shigeoka, 2022). However, identifying the effectiveness of such policies
is challenging. This is because individual health needs are heterogeneous and imperfectly ob-
served, individuals who forgo care altogether are not captured in these datasets, and policy
changes themselves are endogenous to the state of the health system and shaped by the insti-
tutional and behavioral context in which they are implemented. The current study addresses
this gap by using two complementary experiments with random assignment to different policy
regimes, which allows us to identify causal effects on low-priority demand for limited health
resources. In both experiments, we elicit the choices of participants with heterogeneous but
uncertain needs for health services, allowing us to observe both utilization and non-utilization.
In the first experiment, these choices are realized as extraction decisions in a common-pool re-
source game with induced monetary incentives, while in the second, they are elicited as stated
care-seeking decisions in a framed vignette experiment.

In the laboratory experiment, we model the consequences of over-utilization in a supply-
constrained health system within the common-pool resource framework. We limit the number
of feasible extractions from the common pool to n− 1 in groups of size n. This means that if
all members of a group choose to extract resources (i.e., make an appointment with their GP),
one individual is randomly prevented from extracting (i.e., denied timely care). To capture
heterogeneity in medical need, participants are randomly assigned a health type – high-harm
or no-harm – where only high-harm individuals incur a loss if they do not (or are unable to)
extract. Prior to making their choice, participants do not know their health type but receive
a private noisy signal about it, which represents the symptoms they might experience before
deciding whether to visit their GP.4

To examine the impact of existing policy measures on the decision to extract in this context,
we collect data from a Baseline (described above) and three treatments: In the Cost treatment,
there is an upfront fee for extraction similar to a co-pay; in the Triage treatment, participants
report being high-harm or no-harm after receiving their signal, and are aware that reporting
being high-harm is equivalent to choosing to extract; in the Accuracy treatment, participants
receive a more accurate signal about their health type relative to the other treatments. Across
all treatments, the consequences of extracting or not extracting (equivalently, reporting being
high-harm or no-harm) is the same and depends on one’s true type.

In Experiment 2, participants view five hypothetical health scenarios and report how likely

countries.
4By introducing type-uncertainty and private signals about players’ types prior to their extraction choice,

we extend the Common Pool Resource (CPR) game (Ostrom et al., 1994) to model extraction decisions in an
overwhelmed healthcare system – or, more broadly, any resource dilemma where moral hazard coexists with
uncertainty about one’s benefits from consuming the resource.

3



they would be to make an appointment with their GP in each one. Four of the five scenarios
outline common symptoms that were assessed by a sample of fourteen certified GPs in the UK as
being very unlikely to require a GP visit. We refer to these as the no-harm scenarios. The fifth
scenario describes a health condition that the aforementioned GPs assessed as being highly likely
to require a GP visit, i.e., a high-harm scenario. Prior to making their choices, all participants
are informed that while GP visits are tax-financed in their country and thus free at the point
of service, the health system is overwhelmed and as a result many individuals with serious
conditions find it difficult to access timely care. As in the laboratory study, participants are
randomly assigned to different policy regimes in which they (i) incur a small fee when visiting
their GP (Cost treatment), (ii) need to exaggerate their symptoms in order to secure a GP
appointment (Triage treatment) and (iii) both of the above (CostTriage treatment). To create
the Accuracy treatment in this study, we varied the amount of relevant information participants
received about their health condition in each scenario. The additional details shown in the
Accuracy condition were designed to resemble information individuals might obtain through
self-reflection, which might for example be triggered through interaction with a triage nurse,
AI chatbot or a friend with a background in medicine.

We find that in Experiment 1, when the system is overwhelmed (i.e., when participants
are aware that all others in their group have chosen to extract), all our treatments reduce
the extraction rate of no-harm signal receivers. The Accuracy treatment has a smaller effect
compared to the Triage and Cost treatments, which reduce the extraction rate to the same
extent. In Experiment 2, however, we find that only the Accuracy treatment, in which subjects
receive more information about their symptoms, reduces participants’ self-reported likelihood
to make a GP appointment in the low-harm scenarios. The Cost, Triage and CostTriage
treatments have no impact.

While the health system is made more efficient when no-harm signal receivers choose not
to extract, the opposite is true in the case of the high-harm signal receivers. In both studies,
we thus also explore whether our treatments increase participants’ extraction choices after
receiving a high-harm signal. We find that in Experiment 1, high-harm signal receivers are
indeed more likely to extract in the Triage treatment compared to both the Baseline and Cost
treatments. This is consistent with previous work that cost-sharing deters appropriate care
and speaks to the benefit of instituting a triage system over a co-pay. The Accuracy treatment,
meanwhile, does not increase extraction by the high-harm signal receivers, but results in the
highest efficiency overall by reducing extraction errors. Turning to Experiment 2, we find that
in the high-harm scenario, more information about one’s symptoms (i.e., greater accuracy)
increases the reported likelihood of making a GP appointment; but that the Cost and Triage
treatments have no positive impact.
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Thus across both studies, there is evidence that the highest efficiency is achieved when
patients receive more information about their condition. In the laboratory study, this happens
both by reduced extraction following no-harm signals and because higher signal accuracy re-
duces errors among individuals receiving no-harm signals while in the vignette study it is the
direct result of better patient decision-making across both the high and low-harm scenarios.

The first contribution of this paper is to research that examines how to reduce moral hazard
in the demand for primary care through the use of co-payments. The evidence so far is mixed.
While most studies find that co-pays reduce primary care utilization, it is unclear whether this
reduction comes from those who over-use or under-use primary care services, and whether it
results in better or worse health outcomes overall (see Kiil and Houlberg (2014) for a review).
Iizuka and Shigeoka (2022) exploit the rapid expansion of child subsidies in Japan to show that
while small co-payments reduce primary care utilization among healthier children, they also
decrease screening for depression and ADHD, which are cost-effective preventive interventions
for this age group. Under-utilization in response to increasing prescription co-pays has also been
documented by Chandra et al. (2024), and Goldman et al. (2006) who show that increasing
co-payments for heart disease and cholesterol-lowering medication have strong adverse effects
on precisely those individuals who are at high risk for these diseases.

These and other studies investigating the effect of introducing or increasing co-pays in
primary care employ quasi-experimental data from policy changes at the national level. Since
such policy changes are endogenous and shaped by the state of the health system, their effects
depend on the institutional setting, the health status of the population, prevailing care-seeking
behavior, and any concurrent reforms. While the authors use credible difference-in-difference
(Cockx and Brasseur, 2003; Chiappori et al., 1998) or regression discontinuity designs (Landsem
and Magnussen, 2018; Layte et al., 2009), the fact remains that they cannot directly observe
how individuals with heterogeneous needs for primary health care respond to the policy change.
We address this limitation through an experimental design that induces heterogeneous need and
noisy signals, while allowing us to observe both extraction and non-extraction choices under
randomly assigned policy regimes. We find that while a co-pay reduces low-priority demand
when decision making is in the domain of money, it does not impact behavior when decision
making is about health. The latter result is consistent with research that finds there is limited,
if any, long-term impact of introducing a co-pay on the frequency of GP visits (Schreyögg and
Grabka, 2010; Chiappori et al., 1998; Jakobsson and Svensson, 2016) or on overall efficiency
(Cockx and Brasseur, 2003).

Our second contribution concerns the use of triage systems as a tool to manage demand
by creating the need for patients with mild symptoms to lie or exaggerate the severity of their
symptoms in order to be seen. This feature of a triage system is relatively unexplored in the
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health literature since the underlying assumption in most empirical and theoretical work on
triage systems in healthcare is that patients will always be truthful in reporting their symptoms
(Guan et al., 2025; Çakıcı and Mills, 2021). However, if there is some level of moral hazard
in primary care utilization, we can assume that some patients who visit their GP are aware
that doing so is likely to be deemed unnecessary on average. With this in mind, along with
the experimental economics literature on individuals’ inherent preferences for truth-telling (see
e.g. Abeler et al. (2014); Gneezy et al. (2013); Thami (2025) and a recent meta-analysis of
experimental studies on truth-telling by Abeler et al. (2019)) we conjecture that simply asking
patients to truthfully report their symptoms (equivalently, their signal) instead of asking them
to directly report whether they would make a GP appointment (equivalently, to extract) is
sufficient by itself to reduce the likelihood of unnecessary extractions.5 Thus, rather than
quantifying potential efficiency gains from a more accurate patient ordering by need, the Triage
treatments in both our experiments are specifically designed to study the impact of having to
exaggerate/mis-report one’s symptoms in order to make a GP appointment.

We find that while our Triage treatment is effective at reducing unnecessary extraction in
Experiment 1, both triage-based treatments, i.e., Triage and CostTriage, have no impact on the
likelihood of making a GP appointment in Experiment 2. This lack of an effect in the domain
of health-related decision-making is in line with anecdotal evidence indicating that people are
indeed willing to exaggerate their symptoms in order to see their GP sooner (Heather, 2017) or
secure an ambulance faster (Jones, 2020). The effect of the Triage treatment in the laboratory
study, meanwhile, is consistent with previous laboratory evidence that individuals exhibit an
intrinsic preference for truth-telling when decisions are about money.

Our Accuracy treatment speaks to the use of informative triage systems and AI-powered
software that provide patients with more information about their health needs. Most GP
practices in the UK and Ireland already employ such informative triage systems wherein patients
fill in an online form that gives them more information about their health condition while
simultaneously helping to screen patients through an implicit honor system. However, our
results suggest that it may be useful to separate these two functions. To this end, an AI-based
symptom assessment app that is not tied to a GP surgery’s appointment scheduling system
might be more effective. “Ada” (by Ada Health) is one such widely-used app that has been
received positively by patients in a primary care setting (Miller et al., 2020). Many others
exist. The UK’s NHS is currently developing its own AI-powered triage and guidance within
its official NHS App that will help patients decide when to seek GP care (Global Government
Forum, 2026). We believe it might be useful to have this in-app AI tool be operationally distinct

5In an experiment where customers can make strategic claims to reduce their waiting times, Estrada Ro-
driguez et al. (2025) finds that there are indeed certain conditions under which an “honor-system”, where service
priority is given according to customer claims, would work.
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from the appointment scheduling system.
This paper also contributes to the literature employing laboratory experiments to examine

decision-making in primary and secondary healthcare settings. Most work in this area relies
on incentivized experiments to study patients’ health insurance choices (Kairies-Schwarz et al.,
2017; Hermanns et al., 2025) or supply-side issues, such as physicians’ incentives (Brosig-Koch
et al., 2017, 2024). In contrast, we focus on policy interventions aimed at better managing
patient demand, complementing our incentivized laboratory experiment with a health-framed
vignette study.

The rest of this article is organized as follows: Section II details the theoretical consider-
ations, Section III presents the experiment and results of Experiment 1, Section IV presents
Experiment 2, Section V provides a discussion, and Section VI concludes.

II Theoretical Considerations

In this section, we introduce our theoretical model and derive testable predictions. We adapt a
one-shot common-pool resource game to the problem of limited supply of primary healthcare.
Let n be the number of group members, who can be high-harm types (θh) with probability
h > 0 or no-harm types (θno) with probability 1− h. The probabilities and the harm types are
common knowledge but the individual realizations are unknown to the players. Instead, each
player receives a private noisy signal σ ∈ {σh, σno} about their own harm, where signal precision
is given by k ∈ (0.5, 1). Given their signal, σ, players use Bayesian updating to determine their
posterior probability ph(h, σ, k) of being a high-harm type.6

All players simultaneously decide whether to extract resources (xi = 1) or not (xi = 0)
from the common pool. While no-harm types do not face any losses during the game, high-
harm types are only able to avoid a loss of A if they extract resources from the common pool.7

However, as the common pool is limited, only n − 1 players can extract resources from it at
any given point. If all n group members decide to extract, one is randomly excluded, with
zi ∈ {0, 1} indicating whether player i ultimately extracts. The resulting payoff for each group
member is given by:

πi :=

{
0 if zi = 1

−ph(h, σ, k)A otherwise,

The timing of the game is as follows. First, each player’s type, high-harm or no-harm, is
determined. Next, all players receive private signals about their harm-type. Then, they decide

6phigh(θh|σh) =
P (σh|θh)P (θh)

P (σh|θh)P (θh)+P (σh|θno)P (θno)
= kh

kh+(1−k)(1−h) and phigh(θh|σno) =
(1−k)h

(1−k)h+k(1−h)
7Note that though we normalize the loss incurred by no-harm types to 0, the theoretical results readily

extend to no-harm types also incurring a loss of B < A.
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simultaneously whether to extract resources from the common pool. If all n members of a group
decide to extract, one of them is randomly prevented from extracting. If less than n members
of a group decide to extract, all those who chose to extract, do so.

