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Abstract

Many challenges in the 21st century (e.g., addressing climate change) are related

to (failures of) moral and prosocial decision-making. In this thesis, I investigate

how humans make these decisions, drawing on data from over 25 million individ-

uals (5,934 from experimental studies and the rest from meta-analyses) and tackle

two key methodological bottlenecks: publication bias and (lack of) computational

modelling.

In Part I (Chapters 1–3), I use novel statistical techniques, which I developed

to adjust for publication bias in meta-analysis, to critically evaluate the evidence for

Construal Level Theory, the Identifiable Victim Effect, and nudging. I document

strong publication bias in all three of these areas, with meta-analytic mean effects

not distinguishable from zero after adjusting for this bias.

Part II of the thesis offers a more constructive counterpoint by developing novel

paradigms and computational models. Chapter 4 examines scope insensitivity, eval-

uates the Unit Asking Method as an intervention to address it, and proposes an im-

proved Sequential Unit Asking technique. Chapter 5 investigates decisions under

extinction risk (e.g., death or human extinction) in individual and collective deci-

sions using a novel experimental paradigm. I derive optimal strategies for these

types of decisions and use (dependent) mixture modelling to describe individual-

level behaviour. I find that, while participants are relatively good in terms of the

qualitative strategies employed, their decisions are nevertheless affected by be-

havioural biases. Chapter 6 studies how people learn to make moral decisions using

a novel reinforcement learning paradigm. Drawing on research on strategy selec-

tion learning and comparing different reinforcement learning models, I show that



learning about strategies (moral rules or cost-benefit reasoning) rather than specific

behaviours predicts generalisation to incentive-compatible donation decisions.

Overall, this thesis demonstrates limitations in existing approaches while high-

lighting how formal and computational modelling, and publication-bias-adjusted

meta-analysis can advance the understanding of moral and prosocial decision-

making.
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Impact Statement

This thesis investigates how humans make moral and prosocial decisions, drawing

on data from over 25 million individuals. It contributes new statistical methods for

bias-corrected meta-analysis and novel experimental paradigms and computational

models for understanding how people respond to societal challenges. These contri-

butions have the potential to benefit both academic research and decision making

beyond academia.

With regards to academic research, the bias-adjustment techniques I developed

offer a generalisable and scalable approach to re-evaluating evidence across disci-

plines that rely on meta-analysis, such as psychology, economics, and medicine. By

applying these tools to influential domains such as Construal Level Theory, nudg-

ing, and the Identifiable Victim Effect, I show that some widely accepted findings

are contaminated by publication bias, which is important knowledge for researchers

working on these topics and underscores the need to adopt research practices that

mitigate bias.

In addition, the computational models and novel experimental paradigms in-

troduced in Part II can serve as reusable tools for other researchers studying these

topics (to facilitate this, I make all data, experimental, and analysis code publicly

available). I hope that this will bring more research attention to important domains

that had previously been neglected. The academic impact of this thesis is also un-

derscored by the fact that many of the chapters have been published or are in press

in top disciplinary or multidisciplinary journals, such as PNAS, Nature Human Be-

haviour, and Cognitive Psychology.

The findings in this thesis are not only of interest to other academics but also to

policymakers and other stakeholders. First, the strong publication bias in research

on nudging and the identifiable victim effect shows that many behavioural inter-

ventions that are used by governments and NGOs are less effective than previously

thought. To address this, Chapter 3 highlights possible improvements in research

practices by Nudge Units (government agencies or independent companies that de-
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velop and test behavioural interventions) to address these challenges, and Chapter

4 develops an effective intervention (Sequential Unit Asking) that can be used by

charities and NGOs for fundraising.

Further, my research on decisions under extinction risk offers a framework for

understanding how individuals and groups perceive and act on long-term threats.

I also use this paradigm to test several interventions that can reduce risk-taking

under extinction risk. These insights can inform public communication strategies

and global risk governance.

Finally, the reinforcement learning paradigm developed in Chapter 6 shows

that when people receive feedback about the consequences of their decisions, they

adopt decision strategies that benefit the greater good. These insights can be used to

design behavioural interventions and educational programs aimed at fostering more

impartial prosocial decision making, by prompting people to reflect on the direct

and indirect consequences of their moral decisions.
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Bartoš, F.*, Maier, M.*, Stanley, T. D., & Wagenmakers, E.-J. (in press). Robust

Bayesian meta-regression – Model-averaged moderation analysis in the presence of

publication bias. Psychological Methods. https://doi.org/10.31234/osf.io/98xb5.
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Chapter 0

Introduction

The PlayPump — a merry-go-round that pumps water while children play on it

— offers a vivid illustration of the limitations in human moral and prosocial de-

cision making. Inspired by the potential to pump fresh water without the heavy

work of manually operating the pump, Trevor Field, who had acquired the patent

to the invention, launched PlayPumps International and secured his �rst sponsor in

1995 and a World Bank grant in 2000. Initially, the PlayPump received widespread

praise from international media, celebrities, and in�uential donors. High-pro�le

supporters, including former U.S. President Bill Clinton and First Lady Laura Bush,

brought global attention and millions of dollars in funding to Field's project. How-

ever, in 2009, reports documenting several shortcomings of the PlayPump were

released (e.g., UNICEF, 2007, only made publicly available in 2009). The device

was dif�cult and exhausting to use: children did not play on it as they found it

tiresome or even unsafe, and women frequently ended up turning the pump them-

selves. Moreover, the PlayPump was considerably more expensive, less effective,

and harder to maintain compared to traditional hand pumps. These reports eventu-

ally led to the US arm of PlayPumps International shutting down and its sponsor,

the Case Foundation, withdrawing support. Yet, despite these setbacks, Field con-

tinued his mission under the new name Roundabout Water Solutions, still installing

PlayPumps across South Africa with ongoing corporate support (for more details

on the PlayPump story see MacAskill, 2015).

The adoption of the PlayPump raises many interesting psychological ques-



tions: Why did it take such a long time for people to recognize that the PlayPumps

were an inferior alternative to existing pumps? Why did Field still continue in-

stalling the pumps even after the shortcomings were known? Why was initial en-

thusiasm for the project so high, even though at the time, the practical advantages

of the PlayPump were arguably already relatively small compared to the substantial

increase in cost (the PlayPump was around four times as expensive as conventional

pumps)? What psychological interventions can help individuals make better deci-

sions in similar situations going forward?

While this story can be seen as a cynical perspective on humans' moral and

prosocial decision making, it actually has a relatively optimistic starting point: Peo-

ple take an issue faced by others in relatively distant countries with dissimilar cul-

tures seriously and are motivated to act. This is and was, of course, not always

the case for all types of moral decisions. For instance, consider slavery, which was

widely accepted as a morally acceptable practice before British abolitionists suc-

cessfully campaigned for it to be abolished in the British Empire at considerable

economic cost (Blackburn, 2010, pp. 33–93; Fogel, 1994, p. 228). This raises an-

other important question: How do people realise that practices which are commonly

accepted at a certain time are morally wrong, and consequently, how is reliance on

ethical principles (or decision mechanisms) adjusted?

Further, many of the underlying reasons for the failure to recognize the limi-

tations of the PlayPumps program (e.g., dif�culty of learning in situations without

frequent accurate feedback, cf. Kahneman and Klein, 2009) and, arguably, also the

wrongness of slavery, are not unique to limitations of moral and prosocial decision

making. Instead, they can be seen as instantiations of more general decision making

phenomena in the domain of moral and prosocial decision making. This PhD thesis

adopts the view that usually the same principles apply to both non-moral, and moral

and prosocial decision-making, and as a result, many chapters apply ideas and the-

ories from broader decision-making research to moral and prosocial decisions.

My overarching goal in this thesis is to use a variety of tools available to a psy-

chological or cognitive scientist (and in some parts those of an applied statistician)
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to rigorously understand moral and prosocial decision making and interventions to

increase prosociality. To do so, I will rely on two main approaches: publication

bias-adjusted meta-analysis and experimental work combined with computational

modelling. The �rst half of the thesis revisits areas where extant literature is already

available (Construal Level Theory, the Identi�able Victim Effect, and nudging) and

assesses the strength of evidence in these areas using methods that I developed

to correct for publication bias. The second part of the thesis focuses on areas that

have been relatively understudied, in particular, Unit Asking (a method to overcome

scope insensitivity), decision making under extinction risk, and moral learning. In

these areas, there is not enough past research for meta-analytic investigations (and

often no consistent paradigm to study these topics). Instead, I will rely on a combi-

nation of experimentation and computational modelling.

0.1 Two Key Issues in Research on Moral and Proso-

cial Decision Making: Publication Bias and Lack

of Formal Modelling.
This thesis is written with a particular focus on two issues in research on moral

and prosocial decision making: publication bias and lack of speci�c theories imple-

mented in computational models.

Publication bias, the selective publication of scienti�c results (usually in the

form of preferentially publishing statistically signi�cant results over non-signi�cant

results), leads to an overestimation of effect sizes when relying on the past litera-

ture. This is a particularly pervasive problem in meta-analysis, where aggregating

the published literature will consequently lead to overestimation of evidence for and

size of effects. Research has shown that publication bias, along with other problems

such as questionable research practices, leads to substantial overestimation of the

evidence for published effects in meta-analyses (Barto�s et al., 2023, 2024; Stanley

et al., 2018). Therefore, it is pertinent that work relying on the past literature takes

publication bias into account. To address this issue, my collaborators and I devel-
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oped new methods to correct for publication bias in meta-analysis, which have been

shown to outperform other methods in simulation studies and empirical examples

(see Barto�s, Maier, Wagenmakers, et al., 2022; Maier, Barto�s, and Wagenmakers,

2023), and are applied in Part I of this thesis.

A second problem in research on moral and prosocial decision making is lack

of formal theory development, in particular usingcomputational modelling. In

the history of psychology as a discipline, important breakthroughs have often come

from the application of mathematical modelling (Navarro, 2021). This is unsurpris-

ing as implementing theories in computational models has several bene�ts: They

allow making precise quantitative predictions, they allow comparing observed be-

haviour to optimality, and they allow researchers to infer parameters from data

that may represent psychological constructs but cannot be easily inferred from data

alone (Crockett, 2016; Tusche & Bas, 2021). Despite the general success of com-

putational models in other areas of psychology to which they have been applied,

there is relatively little work studying moral and prosocial decisions using these

tools, with a few notable exceptions (see Awad et al., 2022; Crockett, 2016; Tusche

& Bas, 2021). To close this gap, a key method in the second part of the thesis

(in particular the chapters on moral learning and decisions under extinction risk) is

reliance on computational models to understand behaviour on an individual level.

Importantly, publication bias and lack of formal modelling should not be

viewed in isolation, but amplify each other in various ways. For instance, pub-

lication bias makes it more dif�cult to understand variability in effect sizes and

consequently more dif�cult to develop formal theories to describe this variability.

However, the lack of formal theory also ampli�es publication bias as null effects

become less informative if the theory is weak (in the General Discussion, I out-

line some ideas for an integrated methodological approach using publication bias

adjustment and computational modelling).
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0.2 Overview of the Thesis
This PhD thesis is structured in two parts. In the �rst part, I revisit important re-

search areas in moral and prosocial decision making with publication bias adjust-

ment methods. First, I reanalyse a meta-analysis on Construal Level Theory. This

theory posits that psychological distance (associated, for instance, with distance in

space or time) has various downstream consequences, such as increased abstraction

(Jones et al., 2017; Liberman & Trope, 1998, 2014; Spence et al., 2012; Trope &

Liberman, 2011), which in�uence decision making. It therefore has important im-

plications for understanding how people think about spatially distant people (e.g.,

those living in faraway countries) and temporally distant people (e.g., those that will

live in the future, Trope and Liberman, 2003, 2010).

Second, I revisit the Identi�able Victim Effect: the tendency to offer more

support to an identi�able individual over a group of unidenti�ed victims who are

described using numerical statistics (Jenni & Loewenstein, 1997). This inconsistent

valuation results in inef�cient resource allocation in altruistic decisions. I reanalyse

an important meta-analysis on this effect using methods to correct for publication

bias and conduct a replication of a seminal paper.

In the third chapter of Part I, I investigate publication bias in research on nudg-

ing. Nudging describes behavioural interventions that aim to change behaviour

without using incentives (for instance, by setting defaults). These nudges are

promising tools for increasing prosocial behaviour (Capraro et al., 2019) and have

been studied both in academic research and in government `nudge units', such as

the behavioural insights team and the Of�ce for Evaluation Sciences (DellaVigna

& Linos, 2022). In this chapter, I revisit both academic research on nudging and

research by nudge units, �nding strong publication bias in academic research and

suggestive evidence for publication bias in research by nudge units.

Faced with the reality of publication bias and the strong impact it had on many

�elds in moral and prosocial decision making, I was faced with two possible options

for how to continue in Part II: either I could revisit the same areas that I reanalysed

in Part I with empirical studies to understand which types of effects are more likely
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to replicate than others (to the extent that effects were heterogeneous), or I could

create new paradigms studying other important areas of moral and prosocial deci-

sion making, which had been neglected in the previous literature. Ultimately, the

thesis takes the second course for two main reasons. First, many of the most impor-

tant topics related to moral and prosocial decision making have received too little

attention in the previous literature (including the three areas that I study in the sec-

ond part of my thesis). Second, for those areas that I studied using meta-analytic

methods, adequate paradigms and methodologies were already in place to some ex-

tent. I was therefore more hopeful that other people would study these questions if

I would not (and indeed there have been developments in that direction, such as a

large multilab replication on Construal Level Theory, https://climr.org/), compared

to the more neglected issues that I address in the second half of the thesis (which

arguably would have remained neglected had I not started to tackle them here).

The second part, therefore, addresses three relatively understudied domain ar-

eas. First, I consider the problem of Scope Insensitivity, and in particular, the Unit

Asking Method to address scope insensitivity. Scope Insensitivity has been put for-

ward as one of the key reasons for many failures in altruistic decision making, from

inef�cient charitable donations (V̈astfj̈all & Slovic, 2020) to our relative indiffer-

ence in response to large-scale atrocities (Cameron & Payne, 2011; Dickert et al.,

2012, 2015; Slovic & V̈astfj̈all, 2010a).

Then, I investigate decisions under extinction risk. In the 21st century, human-

ity faces several risks that could, in the worst case, lead to human extinction, such

as runaway climate change (Kemp et al., 2022), risks from arti�cial intelligence

(Christian, 2021; Russell, 2019), bio-terrorism and pandemics (Millett & Snyder-

Beattie, 2017a, 2017b), and nuclear war (Ellsberg, 2017; Perry & Collina, 2020).

A recent survey of experts and super-forecasters1 �nds a median risk of human ex-

tinction by 2100 of 6% according to experts and 1% according to super-forecasters

(Karger et al., 2023). These risks can be considered high for something as impact-

ful as human extinction - most people would not take a �ight with an airplane that

1Superforecasters are individuals that are selected for excellent ability to forecast future events,
but usually not domain experts (Tetlock & Gardner, 2016).
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had a 6% or even a 1% chance of crashing. Therefore, this chapter aims to un-

derstand how individuals and groups make decisions under extinction risk and test

interventions to reduce risk-taking in light of these risks.

In these two chapters, the ethically right decision can be seen as relatively

straightforward (reduce extinction risk or donate to a charity that helps children

in need); in the last chapter, I study scenarios, where this is not the case, and ask

how people learn which decision mechanisms people rely on in these situations. In

particular, I develop a new paradigm to study how people learn when to rely on

moral rules (often equated with deontologism) versus cost-bene�t reasoning (often

equated with utilitarianism). I further propose a theoretical model based on strategy

selection learning (Lieder & Grif�ths, 2017; Rieskamp & Otto, 2006), and imple-

ment it in reinforcement learning models to understand individual differences in

learning styles and how they affect generalisation.

All chapters of this dissertation are based on collaborative work (though I was

�rst or shared-�rst author on all published projects included here). I will use the

pronoun `we' in the chapters describing work that I conducted together with collab-

orators, while I use `I' in the introduction and discussion. Author contributions are

stated at the end of each chapter. In addition to the Appendices, many sections in-

clude online supplementary information. The link to the supplementary information

is always provided at the end of the corresponding section.
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Part I

Revisiting Classic Theories and

Interventions with Novel Publication

Bias Adjustment Methods
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Background for Part 1
As outlined in the general introduction, I consider publication bias one of the

key challenges for research in moral and prosocial decision making. This chap-

ter, therefore, applies publication bias correction methods to adjust for this bias in

various research areas related to moral and prosocial decision making.

For most of the reanalyses, I rely on a method called Robust Bayesian Meta-

Analysis (RoBMA), which my collaborators and I developed. RoBMA uses

Bayesian model-averaging to combine Bayesian implementations of multiple fre-

quentist publication bias adjustment methods. The key idea of Bayesian model-

averaging is applying an ensemble of models to the data simultaneously (36 models

in RoBMA), whereby the weight given to each model is based on its posterior prob-

ability, which is proportional to the marginal likelihood (i.e., the probability of the

data given the model). This approach allows the data to guide the inference to be

based most strongly on those models that predicted the data best and makes RoBMA

uniquely robust to model misspeci�cation.

RoBMA has been extensively tested in simulation studies as well as on empiri-

cal data by comparing publication bias-adjusted meta-analysis to registered reports.

In all these demonstrations, RoBMA has outperformed other methods across most

meta-analytic settings (Barto�s, Maier, Wagenmakers, et al., 2022; Maier, Barto�s,

& Wagenmakers, 2023). Nevertheless, publication bias-adjusted meta-analysis is

no panacea, and ultimately, it is important to conduct direct replications and adopt

methods to mitigate publication bias, such as registered reports. I therefore do not

consider the demonstrations in this part conclusive evidence but rather cautionary

notes that should motivate further research in the form of direct replications. For

the Identi�able Victim Effect, we follow the RoBMA reanalysis with a replication,

while for the other topics, replication efforts, which were in part motivated by the

meta-analytic work presented here, are currently ongoing (see https://climr.org/).

Including all the statistical papers on development of the RoBMA method

would be beyond the scope of the current thesis, but I include the references to key

papers below, for anyone who wants to consult them alongside the demonstrations
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in Part I:

Maier, M.* , Barto�s, F.*, & Wagenmakers, E.-J. (2023). Robust Bayesian Meta-

Analysis: Addressing publication bias with model-averaging.Psychological Meth-

ods, 28(1), 107-122.https://doi.org/10.1037/met0000405.

Barto�s, F., Maier, M. , & Wagenmakers, E.-J.(2023). Robust Bayesian Meta-

Analysis: Model-averaging across complementary publication bias adjustment

methods.Research Synthesis Methods, 14, 99-116 https://doi-org.libproxy.ucl.ac.
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Science5(3), 1-19. https://doi.org/10.31234/osf.io/75bqn.

34



Chapter 1

Construal Level Theory

Construal Level Theory (CLT) is one of the most prominent social psychology and

decision making theories. In recent years, a large number of studies have been

inspired by this theory (Figure 1.1), and the foundational review article (Trope

& Liberman, 2010) has been cited> 8000 times at the time of writing (Google

Scholar, May 19th, 2025).

CLT proposes that thinking about temporal distance, spatial distance, another

person's perspective (interpersonal distance), and counterfactual alternatives all

constitute different forms of traversing psychological distance and as such invoke

the same underlying psychological mechanisms. Greater psychological distance

leads to a higher construal level or more abstract representation of phenomena

(Liberman & Trope, 1998, 2014; Trope & Liberman, 2003, 2010, 2011). For exam-

ple, participants indicated a greater preference to describe the activity, `�lling out a

personality test' as `revealing what you're like' (rather than `answering questions')

when thinking about their life further in the future (Sánchez et al., 2021). This

straightforward theoretical framework has inspired a variety of applications of psy-

chological science to real-world problems, including important issues such as the

way people think about infectious diseases (e.g., Cai & Leung, 2020; Z. Li et al.,

2020; Van Lent et al., 2017) and climate change (e.g., Brügger, 2020; Br̈ugger et

al., 2016; Chu & Yang, 2019; Jones et al., 2017; Keller et al., 2021; Loy & Spence,

2020; Maiella et al., 2020; Reczek et al., 2018; Rickard et al., 2016; Schuldt et

al., 2018; Spence et al., 2012; Wang et al., 2019), with some even stating that `the



key problem [underlying climate change] is psychological distance' (Van Lange &

Huckelba, 2021, p.49).

Figure 1.1: Research on Construal Level Theory Is Increasing Rapidly

Note. Increase of publications on Construal Level Theory (black) in comparison to the general
increase in scienti�c output (red) based on Bornmann et al. (2021) and scaled to overlap in 2010.

1.1 Motivation for the Current Research
In light of the theoretical and applied importance of CLT, it is crucial to rigorously

assess the evidence underlying this theory. So far, only a few replication efforts

have been directed towards studies supporting CLT and they show a mixed pattern.

Some replication studies have directly examined the effect of psychological

distance on construal level. Early small studies consistently found that increased

psychological distance led to higher levels of abstraction (Liberman & Trope, 1998;

Liviatan et al., 2008; Wakslak et al., 2006). In addition, a high powered replication

showed a moderate effect ofd = 0.276 (Śanchez et al., 2021) of temporal distance.

However, another higher-powered replication did not observe the predicted effect

of likelihood on abstraction (Calderon et al., 2020). A recent article suggests that

the effect of likelihood on abstraction might occur only when the study explicates

the contrast between proximal and distal by including both high and low likelihood

for reference (Grinfeld et al., 2021).

Two further replications of CLT studies have been conducted in the domain of
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moral psychology. T. Eyal et al. (2008) showed that virtuous acts are judged more

positively, and moral transgressions more negatively, when psychological distance

is large rather than small. This effect is predicted by CLT on the basis that people

tend to construe distant acts more in terms of moral principles rather than consid-

ering situation-speci�c factors (T. Eyal et al., 2008). However, Gong and Medin

(2012) found the opposite result.�Ze�zelj and Jokíc (2014) conducted a third repli-

cation that tried to reconcile these �ndings. They found yet a different pattern of

results: no effect of temporal distance on moral judgement, but an effect of social

distance in line with CLT predictions, and the opposite effect for a direct manipu-

lation of construal level. The inconsistent and partially opposing �ndings across a

set of three studies prompted a series of commentaries (T. Eyal et al., 2014; Gong

et al., 2014) proposing different mechanisms to recast these �ndings (a detailed

examination of which is beyond the scope of this short summary).

In the domain of climate change communication, Yang et al. (2021) failed to

replicate the effects of psychological distance on mental construal using a cued

distance manipulation originally devised by Schuldt et al. (2018). Further, a recent

review �nds that the results of applications of CLT to climate change are mixed and

contradictory (Maiella et al., 2020).

Next to these direct replications, conceptual replications provide additional ev-

idence. Notably Snefjella and Kuperman (2015) �nd support for CLT predictions

in different domains in a large study analyzing natural language use. However,

while mostly in line with CLT predictions, their study �nds a curvilinear relation-

ship with a small increase of concreteness for large distances. In addition, Bhatia

and Walasek (2016) �nd strong support for a relationship between temporal dis-

tance and abstraction using large natural language corpora. While these studies are

an important piece of evidence due to their large sample sizes (all studies Ns> 1

000 000), they suffer from the drawback of being conceptual rather than direct repli-

cations. If a conceptual replication fails, it is usually less informative than a direct

replication as it is unclear whether this re�ects failure to replicate the underlying

theory or problems with the idiosyncratic adaptions made in this replication. This
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asymmetric informativeness may cause favorable publishing of conceptual replica-

tions that are successful (Chambers, 2019; Pashler & Harris, 2012).

This section shows that evidence from high-powered replications is only avail-

able in a few domains and in these areas the patterns of evidence are often con�ict-

ing. In addition, the wide set of predictions and implications that can be derived

from CLT make it dif�cult to assess credibility using large-scale replications alone.

However, given the substantial in�uence of CLT, it is important to obtain a wider

overview of its evidential standing. Therefore, this chapter takes a different ap-

proach. Here we ask whether the available literature on CLT shows any evidence

of being tainted by publication bias. To the extent that publication bias exists in a

�eld, with positive �ndings being selectively published relative to null or negative

�ndings (the �le-drawer effect, R. Rosenthal and Gaito, 1964), the published re-

search will present an in�ated estimate of the robustness of the key effects. Hence

the present work adds to the existing evidence base by examining the evidence for

underlying effects in CLT studies with novel publication bias detection methods.

1.2 Reanalysing a Comprehensive Meta-Analysis on

Construal Level Theory
Soderberg et al. (2015, cited more than 380 times at the time of writing, May 17th,

2025) represents the most recent and largest meta-analysis of the effects of psycho-

logical distance on abstraction (310 estimates) and the downstream consequences of

abstraction (426 estimates). Consequently, Soderberg et al. (2015) provides an ap-

propriate dataset for an initial exploration of the potential role of publication bias in

CLT research. From their meta-analysis, Soderberg et al. (2015, p. 525) reported `a

reliable and medium-sized effect of psychological distance on both level of abstrac-

tion in mental representation and the downstream consequences of abstraction'. But

is this conclusion robust to the possible presence of publication bias?

Soderberg et al. (2015) explicitly address the potential for publication bias in

their meta-analysis with methods available at the time. They provide a funnel plot

(Figure 1.2), demonstrating a considerable skew in effect sizes, which is indicative
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of potential publication bias. Soderberg et al. (2015) subsequently quanti�ed the

in�uence of the suggested publication bias via the trim-and-�ll method (Duval &

Tweedie, 2000), �nding that there were only 39 `missing' studies whose inclusion

would reduce the meta-analytic effect size tog = 0.30 . In addition, using fail-safe N

(R. Rosenthal, 1979) they showed that 15,202 studies with a null effect size would

have needed to be missing to reduce the aggregate effect to zero.

Figure 1.2: Funnel Plots for Soderberg et al. (2015)

Note. A: The in�uence of (A) construal level on abstraction. (B) Downstream consequences of
abstraction. Five (A) and eight (B) estimates are not shown as they were outside the plotting range.

There is, however, a large and rich literature on bias correction methods which

shows that both of these approaches, as well as visual inspection of funnel plots,

are insuf�cient to detect and correct for publication bias and often have high false

positive rates (concluding that a true effect exists when it does not; e.g., Barto�s,

Maier, Quintana, and Wagenmakers, 2022; Barto�s, Maier, Wagenmakers, et al.,

2022; Carter et al., 2019; Hong and Reed, 2020; Hunter and Schmidt, 2004; Kvar-

ven et al., 2020; Lau et al., 2006; Maier, Barto�s, and Wagenmakers, 2023; Mathur

and VanderWeele, 2020).

While a number of alternative approaches have been suggested in the literature

(for a review, see Carter et al., 2019), a shared problem for these approaches is that

they only perform well in some meta-analytic conditions (i.e., type of publication

bias and heterogeneity). However, it is not possible to know the meta-analytic con-

ditions without having adjusted for publication bias, which poses a conundrum to
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model selection (Barto�s et al., 2023). The recent Robust Bayesian Meta-Analysis

(RoBMA) approach (Barto�s, Maier, Quintana, & Wagenmakers, 2022; Barto�s,

Maier, Wagenmakers, et al., 2022; Barto�s & Maximilian, 2020; Maier, Barto�s, &

Wagenmakers, 2023) is an advance on previous methods because it uses Bayesian

model-averaging to apply multiple methods at the same time and is therefore the

approach employed here. RoBMA combines selection models (models that use

a weighted likelihood to account for studies that are missing due to publication

bias; Iyengar & Greenhouse, 1988; Maier et al., 2022; Vevea & Hedges, 1995) and

PET-PEESE (a method that employes linear and quadratic regression to correct for

publication bias based on the relationship between effect sizes and standard errors;

Stanley, 2017; Stanley & Doucouliagos, 2014) under the Bayesian model-averaging

umbrella (Hinne et al., 2020; Hoeting et al., 1999). Rather than selecting a single

method, Bayesian model-averaging combines the estimates obtained from different

methods based on their posterior probability. In other words, models contribute to

the inference in proportion to how likely they are to have generated the data. This

allows the data to guide the inference to be based most strongly on those models that

capture the publication process best. RoBMA allows us to draw inferences about

the presence versus absence of the effect, heterogeneity, and publication bias.

RoBMA's ability to ef�ciently correct for publication bias has been demon-

strated repeatedly in simulation studies as well as applied examples. First, in simu-

lations, Barto�s, Maier, Wagenmakers, et al. (2022) tested RoBMA by reproducing a

large simulation by Hong and Reed (2020), which combined four previous simula-

tion studies (Alinaghi & Reed, 2018; Bom & Rachinger, 2019; Carter et al., 2019;

Stanley et al., 2017). This indicated that RoBMA performs well under a wide range

of settings and outperforms other bias correction methods most of the time in terms

of bias and root mean squared error. RoBMA's performance was also evaluated

on empirical data. Kvarven et al. (2020) compared the accuracy of meta-analytic

estimates to the estimates of registered replication reports (RRR, Chambers, 2013;

Chambers et al., 2015) – often considered the gold standard of empirical evidence.

Barto�s, Maier, Wagenmakers, et al. (2022) reproduced this analysis with RoBMA,
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showing that RoBMA's meta-analytical estimate tracks the RRRs substantially bet-

ter than naive random-effects meta-analysis and better than other bias correction

techniques. Finally, Maier, Barto�s, and Wagenmakers (2023) tested the false pos-

itive rate of different bias correction techniques using studies from Many Labs 2

(Klein et al., 2018). Many Labs 2 is a collection of registered replication reports;

therefore, we know that publication bias is absent. If a bias correction technique

�nds evidence for bias nevertheless, this is likely to be a false positive. This analy-

sis showed that whereas many other methods detect publication bias where none is

possible, RoBMA maintained a low false positive rate.1

When RoBMA is applied to the Soderberg et al. (2015) dataset about the ef-

fects of psychological distance on abstraction, the results indicate: (1) very strong

evidence for the presence of publication bias, BFpb > 10100;23 (2) moderate evi-

dence for the absence of the effect, BF01 = 7:75; and (3) a model-averaged effect

size ofd = � 0:002, 95% [� 0:113, 0:056]. In other words, the data are 7.75 times

more likely under the null hypothesis of no effect than under the alternative prior of

Normal(0,1), and the estimated true effect is close to zero.4

When considering the downstream consequences of abstraction, RoBMA also

revealed overwhelming evidence for publication bias, BFpb > 10100, but with ev-

idence in favor of the effect for downstream consequences of abstraction, BF10 =

16:29; however, the resulting effect size estimate was in the directionoppositethat

in the original meta-analysis,d = � 0:360, 95% [� 0:657, 0:000]. When a bias cor-

1RoBMA might be criticised for being too conservative (i.e., correcting effect sizes too strongly).
However, evidence from the comparison of RRRs to bias-corrected meta-analyses as well as the low
false positive rate of the test for publication bias on RRRs shows that this is not the case. In addition,
RoBMA often �nds no bias in published meta-analyses. For example, Shipley and van Riper (2022)
show that pride and guilt predict pro-environmental behaviour; a reanalysis with RoBMA comes
to the same conclusion for both experimental and correlational studies with no evidence of bias in
either of the domains or study types.

2The publication bias correction models were preferred beyond the numerical precision ofR
(around 10308).

3As a general rule of thumb, Bayes factors between 1 and 3 are regarded as anecdotal evidence,
Bayes factors between 3 and 10 are regarded as moderate evidence and Bayes factors larger than
10 are regarded as strong evidence. When evidence for the null is considered the Bayes factor is
inverted (i.e., BF01 = 1=BF10) (e.g., Jeffreys (1939); M. D. Lee and Wagenmakers (2013, p. 105);
Wasserman (2000)).

4For more information about prior speci�cation, see Barto�s, Maier, Wagenmakers, et al. (2022)
Appendix B.
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rection technique reverses the estimate of an effect size to the opposite direction,

this should usually be considered as indicative of a null effect (e.g., Carter et al.,

2019).5

Figure 1.3 shows the footprints of publication bias in the Soderberg et al.

(2015) dataset. Panel 1 visualises the RoBMA model-based estimate of the rela-

tionship between standard errors and effect sizes; the results show that studies with

smaller sample sizes (and more noisy estimates) systematically lead to higher (bi-

ased) effect size estimates. In addition, the intercept of the PET-PEESE regression

line shows that the hypothetical effect size for a study with in�nite precision would

be tiny for the effects on abstraction (A1). Panel 2 visualises the relationship be-

tween one-sidedp-values and relative publication probabilities. This visualization

suggests that studies with statistically non-signi�cant effect size estimates are con-

siderably less likely to be published than signi�cant ones, especially in the studies

on downstream consequences (B2). This pattern is especially severe for studies

with effects in the opposite direction to what CLT predicts (as signi�ed by the fact

that studies withp-values larger .5, which indicates effects opposite the predicted

direction, have very low relative publication probabilities).

5This correction in the opposite direction is likely due to the extreme bias observed based on
p-value selection. The relative publication probability of studies estimating effects in the opposite
direction is estimated to be extremely low; therefore, adjusting for this difference in publication
probability �ips the overall estimate to be in the opposite direction. As Table A.2 indicates, the
estimate is corrected to zero, when all effectsj d j> 1.5 are removed, indicating that the interpretation
as a true zero effect is more appropriate than concluding an effect in the opposite direction.
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Figure 1.3: Footprints of Publication Bias in the Soderberg et al. (2015)

Note. Column 1 shows the relationship between standard errors (x-axis) and effect sizes (y-axis)
based on the conditional RoBMA PET-PEESE models (�ve and eight estimates out of the plotting
range not shown); Column 2 shows the relationship between one-sidedp-values (x-axis) and relative
publication probabilities (y-axis) based on the conditional RoBMA selection models. Row A shows
the results for the effect of psychological distance on abstraction, and row B shows the results for
the downstream consequences of abstraction.

Notably, both meta-analyses provided extreme evidence in favor of het-

erogeneity with the between study heterogeneity estimatet = 0:367, 95%

[0:314;0:421], andt = 0:712 [0:616;0:804], for the effects on abstraction and

downstream consequences, respectively. Therefore, we also conduct subgroup

analyses based on the moderators identi�ed in Soderberg et al. (2015), speci�cally:

Setting (lab, �eld, or online), `Real or Imagined' (i.e., whether the manipulation

of distance in the study was perceived by the participants to be real or imaginary),

and `Focus of Measure' (i.e., whether the dependent variable measured changes in

high level characteristics, low level characteristics or both). The subgroup analysis
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allows us to test whether the mean effect in any of the groups is different from zero

and allows for the publication process to operate differently depending on the levels

of the moderator. Table 1 shows the results of this analysis. The only group that

shows evidence for a mean effect larger than zero is `�eld studies'. Further, we �nd

evidence for heterogeneity (BF10 > 3) in 8 out of 11 subgroups.6

Due to the inability of publication bias adjustment methods to perform a 3-level

meta-analysis that accounts for clustering of effect size estimates within individual

studies (the previous results ignored the dependencies between individual effects),

we also re-analysed the data in two additional ways: (1) selecting the most precise

estimate from each study; (2) aggregating the estimates from each study (using their

precision weighted average, following Soderberg et al.). In addition, Soderberg's

meta-analysis contained several unrealistically large effects which might have a

strong impact on the PET-PEESE regression line. Therefore, we also analysed the

data with all effects larger thanj d j = 1.5 removed (19 estimates for the effect of psy-

chological distance on abstraction and 21 estimates for downstream consequences

of abstraction). Finally, because regression-based methods are sometimes criticized

for �nding bias for reasons other than publication bias (Lau et al., 2006), we also

reanalysed the data by only using the selection models in RoBMA (excluding PET-

PEESE). Overall, this resulted in 12 different analyses (2x2x3). The results of this

`RoBMA multiverse' (Gelman & Loken, 2013; Orben & Przybylski, 2019; Wagen-

makers et al., 2022) can be found in Appendix A.1. All of these permutations show

very strong evidence for publication bias and smaller effect sizes than the original

meta-analysis. Regarding the effect of psychological distance on abstraction, six

analyses show evidence against an effect,7 three are undecided and three show ev-

idence in favor. For downstream consequences of abstraction, six show evidence

against an effect, two are undecided, and four show evidence in favor of an effect.

In other words, the CLT literature is certainly contaminated by publication bias,

which leads to strong in�ation of effect sizes. However, while the default analysis

6The justi�cations for focusing only on the signi�cant moderators are (a) that we would not
expect a non-signi�cant moderator to show evidence after adjusting for publication bias, and (b) that
including all moderators and sensitivity analyses for them would require more than 200 analyses.

7Including two cases that show evidence for an effect in the opposite direction.
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and the majority of additional analyses show evidence of absence regarding a mean

effect, this �nding is not entirely robust to model speci�cation. Speci�cally, when

removing effect sizes larger thand = 1:5, we �nd moderate to strong evidence for

an effect for some of the model speci�cations (see Appendix A.1 for details). Over-

all, the reanalysis of Soderberg et al. (2015) thus shows that publication bias leads to

considerable overestimation of CLT effect sizes, and may even reduce mean effects

to zero.

1.3 Sequential Robust Bayesian Meta-Analysis of

Recent Studies
Given the recent credibility revolution and improvement of the quality of evidence

in behavioural research (Nosek et al., 2018, 2022; Vazire, 2018), it is crucial to

examine more recent studies than those included in Soderberg et al. (2015). To

assess more recent evidence for Construal Level Theory, we conducted a sequential

meta-analysis. In frequentist meta-analysis, sequential updating and testing as the

data accumulate in�ates the rate of false positives; however, evaluating evidence

using the Bayes factor permits sequential analysis to be undertaken (Rouder, 2014;

Wagenmakers et al., 2016).

We used the same search terms as in Soderberg et al. (2015) and coded studies

backwards in time starting in July, 2022. We terminated the data collection after

collecting 41 downstream consequences estimates and 10 abstraction estimates. We

initially aimed to code until we reached a Bayes factor of 3 for either the null or

the alternative hypothesis of the presence of the effect under the Osterwijk prior.

However, studies on the effect of construal level on abstraction have become more

rare in the recent literature (likely because researchers see this effect as established

and focus on studying novel downstream effects). Therefore, we only found ten

estimates for the effect of construal level on abstraction even when going back until

June, 2019.8

8We coded both effects on abstraction and downstream consequences of abstraction in articles
published from July, 2022 until August, 2021 after we switched to looking only at effects of construal
level on abstraction, given the scarcity of studies on this effect after June, 2019. We stopped the cod-

45



To increase our ability to �nd evidence for the null or the alternative model

of the effect, and thus the ef�ciency of the procedure, we use the informed Ooster-

wijk prior distribution on the standardized mean difference (Gronau, van Erp, et al.,

2017). The Oosterwijk prior distribution, Student-t(m= 0:350;s = 0:102;n = 3),

was speci�cally elicited from a social psychologist to describe small to medium

effects in social psychology. To ascertain the robustness of our �ndings, we also re-

analysed the data with the default RoBMA settings, a Normal(m= 0;s = 1) prior

distribution on the effect. The conclusions are the same in terms of the Bayes factor

categories unless stated otherwise in a footnote.

The recent studies on downstream consequences showed moderate evidence

against the presence of the effect, BF01 = 6:71,9 with a mean model-averaged es-

timate of Cohen'sd = 0:032, 95% CI[0:000;0:342]. Furthermore, we found ex-

treme evidence in favor of heterogeneity, BFr f = 7:51� 1093, with a mean model-

averaged estimate oft = 0:62, 95% CI[0:486;0:778]. Finally, we found strong

evidence in favor of publication bias, BFpb = 19:56.

The recent studies on the effect of construal level on abstraction showed weak

evidence for the presence of the effect, BF10 = 1:347,10 with a mean model-

averaged estimate of Cohen'sd = 0:148, 95% CI[0:000;0:400]. Furthermore, we

found extreme evidence in favor of heterogeneity, BFr f = 2187:11, with a mean

model-averaged estimatet = 0:252, 95% CI[0:121;0:457]. Finally, we found mod-

erate evidence in favor of publication bias, BFpb = 3:61.11

ing at this point as we considered earlier studies to be less likely impacted by recent improvements
in research practices.

9Weak evidence against the presence of the effect, BF01 = 2:71, when using the default RoBMA
settings.

10A weak evidence against the presence of the effect, BF01 = 2:27, when using the default
RoBMA settings

11A strong evidence for the presence of publication bias, BF01 = 11:83, when using the default
RoBMA settings
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1.4 Quantitative Assessment of Publication in a

Broader Set of Studies using Z-Curve
Our reanalysis of the dataset by Soderberg et al. (2015) focuses only on the effect

of abstraction and the downstream consequences. In addition, to obtain a sense of

the complete research �eld, it is also important to examine a wider range of studies,

with all interventions and dependent measures that could be associated to CLT.

To investigate more recent evidence, and also to obtain a wider overview of

the CLT literature, we coded the 400 most highly-cited studies (in terms of cita-

tions/year) on CLT published since 2013 for a z-curve analysis. We choose to focus

on the most highly-cited studies, rather than for example a random subset, as we

thought it most important to check the robustness of those studies that researchers

will read and cite in practice.

Z-curve estimates the mean statistical power of the published studies after se-

lection for statistical signi�cance (Barto�s & Schimmack, 2022; Brunner & Schim-

mack, 2020). Unlike standard meta-analytic methods such as RoBMA, z-curve does

not assume the studies originate from a single distribution of effects. Therefore, it is

uniquely suited for assessing the credibility of literature in contexts where different

studies may test completely different effects. This is not the case of RoBMA which

assumes that the individual studies are assessing a common underlying construct.

Therefore, we conducted the following wider assessment of the CLT literature with

z-curve.

To estimate the mean statistical power of a diverse set of studies and account

for a possibly large degree of heterogeneity, z-curve models the distribution of test

statistics. First, z-curve transforms the test-statistics intoz-scores and then models

them as a mixture of truncated folded normal distributions. In other words, z-curve's

goal is to approximate the overall distribution of all statistically signi�cant studies

regardless of the direction of the effect (under the assumption that all signi�cant

studies get published). This approximate distribution is then used to compute sum-

maries about the published statistically signi�cant studies, the expected replication
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rate, and to extrapolate and provide information about all conducted (and possibly

unpublished) studies, the expected discovery rate.

Z-curve quanti�es the degree of publication bias in terms of the expected repli-

cation rate and expected discovery rate. The expected replication rate is the propor-

tion of statistically signi�cant studies that are expected to produce a statistically

signi�cant result in an exact replication with the same sample size. In other words,

it corresponds to the unconditional power of statistically signi�cant studies (i.e.,

power not assumingH 1 to be true). The expected discovery rate re�ects the ex-

pected proportion of statistically signi�cant studies amongst all conducted (and

possibly unobserved) studies. A lower expected discovery rate than the observed

discovery rate indicates that a proportion of non-signi�cant studies is likely to be

missing from the literature (Barto�s & Schimmack, 2022).

The accuracy of the expected replication rate estimates under heterogeneity

was corroborated in a simulation study by Brunner and Schimmack (2020). Later,

Barto�s and Schimmack (2022) extended these simulations and tested z-curve's per-

formance in both the expected discovery rate as well as the expected replication

rate in cases with studies generated from true null hypotheses. Furthermore, Barto�s

and Schimmack (2022) used two large data sets of hand-coded test statistics from

social psychology journals and found that the expected replication rate estimated

by z-curve overestimated the observed replication rate of social psychology studies

from the Open Science Collaboration project, which suggests that, if anything, in-

ferences from z-curve may yield conservative estimates of the degree of publication

bias in a literature (Open Science Collaboration, 2015).

We obtained 306 test statistics of focal-hypotheses and conducted a z-curve

analysis to estimate replicability of the selected studies from the published litera-

ture (see Appendix A.3). To achieve a more powerful assessment of the estimated

replicability across an extended period, we further combined the newly coded test

statistics with data from the Soderberg et al. (2015) meta-analysis. Figure 1.4 com-

pares histograms of the observed distribution of test-statistics (converted toz-scores)

to the z-curve based estimate of the expected distribution of test-statistics (full blue
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line). Results of both z-curve analyses suggest considerable publication bias indi-

cated by the mismatch between the expected discovery rate and the observed dis-

covery rate; 18%, 95% CI [7%, 53%], vs. 80%, 95% CI [75%, 84%], based on the

newly recoded studies (Panel A), and 37%, 95% CI [17%, 48%], vs. 65%, 95% CI

[62%, 68%], based on the extended data set (Panel B). However, the estimated repli-

cation rate of 60%, 95% CI [49%, 70%] based on the newly recoded studies (Panel

A), and 55%, 95% CI [49%, 60%], based on the combined data set (Panel B), shows

that some studies on Construal Level Theory might hold up under replication.

Figure 1.4: Z-Curve Analysis of Test-Statistics from Construal Level Theory Studies

Note. Estimated distribution (and 95% CI) of test statistics based on statistically signi�cant results
(blue line) vs. observed distribution (histogram). The much lower number of observed than expected
nonsigni�cant z-scores indicates the existence of studies missing due to publication bias. Panel A
shows z-curve �tted to the 306 hand-coded test statistics of focal hypothesis tests from the 400 most
highly-cited articles on Construal Level Theory published since 2013. Panel B shows z-curve �tted
to an expanded data set including these 306 effects as well as test statistics from Soderberg and
colleague's (2015) meta-analysis.

1.5 Conclusion
We critically assessed the empirical evidence underlying Construal Level Theory.

Our �rst conclusion is that the evidential value of studies in this �eld is substantially

reduced after adjusting for publication bias. First, a RoBMA multiverse re-analysis

of a large dataset – previously interpreted as providing strong evidence for CLT –

found strong evidence of publication bias. In addition, most model speci�cations

show evidence against both an effect of construal level on abstraction and on down-
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stream consequences of construal level after publication bias is accounted for. For

those model speci�cations where we did not �nd evidence of absence, the effect

size was still considerably smaller than in the original meta-analysis. For the down-

stream effects this �nding is further corroborated by a sequential meta-analysis of

more recent studies, which shows evidence against an overall effect on downstream

consequences. Further, we quantitatively assessed more recent evidence with a z-

curve analysis. This analysis indicated a striking mismatch between the expected

and observed discovery rates – a pattern that is indicative of publication bias.

Importantly, it is not clear which part of the research process causes the es-

timated low replicability and discovery rates. It is possible that CLT as an idea is

fundamentally correct, but that poor measurement or weak manipulations cause low

expected discovery rates in practice (Eronen & Bringmann, 2021; Flake & Fried,

2020; Lilienfeld & Strother, 2020). For example, measures of concreteness have

been criticized for lack of validity (Yeomans, 2021). In addition, many CLT exper-

iments employ between-subjects priming procedures (e.g., imagine oneself engag-

ing in and describing activities either `tomorrow' or `next year' as the manipulation

Liberman and Trope, 1998 or viewing a map that is displayed on a larger vs smaller

screen Schuldt et al., 2018), and recent large scale replications show that between-

subjects priming effects are often not replicable (Camerer et al., 2018).

In addition, the extremely large heterogeneity in the Soderberg et al. (2015)

meta-analysis questions whether we can draw strong conclusions about individual

studies based on evidence regarding a mean effect. In other words, due to the large

variability of true effects, some CLT methods are likely still effective (while others

probably show back�re effects) even if the mean effect was zero. We �nd that het-

erogeneity persists for most subgroups in a subgroup analysis. Better understanding

the heterogeneity of CLT effects is therefore a key challenge for future research. To

this end, we are currently developing moderator analyses and mixture modelling for

RoBMA.

Finally, bias correction techniques are no panacea. Importantly, the estimates

from these methods cannot be seen as an alternative to high-powered replications
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(Carter et al., 2019; Kvarven et al., 2020). Therefore, it is important to carry out

more empirical research to critically assess the evidence underlying CLT. This new

research should ideally be conducted via high-powered registered reports to arrive at

a more credible assessment of the theory (Chambers, 2013; Chambers et al., 2015).

We especially welcome one such initiative (https://climr.org/), which examines the

effect of the four different distance domains on abstraction and plans to �nish data

collection in late 2023. We hope that more replication efforts like this will also be

initiated on the applied implications of the theory and downstream consequences

of abstraction. Until these replication projects are conducted, researchers should

treat CLT based interventions with caution, given the doubts raised here about the

underlying evidence base.
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mated. https://doi.org/10.31234/osf.io/r8nyu [unpublished preprint]

Data and Code Availability: Data are and analysis code are available at https:

//osf.io/sd4yc/.
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M.M. and F.B. performed research; M.M. and F.B. analysed data; and M.M., F.B.,

T.D.S., D.R.S., A.J.L.H., and E.-J.W. wrote the paper.
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Chapter 2

Identi�able Victim Effect

In the previous chapter, we demonstrated how publication bias affects a key the-

ory, which explains how people make judgments about distant others. This chapter

builds on that insight by examining a possible strategy for reducing psychological

distance – making victims more identi�able. Speci�cally, we explore how publica-

tion bias may also shape �ndings in the literature on the Identi�able Victim Effect

and replicate a seminal paper on this effect.

The Identi�able Victim Effect is the tendency to offer more support to an iden-

ti�able individual over a group of unidenti�ed victims who are described using nu-

merical statistics (Jenni & Loewenstein, 1997). This inconsistent valuation results

in inef�cient resource allocation and appears to be supported by substantial empiri-

cal research (Bergh & Reinstein, 2021; Caviola et al., 2020; Erlandsson et al., 2014;

Friedrich & McGuire, 2010; Lee & Feeley, 2016; Loewenstein et al., 2006; Slovic,

2007; Small & Loewenstein, 2003).

The identi�able victim effect plays an important role in research and policy,

with several highly cited articles and popular science books on the topic (e.g.,

Banerjee & Du�o, 2011; Bekkers & Wiepking, 2011; Singer, 2019; Slovic, 2007;

Small et al., 2007). Further, charities often display images of identi�ed victims,

hoping that this increases charitable donations (e.g., https://www.savethechildren.

org.uk/).

Given the importance of this phenomenon, it is concerning that several recent

studies have questioned its robustness. For example, Hart et al. (2018) failed to �nd



support for the identi�able victim effect in donation behaviour and policy support.

Recently, Moche and V̈astfj̈all (2021) also failed to replicate the effect across three

well-powered studies. A �eld experiment also failed to provide evidence for the

effect (Lesner & Rasmussen, 2014). These failed replications are surprising given

that other high-powered studies did �nd evidence for the identi�able victim effect

(Caviola et al., 2020; Galak et al., 2011; Sudhir et al., 2016).

All of the studies cited above employ slightly different designs and can thus

be considered conceptual replications. Reliance on conceptual replications can be

problematic because when conceptual replications fail, it can be argued that the

differences in methodology are the explanation for the different results (Chambers,

2017, p. 16). This may interact with publication bias, resulting in successful con-

ceptual replications being published at a higher rate than unsuccessful ones.

This chapter, therefore, assesses the credibility of evidence for the identi�-

able victim effect more directly using a combined approach of bias-corrected meta-

analysis and replication. We �rst reanalyse a widely cited meta-analysis on the topic

(Lee & Feeley, 2016) and then attempt a direct replication of one of the key studies

(Small et al., 2007).

2.1 Reanalysis of a Meta-Analysis on the Identi�able

Victim Effect Suggests the Need to Revisit the

Phenomenon
Lee and Feeley (2016) conducted a meta-analysis that summarized 41 effects from

22 experiments (n = 15,967) on the identi�able victim effect and found a `signi�-

cant yet modest IVE [identi�able victim effect]' (Lee & Feeley, 2016, p.199), re-

ferring to an aggregated effect ofr = :05. However, there is reason to believe that

this effect might be even weaker when publication bias is accounted for: the three

highest powered studies in the dataset show effects that are almost zero, includ-

ing one study with 12802 participants (r = 0:004). Lee and Feeley examined the

possibility of publication bias using visual inspection of funnel plots. However,
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this approach does not perform well under some conditions like high heterogeneity

(Barto�s, Maier, Quintana, & Wagenmakers, 2022; Barto�s, Maier, Wagenmakers,

et al., 2022; Carter et al., 2019; Hong & Reed, 2021; Kvarven et al., 2020; Lau

et al., 2006; Maier et al., 2022), which is present in Lee and Feeley's meta-analysis

(QT[40] = 104:65; p < : 001; I2 = 61:8%). We therefore employ Robust Bayesian

Meta-Analysis (RoBMA) to reanalyse the data by Feeley.

RoBMA quanti�es evidence using Bayes factors. Bayes factors compare the

likelihood of the data under competing models (in our case, the alternative hypoth-

esis in comparison to the null hypothesis). In this chapter we report BF01. In other

words, Bayes factors that have the null in the numerator and the alternative in the

denominator, and denote evidence in favour of the null hypothesis. As a rule of

thumb for Bayes factors with the null in the numerator, Bayes factors between 1

and 3 are often regarded as weak evidence for the null, Bayes factors between 3 and

10 are often regarded as moderate evidence for the null, and Bayes factors larger

than 10 are often regarded as strong evidence for the null (Jeffreys, 1939; M. D.

Lee & Wagenmakers, 2013; Wasserman, 2000). However, we caution that these

rules of thumb should merely aid interpretation and not be taken as absolute thresh-

olds. Bayes factors are continuous measures of the strength of evidence, and any

discretization inevitably results in loss of information.

When applying RoBMA to the data by Lee and Feeley (2016), we found mod-

erate evidence for publication bias (BF01 = 0.11) and strong evidence for the ab-

sence of the average effect (BF01 = 14.93), with a model-averaged mean effect size

estimate of r = 0.002 (95% CI [0, 0.004]). In addition, we �nd weak evidence

against heterogeneity (BF01 = 1.24).

Due to the lack of publication bias correction methods that can accommodate a

three-level structure, we accounted for the dependency between multiple estimates

from the same study by using only the most precise estimate within each experi-

ment. We further conducted a robustness check by selecting one estimate randomly

within each study and bootstrapping 500 times. Using the median of these boot-

straps, this analysis comes to the same conclusions regarding evidence for publi-
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Figure 2.1: Footprint of Publication Bias in Lee and Feeley (2016)

Note. The left panel shows the PET-PEESE regression line (i.e., the relationship between effect
sizes and standard errors) and the right panel shows the relative publication probabilities based on
the selection models. The left panel displays a regression line of effect sizes on standard errors, the
intercept of this line indicates the hypothetical estimate of a study with in�nite precision; we can see
that it is very close to 0. The right panel displays estimates for the relative publication probabilities
of nonsigni�cant studies in comparison to signi�cant studies model averaged across the different
selection models included in RoBMA.

cation bias and evidence for an effect. Unlike the main analysis we �nd moderate

rather than weak evidence against heterogeneity. In addition, as funnel plot based

methods are sometimes criticized for �nding bias for reasons other than publication

bias (Lau et al., 2006; Maier et al., 2022), we also reanalysed the meta-analysis

using only the selection models in RoBMA. This led to the same conclusions. We

plotted the pattern of bias in Lee and Feeley in Figure 2.1. The left panel shows

the regression line of effect sizes on standard errors. This relationship indicates that

studies with smaller standard errors show smaller effects, a pattern that is indica-

tive of publication bias. The right panel shows the relative publication probabilities

for nonsigni�cant in comparison to signi�cantp-values. This panel indicates that

nonsigni�cant studies (p > : 05) are considerably less likely to be published than

signi�cant studies.
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2.2 Replication of Small et al. (2007)

2.2.1 Background

Given the substantial evidence for publication bias documented in the meta-analytic

work, and evidence against the effect when this bias is accounted for, we proceed

to replicate one of the seminal papers on this effect. We chose Studies 1 and 3 of

Small et al. (2007) for replication due to the article's considerable impact. At the

time of writing (May 2025), there were 1425 Google Scholar citations of the target

article. Beyond the direct citation count, Small et al. (2007) have in�uenced several

other highly cited articles (> 1000 times at the time of writing; e.g., Slovic, 2007;

Bekkers and Wiepking, 2011) and popular science and philosophy books such as

`The Life You Can Save' (Singer, 2019) and `Poor Economics' (Banerjee & Du�o,

2011), which have guided both research and policy.

To our knowledge, there has been one direct replication of Small et al. (2007):

a Spanish language unpublished doctoral thesis failed to �nd support for the results

of Study 1 (Charris, 2018). However, Charris (2018) only found weak evidence

against the effect in a Bayesian analysis and no evidence for the null using the

TOST procedure to test for equivalence (e.g., Lakens et al., 2018). Charris (2018)

concluded that his study lacked statistical power and does not allow rejecting the

identi�able victim effect.

2.2.2 Small et al. (2007): Hypotheses and Findings

Small et al. (2007) proposed that thinking analytically about the value of lives

reduced giving to an identi�able victim but not to statistical victims. They also sug-

gested that implicitly inducing analytical reasoning about the value of lives reduced

donations to an identi�able victim but not to statistical victims. They conducted

four experiments, and the current replication focused on Studies 1 and 3.

In Study 1, participants were randomly assigned to one of two conditions,

with the intervention group learning about the identi�able victim effect from pre-

vious research (explicit learning condition), whereas another served as a control

group. They were further randomly assigned to either the statistical victim condi-
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tion, in which they read `factual information taken from the Save the Children web-

site (http://www.savethechildren.org/) about the problems of starvation in Africa'

(Small et al., 2007, p.146), or to the identi�able victim condition, in which they

received a brief description of an African girl from the Save the Children website.

They were then instructed to donate any �ve one-dollar bills received earlier from

a survey. After their donation, participants rated different affective reactions they

experienced towards the described victim(s). These items included feeling upset,

touched, sympathetic, and morally responsible, as well as the perceived appropri-

ateness of donating to help the described victims.

To summarize, their Study 1 design was a 2 (Identi�ability: identi�able vs. sta-

tistical) x 2 (Explicit Learning: intervention vs. control) between-subjects factorial

design. Their results showed that in the control condition without the intervention,

donations to the identi�able victim were higher than donations to statistical victims.

However, the pattern was different for the participants who were assigned to the

explicit learning intervention conditions and learned about the identi�able victim

effect before asking to donate, with the donations being similar towards the iden-

ti�able victim compared to statistical victims. Surprisingly, this occurred because

donations to the identi�able victim had been reduced rather than because donations

to the statistical victim had increased.

In Study 3, Small et al. (2007) further studied the effect of implicit learning by

adding a third identi�ability condition, a joint condition (also referred to as `implicit

learning condition') that included both a picture of the single victim and general

victim statistics, resulting in a three conditions design (identi�able vs. statistical vs.

joint). The donation in this joint condition was intended for the described identi�ed

victim. The presentation of victim statistics was meant to implicitly eliminate the

identi�able victim effect in the joint condition arguably because providing statistics

alongside the victim reminds the potential donor of the many people who would not

receive help. Small et al. (2007) found support for implicit learning, as donations to

the identi�ed victim were lower in the joint condition compared to the identi�able

victim condition.
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2.2.3 Method

Overview of Replication Study

In this replication, we merged Studies 1 and 3 in Small et al. (2007) into a single

experimental design to study both the explicit and implicit ways of debiasing the

identi�able victim effect. Our study was a 3 x 2 experimental design varying identi-

�ability of the victim (identi�able victim, statistical victims, and joint - identi�able

victim alongside statistical victims) and explicit learning (present or not). We sum-

marise the design in Table 2.1. We preregistered the study at: https://osf.io/dc9kb/.

Deviations from our preregistration are stated in the `Deviations from preregistra-

tion' section of the supplementary materials and also at the appropriate places in

the methods section. We provide additional details regarding the procedure in the

`Procedure' subsection in the supplementary materials and the Qualtrics survey is

provided with the preregistration in the OSF folder.

Table 2.1: Replication and Extension: Experimental Design

Participants

The study received ethics approval from the University of Hong Kong (EA1908020).

A total of 1004 Amazon Mechanical Turk (MTurk) participants were recruited from

a US sample using CloudResearch (Mean age= 39.4, SD= 12.4; 465 females, 533

males, 6 prefer not to say).
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We collected as many participants as we could afford with the available fund-

ing. The full report of power analysis can be found in the supplementary materials

under the section `Power analysis of the original study effect' and indicates that

for the lowest powered effect (the interaction between Explicit Learning and Iden-

ti�ability), a sample size of 314 would be suf�cient to achieve 95% power for the

original effect size. In addition, sensitivity power analyses indicate that our sample

size would have 95% power to detect a very small effect size ofh 2
p = 0:012 with an

alpha level of .05.

Exclusion Criteria

We pre-registered to focus on the full sample for the main analysis and assess ro-

bustness to exclusions, with several exclusions criteria for the supplementary anal-

yses: low English pro�ciency (scored lower than 4 on a scale of 0 to 6); not being

serious in completing the survey (scored lower than 3 on a scale of 0 to 4); cor-

rectly guessed the hypotheses; already seen the survey before; failure to complete

the survey or completed in less than a minute; and not from the United States.

Fifty-six responses met the exclusion criteria. We found no major differences

between the pre- and post-exclusion results. As preregistered, we focused on the

full sample for data analysis. We summarized the results after exclusion in the sup-

plementary materials (`Exclusion based on preregistration criteria'), with a compar-

ison of the �ndings (`Pre-exclusions versus post-exclusions'). The results of this

analysis are very similar to the results presented here.

Manipulations

Explicit Learning. Participants were randomly assigned to either the explicit learn-

ing intervention condition or to the control condition. Participants in the explicit

learning intervention condition were instructed to read a passage about prior re-

search �ndings on the identi�able victim effect used in the original studies. In other

words, they were taught about the phenomenon before the donation.
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Identi�ability. Participants were then randomly assigned to one of the three

Identi�ability conditions. Those in the identi�able victim condition read about a

child from Zambia suffering from starvation, accompanied by a black-and-white

photograph and a short description. Those in the statistical victim condition read

about numerical victim statistics to illustrate the millions of people living in a sim-

ilar plight to the child described in the identi�able victim condition. The joint con-

dition was a combination of the previous two conditions, with the same Zambian

child presented in a photo with a brief description, along with the victim statistics

provided in the statistical victim condition.

Forced manipulation comprehension checks.To ensure reading and com-

prehension of the scenarios, we added checks that the participants had to answer

correctly in order to be able to proceed to the next page that presented the depen-

dent measures. This is a noted deviation from the target article's design, which we

added to address concerns that online sample participants may not have read or were

inattentive to the scenario and the manipulation.

Measures

Participants were then presented with the following continuation of the scenario:

“Imagine that you have just earned $5 US dollars and you are given an opportunity

to donate any amount of the money to the organization Save the Children”. They

then indicate their hypothetical donations from 0 to 5 US$ in increments of $1 ($0,

$1, $2, $3, $4, or $5). The donation was to the speci�c victim in the identi�able

and joint conditions and to the anonymous group in the statistical victim condition.

We use hypothetical donations rather than real donations for a number of reasons.

First, this project was related to a different replication project we conducted in Ma-

jumder et al. (2023) in which we failed to replicate the identi�able victim effect

demonstrated by Kogut and Ritov (2005) who showed the effect using hypotheti-

cal donations, as many other studies examining the identi�able victim effect have.

We aimed to make the two replications as similar as possible in their dependent

variables to allow one replication to possibly inform the other. Second, we thought
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it best to ensure that the effect holds with simpler hypothetical donations before

embarking on a more complex and costly real donation study. Mean donations are

typically higher for hypothetical donations than for real donations (Bekkers, 2006);

however, we are not aware of any evidence of mechanisms that result in differences

between conditions when switching from real to hypothetical donations.

2.2.4 Results

We followed and extended the analyses conducted by the target article. We provide

a comparison of the statistical tests reported in the original study and the replication

in the online supplementary materials.

Following the analyses conducted in Study 1 of Small et al. (2007), we

carried out a 2 (Explicit Learning) × 2 (Identi�ability) two-way ANOVA (i.e.,

cells Identi�able-Explicit, Statistical-Explicit, Identi�able-Control, and Statistical-

Control) to examine whether 1) people donate more when presented with an iden-

ti�able victim than when presented with a statistical victim; 2) the identi�able vic-

tim effect is weaker for people who were explicitly informed about the identi�able

victim effect; 3) people that were explicitly informed about the identi�able victim

effect tend to donate less than those uninformed about the effect. We plot dona-

tions by conditions (including joint condition) in Figure 2.2. We summarise the

inferential tests of our replication in comparison to Small et al. (2007) in Table 2.2.

We supplemented the frequentist analyses with a Bayesian analysis to quantify

evidence for the null. As prior distribution for the expected effect size, we use a

Cauchy (0, 0.707), which is a common choice in Bayesian analysis. Because the

Cauchy distribution is very fat-tailed, this prior gives a lot of mass to a wide range

of plausible effect sizes while at the same time not reducing the ability to obtain

evidence for smaller effects by much (Wagenmakers et al., 2020). As shown in Ta-

ble 2.2, we found no support for the main effect of Identi�ability, Explicit Learning,

or their interaction, and absence of evidence in the Bayesian analysis, with similar

donation amounts in the identi�able victim and statistical victim conditions. We

therefore concluded failure to replicate the identi�able victim effect, and failure to

replicate that explicitly learning about the effect impacted the effect itself.
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Figure 2.2: Hypothetical Donations: Interaction of Identi�ability and Explicit Learning
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Table 2.2: Hypothetical Donations: Statistical Tests for Identi�ability and Explicit Learn-
ing

We ran an additional more complex version of the analysis above, which in-

cluded a comparison to the joint condition (which was added in the target article's

Study 3). This was only possible because of our uni�ed design combining replica-

tions of the target article's Studies 1 and 3. We conducted a 2 (Explicit Learning) ×

3 (Identi�ability) two-way ANOVA to examine if the provision of additional quan-

titative information together with an identi�ed victim would debias the identi�able

victim effect.

We found no support for the main effect of Explicit Learning and no interaction

effect of Identi�ability and Explicit Learning. We found some support for main

effect of Identi�ability, F(2;998) = 3:91; p = :02;h 2
p = :008. 95% CI [.000, .021],

though Bayesian analysis indicates weak support for the null (BF01 = 1:77). The

different conclusions from the two analyses can be explained by the large sample
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that increases the likelihood of signi�cant p-values, even when the evidence is low

from a Bayesian perspective (Maier & Lakens, 2022).

To better understand the Identi�ability main effect, we also examined the post-

hoc comparisons comparing the different Identi�ability conditions with Bonferroni

correction. We found no support for differences between statistical and identi�-

able victim conditions,t(998) = 0:097; p = 1:00;d = 0:01, 95% CI [-0.16, 0.14],

and near threshold for the comparison between identi�able and joint,t(998) =

2:37; p = :053;d = 0:18, 95% CI [0.03, 0.34] with donations slightly lower in the

joint condition. We found support for differences between the statistical and the

joint conditiont(998) = 2:46; p = :041;d = 0:19, 95% CI [0.04, 0.34]. Given the

weak near-threshold unexpected effect, we caution against over-interpretation of the

Identi�ability main effect or the contrasts.

Finally, we conducted an analysis mirroring the analyses of Study 3 in Small

et al (2007) by not including the explicit learning intervention conditions. Although

this was conducted by the target article, it was not included in the pre-registration,

which was focused on the uni�ed design and included the explicit conditions (see

below). We therefore labeled this analysis exploratory. We found no support for

an implicit learning effect,F(2;499) = 0:61; p = :541;h 2
p = :002, 95% CI [.00,

.02], and strong evidence against the effect in a complementary Bayesian analy-

sis (BF01 = 25:03). Therefore, we did not conduct any follow-up tests comparing

differences between speci�c cells.

2.3 Discussion
This chapter revisited the Identi�able Victim Effect using both publication bias-

adjusted meta-analysis and a replication of a seminal paper. We found evidence

against the IVE in a reanalysis of a large meta-analysis (Lee and Feeley, 2016)

using novel publication bias adjustment methods. In our replication and extension

of Small et al. (2007), we found no support for the identi�able victim effect and

Bayesian analyses indicated evidence against an effect.

We caution that our results should not be considered a `�nal word' on this effect
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but rather a motivation for future replication efforts in the form of high-powered

registered reports examining hypothetical donations, donation intent, real money

donations, and associated perceptions such as perceived impact. In addition, we see

many promising theoretical directions for further work in this area and possibilities

for rethinking and reframing the original theory.

2.3.1 Identi�able Victim Effect or Scope Insensitivity?

Majumder et al. (2023) recently reported a failed replication of Kogut and Ritov

(2005) and suggested that the identi�able victim effect may be reframed: instead of

larger donations towards an identi�able victim, the effect might be viewed as similar

donations towards an identi�able victim as a group of unidenti�ed or statistical

victims with no donation adjustment per group size. This cognitive phenomenon is

usually discussed under the term `scope insensitivity', and describes that people do

not value a good (here helping children in need) in proportion to its scope or size

(Baron & Greene, 1996; Desvousges et al., 1993; Kahneman & Knetsch, 1992).

Scope insensitivity has also been shown to be a factor in charitable giving (Hsee

et al., 2013; V̈astfj̈all and Slovic, 2020, see also Chapter 4 of this thesis) and has

been discussed as a reason for neglecting to help save human lives, for example,

in the context of genocides (Cameron & Payne, 2011; Dickert et al., 2012, 2015;

Slovic & Västfj̈all, 2010b). Given the results from this study it is possible that the

Identi�able Victim Effect should be reconsidered in terms of scope insensitivity, a

topic that is addressed in Chapter 4 of this thesis.

2.3.2 Evidence for Irrational Decision Making?

It is unclear whether this form of equal contribution to identi�able versus statistical

victims can be considered evidence for irrational decision making in the context

of identi�able victims. On the one hand, as Majumder et al. (2023) argued, the

larger group of victims should elicit more empathic concern, distress, and conse-

quently, willingness to contribute. Not observing this pattern violates the principle

of proportionality (i.e., larger issues should be tackled with more resources). On the

other hand, from a cost-effectiveness perspective, it makes sense to contribute more
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where the donation is most effective rather than where the problem is biggest. In our

study, we found that participants did not necessarily perceive a hypothetical dona-

tion to the larger group as more impactful, but rather that they may in fact consider

donations to the identi�able victim more impactful (see Maier, Wong, and Feldman,

2023, for the detailed write-up including this �nding). People might also perceive

donating to the identi�ed victim as more impactful due to proportion dominance.

In other words, they may donate less to statistical victims, given that they perceive

a lower impact of their contribution when they can only help a smaller proportion

of affected individuals (e.g., Erlandsson et al., 2014).

Therefore, effectiveness-based reasoning would imply the opposite compared

to the principle of proportionality – donating more to the identi�ed victim. A po-

tential explanation of the null effects in our study would be that participants apply

both reasoning based on proportionality and based on effectiveness, and the two

cancel each other out, resulting in an overall null effect. Future research may mea-

sure participants' effectiveness focus and tendency to allocate resources based on

proportionality to directly investigate how these two factors affect donations to the

identi�able victim.

2.3.3 Limitations and More Future Directions

A core limitation that may explain the discrepancy between the results of the origi-

nal studies and our replication is our adjustment from real to hypothetical donations.

In Small et al. (2007), participants received money as a reward after �lling in an

unrelated survey about the use of various technology products. Participants then re-

ceived a blank envelope and a charity request letter to decide how much they would

be willing to donate. Answering the unrelated technology survey allowed partici-

pants to assess how much effort they invested to earn money, making it easier to

grasp the subjective value of the money than in our study. Second, given this cover

story, participants may not have realized that the experimenters were investigating

their donation behaviour. Third, participants might donate differently with real in

comparison to imaginary money, as they would, for instance, likely deliberate more

when making choices involving real donations.
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In our replication, we asked the participants to imagine they had just earned $5

and how much of this they would like to give to the corresponding victims. Gen-

erosity re�ected in the hypothetical donation is usually higher than that expected in

the original studies (Bekkers, 2006). Though a direct comparison between the two

studies is problematic given the passing of time and the very different measures,

looking at the raw numbers in our replication, people indicated higher hypothetical

donations, compared to the real donations reported in the target article. However,

we note that our conclusions do not depend on average donations but on the dif-

ferences between conditions. We are not aware of any evidence that would suggest

that these effects stand a better chance of working with real donations than they do

in hypothetical scenarios. Nevertheless, a replication in a �eld setting or an exper-

iment with real donations would be valuable in the future, though we recommend

adjusting expectations and taking into account that observed effects might be much

weaker than initially thought.

Second, we made additional adjustments and also added forced comprehen-

sion checks, to ensure that participants read and understood the hypothetical do-

nation situation and choice. It is possible that this may have somehow impacted

participants' responses since they might disrupt feelings of empathy. In addition,

participants may believe that the information about the identi�ed victim effect was

supplied to them in order to answer the comprehension checks rather than in or-

der to use it in the subsequent donation task. However, we note that if the effect

was indeed affected by such factors, it may indicate that the initial demonstrations

were at least partially motivated by socially desirability responding (McKenzie et

al., 2018), and/or that the effect is more contextual, weaker, and less robust than

initially thought.

Third, our study was conducted online rather than in person (as in Small et

al., 2007). On the one hand, this difference may be considered a strength, as the

online data collection allowed us to collect a larger and broader sample than would

have been possible in a lab study. On the other hand, the increased anonymity in

online settings could reduce participants' willingness to donate, even though it is
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less clear how this would affect the differences between conditions. This research

was also conducted during the Covid-19 pandemic, which might have affected par-

ticipants' �nancial status and their psychological state more broadly. These two

factors might have resulted in our participants having little money for donations or

being pre-occupied with �nancial and existential concerns. Hypothetical donations,

therefore, may have been limited by participants resource constraints, or their `men-

tal account' of how much they are willing to contribute to donation tasks (Sussman

et al., 2015; Thaler, 1985, 1999).

2.3.4 Conclusion

This chapter �nds no support for the identi�able victim effect both in a bias-adjusted

meta-analysis as well as in a replication of Small et al. (2007). We emphasize that

this chapter should not be considered conclusive evidence against the identi�able

victim effect, given the differences in the experimental setup. Instead, we believe

that the failure to �nd the effect on hypothetical donations in combination with the

publication bias-adjusted meta-analysis constitutes a cautionary note. Our work

thus shows a pressing need for more replications with real donations in the form

of registered replication reports (Chambers, 2013), ideally conducted as adversarial

collaborations between proponents and critics of the identi�able victim effect.