We focus on individual extraction choices in the situation where all other members of
one’s group have chosen to extract. In this way, we create an overcrowded system where
own extraction choices necessarily lead to the exclusion of one member of the group.8 In this
situation, the socially optimal solution requires that no-harm players do not extract so that
high-harm players can avoid the loss of A. But since players face uncertainty about their
type, the best social solution is achieved when only those experiencing severe symptoms (i.e.,
receiving a high-harm signal) choose to extract.9

To study the optimal extraction choices from a given individual’s perspective, we employ
risk-neutral agents with altruistic preferences (Andreoni and Miller, 2002). Such agents experi-
ence disutility if their extraction leads to the exclusion of a high-harm type in their group. For
simplicity, we assume that players derive disutilty only from the one excluded player (denoted
by j) rather than from the payoffs of all group members. Let αi ∈ [0, 1) denote how much
players care about the loss of the excluded player. α can also be interpreted as a preference
for norm adherence, where the expected cost of deviating is represented by the expected ex-
ternality. In a Triage system – where players can only extract if their self-reported symptoms
are high enough – we assume that players have intrinsic preferences for truth-telling (Abeler
et al., 2019) and therefore also experience a psychic cost of exaggerating their symptoms, i.e.,
reporting being high-harm after receiving a no-harm signal. Finally, players may incur a cost
ci when extracting, which represent either a monetary co-payment or the non-monetary bur-
dens of seeking care (e.g., time costs, commuting costs, or infection risks). We thus have the
following utility specification:

Ui = πi + αiπj1zi=1 − ci1zi=1 − cpsychi 1Triage∧σno (1)

Where πi represents player i’s own payoff, πj the payoff of an excluded other player j if player
i gets to extract (i.e., if zi = 1), αi the individual level of altruism, ci the (monetary and non-
monetary) extraction costs if player i gets to extract (i.e., if zi = 1), and cpsychi the individual
psychic costs of reporting being high-harm despite receiving a no-harm signal in a Triage system.
Player i chooses xi in order to maximize expected utility:

8Rather than examining equilibrium selection between symmetric (all extract) and asymmetric (all but one
extracts) outcomes, we study individual choices in this situation where all other members of one’s group have
chosen to extract. This further eliminates the potential coordination problem that would have otherwise come
up in this setting.

9This is true as long as the extraction fee c is lower than the expected benefit of extracting, which we assume
is always true for high-harm players.
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argmax
xi∈{0,1}

πi + αiπj1zi=1 − ci1zi=1 − cpsychi 1Triage∧σno

The following proposition characterizes the necessary and sufficient condition for player i to
extract.

Proposition 1 (Optimal extraction rule). Suppose a risk neutral and altruistic player i faces
an extraction decision in the scenario as described above. Then player i extracts iff:

n− 1

n
ph(h, σ, k)A︸ ︷︷ ︸

Benefits of decision to extract

> αi
n− 1

n
hA︸ ︷︷ ︸

Altruistic cost

+
n− 1

n
ci︸ ︷︷ ︸

Extraction cost

+ cpsychi 1Triage∧σno︸ ︷︷ ︸
Lying cost

(2)

Proof. See Appendix A.A.

Altruistic players deciding whether to extract trade off the benefit of avoiding the loss of A
(if they end up being high-harm) against the cost of excluding a high-harm player, alongside any
extraction and psychic costs. The benefits of extracting depend on whether player i is selected
to extract, which happens with probability n−1

n
. The costs include harming a potentially high-

harm player, who could be excluded from extracting with probability n−1
n

. Since player i does
not observe others’ signals, the probability that the excluded player is high-harm is the prior
probability h.

II.A No-harm Signal

We now examine the comparative statics of three proposed policy measures to reduce low-
priority demand (i.e., extraction after receiving a no-harm signal σ = σno) in an overwhelmed
system (i.e., when all others in one’s group have chosen to extract).

The first corollary describes how extraction choices respond to an increase in the signal
accuracy, k. A more accurate signal makes it more likely that no-harm signal receivers are
actually no-harm types. Increased signal accuracy thus decreases their expected benefit from
extraction. Consequently, players who would extract under low signal accuracy may switch to
non-extraction when signal accuracy increases.

Corollary 1 (Effect of signal accuracy). An increase in signal accuracy, k, weakly decreases
the frequency of extraction after receiving a no-harm signal.

Proof. See Appendix A.B.

The next corollary describes the impact of introducing a co-payment, or more generally an in-
crease in extraction costs ci. Since such an increase leaves the benefits of extraction unchanged,
it reduces the net-benefits of extracting.

9



Corollary 2 (Effect of extraction costs). An increase in the extraction costs ci weakly decreases
the frequency of extraction after receiving a no-harm signal.

Proof. See Appendix A.C.

Corollary 3 describes the effect of a self-report based triage system, where only patients re-
porting they they are high-harm types are considered for extraction. This creates an incentive
to always report being high-harm. However, doing so may create psychic moral costs from
over-reporting when receiving a conflicting (no-harm) signal.

Corollary 3 (Effect of moral misreporting costs). An increase in the psychic costs cpsychi of
reporting being high-harm after receiving a no-harm signal weakly decreases the frequency of
extraction.

Proof. See Appendix A.D.

II.B High-harm Signal

We now study extraction choices after receiving a high-harm signal. Since players cannot over-
report their harm type in this scenario, the psychic cost of mis-reporting does not exist, allowing
us to set cpsychi = 0. Further, receiving a high-harm signal increases the probability that they
are actually a high-harm type – also relative to other members of their group. Consequently,
individuals will always extract as long as (i) they care more about their own expected payoff
compared to that of another member of their group (i.e., if α ≤ 1) and (ii) extraction costs ci

are sufficiently low. The following corollary formalizes these conditions.

Corollary 4 (Extraction after a high-harm signal). For small enough extraction costs ci <

(ph(θh|σh)− αih)A, Player i always decides to extract after receiving a high-harm signal.

Proof. See Appendix A.E.

III Experiment 1: Laboratory Experiment

Experiment 1 is a laboratory-style experiment that uses induced monetary incentives to study
the impact of three different policy regimes on the demand for primary healthcare services. It
directly implements the theory presented in Section II and tests the effects of the policies on
individual extraction choices in an overwhelmed system.
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III.A Experimental Conditions and Predictions

In Experiment 1, we set the potential loss to A = 2.5 and signal accuracy to k = 2
3
. We use

four between-subject treatments to test the proposed healthcare system measures (see Table
1). In the Baseline, players can decide to extract without the need to over-report their type or
pay a fee when extracting. Thus, we set ci = 0 and cpsychi = 0. In the Accuracy treatment, we
change the precision of the signal to k = 9

10
. In the Cost treatment, we introduce an extraction

fee and set c = 0.5. Finally, in the Triage treatment, players have to report being high-harm
in order to be able to extract. Thus, we introduce the psychic costs of needing to exaggerate
one’s symptoms (i.e., report being high-harm) after receiving a no-harm signal, i.e. cpsychi > 0.

TABLE 1: Experiment 1 – Overview of pre-registered predictions after
receiving a no-harm signal.

Prediction Derivation

Baseline (k = 2
3 , ci = 0, cpsychi = 0)

No specific prediction

Accuracy Treatment (k = 9
10 , ci = 0, cpsychi = 0)

Prediction 1 Extraction choices decrease with higher signal accuracy after
receiving a no-harm signal compared to the Baseline.

Corollary 1

Cost Treatment (k = 2
3 , ci = 0.5, cpsychi = 0)

Prediction 2 Extraction choices decrease with the introduction of c = 0.5
after receiving a no-harm signal compared to the Baseline.

Corollary 2

Triage Treatment (k = 2
3 , ci = 0, cpsychi > 0)

Prediction 3 Extraction choices decrease with the introduction of cpsychi > 0
after receiving a no-harm signal compared to the Baseline.

Corollary 3

Table 1 summarizes our pre-registered predictions for each of our treatments. The main
takeaway is that we expect a decrease in extraction decisions in all treatments compared to the
Baseline. As the strength of this decrease depends on the distribution of α, the size of cpsychi , as
well as risk preferences, we remain ex-ante agnostic about the quantitative and relative decrease
across the treatments.

III.B Experimental Procedures

The experiment was programmed in oTree (Chen et al., 2016) and conducted online on Prolific.10

Participants first read the experimental instructions about the common pool resource paradigm
(see Appendix B.F). The instructions contained information about the size of their randomly
assigned groups (four members each) as well as the chance that they were a no-harm or high-
harm type (50%-50%), and detailed the associated payoffs from extracting from the common

10The experiment was pre-registered at https://aspredicted.org/q5mc-9k6y.pdf and received approval from
the Research Ethics Committee at the University of Reading.
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pool in each case (i.e., a loss of £2.50 if they were high-harm but ended up not extracting, and
no loss if they were no-harm). They were also told they would receive a private (noisy) signal
about their type, and that if all four members of their group chose to extract, one would be
randomly excluded from extraction.

In the Cost treatment, they learned about the extraction fee (i.e., £0.50) they would incur
regardless of their actual type should they end up extracting. In the Triage treatment, rather
than deciding whether or not to extract, they were informed they would be asked to report
whether they were high-harm or no-harm after receiving their signal with only those reporting
they were high-harm being considered for extraction. In the Accuracy treatment, they were
made aware that there was a 90% chance that the private signal about their type was correct.
In the other three treatments, they knew that there was just a two-third (67%) chance the
signal was correct.

After reading the instructions, participants answered 18 comprehension questions.11 If the
answer a participant provided was incorrect, they were provided with a short explanation and
then asked to try again. They could not proceed until they had answered all questions correctly.
The main goal of these questions was to improve participants’ understanding of the instructions
without discouraging continued participation. We recorded whether the response provided was
correct in the first instance, and use this information in our robustness analysis.

Participants’ extraction decisions (equivalently, the decision whether or not to report they
were high-harm in the Triage condition) were elicited via the strategy method. Each participant
made a total of six decisions. Of these, two were unconditional extraction (reporting) decisions,
in which participants chose whether or not to extract (report they were high-harm) without
any information about the extraction (reporting) decisions of the other three members of their
group, for each of the two possible private signals they could receive about their type. Each
of the other four decisions were conditional decisions depending on whether (i) all the three
other members of the group or less than three other members of their group had decided to
extract (equivalently, report that they were high-harm in the Triage condition) and (ii) they
themselves had received a no-harm or a high-harm signal.

Figure 1 shows the first of the four conditional decisions in the Baseline. Our pre-registered
hypotheses are based on just this first decision (i.e., no-harm signal and all other group members
extracting). The remaining five decisions (three conditional and two unconditional) were elicited
to ensure that they were incentivized to provide their true choice in that first decision.12 We

11In the Cost treatment, there was one additional comprehension question about the extraction fee.
12After the experiment, participants’ earnings in each treatment were calculated in four steps: (1) first,

within each treatment, all participants were randomly assigned to groups of four; (2) next, their actual harm
type (high-harm or no-harm) was drawn with each type being equally likely, (3) then their actual private signal
was drawn depending on their harm type and the signal accuracy in that treatment; (4) finally, one member of
each group was randomly selected and the payoffs of each member of that group depended on the unconditional
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also examine these choices on an exploratory basis.
The decisions were presented in a fixed sequence. Participants first provided their decisions

for when they received a no-harm signal (in Decision Screens 1–3) and then for when they re-
ceived a high-harm signal (in Decision Screens 4–6). Within each set, the first decision involved
the overwhelmed system (all others extract), the second decision involved the non-overwhelmed
system (less than three others extracting), and the third decision was the unconditional choice.
This ensured that the decision of interest always appeared as Decision 1 and the rest of the
decisions followed in a logical order.

The decision screens, as well as the instructions and comprehension questions, varied de-
pending on the treatment. These differences were clearly illustrated by the first decision screen
in each treatment condition (Accuracy, Cost, and Triage) as compared to the Baseline (see Fig-
ure 1). Accuracy had different probabilities in point (ii): “Remember: There is a 90% chance
that this message is true and a 10% chance that it is incorrect”. Cost featured an additional
message “Remember: You will incur an extraction fee of £0.50 if you are one of the group
members who get to extract” directly below the decision question. Finally, Triage used a dif-
ferent framing of the choice: instead of choosing whether to extract or not, they were asked
to report whether they were a high-harm type or a no-harm type. The decision screens of all
treatments can be found in Appendix B.F, Screen 12.

FIGURE 1: Decision screen for the baseline

We used Prolific’s representative samples tool to gather a representative sample of the UK
population in terms of gender, age, and ethnicity.13 In total, 1696 UK subjects participated
in two large sessions in the end of December 2024. Participants were randomly assigned to
choices of the other three group members and the corresponding conditional choice of that randomly selected
group member, in each case depending on the actual harm type and private signal received by that group
member.