Reference to Journal Article: Maier, M.,* Wong, Y.*, & Feldman, G.* (2023).

Revisiting and rethinking the identi�able victim effect: Replication and extension

of Small, Loewenstein, and Slovic (2007).Collabra: Psychology, 9(1).https://doi.

org/10.1525/collabra.90203. (The chapter in this thesis is considerably shorter than

the article, as the focus of Part 1 is mostly on publication bias adjustment, and the

full paper, including more than 10 tables, would be beyond the scope of this thesis.)

Data and Code Availability: Data are and analysis code are available at https:

//osf.io/n4jkh/.

Supplemental Information: Supplementary Materials are available at https://

tinyurl.com/f5zbkyrf.

Author contributions : Maximilian Maier built on the thesis work by Yik Chun,
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veri�ed all analyses, added additional analyses (Bayesian), the RoBMA reanalysis

of Lee and Feeley (2016), new visualizations, and wrote an initial journal submis-

sion manuscript. Yik Chun Wong conducted the replication as part of her thesis.

Gilad was the advisor for the thesis. Gilad supervised each step in the project, con-

ducted the preregistrations, and ran data collection. Maximilian and Gilad �nalized

the journal submissions, revised and responded to peer review.
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Chapter 3

Nudging

In the previous chapter, I found no evidence that providing people with informa-

tion about an identi�able victim increases willingness to donate. This chapter will

broaden the scope and assess the evidence for nudges (i.e., behaviour change inter-

ventions that do not involve incentives) more broadly. Nudging is one of the most

widespread applications of behavioural science to public policy. Nudge theory pos-

tulates that small changes in choice architecture substantially in�uence real-world

decision making (Thaler & Sunstein, 2009). Unlike most other forms of in�uence,

nudges maintain freedom of choice by not restricting choice options. This is a key

bene�t over more coercive policy measures, which has led to widespread interest in

nudges both in academia and government research units (`Nudge Units'). However,

despite its considerable promise, nudging has been criticised for its limited evidence

base (e.g., Lin et al., 2017). This chapter, therefore, revisits the evidence base for

nudging using publication bias correction methods. In the �rst part of this chapter,

I reanalyse a large meta-analysis on nudging (Mertens et al., 2022) to investigate

publication bias on nudging in the academic literature, while in the second part, I

take a closer look at work by `Nudge Units', such as the Behavioural Insights Team.

3.1 No Evidence for Nudging After Adjusting for

Publication Bias
Mertens et al. (2022) provide a comprehensive assessment of the evidence for

nudging in a timely meta-analysis with 200 studies reporting over 440 effects



(n = 2;148;439). They include a wide range of choice architecture interventions

spanning different types of interventions (focusing on decision structure, decision

assistance, and decision information) and domains (health, food, environment, �-

nance, pro-social, and other; for more details on the methodology see Mertens et

al., 2022, pp. 8–9). Mertens et al.'s headline �nding is that “choice architecture

[nudging] is an effective and widely applicable behavior change tool” (p. 8). We

propose their �nding of “moderate publication bias” (p. 1) is the real headline; when

this publication bias is appropriately corrected for, no evidence for the effectiveness

of nudges remains (Figure 3.1).

Mertens et al. �nd signi�cant publication bias, through Egger regression. Their

sensitivity analysis (Vevea & Woods, 2005) indicates that the true effect size could

be as low as d = 0.08 (if publication bias is severe). Mertens et al. argue that

severe publication bias is only partially supported by the funnel plot and proceed

largely without taking publication bias into account in their subsequent analyses.

However, the reported Egger coef�cient (b = 2.10) is “severe” (Doucouliagos &

Stanley, 2013).

In contrast, Robust Bayesian Meta-Analysis (RoBMA) (Maier, Barto�s, & Wa-

genmakers, 2023), avoids an all-or-none debate over whether or not publication bias

is “severe” and has several advantages over funnel plot-based methods (outlined in

Chapter 1). We therefore apply RoBMA to the data of Mertens et al. (2022).

Table 1 compares the unadjusted results to the publication bias–adjusted re-

sults. Since publication bias–corrected three-level selection models are computa-

tionally intractable, we analysed the data in two ways: 1) ignoring the three-level

structure (column 2) and 2) using only the most precise estimate from studies with

multiple results (column 3). Strikingly, there is an absence of evidence for an over-

all effect and evidence against an effect in the “information” and “assistance” in-

tervention categories, whereas the evidence is undecided for “structure” interven-

tions. When using only the most precise estimates, we further �nd evidence against

an effect in most of the domains, apart from “other,” “food,” and “prosocial” (the
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Figure 3.1: Correcting for Publication Bias Suggests No Evidence for the Mean Effect of
Nudging

Note. RoBMAPSMA model-averaged posterior mean effect size estimates with 95% credible inter-
vals and Bayes factors for the absence of the effect for the combined sample or split by either the
domain or intervention category (ignoring the clustering of SEs). BF01 quanti�es evidence for the
null hypothesis. BF01 larger than one corresponds to evidence in favor of the null hypothesis, and
BF01 lower than one corresponds to evidence in favor of the alternative hypothesis (evidence for the
alternative hypothesis can be obtained by reciprocating the Bayes factor; BF01 = 1/BF01). As a rule
of thumb, Bayes factors between 3 and 10 indicate moderate evidence, and Bayes factors larger than
10 indicate strong evidence.
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evidence is indecisive) and weak evidence for the overall effect.1 However, all

intervention categories and domains apart from “�nance” show evidence for het-

erogeneity, which implies that some nudges might be effective, even when there is

evidence against the mean effect. Finally, we �nd strong evidence for publication

bias across all subdomains (BFpb > 10), apart from food, when using only the most

precise estimates (BFpb = 2:49).

Table 3.1: Comparison of Unadjusted and Adjusted Effect Size Estimates for All Studies
and for Subsets of Studies Based on Different Categories or Domains.

Random effects RoBMAPSMA RoBMAPSMA (precise)
Combined 0.43 [0.38, 0.48] 0.04 [0.00, 0.14] 0.11 [0.00, 0.24]

t(333) = 16.51 BF01 = 0.95 BF01 = 0.31
Intervention category
Information 0.25 [0.19, 0.30] 0.00 [0.00, 0.00] 0.00 [0.00, 0.07]

t(88) = 8.79 BF01 = 33.84 BF01 = 10.57
Structure 0.58 [0.50, 0.66] 0.12 [0.00, 0.43] 0.23 [0.00, 0.49]

t(186) = 13.93 BF01 = 1.12 BF01 = 0.33
Assistance 0.22 [0.15, 0.29] 0.01 [0.00, 0.07] 0.01 [0.00, 0.12]

t(65) = 6.42 BF01 = 9.05 BF01 = 8.00
Domain
Health 0.31 [0.22, 0.39] 0.01 [0.00, 0.10] 0.02 [0.00, 0.19]

t(64) = 7.03 BF01 = 8.98 BF01 = 3.53
Food 0.66 [0.52, 0.81] 0.02 [–0.09, 0.32] 0.27 [0.00, 0.64]

t(81) = 9.01 BF01 = 5.16 BF01 = 0.55
Environment 0.48 [0.37, 0.58] 0.01 [–0.18, 0.25] 0.00 [–0.44, 0.34]

t(56) = 9.16 BF01 = 4.41 BF01 = 3.05
Finance 0.23 [0.15, 0.31] 0.00 [0.00, 0.00] 0.00 [0.00, 0.00]

t(34) = 6.08 BF01 = 41.23 BF01 = 30.95
Prosocial 0.32 [0.22, 0.42] 0.00 [0.00, 0.05] 0.05 [0.00, 0.27]

t(38) = 6.36 BF01 = 11.93 BF01 = 1.89
Other 0.40 [0.29, 0.50] 0.08 [0.00, 0.33] 0.04 [–0.22, 0.40]

t(55) = 7.66 BF01 = 1.38 BF01 = 2.45
Note. First column: Random effects meta-analysis estimates with 95% CI based on clustered SEs,
all P values< 0.001. Second and third columns: RoBMAPSMA model-averaged posterior mean
effect size estimates with 95% credible intervals and Bayes factor for the presence of the effect
ignoring the clustering of SEs or using the most precise estimates (precise). Results differ slightly
from the moderator analysis presented in the article because we analysed each sub�eld separately to
allow 1) testing for the presence of the effect in each category/domain in the Bayesian framework,
and 2) publication bias to operate differently in different subdomains.

We conclude that the “nudge” literature analysed in Mertens et al. (2022) is

characterized by severe publication bias. Contrary to Mertens et al., our Bayesian

analysis indicates that, after correcting for this bias, no evidence remains that
1We also reanalysed the data by including only models of selection for statistical signi�cance,

con�rming our results.
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nudges are effective as tools for behaviour change.

Reference for Journal Article: Maier, M.*, Barto�s, F.*, Stanley, T.D., Shanks,

D.R., Harris, A.J.L., & Wagenmakers, E.-J. (2022). No evidence for nudging after

adjusting for publication bias.Proceedings of the National Academy of Sciences,

119(31), e2200300119. https://doi.org/10.1073/pnas.2200300119

Data and Code Availability: Data are available at https://osf.io/ubt9a and analysis

code is available at https://osf.io/svz6e/.

Author contributions : M.M. and F.B. designed research; M.M. and F.B. performed

research; M.M. and F.B. analysed data; and M.M., F.B., T.D.S., D.R.S., A.J.L.H.,

and E.-J.W. wrote the paper.

3.2 Exploring Open Science Practices in Behavioural

Public Policy Research
Next to academic research, the popularity of nudges has motivated the creation of

nudge units: government agencies or independent companies that evaluate differ-

ent behavioural interventions to inform decisions on whether to roll them out more

widely (more than 200 nudge units in more than 40 countries have been created to

date; DellaVigna and Linos, 2022, Figure A1). Nudge units aim to deliver substan-

tial policy bene�ts with comparatively small interventions (Halpern, 2015).

The UK Behavioral Insights Team (BIT), founded in 2010 and the oldest and

largest behavioural insights team, has completed more than 1000 projects.2 The

BIT website lists 137 reports and 36 publications, usually produced in collabora-

tion with government agencies. There are a number of success stories amongst these

projects, where considerable real-world bene�ts appear to have been delivered. In

one trial, for example, BIT used behavioural insights to design better tax reminder

messages using social norms, leading to increased average payments (Hallsworth

et al., 2017).3 BIT is a large multinational organization, with of�ces in multiple

2https://web.archive.org/web/20240108153747/https://www.bi.team/about-us-2/who-we-are/
3However, this effect failed to replicate in a different council (P. John, Blume, et al., 2018).
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countries, including the UK, Canada, the United States, France, Australia, and Sin-

gapore. It was formed within the UK government but is now a social purpose or-

ganisation operating outside the government. In the US, the Of�ce of Evaluation

Sciences (OES) was established by a Presidential Executive Order in 2015 with

the mission to rigorously test and incorporate behavioural insights into government

agencies. OES has completed over 90 impact evaluations affecting the lives of mil-

lions of citizens.4 Compared with BIT, OES is a comparatively small team that

operates within the US government. Crucially, behavioural science units use ran-

domized controlled trials (RCTs)—the `gold standard of evaluation'. For example,

BIT has completed more than 700 RCTs to date in many different countries.5 This

adoption of RCTs has enhanced the evidence base for government policy.6

The nudge approach is not, however, without critics (Chater & Loewenstein,

2022). Two main objections are: 1) Despite the aforementioned success stories,

overall evidence for the effectiveness of nudges in the academic literature is weak

as shown in the previous section of this chapter (see also Bakdash and Marusich,

2022; Szaszi et al., 2022); 2) nudge-based interventions may detract from more

systemic reforms (Chater & Loewenstein, 2022). These criticisms culminated in a

recent manifesto for applying behavioural science (Hallsworth, 2023), proposing a

variety of reforms and calling for `increased self-scrutiny'. Following these calls,

we take a close look at the distribution of test statistics and safeguards against biased

reporting in nudge unit trials. We argue that nudge units can enhance their current

practices with speci�c improvements in the transparency of their trial registration,

reporting, and data sharing.

4https://web.archive.org/web/20240117111129/https://oes.gsa.gov/work/
5https://web.archive.org/web/20240108153747/https://www.bi.team/about-us-2/who-we-are/
6For example the European Commission states about behavioural insights: `In prac-

tice, however, behavioural insights mainly contribute to the impact assessment process.
This process consists in gathering and analysing evidence about the likely impacts of a
planned policy.' https://web.archive.org/web/20240110142327/https://knowledge4policy.ec.europa.
eu/behavioural-insights/about-behavioural-insightsen
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3.2.1 Exploring Potential Reporting Biases in Nudge Unit Trials

Using Bias Correction Techniques

DellaVigna and Linos (DellaVigna & Linos, 2022) collected a large dataset of nudge

unit interventions run by OES and BIT North America (126 randomized control

trials covering 23 million individuals)7 and compared them to trials in academic

journals to evaluate the shrinkage of effects when applied at scale. The compari-

son showed that the average impact of nudges reported in academic journals (8.7

percentage points increased take-up, a 33.4% increase over the average in the con-

trol condition) was larger than in trials run by OES and BIT (1.4 percentage points

increased take-up, an 8.0% increase over the control condition). In line with the

�ndings from the �rst section of this chapter, this was primarily attributed to selec-

tive publication and low statistical power in the academic studies. Although with

smaller effect sizes, the nudge unit interventions were found to produce reliable,

`sizable and highly statistically signi�cant' (p. 81) effects. Importantly, DellaVigna

and Linos (DellaVigna & Linos, 2022) assumed no selective reporting in the nudge

unit interventions because they obtained access to the comprehensive record of tri-

als. In addition, they visually inspected the distribution oft-statistics and conducted

a regression test for funnel plot asymmetry, testing both the relationship between

minimum detectable effect and treatment effect, as well as between standard error

and treatment effect. Both the visual inspection oft-statistics and the regression

indicated no evidence for publication bias.8

However, while the comprehensive record of trials protects from publication

bias (when a complete study is omitted), it does not necessarily protect from other

forms of selective reporting (e.g., choosing which outcome variables to report or

emphasize, or what covariates to include). Further, both visual inspection of fun-

nel plots, as well as regression of effect sizes on standard errors, have been shown

7This is less than the number quoted in the introduction as many BIT trials have been conducted
outside the US.

8In contrast, in online Appendix A2 , DellaVigna and Linos (DellaVigna & Linos, 2022) show
that published articles based on the nudge unit interventions suffer from the same pattern of publi-
cation bias as published academic papers.
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in simulation studies and empirical examples to often have low power to detect re-

porting biases especially under high heterogeneity (Maier, Barto�s, & Wagenmakers,

2023; Terrin et al., 2005). Here, we therefore apply statistical techniques that are

more suitable to test for potential reporting biases in the presence of heterogeneity

(McShane et al., 2016) to the nudge unit dataset (i.e., 241 nudges from 126 trials,

as collected by DellaVigna and Linos, 2022).

DellaVigna and Linos (2022) extend the standard meta-analytic framework by

modelling the effect sizes as a two-component random effects meta-analytic mix-

ture. This means that instead of assuming that all effects come from a single dis-

tribution, as is common in meta-analyses, their framework allows the effect sizes

to come from two separate distributions. Prima facie, such an approach seems rea-

sonable given the large differences between different behavioural interventions in-

corporated under the term `nudge' (Szaszi et al., 2022). For example, researchers

might assume that effect sizes for nudges that change the default option are dis-

tributed differently from nudges with smaller effects.9 Here, we follow DellaVigna

and Linos and take a data-driven approach to determine the appropriate number of

distributions. Models assuming a single distribution (i.e., the standard meta-analytic

random effects model) are compared to models with larger numbers of mixture com-

ponents using model selection techniques to �nd the appropriate model. DellaVigna

and Linos (2022) show that assuming all effect sizes come from a single distribution

does not adequately describe the data. We come to the same conclusion when com-

paring single-component models and mixture models using BIC. For this reason,

and to keep our analysis comparable to that of DellaVigna and Linos, we proceed

with the mixture modelling approach.

To assess selective reporting via bias correction methods, we extended DellaV-

igna and Linos' (DellaVigna & Linos, 2022) analysis in three ways. First, we allow

for moderation by domain within the mixture model (i.e., different areas in which

nudges may be used, such as work and education or healthcare, as classi�ed in

9The difference between these types of interventions could also be modelled by including ap-
propriate moderators. However, often researchers do not know all the relevant differences between
nudge characteristics a priori. This is is also the case in DellaVigna and Linos (2022), which found
evidence for mixtures despite including different moderators in the analysis.
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DellaVigna and Linos, 2022). This is important, as inclusion of appropriate study

level covariates may explain some of the non-normal heterogeneity that would oth-

erwise be captured by using multiple mixture components.

Second, we additionally specify mixture models that allow for selective

reporting—selection models—and compare them to the normal models. Selection

models, as we specify them here, include an assumption that null or back�re effects

are suppressed within the distribution of effects reported. We include three types

of selection models: (1) ones that assume that negative results are less likely to be

published than positive results, (2) ones that assume that non-signi�cant studies at

a = :10 are less likely to be published than signi�cant studies, and (3) ones that

assume that non-signi�cant studies ata = :05 are less likely to be published than

signi�cant studies. We used BIC-based Bayesian model averaging to combine the

evidence across the three types of selection models (Hoeting et al., 1999; Raftery

et al., 1995).

Third, we also allow further expansion to three-component mixtures. This may

improve model �t further compared to the two-component results.10

Overall, we �t the following six models to the full dataset (more details on the

speci�ed models are provided in the supplementary materials):

1. a random effects meta-analytic model (normal model);

2. a two-component random effects meta-analytic mixture model (2-mixture),

as in DellaVigna and Linos (2022);

3. a three-component random effects meta-analytic mixture model (3-mixture);

4. a random effects meta-analytic model with adjustment for selective reporting

(selection model);

10Two reviewers suggested applying the RoBMA method (Barto�s, Maier, Wagenmakers, et al.,
2022; Maier, Barto�s, & Wagenmakers, 2023). RoBMA like most other `out-of-the-box' meta-
analytic methods, assumes that effect sizes follow a single distribution. Extending RoBMA,
and other meta-analytic methods, to mixture modelling is a non-trivial endeavour (computational
tractability, convergence, parameterization, ...), therefore, we proceeded with analysis analogous to
DellaVigna and Linos (DellaVigna & Linos, 2022).
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5. a two-component random effects meta-analytic mixture model with adjust-

ment for selective reporting (selection 2-mixture), following DellaVigna and

Linos (2022);

6. a two-component random effects meta-analytic mixture model with adjust-

ment for selective reporting (selection 3-mixture).

We estimate the models using theoptim() optimization routine from the

optim package inR(version 4.3.2; Windows 11; R Core Team, 2021).

Figure 3.2 visualizes the model-�t of the different models to the full dataset.

When looking only at mixtures of one and two components (matched to DellaVigna

and Linos), we �nd that the data are most in line with a model assuming a mix-

ture of two normals and selective reporting (BIC weights: normal model, 0.000;

normal 2-mixture, 0.042; selection model, 0.000; selection 2-mixture, 0.958). The

�gure also clearly indicates that a single normal distribution does not capture the

data well, which suggests that different types of nudges are described by differ-

ent distributions.11 When we also allow extension to three parameter mixtures, we

�nd somewhat weaker evidence for selective reporting; however, most weight is

still given to the selection 3-mixture, a model that assumes selective reporting (BIC

weights: normal model, 0.000; normal 2-mixture, 0.000; normal 3-mixture, 0.249;

selection model, 0.000; selection 2-mixture, 0.000; selection 3-mixture, 0.750).

We can also make inferences about the type of publication bias based on which

types of selection models received the highest weight. This shows that the lowest

BIC was given to the three component selection model, which assumes that results

with negative estimates (rather than nonsigni�cant results) are suppressed. This

model has the lowest BIC when looking at one component models, and the sec-

ond lowest when looking at two component models (with thea = :10 model being

slightly preferred). Overall, this suggests that selective reporting operates most

strongly on suppressing back�re effects rather than on selection forp < : 05.12

11In line with DellaVigna and Linos, we use the mixture model here to obtain a better non-
parametric approximation of the distribution shape. It would be an interesting project to develop
further the theoretical interpretation of each of the components, but this lies beyond the scope of the
present article.

12An important consideration for future research is how the mixture models and the publication
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Regardless of our precise choice of model, however, overall we �nd that most

weight is given to models that assume selective reporting. We next directly com-

pared pre-analysis plans to publicly-available �nal reports. This enables us to iden-

tify instances where pre-analysis plans may allow for selective reporting and pro-

vide corresponding recommendations.

3.2.2 Pre-analysis Plans Leave Scope for Selective Reporting

Both the BIT and OES document their intended analyses in pre-analysis plans. This

is laudable, diminishes the scope for selective reporting, and enables evaluation of

any deviations from such plans (if they are shared publicly). However, previous

research comparing trial protocols or pre-registrations to corresponding published

journal articles indicates that selectivereporting is still possible, even without se-

lective publication(e.g., in economics: Brodeur et al., 2022; in medicine: G. Li

et al., 2018; in psychology: Claesen et al., 2021). Selective reporting practices

include choosing which outcome variables to report or emphasize and what covari-

ates to include. These practices can be unintentional - it is easy for any researcher

to convince themselves that the analysis with covariate A is `most appropriate' once

knowing the outcome, without recognising the potential for bias in such a decision

(Simmons et al., 2011).

Below, we investigate whether the pre-analysis plans of trials run by nudge

units allow for selective reporting. We (a) evaluate how detailed the pre-analysis

plans are, and whether they cover all relevant researcher degrees of freedom; and (b)

compare pre-analysis plans to published reports to assess selective reporting. While

we were unable to obtain the pre-analysis plans from BIT (in the UK or US), despite

taking a variety of steps,13 OES trial protocols are publicly available. We searched

bias models may interact. Including the mixture model does weaken the evidence for selective
reporting (as visible in the BIC differences in Appendix 3) and it may be that the mixtures can
approximate patterns of selective reporting to some extent.

13First, we contacted the head of US BIT to ask for the protocols. Second, we tried to obtain
the protocols via DellaVigna and Linos, who recommended contacting BIT directly. Third, we
contacted the UK BIT through a form on their website and received an initial response, but this
did not follow through to sharing the pre-analysis plans. Fourth, we tried to obtain the protocols
through a Freedom of Information request at https://web.archive.org/web/20240117111819/https://
www.whatdotheyknow.com/request/trialprotocolsbehaviouralinsi/#incoming-2143267 and https:
//www.whatdotheyknow.com/request/trialprotocolsbehaviouralinsi#incoming-2143267 and after
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Figure 3.2: Distribution of All Effect Sizes and Visualization of the Meta-Analytic Models.

Note.One effect size smaller than� 10 and six effect sizes larger 10 not shown.

this request was rejected because the workload would be too high, we created another request target-
ing a shorter timespan https://web.archive.org/web/20240117112028/https://www.whatdotheyknow.
com/request/trialprotocolsbehaviouralinsi 2 and https://www.whatdotheyknow.com/request/trial
protocolsbehaviouralinsi 2. This was also rejected with the justi�cation that determining whether
the department holds the information, locating, retrieving, and extracting it would take more than
3.5 days.
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Figure 3.3: Aspects of Pre-Analysis Plans of Trials Run by Nudge Units.

for the 50 most recent pre-analysis plans, as of August 2022, and compared them

to the �nal published reports. We did not analyse reports that did not include pre-

analysis plans or did not include results (for example, because OES could not obtain

the necessary data). We further skipped two trials that had con�icting registrations

on OES and ClinicalTrials.gov, leaving us with a �nal sample of 32 reports with

corresponding pre-analysis plans (see supplementary materials for details).

Our evaluation demonstrates several examples of best practices in OES pre-

analysis plans. Some plans are highly detailed, including analysis scripts for

later analyses (e.g., https://web.archive.org/web/20240110143223/https://oes.gsa.

gov/projects/soar/). Additionally, 30/32 �nal reports at least detail the main out-

come as described in the analysis plan, or otherwise disclose it transparently. There

is, however, large variability in the quality of the pre-analysis plans and several

plans have limitations. In particular, we �nd that both pre-analysis plans and �nal

reports are usually insuf�ciently detailed to determine whether any selective report-

ing has taken place. 28/32 pre-analysis plans lack a sample size speci�cation. This

allows for `optional stopping', where data is collected until a statistically signi�cant

result is found - a practice likely to in�ate type 1 error rates (Simmons et al., 2011;

Stefan & Scḧonbrodt, 2023). While OES often uses existing data, and therefore

sample size justi�cation may not be applicable, we noted that often the nature of

the existing data (e.g., which agency will supply it or in which time period it will
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be collected) was not clear. Further, the data are generally not publicly available.

In many cases, this will be for sound legal reasons. However, making anonymized

data available wherever possible is good practice as it allows other researchers to

independently verify the claimed results and conduct additional robustness checks

(Wagenmakers et al., 2022).

In 6/32 analysis plans, information about the covariate inclusion was lacking.

This allows for analytic �exibility, where covariate speci�cations can be explored

until a statistically signi�cant result is found - again a practice that may in�ate type

1 error rates (Simmons et al., 2011; Stefan & Schönbrodt, 2023). For example, one

analysis plan14 determines demographic covariates to include in the regression for

the main outcome as follows: `The precise way these demographic variables are

categorized and included in the speci�cation is not de�ned here.' While this plan

also includes a robustness check without covariate adjustment, the results of this

check are not reported, and it is not possible to know which covariates are included

for the test included in the �nal report. Indeed, 14/22 reports that pre-register ro-

bustness checks do not contain the outcomes of those checks and it is generally

dif�cult to identify which covariates were included when estimating reported effect

sizes. Finally, in 13/29 cases whose pre-analysis plans specify secondary analyses,

these are not included in the �nal reports.15

Overall, those pre-analysis plans that have been shared are insuf�cient to rule

out optional stopping or (intentional or unintentional)p-hacking. However, it is

important to emphasize that this does not imply that, therefore, optional stopping or

p-hacking has taken place - only that the existence of analysis plans does not strictly

rule them out.

3.2.3 Evidence Based Public Policy Needs to Increase Trans-

parency

We �nd that the pre-analysis plans and �nal reports lack suf�cient detail to eval-

uate whether selective reporting has occurred, while statistical techniques provide
14https://oes.gsa.gov/projects/transparent-defaults/
15We also contacted the Of�ce for Evaluation Sciences as well as DellaVigna and Linos to ask

whether more detailed reports are available but received no response.
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evidence for reporting biases. We call for more transparency, so that the quality of

the work by nudge units can be independently evaluated by other researchers. Simi-

lar to recommendations for pre-analysis plans and transparency in academia (where

similar problems have been identi�ed; Brodeur et al., 2022; Claesen et al., 2021; G.

Li et al., 2018; van den Akker et al., 2023), nudge units may increase transparency

by taking several steps (roughly ordered by ease of adoption):

1. Analysis plans should be shared publicly by all nudge units.16 OES should

be applauded for already doing so.

2. Analysis plans should be speci�c and include covariates for regression spec-

i�cation and either planned sample size or detailed information about the ex-

isting data set being used. In our supplements, we provide a recommendation

for an updated OES analysis plan template that includes a speci�c section for

sample size and treatment of covariates. In some cases, the dataset may not

yet be shared with the nudge unit itself when the analysis plan is created. In

these cases, it may not be possible to specify covariates in advance, or the

anticipated covariates may be different from the ones available later. It is then

important to be transparent about which covariates are included in the model

and how they deviate from the analysis plan. Further, sensitivity analyses will

then help to understand robustness to the covariate structure.

3. Write-ups of trial outcomes should be shared publicly and report the out-

comes of all statistical tests that were speci�ed in the pre-analysis plans. In

general, more detail about the conducted analyses needs to be provided than

is currently the case. If the main write-ups are intended to be short and for

non-experts, another document with all analyses that were conducted should

be shared (e.g., an R Markdown �le).

4. The anonymised data and analysis code should be shared publicly. We are

aware that this may not be possible in many cases (e.g., when medical records

16We are aware that sometimes contracts with clients may not allow doing so; however, we believe
this is unlikely to be the case for all trials run (BIT), and recommend contracting in a way that allows
sharing the pre-analysis plan, which is ultimately also in the interest of the clients.
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are used); however, currently virtually no data are shared. We therefore urge

BIT and OES to make the anonymized data available where this is legally

possible.

5. Independent audits by third parties should take place to compare the pre-

analysis plans against the reports. For example, behavioural insights teams

could give small monetary awards to anyone who detects a mismatch between

a published pre-analysis plan and corresponding report (similar to red team

approaches that have been successfully applied in academia).17 Further, gov-

ernment agencies and other contractors should commission an evaluation of

the work, when commissioning BIT or OES to run a trial (e.g., the UK Cab-

inet Of�ce could fund PhD students to compare write-ups and pre-analysis

plans). Note that it should be considered completely appropriate to deviate

from an analysis plan or conduct additional analyses so long as deviations

are transparent and justi�ed and if con�rmatory and exploratory analyses are

clearly delineated in the report (Nosek et al., 2019).

One potential response to our suggestions is that BIT is a private company and

thus should not be required by law to share pre-analysis plans or reports. While

this may be a valid view, we point out that in most cases, BIT is in fact contracted

by Government agencies. In these cases, where the taxpayer funds the research

conducted, the contract should require the sharing of pre-analysis plans and of the

outcomes of the research.

Further, we want to emphasize that nudge units have made an important con-

tribution by popularizing RCTs within government. This allows researchers and

policymakers to evaluate the effectiveness of different policy interventions and is

an important pillar of evidence-based policy-making. We do not see our criticisms

as showing the limitations of RCTs in general but only aim to point out speci�c and

feasible improvements that nudge units could make to further enhance the effective-

ness of their work.
17https://web.archive.org/web/20240110143330/http://daniellakens.blogspot.com/2020/07/

the-red-team-challenge-part-3-is-it.html
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There is great bene�t in applying evidence-based behavioural science to public

policy evaluated with randomised controlled trials and there are many examples of

evidence from behavioural science positively affecting policy (Johnson & Gold-

stein, 2003). We also point out that OES has already taken several steps to increase

transparency that go beyond many other government agencies. The inclusion of

publicly accessible pre-analysis plans by all nudge units is a further step towards

gold standards in behavioural science application. The evaluation we present is in-

tended to motivate further strides towards fully transparent, evaluable, high quality

research. We are con�dent that applied nudge units can embrace this challenge to

the further bene�t of society.

Reference for Journal Article: Maier, M.*, Barto�s, F.*, Raihani, N., Shanks, D.R.,

Stanley, T.D., Wagenmakers, E.-J., & Harris, A.J.L. (2024). Exploring open science

practices in behavioural public policy research.Royal Society Open Science, 11.

http://doi.org/10.1098/rsos.231486.

Data and Code Availability: All data and code are available at https://osf.io/f3rxt/.

Supplemental Information: Additional results are provided in an electronic sup-

plementary material at https://rs.�gshare.com/collections/Supplementarymaterial

from Exploring opensciencepracticesin behaviouralpublic policy research/

7072542.
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Part II

Experimental & Computational

Modelling Work to Address

Neglected Issues in Moral and

Prosocial Decision Making
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Background for Part 2
Part II of this thesis focuses on experimental work combined with compu-

tational modelling to investigate neglected issues in moral and prosocial decision

making. The reason for pivoting away from publication bias adjusted meta-analysis

and the topics in Part I is that I found many of the most important topics in moral

and prosocial decision making had received too little attention in the previous lit-

erature (and were consequently not amenable to the application of the publication

bias adjusted methods used in Part I). This includes topics such as how we can

reduce scope insensitivity, how people make decisions under extinction risk (i.e.,

risks that, if materialized, could lead to human extinction), and how people learn to

adopt certain moral beliefs. In contrast to these areas, the domains analysed in Part

I already bene�t from relatively well-established paradigms and methodologies, in-

creasing the likelihood that others will take up replication efforts (as exempli�ed

by recent large-scale projects, such as the multilab replication of Construal Level

Theory: https://climr.org/).

Part II thus aims to broaden the scope of research on moral and prosocial deci-

sion making by shedding light on these overlooked areas and proposing new ways

to study them. To do so, I extend existing paradigms (Chapter 4 on Scope Insensi-

tivity & Unit Asking), and develop new paradigms with associated computational

models (Chapters 5 & 6 on Decisions Under Extinction Risk and Moral Learning).
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Chapter 4

Scope Insensitivity & (Sequential)

Unit Asking

Everybody to count for one, nobody for more than one.

— Jeremy Bentham (as quoted in Mill, 1879, p.112)

Even though many people agree with the above premise of impartiality, in

practice people usually do not help more as the size of a problem increases. This

scope insensitivity is a well-studied limitation of human judgement, which describes

the phenomenon that people do not scale their valuation of a quantity in proportion

to its size or scope (Kahneman et al., 1999). It is commonly discussed in the context

of contingent valuation studies, which investigate how people value different goods

(Baron and Greene, 1996; Desvousges et al., 1993; Kahneman and Knetsch, 1992;

Lopes and Kipperberg, 2020; Veisten et al., 2004) and charitable giving (Västfj̈all

& Slovic, 2020), which is the primary focus of the current research. Prior work, for

example, has found that when participants were asked how much money they would

donate to buy Christmas presents for 20 children, they donated no more than those

asked to help a single child (Hsee et al., 2013). Scope insensitivity has also been

well documented as a cause of neglecting human lives, explaining, for example,

the relative indifference in response to some genocides (Cameron & Payne, 2011;

Dickert et al., 2012, 2015; Slovic & V̈astfj̈all, 2010a). The consequences of this

phenomenon can therefore hardly be overestimated. While many papers discuss the



problem of scope insensitivity, a relatively minor proportion of the research output

has been devoted to potential interventions to overcome it. A notable exception to

this is Hsee et al.'s (2013) proposal of the Unit Asking technique.

4.1 Unit Asking
Unit Asking involves �rst asking participants how much they would be willing to

donate to help one affected individual before extending to ask how much they would

be willing to pay to help many people. According to Hsee et al. (2013), the underly-

ing mechanism through which Unit Asking reduces scope insensitivity is people's

desire for consistency (Ariely et al., 2003; Luisetti et al., 2011; Thomas et al., 2018).

When people are �rst asked about one individual and in the next step asked about

a larger number, their desire for consistency drives them to donate an amount that

is proportional to the amount that they donated for one individual. Unit Asking

has repeatedly been shown to be highly effective in increasing donations over `Di-

rect Asking' (where participants are solely asked about the total number of people

and not initially asked about one individual; Karlsson et al., 2020; Marcinkiewicz,

2016; Simmons, 2013). For example, participants donated more than twice as much

to help 20 children when they were �rst asked to think about how much they would

donate to help one child, than when they were only asked to think about all 20

children (M = $49.42 vs. M = $18.03; Hsee et al., 2013).

4.2 Extending Unit Asking to SequentialUnit Asking
Given the applied relevance of increasing charitable donations and combating scope

insensitivity, we aimed to improve upon the effectiveness of Unit Asking. In their

original paper, Hsee et al. (2013) asked about one individual and then about a larger

number of affected individuals. A natural step is, therefore, to extend this `Classical'

Unit Asking (henceforth CUA) by scaling up the scope sequentially (in a stepwise

manner) to larger numbers of affected individuals. For example, when eliciting

donations to fund Christmas gifts for 100 children, instead of asking about one child

and then all 100, one could �rst ask about 1 child, then 2, and scale up by roughly

doubling (e.g., 5, 10, 20, 50) until reaching 100. We expect that this Sequential
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Unit Asking (SUA) will increase donations in comparison to CUA, as the repeated

questions should provide additional `bite' for a mechanism related to individuals'

desire for consistency to exert an in�uence. The �rst goal of this chapter is to test

whether the SUA extension increases donations over CUA.

4.3 Does (Sequential) Unit Asking Make People

Scope Sensitive?
We consider scope sensitivity a continuum, with complete scope insensitivity cor-

responding to a complete neglect of scope and maximal scope sensitivity re�ecting

linear proportionality (e.g., giving 100 times more to help 100 individuals than 1 in-

dividual). In between these two extremes are different magnitudes of scope sensitiv-

ity, such as logarithmic sensitivity (e.g., giving log(100) as much to 100 individuals

as to 1 individual; Fechner, 1860), or an even weaker ordinal form of scope sensitiv-

ity, which only implies giving more to larger numbers of affected individuals (e.g.,

giving more to 100 individuals than to 1 individual). In this chapter, we focus on

testing for this weak, ordinal form of scope sensitivity. Consequently, when we use

the term `scope sensitivity', it refers to ordinal sensitivity. If an asking technique

does not even show this weakest form, it cannot show any of the stronger forms.

Whereas the increase in average donations through CUA has been well estab-

lished (Hsee et al., 2013; Karlsson et al., 2020; Marcinkiewicz, 2016; Simmons,

2013), it is not yet clear to what degree this demonstrates scope sensitivity on the

part of participants, even the weak ordinal form. For scope sensitivity, participants

should give more as the number of affected people increases, even if the number

of repeated questions remains the same (e.g., after being asked about one individ-

ual, they should donate more to help 10,000 affected individuals than to help 100).

Hsee et al. (2013) recognise this in the discussion section of their paper. They cite

unpublished data (Hsee, Zhang, & Lu , 2013) demonstrating that people gave more

to help a total scope of 100 children than 10 children under CUA (and not Direct

Asking).1

1We infer these simple effects from the fact that Hsee et al. (2013) report an interaction between
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In contrast to Hsee et al. (2013), an unpublished Master's thesis (Marcinkiewicz,

2016) found CUA to only give a one-off boost to WTD judgements, independent

of scope. Marcinkiewicz (2016) asked participants to donate to the charityGlobal

Alliance for Improved Nutritionto help children affected by a food shortage in

Mali. He used a CUA technique as described in the previous section - �rst asking

participants how much they would be willing to donate to help one child and then

how much they would be willing to donate to help 4, 20, 200, or 2000 children

(this scope varied between-subjects). While participants donated more to help the

group of children than a single child, the group donation did not differ between

groups of 4, 20, 200, and 2000 affected children. This �nding calls into question

whether Unit Asking really increases scope sensitivity in willingness to donate

(WTD) judgements or rather gives a single one-off boost. Consequently, more re-

search is required to test whether CUA actually makes participants scope sensitive.

Marcinkiewicz (2016) also showed that the higher the scope, the lower people's

desire to be consistent. Because SUA presents a smaller increase in scope for each

step, we predict that SUA will elicit scope sensitivity where CUA does not. The

second goal of this chapter is to test whether either CUA or SUA can result in

(ordinal) scope sensitivity, such that people give more to larger numbers of affected

individuals.

In the following �ve studies, we �rst compare SUA, CUA, and Direct Asking

(DA - onlyasking a single question about the full scope) and: a) replicate the bene�-

cial effect of CUA over DA in WTD judgements; b) show that SUA increases WTD

judgements over CUA (Studies 1a and 1b). In Study 2, we test whether CUA and

SUA make participants scope sensitive by varying Asking Type and Scope. Study

2 failed to �nd evidence for scope sensitivity. Study 3 also observed no evidence

for scope sensitivity, despite seeking to provide optimal conditions for it. Study 4

switches to contingent valuation instead of a WTD judgement dependent variable by

asking participants how much money would beneededto help x individuals, rather

asking condition and scope, but no main effect of scope. Calculating the exactp-value of the in-
teraction,F(1, 310) = 4.15,p = .042 shows that the claim about scope sensitivity was only weakly
supported in Hsee et al. (2013). The underlying data cited as Hsee, Zhang, & Lu (2013) was - to our
knowledge - also never published at a later point.
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than how much they woulddonateto help x individuals. In the contingent valuation

task, all asking techniques (including direct asking) showed scope sensitivity. This

scope sensitivity was enhanced using SUA, but not CUA.

4.4 Study 1a
Study 1a was a non-preregistered pilot. In this study, we aimed to replicate the

bene�t of CUA in comparison to DA as in Hsee et al. (2013). In addition, we

investigated whether the new SUA method could increase WTD judgements over

those observed via CUA.

4.4.1 Method

Participants

This study received ethical approval from the University of Oxford Central Univer-

sity Research Ethics Committee (reference number R56657/RE001). Participants

were paid $0.24 for this 2-minute study. We uploaded the study on January 14th

2021 on Positly (https://www.positly.com/), selecting US participants as the target

group. Positly is a front-end platform that recruits MTurk participants but adds ad-

ditional quality metrics (https://www.positly.com/participants/). Positly blocks sus-

picious IPs, requires high approval rates, and requires participants to consistently

pass attention checks. Initially, 406 participants signed up for the study. We ex-

cluded 3 participants that indicated that they were 1036, 1986, and 948 years old.

After these exclusions, 403 participants remained, of which 194 were female, 207

were male, and 2 indicated another gender. The mean age was 38.27 (SD = 11.61).2

Design

Participants were randomly assigned to one of three experimental conditions: Direct

Asking (DA), Classical Unit Asking (CUA), Sequential Unit Asking (SUA). The

key dependent variable was the amount (in USD) participants were willing to donate

2Because of the extreme brevity of the task, we did not add an attention check in this study.
However, we added an attention check in Study 3, �nding that it led to no additional exclusions.
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to help 100 children, entered as a free response.

Materials and Procedure

Following Hsee et al. (2013), participants were �rst asked to imagine that the prin-

cipal of a neighbourhood kindergarten had sent them an email to ask for money that

would be used to buy Christmas gifts for children:

Imagine the following: Christmas is around the corner. The principal of a

neighborhood kindergarten has sent you an email asking for donations. You

know her personally and trust her words. The email directs you to a website

with the following questions. Please answer these questions as if you were

making actual donation decisions.

They were then directed to a site that described a kindergarten with 100 chil-

dren from low-income families and asked participants how much they would be

willing to donate:

Thanks for visiting our website. Please read the following carefully and an-

swer the ensuing questions. Even if you are not willing to make a donation,

please still answer the questions; you may simply enter $0. You can revise

your answers, and your answers will not be recorded until you move on to the

next page.

Our kindergarten currently has 100 children (like the one pictured below), they

are all from low-income families. And their parents have little money to buy

Christmas gifts for them. We hope you can make a donation, so we can buy

Christmas gifts for them.

We used 100 children instead of the 20 used in the original study, since a setup

with a larger scope seemed more appropriate to test the sequential asking technique.

The experiment had three conditions.

In the control condition (as in Hsee et al., 2013), participants were asked di-

rectly how much they would be willing to donate to buy Christmas gifts for 100

children:
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Please think about all100 of these children. How much are you willing to

donate to help these 100 children? Please enter the amount of money you

decide and agree to donate:$

In the CUA condition (as in Hsee et al., 2013), participants �rst indicated how

much they would be willing to donate to help one child and only afterwards (on a

separate page) asked how much they would be willing to help 100 children. In other

words, we �rst asked:

Before you decide how much to donate to help these 100 children, please �rst

think aboutone such child and answer a hypothetical question: How much

would you donate to help this one child? Please indicate the amount here:

$'

After �lling in this amount, they were asked the following question on the next

page:

Now please think about all100of these children. How much are you willing

to donate to help these 100 children? Please enter the amount of money you

decide and agree to donate:$

Finally, in the SUA condition (novel to this study), participants were also asked

to indicate how much they would be willing to donate to help one child �rst (as in

the CUA condition). However, instead of extending directly to 100 children, we

scaled up the scope sequentially by asking (on separate pages) their WTD judge-

ments for 2, 5, 10, 20, 50, and only then 100 children. In general, the increase per

step can be determined by the nth root of the full scope, where n is the number

of steps (i.e. here,6
p

100). This increase is founded in Fechner's law, postulating

that the subjective intensity of stimulus corresponds logarithmically to the stimulus

intensity (Fechner, 1860). This law suggests that increasing the number of children

by a constant multiplier will correspond to increasing by a constant sum in terms of

participants' subjective stimulus intensity. We additionally round to the next mul-

tiple of �ve for small numbers and the next multiple of ten for larger numbers to

make the numbers more intuitive to participants (e.g., in this study, we use 50 rather

than 46 as implied by the formula).
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Participants provided their responses by typing any amount they saw �t (in US

dollars) into a free text response box.

Analyses

Dif�culties in Analysing WTD Judgements. Open response WTD judgements

often result in large outliers due to the lack of an upper bound. Previous papers

on Unit Asking address this bywinsorizingoutliers and then employing at-test or

ANOVA (Hsee et al., 2013; Karlsson et al., 2020). Winsorizing replaces values

above the 95th percentile of values provided with the value exactly at the 95th per-

centile, to reduce the skew in the data. However, winsorizing is often not effective

as even after winsorizing, the data is extremely skewed. This can make inferences

overly dependent on the small subset of participants that indicate extremely large

WTDs. We illustrate this using the data of Study 1a as an example. Figure 4.1

shows the distribution of WTD judgements in the three different groupsafter win-

sorizing. The distributions are still extremely skewed, and hence the application of

methods assuming normally distributed residuals is not appropriate. Winsorizing is

also theoretically dubious. If a participant indicates a very high WTD judgement,

it seems plausible that: (1) they did not take the task seriously and should be ex-

cluded; and/or (2) that they would actually donate that much. We are not aware of

any mechanism which would give rise to the idea that they meant to indicate the

value that the 95th percentile participant indicated (winsorizing). We can also con-

sider the in�uence of individual datapoints on the observed pattern of signi�cance.

As an example of how strongly outliers affect statistical signi�cance patterns under

winsorizing, let us consider the comparison of DA (black) and CUA (red) groups.

Naively analysing the winsorized data indicates that CUA is more effective than

DA, t(202.95) = 3.0677,p = .002. However, even though the comparison contains

271 participants and thep-value is small, the pattern of signi�cance hinges upon

the WTD judgements of 6 participants. If we remove the 6 highest values in the

CUA group, the difference between the groups no longer attains the accepted sig-

ni�cance level,t(226.26) = 1.916,p = .057. This should give some intuition about
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how unstable the classical inference using winsorized data is in WTD judgements.

Our Analytic Approach. Due to the highlighted limitations associated with

winsorizing, we take a different approach in this chapter, which provides Bayesian

models with lognormal likelihood, and non-parametric frequentist solutions to ac-

commodate the skew in observed responses. Because we cannot meaningfully anal-

yse scope insensitivity for participants who donated $0 (as they would donate $0

for any scope under scope consistency as well as scope inconsistency), and because

the lognormal model cannot accommodate zeros, we excluded these participants in

the following analyses. Our approach evolved during the project and this was the

pre-registered approach for Study 3. This is the analysis we focus on for all stud-

ies in this chpater. An alternative write-up with analyses exactly as preregistered is

available in the OSF project. The conclusions are the same in terms of the Bayes

factor categories unless stated otherwise in footnotes.

Figure 4.1: Densities of WTD Judgements in Study 1a After Winsorizing.

Note.Black is the DA group, red the CUA group, and blue the SUA group.

To test the differences between conditions, we speci�ed a Bayesian analysis

using the package BRMS (Bürkner, 2017, 2018). We always compared the likeli-

hood of the data under one model assuming a difference in WTD judgements to a

model assuming no difference in WTD judgements using thebridgesampling
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package (Gronau, Sarafoglou, et al., 2017; Gronau, Singmann, & Wagenmakers,

2017). We refer to comparisons of two groups ast-tests and to comparisons of

more than two groups as ANOVAs. Because our data was expected to be positive

and quite skewed, we used a lognormal likelihood rather than the more common

Gaussian likelihood (WTDi � Lognormal(mi ;s 2), where i denotes the condition).

As well as visually con�rming the shape of the data, we also validated the likelihood

function by comparing lognormal and normal likelihood models with leave-one-out

cross validation (Vehtari et al., 2017), which indicated superior performance of the

lognormal models. In addition, the exponent ofmshould usually approximate the

empirical median of the data on a linear scale, although the two can differ where the

data cluster around prominent numbers (e.g., 20, 50). This is observed in our data.

We present posterior medians (i.e., exp(m)) in addition to the empirical medians in

our visualization of the results.

The analysis was conditional on participants donating at all (i.e., by removing

zeros), and we also removed values larger than $10,000 (and note any instances

where inferences are affected by this exclusion). We checked that our intervention

did not affect the number of people donating in the �rst place, using a Bayesian

contingency table analysis in the BayesFactorRpackage (Morey et al., 2015), with

assumed sampling type joint multinomial and prior concentration one.

For the main analysis, we used a prior of normal(m= 3,s = 1) on the intercept.

We used a prior of normal(0.4, 0.4) on the main effect of Asking Type. Finally, we

used a prior of normal(1, 0.5) ons . As the median of the lognormal distribution

corresponds to exp(m) this implies that we expect a median donation of exp(3) =

20:9 in the control group and exp(3+ 0:4) = 29:96 in the intervention group. In

addition, these priors result in reasonable prior predictives for this kind of donation

task (see Appendix B.3, i.e., the mean and CI predicted from the priors are similar

to values we would expect).

We use Bayes factors as our primary inference criteria (Etz & Wagenmakers,

2017; Jeffreys, 1961; Kass & Raftery, 1995; Rouder & Morey, 2019; Wrinch &

Jeffreys, 1921). A Bayes factor compares the probability of the data under the null
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(no effect) to the alternative as speci�ed by the prior distributions outlined above.

As a general rule of thumb, Bayes factors between 1 and 3 are regarded as anecdotal

evidence, Bayes factors between 3 and 10 are regarded as moderate evidence, and

Bayes factors larger than 10 are regarded as strong evidence (Jeffreys, 1939; M. D.

Lee & Wagenmakers, 2013). The inverse of the Bayes factor can be used to describe

evidence for the null hypothesis. For example, a Bayes factor between 1/3 and

1/10 would be considered moderate evidence for the null. For robustness, we also

analysed the data with frequentist non-parametric tests.

4.4.2 Results and Discussion

Effect on Proportion of Participants Donating and Summary Statis-

tics

A Bayesian contingency table analysis indicated that the intervention did not affect

the share of participants donating in the �rst place (DA: 10.37%, CUA: 13.43%,

SUA: 14.18%; BF10 = 0:032; see Appendix B.4 for the share of participants donat-

ing at all across conditions in all experiments). Our main analysis excludes WTD

judgements of 0 (51 participants) and larger than 10,000 (zero participants).

Figure 4.2 visualizes the median WTD judgements for all WTD questions

asked (i.e., per step), whereas Figure 4.3 visualizes the WTD judgements only for

the total scope of 100 children. The median donation for 100 children in the DA

condition condition was $20, the median donation for 100 children in the CUA con-

dition was $25, and the median donation for 100 children in the SUA condition was

$75. For one child, the median donation was $10 in both intervention conditions. A

Wilcoxon test shows no evidence that SUA and CUA conditions differed in terms

of donations for one child (W = 6526,p = .774).
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Figure 4.2: Median WTDs for Each Step in Study 1a.

Note. Error bars indicate the interquartile range.

Figure 4.3: WTD Distribution for the Full Scope of 100 in Study 1a.

Note. Grey area indicates empirical density. Black lines indicate empirical medians. Red lines
indicate posterior medians (i.e., the median of the posterior distribution for this parameter).
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Effect of SUA and CUA on Donations

The 3-level ANOVA on WTD judgements to 100 children indicated overwhelming

evidence for an effect of condition (BF10 = 4.65� 109). Pairwise comparisons in-

dicated strong evidence for an effect of CUA in comparison to the DA condition

(BF10 = 33.08), overwhelming evidence for SUA in comparison to the DA condi-

tion (BF10 = 22.43� 1010), and strong evidence for SUA in comparison to CUA

(BF10 = 22101.89). The results were also corroborated with a frequentist analysis

using non-parametric Wilcoxon tests (allp-values< .01). As predicted, this study:

(1) replicated the effectiveness of CUA in increasing WTD judgements compared

to DA; (2) showed that our extension to SUA gives a considerable additional boost

over CUA.

4.5 Study 1b

4.5.1 Method

This study was a preregistered direct replication of Study 1 (https://osf.io/uchq8).

Participants

This study received ethical approval from Harvard University's ethics review board.

We paid participants $0.31 for this 2-minute study. The study was uploaded on

February 3rd 2021 on Positly for US participants. Initially, 507 participants signed

up for the study. We excluded one participant who indicated that their age as 3963.

The mean age was 40.69 (sd = 12.64). 248 participants were female, 256 were male,

one indicated gender `other', and one did not indicate their gender.

4.5.2 Results and Discussion

Effect on Proportion of Participants Donating and Summary Statis-

tics

A Bayesian contingency table analysis indicated that the intervention did not affect

the share of participants donating in the �rst place (DA: 11.76%, CUA: 13.43%,

102



SUA: 14.18%; BF10 = 0:015). We excluded WTD judgements of 0 (60 partici-

pants) and larger than 10,000 (3 participants; conclusions are unaffected by this

exclusion unless indicated in a footnote). We proceeded to the main analysis with

the remaining 443 participants. Figure 4.4 displays WTD judgements per step after

these exclusions. Figure 4.5 shows the distribution of WTDs for the full Scope of

100 children. The median donation for 100 children in the DA condition was $20,

the median donation for 100 children in the CUA condition was $50, and the me-

dian donation for 100 children in the SUA condition was $50. Note that if many

participants indicated exactly the median, the distribution of WTD judgements be-

tween groups may still differ even though the medians are the same. Figure 4.5

shows that this is indeed the case and more WTD judgements are above the median

for SUA, compared with CUA, which is also re�ected in the posterior medians (red

line). The median donation to help one child was $18.50 in the CUA condition and

$15 in the SUA condition. A Wilcoxon test shows no evidence that SUA and CUA

conditions differ in terms of donations for one child (W = 11267,p = .453).

Effect of SUA and CUA on Donations

The 3-level ANOVA indicated overwhelming evidence for an effect (BF10 = 2:63�

1011).3 Pairwise comparisons indicated moderate evidence for an effect of CUA

in comparison to the DA condition (BF10 = 22.04), strong evidence for SUA in

comparison to the DA condition (BF10 = 18:46� 108), and strong evidence for

SUA in comparison to CUA (BF10 = 5 643.68). The result are corroborated with a

frequentist analysis using non-parametric Wilcoxon tests (allp-values< .01).

3Only 3.08 when not excluding the participants donating more than $10,000. The change in
evidence is quite large as one of the excluded participants indicated they would donate 1 million
dollars. As this is likely not indicative of their actual behaviour, we believe more weight should be
given to the analysis with exclusions.
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Figure 4.4: Median WTDs for Each Step in Study 1b.

Note.Error bars indicate the interquartile range.

Figure 4.5: WTD Distribution for the Full Scope in Study 1b.

Note. Grey area indicates empirical density. Black lines indicate empirical medians. Red lines
indicate posterior medians (i.e., the median of the posterior distribution for this parameter).
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In summary, Study 1b replicated the result that CUA increased WTD judge-

ments over DA and that SUA additionally increased WTD judgements in compari-

son to CUA.

4.6 Study 2
Studies 1a and 1b showed that SUA elicited higher average WTD judgements for

groups of 100 than DA and CUA. However, to demonstrate scope sensitivity, we

need to show that the donation is larger when more units are under consideration

(e.g., people donate more to help 10,000 people than to help 100 people). Therefore,

Study 2 not only varied Asking Type but also the maximum Scope (100 vs. 10,000).

When scaling up SUA to a higher scope, there are fundamentally two possible

approaches. First, one can keep the increase per step constant. In this case, a larger

number of steps will be required to still reach the same full scope for a larger scope

size (e.g., 1, 2, 5, 10, 20, 50, 100, 200, 500, 1000, 2000, 5000, 10,000). Second,

one can keep the number of steps constant. This will result in a higher increase per

step, which is required to reach a larger scope with the same number of steps (e.g.,

1, 5, 20, 100, 500, 2000, 10,000). In Study 2, we investigated both of these options.

Hypotheses

We preregistered three hypotheses:

1. In a 2� 2 analysis with factors Asking Type (Direct vs. CUA) and Scope

(100 vs. 10,000), there will be no interaction of Asking Type and Scope

(replicating Marcinkiewicz, 2016).

2. In a 2� 2 analysis with factors Asking Type (CUA vs. SUA) and Scope (100

vs. 10,000), there will be an interaction of Asking Type and Scope such that

SUA minus CUA is positive, and larger for Scope 10,000 than Scope 100.

3. If the effect of SUA is partially driven by an increase in the number of steps,

we will observe that participants in the increase per step constant condition
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(SUAI) would donate more for 10,000 children than those in the number of

steps constant condition (SUA).4

4.6.1 Method

Participants

This study received ethical approval from the Ethics Chair for the Department of

Experimental Psychology, UCL (Project ID No: EP/2021/001). We paid partici-

pants between $0.40 and $0.65 for participating in a 3-5 minute study (depending

on condition). The study was uploaded on August 24th and 25th, 2021, target-

ing US participants via Positly. Based on our preregistered stopping rule, we used

Bayesian sequential analysis starting with 280 participants, adding 140 additional

participants in two steps until we reached 560 participants (including WTD judge-

ments of 0). Due to multiple participants taking part in the Study in parallel, 562

participants signed up, of which 285 were female, 275 male, and 2 indicated gender

`other', with mean age of 40.16 (sd = 12.07).

Experimental Conditions

We employed a similar method to Study 1 with a number of changes. To allow more

realistic scaling up to larger scopes, we replaced the kindergarten example with a vi-

gnette describing a food shortage in Ethiopia. Participants were told that in one area

of the country, 100 or 10,000 children were affected by the shortage and asked how

much they wanted to donate to the charity `Global Alliance for Improved Nutrition'

to help the children in need (based on Marcinkiewicz, 2016). The combinations

of Scope and Asking Type required to answer our Research Questions resulted in

seven conditions. Participants were randomly assigned into one of the following

conditions (with the exact sequence of the number of children mentioned stated in

parentheses):

4We initially preregistered to also look at an ANOVA interaction in this case; however, we re-
alized that for Scope 100, the two Asking Types do not differ. Therefore, we used at-test only on
Scope 10,000.
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1. Scope 100 x DA (100)

2. Scope 10,000 x DA (10,000)

3. Scope 100 x CUA (1, 100)

4. Scope 10,000 x CUA (1, 10,000)

5. Scope 100 x SUA (1, 2, 5, 10, 20, 50, 100)

6. Scope 10,000 x SUA - number of steps constant (1, 5, 20, 100, 500, 2000,

10,000)

7. Scope 10,000 x SUAI - increase per step constant (1, 2, 5, 10, 20, 50, 100,

200, 500, 1000, 2000, 5000, 10,000)

Each Unit Asking condition also included the following, exploratory, desire

for consistency measure: `You said you would give X dollars for a single child and

Y dollars for the group of N children. In doing so, were you trying to be consistent?

That is, were you trying to allocate for each child in the group of N children as much

as money as for the single child? (1 = not at all, 4 = somewhat 7= yes, absolutely)'.

The variables X, Y, and N were adapted based on the participant's responses. The

consistency measure was asked at the end of the study to avoid any in�uences on

the key variable of interest (WTD).

Analyses

We used the same analysis as Study 1b with the addition of a prior of normal(0.25,

0.25) on the interaction. The reason why the priors are increasingly more narrow is

that, given the lognormal likelihood, the prediction on the linear scale corresponds

to the exponent of the marginal mean. Therefore, using similar priors on main ef-

fects and interactions would result in the prediction of an extremely large interaction

effect on the linear scale. We tested for the presence of the hypothesized interac-

tions by comparing models that include the interaction to models that do not include

the interaction using Bayes factors. In addition, we conducted a frequentist analysis
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using rank-based (non-parametric) tests for main effects and interactions with the

packagerfit (Kloke, McKean, et al., 2012), and independent sample Wilcoxon

tests when comparing pairwise differences.

4.6.2 Results

As we did not achieve suf�cient evidence on all three critical tests in the preregis-

tered intermittent analyses, we collected the full sample consistent with our prereg-

istration.

Effect on Proportion of Participants Donating and Summary Statis-

tics

A Bayesian contingency table analysis again indicated that the intervention did not

affect the share of participants donating more than zero (BF10 = 0:19; see Table B.1

for proportions). Therefore, we proceeded to the main analysis excluding WTD

judgements of 0 (133 participants) and larger than 10,000 (exclusions by condition:

DA = 2; CUA = 2; SUA - number of steps constant = 11; SUA - increase per step

constant = 4; conclusions are unaffected by this exclusion unless indicated in a

footnote), leaving us with a total of 410 participants.

Figure 4.6 shows the median WTD judgements per step and Figure 4.7 shows

the distribution of WTD judgements for the total number of children (see also Ta-

ble B.1). A Wilcoxon test shows no evidence that SUA and CUA conditions differ

in terms of donations for one child (W = 10992,p = .767).5

H1: Comparing CUA and DA

The �rst hypothesis, that CUA would not make participants scope sensitive, re-

ceived only weak support. A Bayesian interaction test in a 2x2 ANOVA with fac-

tors Scope (100 vs. 10,000) and Asking Type (DA vs. CUA) implied weak evidence

5The reason why the medians in the Figure for one child are different even though there is no
signi�cant difference is that participants cluster their responses around prominent numbers (i.e., 10,
20, 50). Therefore, only a few participants changing their judgement can result in a jump between
two prominent numbers.
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against an interaction of Asking Type and Scope (BF10 = 0.50).6 In addition, there

was strong evidence for a main effect of CUA vs. DA (BF10 = 10.03)7. A non-

parametric ANOVA also found no evidence for an interaction of Asking Type and

Scope,F(1, 228) = 0.49,p = .488, and a signi�cant main effect of CUA vs. DA,

F(1, 228) = 5.11,p = .025.

Figure 4.6: Median WTDs for Each Step in Study 2.

Note. Error bars indicate interquartile range.

Figure 4.7: WTD Distribution for the Full Scope in Study 2.

Note. Grey area indicates empirical density. Black lines indicate empirical medians. Red lines
indicate posterior medians. SUAI is for SUA with increase per step constant.

6We found strong evidence under the preregistered model.
7We found only moderate evidence when not excluding WTDs larger than $10,000 (BF10 = 6.48).
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H2: Comparing SUA and CUA

We found weak evidence against the second prediction that SUA would result in

more scope consistency than CUA, as revealed by weak evidence against an inter-

action between SUA (number of steps constant) vs. CUA and Scope (BF10 = 0.64).8

As in the previous study, we found a main effect of SUA vs. CUA (BF10 = 11.70),9

although the evidence here is much weaker. These �ndings were corroborated with

a non-parametric, frequentist analysis �nding no interaction,F(1, 247) = 0.35,p =

.552, and a (just) signi�cant main effect of SUA vs. CUA;F(1, 247) = 3.96,p =

.047. Further, when only comparing the increase in WTD judgements under SUA

vs. CUA for Scope 100, which is similar to Study 1, the evidence for the effect is

only moderate (BF10 = 4.085).10 This is surprising given the strong evidence found

in Study 1.

H3: Comparing Different Types of SUA

We found no evidence that donations were higher for 10,000 children in the SUAI

(increase per step constant) condition than the SUA (constant number of steps) con-

dition, as revealed by at-test (BF10 = 0.67).11 This is also supported by a non-

parametric Wilcoxon test, W = 1473,p = .949.

Exploratory Analyses: Investigating Judgements in Intermediate

Steps and Desire For Consistency

The donation patterns so far give rise to some interesting avenues for more detailed

examination. Two conditions used identical sequences of steps up to 100 partici-

pant: SUA with constant increase per step for Scope 10,000, dotted grey line in Fig-

ure 4.6; SUA for Scope 100, solid black line in Figure 4.6. This raises the question

8We �nd moderate evidence for this interaction when not excluding participants donating more
than $10,000 (BF10 = 3.61), and strong evidence against this when using the preregistered model

9Moderate evidence in the preregistered analysis
10Only 2.37 without the exclusions.
11Moderate evidence that they do not differ under the preregistered analysis.
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Table 4.1: Share of Participants Showing a Strong Monotonic Increase in Scope 10,000
SUAI (Increase per Step Constant) Condition and Scope 100 SUA Condition.

Step SUA - maximum Scope 100 SUAI - maximum Scope 10,000

1 ! 2 52% 43%
2 ! 5 53% 42%
5 ! 10 45% 34%
10 ! 20 33% 24%
20 ! 50 36% 19%
50 ! 100 31% 18%
100! 200 19%
200! 500 20%
500! 1000 19%
1000! 2000 11%
2000! 5000 15%
5000! 10,000 15%

of why the WTD judgements are not higher for the full scope in SUAI with constant

increase per step for Scope 10,000, given the larger number of affected individuals

as well as larger number of steps. Two explanations come to mind: (1) participants

reach some kind of donation ceiling after which they do not donate more; (2) par-

ticipants (who were informed in the beginning what the maximum scope would be)

think ahead and donating less for one child when they know the full scope will be

higher. In other words, they might �rst form a judgement about what to donate ac-

cording to the full scope and then donate a proportional fraction of this to one child.

Table 1 shows the share of participants that indicate a strong monotonic increase at

each step (i.e., donate more for more children). Table 1 con�rms what is suggested

by Figure 4.6. In the Scope 100 condition, more participants increase on each step

in comparison to the Scope 10,000 condition. In addition, the proportion of partic-

ipants increasing is lower for the larger scopes in the Scope 10,000 condition. In

other words, both looking ahead and reaching a donation ceiling may play a role in

this donation behaviour.

Which kinds of participants are more likely to keep increasing their donations,

and which are more likely to drop out? One hypothesis is that participants that do-

nate more for one child are more likely to drop out later, as they are more likely
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to run out of money. To test this, we conducted a linear regression predicting the

number of strong monotonic increases from the WTD judgements for a single child.

However, we did not �nd any evidence for the notion that WTD judgements for one

child were related to monotonic increases for any of the 3 SUA conditions (maxi-

mum Scope 100:F(1, 79) = 2.18,p = .501, maximum Scope 10,000 & increase per

step constant:F(1, 77) = .764,p = .385, and maximum Scope 10,000 & number of

steps constant:F(1, 77) = .666,p = .417).

Finally, we found evidence against an effect of Asking Type on our exploratory

measure, 'desire for consistency' (BF10 = 0:055), which we included in line with

Marcinkiewicz (2016).

4.6.3 Discussion

We again replicated the bene�t of SUA over CUA; however, the evidence was much

weaker than in Study 1 (though still moderate in strength).

We found no evidence that unit asking increased scope sensitivity in this study.

This �nding holds for SUA and CUA - both techniques only give a constant boost

independent of scope. In other words, repeated asking leads people to indicate

higher WTD judgements, but this effect appearsindependentof Scope (the number

of children affected). Perhaps the most surprising result is that we do not observe

scope sensitivity in the SUAI - increase per step constant - condition. To explain

this result, we suggest that some participants might reach a donation ceiling (as

suggested by the smaller number of participants displaying monotonic donation

patterns for the larger number of affected individuals - see Table 4.1). Further, some

participants might simply �nd the large number of repetitive questions that were

asked in this condition unpleasant or irritating and, therefore, disengage from the

task. Study 3 included alternative optimal conditions for observing scope sensitivity

on the basis of these conjectures.

4.7 Study 3
Study 3 aimed to provide the most favourable conditions for scope sensitivity. To

reduce the likelihood of participants reaching a donation ceiling, we reduced the

112



maximum scope in this study from 10,000 to 50. Achieving scope consistency for

such a smaller scope is likely more realistic, and Hsee et al. (2013, p.1806) would

appear to agree: `We should also note, however, that the ability of unit asking to

increase scope sensitivity is likely limited; if the target numbers are large — for

example, 1,000 versus 10,000 — respondents may encode either number as `a lot'

and not differentiate the two'. To avoid participants planning forward when know-

ing the maximum scope, we included conditions where we do not tell participants

the maximum scope in advance of the iterative procedure. Finally, we also reverted

back to the kindergarten vignette that we had used in Study 1 which showed the

strongest bene�t of SUA over CUA. Overall, we aimed to test the following four

preregistered research questions in this study:

1. Can we identify scope sensitivity for any of the asking techniques?

2. Does SUA increase WTD judgements over CUA?

3. Does SUA make participants more scope sensitive than CUA?

4. Does telling people the maximum scope beforehand affect scope sensitivity?

4.7.1 Method

Participants

This study received ethical approval from the Ethics Chair for the Department of Ex-

perimental Psychology, UCL (Project ID No: EP/2021/001) and was preregistered

at https://osf.io/ezrs9. We paid participants $0.37 for participating in a 2-minute

study. The study was uploaded between the fourth and sixth of November 2021,

targeting US participants via Positly. Initially, 574 participants signed up, no partic-

ipants were excluded by age, and none failed the attention check. The mean age was

40.31 (sd = 12.62). 289 participants were female, 279 were male, and 6 reported

`other'.
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Experimental Conditions

To test the research questions, we used several combinations of Asking Type and

Scope. Unless otherwise indicated, and unlike in Studies 1 and 2, participants were

not informed of the maximum scope in advance. Participants were randomly as-

signed into one of the following conditions (with the exact sequence of steps stated

in parentheses):

1. Scope 10 x CUA (1, 10)

2. Scope 50 x CUA (1, 50)

3. Scope 10 x SUA (1, 2, 5, 10)

4. Scope 50 x SUA – number of steps constant (1, 4, 15, 50)

5. Scope 10 x SUA (1, 2, 5, 10) [participants know maximum scope when an-

swering �rst question]

6. Scope 50 x SUA – number of steps constant (1, 4, 15, 50) [participants know

maximum scope when answering �rst question]

7. Scope 50 x SUAI – increase per step constant (1, 2, 5, 10, 20, 50)

We did not include a DA condition this time as, at this point, it is well established

that people are scope insensitive under DA, and that both CUA and SUA increase

WTD judgements relative to this baseline.

4.7.2 Results

Effect on Proportion of Participants Donating and Summary Statis-

tics

We used the same statistical model as in Study 2. Asking Type did not affect the

number of participants donating in the �rst instance (BF10 = 0:03, see Table B.2

for proportions). We proceeded to our main analysis, excluding participants that
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donated 0 (70 participants) and participants that donated more than 10,000 (0 par-

ticipants). Figure 4.8 visualizes the median donation trajectories for the different

steps, and Figure 4.9 shows the distributions of WTD judgements for the full scope

(see also Table B.2). In line with the random assignment, a Wilcoxon test shows no

evidence that SUA and CUA conditions differed in terms of donations for one child

(W = 26393,p = .916).

Figure 4.8: Median WTDs for Each Step in Study 3.

Note.Error Bars Represent the Interquartile Range.
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Figure 4.9: WTD Distribution for the Full Scope in Study 3.

Note. Grey area indicates empirical density. Black lines indicate empirical medians. Red lines
indicate posterior medians (i.e., the median of the posterior distribution for this parameter). SUAI is
for SUA with increase per step constant.
*SUA conditions where the maximum Scope was known to participants. In all other conditions the
maximum Scope was unknown.

RQ1: Can We Identify Scope Sensitivity in Any Format?

We tested this with four comparisons between the WTD judgements for 50 vs. 10

participants for both CUA and SUA (i.e., in terms of the Experimental Conditions

1 vs. 2, 3 vs. 4, 3 vs. 7, and 5 vs. 6). We found moderate evidence that par-

ticipants donate the same for 50 vs. 10 individuals for CUA (BF10 = 0.29). For

SUA, we compared the Scope 10 condition to the Scope 50 condition (number of

steps constant) and the Scope 50 condition (increase per step constant). We found

no evidence for either the null or alternative hypothesis for the number of steps

constant comparison (BF10 = 0.86). For the increase per step constant comparison,

we found weak evidence that participants donated more with larger scopes (BF10 =

2.55). In addition, for SUA (number of steps constant), we also have one condition

where participants knew the maximum scope when starting the experiment. Here

we �nd weak evidence against participants donating more for larger scopes (BF10

= 0.36). In sum, Study 3 did not reveal convincing evidence for scope sensitivity in

any format. This lack of evidence is also corroborated by non-parametric Wilcoxon
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tests. This indicates no evidence for scope consistency under CUA (p = .357), no

evidence for scope consistency under SUA (number of steps constant,p = .241), no

evidence for scope consistency under SUAI (increase per step constant,p = .077),

and no evidence for scope consistency when telling people the maximum scope

beforehand (p = .883).

RQ2: Does SUA Increase WTD Judgements Over CUA?

Comparing SUA (number of steps constant) to CUA (1 & 2 vs. 3 & 4), we �nd

no evidence for or against an effect of SUA (BF10 = 0.99).12 The Wilcoxon test is

(just) signi�cant in favor of SUA (W = 9159,p = .047). When instead comparing

SUAI (increase per step constant, 1 &2 vs 3 & 7) to CUA we �nd weak evidence for

a difference: Bayesian analysis: BF10 = 2.68, Frequentist analysis: W = 9919.5,p

= .018. Note, however, that we preregistered to use SUA (number of steps constant)

to test RQ2.

RQ3: Does SUA Make Participants More Scope Sensitive Than

CUA?

For the interaction between Asking Type (SUA [number of steps constant] vs. CUA)

and Scope (10 vs. 50; i.e., 1 & 2 vs 3 & 4), we �nd no evidence that SUA increases

scope consistency in comparison to CUA (BF10 = 1.17). When instead testing this

interaction using SUAI (increase per step constant; i.e., 1 & 2 vs. 3 & 7), we �nd

weak evidence that SUAI increases scope consistency in comparison to CUA (BF10

= 2.48). This �nding is partially in line with a non-parametric interaction test, which

shows no evidence for an interaction in the number of steps constant condition,F(1,

287) = 3.06,p = .081; however, it does show evidence for a signi�cant interaction

for SUAI (increase per step constant),F(1, 286) = 5.21,p = .023.

12Using only SUA (number of steps constant)
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RQ4: Does Telling People the Maximum Scope Beforehand Affect

Scope Sensitivity?

When testing an interaction between telling people the maximum scope before and

Scope (i.e., 3 & 4 vs. 5 & 6), we �nd no evidence that telling people the maximum

scope beforehand increases scope sensitivity (BF10 = 0.42) for the SUA conditions.

This is also con�rmed by a robust frequentist ANOVA,F(1, 281) = 0.