13Prolific clarifies its representative sample tool as follows: ‘When you use a representative sample, we take
the intended sample size and stratify it across three demographics: age, sex and ethnicity. We use census data
from the US Census Bureau or the UK Office of National Statistics to divide the sample into subgroups with the
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one of the four treatment conditions in each session. They made individual decisions online
and were assigned to groups of four to calculate payoffs only after all the data had been
collected. Individual observations can therefore be treated as statistically independent. The
median duration was 11.6 minutes and the average payoff £3.43, which included a show-up fee
of £1.50. Table 2 shows a summary of the overall demographics in the whole sample and in
the treatments. Chi-squared tests reveal no significant differences in participant characteristics
across treatments indicating that our randomization was successful.

TABLE 2: Summary Statistics by Treatment

Group Overall Baseline Accuracy Cost Triage p-value
Gender 0.843

Female 51.6% 50.0% 51.4% 51.9% 53.1%
Male 48.4% 50.0% 48.6% 48.1% 46.9%

Age Group 0.555
18-30 17.9% 20.1% 17.4% 17.4% 16.5%
31-40 19.5% 19.4% 19.8% 17.1% 21.7%
41-50 15.7% 15.5% 18.6% 15.5% 13.4%
51-60 25.9% 25.7% 24.0% 26.4% 27.4%
61+ 21% 19.2% 20.2% 23.6% 21.0%

Ethnicity 0.653
White 84.9% 82.9% 87.1% 84.3% 85.4%
Asian 8.1% 9.3% 7.6% 7.9% 7.5%
Black 3.4% 4.6% 2.4% 3.3% 3.1%
Other 3.7% 3.2% 2.9% 4.5% 4.0%

n 1696 432 420 420 424
Note: Percentages may not add up to exactly 100% because of rounding. The p-values
are based on Chi-squared tests for no differences in the composition of the groups.

III.C Results

In this section, we present the results of Experiment 1. Following our pre-registered hypotheses
(see Appendix B.A for the pre-registration), we focus on behavior after a no-harm signal when
all others extract (Section III.C.1), and report exploratory analyses for all other cases in Section
III.C.2.

same proportions as the national population. This means, for example, that a representative sample contains
the same proportion of 28-37 year old Asian women as the national population (or at least, as close as we can
deliver).” Prolific (2025)
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III.C.1 No-harm Signal

Figure 2 depicts the frequency of extraction by treatment after receiving a no-harm signal and
under the condition that all others in their group have extracted. In each treatment, we observe
that less than half of our sample chose to extract in this situation (47% in the Baseline). This
suggests that at least some individuals care not only about maximizing their own payoffs but
are also motivated by other factors, such as possibly the payoff of others, adhering to a social
norm, or wanting to be seen as social. All these factors can be explained by a positive α in our
model.14

FIGURE 2: Share of extractors after receiving a no-harm signal under the
condition that all others extract. Error bars represent Wilson confidence

intervals. All significance levels based on two-sided proportion tests:
* p < 0.05, ** p < 0.01, *** p < 0.001

We further observe that all three policy regimes lead to a significantly lower frequency of
extraction relative to the Baseline (all at least p < 0.01, two-sided proportion tests). Addi-
tionally, the Cost and Triage treatment lead to a significantly lower frequency of extraction
relative to the Accuracy treatment (p < 0.05 and p < 0.001 respectively, two-sided proportion
tests). These results remain robust in a Probit regression with demographic controls, as well as
in other robustness checks where we exclude participants with a less thorough understanding
of the instructions (see Appendix B.B for details).

In relative terms compared to the Baseline extraction level, there is a 21% decrease in
extraction frequency in the Accuracy treatment, a 36% decrease in the Cost treatment and a
45% decrease in the Triage treatment. Differences across treatments are even more pronounced

14Additional evidence for the existence of a positive α comes from the condition where not all others extract:
in that case, extraction rates are significantly higher (see Section III.C.2).
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for the unconditional extraction decisions after receiving a no-harm signal (see Figure 3 in
Section III.C.2).

On exploring heterogeneity, we find that, overall, females extract less often than males
(p < 0.1, Probit regression with robust SE, see Table 7 in Appendix B.B). We find no differ-
ences in the frequency of extraction depending on age or ethnicity, as well as no evidence for
heterogeneous treatment effects based on any of these demographic variables (see Table 8 in
Appendix B.B).

III.C.2 High-harm Signals, All Scenarios, and Efficiency

We complement our main analysis with exploratory analyses of extraction choices across all
scenarios in which participants made a decision. Figure 3 provides an overview of the extraction
shares in the four treatments depending on the signal received (no-harm in the top panel and
high-harm in the lower panel) and depending on whether all others in one’s group have extracted
(left-most panel), not all others in one’s group have extracted (middle panel) and finally, without
any information about one’s group members extraction choices (right-most panel).15
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FIGURE 3: Overview of Share of Extractions per Signal and Condition.
Error bars represent Wilson confidence intervals. Significance levels based

on two-sided proportion tests: * p < 0.05, ** p < 0.01, *** p < 0.001

15Though theory predicts that individuals should always extract after (i) receiving a high-harm signal or
(ii) when not all others in one’s group have extracted (i.e., assuming α < 1), Figure 3 reveals that across all
treatments, a substantial fraction of subjects refrain from doing so in these situations. Potential explanations
for these deviations from theoretical predictions include an α > 1, unaccounted costs such as norm violations,
a general preference for non-extraction, or other out-of-the-lab norms and views.
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The first takeaway is that after receiving a no-harm signal, all between-treatment differences
are qualitatively similar and statistically significant both in the situation when not all others
extract as well as when no information about group members’ extraction choices is provided
(i.e., the unconditional decision situation). This provides additional robustness to our main
results. Second, we find that in the situation where not all other members in one’s group
have extracted, subjects extract significantly more (p < 0.001, Probit regression with robust
and clustered SEs by individual, see Table 9 in Appendix B.D) than in the situation where
all other members of one’s group have extracted. This indicates that subjects do care about
the externality of their extraction choices, i.e., it is evidence of α > 0. Third, in accordance
with theory, we find that extraction choices are significantly lower after receiving a no-harm
signal compared to after receiving a high-harm signal (p < 0.001, Probit regression with robust
and clustered SEs by individual, see Table 9 in Appendix B.D). This is evidence that subjects
correctly interpret the nature of the signal and update beliefs about their type accordingly.

Turning to extraction choices after receiving a high-harm signal (lower panel of Figure 3), we
find significantly higher extraction rates in the Triage treatment compared to the Baseline (at
least p < 0.01, two-sided proportion tests) except under the condition that not all others extract,
and significantly higher extraction rates in Triage compared to the Cost treatments across all
decision situations (at least p < 0.01, two-sided proportion tests). Additionally, extraction rates
are consistently lower in the Cost treatment compared to the Baseline, Accuracy, and Triage
treatments (at least p < 0.05 in the unconditional decision situation as well as the situation in
which not all members of one’s group have extracted, two-sided proportion tests). We do not
find differences between the Accuracy treatment and the Baseline treatment.

Finally, we evaluate the efficiency of the three institutional measures by computing the
expected probability of excluding a high-harm player based on each individual’s decision after
receiving a no-harm signal and a high-harm signal (see Appendix B.E for details). We find that
all treatments exhibit significantly higher efficiency compared to the Baseline (all p < 0.001,
two-sided Wilcoxon rank sum tests). In the Cost and Triage treatments, this is a natural
consequence of the reduced extraction by no-harm signal receivers in an overwhelmed system.
In the Accuracy treatment there is an additional efficiency increase: due to less noisy no-harm
signals, there are less no-harm signal receivers who end up being high-harm. This reduction in
signal errors leads to the highest overall efficiency in the Accuracy treatment relative to all other
treatments (at least p < 0.01, two-sided Wilcoxon rank sum tests). Efficiency in the Triage
treatment is in turn higher than in the Cost treatment (p < 0.01, two-sided Wilcoxon rank sum
tests) – driven by higher extraction rates in Triage compared to Cost after a high-harm signal.

In summary, we find that introducing a Triage system and/or an information intervention
akin to the Accuracy treatment are preferable policy measures to instituting an upfront GP visit
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cost, as they successfully reduce low-priority demand without the high-harm-signal deterrence
observed under the Cost treatment.

IV Experiment 2: Vignette Experiment

Experiment 1 examines utilization in a supply-constrained system using an abstract game with
neutral instructions, and reveals that all three proposed policy measures significantly reduce
low-priority extraction from the common pool of resources. To complement these findings, in
Experiment 2, we study the same dilemma in a less abstract setting, and examine the impact
of the same three policy measures. In this new setting, rather than using induced monetary
incentives, participants are asked to read a set of common health symptoms and report how
likely they would be to visit their GP in each case.

IV.A Experimental Design

We employ five short vignettes to describe a set of common health symptoms and ask par-
ticipants to indicate how likely they would be (on a scale of 0 to 100) to call their general
practitioner’s (GP’s) office to schedule an appointment. These vignettes were developed in
close consultation with medical professionals and then validated by 14 certified UK-based GPs
(see Appendix C.D for more details). Before participants provided their response in each sce-
nario, they read about how the hypothetical healthcare system works in their country. This
description varies across four between-subject treatments. In the Baseline, participants are
informed that they live in a country with universal health coverage and when needed, they can
directly call their GP’s office to schedule an appointment. GP visits are free and no out-of-
pocket expenses are incurred for any medical procedures they may undergo. They are also made
aware that the public healthcare system is financed through a fixed percentage of their monthly
income collected by the state. To simulate the common pool resource dilemma from Exper-
iment 1, we further explain that the primary healthcare system in their country is currently
overwhelmed, with many patients not receiving timely care.

In the Cost treatment, they are informed that they pay a small upfront fee of £10 every
time they visit their GP. The Triage treatment differs in the framing of the decision. Instead
of calling to schedule an appointment with their GP, participants are informed: “To get an ap-
pointment at your local GP, you must first complete an online form describing your symptoms,
and only patients who report severe symptoms will get an appointment. That said, you are
free to exaggerate your symptoms to guarantee yourself an appointment.” In this treatment,
participants are therefore asked to indicate how likely they would be (on a scale from 0 to 100)
to exaggerate their symptoms to obtain an appointment. To examine the interaction between
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the Cost and Triage treatments, the experiment also includes a CostTriage treatment, wherein
they both pay the £10 fee for every GP visit and need to exaggerate their symptoms in order
to secure an appointment.

In all treatments, participants are presented with five scenarios. Scenarios A, B, C, and D
are low-harm scenarios, mirroring the no-harm signal in Experiment 1. The described symptoms
in these scenarios are relatively mild and unlikely to warrant a GP visit, but as with any set of
health symptoms, there is a low probability they could indicate a serious or more long-lasting
adverse health condition that does warrant medical attention (the stochastic harm, A, from
Experiment 1). Scenario E describes symptoms highly likely to warrant a GP visit, and is thus
equivalent to receiving a high-harm signal in Experiment 1. The validation of the scenarios
by the 14 certified UK GPs was aimed at ensuring that the low-harm scenarios would not
require a GP visit, while the high-harm scenario would warrant one. To manipulate signal
precision, each scenario had two versions. A shorter version, which we call the low-accuracy
version, and a version with additional information about the symptoms, typically one or two
sentences, which we call the high-accuracy version. Figure 4 displays the decision screen for
Scenario A in the Baseline treatment, with the sentence starting with ”You remember” added
in the high-accuracy scenario.

FIGURE 4: Decision screen for the Baseline treatment

Scenarios B and C follow an analogous structure: each describes mild symptoms (e.g.,
cramp-like lower abdominal pain or a mild cough) combined with the contemplation of a highly
unlikely but serious diagnosis, such as appendicitis or lung cancer. The high-accuracy version
of Scenario B (crampy pain) adds: “You also recall that you barely drank any water yesterday
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and that you have actually experienced similar symptoms once before and it passed on its
own.” The high-accuracy version of Scenario C adds: “You force yourself to be calm and think
through things. You remember at your last health check a few weeks ago, the GP said you
were doing fine and they were quite thorough with the tests. Further googling suggests that a
mild cough is rarely indicative of a serious health issue.” In Scenario D, the symptoms consist
of a sore throat likely caused by a viral infection. In the high-accuracy version, the additional
information states: “You realize that you have most likely caught the viral infection your niece
had and in that case, you know that nothing much can be done except to wait it out.” Finally,
Scenario E presents symptoms consistent with a potential heart issue (nausea, a dull ache in
the upper back, and shortness of breath). In the high-accuracy version, a friend who is a
medical professional recommends an immediate visit to one’s local physician. The full text of
all scenarios, with high-accuracy variations clearly indicated, are provided in Appendix C.G.

We examine the interaction between the four between-subject treatments (Baseline, Cost,
Triage, and CostTriage) and Accuracy by varying whether participants view the low or high-
accuracy version of a given scenario in all treatments. Each participant is randomly assigned to
one of two scenario combinations. In combination T1, Scenarios A and C are presented in their
high-accuracy versions; in combination T2, Scenarios B, D, and E, appear in the high-accuracy
version. The order of the five scenarios is randomized, but identical across matched pairs of T1
and T2 observations to ensure maximum comparability. The accuracy of the signal is varied
within-subject to reduce potential boredom or need to be consistent that may have come into
play had all scenarios appeared overly similar. At the same time, the scenario combinations
are varied between-subject to ensure that each scenario is observed in both its low- and high-
accuracy version.

IV.B Predictions

Our objective in Experiment 2 is to align the incentive structure across treatments as closely
as possible with that of Experiment 1, while simultaneously ensuring that the decision context
remains similar to an actual health situation an individual might experience. Table 3 compares
the main features of the two experiments.

Some features explicitly modeled in Experiment 1, such as harm A, accuracy k, and the
extraction externality, are conveyed more indirectly in Experiment 2 through information about
the symptoms experienced and the state of the hypothetical healthcare system respectively.

As it concerns the between-subject treatments, in Experiment 1, the Cost treatment features
an extraction fee amounting to £0.50. In Experiment 2, there is likely to be a perceived
non-monetary hassle cost of visiting one’s GP (not captured in Experiment 1), which is then
supplemented by a hypothetical co-payment of £10.00 in the Cost treatments. In the Triage
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treatments, meanwhile, while a psychic cost (cpsychi ) is imposed in both experiments, it differs in
its framing. In Experiment 1, this psychic cost is incurred because extraction requires reporting
one is a high-harm type after receiving a no-harm signal. This also means subjects who receive
a high-harm signal cannot incur this cost. In Experiment 2, this cost represents participants’
potential disutility from having to exaggerate their symptoms to obtain a GP appointment.
While this cost could be incurred both after receiving a low-harm signal (Scenarios A–D) as
well as a high-harm signal (Scenario E), exaggeration itself would be less necessary in Scenario E
where the described symptoms are already quite serious.

TABLE 3: Comparison of experiments
Laboratory experiment (experiment 1) Vignette experiment (experiment 2)

Harm A Monetary cost of £2.50 Subjective assessment of the severity of
the health scenarios

Accuracy k – 2/3 in Baseline, Cost, and Triage
– 9/10 in Accuracy

– Subjective assessment of the health
scenarios in Low Accuracy
– Increased through additional informa-
tion in High Accuracy

Extraction cost ci – £0.00 in Baseline, Triage, and Accu-
racy
– £0.50 in Cost

– Perceived hassle cost of visiting a GP
in Baseline and Triage
– Additional hypothetical co-payment
of £10.00 in Cost and CostTriage

Psychic cost cpsychi – No psychic lying cost of extraction in
Baseline, Accuracy, and Cost
– Extraction requires reporting being
a high-harm type after receiving a no-
harm signal in Triage

– No psychic lying cost of a GP visit in
Baseline and Cost
– Obtaining a GP visit requires exag-
gerating one’s symptoms in Triage and
CostTriage

Extraction externality Implemented through limited capacity,
where only n− 1 players can extract

Conveyed through information that the
primary healthcare system is over-
whelmed, resulting in many patients
not receiving timely care

We rely on the comparative statics of our theoretical model to derive qualitative pre-
registered predictions for Scenarios A–D in Experiment 2 (i.e., where a low-harm signal is
received).16 These predictions are summarized in Table 4. As in Experiment 1, we predict that
each individual treatment (Cost, Triage and Accuracy) reduces the likelihood of extraction (see
Predictions 1, 2, and 6). In addition, the design of Experiment 2 allows us to test interaction

16The model can be readily extended to include a low-harm instead of a no-harm signal as long as the
associated loss is lower than the high-harm loss, i.e. B < A. The decision tradeoff (Equation 2) becomes the
following:

n− 1

n
(ph(h, σ, k)A+ (1− ph(h, σ, k))B)︸ ︷︷ ︸

Benefits of decision to extract

> αi
n− 1

n
(hA+ (1− h)B)︸ ︷︷ ︸

Altruistic cost

+
n− 1

n
ci︸ ︷︷ ︸

Extraction cost

+ cpsychi 1Triage∧σno︸ ︷︷ ︸
Lying cost

All comparative statics about the policy interventions remain qualitatively the same, even if subjects do not
consider the externality of their decision (i.e., if α = 0).
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effects. The interaction between Cost and Triage is identified through the between-subject
treatment CostTriage. The interactions between Accuracy and Cost, Triage, and CostTriage
are identified using both within- and between-subject comparisons of the low- and high-accuracy
versions of the four low-harm scenarios. In Predictions 3–5 and 7–9, we hypothesize that all
interaction effects will further reduce the likelihood of extraction relative to any individual
treatment alone.

TABLE 4: Overview of pre-registered predictions in Experiment 2 for
Scenarios A–D

Prediction Comparison of the extraction likelihood in treatments

Prediction 1 Baseline > Cost
Prediction 2 Baseline > Triage
Prediction 3 Baseline > CostTriage
Prediction 4 Cost > CostTriage
Prediction 5 Triage > CostTriage
Prediction 6 Low Accuracy > High Accuracy in Baseline
Prediction 7 Low Accuracy > High Accuracy in Cost
Prediction 8 Low Accuracy > High Accuracy in Triage
Prediction 9 Low Accuracy > High Accuracy in CostTriage

IV.C Experimental Procedures

Experiment 2 was programmed in oTree (Chen et al., 2016) and conducted online via Prolific.17

Participants first read the experimental instructions (see Appendix C.F), which included a de-
scription of the hypothetical healthcare setting and three comprehension questions. As in
Experiment 1, participants who answered a comprehension question incorrectly received a brief
explanation and were required to try again until they provided the correct response. Partici-
pants then proceeded to read the five health scenarios. For each scenario, they indicated the
likelihood (on a scale from 0 to 100) that they would call the GP’s office (Baseline, Cost) or, in
the Triage and CostTriage treatments, the likelihood that they would exaggerate their symp-
toms in an online form to obtain a GP appointment. Finally, participants completed a short
post-experimental questionnaire collecting socio-economic characteristics. The questionnaire
also included an open-text question about the reasons behind their choices in the five scenarios.

As in Experiment 1, we used Prolific’s representative samples tool to gather a representative
sample of the UK population in terms of gender, age, and ethnicity. Those, who already partic-
ipated in Experiment 1 were excluded in the sample selection. In total, we collected data from
1200 UK subjects. The median duration was approximately 5 minutes and everyone received

17The experiment was pre-registered at https://aspredicted.org/dh7mb6.pdf and received approval from the
Research Ethics Committee at the University of Reading.
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the same completion payment of £1.00. Table 2 provides a summary of the demographics
in the sample by treatment. Chi-squared tests reveal no significant differences in participant
characteristics across treatments indicating successful randomization.

TABLE 5: Summary Statistics by Treatment

Group Overall Baseline Cost Triage CostTriage p-value
Gender p = 0.127

Female 51.7% 46.9% 53.2% 56.2% 50.5%
Male 48.3% 53.1% 46.8% 43.8% 49.5%

Age Group p = 0.654
18-30 18.1% 14.4% 21.1% 17.5% 19.4%
31-40 19.4% 19.3% 19.4% 18.2% 20.7%
41-50 15.8% 16.1% 14.0% 18.2% 15.1%
51-60 24.4% 25.6% 26.1% 22.6% 23.4%
60+ 22.2% 24.6% 19.4% 23.6% 21.4%

Ethnicity p = 0.224
White 85.3% 86.9% 83.9% 83.8% 86.6%
Asian 7.8% 8.5% 6.7% 9.1% 6.7%
Black 3.3% 2.3% 4.0% 4.7% 2.3%
Other 3.6% 2.3% 5.4% 2.4% 4.3%

n 1200 305 299 297 299
Note: Percentages may not add up to exactly 100% because of rounding. The p-values
are based on Chi-squared tests for no differences in the composition of the groups.

IV.D Results

Next, we present the results of Experiment 2, closely following our pre-analysis plan (see Ap-
pendix C.A for the pre-registration). Again, our main focus is on decisions after receiving
a low-harm signal, i.e., in Scenarios A–D (Section IV.D.1). This is complemented with ex-
ploratory analyses of choices in each of the individual low-harm scenarios as well as in the
high-harm signal scenario (Scenario E) in Section IV.D.2.

IV.D.1 Low-harm Signals

In this Section, we analyze treatment effects in the four scenarios where a GP visit is not
warranted, i.e., our low-harm scenarios, by running the following two regressions:

Regression I examines differences across our between-subject treatments i.e., Cost, Triage,
and CostTriage:

yis = α + β′Treati + δ′ScenarioAccuracys + ϵis
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where yis denotes the reported likelihood of scheduling a GP appointment by individual i

in scenario s. Treati is a vector of between-subject treatment dummies (Cost, Triage, and
CostTriage). ScenarioAccuracys is a vector of seven dummies, which encompass fixed effects
for each scenario and its accuracy version. The model is estimated via OLS with robust standard
errors clustered at the individual (i) level.

Regression II assesses whether receiving a more accurate signal about one’s health status
affects the likelihood of scheduling an appointment in each treatment:

yis = α + β′Treati + γ′(Treat+Baseline
i ×High− accuracyis) + δ′Scenarios + ϵis

where yis and Treati are as defined above; Treat+Baseline
i is a vector of dummies for all treat-

ments, including for the Baseline, High−accuracyis is a vector of dummies indicating whether
scenario s is the high- or low-accuracy version; and Scenarios are scenario fixed effects pooled
across both accuracy conditions. The model is estimated via OLS, with robust standard errors
clustered at the individual (i) level.

Table 6 shows the estimation results of Regression I and Regression II. In both specifications,
we do not find evidence for any significant effect of the Cost, Triage, or CostTriage treatments
on the reported likelihood of scheduling a GP appointment (p = 0.75, p = 0.62, p = 0.83,
respectively, OLS with robust and clustered SE). All estimated coefficients are close to zero in
magnitude (Cohen’s d ≈ -0.02 to 0.04). Thus, we do not replicate the effects of the Cost and
Triage treatments from Experiment 1. We also do not find any evidence for differences between
these treatments (p = 0.61, joint F -based Wald test).

However, we find that viewing the high-accuracy version of a given scenario leads to a
significant reduction in the reported likelihood of scheduling a GP appointment in all our
between-subject treatments (p < 0.001 for Cost, Triage, CostTriage, OLS with robust and
clustered SEs). This is consistent with the effect of the Accuracy treatment from Experiment 1.
Furthermore, the results remain robust when restricting the analysis to the first displayed
scenario for each individual, where the variation in accuracy is purely between subjects as the
first displayed scenario was randomly determined (see Table 10 in Appendix C.B).18

Although the coefficients of all interactions of the treatments with the high-accuracy dum-
mies differ slightly, we find no evidence that these interaction effects differ systematically across
treatments (p = 0.94, joint F -based Wald test).

18In this specification, the interactions between high accuracy and the Cost, Triage, and CostTriage treat-
ments are larger in magnitude and statistically significant (p < 0.001, p < 0.05) or marginally significant
(p < 0.1). We also observe a significant (p < 0.05) increase in the reported likelihood of scheduling a GP
appointment in the Triage treatment relative to the Baseline – different to the absence of an effect in the main
specification, which focuses on all scenarios. Given that the analysis is based on a subset of decisions and arises
from an exploratory analysis, this increase should be interpreted with caution.
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TABLE 6: Regression Results (Experiment 2)

Reported likelihood
of scheduling a GP appointment (%)

Regression I Regression II
(1) (2)

Cost −0.459 −0.618
(1.463) (1.671)

Triage 0.777 0.488
(1.556) (1.699)

CostTriage 0.831 0.435
(1.450) (1.615)

Baseline × High accuracy −3.855∗∗∗

(0.939)

Cost × High accuracy −3.538∗∗∗

(0.994)

Triage × High accuracy −3.301∗∗∗

(0.826)

CostTriage × High accuracy −3.099∗∗∗

(0.876)

Constant 20.242∗∗∗ 18.255∗∗∗

(1.355) (1.236)

Scenario Fixed No Yes
Scenario Accuracy Fixed Yes No
#Clusters (Individuals) 1,200 1,200
Observations 4,800 4,800
R2 0.012 0.009
Adjusted R2 0.010 0.007

Note: Robust SEs clustered by participant. ∗p<0.05; ∗∗p<0.01; ∗∗∗p<0.001
In Regression I, the constant captures the mean outcome in the the low-accuracy
version of Scenario C in the Baseline condition while in Regression II, it is the
mean outcome in Scenario C in the Baseline.
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The interaction between treatment assignment and high-accuracy reduces scheduling like-
lihood by approximately 3–4 %-points across all treatments. Relative to a baseline mean of
about 18%, this corresponds to a reduction of roughly 17–21%. Although the standardized
effect size is modest when measured against the overall dispersion of the outcome (Cohen’s d
≈ −0.15), the magnitude is still substantively relevant in an overcrowded system, where even a
moderate reduction in unnecessary GP visits would allow for more efficient allocation of medical
resources.