Additional Analyses

Does the Effect of SUA vs. CUA differ between Studies 2 and 3?In this study, we

did not �nd evidence for the main effect of SUA. Importantly, we also did not �nd

evidenceagainstan effect of SUA. To investigate whether this result is driven by

the smaller scope in this study, we compared the SUA vs. CUA effect in this study

(for the condition with 50 participants) to that in Study 1a (Scope = 100), where

we found the strongest effect of SUA. We tested the interaction between Condition

(SUA vs. CUA) and Study to investigate whether the difference in conditions was

affected by the study. As we did not have a Unit Asking condition where the scope

was known in advance in Study 3, we used the conditions where the scope is not

known for this comparison. We only found weak (and non-signi�cant) evidence for

this interaction (Bayesian analysis: BF10 = 2.32; nonparametric ANOVA:F(1, 373)

= 1.400,p = 0.237). We conclude, therefore, that the effect of SUA vs CUA does

not reliably differ across the studies.

Effect of SUA vs. CUA Across All Donation Studies.To further test the over-

all effect of SUA, we pooled the data from all four studies and one study presented

in Appendix B.1, which employed a different design that likely diminished the ef-

fectiveness of SUA. We tested for an overall effect of SUA vs. CUA across these

�ve studies using a Bayesian mixed-effects model with random effects for Study

and Scope. We used the same priors as in Study 3 andBRMs' default priors on the

random effects.13 When pooling across studies, we only �nd moderate evidence for

13t(3, 0, 2.5) on random intercepts and slopes and LKJ(1) on the correlation between random
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an effect of SUA in comparison to CUA (BF10 = 3:65). If we only look at the stud-

ies in the main text of this chapter, the evidence is somewhat stronger (BF10 = 4.50).

In conclusion, when pooling across all relevant studies, there is moderate evidence

that SUA results in higher WTD judgements for helping multiple individuals than

does CUA.

4.7.3 Discussion Study 3

We again did not observe any evidence for scope sensitivity, even after creating

these most favorable conditions to observe scope sensitivity in donation judgements.

We believe the two most likely explanations for this result are:

1. Even with reduced scope, participants' budget constraints limit their donation

judgements to an extent that scope sensitivity may not be observed with WTD

judgements.

2. None of the asking techniques promotes scope sensitivity in general.

If the �rst explanation is correct, we would expect to see evidence for scope sen-

sitivity in a contingent valuation version of the study. In other words, instead of

asking participants how much money they would donate to buy Christmas gifts for

the children, one would ask how much money they think is required to buy Christ-

mas presents for these children. As no willingness for a personal donation is asked

for, budget constraints would no longer explain the lack of scope sensitivity. We

tested such a contingent valuation setup for Study 4.

4.8 Study 4
To switch to a contingent valuation setup in Study 4, we replaced the question about

donations in Study 3 with the following question:

Please think about all 50 [10 in the lower scope condition] of these children.

How much money do you think is needed to buy Christmas gifts for these 50

children? Please indicate the amount here:$

effects
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We modi�ed the background scenario from Study 3 by telling participants that

they are active in the local community and occasionally give advice to people in

their community when they have administrative questions. In a next step, we in-

formed them that the principal of a neighbourhood kindergarten has contacted them

to ask how much money they think is needed to buy Christmas gifts for the chil-

dren. We elicited the contingent valuation judgements with the different asking

techniques speci�ed in Study 3.

The aim of this study was to test the following preregistered research questions:

1. Does Classical Unit Asking (CUA) increase judgements over Direct Asking

(DA)?

2. Does Sequential Unit Asking (SUA) increase judgements over CUA?

3. Which asking techniques induce scope sensitivity?

4. Does CUA make participants more scope sensitive than DA?

5. Does SUA make participants more scope sensitive than CUA?

4.8.1 Method

Participants

This study was approved by the Ethics Chair for the Department of Experimental

Psychology, UCL (Project ID No: EP/2022/001) and preregistered at https://osf.io/

abcd12. Participants were paid $0.46 for their participation in a 2.5-minute study.

The study was uploaded on the 10th of February, 2023 via Positly. Initially, 567

participants signed up, 1 participant was excluded because they did not indicate

their age, and 28 failed the attention check (a question asking how many children

were in the kindergarten). The mean age of participants was 41.26 (SD = 11.77)

with 268 being female, 265 male, and 5 reporting `other'.
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Experimental Conditions

To test the preregistered research questions, we randomly assigned participants to

one of the following combinations of Asking Type and Scope:

1. Scope 10 x DA (10)

2. Scope 50 x DA (50)

3. Scope 10 x CUA (1, 10)

4. Scope 50 x CUA (1,50)

5. Scope 10 x SUA (1, 2, 5, 10)

6. Scope 50 x SUA – number of steps constant (1, 4, 15, 50)

7. Scope 50 x SUAI – increase per step constant (1, 2, 5, 10, 20, 50)

4.8.2 Results and Discussion

Effect on Proportion of Participants Donating and Summary Statis-

tics

The statistical model was the same as in Study 3. However, this time none of the

participants indicated an amount of zero, thus, we did not conduct the contingency

table analysis and proceeded directly to our main analysis, excluding participants

who indicated more than 10,000 (12 participants, four for each asking type; conclu-

sions are unaffected by this exclusion unless indicated in a footnote). Figure 4.10

visualizes the median contingent valuation trajectories for the different steps, and

Figure 4.11 shows the distribution of contingent valuation judgements for the full

scope. The �gures suggest that this time participants did increase their judgements

for larger numbers of affected children. In line with the random assignment, a

Wilcoxon test shows no evidence that SUA and CUA conditions differed in terms

of valuations for one child (W = 15195,p = .140).
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Figure 4.10: Median Contingency Valuation Judgements for Each Step in Study 4.

Note.Error Bars Represent the Interquartile Range.

Figure 4.11: Contingency Valuation Distribution for the Full Scope in Study 4.

Note. Grey area indicates empirical density. Black lines indicate empirical medians. Red lines
indicate posterior medians (i.e., the median of the posterior distribution for this parameter). SUAI is
for SUAI (increase per step constant).
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RQ1 & RQ2: Which Asking Technique Induces the Highest Valua-

tion Judgements?

When comparing DA and CUA (Conditions 1 & 2 vs 3 & 4), we �nd no evidence for

a difference in judgements (Bayesian analysis: BF10 = 0:21, frequentist analysis:

W = 11060,p = :653).

When comparing SUA to CUA, we also �nd no evidence for a difference in

judgements when using the number of steps constant condition (Conditions 3 & 4

vs 5 & 6; Bayesian analysis: BF10 = 0:87, frequentist analysis:W = 10378,p =

0.329 ); however, we �nd moderate evidence with the increase per step constant,

SUAI, condition (Conditions 3 & 4 vs 5 & 7, Bayesian analysis: BF10 = 6:1314,

frequentist analysis:W = 1093,p = .102).

RQ3: Which Asking Techniques Induce Scope Sensitivity?

When comparing donations for Scope 10 and Scope 50 we �nd strong evidence for

scope sensitivity for all of the asking techniques:

• DA (Conditions 1 vs 2): Bayesian analysis: BF10 = 3:46� 1012; frequentist

analysis:W = 843,p < .001.

• CUA (Conditions 3 vs 4): Bayesian analysis: BF10 = 2:48� 106; frequentist

analysis:W = 1186.5,p < .001.

• SUA (Conditions 5 vs 6): Bayesian analysis: BF10 = 1:59� 1015; frequentist

analysis:W = 771.5,p < .001

• SUA (increase per step constant; Conditions 5 vs 7): Bayesian analysis:

BF10 = 1:82� 1016; frequentist analysis:W = 724,p < .001
14Only weak evidence when not excluding donations larger than 10 000, BF10 = 2:54
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RQ4: Does CUA Make Participants More Scope Sensitive Than

DA?

We �nd evidence against the hypothesis that CUA makes participants more scope

sensitive than DA (interaction of Conditions 1 & 2 vs 3 & 4; Bayesian analysis:

BF10 = 0.32, fequentist analysis:F(1, 298) = 0.33,p = 0.564).

RQ5: Does SUA Make Participants More Scope Sensitive Than

CUA?

For the number of steps constant condition, we �nd moderate evidence that SUA

makes participants more scope sensitive than CUA (interaction of Conditions 3 & 4

vs 5 & 6; Bayesian analysis BF10 = 4.16, frequentist analysis,F(1;294) = 4.31,p =

.039)15, while for the increase per step constant condition we �nd strong evidence

for this effect (interaction of Conditions 3 & 4 vs 5 & 7; Bayesian analysis: BF10 =

36.05, frequentist analysis:F(1, 297) = 12.915,p < .001)

Conclusion Study 4

For contingent valuation judgements, we only �nd evidence for a bene�t of SUA

over CUA in average judgements when using the increase per step constant con-

dition, SUAI, rather than the number of steps constant condition. We further �nd

evidence for an interaction between Scope and CUA vs SUA, for both SUA types.

In other words, SUA may only increase contingent valuation judgements if: (1) the

scope is larger than ten and (2) a suf�cient number of steps is asked (in this case

�ve steps). Further, we �nd that people are scope sensitive in a contingent valuation

setting even under DA. Notably, this scope sensitivity can further be enhanced using

SUA but not using CUA.

15Without the exclusion of donations larger 10,000 BF10 = 2.93, frequentist analysis,F(1;294) =
2.63,p = .106

124



4.9 General Discussion
We tested whether Unit Asking makes people scope sensitive as claimed in pre-

vious research. We found that Unit Asking only gives a one-off boost to WTD

judgements, independent of scope. In other words, participants donated more under

Unit Asking as opposed to Direct Asking; however, this increase was independent

of the number of individuals affected and, therefore, does not seem to re�ect gen-

uine scope sensitivity.

We also introduced a new variant of Unit Asking, which we call Sequential

Unit Asking (SUA). SUA extends Classical Unit Asking (CUA) by asking a se-

quence of questions scaling up with scope. We found evidence in three out of four

studies that SUA increased WTD judgements over CUA. In addition, when pooling

across all studies we found overall evidence that SUA increased WTD judgements

over CUA. However, this increase also seems to come only as a limited series of

one-off boosts rather than covarying with scope.

We further investigated contingent valuation judgements, where we found the

inverse pattern in comparison to WTD judgements. People were scope sensitive

under all of the asking techniques but CUA and SUA did not strongly increase

judgements in comparison to direct asking. Table 4.2 gives on overview of the

results across all �ve studies.

Finally, we advanced the methodology for analysing willingness to donate

(WTD) judgements. We showed that the oft-used method of winsorizing and us-

ing conventionalt-tests is problematic, as even after winsorizing the inference is

not robust to outliers. Instead, we used a Bayesian model with lognormal likeli-

hoods that can directly accommodate skew. We share the analysis code in our OSF

project so that other researchers might use the methodology when analysing WTD

judgements, or other judgements with similar distributional properties (i.e., extreme

positive skew & zeros are reasonably excluded).
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Table 4.2: Summary of Results Across All Four Studies

Study Mean
(Median)
DA

Mean
(Median)
CUA

Mean
(Median)
SUA

Evidence
for SUA
over CUA

Evidence
for Scope
Sensitivity
CUA

Evidence
for Scope
Sensitivity
SUA

Donation Judgements
Study 1a $27.36

($10)
$81.13
($20)

$177.58
($50)

+++ N/A N/A

Study 1b $42.14
($20)

$72.70
($25)

$231.01
($50)

+++ N/A N/A

Study 2 $85.92
($10)

$136.74
($25)

$257.01
($50)

+++ � �

Study 3 N/A $86.36
($30)

$97.27
($50)

� �� �

Contingent Valuation Judgements
Study 4
(Scope 10)

$479.34
($300)

$637.97
($500)

$627.77
($500)

� +++ +++ �

Study 4
(Scope 50)

$1853.51
($1000)

$1697.73
($1000)

$2059.93
($1375)

Note. `+ + + ' denotes Strong evidence forH 1, `++ ' denotes moderate evidence forH 1,
`+ ' denotes weak evidence forH 1, `� ' denotes weak evidence forH 0, `�� ' denotes moderate
evidence forH 0, and �̀ � � ' denotes strong evidence forH 0. Medians and Means here reported
including donations of 0. SUA uses the number of steps constant condition for scaling up the
scope. For Study 2, SUA refers to the condition, where the maximum scope was not known for
comparability. As only for Study 4 the judgements differed strongly based on scope, we distinguish
between Scope 10 and Scope 50 for this study.
� Unlike CUA, SUA further increased scope sensitivity above direct asking.

4.9.1 Why is it Dif�cult to Create Scope Sensitivity in WTD

Judgements and Easier in Contingent Valuation?

A possible explanation for the dif�culty of making people scope sensitive in WTD

judgements using the different Unit Asking manipulations is based on mental ac-

counting. In line with research on this topic (Sussman et al., 2015; Thaler, 1985,

1999), participants might have a �xed budget of how much they are willing to give

to charity. This allocated money might already be exploited on relatively small num-

bers of children; therefore, participants do not usually increase their WTD judge-

ments anymore for larger scopes in the Unit Asking condition. This is also re�ected

in comments that we got from participants in Study 2, where we included an open

feedback box. For example, one participant indicated `I have a certain amount total

I'm willing to give ($15), so after that is reached I'm not willing to give anymore.'
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and another participant said `I have limited funds so I can only donate so much

regardless of the number in need.' Versions of these comments were echoed by a

considerable proportion of participants. Even though we tried to mitigate the prob-

lem by reducing the maximum scope in Study 3, it is still possible that both studies

had reached the donation ceiling for most participants on both scopes, thus dimin-

ishing scope sensitivity.

In contrast, the contingent valuation setting removes this possibility: partici-

pants are asked how much money isneededto buy Christmas presents. This ex-

plains why participants are more readily scope sensitive even without using CUA

or SUA. This baseline scope sensitivity can be further enhanced by SUA. However,

we only observe a weak form of scope sensitivity, where participants donate more

for more children, but this number does not increase proportionally with the scope,

a �nding that is qualitatively in line with previous literature on scope insensitivity

(Dickert et al., 2012, 2015).

Overall, we conclude that when (hypothetical) personal funds are at stake, par-

ticipants are reluctant to even show weak scope sensitivity, and only strong manip-

ulations such as repeated asking will induce increases in donations. On the other

hand, people readily show scope sensitivity for contingent valuation judgements.

4.9.2 Future Directions

In this chapter, we have focused solely on hypothetical WTD judgements. A stan-

dard suggestion for future research would therefore be to include incentive com-

patible studies. We do not, however, perceive these as a fruitful avenue for future

research in this area for three reasons. First, in the current studies, our observations

of different results between WTD judgements and contingent valuation judgements,

coupled with participants' references to budgetary constraints in open-text feed-

back, suggests our participants did take the hypothetical judgements seriously, and

were restricted by real-world budgets. Second, the long ongoing debate about how

much �nancial incentives change participant behaviour in the social and behavioural

sciences (Camerer & Hogarth, 1999; Hertwig & Ortmann, 2001), mostly concludes

that `the effects of incentives are mixed and complicated' (Camerer & Hogarth,
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1999, p. 1). While research has found that reliance on hypothetical donations in-

creases mean donations (Bekkers, 2017), to our knowledge there is no evidence

that hypotheticality in�uences differences between conditions in WTD judgements.

Finally, incentive compatible studies typically provide an endowment and ask par-

ticipants to donate a proportion of this (e.g., Schoenegger & Costa-Gomes, 2022;

Small et al., 2007), which is a considerably different task from the majority of real-

life donation decisions. Given that our participants appeared to take the WTD task

seriously (as evidenced above), we would see such an incentive compatible task as

more different from real donation decisions than our hypothetical tasks, especially

as it induces an upper bound on how much participants can donate (the endowment),

which would make it more dif�cult to study scope sensitivity.

While we do not see the hypotheticality of the current judgements as limiting

the generalisability of the current results, we suggest future research should seek to

generalise them beyond an experimental setting. For real donation decisions, there

may be a trade off between the `boost' provided by SUA and the need to maintain

potential donors' attention and reduce the number of questions asked. This question

could not be answered within any lab / experimental context. Regardless of whether

incentives are offered or not, experimental participants have a reasonable expecta-

tion of answering a series of questions. To determine how to maintain potential

donors' interest and lever the bene�ts of SUA in the real-world, a naturalistic �eld

study would be required. Such a study would enable stronger conclusions as to the

effectiveness of SUA in increasing charitable donations `in the wild.'

Further, in line with previous studies on Unit Asking (Hsee et al., 2013; Karls-

son et al., 2020), we only include a picture of one needy child and don't increase

the number of children in the picture as scope increases. The fact that the Unit

Asking method increases average donations provides evidence that participants

are able to scale their concern with the number of children, at least in an ordinal

way, even when visualizations of the scope are not provided. However, adding vi-

sualizations to represent additional children may help induce scope sensitivity in

combination with (Sequential) Unit Asking. Identifying appropriate visualisations
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might therefore be one avenue for future research to further increase scope sensitiv-

ity (see, for example, this educational video for visualization/animation techniques

https://www.youtube.com/watch?v=LEENEFaVUzU).

Finally, future work may also explore different sequences of steps. Study 2

showed that the effect of SUA levels off when including too many steps. It would

be interesting to further investigate at which point the effect of SUA begins to level

off (although leveling off would likely depend on a number of contextual factors,

such as the maximum scope). In addition to changing the number of steps, one

could also change the ordering of steps, or include steps in random order to further

investigate how the effects are shaped by the step order.

4.9.3 Conclusion

This chapter showed the dif�culty in inducing scope sensitivity in WTD judge-

ments. Contrary to previous claims, Unit Asking does not increase scope sensitivity

in separate evaluation, but instead gives a one-off boost to WTD judgements.

However, our �ndings also suggest that this one-off boost is increased by asking

additional stepwise questions, a technique we term Sequential Unit Asking.

Reference for Journal Article: Maier, M., Caviola, L., Schubert, S., & Harris,

A.J.L. (2023). Investigating (Sequential) Unit Asking – An Unsuccessful Quest for

Scope Sensitivity in WTD Judgements.Journal of Behavioural Decision Making,

36(4), e2335. https://doi.org/10.1002/bdm.2335.
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Chapter 5

Decisions Under Extinction Risk

In the previous chapter, we documented the pervasive in�uence of scope insensitiv-

ity on human decision making. This chapter turns to a key neglected area, where

scope insensitivity may distort human decision making: decisions under extinction

risk. In everyday life, people routinely make decisions that involve irredeemable

risks such as death (e.g., while driving). These decisions under extinction risk are

common, practically important, and have different properties compared to the types

of decisions typically studied by decision scientists; for instance, the total number of

choices that can still be made has a considerable impact on the optimal strategy (and

to the extent that people are scope insensitive they may fail to take differences in this

time horizon into account). Despite their practical importance and theoretical rel-

evance, decisions under extinction risk have received little research attention. The

�rst part of this chapter introduces a new task to study decisions under extinction

risk in individual decisions, while the second part demonstrates how the paradigm

can be generalised to decision making about collective risks (e.g., extreme climate

change). Following one of my key recommendations for mitigating publication bias

in Part I of this thesis, I submitted the collective task as a Stage 1 registered report.

Therefore, the section on collective decision making under extinction risk only in-

cludes a pilot study, which shows the feasibility of the approach and demonstrates

that collectives are more risk-taking than individuals.



5.1 Individual Decision Making Under Extinction

Risk
Throughout their daily lives, people make decisions involving risks that could

change their lives as they know them: a potential jaywalker decides whether to

cross the street in front of an incoming car, a driver decides whether they have

enough space to make an overtaking manoeuvre, and a boxer decides whether to

risk a career-ending injury in a high-stakes bout. At a collective level, people need

to decide how much to invest in managing small probability, high-stakes risks, such

as extreme climate change or pandemics.

The common denominator across all these examples is the risk of irredeemable

extreme outcomes. Hopefully without sounding too ominous, we refer to such ex-

amples asdecisions under extinction risk. Extant literature, recent history, and ev-

eryday anecdotes (`that driver') suggest that people are bad at making decisions

about these types of risks (Elga et al., 2024; Wiener, 2016). However, in any real-

world decision under extinction risk, a large set of psychological factors are at play

simultaneously and it is dif�cult to disentangle the relative in�uence of different

factors. For instance, inadequate social distancing during the Covid-19 pandemic

could have been the result of self-interested decision making (especially with re-

gards to younger people for whom COVID-19 was on average less severe), scope

insensitivity (i.e., people do not take the large number of people affected from a pan-

demic outbreak into account), or underestimating the probability and cost of getting

severely ill or even dying from the disease, to name just a few of many plausible

factors.

Anyone tackling the challenges posed by extinction events will �nd little relief

in the pages of mainstream decision making research. To see this, consider decision

making research's `fruit-�y', the binary-choice lottery paradigm (e.g., Kahneman

& Tversky, 1979; Rieskamp, 2008). In this paradigm, participants are presented

with one lottery problem at a time, for example choosing between a sure win of

£50 versus a 50% chance of winning £110. These lottery problems are independent
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in the fullest sense of the term: at no point do outcomes of these decisions affect

the possibility of future choices or their outcomes. By contrast, the outcomes of

decisions under extinction risk might reduce the options available in future decisions

– or prevent any future decision making at all.

Of course, the binary lottery paradigm is only one among the many different

options available to researchers. Paradigms such as the Balloon Analogue Risk

Task (Lejuez et al., 2002, 2003; Pleskac, 2008; Pleskac et al., 2008; Wallsten et

al., 2005), or the Bomb Risk Elicitation Task (BRET, Crosetto and Filippin, 2013),

mitigate some of the limitations of the binary lottery paradigm. However, these

tasks were not designed to study extinction risks as discussed in this chapter. They

therefore come with several limitations that make them unsuitable to study decisions

under extinction risk, such as dependencies between choice and event probabilities,

impossibility of learning from experience, or the probability of the extinction event

being much higher than realistic in real-world settings (for a detailed review of

potentially relevant tasks and their limitations, see Appendix C.1).

Given that existing paradigms do not allow studying extinction risks, what

predictions can be derived from the extant decision making literature? Prospect

theory would suggest that low probability events are overweighted and people are

loss-averse (Kahneman & Tversky, 1979; Tversky & Kahneman, 1992). We might

therefore expect people to be risk-averse for decisions involving low-probability,

high-impact options (and thus avoid jaywalking). However, this overweighting

of low probabilities does not necessarily extend to contexts in which people learn

about the probabilities from experience, a discrepancy known as the the description-

experience gap (Hertwig et al., 2004; Kellen et al., 2016; Lejarraga and Hertwig,

2021; Wulff et al., 2018). For many extinction risks, people often lack access to

descriptive information and instead rely on personal experience (or the experiences

of those they know). Further complicating this picture, other studies involving ex-

perienced options point to people overweighting extreme events (i.e., events with

extremely good or bad utilities; see Lieder, Grif�ths, and Hsu, 2018; Lieder et al.,

2015; Ludvig et al., 2014; Madan et al., 2014; Sunstein and Zeckhauser, 2011). As
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extinction events clearly have extreme (dis)utility, this literature would predict their

overweighting.

In addition to the probability of the extinction event, another factor that would

likely in�uence people's decisions is the perceived badness of extinction. Several

well-documented psychological effects imply an underestimation of the value lost

by extinction. For instance, scope insensitivity (i.e., not valuing a good in proportion

with its scope or size; Desvousges et al., 1993) and narrow bracketing (i.e., viewing

one choice in isolation rather than as part of a wider set of choices; Read et al.,

2000) may cause people to underestimate the cost of being precluded from a larger

number of choices or experiences in the future. Likewise, opportunity cost neglect

(Frederick et al., 2009) may cause people to underestimate the opportunity cost of

not being able to do what they could have done had they avoided an extinction event.

These factors would in�uence decision making even if people had accurate,

unbiased information about the probability of the extinction event. These factors

are likely ampli�ed by biases in the available samples, in particular survivorship

or observer selection effects (Ćirković et al., 2010; Wilson, 2023): conditional on

thinking about the probability of the extinction event, the decision maker has not

been subjected to one themselves, and will therefore have experienced zero in-

stances of it (e.g., someone who is re�ecting on the risk of jaywalking will have

zero personal experience with deadly accidents, as otherwise they would not be in

a position to ponder this question). The impossibility of sampling extinction events

from memory will likely lead to underestimation of extinction risk.

In summary, several considerations point toward risk aversion, such as the

overweighting of small probabilities from descriptions or of extreme events, while

others suggest risk-seeking tendencies, including the description–experience gap,

underestimation of extinction's utility loss, and observer selection effects. Given

the con�icting predictions that can be drawn from past research and the practical

importance of the topic, it is surprising that there is a `notable scarcity of research

on human behavior in the context of low-probability high-impact events' (Sundh,

2024, p.7). One of the main reasons for this absence may be the lack of a be-
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havioural paradigm to study these types of risks, especially one that can be con-

nected with normative benchmarks.

The present work contributes to the understanding of how people make choices

under extinction risk. After providing the necessary clari�cation on what is meant

by anextinction event, and offering two distinct de�nitions, we introduce an exper-

imental paradigm suitable for its study – theExtinction Gambling Task(EGT). The

EGT, like most decision making paradigms, isolates key features of decisions under

extinction-risk within a lab-based framework involving �nancial gains and losses

(Frey et al., 2017; Kahneman & Tversky, 1979). This approach not only enables

a controlled �rst exploration of such decisions but also supports the derivation of

optimal choice strategies for different variants of extinction events, which can serve

as performance benchmarks.

After introducing the EGT, we report three experiments demonstrating its util-

ity in examining people's choices under extinction risk. Experiment 1 shows that

participants are sensitive to differences between two different kinds of extinction

events in ways that qualitatively align with optimal strategies. Experiment 2 intro-

duces a new type of catastrophic non-extinction event and shows that participants

treat this type of event differently from the extinction events, again consistent with

optimal predictions. Finally, Experiments 3a and 3b demonstrate how the EGT can

be used to study factors that might plausibly in�uence people's decision making

under extinction risk.

5.1.1 Towards an Extinction Gambling Task (EGT)

It is typical for scienti�c investigations to call for regimentations of ordinary-

language concepts through the development of technical de�nitions (e.g., going

from warmthto temperature). The case of human decision making is no different.

What is perhaps distinct is the co-existence of multiple possible de�nitions. Take the

case of `risk', which can be de�ned as tracking the probability of the worst-possible

outcome, or the variance among possible outcomes with known probabilities, to

name just two possible de�nitions (see Levy, 2015, Chap. 1; see also Konovalova

and Pachur, 2021). The same issue applies to `extinction events', in part due to the
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wide range of domains to which the term could be applied (e.g., health, �nance, cli-

mate). In the present work, we consider cases of repeated choice. Participants are

required to repeat the same decision (between an option containing the possibility of

extinction and one without this possibility) a maximum of 100 times. Within these

scenarios, there are two possible types of extinction events. The �rst we de�ne as

Keep, which establishes extinction as an end to the possibility of gains while keep-

ing any gains made thus far. As a real-world example, consider a boxer who risks

career-ending injuries every time they take on a high quality opponent for a high

value payday. As devastating as career-ending injuries are, they do not undo the

bene�ts gained from such bouts in the past. Our second de�nition,Lose, is much

more drastic, referring to a complete wipeout of gains – past, present, and future.

As an example, consider the case of a bank whose investment losses are greater than

all of the pro�ts generated in their entire history, which results in them going out of

business. These de�nitions of extinction risk also apply to extinction risks involv-

ing life, depending on how one views death. While Alice and Bob might agree that

death is an end, Alice might consider that this, nevertheless, does not erase all the

good experiences accumulated throughout life (Keep). Bob, however, might con-

sider that those experiences are also forgotten and therefore erased (Lose). Alice's

view is reminiscent of philosophical positions that underscore the experiences we

have collected as fundamental to the meaning of life (Eagleton, 2008; Mitsis, 2020;

Seneca et al., 2004), whereas Bob's view would be re�ected in positions such as

existential nihilism, which emphasize the futility of human endeavors in light of

death (Kuhn, 1992; Sartre, 1972).

These two de�nitions of extinction mirror debates in the literature on the value

of a statistical life and mortality-risk valuation (Kniesner & Viscusi, 2019). Some

researchers have argued that the value of statistical life should vary with age–an

idea sometimes morbidly labeled the `senior death discount'–on the grounds that

older individuals have fewer remaining life years (Harris, 1985; Krupnick, 2007;

M. Lockwood, 1988; A. Williams, 1997). However, empirical work on whether

people's preferences align with this perspective shows inconsistent �ndings: stated
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preference studies show mixed results (a review by Krupnick (2007) found that 14

of 26 studies supported a `senior discount', while the remaining 12 found no ef-

fect or even a `senior premium'); in contrast, revealed preference studies suggest

an inverse U-shaped pattern, where the lives of both younger adults and seniors are

valued lower than the lives of middle-aged adults, likely re�ecting confounds such

as income (Aldy & Viscusi, 2007; Kniesner & Viscusi, 2019). In policy applica-

tions, using a senior discount is highly contentious and usually a uniform value of

life is applied independent of age (Kniesner & Viscusi, 2019; Krupnick, 2007). Re-

taining both the Lose de�nition of extinction (which re�ects roughly similar costs

of extinction independent of age) and the Keep de�nition (which re�ects reducing

costs with increasing age) makes our task applicable to views that involve a senior

discount and views that assume age-independent valuations of life.

Both de�nitions of extinction can be implemented in the context of a repeated

risky-choice task. Consider a lottery problem with a `risky' and a `safe' option:

Risky =

0

@
r1 r2 rE

p1 p2 pE

1

A Safe =

0

@
s1 s2

q1 q2

1

A

Each lottery is comprised of mutually exclusive outcomes (e.g.,r1) that occur

with a given probability (e.g.,p1). Note thatp1 + p2 + pE = q1 + q2 = 1. The

outcomerE corresponds to the extinction event. The consequences of this event

will depend on the de�nition adopted.

To give a more concrete example:

Risky =

0

@
£10 £0 Extinct

:475 :475 :05

1

A Safe =

0

@
£1 £0

:50 :50

1

A

If a decision maker only encounters a single lottery problem once, then there is

no difference between the potential £0 outcome from the Safe option and the Extinct

outcome from the Risky option. For the two outcomes to become distinguishable,

it is necessary for the decision maker to engage with multiple lottery problems and
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to accumulate gains. In the present implementation of the EGT, they will encounter

the same lottery problem multiple times. Knowledge of how many times a lottery

problem will be encountered allows the decision maker to better evaluate the expo-

sure to risk vis-�a-vis the opportunity for maximizing gains. This evaluation depends

on the operating de�nition of extinction. In the next section, we outline the optimal

strategies for both the Keep and Lose de�nitions of extinction.

Optimal Solution for the Keep De�nition

The Keep de�nition of extinction captures the idea of an end to the accumulation of

gains, without any loss of past gains. In the EGT, where a lottery problem is encoun-

tered multiple times, this de�nition implies that the expected payoff of a strategy

strongly depends on the position in the sequence of trials where the risky choices

are played. Early in the experiment, extinction carries a higher (opportunity) cost

than it does later in the experiment, as one misses out on more opportunities to earn

money. By contrast, in the �nal trial, the opportunity cost is zero and the cost of

drawing the extinction option is equal to the £0 outcome. Therefore, it would make

sense to play the safe lottery in the �rst trials and the risky lottery towards the end.

Speci�cally, we show that the expected value is maximised by following a

strategy with a single switch point, before which participants should choose the

safe option and after which they should choose the risky option. The expected

value (E) for the Keep condition, assuming that a participant follows this optimal

order of choices (that is, they �rst makeNsafe safe choices and afterwardsNrisky
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risky choices for a �xed total ofNsafe+ Nrisky = Ntotal choices), is given by

E(Nrisky) = s� Nsafe| {z }
Expected value of
safe-choice trials

+ pE �
Nrisky� 1

å
i= 0

(1� pE) i � i � r

| {z }
Expected value of

the risky-choice trials
if one goes extinct at some point

+ ( 1� pE)Nrisky � Nrisky � r;
| {z }

Expected value of
the risky-choice trials

if one does not go extinct

(5.1)

wheres denotes the expected value of choosing the safe lottery, andr denotes the

expected value of choosing the risky lottery – extinction excluded – andpE denotes

the probability of going extinct when playing the risky lottery. If the safe choices are

made �rst, then the expected value from the safe-choice trials is the number of safe-

choice trials multiplied by the expected value per trial (�rst line of Equation 5.1).

The second line denotes the probability of going extinct in the risky-choice trial

multiplied by the payoff of this type of extinction (i.e., the expected value from the

risky-choice trials over all extinction outcomes). Finally, the third line denotes the

probability of surviving the entire experiment multiplied by the payoff of the risky-

choices in this case (in the main text we derive all optimal solutions on the basis of

expected value; the qualitative patterns of the optimal solutions are very similar if

one instead uses expected utility, although with somewhat fewer risky choices, see

Appendix C.2).

The optimal number of risky choices can then be obtained by �nding the max-

imum expected value across all possibleNrisky,

argmax
Nrisky

E(Nrisky): (5.2)

But what if participants do not follow the optimal ordering? If the risky-choice

trials are not played strictly after the initial block ofNsafe safe-choice trials, then
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the expected value for the latter (�rst term of Equation 5.1) changes. For example,

consider the case where we replace two safe choices from this block with risky

choices, namely thejth andkth trials, with j < k < Nsafe. Then

s� Nsafe
replaced with
�������! s� ( j � 1)

| {z }
�rst j � 1 safe choices

+ ( s� (k� j) + r) � (1� pE)
| {z }

risky choice atj and safe choices betweenj + 1 andk� 1

+ ( s� (Nsafe� k � 1)+ r) � (1� pE)2
| {z }

risky choice atk
and safe choices betweenk+ 1 andNsafe

:

(5.3)

Comparing Equation 5.1 and Equation 5.3, we can see why the expected value is

reduced whenever one deviates from the optimal order of playing all safe lotteries

�rst and then all risky lotteries. The expected value for some of the safe choices is

multiplied by the probability of survival (a number smaller than one, here(1� pE)

and(1� pE)2).

Finally, consider the case that the decision maker is given some initial endow-

ment. Then, the expected value for both choice options would simply change by a

constant, namely the value of that endowment. This illustrates a more general fact:

the optimal strategy for the Keep de�nition does not depend on initial earnings, as

the decision maker can keep them regardless of their choice in the next trial.

Optimal Solution for the Lose De�nition

While it is relatively obvious that one should play risky in the �nal trial under the

Keep de�nition, it is not so clear in the Lose de�nition, where one might lose all

earnings gained on all previous trials. Indeed, under the Lose de�nition, the opti-

mal solution isdynamicand has to account for participants' luck (i.e., their winnings

from previous trials). For example, if a participant chooses the risky option in the

�rst three trials, they may receive the maximum payoff three times, or they could re-

ceive zero payoff three times. In the �rst case, they have more to lose in subsequent

risky choices than in the second case, and therefore they should play less risky in

139



the following trials.

Deriving the dynamic optimal solution for this scenario requires the application

of the Bellman equation, a standard method in economics (e.g., Dixit, 1990). In

particular, this method uses backward induction by using the relationship between

the value function at one trial and the value function in the next trial.

Let Z denote current earnings. We can estimate the expected value for the total

game following a risky choice withN remaining trialsas

Erisky(N;Z ) = p1 � E(N � 1;Z + r1)

+ p2 � E(N � 1;Z + r2);
(5.4)

with

Erisky(0;Z ) = Z : (5.5)

Analogously, we can estimate the expected value of the total game following a

safe choice,

Esafe(N;Z ) = q1 � E(N � 1;Z + s1)

+ q2 � E(N � 1;Z + s2):
(5.6)

The optimal choice in a given trial is then risky ifErisky(N;Z ) > Esafe(N;Z ) and

otherwise it is safe. Finally, the expected value of the whole game, when following

the optimal dynamic strategy, is determined by the maximum ofErisky(N;Z ) and

Esafe(N;Z ), given that an optimal agent would simply play whichever gamble has

higher expected value,

E(N;Z ) = max(Erisky(N;Z );Esafe(N;Z )) : (5.7)

Unlike the Keep variant, the Lose variant does not imply a single optimal

switch point. Instead, there are different possible strategies that would approxi-

mate the optimal solution well. Following the optimal policy closely would imply a

gradual decrease of the number of risky choices; however, strategies that start safe
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or risky and then switch to risky or safe, or a strategy playing mostly safe throughout

the experiment would lead to similar expected value, as long as the total number of

risky choices is similar. The reason being that, ultimately, the most important factor

that determines the payoff in the Lose variant is the total number of risky choices

played and, due to the large number of trials, this number is affected relatively little

by luck. This is also re�ected by the fact that a non-dynamic optimal strategy (i.e., a

version of the optimal strategy were all choices are speci�ed in advance and which

does not allow taking the current endowment into account) leads to payoffs that are

relatively close to payoffs from the dynamic solution (see Appendix C.3).

5.1.2 Experiment 1: Empirical Choice Patterns for the Lose and

Keep Conditions With 100 Trials

In the previous sections, we 1) argued that the extant literature makes con�ict-

ing predictions regarding whether participants would be risk-seeking or risk-averse

when deciding whether to engage in actions that risk extinction, and 2) derived op-

timal solutions for the EGT. We now report an implementation of the EGT that op-

erationalises the Lose and Keep de�nitions of extinction and compare participants'

choices against the optimal strategy.