On examining heterogeneity in our sample, we find that, overall, females, ethnically white
participants, and participants over 50 years old are significantly less likely to schedule a GP
appointment (p < 0.001, p < 0.001, and at least p < 0.01, respectively; OLS with robust and
clustered SE, see Table 11 in Appendix C.C). However, we find no evidence of heterogeneous
treatment effects in Regression I or II (see Table 12 in Appendix C.C). The main results from
above are robust to the inclusion of these demographics.

IV.D.2 High-harm Signal and Individual Health Scenarios

Figure 5 summarizes the reported likelihood of scheduling a GP appointment across all five
health scenarios, separately by treatment and by accuracy version. The full wording of all
scenarios in both accuracy versions is provided in Appendix C.F.

The mean reported likelihood of scheduling a GP visit in the four low-harm scenarios ranges
from 13-21%. The upper row of Figure 5 shows the reported scheduling likelihood averaged
across low- and high-accuracy versions of a given scenario for each of the Cost, Triage, and
CostTriage treatments. In the four low-harm scenarios, reported likelihoods are very similar
across treatments. Only Scenario A exhibits slightly higher average reports and slightly larger
dispersion across treatments.

The lower row of Figure 5 shows the reported likelihood of scheduling a GP visit conditional
on the accuracy condition.19 We find a significant reduction (at least p < 0.05, two-sided
Wilcoxon Rank-Sum Test) in this reported likelihood under the high-accuracy versions of the
scenarios for all except Scenario B.20

19Note that each participant saw each scenario only in one of the two accuracy versions, making the scenario
accuracy comparisons between-subject.

20It is possible we do not observe an effect of higher accuracy in Scenario B because, compared to the other
three low-harm scenarios, the high-accuracy version of Scenario B does not provide as much relevant information
relative to its low-accuracy counterpart. For instance, the high-accuracy version of Scenarios A and C both
refer to a clean bill of health from a recent annual health check (very relevant if debating whether to visit the
GP today), while Scenario D gives a highly plausible alternate explanation for one’s symptoms, which if true,
would definitely not call for a GP visit. By contrast, in Scenario B, the high accuracy version only refers to
being potentially dehydrated and the possibility that the symptoms would pass on their own, which perhaps is
insufficient information to reliably shift the perceived benefits of visiting one’s GP today.

26



18.44 17.40

21.04
19.76

15.95 16.10 16.89 16.76
18.17

15.55 15.73 16.90
14.58

16.26 16.55 16.97

Scenario A Scenario B Scenario C Scenario D

Bas
eli

ne
Cos

t

Tr
iag

e

Cos
tTr

iag
e

Bas
eli

ne
Cos

t

Tr
iag

e

Cos
tTr

iag
e

Bas
eli

ne
Cos

t

Tr
iag

e

Cos
tTr

iag
e

Bas
eli

ne
Cos

t

Tr
iag

e

Cos
tTr

iag
e

0

10

20

30

R
ep

or
te

d 
G

P
 s

ch
ed

ul
in

g 
(%

)

*** ***
*** ***

73.56 73.65

58.96
64.29

Scenario E

Bas
eli

ne
Cos

t

Tr
iag

e

Cos
tTr

iag
e

0

25

50

75

20.41
17.91

*

16.61 16.23

20.52

12.71

***

17.63

14.52

*

Scenario A Scenario B Scenario C Scenario D

Lo
w

High Lo
w

High Lo
w

High Lo
w

High

0

10

20

30

Accuracy

R
ep

or
te

d 
G

P
 s

ch
ed

ul
in

g 
(%

)

***

59.40

75.99

Scenario E

Lo
w

High

0

25

50

75

Accuracy

FIGURE 5: Overview reported likelihood of scheduling a GP appointment per
scenario and treatments. *** p < 0.001, * p < 0.05, based on two-sided

Wilcoxon Rank-Sum Tests.

We next turn to the high-harm Scenario E,21 shown on the right-hand side of Figure 5. The
first observation is that mean likelihoods to schedule an appointment are around 60-75% and
thus substantially higher than in the low-harm scenarios.

Comparing treatments, we find no evidence that Cost affects the reported likelihood of
scheduling an appointment (p = 0.84, two-sided Wilcoxon Rank-Sum Test). We observe a
significant reduction in reported likelihoods in the two Triage treatments (all p < 0.001, two-
sided Wilcoxon Rank-Sum Tests) but, as pre-registered, do not interpret these effects (see Ap-
pendix C.A). This is because exaggerating symptoms may be perceived as unnecessary when
symptoms are already severe, thus mechanically reducing responses to the question on exagger-
ation.22 Importantly, we find that viewing the high accuracy version of the high-harm scenario
leads to a significant increase in the reported likelihood to visit one’s GP pooled over all treat-
ments (p < 0.001, two-sided Wilcoxon Rank-Sum Tests) as well as in all three treatments

21In the validation study, all GPs fully agreed that a doctor should be consulted in Scenario E (see Appendix
C.D).

22This interpretation is consistent with at least one of the participants’ comments: “No point exaggerating
my symptoms regarding No. 5 as I think my symptoms would be enough to alert the doctor but I would be detailed
about them and express my concerns. (...)”.
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separately (at least p < 0.01, two-sided Wilcoxon Rank-Sum Tests). This increase amounts to
approximately 16%-points, underscoring the importance of ensuring that all individuals, and
in particular those experiencing serious symptoms, have access to more accurate information
about the symptoms they are experiencing.

V Discussion

We conducted two experiments to study the effect of different policy regimes on managing excess
demand for limited health resources. The two studies examine the same choice under different
conditions: Experiment 1 has a well-defined set of parameters and elicits the main decision
using monetary incentives, while Experiment 2 simulates the same type of trade-offs in a more
general health-framed framework that leaves room for individual interpretation about the state
of the healthcare system and the consequences of visiting one’s GP. This two-pronged approach
enables us to test our hypotheses in two different contexts and improves the generalizability of
the finding that better signal precision can effectively reduce low-priority demand and improve
overall efficiency. At the same time, the scope and strength of each of the treatments we
employed may have varied across the two settings. In this section, we discuss features of both
settings that may help explain the observed differences and the applicability of our findings to
real healthcare systems.

A central difference between the two experiments lies in the nature and magnitude of the
costs and benefits associated with seeking care. In Experiment 2, both are hypothetical, but the
potential consequences – such as failing to detect a potentially life-threatening condition such
as cancer – are severe. While such outcomes cannot be credibly incentivized, their salience
nevertheless shapes behavior. In particular, the prospect of a severe health loss may direct
participants’ attention primarily toward their symptoms, making them less responsive to mon-
etary costs or the necessity to overstate one’s symptoms.23 Consistent with this interpretation,
in a post-experimental questionnaire, most participants justify their decisions in Experiment 2
primarily by referring to the described symptoms across the different scenarios.24

23Additionally, participants may not fully integrate costs across domains. In health-framed decisions, the
possibility of severe health losses may dominate relatively minor monetary or psychological costs, thereby
attenuating the effectiveness of the Cost and Triage treatments in Experiment 2. This interpretation is consistent
with models in which health and consumption are not additively separable, so that the marginal utility of money
may depend on health status (Finkelstein et al., 2013).

24Across all treatments, text-analysis reveals that approximately 70% of participants justify their decision to
schedule (or not schedule) a GP visit by referring to symptom-related considerations (e.g., symptom, severity,
urgency, ill), with the word symptom being the most frequently used term across all treatments. Only about
10% additionally cite system-related concerns, e.g., the overwhelmed system, not wanting to burden the GP or
the healthcare system. In the Cost treatments, roughly 10% mention the monetary cost, often noting, however,
that it did not affect their decision. Similarly, in the Triage treatments, only around 10% refer to the need to
exaggerate symptoms as part (or not part) of their decision-making. See Appendix C.E for details.
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In Experiment 1, incentives are real but moderate in magnitude. Although the potential
monetary loss associated with being a high-harm type is meaningful in the context of a short on-
line experiment, it is arguably modest relative to the possibility of a severe health consequence
– a small but distinct risk present in each of the no-harm scenarios of Experiment 2. Moreover,
because all aspects of extraction are explicitly defined in monetary terms in Experiment 1, par-
ticipants can more readily weigh multiple considerations, such as extraction costs and potential
negative externalities, in a balanced manner. This likely increased the effectiveness of some of
the treatment interventions relative to Experiment 2.

Coming to the specific treatments, the relative magnitude and nature of the Cost inter-
vention differed across the two settings. In Experiment 1, participants faced a real extraction
cost of £0.50 that represented a meaningful component of the overall payoff structure and
likely entered the decision process directly. In Experiment 2, participants instead faced a hy-
pothetical £10 co-payment embedded in a broader health context involving potentially severe
consequences. Although nominally larger, its effect may have been attenuated by its hypothet-
ical nature and because participants evaluated it relative to perceived health risks rather than
as a purely monetary trade-off. This suggests that the effectiveness of financial interventions
may depend not only on their absolute size, but also on how salient they are relative to other
aspects of the decision environment.

A related difference arises in the Triage treatment, where the intervention itself may be
perceived differently across the two settings. In Experiment 1, accessing the common pool
in the Triage treatment requires dishonest reporting, potentially triggering lying aversion. In
Experiment 2, it involves stating a willingness to exaggerate one’s symptoms in an online triage
form. While similar in spirit, such forms may be perceived as a routine feature of accessing care.
As a result, the intervention may be interpreted as a procedural hurdle rather than a moral
cost, weakening its impact on behavior. Importantly, this need not merely reflect a difference in
experimental implementation, but may capture a realistic feature of healthcare systems, where
interventions intended to discourage low-priority demand can become normalized and therefore
lose part of their intended effect.

Finally, participants may evaluate the private benefits of seeking care differently across the
two settings. In Experiment 2, consistent with behavioral hazard in health decisions under full
insurance (Baicker et al., 2015), individuals might overestimate the benefit of seeing their GP.
Indeed, the four low-harm scenarios in this experiment describe concrete and familiar symp-
toms which may focus attention on their personal experience of these symptoms rather than
on any social cost of visiting their GP. Providing more accurate information about the severity
of their condition therefore reduces intended GP visits by helping participants recalibrate the
expected benefit of seeking care. In Experiment 1, signal accuracy is presented as an abstract
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numerical parameter, which may not be as salient when considering whether or not to ex-
tract. Nonetheless, we continue to observe a reduction in extraction behavior, suggesting that
improving information may remain effective even when presented in an abstract way.

Taken together, the results from our two experiments indicate that the effectiveness of poli-
cies designed to curb low-priority demand depends critically on how the decision is framed.
When the externality associated with extraction is salient and the consequences of non-
extraction are clearly defined in monetary terms – as in the abstract setting of Experiment 1
– introducing small monetary or psychological misreporting costs can discourage low-priority
utilization. However, when individuals evaluate the decision primarily through the lens of their
own health and the symptoms they are experiencing – as in Experiment 2 – such interventions
appear to have little influence. Instead, in that context, we observe that participants focus on
the perceived personal benefit of seeking care, and only interventions that meaningfully shift
these perceived benefits reduce the propensity to schedule a GP visit. Across both settings,
however, interventions that improve the accuracy of information about one’s potential harm
remain effective, as they directly shape individuals’ perceptions of whether care is warranted.
This suggests that information-based interventions may capture a comparatively robust mech-
anism whose effectiveness is less dependent on the particular decision environment and may
therefore be more likely to translate to real healthcare settings.

VI Conclusion

We conduct two large online experiments with representative samples of the UK population
to investigate the impact of three policy interventions on managing the excess demand for
primary healthcare services. Combining a laboratory-style design (Experiment 1) with a com-
plementary health-framed survey experiment (Experiment 2), we study how individuals with
uncertain health needs and noisy signals respond to different institutional features. Across both
experiments, we find consistent evidence that providing more accurate information about one’s
potential harm reduces the unnecessary extraction of resources. By contrast, while both an
extraction fee and the requirement to overstate symptoms reduce extraction in the abstract
setting of Experiment 1, these effects do not replicate in the health-framed environment of
Experiment 2.

These findings suggest that policies aimed at improving individuals’ information about their
health condition before they decide to seek out care from a health professional are likely to be
the most robust tool for reducing overuse. Such interventions enable a form of self-triage,
allowing patients to better assess their needs before entering the system, thus alleviating the
demand-side pressure on the health-care system. This may be particularly valuable in health-
care systems where increasing supply is not possible in the short run.
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The divergence between some of our laboratory and vignette results also carries a method-
ological implication. When studying behavior in experimental settings designed to capture the
incentives of key actors in the health system, our findings suggest researchers should consider
complementing incentivized laboratory-style designs with health-framed survey experiments.
This is particularly relevant for patient behavior, where field experiments are often infeasi-
ble or ethically constrained, and where realistic incentivization in the laboratory is difficult.
Combining both approaches can therefore provide a more accurate approximation of real-world
behavior than relying on either method in isolation.

The main limitation of the current study is that it does not touch on the supply-side of the
problem in primary care. Interventions aimed at improving efficiency, e.g. through informative
triage, improving continuity of care or considering the incentives of medical personnel them-
selves, are outside the scope of the current study, but could be very effective at addressing wait
times, increasing access and improving overall health outcomes. Hence, information provision
should be viewed as a complement rather than a substitute for other policy tools. In particular,
combining improved patient-side information with effective supply-side triage, investments in
capacity, and preventive care may yield the largest welfare gains.

Another limitation of our study is that it focuses primarily on settings characterized by
potential overuse. Our measure of efficiency therefore largely reflects reductions in low-priority
care. While we find that improved information increases extraction among individuals in the
case of our high-harm scenario – suggesting that such interventions can also promote appro-
priate care-seeking when needs are acute – we do not specifically cover scenarios that describe
symptoms, where patients typically under-utilize primary care resources, such as in cases of
ADHD or depression. An important direction for future research could be to examine the ef-
fectiveness of different interventions in the case of health conditions where under- (rather than
over-) utilization is more prevalent.

Overall, our findings highlight that improving individuals’ information about their health
needs is a simple yet effective tool for reducing low-priority demand while preserving access
for those who need care. By targeting informational frictions on the demand side, such inter-
ventions may offer a scalable approach to improving the efficiency of primary care systems. In
contrast, interventions that rely on financial costs, such as co-payments, or on behavioral fric-
tions, such as symptom exaggeration requirements imposed by supply-side triage, appear more
sensitive to context and may not translate as reliably to real-world health-related behavior.
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A Proofs

A.A Proposition 1
Proof. Players i maximizes her utility by choosing either to extract (xi = 1) or not to extract (xi = 0). We
assume an overwhelmed system, where own extraction necessarily leads to the exclusion of one of the players.

argmax
xi∈{0,1}

πi + αiπj1zi=1 − ci1zi=1 − cpsychi 1Triage∧σno

As the action space consists only of two choices, it suffices to compare the resulting utilities to solve this
maximization problem. Specifically, player i chooses xi = 1 if and only if Ui(x1) > Ui(x0). Thus, we compute
the difference of these two utilities:

∆Ui = Ui(x1)− Ui(x0) =

(
(1− n− 1

n
)ph(h, σ, k)(−A)− n− 1

n
ci − cpsychi 1Triage∧σno + αi(

n− 1

n
)h(−A)

)
−
(
ph(h, σ, k)(−A)

)
⇐⇒ ∆Ui =

n− 1

n
ph(h, σ, k)A− n− 1

n
ci − cpsychi 1Triage∧σno

− αi(
n− 1

n
)hA

Thus player i extracts if the following inequality holds:

∆Ui > 0

⇐⇒ n− 1

n
ph(h, σ, k)A >

n− 1

n
ci + cpsychi 1Triage∧σno

+ αi(
n− 1

n
hA)

A.B Corollary 1
Proof. The costs of extraction are independent of k and thus stay constant with a change in k. The benefit of
extraction after receiving a no harm signal is:

Benefiti =
n− 1

n
phigh(θh|σno)A

⇐⇒ Benefiti =
n− 1

n

(1− k)h

(1− k)h+ k(1− h)
A

Taking the derivative w.r.t. k:

∂Benefiti
∂k

= − (n− 1)h(1− h)A

n(2hk − h− k)2
< 0

Thus, player i is more likely to switch to no extraction – given that they extract in the first place. If player
i already does not extract in a no-harm signal scenario, she would not switch to extraction if the no-harm
signal became more accurate. Thus, increasing the signal accuracy k leads to a weak decrease in extraction
choices.

A.C Corollary 2
Proof. The benefits of extraction are independent of ci and thus stay constant with a change in ci. The costs
of extraction increase with the rate ∂Costsi

∂ci
= n−1

n > 0 and thus extraction choices (weakly) decrease after the
introduction of an extraction cost c.
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A.D Corollary 3
Proof. The introduction of psychic costs does not change the benefit of extraction. Assuming that αi remains
constant, an increase in cpsychi 1Triage∧σno

leads to a (weak) decrease in extraction choices after receiving a no
harm signal as ∂Costsi

∂cpsych
i 1Triage∧σno

= 1 > 0.

A.E Corollary 4
Proof. Absent psychic moral costs, the inequality of Proposition 1 reduces to:

n− 1

n
ph(h, σ, k)A >

n− 1

n
ci + αi

n− 1

n
hA

⇐⇒ (ph(θh|σh)− αih)A > ci

Note that ph(θh|σh) > h > αih for ∀ k ∈ (0.5, 1) and ∀ αi ∈ [0, 1). Absent extraction costs ci, player i
would always extract.
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B Experiment 1

B.A Pre-registration

Version of AsPredicted Questions: 2.00
PDF generated: 2025/12/15 01:51 (PT) Available at https://aspredicted.org/q5mc-9k6y.pdf 1/2

Institutional factors and the extraction of limited health resources (#205066)
Author(s)
Diya Abraham (University of Reading) - d.e.abraham@reading.ac.uk
Ondřej Krčál (Masaryk University) - ondrej.krcal@econ.muni.cz
Jonathan Stäbler (University of Mannheim) - jonathanstaebler@gmail.com

Pre-registered on:
2024/12/18 01:41 (PT)

1) Have any data been collected for this study already?
No, no data have been collected for this study yet.

2) What's the main question being asked or hypothesis being tested in this study?
The healthcare situation in many developed countries has become precarious due to limited supply and a steadily growing demand stemming from
mandatory health cover for all. As a result, health resources may get allocated inefficiently with those with potentially serious conditions not getting
treated in a timely manner. Our research question concerns the effectiveness of measures aimed at preventing the inefficient allocation of limited
health resources. These measures include: i) instituting a small cost of drawing on health services, ii) creating a triage system based on self-
reporting one's symptoms that introduces psychological costs of reporting a type that is contrary to one's signal and iii) receiving access to more
accurate signals about one's health needs.

3) Describe the key dependent variable(s) specifying how they will be measured.
We model limited supply of resources in the healthcare system using a variation of a one-shot common pool resource game with heterogeneous
types, namely, high-harm types (probability h) or no-harm types (probability 1-h), each of whom receive private signals, sig_h = 0 or 1 (where sig_h
= 1 if they receive the signal they are a high-harm type), of accuracy k about their harm type. Participants are divided into groups of 4 and start with
the same initial endowment. Losses (A) are incurred by high-harm types if they do not extract from the common resource pool available to their
group. No-harm types incur no losses. Before learning their type, each member of the group is asked to make a binary decision (q_i = 0 or 1) of
whether to extract resources from the common resource pool given h, k and sig_h.

Since resources are limited, only 3 of the 4 members of the group can extract resources from the common pool at a time. If all 4 members decide to
extract, a random draw will determine which 3 members are allowed to extract and thus offset their losses if they end up being high-harm types. If 3
or fewer members decide to extract, no group member that extracts will incur any loss. A high-harm type can thus incur the losses in two situations:
i) if they do not extract and ii) if they are not selected to extract in the random draw. We elicit participants' extraction decisions in strategy method
where they provide their unconditional extraction decisions for sig_h = 0 and sig_h = 1 as well as their conditional extraction decisions, where the
conditionality is generated by (i) the signal they receive sig_h (= 0 or 1) and (ii) the number of other group members who chose to extract, Q_j,
where Q_j = 1 if all 3 of their group members chose to extract and Q_j = 0 if 2 or fewer of their group members chose to extract.

We assume players have other-regarding preferences represented by a parameter alpha. We then arrive at the pure-strategy Nash equilibrium in
which all players extract if the following condition holds: p(h, sig_h, k) > alpha*h, where p is the agent's belief (we assume Bayesian updating) that
they are a high-harm type knowing h and after receiving sig_h of accuracy k. If, for at least one player, this condition does not hold, i.e., p(h, sig_h, k)
< alpha*h, then there exists an asymmetric pure-strategy Nash equilibrium, where just this player does not choose to extract while the rest do. In
this study, we are interested in this asymmetric pure-strategy equilibrium, where all but one player extracts.

Our main dependent variable, ExtractionCond, is the participant's extraction decision when sig_h = 0 and Q_j = 1.

4) How many and which conditions will participants be assigned to?
Participants will be randomly assigned to 4 between-subject treatments, namely, Baseline, Cost, Triage and Accuracy. All participants receive the
same fixed payment. Each of them also start with an additional initial endowment of GBP 2.5 (their bonus payment). The loss A is equal to their
bonus payment. The probability of being a high-harm, i.e. h, is 50%. The likelihood that the signal, k, they receive about their type is true is 66.67%.

The Baseline with the above parameters is exactly as described above in pt. 3.

In the Cost treatment, all parameters remain the same but the participants who get to extract will incur an additional extraction cost of GBP 0.50
from their bonus payment.

In the Triage treatment, the parameters are the same as in the Baseline but the extraction decision is framed as a reporting decision, where rather
than deciding whether to extract, participants are asked to report whether they are a high-harm or no-harm type with only those who report they are
high-harm types being considered for extraction. In this treatment, reporting that one is a high-harm type is therefore equivalent to choosing to
extract in the other treatments.

In the Accuracy treatment, the only difference relative to the Baseline is that the parameter k (i.e., the accuracy of the signal) is 90%.

5) Specify exactly which analyses you will conduct to examine the main question/hypothesis.
We derive the following theoretical predictions based on our model:
Prediction 1: ExtractionCond_Base > ExtractionCond_Cost
Prediction 2: ExtractionCond_Base > ExtractionCond_Triage
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Prediction 3: ExtractionCond_Base > ExtractionCond_Accuracy

We will use a one-sided proportion to test the above predictions. As a robustness check, we will run Probit models regressing ExtractionCond on the
relevant treatment dummies along with demographic controls.

6) Describe exactly how outliers will be defined and handled, and your precise rule(s) for excluding observations.
We exclude observations that did not complete the experiment and observations with Prolific IDs that are not listed by Prolific as having completed
the experiment.

7) How many observations will be collected or what will determine sample size? No need to justify decision, but be precise about
exactly how the number will be determined.
We will collect at least 1560 participants in total, with 390 in each of the 4 treatments.

8) Anything else you would like to pre-register? (e.g., secondary analyses, variables collected for exploratory purposes, unusual
analyses planned?)
We explore whether empirical expectations, normative expectations and personal norms around non-extraction vary across our treatments.
As further exploratory analyses, we will re-run our main analysis after excluding those who did not extract after receiving a high-signal in all three of
these decisions.
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B.B Robustness Checks Results
In this section, we present three robustness checks of which the first two were pre-registered. In the first
robustness check, we run a Probit model, where we control for individual characteristics of the participants (see
Table 7). In robustness check 2, we exclude participants, who never extract after receiving a high-harm signal,
even when they know that not all others are extracting. Robustness check 3 excludes those participants, who
have at least 3 wrong answers to the quiz questions. In robustness checks 2 & 3, we use two-sided proportion
tests as for the main comparisons. In all three robustness checks, all pairwise comparisons between the three
treatments with the Baseline remain statistically significant (at least p < 0.01).