Method

Participants & Power. Participants were paid £1.50 for a 10-minute study. On top

of that base payment, participants in the Lose condition earned an average bonus of

£0.50, interquartile range (IQR) [£0, £0.77], and in the Keep condition £1.01, IQR

[£0.39, £1.39]. The study was approved by the ethics chair of UCL's Department

of Experimental Psychology (EP/2021/005). All experiments in this section were

hosted online on a JATOS (Lange et al., 2015) server, and participants for all exper-

iments were recruited via Proli�c, which has been shown to have high data quality

compared to other crowdsourcing vendors (Douglas et al., 2023; P. Eyal et al., 2021;

Stagnaro et al., 2024). Initially, 196 participants signed up for the study. We ex-

cluded participants who failed one or more of four different comprehension and
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attention checks: two participants indicated the wrong number of trials, four partic-

ipants did not indicate correctly that the piggy bank in the top right corner of the

screen showed their current bonus earnings, four participants indicated that they did

not remember the possible payoffs in the experiment, and 33 participants indicated

that they did not understand the nature of the extinction event. Some participants

failed multiple of these checks. After these exclusions, we obtained a �nal sample

of 157 participants (55 female, 102 male; mean age = 38). 90 participants were in

the Keep condition and 67 participants in the Lose condition. A simulation-based

power analysis showed close to 100% power with this design to detect a condition

difference of 1 on the logit scale, equivalent to a� 17% difference1 in the propor-

tion of risky choices between conditions (see Appendix C.4 for details on the power

analysis, which further demonstrates the robustness of our analytical approach to

the selection effects introduced by the extinction event).

Design and Materials.The experiment was programmed in lab.js (Henninger et

al., 2021) and exported as a JATOS �le for hosting. The full experiment is shared

on the OSF (https://osf.io/qhkw6/). Participants played a sequence of 20 practice

trials, followed by 100 incentivised trials. Throughout the experiment, participants

could see how many trials they had left and how much money they had currently

accumulated. On each trial, participants had to choose between two lotteries: a safe

lottery with a 50% chance of not winning anything, and a 50% chance of winning

1p; and a risky lottery with a 47.5% chance of not winning anything, a 47.5% chance

of winning 10p, and a 5% chance of extinction (see Figure 5.1 for an example

trial). The task parameters were chosen by simulating from the optimal strategy

and selecting values where optimality implies playing risky a few times but less

than half of the time in both conditions (Lose� 10%, Keep 44%). These parameters

re�ect that, although selecting the risky option can occasionally be advantageous,

regularly taking extinction-level risks–especially in the Lose condition–is generally

unfavourable (the values can easily be adjusted in future studies, and we modify the

payoffs in Experiment 3). In Experiment 1, the risky lottery was always displayed

1In estimated average riskiness, the main quantity of interest introduced in more detail below.
For comparison, the difference in estimated average riskiness was 35% in Experiment 1.
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on the left, and the safe lottery on the right (Experiment 3b replicated the �ndings

of Experiment 1, where lottery position was counterbalanced between participants).

Figure 5.1: The Experimental Setup as Shown to Participants on the Instruction Screen

Our two experimental conditions represented the two extinction de�nitions

outlined in the Introduction. In the Keep condition, participants could keep what

they had earned if they experienced the extinction event but could not earn ad-

ditional money in the following trials. In the Lose condition, participants' entire

earnings would be wiped out when experiencing the extinction event and they also

could not earn anything in future trials. After encountering an extinction event, par-

ticipants still needed to play the remaining trials (to avoid any incentives for early

extinction); however, the piggy bank in the top right corner turned into a mushroom

cloud to indicate extinction (we did not analyse choices made after the extinction

event was experienced). At the end of the experiment, participants received their

earnings as a bonus payment.

Procedure.Participants started the experiment on a welcome page with a high-level

description of the experiment and the following two warnings: `We advise against

participation if you have or had problems with gambling (i.e., gambling addiction)

at any point in your life,' and `At one point during the experiment, you may view
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a picture of a mushroom cloud. If you are not comfortable with this, please do not

continue.' After agreeing to the consent forms, participants received detailed task

instructions. These instructions included the probabilities and outcomes of all the

gambles, what would happen if they drew the extinction event, and an annotated

illustration of the lottery screen (see Figure 5.1).

After reading all instructions, participants made decisions in 20 practice tri-

als. Some participants drew an extinction event during these practice trials. In this

and the following experiments only a minority of participants experienced the ex-

tinction event during practice (Experiment 1: 43 out of 157, Experiment 2: 63 out

of 173, Experiment 3a 46 out of 147 participants, Experiment 3b: 116 out of 305

participants), and we found no difference in the proportion of risky choices based

on whether or not participants drew the extinction event during the practice trials

(Experiment 1:c 2(1) = 0:31; p = :575; Experiment 2:c 2(1) = 0:78; p = :376;

Experiment 3a:c 2(1) = 0:96; p = :328; Experiment 3b:c 2(1) = 0:84; p = :361).

After the practice trials, participants answered two attention checks: `What

happens if you choose the risky lottery and you draw the extinction option?' (cor-

rect answer for the Keep condition: `I will keep all my past bonus money, but I

cannot make more bonus money in the next trials,' correct answer for the Lose con-

dition: `I will lose all my bonus money, and I cannot get any more bonus payments

for future trials.'), `What does the piggy bank on the top right indicate?' (correct

answer: `Your current bonus'). Participants continued to the main part of the exper-

iment independent of their answers to these questions; however, those who failed

the attention checks were excluded from data analysis.

In the main task, participants chose between the lotteries 100 times. After all

trials were completed, we asked participants two further attention checks before

they could �nish the experiment: `How many trials were there in the main part of

the experiment?' (Correct answer: `100'), `What were the possible bonus payments

per trial in this study?' (Correct answer: `Extinction, 0, +1, +10'; the other incorrect

choice options also included `extinction' to avoid any uncertainties about whether

`extinction' counts as a bonus payment or not).
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Figure 5.2: Risky Choices and Survival Times in Experiment 1

Note. The optimal solution for the Lose condition is based on simulating 5000 participants who
follow the dynamic solution (Equations 5.4–5.7). The decision is executed based on a softmax
decision function, as otherwise tiny differences in expected value in the �rst choices would lead to
deterministic switching between the safe and risky options. We use a very low temperature (0.02)
so that the solution is very similar to a deterministic decision rule. The same qualitative pattern
arises for a range of temperature values. For a version of this �gure that shows model predictions
from the �tted mixed effects model along with 95% con�dence bands see https://osf.io/af8sr. See
also Figure C.2 for a visualisation of the optimal choices in the Lose condition as a function of trial
number and current endowment.

Results

Results of Experiment 1 are shown in Figure 5.2. The optimal solution is repre-

sented in the top row of Figure 5.2 as a dashed line. In the Keep condition (blue),

the optimal strategy is to switch from choosing the safe lottery to choosing the risky

lottery after trial 56. In the Lose condition (black), the aggregate optimal strategy

is to start with more risky choices and then reduce the proportion of risky choices

throughout. The top row of Figure 5.2 suggests that participants' choices (solid

lines) differed between the two extinction conditions in a manner qualitatively con-

sistent with the difference in the optimal solutions. Speci�cally, risky choices in-

creased across trials in the Keep condition, but decreased across trials in the Lose

condition. The top row of Figure 5.2 also suggests that choices were quantitatively

closer to the optimal solution in the Lose condition than in the Keep condition.
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The bottom row of Figure 5.2 shows the survival times of participants (white

bars, where 100 trials indicates that the participant survived until the end of the

experiment), as well as the survival times expected for participants following the

optimal strategy (red bars). This shows that more participants went extinct in the

Keep compared to the Lose condition. Again, this indicates sensitivity to the core

task characteristics, as extinction is more costly in the Lose condition. Further, in

the Keep condition, some participants went extinct earlier than implied by the opti-

mal strategy, whereas in the Lose condition, the survival times tracked the optimal

expectations remarkably well (see also Figure C.2 for a visualization of the opti-

mal choice for the Lose condition as a function of trial number and money, and

Figure C.6 for a by-participant summary of the data).

To statistically test people's sensitivity to the different extinction conditions,

we applied a logistic mixed effects model which predicts choosing the risky option

as a function of trial number (with both a linear and a quadratic effect, to account

for a potential U-shape), and condition (Keep vs. Lose), as well as an interac-

tion between trial number and condition. The optimal strategy implies a higher

proportion of risky choices overall in the Keep condition. We perform this com-

parison across conditions using theestimated average riskiness(i.e., the predicted

riskiness based on the model's �xed and random effects assuming each participant

responded to all trials, which is then averaged per condition; this measure takes

potential non-linearities into account and addresses the selective dropout of more

risky participants). For more details on our approach, including a simulation study

to verify its accuracy, see Appendix C.4 as well as the supplementary materials. We

found a signi�cant difference in the estimated average riskiness between conditions,

z= 6:01, p < : 001, with the estimated proportion of risky choices being 52%, 95%

CI [43%, 62%] in the Keep condition, as opposed to 17%, 95% CI [10%, 24%]

in the Lose condition. For comparison, if all participants had followed the optimal

strategy, these proportions would be 44% and 10%.

Further, the optimal strategy implies increasing risky choices during the task

for the Keep condition and decreasing risky choices for the Lose condition. In line
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with this, we found a signi�cant interaction between trial number (linear effect)

and condition,c 2(1) = 54:66; p < : 001, with a positive marginal linear slope in the

Keep conditionb = 3:68, 95% CI[1:29;6:08], and a negative marginal linear slope

in the Lose conditionb = � 6:41, 95% CI[� 8:02; � 4:79]. Overall, these results

suggest that participants were sensitive to the differences between conditions in a

way that was (qualitatively) consistent with the optimal strategy.2

Computational Modelling of Individual Level Strategies

The aggregate pattern of results in the previous section likely arose from a mixture

of different strategies on the level of individual participants. For example, it is plau-

sible that the steady increase in the probability of choosing risky in the Keep condi-

tion (top-row of Figure 5.2) is actually the result of different participants switching

from choosing safe to choosing risky at different time points. Speci�cally, in the

EGT participants can: 1) play the risky option with a constant probability through-

out; 2) gradually increase or decrease the probability of playing the safe or risky

option; or 3) switch between playing safe and playing risky. These strategies could

be played in either a deterministic or probabilistic way (e.g., switching from always

safe to always risky vs. switching from playing safe 90% of the time to playing

risky 90% of the time).

Modelling the individual-level strategies confers several bene�ts. First, some

of these strategies are qualitatively closer to the optimal solution than others. For

example, in the Keep condition, the optimal solution would imply a sudden switch

from safe to risky (rather than a constant increase or a reduction), whereas switching

from risky to safe, or playing only risky, would result in a lower expected payoff.

Therefore, modelling individual-level strategies helps us understand to what extent

participants recognized the optimal strategy and were only impeded by their ability

to estimate the correct parameters (e.g., some participants may have recognized that

a single switch strategy was optimal, but did not know where the optimal switch

2There was also a signi�cant interaction between trial number (quadratic effect) and condition,
c 2(1) = 10:48; p = 0:001 (Keep: b = 11:64, 95% CI[4:70;18:59]; Lose: b = � 0:365, 95% CI
[� 5:70;4:97]).
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point was), or did not even qualitatively recognize the optimal strategy. Second, the

optimal strategies differ between conditions in systematic ways. For example, in the

Keep condition, it is best to switch from playing safe to playing risky, whereas this

strategy is less strongly implied in the Lose condition. Therefore, modelling indi-

vidual level strategies allows us to better understand differences between conditions

and sensitivity to the type of extinction event. Third, we can use parameters from

computational models to get a better understanding of speci�c elements of partici-

pants' behaviour. For example, comparing the model estimated switch point to the

optimal switch point gives some evidence of whether participants are risk-averse or

risk-seeking. In the next sections, we �rst outline the model speci�cation and then

illustrate the three bene�ts discussed here through application of the model to the

experimental data.

Model Speci�cation

To describe the above strategies, we implemented a hierarchical (dependent) mix-

ture model with three components: asafe state, in which participants would play

mostly the safe choice; arisky state, in which participants would play mostly the

risky choice; and agradual state, which describes a gradual increase or decrease

of the probability of playing risky throughout the experiment (implemented with

logistic regression). The model allows participants to switch between the safe and

risky states during the experiment to accommodate the different types of strategies

outlined above (e.g., switching from safe to risky, or switching from risky to safe).

However, participants can not switch away from or into the gradual state. Further,

we constrained the states so that the probability of playing risky when in the risky

state is always> 0:8, and the probability of playing risky when in the safe state

is always< 0:2 (for a detailed model speci�cation, including information on prior

distributions, see Appendix C.5).
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Figure 5.3: Six Different Strategies Identi�ed by the (Dependent) Mixture Model

Note. Each panel illustrates one participant who is representative of one of the six
strategies. The y-axis denotes the probability of a given state shown in a coloured
line (red, blue, and orange lines), the probability of choosing risky given the regres-
sion state (black line), and the actual choices as circles (1 denoting a risky choice
and 0 denoting a safe choice). When one strategy has a posterior probability of
almost 100%, the lines for the other two strategies will overlay at the bottom of the
plot (i.e., only one is visible).

Computational Modelling Results

The model showed good convergence (allR̂< 1:01, Vehtari et al., 2021) and recov-

ered the patterns in the data well (see Figures C.4 and C.5 for posterior predictives).

The computational modelling allowed us to identify six types of individual strate-

gies, as visualised in Figure 5.3:

1. Gradual: Participants who continuously increased or decreased their proba-

bility of playing risky during the experiment.

2. Constant Risky: Participants who mostly played the risky option, and their

probability of choosing risky did not change during the experiment.

3. Constant Safe: Participants who mostly played the safe option, and their
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probability of choosing safe did not change during the experiment.

4. Risky ! Safe:Participants who switched from playing mostly risky to play-

ing mostly safe at a certain trial number.

5. Safe ! Risky: Participants who switched from playing safe to playing

mostly risky at a certain trial number.

6. Many Switches:Participants who switched between playing mostly safe and

playing mostly risky multiple times during the experiment.

Figure 5.4 shows that the proportion of strategies employed by different par-

ticipants varied between conditions,c 2 = 18:24; p = :002.3 This again indicates

sensitivity to the core task characteristics and qualitative understanding of the op-

timal strategies in several ways. First, participants in the Keep condition switched

from safe to risky more often than in the Lose condition, as implied by the optimal

strategy. Second, participants in the Lose condition played the safe strategy con-

siderably more often than participants in the Keep condition. This is in line with

the optimal strategy: extinction is more costly in the Lose condition than in the

Keep condition; consequently, in the Lose condition, playing fewer risky choices is

optimal.

In both conditions, the majority of participants were assigned to the gradual

strategy (Figure 5.4), which was implemented with logistic regression. Based on

the optimal strategies, we would expect the regression to have a positive slope in

the Keep condition and a negative slope in the Lose condition.4 In line with this,

all regression slopes were negative in the Lose condition, and positive in the Keep

condition (Figure 5.5, Panel A).

Finally, for the Keep condition, we compared the switch point estimated by the

model to the optimal switch point to assess whether those participants who under-

3We use a simulation-based chi-square test as the chi-square approximation may be incorrect
given the number of observations per cell. Therefore, no degrees of freedom are provided.

4Although the optimal strategy predicts a negative slope for the Lose condition, this prediction is
not as strict as the positive slope predicted in the Keep condition. As discussed above, the expected
value may be very similar for other trajectories in the Lose condition as long as the total number of
risky choices is similar to the one implied by the optimal strategy.
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Figure 5.4: Proportion of Participants Allocated to Each of the Six Strategies in Experiment
1

Figure 5.5: Parameter Estimates from the Computational Models in Experiment 1

Note.Panel A shows beta coef�cients for both conditions and Panel B shows switch
points for the Keep condition. Each panel shows the distribution of posterior mean
estimates across participants. Beta coef�cients are only plotted for those partici-
pants who were assigned to the gradual strategy and switch points are only shown
for those participants who were assigned to the Safe! Risky strategy.

stood that the optimal strategy involved a single switch from safe to risky tended

to switch too late or too early (Figure 5.5, Panel B). This analysis indicated that

most people switched later than the optimal switch point,t(19) = 6:74; p < : 001,
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consistent with risk-aversion.

Discussion

Experiment 1 compared participants' behaviour to the optimal strategies in the Keep

and Lose conditions of the EGT. We found that participants' aggregate behaviour

was qualitatively in line with the optimal strategies, approximating the optimal solu-

tion in the Lose condition particularly well. Computational modelling of individual

differences revealed a variety of different strategies employed by individual partic-

ipants. Even though only a small proportion of participants followed the optimal

strategy exactly (i.e., single switch or gradual), most participants used a strategy

that at least qualitatively resembled the optimal approach (e.g., constant increase of

p(risky) in the Keep condition).

5.1.3 Experiment 2: Introducing a Reset Condition

In Experiment 2, we introduce a new experimental condition –Reset. In this condi-

tion, participants lose all their earnings when the extinction event occurs, but they

can continue playing and accumulate new gains (and potentially draw the extinction

event again). In practical terms, Reset is a mirror version of the Keep condition im-

plemented in Experiment 1 (in which participants can keep all the money they have

earned, but cannot make new gains after extinction).

The motivation for this new condition is twofold. First, it can be mapped onto

real-world risk scenarios, where one loses everything but can recover (e.g., if one's

house gets destroyed in a natural disaster). Second, it allows us to test the in�u-

ence of opportunity cost neglect. Opportunity costs are foregone bene�ts that one

would have incurred if one had chosen an alternative option. A key feature of ex-

tinction events is that they have high opportunity cost: all the bene�ts one could

have incurred after the extinction event are now lost. Research shows that people

tend to exhibit opportunity cost neglect; that is, they insuf�ciently take into account

opportunity costs as compared to `direct' costs (Frederick et al., 2009; Persson &

Tinghög, 2020; Spiller, 2019).
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Comparing the choice patterns in the Keep and Reset conditions of the EGT

allows us to make inferences about how well participants can reason about oppor-

tunity costs versus `direct' costs. In the Keep condition, a participant's endowment

is not at stake, but their opportunity to keep playing in later trials is at stake (i.e.,

extinction leads to opportunity cost). Conversely, in the Reset condition, a partici-

pant's endowment is at stake, but their opportunity to continue playing in later trials

is not at stake (i.e., extinction leads to `direct' costs). In particular, we can compare

the choices at the beginning of the task in the Keep condition (where extinction

would lead to high opportunity cost but low direct cost) versus at the end of the task

in the Reset condition (where extinction would lead to a high `direct' cost but low

opportunity cost). If participants display opportunity cost neglect, we would expect

them to play too risky at the beginning of the task in the Keep condition, but we

would not expect them to play too risky at the end of the task in the Reset condi-

tion. Consequently, we might expect more people in the Reset condition to follow

the optimal single switch strategy than in the Keep condition (where some people

would start too risky).

Overall, Experiment 2 has one main hypothesis and one research question.

1. Sensitivity to Extinction Condition: In the Keep condition, participants will

increase the proportion of risky choices as they proceed through the experi-

ment, whereas in the Reset condition, they will reduce the proportion of risky

choices (preregistered).5

2. Opportunity Cost : Are participants in the Reset condition more in line with

the optimal policy than participants in the Keep condition? (not preregis-

tered)6

5The preregistration is available at https://osf.io/8uas6. Note that in the preregistration, we use
a previous terminology and refer to the Keep condition as the Keep-stop condition and the Reset
condition as the Lose-continue condition.

6We initially preregistered that the main test for the role of opportunity cost neglect is whether
there is a signi�cant difference in the number of risky choices between both conditions. However,
as this test was based on a static optimal policy for the Reset condition, this is no longer the most
informative test (see section `Optimal Strategy for the Reset Condition'). Following the preregis-
tration with a test comparing the average riskiness between conditions, would come to the same
conclusions.
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Optimal Strategy for the Reset Condition

Because participants can lose all earnings accumulated so far in the Reset condition,

the optimal strategy depends on how lucky participants have been and how many

earnings they have won (as in the Lose condition). The optimal strategy for the

Reset condition therefore also follows a dynamic solution. It is the same as in

the Lose condition, with the addition that the optimal solution now also factors

in the possibility of `resets' (i.e., an event where one loses one's endowment but

can continue playing). Speci�cally, the expected value of a risky choice withN

remaining trials corresponds to

Erisky(N;Z ) = p1 � E(N � 1;Z + r1)

+ p2 � E(N � 1;Z + r2)

+ p3 � E(N � 1;0):

(5.8)

Apart from this modi�cation, the optimal solution follows the Lose condition–

Equation 5.6 determines the expected value of a safe choice, the value when zero

trials are left equals the endowment (Equation 5.5), and the choice between safe

and risky is determined by whichever of the two options has higher expected value

(Equation 5.7).

Even though the Reset condition can conceptually be viewed as a mirror ver-

sion of the Keep condition (as we argue in the introduction of this experiment), the

optimal solution in the Reset condition implies a larger proportion of risky choices

than in the Keep condition for the same maximum trial number, probabilities, and

outcomes (67.6% vs. 44%). The reason for this is that risky trials in the Reset

condition can be played both before and after an extinction event is experienced.

Consider a participant in the Reset condition who starts risky and is reset to zero

after 40 trials. This participant should then continue playing risky until the endow-

ment becomes so large that it has a higher expected value to play safe rather than

risky, which is for much longer than 4 more trials (44 trials is the optimum in the
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Keep condition).7

Participants

Participants were paid £1.20 for the 8-minute study. On top of that base pay-

ment, participants in the Reset condition earned an average bonus of £1.22 IQR

[£0.79, £1.57] and in the Keep condition £1.03 IQR [£0.40, £1.35]. The study was

approved by the ethics chair for UCL's Department of Experimental Psychology

(EP/2021/005). Initially, 197 participants completed the study. One participant in-

dicated the wrong number of trials, six participants did not indicate correctly that

the piggy bank in the top right corner of the screen showed their current bonus

earnings, six participants did not remember the possible payoffs in the experiment

correctly, and 20 participants indicated that they did not understand the nature of

the extinction event (some participants failed multiple of these checks). After these

exclusions, we obtained a �nal sample of 173 participants (77 in the Reset condition

and 96 in the Keep condition). The mean age of participants was 40.60 years (SD =

12.15). Eighty-eight participants were female and 85 male.

Materials and Procedure

The materials and procedure were the same as in Experiment 1, except that we

replaced the Lose condition with the Reset condition. In addition, the position of

the risky and safe choices on the screen was counterbalanced between participants.

Results

As in Experiment 1, the differences in participants' choices across conditions were

qualitatively in line with the predictions of the optimal solutions (see Figure 5.6).

During the experiment, the proportion of risky choices increased in the Keep con-

dition and decreased in the Reset condition.
7This difference in optimal strategy is also why the effect of opportunity cost neglect cannot

be directly tested by comparing the proportion of risky choices, but instead requires computational
modelling of the individual level strategies.
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Figure 5.6: Risky Choices and Survival Times in Experiment 2

Note.The optimal solution for the Reset condition is based on simulating 5000 participants, which
follow the dynamic solution (Equations 5.5–5.8). The decision is executed based on a softmax
decision function, as otherwise tiny differences in expected value in the �rst choices would lead to
deterministic switching between 0 and 1. We use a very low temperature (0.02) so that the solution
is very similar to a deterministic decision rule. The same qualitative pattern arises for a range of
temperature values. In the Reset condition, participants cannot drop out; therefore, the `Alive at
Trial' and `Alive until End' lines are identical in this condition. For a version of this �gure that
shows model predictions from the �tted mixed effects model along with 95% con�dence bands see
https://osf.io/mrvg7. Also see Figure C.3 for a visualisation of the optimal strategy in the Reset
condition as a function of current endowment and trial number.

We again use a mixed effects model with the same �xed effects speci�cation

as in Experiment 1 (effects of condition, linear and quadratic effect of trial num-

ber, as well as the interactions of condition with trial number).8 Consistent with

the predictions of the optimal strategies, we found a signi�cant interaction between

trial number (linear effect) and condition,c 2(1) = 1372:28; p < : 001, with a pos-

8The model also had by-participant random intercepts and initially by-participant random slopes
for both the linear and the quadratic effect of trial number. As the maximal model, showed conver-
gence issues (degenerate Hessian with 4 negative eigenvalues) and candidate models with random
slopes for only the linear effect of trial number also did not converge without issues, we report re-
sults from a reduced model with only by-participant random intercepts. The maximal model showed
the same pattern of statistical signi�cant effects as the reduced model, apart from the main effect
of condition as indicated in the main text. In addition to the effects reported in the main text, we
also found a signi�cant interaction effect between condition and trial number (quadratic effect),
c 2(1) = 157:39; p < : 001; Keep:b = 9.87, 95% CI [8.77, 10.97]); Reset:b = -0.72, 95% CI [-1.48,
0.04]).
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itive marginal linear slope in the Keep condition,b = 2:44, 95% CI [2.11, 2.76],

and a negative marginal linear slope in the Reset condition,b = � 4:46, 95% CI [-

4.68, -4.24]. We further found a just below threshold signi�cant difference between

the conditions in estimated average riskiness,z = 1:98; p = :048 (when using the

maximal model, which showed convergence issues, this difference was no longer

signi�cant, z= 1:29; p= :197), with the estimated proportion of risky choices being

40%, 95% CI [35%, 46%] in the Reset condition and 49%, 95% CI [42%, 56%] in

the Keep condition.

Computational Modelling Results

We applied the same computational model as in Experiment 1 to investigate par-

ticipants' decision strategies on an individual level. The model again showed good

convergence (all̂R< 1:03). In the Keep condition, the optimal strategy still involves

switching to playing risky after trial 56. In the Reset condition, the optimal strat-

egy involves switching in the other direction (Risky! Safe); however, because the

solution is dynamic, this switch does not always occur at the same trial. Instead,

the timing of the optimal switch point varies between participants. If participants

do not take opportunity cost into account, we would expect those in the Keep con-

dition to start more risky than implied by the optimal strategy, and consequently

fewer participants in this condition would follow the optimal strategy.

Participants' strategies differed considerably between conditions (see Fig-

ure 5.7; c 2 = 57:17; p < : 001). In line with the optimal solutions, participants

were more likely to switch from risky to safe in the Reset condition, and more

likely to switch from safe to risky in the Keep condition. In line with our hypoth-

esis that participants �nd it easier to reason about `direct' costs than opportunity

costs, more participants followed the optimal strategy (switching from risky to safe)

in the Reset condition than in the Keep condition (switching from safe to risky),

c 2(1) = 4:80; p = :028.

A comparison of participants' switch points to optimal switch points suggests

risk aversion in both conditions, as in Experiment 1. As shown in Figure 5.8, those
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Figure 5.7: Proportion of Participants Allocated to Each of the Six Strategies in Experiment
2

Note. More Participants Switch from Safe to Risky in the Reset Condition than
from Risky to Safe in the Keep Condition.

in the Reset condition switched from choosing risky to safe earlier than the optimal

solution suggested,t(38:85) = 3:81; p < : 001, whereas those in the Keep condition

descriptively switched from safe to risky later than suggested, though this effect

is not statistically signi�cant,t(13) = 1:32; p = :208 (this test is based on only 14

participants, three of whom switched very early). As in Experiment 1, the slopes

of those participants assigned to the gradual strategy showed the expected direction

(mostly negative in the Reset condition and mostly positive in the Keep condition,

though there is more variability in the slopes in the reset condition, see Figure C.7).

Discussion

In Experiment 2, we introduced the Reset condition, in which participants lose ev-

erything if they draw the extinction event, but can continue to play and acquire

future gains. As in Experiment 1, participants demonstrated sensitivity to the core

task characteristics and we found some alignment between individual-level strate-

gies and the optimal solution. Furthermore, we also found that more participants

recognized the optimal single switch strategy in the Reset than in the Keep condi-
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Figure 5.8: Participants' Switch Points and Optimal Switch Points for Experiment 2

Note. Histogram of switch points for those participants that followed a single switch
strategy. Red denotes the distribution of optimal switch points in Reset and the
single optimal switch point in Keep.

tion. This suggests that it is possibly easier for participants to reason about `real'

losses (i.e., their endowment, as represented by money in the piggy bank) than op-

portunity costs (i.e., not being able to continue playing and earning money).

5.1.4 Experiment 3: What Psychological Factors Shape Deci-

sions Under Extinction Risk?

In the �rst two experiments, we introduced three different de�nitions of extinction

or catastrophic risks (Keep, Lose, & Reset) and tested the in�uence of opportu-

nity cost neglect via comparison between the Keep and Reset conditions. Experi-

ment 3 aims to further demonstrate the EGT's potential by varying features of the

taskwithin extinction conditions to test the in�uence of a variety of psychologi-

cal factors on decision making under extinction risk. In particular, we explore the

in�uence of loss chasing (Gainsbury et al., 2014; Lister et al., 2016), opportunity

cost neglect (e.g., Frederick et al., 2009), and scope insensitivity (e.g., Desvousges

et al., 1993) on decision making under extinction risk. Our aim is to demonstrate

the utility of the EGT for studying the in�uence of such phenomena. Consequently,

the following does not provide a de�nitive account of these phenomena, but rather
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a �rst demonstration of how they can be investigated using the EGT.

Experiment 3a: Endowment and Losses

In Experiment 3a, we extended the Lose condition by introducing small losses and a

starting endowment (Lose + Endowment condition). This new condition is identical

to the Lose condition from Experiment 1, with the addition that participants now

start with a small endowment of 50p and decide between a safe lottery that has a

50% chance of winning 1p and a 50% chance oflosing1p; and a risky lottery that

has a 47.5% chance of winning 10p, a 47.5% chance oflosing1p, and a 5% chance

of extinction. In other words, the 0p outcome from before is now replaced with a

� 1p outcome.

The Lose + Endowment condition has both practical and theoretical motiva-

tions. From a practical perspective, in the real world people usually do not start

from zero but with something to lose. In addition, there is usually a possibility of

small losses even under the safe option. For instance, someone who decidesnot to

jaywalk may risk being late for a meeting. This would likely result in more risky

choices because people often play more risky to recover from previous losses (a

phenomenon termed `loss chasing' in the literature on casino gambling; Gainsbury

et al., 2014; Lister et al., 2016), especially when these losses have not yet been

realised (i.e., paper losses or losses that have not yet been `cashed out' in the eyes

of the participant; Imas, 2016). Losing money in the piggy bank in our task would

likely constitute an unrealised loss as this money has not yet been awarded to the

player.

This condition additionally allows us to probe in more detail why participants'

proportion of risky choices declined during the task and, consequently, approxi-

mated the optimal solution in the Lose condition remarkably well in Experiment 1

(Figure 5.4). One possible explanation for this decline is that participants play less

riskily the higher their endowment (i.e., the more money is displayed in the piggy

bank), similar to the idea of opportunity cost neglect investigated in Experiment

2. If this was indeed the case, we would expect fewer risky choices at the start

160



of the Lose + Endowment condition, where there is a higher starting endowment,

than in the normal Lose condition (note that this difference would not be affected

by loss chasing, as participants have not yet experienced any losses at this point).

The proportion of risky choices should, however, decline more slowly in the Lose

+ Endowment condition, as participants' endowment will not increase as quickly as

in the normal Lose condition due to the� 1p outcome.

Therefore, this study has two main research questions:

1. Is overall risk-seeking increased in the Lose + Endowment condition com-

pared to the normal Lose condition? (not preregistered).

2. Does the proportion of risky choices decline faster in the normal Lose condi-

tion than in the Lose + Endowment condition? (preregistered)9

Participants. The study was approved by the ethics chair of UCL's Department of

Experimental Psychology (EP/2021/005). Participants were paid £1.20 to partici-

pate in an 8-minute study. On top of that base payment, participants in the normal

Lose condition earned an average bonus of £0.44 IQR [£0.00, £0.60] and in the

Lose + Endowment condition £0.41 IQR [£0.00, £0.63]. Initially, 210 participants

signed up for the study. Three participants failed the attention check asking them

about the total number of trials, nine failed the check asking about the possible out-

comes of the lotteries, 25 did not know what the extinction event indicated, and six

did not know what the piggy bank indicated. We also excluded three participants

that seemed to have signed up twice, due to a technical problem. After excluding

participants who failed these attention checks, we were left with a �nal sample of

147 (76 in the normal Lose condition and 71 in the Lose + Endowment condition).

The average age was 41.21 (SD = 14.73), 72 participants were female and 75 were

male.

Materials and Procedure.The normal Lose condition was the same as in Exper-

iment 1. For the Lose + Endowment condition, we updated the instructions and

9The preregistration is available at https://osf.io/8dntk. If the results of this test were to be statis-
tically signi�cant, we would have followed up by testing the difference at the �rst trial to delineate
this from the in�uence of loss chasing.
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Figure 5.9: Risky Choices and Survival Times for Experiment 3a

Note. The optimal solution is based on simulating 5000 participants who follow
the dynamic solution (Equations 5.4–5.7). The decision is executed based on a
softmax decision function, as otherwise tiny differences in expected value in the
�rst choices would lead to deterministic switching between 0 and 1. We use a very
low temperature (0.02) so that the solution is very similar to a deterministic decision
rule. The same qualitative pattern arises for a range of temperature values. For a
version of this �gure that shows model predictions from the �tted mixed effects
model along with 95% con�dence bands, see https://osf.io/g6ck3 .

lottery screens to re�ect the possibility of small losses, and the piggy bank on the

�rst page of the experiment started with a value of 50. As in Experiment 2, we

counterbalanced the position of the options on the screen.

Results.Figure 5.9 (top row) suggests that the overall proportion of risky choices

was higher in the Lose + Endowment condition than in the original Lose condition.

Furthermore, as in Experiment 1, the proportion of people who survived until the

end was similar to the optimal solution in the normal Lose condition; however, it

was lower than the optimal solution in the Lose + Endowment condition (Figure 5.9,

bottom row), indicating greater risk-seeking in the Lose + Endowment condition.

As in the previous experiments, we used a logistic mixed effects model

with effects of condition, trial number (linear & quadratic effect), and their in-
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teraction. This indicated a signi�cant difference in estimated average riskiness,

z= 2:74; p = :006, with the estimated proportion of risky choices being 17%, 95%

CI [11%, 23%] in the normal Lose condition and 28%, 95% CI [18%, 38%] in the

Lose + Endowment condition (for comparison, the optimal would be 10% in both

conditions). Further, we found no evidence for an interaction between trial num-

ber (linear effect) and condition,c 2(1) = 2:20; p = 0:138, with a negative marginal

slope in both the normal Lose condition,b = � 3:30, 95% CI [-4.78, -1.81], and the

Lose + Endowment condition,b = � 1:88, 95% CI [-3.61, -0.14].10 These results

are consistent with RQ1 (more risky choices after the introduction of Losses) but

not RQ2 (faster decrease in risky choices in the normal Lose condition compared to

the Lose + Endowment condition).

Computational Modelling Results.The model again showed good convergence

(all R̂< 1:01). Since the optimal strategy for both conditions was virtually the same

in this experiment, we did not expect any major differences in terms of participants'

assignment to the different strategies. In line with this, we found no evidence for dif-

ferences in strategies between conditions,c 2 = 3:50; p = :643 (see Appendix C.8.3

for a visualisation of the computational modelling results for this experiment).

Discussion.Overall, Experiment 3a provides evidence for risk-seeking after (paper)

losses, as participants' responses were more risk-seeking in the condition including

small (paper) losses (Lose + Endowment) than in the condition without such losses

(Lose). Further, we did not �nd evidence that participants' risky choices are mainly

determined by the amount of money in the endowment rather than the expected

value of the total game. Instead, risky choices decreased during the experiment at

a similar rate for both the Lose + Endowment and normal Lose conditions. This

suggests that factors other than the endowment (e.g., exploration in the beginning

of the task) cause the reduction in risky choices during the experiment.

10We also did not �nd a signi�cant interaction between trial (quadratic effect) and condition
(c 2(1) = 0:04; p = :839) with a positive slope estimate in both conditions (Lose:b = 1:69, 95%
CI [-1.71, 5.09], Lose + Endowment:b = 2:16, 95% CI [-1.18, 5.51]).
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Experiment 3b: Varying the Maximum Number of Trials

In Experiment 3b, we turn to another important feature of our task: unlike most

other gambling tasks, the maximum number of trials has considerable impact on

the optimal strategies in the EGT. Intuitively, as the maximum number of trials

decreases, less can be lost by drawing the extinction outcome, and consequently

participants should choose the risky lottery more often. A similar line of reasoning

also applies to real-world decisions under extinction risk: when more is at stake in

terms of investment or future time lost from going extinct, it becomes more impor-

tant to avoid extinction risk. However, research on choice bracketing (Read et al.,

2000) and scope insensitivity (Kahneman et al., 1999) suggests that people may not

be suf�ciently sensitive to the value that could be lost in case of extinction.