40



TABLE 7: Probit regression of extraction choices after a no-harm signal
conditional on all others extracting

Dependent variable:
Extraction no-harm all others extract

Treatment: Cost −0.45∗∗∗
(0.09)

Treatment: Triage −0.59∗∗∗
(0.09)

Treatment: Accuracy −0.26∗∗
(0.09)

Female −0.12
(0.06)

Age: 31-40 0.03
(0.10)

Age: 41-50 0.11
(0.11)

Age: 51-60 0.001
(0.10)

Age: 61+ −0.04
(0.10)

Ethnicity: Black 0.01
(0.12)

Ethnicity: Asian −0.10
(0.18)

Ethnicity: Other −0.03
(0.17)

Constant −0.02
(0.10)

Observations 1,696
Log Likelihood −1,072.66
Akaike Inf. Crit. 2,169.31

Note: Robust (HC1) standard errors in parentheses. * p<0.05, ** p<0.01, *** p<0.001
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B.C No-Harm Signal Heterogeneity

TABLE 8: Probit Regression with Interaction Terms

Dependent variable:
Extraction no-harm all others extract

(1) (2) (3)
Cost −0.56∗∗∗ −0.47∗∗∗ −0.38

(0.13) (0.13) (0.22)
Triage −0.52∗∗∗ −0.63∗∗∗ −0.46∗

(0.13) (0.13) (0.22)
Accuracy −0.29∗ −0.33∗∗ −0.19

(0.12) (0.12) (0.23)
Female −0.15

(0.12)
Age > 48 −0.10

(0.12)
White 0.09

(0.16)
Cost × Female 0.21

(0.18)
Triage × Female −0.14

(0.18)
Accuracy × Female 0.06

(0.17)
Cost × Age > 48 0.05

(0.18)
Triage × Age > 48 0.09

(0.18)
Accuracy × Age > 48 0.16

(0.17)
Cost × White −0.09

(0.24)
Triage × White −0.15

(0.25)
Accuracy × White −0.08

(0.25)
Constant 0.01 −0.02 −0.14

(0.09) (0.08) (0.15)
Observations 1,696 1,696 1,696
Log Likelihood −1,071.99 −1,075.01 −1,075.35
Akaike Inf. Crit. 2,159.97 2,166.01 2,166.70

Note: Robust (HC1) standard errors in parentheses. * p<0.05, ** p<0.01, *** p<0.001
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B.D Choices per Signal and Condition

TABLE 9: Probit regression extraction choices per signal and condition

Dependent variable:
Extraction

No-harm Signal −0.71∗∗∗

(0.04)

Not All Others Extract 0.28∗∗∗

(0.04)

Unconditional 0.22∗∗∗

(0.03)

No-harm Signal: Not All Others Extract 0.29∗∗∗

(0.05)

No-harm Signal: Unconditional 0.07
(0.04)

Constant 0.33∗∗∗

(0.03)

Observations 10,176
# Clusters 1,696
Log Likelihood −6,560.24
Akaike Inf. Crit. 13,132.47

Note: SE clustered at individual level. * p<0.05, ** p<0.01, *** p<0.001

B.E Efficiency
For each individual, we construct an efficiency measure by computing the expected probability that a high-harm
player is excluded given the individual’s extraction choices after receiving a no-harm and a high-harm signal
(conditional on all others extracting). If player i extracts, one of the four players is randomly excluded. Whether
the excluded player is high-harm depends on the prior probability h for the remaining group members and on the
posterior probability that player i is high-harm conditional on the received signal. If player i does not extract,
the exclusion probability is simply the posterior probability that player i is high-harm. The overall individual
measure takes the weighted averages over the resulting expected exclusion probabilities for all possible harm
distributions, using the actual extraction choices of player i depending on the signal, where each signal occurs
with probability h.

Figure 6 depicts the average expected efficiency per treatment. The red dotted lines represent the upper
and lower bounds of decision efficiency. The maximum decision efficiency assumes that no one extracts after
receiving a no-harm signal and everyone extracts after a high-harm signal. The minimum decision efficiency
assumes that everyone extracts after receiving a no-harm signal and none extracts after receiving a high-harm
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signal. Note that the maximum decision efficiency is not zero because players do not know their true harm type
but rather rely only on a noisy signal about their harm type. Consequently, if all those who receive a no-harm
signal refrain from extracting, there will be some high-harm players among them simply because the signal is
incorrect. Similarly, a high-harm signal receiver can end up being of no-harm and take the spot away from an
actual no-harm player. Such ‘mistakes’ are less frequent in the Accuracy treatment, where they occur in only
10% of cases (compared to 33.3% of cases in the other treatments). Thus the minimum and maximum decision
efficiencies are broader in the Accuracy treatment (as seen in Figure 6).
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FIGURE 6: Extraction efficiency

Figure 6 shows a clear ordering in terms of efficiency. The expected probability of excluding a high-harm
player is highest in the Baseline (0.49), followed by the Cost treatment (0.48), the Triage treatment (0.47), and
is lowest in the Accuracy treatment (0.46). All pairwise comparisons are significant (at least p < 0.01, two-sided
Wilcoxon rank sum tests).

While these differences may appear modest in absolute terms, even a one percentage point reduction in
the probability that a high-harm player is excluded can correspond to substantial welfare gains when the
consequences of untreated high-harm conditions are severe.

Moreover, the overall differences are likely attenuated by potential noise in extraction choices after receiving
high-harm signals. We note here that since the main focus of Experiment 1 was to identify interventions that
reduce low-priority demand in an overwhelmed system, the instructions and comprehension questions were
specifically designed to ensure participants understood the incentives associated with receiving a no-harm signal
when all other players in one’s group had chosen extract. As such, a certain amount of non-extraction after
receiving a high-harm signal is not unexpected.

To isolate the direct efficiency effects of more accurate information for low-priority individuals, Figure 7 ad-
ditionally reports efficiency conditional on receiving a no-harm signal only. In this case, the Accuracy treatment
reduces the probability that a high-harm player is excluded by 18 %-points relative to the Baseline. This high-
lights the substantial efficiency gains from providing more accurate information to those receiving a no-harm
signal.
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FIGURE 7: Extraction efficiency after receiving a no-harm signal
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B.F Instructions
This section presents screenshots of the environment used in Experiment 1, in the order in which they were
shown to participants. All screens correspond to the Baseline treatment, except for Screen 12, which is shown in
four treatment-specific variants. Screens 13–17 vary across treatments in the same manner as Screen 12. Other
screens may also differ but only marginally across treatments, but these differences are not displayed here. The
full set of instructions is available upon request.

Screen 1

Screen 2
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Screen 3

Screen 4
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Screen 5

Screen 6
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Screen 7

Screen 8
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Screen 9
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Screen 10
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Screen 11

Screen 12 – Baseline
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Screen 12 – Accuracy

Screen 12 – Cost
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Screen 12 – Triage

Screen 13
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Screen 14

Screen 15
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Screen 16

Screen 17
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Screen 18

Screen 19
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C Experiment 2

C.A Pre-registration

Version of AsPredicted Questions: 2.00
PDF generated: 2025/12/15 01:55 (PT) Available at https://aspredicted.org/dh7mb6.pdf 1/2

Institutional factors and the extraction of limited health resources: follow-up (#252763)
Author(s)
Diya Abraham (University of Reading) - d.e.abraham@reading.ac.uk
Ondřej Krčál (Masaryk University) - ondrej.krcal@econ.muni.cz
Jonathan Stäbler (Masaryk University) - jonathanstaebler@gmail.com

Pre-registered on:
2025/10/20 02:04 (PT)

1) Have any data been collected for this study already?
No, no data have been collected for this study yet.

2) What's the main question being asked or hypothesis being tested in this study?
We study how individuals make decisions about their health in 5 hypothetical scenarios, 4 of which describe symptoms that do not require medical
attention, and 1 of which describes symptoms that does require medical attention. These 5 scenarios were created in consultation with practicing
medical professionals in the UK and were further vetted by 14 online medical professionals based in the UK. In our study, participants read each
scenario and state how likely they are to book an appointment with their General Practitioner (GP). We test whether the chance of an unnecessary
GP visit (i.e., in a scenario that does not warrant medical attention) can be reduced by introducing these measures: 1) instituting a small upfront cost
that is incurred by the patient when visiting their GP, 2) providing more information about their current health condition through active reflection or
speaking to a friend in the medical profession, and 3) implementing a system whereby they would need to exaggerate their symptoms in their GP's
online triage form to secure the appointment.

3) Describe the key dependent variable(s) specifying how they will be measured.
Our DV is participants' stated likelihood to make an appointment at their GP's office after reading a given scenario describing their health symptoms.
Making an appointment involves either 1) exaggerating one's symptoms in an online form to secure the appointment (triage treatments) or 2) calling
their GP's office to secure the appointment (non-triage treatments).
We only consider participants' choices in the 4 scenarios that have been vetted by our medical professional to be very unlikely to require a GP visit.
We call these the low-harm scenarios. We note that each scenario has a low and high accuracy version where the high accuracy version provides a
bit of additional information about the potential need for medical attention but is otherwise identical to the low accuracy version.

4) How many and which conditions will participants be assigned to?
We have 4 between subject treatments and 1 within subject treatment.

The 4 between subject treatments are as follows:
1) Baseline – participants are asked to state how likely they are to call their GP's office to secure an appointment after reading each scenario. There
is no upfront cost of visiting one's GP's office and no need to exaggerate symptoms to secure an appointment.
2) Cost – identical to Baseline except that participants are aware that the (hypothetical) system is such that they would incur a £10 cost when
visiting their GP.
3) Triage – identical to Baseline except instead of being asked how likely they are to call their GP's office to secure an appointment, they are asked
how likely they are to exaggerate their symptoms in an online form to secure the appointment.
4) CostTriage – combines the Cost and Triage treatments such that participants not only incur the £10 cost when visiting their GP but also must
exaggerate their symptoms to secure the appointment.

The within subject treatment is the Low-accuracy vs. High-accuracy versions of each scenario: Half the participants read the Low-accuracy version of
2 low-harm scenarios and the High-accuracy versions of the other 2 low-harm scenarios. Meanwhile, the other half of participants view the High-
accuracy versions of the former and the Low-accuracy versions of the latter. There is only 1 high-harm scenario i.e., the scenario that does require
medical attention. Half the participants view the High-accuracy version of it while the other half view the Low-accuracy version of it.

5) Specify exactly which analyses you will conduct to examine the main question/hypothesis.
We have the following predictions for our DV, which is participants' stated likelihood to make an appointment at their GP's office. These are:

Prediction 1: Baseline > Cost
Prediction 2: Baseline > Triage
Prediction 3: Baseline > CostTriage
Prediction 4: Cost > CostTriage
Prediction 5: Triage > CostTriage

For Predictions 1-5, we conduct an OLS regression (Regression I), where we regress the DV on the following variables: (i) a dummy for each between-
subject treatment (Cost, Triage, and CostTriage) and (ii) a dummy for the high and low accuracy version of each of the 4 low-harm scenarios, so in
total 8 scenario dummies. We cluster standard errors at individual level. We check whether the estimates of each of the between-subject treatment
dummies is significantly different from zero. In addition, we check whether the coefficients of these dummies are significantly different from each
other using a Wald test.

Prediction 6: Base_Low > Base_High
Prediction 7: Cost_Low > Cost_High
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Prediction 8: Triage_Low > Triage_High
Prediction 9: CostTriage_Low > CostTriage_High

For Predictions 6-9, we conduct an OLS regression (Regression II), where we regress the DV on the following variables: (i) a dummy for each
between-subject treatment (Cost, Triage, and CostTriage), (ii) a dummy for each interaction of the between-subject treatment with the High-accuracy
condition (Baseline_High, Cost_High, Triage_High, CostTriage_High), (iii) a dummy for each of 4 low-harm scenarios (i.e., regardless of whether it is
the High-accuracy or Low-accuracy version). We cluster standard errors at individual level. We check whether the estimate of each of the dummies
of (ii) is significantly different from zero.

6) Describe exactly how outliers will be defined and handled, and your precise rule(s) for excluding observations.
We will recruit a representative UK sample on Prolific. We will not invite participants who participated in a previous experiment that tested similar
predictions using a different set-up. We exclude observations where participants did not complete the experiment or are not listed by Prolific as
having completed the experiment.

7) How many observations will be collected or what will determine sample size? No need to justify decision, but be precise about
exactly how the number will be determined.
We aim to collect data from 1200 participants in total.

8) Anything else you would like to pre-register? (e.g., secondary analyses, variables collected for exploratory purposes, unusual
analyses planned?)
1. We check whether the estimates of the dummies (ii) in Regression II are significantly different from each other using a Wald test.

2. We will test for heterogeneous treatment effects based on age, gender, ethnicity, and income.

3. We will repeat the main analyses for the high-harm scenario. We acknowledge here that the interpretation of the outcome variable in the Triage
treatment is less straightforward in this case. This is because for this treatment the outcome variable is participants' response to the question of how
likely they are – to exaggerate their symptoms – to secure an appointment with their GP. Since our 14 medical professionals from the previous study
judged this scenario as clearly warranting medical attention, strictly speaking, there should be no need to exaggerate one's symptoms to secure an
appointment. We may therefore see a downward bias in responses in the Triage treatment depending on how participants interpret the question.
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C.B Robustness First Displayed Scenario

TABLE 10: Regression Results Vignette Experiment – First Displayed
Scenario

Dependent variable:
Reported likelihood of scheduling a GP appointment in %
Regression I Regression II

(1) (2)
Cost 1.315 1.512

(2.137) (2.996)

Triage 4.873∗ 7.384∗

(2.209) (3.116)

CostTriage 3.486 3.577
(2.204) (3.105)

Baseline × High accuracy −5.876
(3.024)

Cost × High accuracy −6.292∗

(2.966)

Triage × High accuracy −10.941∗∗∗

(3.199)

CostTriage × High accuracy −6.106
(3.178)

Constant 13.125∗∗∗ 20.288∗∗∗

(2.496) (2.478)

Scenario Fixed No Yes
Scenario Accuracy Fixed Yes No
#Clusters (Individuals) 1200 1200
Observations 975 975
R2 0.034 0.033
Adjusted R2 0.024 0.023

Note: SE clustered at individual level. * p<0.05, ** p<0.01, *** p<0.001
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C.C Heterogeneity

TABLE 11: OLS regression: Likelihood to schedule a GP appointment

Dependent variable:
Reported likelihood of scheduling a GP appointment in %

(1) (2)
Cost −0.64 (1.31) −0.80 (1.54)
Triage 0.71 (1.45) 0.44 (1.60)
CostTriage 0.90 (1.35) 0.52 (1.54)
Female −5.98∗∗∗ (1.04) −6.01∗∗∗ (1.04)
Age: 31–40 −2.73 (1.65) −2.70 (1.65)
Age: 41–50 −2.86 (1.79) −2.80 (1.79)
Age: 51–60 −5.04∗∗∗ (1.51) −4.98∗∗ (1.51)
Age: 61+ −5.37∗∗∗ (1.60) −5.38∗∗∗ (1.60)
Ethnicity: Asian 14.06∗∗∗ (2.29) 14.11∗∗∗ (2.29)
Ethnicity: Black 22.54∗∗∗ (4.65) 22.60∗∗∗ (4.66)
Ethnicity: Other 5.05 (3.15) 5.18 (3.15)
Income: £20,000 – £29,999 2.84∗ (1.43) 2.96∗ (1.42)
Income: £30,000 – £39,999 0.03 (1.41) 0.13 (1.40)
Income: £40,000 – £49,999 1.49 (1.97) 1.53 (1.97)
Income: £50,000 – £59,999 3.41 (2.13) 3.39 (2.14)
Income: £60,000 or more 0.32 (2.20) 0.39 (2.20)
Income: I’d rather not say 1.22 (2.38) 1.17 (2.38)
Baseline × High accuracy −3.86∗∗∗ (0.94)
Cost × High accuracy −3.54∗∗∗ (1.00)
Triage × High accuracy −3.30∗∗∗ (0.83)
CostTriage × High accuracy −3.10∗∗∗ (0.88)
Constant 23.33∗∗∗ (1.98) 21.56∗∗∗ (1.88)
Scenario Fixed No Yes
Scenario Accuracy Fixed Yes No
#Clusters (Individuals) 1,200 1,200
Observations 4,800 4,800
R2 0.10 0.10
Adjusted R2 0.10 0.09

Note: SE clustered at individual level. * p<0.05, ** p<0.01, *** p<0.001
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C.D Validation of Health Scenarios in Experiment 2
We first developed eight health-related scenarios in consultation with medical professionals. These scenarios
were subsequently validated in a Prolific study with 14 certified UK general practitioners (GPs). Based on this
validation, we selected three scenarios out of these eight: (ii) Scenario 1, with an average rating of 4.5 on a 0–10
scale (where 0 = “definitely do not visit a GP”), labeled as Scenario A; (ii) Scenario 4, with an average rating
of 4.0 (Scenario B); and (iii) Scenario 6 (low accuracy), which received an average GP recommendation of 2.7
(Scenario C).25 For Scenarios 1 and 4, we merged the high- and low-accuracy versions. For all three selected
scenarios, we then constructed new high-accuracy variants. Importantly, all selected scenarios had mean ratings
below 5.0, indicating that GPs, on average, advised against a visit. At the same time, there was substantial
heterogeneity in GP evaluations, which we consider advantageous, as the scenarios were intended to provide
noisy but informative signals consistent with low harm. In addition, we developed one further scenario D, which
8 out of 14 GPs identified as a common situation in which patients unnecessarily visit their GP. Finally, we
included a high-harm scenario 9 in which a GP visit is unequivocally warranted (Scenario E). This scenario
received an average recommendation of 9.57 out of 10.

Another aim of the validation study was to obtain empirical estimates of how frequently individuals visit
their GP under these types of scenarios. All 14 GPs agreed—10 strongly (7 on a 7-point Likert scale) and 4
somewhat (6 on a 7-point Likert scale)—that “sometimes, individuals may make appointments to see their GP
despite their symptoms not really being ones that require medical attention.”

C.E Analysis of Participants’ Open-text Responses
In order to evaluate participants’ reasoning for scheduling (or not scheduling) a GP appointment, we make
use of their open-text responses to the post-treatment questionnaires, in which they explain the factors they
considered when making their decisions. We analyze these textual data using computational text analysis
techniques in two steps: first, we identify the most prevalent words in participants’ responses; second, we apply
dictionary-based analysis to examine whether responses contain terms that are expected to be associated with
particular motivations.

First, we examine the most frequently used words within each treatment using term-frequency analysis. To
ensure that the resulting terms are meaningful for our purposes, we pre-process participants’ responses by lower-
casing the text, removing punctuation and numbers, tokenizing responses into individual words, lemmatizing
words to their dictionary form26, removing stop words, and excluding words shorter than three characters. We
then compute word frequencies separately for each treatment and visualize the 15 most frequent terms in Figure
8. It shows that across all treatments, the word symptom is by far the most frequently used term. Terms related
to cost or exaggerate do appear in the respective treatments, yet much less frequently than symptoms.

25The averages are calculated across both low- and high-accuracy versions of these scenarios.
26For instance, after lemmatization, both exaggerated and exaggerating are reduced to exaggerate.
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FIGURE 8: Frequency of Words in Reasons for Extraction per Treatment

Second, we apply a dictionary-based classification approach to quantify the prevalence of different types
of considerations mentioned in participants’ responses. We construct five dictionaries capturing (i) symptom-
related severity and urgency, (ii) health care system-related concerns, (iii) non-monetary payoff considerations,
(iv) references to exaggeration or honesty, and (v) monetary cost considerations.27 For this analysis, pre-
processing is kept to a minimum and includes only lower-casing and the removal of punctuation. Each response
is then evaluated for matches with the category dictionaries, and we record a binary indicator for whether at
least one term from a given category occurs in the response. For each category, we calculate the proportion
of participants whose responses contain at least one such term and summarize these measures by treatment
using 95% Wilson binomial confidence intervals in Figure 9. The figure illustrates that across all treatments,
approximately 70% of participants justify their decision to schedule (or not schedule) a GP visit by referring
to symptom-related considerations (e.g., symptom, severity, urgency, ill). Only about 10% additionally cite
system-related concerns, e.g., the overwhelmed system, not wanting to burden the GP or the healthcare system.
In the Cost treatments, roughly 10% mention the monetary cost, often noting, however, that it did not affect
their decision. Similarly, in the Triage treatments, only around 10% refer to the need to exaggerate symptoms
as part (or not part) of their decision-making.

27The symptom-related severity dictionary consists of the following terms: symptom, severity, severe, serious,
serios, ill, consequence, urgent, persist, i needed, i really needed, i truly needed, long, condition, life threatening,
experience, go away, worried, risk, importance, sick, concerning, necessary, information, unwell, damage, pain,
cause, bad. The system-related dictionary includes: overwhelmed, burden, GP’s time, doctor’s time, physician’s
time, their time, anyone’s time, waste, someone else, others, trouble the, troubling the, appropriate, health
service, warrant an appointment, warranted an appointment, more urgent, embarrassment, deserv, busy, drain,
justif, overworked, merit, healthcare system. The non-monetary payoff dictionary includes: hassle, waiting time,
worth it, waiting room, treatable, effort, my time, anyone’s time. The exaggeration and honesty dictionary
includes: exaggerat, fair, honest. The monetary cost dictionary includes: money, cost, charge, not cost, pounds
10, fee, price.
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C.F Instructions
This section presents screenshots of the environment used in Experiment 2, in the sequence in which they were
displayed to participants. The screens correspond to the Baseline treatment and scenario combination T1, in
which Scenarios A and C are presented in their high-accuracy versions, while Scenarios B, D, and E are shown
in their low-accuracy versions. The full texts of all scenarios are reported in Table 13. Instructions in the
other strictly between-subject treatments differ primarily in Screen 2 (Welcome) and Screens 4–8 (Scenarios);
we therefore present Screen 2 and Screen 4 in all treatment-specific variants. Screens 5–8 are shown only for
the Baseline treatment, but would vary analogously across treatments.

Screen 1

Screen 2 – Baseline
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Screen 2 – Cost

Screen 2 – Triage

Screen 2 – CostTriage

Screen 3
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Screen 4 – Baseline

Screen 4 – Cost

Screen 4 – Triage
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Screen 4 – CostTriage

Screen 5

Screen 6
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Screen 7

Screen 8

Screen 9
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C.G Accuracy Versions of Scenarios

TABLE 13: High-accuracy versions of scenarios used in Experiment 2. Italics
indicate elements specific to the high-accuracy versions.

Sc
en

ar
io

A

Today you woke up feeling more tired than usual, and felt as though you had a tight band around your
head. It came on gradually but now feels quite bad. You put it down to staring at screens too long last
night and move on with your day.
Just before leaving for work, you do a quick Google search of your symptoms, which bring up alarming
possibilities: meningitis, a brain tumor, or other serious neurological conditions. You remember that
your annual health check was just one week ago—your doctor had gone through everything thoroughly
and said you were in good health. You are now uncertain whether your symptoms are just the result
of sleeping a bit later than usual last night and not drinking enough water or whether they might be
indicating something serious. You wonder whether to make an appointment with your GP.

Sc
en

ar
io

B

You woke up today with a crampy pain low in your abdomen and a bloated feeling. You’d had a stomach
upset last night so you are a bit tired as well. At midday, the discomfort is lingering. You search, “lower
abdominal pain and diarrhoea” and it immediately shows up results such as appendicitis. The more
you read, the more uncomfortable you feel. You think back and remember you had a spicy curry last
night but you are not sure whether that is what is causing it. You also recall that you barely drank
any water yesterday and that you have actually experienced similar symptoms once before and it passed
on its own. You wonder whether to make an appointment with your GP.

Sc
en

ar
io

C

It has started to get warm at night, so you have been sleeping with the windows open. For the last ten
days or so, you have had a mild cough—it’s not bad and isn’t accompanied by any other symptoms so
you don’t give it much thought. Today, you search for “persistent cough” on Google and the results
range from bronchitis to lung cancer. You start to feel panicky.
You force yourself to be calm and think through things. You remember at your last health check a few
weeks ago, the GP said you were doing fine and they were quite thorough with the tests. Further googling
suggests that a mild cough is rarely indicative of a serious health issue. You are unsure whether to give
it a few more days, maybe sleeping with the windows closed, and see if it subsides. You wonder whether
to make an appointment with your GP.

Sc
en

ar
io

D

You have just returned from a holiday, after visiting your brother and your 2-year-old niece. Your niece
was down with a viral infection, so you didn’t have much fun. Today you wake up feeling quite unwell
with a sore throat and a cough. You don’t bring up any phlegm but the cough persists the whole day.
You stay in bed most of the day but by the end of the day you feel extremely tired and your muscles
ache. You lay in bed and try to think about the last few days. You realize that you most likely caught
the viral infection your niece had and in that case, you know that nothing much can be done except to
wait it out. Still, you don’t feel well at all and [Y]ou wonder whether you should make an appointment
to see your GP.

Sc
en

ar
io

E

You have been feeling a bit off for the past week—some nausea here and there, a vague sense of discomfort
in your upper abdomen after eating, and more recently, a dull ache in your upper back that comes and
goes. This morning, after climbing a single flight of stairs, you feel unexpectedly short of breath. You
are not wheezing, but you are winded in a way that doesn’t feel normal. Later, when sitting down at
your desk, the discomfort comes back with a wave of nausea and cold sweat.
You google your symptoms. To your surprise, several medical websites warn that these could be signs of
a “silent” heart attack even if the pain isn’t sharp or dramatic. That sounds extreme to you—nothing
feels urgent exactly—but now you are sitting still and your heart seems to be beating harder than it
should.
You call a friend in the medical profession and describe how you have been feeling. They ask you a
few questions and you notice that their tone has changed—it has become more serious. They say that
you must likely need to see a doctor and sooner rather than later. You know your friend to be extra
cautious so when you put down the phone, [Y]ou wonder again whether it may make sense to make an
appointment with your GP.
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