Choice bracketing refers to whether people, when faced with a sequence or

set of choices, are more likely to integrate across them (`broad bracketing') or to

consider each of the choices in isolation (`narrow bracketing'). People tend to view

individual choices in isolation rather than integrating across the set; that is, they

exhibit narrow bracketing (Bland, 2019; Rabin & Weizsäcker, 2009; Read et al.,

2000). If narrow bracketing also pertains to the EGT, it would imply insensitivity

to the total number of choices. Scope insensitivity describes a similar phenomenon

whereby people do not value a good in proportion to its scope or size (Kahneman

et al., 1999). It has been shown in a variety of domains, such as contingent valuation

judgment (Baron & Greene, 1996; Desvousges et al., 1993; Kahneman & Knetsch,

1992), charitable giving (V̈astfj̈all and Slovic, 2020, see also Chapter 4 of this the-

sis), or in the reaction to mass suffering and genocides (Cameron & Payne, 2011;

Dickert et al., 2015; Slovic & V̈astfj̈all, 2010a). Like narrow bracketing, scope in-

sensitivity would suggest that people are not suf�ciently sensitive to the amount of

time that is lost by extinction (or the number of future choices), and would therefore

likely lead to deviations from optimal decision making under extinction risk.

In Experiment 3b, we investigated how people adjust their choices as the maxi-

mum trial number changes. We decided on the maximum trial number in the differ-

ent conditions based on three considerations. First, we chose maximum trial num-
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bers that imply a suf�cient difference in optimal strategies to maximise the chance

of �nding an effect of maximum trial number if it is present. Second, we tried to

avoid extreme cases where the optimal solution implies always or never choosing

the risky option. Third, we wanted to retain a maximum trial number of 100 in one

of the two conditions to allow a direct replication of Experiment 1.

Based on these considerations, we chose 60 and 100 as our maximum trial

numbers for comparison. As the maximum remaining trials should mostly have

an effect in the Lose and Keep conditions, where earnings from a large number of

future trials can be foregone upon extinction, this experiment focuses on those two

conditions. This resulted in the following four groups, with the optimal number of

risky choices indicated in brackets:

1. 60 maximum trials – Lose condition (optimal strategy� 14/60 risky choices)

2. 100 maximum trials – Lose condition (optimal strategy� 10/100 risky

choices)

3. 60 maximum trials – Keep condition (optimal strategy 44/60 risky choices)

4. 100 maximum trials – Keep condition (optimal strategy 44/100 risky choices)

Even though the difference between 60 and 100 trials might appear small, the im-

plied difference in the proportion of risky choices is substantial. In the Lose con-

dition, participants should choose the risky option more than twice as often for 60

compared to 100 maximum trials (23% vs. 10% of the time), and in the Keep con-

dition, a bit less than twice as often (73% vs. 44% of the time).

In addition to testing the effect of maximum trial number, Experiment 3b also

aimed to replicate the sensitivity to the core task characteristics found in the previ-

ous experiments (in particular, Experiment 1, which compared the same conditions

but only for 100 maximum trials).

Overall, Experiment 3b tested one set of predictions and one research question:

1. Sensitivity to Extinction Condition: We expected the same effects as ob-

served in Experiment 1. The proportion of risky choices in the Keep condi-

tions will be higher than in the Lose conditions. Additionally, we expect the
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same interaction between Extinction Condition and trial number: Participants

in the Keep conditions will increase the proportion of risky choices across tri-

als, whereas participants in the Lose conditions will not. (preregistered, see:

https://osf.io/wesxa)

2. Sensitivity to Maximum Number of Trials: Are participants playing more

risky when the maximum number of trials is lower? (not preregistered)11

Participants. Participants were paid £1.20 to participate in an 8-minute study. On

top of that base payment, participants in the Lose condition earned an average bonus

of £0.52 IQR [£0.00, £082] and in the Keep condition £0.77 IQR [£0.22, £1.19].

The study was approved by the ethics chair of UCL's Department of Experimental

Psychology (EP/2021/005). Initially, 393 participants completed the study. We ex-

cluded participants based on four different comprehension/attention checks. Four

participants indicated the wrong number of trials, 14 participants did not indicate

correctly that the piggy bank in the top right corner showed their current bonus

earnings, 18 participants did not remember the possible payoffs in the experiment

correctly, and 65 participants indicated that they did not understand the nature of

the extinction event. Some participants failed multiple of these checks. After these

exclusions, we obtained a �nal sample of 305 participants. The mean age of partic-

ipants was 40.35 years (SD = 13.03). 158 participants were female and 147 male.

142 participants were in the Lose condition (85 in the 60-trial condition and 57 in

the 100-trial condition) and 163 participants in the Keep condition (96 in the 60-trial

condition and 67 in the 100-trial condition).

Design, Materials and Procedure.The method was the same as in Experiment 1

aside from the addition of the maximum trial number manipulation (60 vs. 100),

and the counterbalancing of the position of the two lotteries (as in Experiments 2 &

3a). This resulted in a 2� 2 (Extinction Condition� Maximum Trials) between-

participants design.

11For this analysis, we deviate from the preregistration with an analysis that maps better onto our
theoretical question. We report the preregistered analysis in a footnote in the Results section.
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Figure 5.10: Risky Choices for Each Maximum Trial Number and Extinction Condition for
Experiment 3b

Note.In the Keep condition, the 60-trial condition is overlaid on the 100-trial condition in such a way
that they both show the same end point. Therefore, the lines for the optimal solutions exactly overlay
for 60 vs. 100 Maximum Trials. The optimal solution for the Lose condition is based on simulating
5000 participants, which follow the dynamic solution (Equations 5.4–5.7). The decision is executed
based on a softmax decision function, as otherwise tiny differences in expected value in the �rst
choices would lead to deterministic switching between 0 and 1. We use a very low temperature (0.02)
so that the solution is very similar to a deterministic decision rule. The same qualitative pattern arises
for a range of temperature values. For a version of this �gure that shows model predictions from the
�tted mixed effects model along with 95% con�dence bands see https://osf.io/pz7hg.

Results.As in Experiment 1, participants' choices differed between the Keep and

Lose conditions. In line with the optimal strategies, participants made more risky

choices at the end of the experiment in the Keep condition, whereas they made more

risky choices at the beginning of the experiment in the Lose condition (Figure 5.10).

Regarding the in�uence of Maximum Trials, we found that in the Keep conditions,

participants increased their risky choices a similar number of trials from the end of

the experiment, regardless of whether they would see a maximum of 60 or 100 trials

(Figure 5.10, top panels, in which the 60-trial condition has been plotted according

to the distance from the �nal trial). In the Lose conditions, participants played a

similar proportion of risky choices in the �rst 60 trials, again regardless of whether

they would see a maximum of 60 or 100 trials (Figure 5.10, bottom panels).
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We �rst tested participants' sensitivity to the Extinction Condition using a lo-

gistic mixed effects model with effects of trial number (linear & quadratic effect),

Extinction Condition, Maximum Trials, their two-way interactions, and their three-

way interaction. We standardised the trial number by subtracting the midpoint

within each condition.12 As predicted, and as in Experiment 1, we found a sig-

ni�cant difference in the estimated average riskiness,z= 9:04; p < : 001, and a sig-

ni�cant interaction between Extinction Condition and trial number (linear effect),

c 2(1) = 472:92; p < : 001, with a positive marginal slope in the Keep conditions,

b = 1:74, 95% CI [1.47, 2.00], and a negative marginal slope in the Lose condi-

tions,b = � 2:17, 95% CI [-2.46, -1.89].13

The visual pattern from Figure 5.10 suggests that in the Keep conditions, par-

ticipants played the same proportion of risky choices with the same distance from

theendof the experiment, whereas in the Lose conditions, participants played the

same proportion of risky choices at the same distance from thebeginningof the ex-

periment. We therefore estimated two additional mixed effects models, one for each

Extinction Condition, that compares the estimated average riskiness of the condi-

tions with 60 maximum trials to the estimated average riskiness in the �rst 60 trials

(Lose) and the last 60 trials (Keep) of the conditions with 100 maximum trials. Con-

sistent with the visual impression from Figure 5.10, this indicated no evidence for

an effect of Maximum Trial Number in the Keep conditions,z= 0:65; p = :518, nor

in the Lose conditions,z= 1:51; p = :131.14

12Speci�cally, for the 60-trial conditions:trialNr stan= ( trialNr � 30:5) and the 100-trial condi-
tions: trialNr stan= ( trialNr � 50:5) (Note that the mean of trials ranging from 1 to 100 is 50.5 not
50).

13We further found a signi�cant interaction between trial number (quadratic term) and condition
c 2(1) = 23:24; Keep:b = 6:25, 95% CI [5.37, 7.13]; Lose:b = 2:75, 95% CI [1.78, 3.72]. These
results were based on a random intercepts only model. The maximal model, which showed con-
vergence issues (Hessians with negative Eigenvalues) lead to the same conclusions. Further, in this
experiment, we preregistered only a linear effect of trial number. Removing the quadratic effect of
trial number lead to the same conclusions.

14Testing for an effect of maximum trial number using the �rst GLMM (i.e., the one used to
test for the main effect of Extinction Condition), shows evidence for an effect of Maximum Trial
Number in the Lose condition,z= 2:34; p= :020, but not in the Keep condition,z= 0:15; p= 0:883.
The reason is that this analysis does not compare matching trials but rather compares the estimated
average riskiness across 60 trials in the 60-trial condition to the estimated average riskiness across
100 trials in the 100-trial condition.
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Computational Modelling Results.The models again showed good convergence

(all R̂ < 1:01). As in Experiment 1, we found a signi�cant difference in strate-

gies employed between Extinction Conditions,c 2 = 33:31; p < : 001. More partic-

ipants followed the risky strategy and the safe to risky switch strategy in the Keep

than in the Lose conditions. We found no evidence for an impact of the Maxi-

mum Trial Number on the employed strategy (Lose:c 2 = 7:39; p = :191, Keep:

c 2 = 3:18; p = :682; see Appendix C.8.4 for visualisations of the strategies as a

function of Extinction Condition and Maximum Trial Number).

Discussion.Experiment 3b replicated the �ndings of Experiment 1, where partici-

pants responded to the differences between the extinction conditions in ways that

are qualitatively in line with the optimal strategies (i.e., they increased risky choices

towards the end of the experiment in the Keep but not in the Lose conditions). Re-

garding the impact of the maximum trial number, our results suggest that in the

Lose conditions, participants' choices depended on the number of trials already

played (independent of the maximum trial number), while in the Keep conditions,

their choices depended on the number of trials remaining (again independent of

the maximum trial number). These results are consistent with the hypothesis that

choice bracketing and scope insensitivity may lead people to be insensitive to the

maximum trial number.

However, in addition to this insensitivity, participants' behaviour also showed

a surprisingly adaptive element in the Keep conditions, which diminishes deviation

from optimality: they switched at a constant distance from the last trial (rather than,

for instance, after a constant proportion of trials). Therefore, insensitivity to trial

number only leads to a deviation from optimality in the Lose conditions, where

the number of risky choices changes as the number of trials reduces. Participants

in this condition played somewhat too safely when the maximum trial number is

reduced (since the optimal strategy implies more risky choices for fewer trials, red

dotted line in Figure 5.10). In the Keep conditions, insensitivity to trial number

leads to well-calibrated behaviour, because people switch on average with the same

distance from the end, a behaviour that is aligned with the optimal strategy (black
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line in Figure 5.10).

5.1.5 General Discussion

This chapter aimed to advance our understanding of decision making in the face

of irredeemable losses—namely, extinction risks. We proposed three de�nitions

of extinction or catastrophic risk for study in a decision making task: (1) Lose,

where all endowment is wiped out upon extinction and the participant cannot earn

any payoffs for trials after the extinction event; (2) Keep, where the endowment

is retained upon extinction, but the participant cannot earn any payoffs for trials

after the extinction event; and (3) Reset, where the endowment is wiped out, but

the participant can continue playing. We derived optimal strategies for these three

de�nitions and operationalised them in a new experimental paradigm, the Extinction

Gambling Task (EGT).

Leveraging the EGT and the computational models developed for it, we were

able to obtain a nuanced understanding of people's choices in the task, which high-

lights both strengths and weaknesses in human decision making under extinction

risk. On the positive side, the strategies employed by participants indicated a

general qualitative understanding of the differences between extinction conditions.

However, our studies also indicate several de�cits: consistent with opportunity cost

neglect (Frederick et al., 2009), we found that people are more in line with the op-

timal strategy and less risk-seeking when their endowment is at stake than when

the opportunity to keep playing is at stake (Experiment 2); in line with research on

loss chasing (Gainsbury et al., 2014; Lister et al., 2016), we found that introducing

losses leads to excessive risk-taking (Experiment 3a); in line with research on scope

insensitivity (Desvousges et al., 1993) and choice bracketing (Read et al., 2000), we

found that participants in the Lose condition are not appropriately sensitive to the

maximum trial number (Experiment 3b).

A pertinent question concerns how the results from the `small world' (Savage,

1972, pp. 82-91) of our task relate to decision making about extinction risk in the

real world. There are several real-world examples suggesting that people might

be dealing with extinction risks rather poorly (e.g., Wiener, 2016). For instance,
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despite the recent pandemic and the possibility of another more deadly pandemic

during our lifetimes (Marani et al., 2021), governments' investment in pandemic

preparedness is relatively small compared to other areas of spending (Clark et al.,

2022; Michael & Mark, 2024). Some of our �ndings are consistent with poor de-

cision making about extinction risks. Speci�cally, people's choices in our task are

affected by irrelevant factors (e.g., the introduction of losses and endowment in

Experiment 3a), and sometimes participants are not suf�ciently sensitive to other

factors that should affect decision making (e.g., the total number of trials in the

Lose condition of Experiment 3b). Some of the phenomena that we document have

also been found in more realistic (albeit less controlled) settings (e.g., Coleman et

al., 2023; Slovic & Weber, 2013). These observations suggest that the task may

indeed be appropriate for isolating psychological factors that affect real-world de-

cision making.

However, we do not only �nd limitations in human decision making. Partici-

pants were relatively good in terms of the qualitative strategies that they employed

and they were sensitive to the differences between extinction conditions. To the

extent that people make reasonably good decisions in our task but bad decisions

in a corresponding real-world scenario, this would suggest shortcomings in real-

world decisions other than an inability to understand the nature of the risk. In the

next paragraphs, we outline several modi�cations of our task that may further the

understanding of decision making under extinction risk.

Where Next? The Future of the Extinction Gambling Task

The current experiments, and the current version of the EGT, provide a starting point

for research into decision making under extinction risk. The task offers a �exible

framework that can be extended to address a wide range of theoretical and applied

questions in both individual and collective decision making. Here, we outline some

directions for future research using the EGT.

Answering Theoretical and Practical Questions in Different Risk-Taking Do-

mains.Within the EGT, decisions under extinction risk are investigated via mon-
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etary gambles. This has a variety of advantages, in particular the ability to derive

optimal strategies and compare participants' behaviour to them. However, our re-

sults should therefore be interpreted cautiously as speaking most directly to deci-

sions under extinction risk within this domain. The observed choice patterns may

be substantially different when examining different domains, types of gambles, or

increasing the stakes (Blais & Weber, 2006; Camerer & Hogarth, 1999; Hertwig

& Ortmann, 2001; Weber et al., 2002). The task could therefore be modi�ed to

investigate these differences. For instance, one could imagine a version with a re-

alistic cover story related to pandemic response, where not locking down an area

would correspond to the risky option, which can result in a large-scale outbreak or a

global pandemic (corresponding to an extinction event), but in the more likely event

that an outbreak does not happen, may lead to more economic activity and fewer

people affected by control measures. Such modi�cations would allow bridging the

gap between the current �nancial gambles and decision making under extinction

risk in speci�c real-world domains. In general, decisions under extinction risk can

be made increasingly more realistic by giving up internal validity for increased ex-

ternal validity: �rst, one could introduce realistic cover stories, while retaining the

information about monetary outcomes (so it is still possible to calculate optimal

strategies); second, one could create a purely hypothetical task with a realistic cover

story but no monetary element; third, one could investigate risky-choices in the real

world and see whether age-related changes re�ect patterns of optimal strategies in

our task.

Future work might additionally explore changes of the task structure, for in-

stance by introducing multiplicative rather than additive payoffs (e.g., one's wealth

grows by a constant percentage every trial if one does not go extinct), variable risk

over trials, situations where an extinction event is possible for both lotteries, or

allowing players to invest some money in order to reduce the risk. This creates fur-

ther links to research in �elds adjacent to psychology, particularly optimal foraging

theory (Stephens & Krebs, 1986) and economics, and allows modelling behaviours

such as saving for retirement (AXA Pensions, 2024; Vanguard, 2021), saving in
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preparation for potential unexpected costs (Wang-Ly & Newell, 2024), and invest-

ment portfolio choice. Indeed, we can already see links between the present �ndings

and commonly observed effects in these domains. For example, in investment port-

folio choice, the �nding that wealthier individuals typically invest in more risky

assets (Guiso & Paiella, 2008; Peress, 2004) is reminiscent of the increase in risk-

iness during the task in the Keep condition (though important differences remain

in terms of the implied optimal strategies and the observed behaviour, for instance

the Keep condition has an optimal single switch strategy, which is not applicable in

portfolio choice).

Further, the EGT could be modi�ed to test to what extent people follow through

on their planned behaviour and how this affects decision making about extinction

risks. In the experiments reported here, participants engaged with the EGT dy-

namically (i.e., they experienced the outcomes of their choices in each trial before

making the decision for the next trial). We argue that this dynamic implementa-

tion mimics the way people make most decisions under extinction risk in the real

world. Consequently, the EGT should be prone to some of the same biases that

operate in real-world decision making under extinction risk, in particular, survivor-

ship or observer selection effects (e.g., when alive, one has never experienced a

fatal event). Previous work has investigated decision making about extreme risks in

static setups (i.e., all choices are speci�ed in advance; Perfors & Van Dam, 2018)

or a combination of static and dynamic setups (Crosetto & Filippin, 2013). Moving

forward, it would be interesting to leverage the dynamic aspect of the EGT to study

discrepancies between planned and on-the-spot actions, also known as dynamic in-

consistencies (e.g., Barkan & Busemeyer, 1999; Cubitt et al., 1998; Hotaling &

Kellen, 2022).

Finally, all elements of the task were known to participants in our experiments

(maximum trial number, payoffs and probabilities, and current endowment), as this

information is required to calculate the optimal strategies. Future work could in-

vestigate what happens when information about these factors is reduced. Regarding

the endowment, removing the display may reduce participants' ability to take their
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accumulated earnings into account, which could increase risk-taking, whereas not

knowing the probabilities and outcomes could reduce risk-taking, similarly to am-

biguity aversion (Ellsberg, 1961). The effect of not knowing the maximum trial

number is more dif�cult to predict and would likely depend on people's prior be-

liefs.

Studying Collective and Social Decisions.Many of the extinction risks that people

are exposed to are collective rather than individual risks. For instance, when taking

measures to mitigate climate change, if one country does not reduce its emissions

but other countries do, this country could `free ride' and enjoy the bene�ts of miti-

gated climate change without the cost of reducing its own emissions. Public goods

tasks that study cooperation in the context of preserving resources for the next gen-

eration (Hauser et al., 2014; Jacquet et al., 2013) �nd that, absent any interventions

to improve cooperation, defection is usually too high to preserve the public good.

In order to investigate collective decisions under extinction risk, we are currently

working on adapting the task into a public goods game, where players play in groups

of �ve. In this type of task, choosing the risky option constitutes a form of defection

as the player who plays risky accumulates all the payoffs from the risky decision

themselves, but if they draw the extinction option, the whole group will go extinct.

By comparing risk-taking in the individual-level task to risk-taking in the collective

task, we can quantify to what extent non-optimal decision making about extinction

risk is driven by cooperation problems. Additionally, a collective task will allow us

to test interventions to improve collective decision making, such as median voting

(Hauser et al., 2014) or increased communication between participants.

Another way in which the EGT could be modi�ed to account for social inter-

actions is by incorporating competition between different players, which would be

similar to some existing dice games, and has been shown to affect risky choices in

previous work (Schulze et al., 2015).15 A competitive setup would introduce ad-

ditional game-theoretic elements as the optimal strategy in this type of game also

15For instance, in `Pass the Pigs', two players need to roll a set of two-pigs and are scored de-
pending on which side the pig falls on. For a mathematical treatment, see https://www.youtube.com/
watch?v=ULhRLGzoXQ0.
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depends on what the other players would choose. For example, if the other players

are very risky and likely to go extinct, one can win easily by being safe; on the

other hand, if the other players follow a safer strategy, it becomes optimal to play

more risky to increase variance and have a chance of achieving a score that is higher

than each of the other players. These competitive dynamics may play out in real-

world decisions, such as when multiple companies compete to develop a potentially

dangerous technology. The competitive setup would allow us to test to what extent

risk-taking is increased compared to the individual level game and allow testing

interventions to reduce risk-taking (e.g., communication and contracts between the

players).

Can the Task Be Used to Measure Individual Differences?The EGT as imple-

mented in this chapter was not designed for measuring individual differences and

we caution against directly using the task as individual difference measure, as the

current one-shot setup with a single block and one extinction event likely has low

reliability. Reliability could, however, be increased by chaining the current task

multiple times in a row. The current duration of the main part of the task is around

6 minutes, so chaining the task would be feasible in terms of duration and partici-

pant engagement. However, creating a multi-block version would distort the nature

of the extinction event, as it would not wipe out all earnings, but only the earnings

for this block. It would also allow participants to learn from their experiences of

extinction events. Both of these properties are in con�ict with the de�nition of ex-

tinction events we outlined in the introduction. Future research investigating the

potential differences between repeated and one-shot designs is therefore necessary

before versions of the task that are suitable for measuring individual differences can

be employed.

These extensions of the EGT go hand in hand with extensions to the modelling

of the choice data on an individual level. The (dependent) mixture model employed

here can be considered a descriptive or measurement model that allows us to classify

the strategies based on the choice data, but the parameters of the model do not have a

straightforward psychological interpretation. In future work, it would be interesting
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to consider process models, for instance, reinforcement learning models (Watkins,

1989; Watkins and Dayan, 1992, especially so for modi�cations of the task without

known probabilities and/or payoffs), or risky choice models (De Palma et al., 2008;

Krueger et al., 2024; Tversky & Kahneman, 1992). However, when applying risky

choice models, additional questions arise, such as whether risk aversion should op-

erate on a per-trial basis or over the whole set of choices in the task. To address

these questions, one could compare responses and parameter estimates between the

EGT and decisions in a risky-choice task not involving extinction risk.

Closing Remarks

Until now, little psychological research has investigated decisions under extinc-

tion risk. This chapter introduced the Extinction Gambling Task (EGT) as the �rst

paradigm designed to study these decisions. While our �ndings offer valuable psy-

chological insights, the primary aim of this work was to lay a robust foundation for

future research in this area. Given the applied relevance of decisions under extinc-

tion risk, it is important to consider the usefulness of a laboratory task like the EGT.

Some researchers have argued that much of decision making research has had very

limited real-world impact, owing to its emphasis on task designs tailored to test-

ing formal models in arti�cial settings rather than examining truly `consequential

decisions' (Weiss & Shanteau, 2021). While the study of consequential decisions

is indeed vital, we contend that meaningful laboratory tasks can serve this goal,

provided they capture features that are genuinely relevant to real-world decision

contexts (for relevant discussions, see Fiedler, 2018; Garcia-Marques & Ferreira,

2018). The EGT has been developed primarily with this goal in mind. The com-

putational modelling conducted here was designed to understand the nuances in the

observed choice data, rather than for testing different formal models. This enables

researchers to observe individual choice strategies in scenarios with meaningful fea-

tures that isolate key properties of decisions under extinction risk, such as repeated

choice opportunities, wealth accumulation, and the possibility of irredeemable out-

comes. Given how these features map onto real-world scenarios, we are optimistic
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about the EGT's potential for facilitating scienti�c insight. We hope that our work

and the development of the EGT will help to bring much-needed research attention

to a signi�cant domain that has been largely ignored.

Reference for Journal Article: Maier, M., Harris, A. J. L., Kellen, D., &

Singmann, H. (in press). Decision Making Under Extinction Risk.Cognitive Psy-

chology.https://doi.org/10.31234/osf.io/qjd37

Data, Code, and Preregistration Availability: All data and code are available at

https://osf.io/qhkw6/.

Supplemental Information: Supplementary Materials are available at https://osf.

io/qhkw6/.

Author contributions : All authors were involved in the conceptualization and de-

sign of the experiments. M.M. created the materials and programmed the experi-

ments with feedback from the other authors. M.M. conducted data analysis. M.M.

with feedback from H.S. M.M wrote the �rst draft of the manuscript. All authors

contributed to writing, reviewing, and editing the manuscript.

5.2 Collective Decision Making Under Extinction

Risk (Stage 1: Registered Report with Pilot Data)
As outlined in the discussion of the previous section, people not only face extinc-

tion risks in individual decisions, but humanity also facescollectiveextinction risks

– such as runaway climate change (Kemp et al., 2022), risks from arti�cial intel-

ligence (Christian, 2021; Russell, 2019), bio-terrorism and pandemics (Millett &

Snyder-Beattie, 2017a, 2017b), and nuclear war (Ellsberg, 2017; Perry & Collina,

2020). In this section, we therefore generalise the Extinction Gambling Task to

study collective decision making under extinction risk.

Appropriate risk-taking in the face of collective extinction risks depends on

both individual and collective reasoning and decision making: individuals need to

understand the risks and know how to act to reduce them, and at the collective level,

coordination and cooperation between individual actors are needed to keep the over-

all risk within appropriate limits. Society's response to risks such as climate change
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highlights the dif�culties that arise on both of these levels. At the individual level,

it is dif�cult to convince the public to take such an abstract and long-term threat

seriously (Weber, 2010); at the collective level, governments face complex coordi-

nation problems during international negotiations (Bodansky, 2001), and individual

states may be able to `free-ride' if other states reduce their emissions and they do

not. These challenges also shape mainstream interventions, with bottom-up efforts

to educate the public (Monroe et al., 2019) and top-down institutional frameworks

like the Conference of the Parties (COP) and climate change agreements (Falkner,

2016) to coordinate the global response.

Studying collective decisions under extinction risk, therefore, requires taking

factors of both individual and collective decision making into account. Investigating

only individual-level limitations fails to take into account the public goods structure

of the problem. On the other hand, public goods games construe collective decisions

under extinction risk as a cooperation problem from the outset, without considering

limitations in individual-level reasoning. To take a more integrated approach, this

section compares individual and collective decision making under extinction risk

using a novel behavioural experiment which involves choices under extinction risk

in both individual and group conditions. In the group game, we further include

interventions to address (1) individual-level reasoning limitations through providing

participants with information about the optimal strategy (Coleman et al., 2023), and

(2) coordination and cooperation challenges through a voting institution (Hauser et

al., 2014).

Shortcomings in people's decision making under extinction risk outlined in the

�rst half of this chapter are likely compounded by the need for cooperation and co-

ordination to manage extinction risks. Avoiding extinction risks is a public goods

dilemma (Dreber & Nowak, 2008; Hauser et al., 2014; Milinski et al., 2008). The

public good, in this case, would be to preserve a low collective risk of extinction.

For any individual actor, it might be worthwhile – from a self-interested perspective

– to increase the overall risk of extinction for everyone involved if this results in

a personal gain (e.g., a country not investing in reducing CO2 emissions and still
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bene�ting from other countries doing so). However, collectively, everyone is worse

off when the risk of extinction is increased. Conversely, if one actor invests re-

sources to reduce extinction risk, the bene�t is shared by everyone. Therefore, a set

of self-interested utility-maximising agents could end up in a state of high risk, even

though they would collectively be better off if risks were lower (see Appendix C.9,

which generalizes the individual strategies to the collective task). Previous public

goods games have investigated collective decision making about risks in the form of

`collective risk social dilemmas' (Milinski et al., 2008) or `intergenerational goods

games' (Hauser et al., 2014). In these games, participants usually fail to manage

the risk by contributing less to preserving the public good than would be collec-

tively optimal; however, no previous work has compared collective and individual

decision making within the same paradigm.

Shortcomings on the individual and collective level also point to different types

of interventions to reduce risk-taking. At the individual level, educational interven-

tions may increase awareness of risks and willingness to act in order to mitigate

them. For instance, various educational interventions have been developed to in-

crease awareness and understanding of the challenges posed by climate change (e.g.,

Leal Filho et al., 2021; Monroe et al., 2019). Other work has tried teaching expected

value calculation and increased scope sensitivity to increase willingness to engage

in extinction risk mitigation more generally, though these interventions showed only

limited effectiveness (Coleman et al., 2023). At the collective level, institutional

frameworks aim to increase coordination and cooperation. Binding agreements or

shared norms established through international institutions can provide a frame-

work for long-term cooperation on global risks, such as the Paris Agreement for

climate change (Bodansky, 2001; Falkner, 2016). One promising approach is the

implementation of binding voting mechanisms or democratic decision making pro-

cedures, which have been shown to increase cooperation in public goods dilemmas

(Bernard et al., 2013; Hauser et al., 2014; Walker et al., 2000).

In this section, we therefore investigate individual and collective decision mak-

ing under extinction risk in a joint paradigm that allows us to estimate to what
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extent cooperation and coordination problems impact decision making under ex-

tinction risk relative to limitations in individual-level decision making. Further, we

investigate interventions to reduce risk-taking aimed at improving decision making

targeted at improving individual-level reasoning versus improving cooperation.

To study these questions, we extend the task introduced in this chapter to study

collective decision making under extinction risk. As before, participants play a

series of risky choices, where they decide between two lotteries: a safe lottery that

has no risk of extinction and a risky lottery that has a small risk of extinction but

also a chance of a higher payoff. If participants choose the risky lottery and draw

the extinction outcome, they receive no bonus payments for the whole experiment.

However, in the collective version of the task, participants do not play alone

but instead play in groups of �ve. Each participant decides between the safe and

risky lotteries. However, depending on the outcome, their choice affects everyone

in the group: they retain bonus payments from their own choices, but if any one

participant draws the extinction event, the whole group receives no bonus payment

for the whole experiment. We contrast responses in the collective task to responses

in the individual task.

In the individual task, one individual faces a sequence of 100 choices, while

in the collective task, �ve individuals face a sequence of 20 choices each (i.e., 100

choices in total). The optimalcollectivebonus payoff and optimal strategy in this

version, where 5 individuals face 20 choices each, is extremely similar to the opti-

mal individual bonus payoff and strategy in the version where one individual faces

100 choices.16 However, the individually optimal solution in the collective game

is considerably more risky than the individually optimal solution in the individual

game (see Appendix C.9). Therefore, we can test how much cooperation and co-

16A slight difference arises because in the dynamic optimal solution to the task, the individual
has more information than the group (as individuals learn about outcomes after every choice rather
than in batches of �ve), but this affects payoffs of the optimal strategies by less than 1p (see Ap-
pendix C.9). Another difference arises because the group needs to coordinate in order to make
the optimal number of risky choices (e.g., even if the optimal strategy was known and all players
were altruistic, it would be dif�cult to, for instance, coordinate on playing 8 out of 100 risky choices,
since the players cannot communicate); Appendix C.9 shows that taking these potential coordination
problems into account does not affect the optimal payoffs considerably.
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ordination problems affect performance in the task by comparing decisions in the

individual task to decisions in the collective task.

We further test the effectiveness of two types of interventions designed to re-

duce risk-taking under extinction risk, one aimed at improving participants' indi-

vidual decision making abilities and one aimed at improving cooperation. As an

intervention to improve individual-level reasoning about the optimal strategy, we

introduce a display that informs people how many risky choices they still need to

play to achieve optimal collective expected value in the game. In light of �ndings

showing that it is often dif�cult to improve decision making with individual level

`debiasing' interventions (e.g., Coleman et al., 2023; Meyer & Frederick, 2023;

Singmann et al., 2024), we chose this relatively strong intervention to ensure that

we would be able to detect an effect of individual level reasoning interventions if

these can play a role at all.

As an intervention to improve cooperation, we introduce a median voting con-

dition, where each participant votes on the number of risky choices that should be

played as a group, and the median of the vote is then executed as the number of

risky choices in that round. This intervention has been shown to be successful in

improving cooperation in other types of public goods games (Bernard et al., 2013;

Hauser et al., 2014) and is therefore a promising contender for reducing risk-taking

in light of extinction risk.

The two types of interventions are similar to the two approaches that can be

taken to reduce extinction risk: better education and information versus top-down

institutional frameworks. Since the two types of interventions are reminiscent of

approaches to address societal risks, both interventions are applied to the collective

task. Finally, we also include a combined intervention which includes both median

voting and information about the optimal strategy.

Overall, our study has �ve experimental conditions (individual, collective, col-

lective + information, median voting, & median voting + information). By compar-

ing these conditions, we can isolate key factors that shape decision making under

extinction risk and consequently address several questions related to why people

181



may neglect extinction risks and interventions to reduce risk-taking (see also Ta-

ble 5.1 for a more detailed overview):

• RQ1: Is risk-taking in the context of extinction risks partially driven by co-

operation problems? (individual vs. collective)

• RQ2: Does information about the optimal strategy reduce risk-taking in col-

lective decisions under extinction risks? (collective vs. collective + informa-

tion)

• RQ3: Does median voting reduce risk-taking in the context of extinction

risks? (collective vs. median voting)

• RQ4: Does a combination of median voting and information about the op-

timal strategy reduce risk-taking in the context of extinction risks more than

each of them in isolation? (median voting vs. median voting + information &

collective + information vs. median voting + information).

In this chapter, I present a pilot study, which includes all relevant experimental

conditions to address the research questions above (albeit with a smaller sample

size). This pilot data was used in a submission of the collective extinction task as

a registered report.17 Therefore, this chapter includes both information about the

pilot study (i.e., the methods section includes information about the pilot sample)

as well as a separate sampling plan section with the intended sample size for the

main study. Because the sample size for the pilot is relatively large for a pilot study

(N = 294), it already reveals some interesting patterns, which I hope will make it of

interest to the reader.
17For more details on registered reports, see https://www.nature.com/nathumbehav/

submission-guidelines/registeredreports.
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Table 5.1: Design Table

Question Hypothesis Analysis Plan Interpretation
Is risk-taking in the
context of extinc-
tion risks partially
driven by coopera-
tion problems?

The estimated aver-
age riskiness in the
collective condi-
tion is higher than
in the individual
condition.�

Logistic mixed
effects model,
comparing the
estimated av-
erage riskiness
between these two
conditions.

If estimated average riskiness is
signi�cantly higher in the col-
lective condition than in the
individual condition, we con-
clude that risk-taking is partially
driven by coordination and co-
operation problems. Otherwise,
we conclude that there is no ev-
idence that risk-taking is driven
by coordination and cooperation
problems.

Does information
about the optimal
strategy reduce
risk-taking in col-
lective decisions
under extinction
risks?

The estimated
average riskiness
in the collective +
information condi-
tion is lower than
in the collective
condition.

Logistic mixed
effects model,
comparing the
estimated av-
erage riskiness
between these two
conditions.

If estimated average riskiness is
signi�cantly lower in the col-
lective + information condition
than in the collective condi-
tion, we conclude that provid-
ing information about the opti-
mal strategy reduces risk taking.
Otherwise, we conclude that
there is no evidence that provid-
ing information about the opti-
mal strategy reduces risk taking.

Does median
voting reduce
risk-taking in
the context of
extinction risks?

The estimated av-
erage riskiness in
the collective + me-
dian voting condi-
tion is lower than in
the collective con-
dition.

Logistic mixed
effects model,
comparing the
estimated av-
erage riskiness
between these two
conditions.

If estimated average riskiness is
signi�cantly lower in the collec-
tive + median voting condition
than in the collective condition,
we conclude that median vot-
ing reduces risk taking. Other-
wise, we conclude that there is
no evidence that median voting
reduces risk taking.

Does a combina-
tion of median vot-
ing and informa-
tion about the op-
timal strategy re-
duce risk-taking in
the context of ex-
tinction risks more
than each of them
in isolation?

The estimated aver-
age riskiness in the
combined interven-
tion condition is
lower than in either
of the other inter-
vention conditions.

Logistic mixed
effects model,
comparing the
estimated aver-
age riskiness of
the combined
condition to the
median voting only
and the optimal
information-only
condition.

If both tests are signi�cant in
the predicted direction, we con-
clude that a combined interven-
tion is more effective; if only one
is signi�cant, a combined inter-
vention is only better than one
of the two interventions; if none
are signi�cant, we conclude that
there is no evidence a combined
intervention reduces risk-taking
over each intervention in isola-
tion.

Note.� For more details on how we de�ne `estimated average riskiness' and the mixed effects model
speci�cation and power, see the Method section as well as Appendix C.10).
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5.2.1 Method

Ethics Information

The research complies with all relevant ethical regulations and has received ethics

approval by the Departmental Ethics review board of UCL Experimental Psychol-

ogy (EP/2021/005). We obtained informed consent from all participants. Partici-

pants were paid a base payment of £2.25 for participation in a 15 minute study. In

addition to that base payment, participants received a bonus payment depending on

their performance.

Design

Conditions.Participants were randomly assigned to �ve experimental conditions

between-subjects:

1. Individual: One participant played a sequence of 100 trials in a single-player

game.

2. Collective: 5 participants played a sequence of 20 trials in a collective goods

game.

3. Collective + Information: This collective condition also provided partici-

pants with information about the optimal number of risky choices they should

play as a group.

4. Median Voting: In this collective condition, each participant indicated how

many risky choices the group should make in total in the current round, and

the median vote was then executed. It was then randomly assigned which

players played the safe and which played the risky choices.

5. Median Voting + Information: This condition included both the median

voting and the information manipulations.
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Payoffs and Probabilities.Each game had a total of 100 trials. For the individual

game, this implies a single player playing 100 trials, whereas for the collective game

with 5 players, this implies 20 trials per player.

In the individual game, participants needed to decide between the following

two lotteries in each trial:

• Risky Lottery:

– 47.5% chance of winning 0p,

– 47.5% chance of winning 10p,

– 5% chance of extinction (i.e., no bonus payoff at all for the whole ex-

periment).

• Safe Lottery:

– 50% chance of winning 0p,

– 50% chance of winning 1p.

We chose this setup as it creates some bene�t of going with the risky option on

a per-trial basis (10p vs. 1p), similar to real-world decisions where there is usually

some (short-term) bene�t associated with not mitigating extinction risks (e.g., cost-

savings). Appendix C.9 shows optimal strategies for this game setup. This indicates

that the optimal strategy implies choosing� 8 risky choices and otherwise safe

choices (the actual optimal policy is dynamic which means that the precise number

of risky choices depends on luck). However, if a participant or group plays too

safe, this results in only a modest reduction in expected bonus payoff compared to

following the optimal strategy (the expected value of the all-safe strategy would be

50p vs. 58p for the optimal). On the other hand, the expected earnings decline

rapidly as the number of risky choices increases (the expected value of playing all

risky choices is only 2.96p). This re�ects a property that is likely shared with real-

world extinction risks: if in doubt, it is better to err on the side of being too safe

than on the side of being too risky.
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For the collective-level game, if one participant drew the extinction event, ev-

eryone went extinct. Further, all per-trial payoffs were multiplied by a factor of �ve.

In other words, the risky option had a 47.5% chance of resulting in a payoff of 50p

(instead of 10p), and the safe option had a 50% chance of resulting in a payoff of

5p (instead of 1p). This ensured that if the group follows the collectively optimal

strategy, each individual player receives, in expectation, the same bonus payoff as

a player participating in the individual game. Appendix C.9 shows that the group

optimal strategy and the individually optimal strategy are almost the same between

the collective and the individual game.

Materials & Procedure. Participants were recruited from the Proli�c platform and

participant pool (https://www.proli�c.com). We screened participants to only in-

clude those who are based in the United Kingdom, have English as a �rst lan-

guage, and an approval rating of more than 95%. Participants received a link

that took them to an online game built using the oTree platform (version 5.0.0)

(Chen et al., 2016). All code for the game is included in the GitHub repository

https://github.com/chasmani/extinctiongroupgame. Before starting the game, par-

ticipants completed a detailed consent form, and they had the option to leave the

experiment at this point.

Participants �rst received detailed task instructions, including the maximum

number of trials, the lotteries, and associated probabilities, and what happens when

they draw the extinction event. We also included the following two comprehension

checks: `What happens if you choose the risky lottery and you draw the extinction

option?' (correct answer: `I will lose all my bonus money, and I cannot get any

more bonus payments for future rounds.') and `How many rounds will you play in

the experiment?' (correct answer collective conditions `20 rounds', correct answer

individual conditions: `100 rounds').

In the group extinction condition, participants then further read further infor-

mation about the group decision making process, in particular, that everyone re-

ceives the payoffs of their own choices, but if one player goes extinct, everyone goes

extinct. They also needed to answer the following comprehension check: `What
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happens if one of the players draws the extinction outcome in the risky lottery?'

(correct answer: `The entire group will go extinct, and lose all the bonus.').

For the median voting condition, this page also included information about

how the voting process works, including two examples of how participants' votes

lead to the group's risky decisions (see Figure 5.11). They were further asked the

following comprehension check `How is the group decision made for how many

players will play the risky lottery?' (correct answer: `The group decision is the

middle value of the ordered votes.')

Figure 5.11: Illustration of the Median Voting Condition as Shown to Participants

Note. Each player indicated a number between 0 and 5 for how many risky choices the group should
play, the median of the ordered votes was then executed and the risky vs. safe choices and associated
payoffs were be randomly assigned to the players.

After reading all the instructions, participants viewed an annotated game screen

(see Figure 5.12), which explains all the relevant task features (the two lotteries,

current round and number of rounds, individual and group current bonus) on the

screen that they see later when making decisions.

Participants started with 20 practice trials in the individual condition and four

in the group condition (we use four in the group as this corresponds to 20 total

choices and keeps the optimal strategies the same between practice trials).

Participants in the information conditions received information about the op-

timal strategy after the practice trials. We only provided this information after the

practice trials as the practice trials had a very different optimal strategy, given that

the number of rounds is much lower, and we wanted to avoid any spillover from the
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Figure 5.12: Annotated Task Setup as Shown to Participants in the Collective Conditions

Note. In the individual condition, the maximum trial number was 100 (instead of 20), the group
optimal was not be shown as it was not applicable, and the payoffs were 1p and 10p (instead of 5p
and 50p).

practice trial optimal strategy information to the main trial optimal strategy informa-

tion. The optimal strategy information included a sentence stating how many risky

choices the group should make based on the optimal expected value strategy and

what that implies for how many risky choices they should make individually. Fur-

ther, we included a plot indicating the expected bonus payoff as a function of group

risky choices. We asked the following comprehension checks to make sure partici-

pants understand the optimal strategy manipulation: `For the group as a whole, the

optimal total number of risky lotteries is . . .' (correct answer: `The group in total

plays 8 risky strategies over the entire game') and `If each player wants the group

to play the optimal number of risky lotteries, how many risky lotteries should each

player play on average?' (correct answer: `Each player plays 1 to 2 risky lotter-

ies over the entire game'). Finally, we also included information about the optimal

strategy on each page next to the button, which participants used to indicate their

decision. This information was updated dynamically based on the current group

endowment and the remaining number of trials.
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Analysis Plan

We used a logistic mixed effects model which predicts the number of risky choices

in each round based on the round number, round number squared (to account for

potential nonlinear trends in risky choices during the experiment and implemented

using orthogonal polynomials with thepoly() function inR), condition, as well

as interactions between round number, round number squared, and condition. Be-

cause the dependent variable was the number of risky choices a group plays within

each round, all analyses were on the group level (rather than on the level of partici-

pants nested within groups). To compare the collective conditions to the individual

condition, we binned the choices for the individual condition for every �ve trials,

which allowed us to analyse them within the same model (i.e., an individual has 20

bins of 5 trials each, which is equivalent to a group with 20 rounds of 5 trials each).

To test the differences between conditions, we used theestimated average risk-

inessbetween conditions following the analysis for the individual task in part 1 of

this chapter. As all of our hypotheses concern different theoretical questions, we

did not adjust for multiple comparisons.

Sampling Plan (Planned Study)

We will power our study to detect a condition difference of 0.7 on the logit scale (�

10% on the probability scale). In terms of effect size conventions, a change of 0.7

on the logit scale corresponds to an odds ratio of� 2, which is considered a small to

medium effect size (typically an odds ratio of 1.5 is considered small, and an odds

ratio of 2.5 is considered medium; Maher et al., 2013; J. A. Rosenthal, 1996). Given

that our manipulations are relatively strong (i.e., the conditions are quite different

in terms of the task setup and materials) and based on results for the individual

level task, which usually found effects of 1 or larger on the logit scale, we consider

this effect size a reasonable lower bound on the expected effect size if an effect is

present. Appendix C.10 indicates details of a simulation-based power analysis for

this effect size, which suggests 95% power to detect a condition difference of 0.7
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with a sample size of 110 groups per condition (or 110 participants in the individual

condition). This would imply a total sample size of 2310. We will collect data until

we reach the target sample size in terms of participants and groups that passed all

attention and comprehension checks in each condition (i.e., at least 110 participants

or groups per condition, for more details see section `Materials and Procedure').

Data collection and analysis will not be performed blind to the conditions of the

experiments.

Participants (Pilot Study)

To demonstrate the feasibility of our design, we collected 294 participants for a pilot

study on 9th of August 2024. Out of the 294 collected participants, 271 passed all

attention checks. We further excluded all groups of participants for which at least

one participant failed one of the attention checks. This left us with a �nal sample

of 242, comprising 62 participants in the individual condition and 36 groups of

5 participants. 9 groups were in the control condition, 6 groups in the optimal

information condition, 11 in the median voting condition, and 10 in the median

voting and optimal information condition.18 The average bonus paid to participants

on top of the base rate was 58p, and the median time taken was 14 minutes.

5.2.2 Pilot Results

Figure 5.13, Panel A shows the average estimated riskiness between condi-

tions, while Panel B shows the proportion of risky choices over time.

The inferential tests lead to the following conclusions regarding the hypotheses

outlined in Table 5.1:

• H1: We found a signi�cant difference in the proportion of risky choices

between the individual and the collective condition,mindividual = :16, 95%

18The unequal assignment is due to the fact that participants were assigned to each group with an
equal probability, which creates some sampling variation. In the main study, the relative difference
in the number of groups per condition would be much smaller due to the larger total sample size.
For the main study, we will also adjust the probability of assignment to the individual condition, to
obtain an equal number of individuals as groups for the other conditions (this is desirable based on
how we cluster people in our analysis plan, see section `Analysis Plan').
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Figure 5.13: Estimated Average Riskiness and Per Trial Proportion of Risky Choices

Note.The dotted red line indicates the optimal level of risky choices.

CI [.12, .20], mcollective = :29, 95% CI [.08, .50],z = 1:82; p = :035, one-

sided. This suggests that increased risk-taking about extinction risk is par-

tially driven by problems in coordination and cooperation.

• H2: We found no signi�cant difference in the proportion of risky

choices between the collective + information and the collective condition,

mcollective + information= :16, 95% CI [.01, .30],mcollective = :29, 95% CI [.08,

.50], z = 1:44; p = :075, one-sided. In other words, there is no evidence

that providing information about the optimal strategy reduces risk taking in

collective decisions under extinction risk.

• H3: We found no signi�cant difference in the proportion of risky choices

between the median voting and the collective condition,mmedian voting= :27,

95% CI [.08, .45],mcollective= :29, 95% CI [.08, .50],z= 0:25; p = :403, one-

sided. In other words, there is no evidence that a median voting intervention

reduces risk taking in collective decisions under extinction risk.
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• H4: We found no signi�cant difference in the proportion of risky choices

between the combined condition and the median voting only condition,

mmedian voting + information= :13, 95% CI [.03, .23],mmedian voting= :27, 95%

CI [.08, .45],z = 1:46; p = :072, one-sided, or the combined condition and

the information only condition,mcollective + information= :16, 95% CI [.01, .30],

z = 0:03; p = :490, one-sided. In other words, there is no evidence that a

combination of the two interventions is more effective than each of them in

isolation.

Exploratory Analysis. To increase statistical power for detecting the effect of pro-

viding information about the optimal strategy, we conduct an additional exploratory

analysis comparing the two collective conditions without information about the op-

timal strategy (collective and median voting) to the two conditions with information

about the optimal strategy (collective + information and median voting + informa-

tion). This indicates a signi�cant reduction in risk-taking when provided with in-

formation about the optimal strategy (z= 3:39; p < : 001).

5.2.3 Conclusion

This section demonstrates how the extinction gambling task can be generalized

to study collective decision making. By comparing decision making across an

individual-level decision making task and a collective version of the same task with

matching optimal strategies, we can understand the extent to which collective versus

individual level problems lead to increased risk-taking under extinction risk. More

generally, the approach of matching individual and collective tasks introduced here

could be generalized to study a variety of societal issues, such as climate change,

where both individual-level reasoning limitations and cooperation failures play a

role.

While this is only a pilot study for a registered report with a relatively small

sample size, it already provides evidence that increased risk-taking under extinction

risk is indeed driven by cooperation and coordination problems and exploratory

analyses suggest that providing information about the optimal strategy may reduce

risk taking. The main study will shed more light on these �ndings and additional
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questions, such as whether median voting can reduce risk-taking in collective deci-

sions. By receiving peer review and in principle acceptance before actually running

this study, we can ensure that these �ndings are robust and free of publication bias.

Corresponding Manuscript: Maier, M.*, Pilgrim C.*, Mann R.P., & Singmann,

H. (under review). Collective Decision Making Under Extinction Risk [Stage 1

registered report].

Data and Code Availability: All data and code are available at https://osf.io/cdhfs/

�les/osfstorage?viewonly=1f9b8471ea224394902db9acc0fe7405.

Author contributions : M.M. came up with the idea for the study and derived the

optimal strategies for the different games. M.M. and C.P. conceptualised the col-

lective task, and C.P. programmed the experiment in oTree. All authors were in-

volved in the conceptualisation and design of the experiments. M.M. conducted the

data analysis and created the visualisations with feedback from H.S. M.M. and C.P.

wrote the �rst draft of the manuscript. All authors contributed to reviewing and

editing the manuscript.
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Chapter 6

Moral Learning

In the previous chapters, the ethically right decision was relatively straightforward

(donate to a charity helping children in need and reduce extinction risk); however,

in many real-world decisions, it is not so easy to determine what is morally right,

and different people disagree on what the morally best decision would be. In these

situations, competing moral theories or decision mechanisms have different impli-

cations for which actions someone should choose. In this chapter, I try to under-

stand how people's often con�icting beliefs and intuitions about moral dilemmas

arise. To do so, I develop a new learning paradigm and computational models to

investigate how people learn to make decisions about dilemmas where moral rules

(often equated with deontology) and cost-bene�t reasoning (often equated with util-

itarianism) clash.

6.1 Metacognitive Moral Learning in Realistic Moral

Dilemmas
In the courtroom dramaTerror, the audience must judge the actions of Major Lars

Koch, a �ghter pilot accused of killing 164 people. Koch disobeyed orders and shot

down a hijacked passenger jet headed towards a stadium �lled with 70,000 people.

Koch's decision to sacri�ce the smaller group to save the larger one was based on

utilitarian moral reasoning, but about 36% of the people who saw the play decided

that he was guilty (https://terror.theater/cont/resultsmain/en).

Although such life-or-death decisions are rare in everyday life, people often



face analogous moral dilemmas between following moral rules (e.g., telling a friend

the truth about their bad cooking) versus cost-bene�t reasoning (CBR; e.g., telling a

white lie so as not to hurt the friend's feelings). CBR sometimes endorses violating

rules for (what is perceived to be) the greater good. People's decisions in these

moral dilemmas have consequences that they can learn from. Moral rules and CBR

also clash on a number of important issues, including vaccination mandates and

animal testing. These issues often become divisive and highly controversial because

people vehemently disagree about whether moral rules take precedence over CBR

or vice versa.

The question of whether to rely on moral rules or CBR is often con�ated with

the normative problem of whether morality consists in choosing actions with good

consequences or whether the rightness of an action is inherent in the action itself

(Gawronski & Beer, 2017; T. John, 2023; Smart & Williams, 1973). One may

therefore believe that maximizing the good consequences of a decision is always

achieved through relying on CBR. However, that is not necessarily the case. For

instance, inTerror, Koch's `utilitarian' action may have prevented the passengers

from stopping the terrorists and saving everyone, and it could also have weakened

the crucial general norm against killing. If so, the consequences of following the

rule would have been better. As such, although Koch's decision to commit sacri�-

cial harm was based on CBR, it is unclear whether it met the utilitarian criterion to

produce the best consequences.

More generally, from a utilitarian perspective, following rules can be viewed

as a heuristic that leads to better consequences in certain environments in which

CBR is likely to misestimate possible consequences (Bennis et al., 2010; Gigeren-

zer, 2008). The idea that relying on rules is better from a consequentialist perspec-

tive has also been discussed in moral philosophy under rule utilitarianism (E. G.

Williams, 2023) or global consequentialism (Ord, 2009). Therefore, in this chapter,

we delineate reliance on CBR versus moral rules asdecision strategiesfrom the en-

dorsement of the ethical theories of deontology and consequentialism. Importantly,

we use CBR to refer to a `naive' cost-bene�t reasoning, which considers the num-
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ber of persons affected by one or more salient outcome(s) and the corresponding

subjective probabilities. We donot assume that people engaging in CBR consider

all possible consequences, including indirect and long-term consequences, because

this kind of exhaustive cost-bene�t analysis would be intractable in real-world situ-

ations (Gigerenzer, 2008).

What determines how much weight a person puts on moral rules versus CBR

in moral dilemmas? One potential mechanism is learning from the consequences of

their previous moral decisions. This mechanism is distinct from previous accounts

of moral learning (Cushman et al., 2017), including affective learning of moral intu-

itions (Blair, 2017; Crockett, 2013; Railton, 2017) and moral rules (Nichols, 2021),

universalization (Levine et al., 2020), and social learning (Kleiman-Weiner et al.,

2017). Unlike social learning, it involves neither imitation nor observational learn-

ing and does not require instruction or social feedback (e.g., praise or criticism).

Moral learning from consequences is crucial for moral development (Blair, 2017;

Gibbs, 2019; P. L. Lockwood et al., 2016, 2024), yet it is comparatively understud-

ied. This chapter makes therefore makes theoretical and empirical contributions to

understanding this type of learning: We develop a formal theory and computational

models of an overlooked mechanism of moral learning, provide the �rst experi-

mental demonstration of its existence and relevance, and introduce an experimental

paradigm for studying it.

Our work builds on and extends the reinforcement learning (RL) perspective

on moral decision making developed by Cushman (2013) and Crockett (2013). Ac-

cording to this view, CBR and rule-based approaches to moral decision making

correspond to two different decision systems: CBR corresponds to themodel-based

system, and rules such as `do not kill' to themodel-free system.

The model-based system builds a model of the environment and uses it to rea-

son about the potential consequences an action might have in a speci�c situation.

Based on this internal representation, it considers different courses of actions, pre-

dicts their outcomes, and plans the courses of actions that produce the most optimal

expected outcomes overall. Conversely, rather than relying on a model of the en-
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vironment, the model-free system assigns value directly to each action based on

its history of reward and punishment. The action's value representation is adjusted

through prediction error learning by comparing the previous representation of the

value with the current outcome.

Depending on the situation, people's decisions seem to follow one system or

the other (Gawronski et al., 2017b). Previous work linking the model-based system

to CBR and the model-free system to following rules was concerned with the ques-

tion of which system determines the actions implied by the strategies of following

CBR or rules. However, it does not answer the question of how people choose to

follow a certain decision strategy in the �rst instance; this is a separate question

related to strategy selection (Lieder & Grif�ths, 2017).

Theories of strategy selection (Erev & Barron, 2005; Lieder & Grif�ths, 2017;

Rieskamp & Otto, 2006) and meta-control (Boureau et al., 2015; Gershman et al.,

2015; Lieder, Shenhav, et al., 2018; Shenhav et al., 2017) postulate an overarch-

ing meta-controlsystem that decides which decision mechanism to use in a given

situation. Based on these theories, we propose that the meta-control system selects

whichmoraldecision mechanism to employ in a speci�c situation. Given the strong

empirical evidence for the pervasive in�uence of reinforcement learning (RL) on

decision making (D. Lee et al., 2012; O'Doherty et al., 2015) and strategy selec-

tion (Erev & Barron, 2005; Lieder & Grif�ths, 2017; Lieder, Shenhav, et al., 2018;

Rieskamp & Otto, 2006; Verbeke & Verguts, 2024), we postulate that meta-control

over moral decision making is also shaped by RL (metacognitive moral learning).

In the remainder of this chapter, we formalize this hypothesis and test it in two

experiments. In Experiment 1, we demonstrate the existence of adaptive metacogni-

tive moral learning from the consequences of previous decisions, show that it trans-

fers to real-life, incentive-compatible donation decisions, and �nd that metacogni-

tive learning is a requirement for this transfer. In Experiment 2, we rule out that the

�ndings are due to demand characteristics by demonstrating transfer for metacog-

nitive learners to a different experiment, which participants thought was conducted

by different researchers.
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6.1.1 A Theory of Metacognitive Moral Learning

Prior work has identi�ed several mechanisms of moral learning (Cushman et al.,

2017). According to one of these mechanisms, reinforcement learning (RL), moral

values are learned from the consequences of previous actions. Each time the conse-

quences of an action are better than expected, the probability of repeating this action

is increased, and each time the action's consequences are worse than expected, the

probability of repeating this action is reduced. While prior theories of moral learn-

ing (Crockett, 2013; Cushman, 2013) proposed that people learn on the level of

more speci�c behaviours (e.g., whether to punch someone), we propose that people

also learn on the level of moral decision-making strategies (e.g., whether to engage

in rules or CBR). We refer to this mechanism asmetacognitive moral learning.

According to this theory, the mechanisms of strategy selection learning (Erev

& Barron, 2005; Lieder & Grif�ths, 2017; Lieder, Shenhav, et al., 2018; Rieskamp

& Otto, 2006) also operate on the mechanisms of moral decision making. In strat-

egy selection learning, the consequences of people's actions reinforce the decision

strategies that selected them, unlike in operant conditioning (Skinner, 1963), where

consequences reinforce speci�c behaviours. Therefore, we propose that when a per-

son concludes that one of their past decisions was morally wrong (right), this will

teach them to decrease (increase) their reliance on the decision system or strategy

that chose that action (e.g., rule-following or CBR; see Figure 6.1). For example, in

Terror, the audience learns not only about the morality of shooting down airplanes,

but also about the morality of CBR more generally. Importantly, if people only

learned about speci�c behaviours, moral learning would not generalise to different

typesof behaviours. By contrast,metacognitivemoral learning should transfer to

novel situations involving other behaviours.

Put simply, the mechanisms of metacognitive moral learning differ from stan-

dard RL in two key ways: (1) learning occurs in the meta-control system whose

`actions' are our decision strategies (e.g., CBR and rule-following), and (2) the re-

ward signal is the person's moral evaluation of how good or bad their decision was.

These moral evaluations are partly based on consequences of the decision (Gawron-
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ski et al., 2017b, 2023). Therefore, learning from the consequences of past decisions

could, in principle, adaptively increase people's reliance on decision strategies that

produce good consequences, and decrease reliance on those that produce bad con-

sequences.

Given the coexistence of model-free and model-based RL (Dolan & Dayan,

2013), we postulate that metacognitive moral learning includes both model-based

and model-free RL mechanisms. Model-free metacognitive moral learning consists

of learning theexpected moral valuesof relying on different decision strategies. By

contrast, model-based metacognitive moral learning consists of learningconditional

probability distributionsover the possibleoutcomesof relying on different decision

strategies (see Section 6.1.3).

Figure 6.1: Meta-Control of Moral Decision-Making is Informed by Learning from Previ-
ous Decisions.

Meta-Control

CBR Rules/Intuitions

Decision MechanismsSituation Decision Consequences

Moral Prediction Error Moral Evaluation

RL

Note.The meta-control system determines which of multiple decision mechanisms, including moral
rules and cost-bene�t reasoning (CBR), is employed in a particular situation (in this chapter, we
focus on rules vs. CBR, though the model could be extended to accommodate other mechanisms).
Depending on one's learning history, the meta-control system may temporarily override moral rules
(red arrow) by allocating control over behaviour to CBR (green arrow) or vice versa. Whether
moral learning increases (decreases) reliance on CBR or rules in subsequent decisions depends on
how positively (negatively) one evaluates the previous decision. People's moral evaluation of past
decisions are in�uenced by the consequences of these decisions. If the evaluation is more (less)
positive than expected, this registers as a positive (negative) moral prediction error that causes the
reliance on the mechanism that produced the decision to be turned up (down). We suggest that this
strategy selection learning shapes moral decision making.
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6.1.2 A New Experimental Paradigm Using Realistic Trolley-

Type Dilemmas with Outcomes

To test our theory and models of metacognitive moral learning, we developed an

experimental paradigm for measuring the effect of learning from the consequences

of previous moral decisions on subsequent moral decisions. Unlike previous moral

decision making paradigms, ours is a learning paradigm. Participants make deci-

sions in a series of different moral dilemmas, where they see the outcomes of each

decision before moving on to the next. In each trial, the participant reads a realistic

moral dilemma and decides between two actions: one favored by CBR (the `CBR

option') and one favored by a moral rule (the `rule option').

At the beginning of the paradigm, participants are randomly assigned to one

of two conditions. In the `CBR Success' condition, the CBR option always leads

to overall good outcomes, and the rule option to overall bad outcomes. In the `Rule

Success' condition, the rule option always leads to overall good outcomes, and the

CBR option to overall bad outcomes. We illustrate this paradigm in Figure 6.2, and

more details can be found in the Method section.
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Figure 6.2: The Moral Learning Paradigm in Experiment 1.

Note. Participants are randomized into one of two conditions: `Rule Success' and `CBR Success'.
The experimental condition determines whether choosing the CBR option or the rule option leads
to good or bad outcomes. In some vignettes, the action under consideration is the CBR option (e.g.,
`Do you push the man?'), and in other vignettes, it is the rule option (e.g., `Do you quit your job?').
This means that the `yes' and `no' responses do not always correspond to the same decision strategy
(rules vs. CBR) even in the same experimental condition. Because of this, from the participant's
perspective, choosing `yes' would sometimes lead to good outcomes and sometimes lead to bad
outcomes. More details about the paradigm can be found in the Methods section.

The moral dilemmas most widely used in experiments, which are based on the

`trolley problem' (Foot, 1967; Thomson, 1976), have been criticized as unrealistic

and bizarre (Bauman et al., 2014; Bennis et al., 2010). Further, they assume that

the outcomes are known with certainty and often confound CBR with taking action

and rule-following with inaction (i.e., omission). The moral dilemmas used in our
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paradigm mitigate all of these limitations.

Most participants are not trained in moral philosophy, meaning that the ab-

stract moral theories of deontology and utilitarianism are likely less salient for them

than the concrete choices between action versus omission, the speci�c behaviours,

and the speci�c moral rules that recommend or oppose them. Our experimental

paradigm varied all of these salient features independently of which option each

strategy recommended (see Figure 6.2 and the Methods section for more details).

Therefore, it is not immediately obvious to participants what is being reinforced in

our paradigm. This was also re�ected in their responses to an open question in a

previous experiment.1

Further, a majority of participants engaged strongly with the task and con-

sidered it informative about the real world: 90% of participants reported that they

imagined the scenarios very vividly and 90% reported that they felt good or bad

after they saw good or bad outcomes. 67% of participants indicated that the deci-

sions, situations, and outcomes they encountered in the task were informative about

the real world, and 50% of participants indicated that the task gave them the op-

portunity to learn how to make better decisions in the real world. Finally, most

participants indicated that the outcomes were plausible (83%) and a good re�ection

of whether they made the right decision (61%; see supplementary information for

more details). For more details on the paradigm see also the Method section of

(Maier, Cheung, & Lieder, 2024).

1At the end of Experiment 1 of the corresponding journal article, we asked participants whether
they `used information about the outcomes of [their] choices when making decisions throughout
the experiment,' and, if so, how. Of those participants who reported taking outcomes into account,
most appeared to be unaware of the speci�c manipulation (e.g., `Yes I tried to worry more about
the initial moral decision and less on the outcomes as it was clear the outcome could vary/was more
unpredictable' and `I tried to anticipate what the likely outcome would be, but I wasn't right'; full
responses are available in the online repository).
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6.1.3 Computational Models of Moral Learning from Conse-

quences

General Background

To test our theory, we developed RL models of metacognitive moral learning from

the consequences of past decisions. As metacognitive learning could be model-

based or model-free, we developed one computational model to represent each.

Model-based learning uses an explicit model of the world to estimate the condi-

tional probabilities of different outcomes (Doll et al., 2012, Sutton and Barto, 2018,

p. 159). We modeled model-based metacognitive moral learning as Bayesian learn-

ing of the conditional probabilities of good versus bad outcomes of decisions made

by CBR versus following moral rules (e.g.,P(good outcomej CBR)). This model

learns these probabilities by updating the parameters of two beta distributions: one

for the probability that CBR will yield a good outcome and one for the probability

that following rules will yield a good outcome. The probability of a bad outcome

is simply one minus the probability of a good outcome. In other words, this model

estimates the likelihoods of four different outcomes: following CBR leads to good

versus bad outcomes, and following rules leads to good versus bad outcomes.

Model-free learning assigns values to actions directly, rather than modelling

the probability of different outcomes. Those values are based on the average reward

each action produced in the past. To model model-free metacognitive moral learn-

ing, we adapted the most common model of model-free RL:Q-learning (Dearden

et al., 1998; Watkins, 1989; Watkins & Dayan, 1992). Our model assigns values

directly to using moral decision-making strategies (i.e., CBR vs. following moral

rules); those values are represented asQ-values. After each decision, the model

updates theQ-value of relying on the decision strategy that produced that decision.

This update is proportional to the experienced moral prediction error. The moral

prediction error is the difference between the decision-maker's moral evaluation of

how morally right or wrong the decision was and the currentQ-value of the decision

strategy that produced it. The higher theQ-value assigned to a decision strategy, the
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more likely the model is to rely on it.

Unlike the model-based Beta-Bernoulli model, the model-freeQ-learning

model does not learn about the probabilities of the four different outcomes, but

instead learns twoQ-values: one for CBR and one for rule following. Therefore,

our two computational models capture the key distinction between model-based and

model-free learning: model-based learning involves learning about the probabilities

of the different outcomes of an action, whereas model-free learning assigns a value

to the action itself.

Our models of metacognitive moral learning attribute the outcome of each ac-

tion to the decision strategy that selected it (i.e., applying CBR vs. moral rules). We

compared these models to models of behavioural moral learning. Unlike metacog-

nitive learning, behavioural learning attributes the outcome of each action to the

action itself. For example, a child pushing their friend out of the sandbox may see

that this action causes their friend to become upset, and learn not to repeat such

actions. To model the generalisation of behavioural learning across the different

dilemmas of our experimental paradigm, we make the simplifying assumption that

people generalise from the outcome of (not) taking the action under consideration

in any one dilemma to the value of (not) taking the action under consideration in

all other dilemmas. Our models of behavioural learning thus assume that each deci-

sion is represented as either performing the behaviour under consideration (action)

or not (omission). Actions were a very salient behaviour level representation on

which the learning signal could operate, given that in each trial, participants were

asked whether to act (e.g., push the man) or not.

Behavioral learning can be either model-based or model-free. Apart from

changing the learning signal to operate on the level of behaviours rather than

strategies, our models of model-based versus model-free behavioural learning are

therefore equivalent to our models of model-based versus model-free metacogni-

tive learning. Our paradigm allows deconfounding action/omission learning from

metacognitive learning, as sometimes action coincides with CBR and sometimes

with rules.
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Model Speci�cation

Model-Free Metacognitive Learning (Q-Learning). We formalize model-free

metacognitive learning by aQ-learning model of how people solve the meta-control

problem of deciding when to rely on moral rules versus CBR (see Figure 6.1). This

model learns to predict the anticipated moral valueQmeta(s;CBR) of relying on

CBR in the current situations and the moral valueQmeta(s; rules) of relying on

moral rules. Assuming that in trialt control was allocated to CBR then, once the

consequences of the resulting action are observed, the model calculates the moral

prediction error,

MPEt = Qmeta
t (s;CBR) � MJt ; (6.1)

which is the difference between the model's prediction of the moral value of rely-

ing on CBR (Qmeta
t (s;CBR)) and the person's moral evaluation of how good their

decision was after they observed its consequences (MJt). The participant provided

a rating on a scale from -100 to +100. To obtain MJt , we divided that rating by 100.

The model then uses the moral prediction error (MPE) to update its estimate

of the moral value of using CBR according to Equation 6.2. How strongly this

prediction is updated depends on the learning rate (a ).

Qmeta
t+ 1 (s;CBR) = Qmeta

t (s;CBR) � a � MPEt ; (6.2)

Conversely, when the decision was made by applying a moral rule, then the

equivalent update was applied to the estimated value of rule-following (i.e.,

Qmeta
t (s; rules)).

In each new decision situation, the learned values of relying on CBR or rules

determine the probability that the decision-maker will engage in CBR or apply

moral rules according to the softmax decision rule speci�ed in Equation 6.3.

pt(s;CBR) =
et � Qmeta

t (s;CBR)

et � Qmeta
t (s;CBR) + et � Qmeta

t (s;rules)
(6.3)

The parametert (inverse decision temperature) controls how deterministically the
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meta-controller allocates control to the decision mechanisms that it expects to pro-

duce morally better outcomes. Larger values oft imply more deterministic meta-

control, whereas lower values oft imply more random meta-control.

As the prior distribution on the temperature parametert , we use lognormal(0;1:4).

We chose this prior distribution because it assigns 90% of the prior probability mass

to values oft between 1
10 and 10. The prior distribution on the learning rate is a

uniform distribution on the interval[0;1]. This prior re�ects the belief that learning

rates larger than 1 (i.e., changing your belief by more than the prediction error) and

learning rates smaller than 0 (i.e., learning the opposite of what the prediction error

suggests) are impossible.

Model-Based Metacognitive Learning (Beta-Bernoulli Updating).For the

model-based learning model, we assume that the meta-controller learns the prob-

abilities that a decision made by CBR versus rules will lead to a good versus bad

state (e.g.,P(s02 Gjs;CBR), whereG is the set of good states). We model this as

Bayesian learning with conjugate priors. Concretely, for each decision mechanism,

the prior is a beta distribution on the probabilityqCBR
t that the outcomes will be

good overall. The likelihood function is a Bernoulli distribution over two possible

outcomes:+ 1, meaning that the outcome was good overall, and� 1, meaning the

outcome was bad overall.

Thus, after learning from the person's moral evaluation MJ1; � � � ;MJt of the de-

cisions made using the selected decision mechanismsM1; � � � ;Mt in trials 1; � � � ; t,

the model's posterior distribution (P(qCBR
t j MJ1; � � � ;MJt ;M1; � � � ;Mt)) on the prob-

ability of good outcomes resulting from CBR is

Beta

 

a +
t

å
i= 1

1(Ci = CBR andRi > 0);a +
t

å
i= 1

1(Ci = CBR andRi < 0)

!

;

(6.4)

where1(�) is the indicator function, which is one if and only if its argument is a

true statement, anda determines the strength of the prior belief that positive and

negative outcomes are equally likely. For higher values ofa learning is slower.a ,

therefore, serves a similar function as the learning rate of theQ learning model.
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Conversely, after the �rstt trials, the model's posterior distribution

(P(q rules
t j MJ1; � � � ;MJt ;M1; � � � ;Mt)) over the probability that relying on rules

will produce a good outcome is

Beta

 

a +
t

å
i= 1

1(Ci = rules andRi > 0;a +
t

å
i= 1

1(Ci = rules andRi < 0)

!

: (6.5)

The decision mechanism is again selected using a softmax decision rule

based on the learned posterior probabilities of each decision mechanism produc-

ing morally good versus morally bad outcomes, as speci�ed in Equation 6.6.

pt(s;CBR) =
et � qCBR

i

et � qCBR
t + et � q rules

t
: (6.6)

For the prior distribution ont , we again use lognormal(0;1:4). For the prior

distribution on the prior precisiona , we use Gamma(shape= 2:57; rate= 0:54).

This distribution assigns 90% of the probability mass to values between 1 and 10,

which is equivalent to having seen between 1 and 10 instances of a positive out-

come and between 1 and 10 instances of a negative outcome before starting the

experiment.

Models of Model-Free and Model-BasedBehavioral Learning. Our models of

model-free and model-basedbehaviourallearning were exactly analogous to the

models of model-free and model-basedmetacognitivelearning described above.

The only difference was that the learning rules that the metacognitive models use

to learn the value or transition probabilities associated with relying on alternative

decision mechanisms (CBR vs. following moral rules) are applied to the value or

transition probabilities associated with the person's behaviour (action vs. omission).

Our model of model-based behavioural learning estimates one single state-

transition probability for all behaviours that the vignettes framed as the action under

consideration and one single state-transition probability for not performing those

behaviours. That is, model-based behavioural learning computes two posterior dis-

tributions: one for the probability that taking the action under consideration will

lead to a good state (i.e.,qaction
t ) and one for the probability that not taking that
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action will lead to a good state (i.e.,qomission
t ).

Constant Probability Models: No Learning. As a baseline for our models of

learning, we formulated equivalent models of what decisions people would make

if there was no learning. The baseline for models of metacognitive learning as-

sumes that the probability of relying on CBR versus rules is constant over time, that

is

pt(s;CBR) = qCBR; (6.7)

whereqCBR is a free parameter with a uniform prior, that is

qCBR � Uniform([0;1]): (6.8)

The baseline for models of behavioural learning assumes that the probability

of performing the behaviour under consideration is constant over time, that is

pt(s;action) = qaction; (6.9)

whereqaction is a free parameter with a uniform prior, that is

qaction � Uniform([0;1]): (6.10)

Model Implementation

We implemented all models usingStan andRStan (Carpenter et al., 2017; Stan

Development Team, 2024), �tted them separately for each participant, and evalu-

ated the marginal likelihoods using thebridgesampling R package (Gronau

et al., 2020a). We then usedbmsR (Elisi, 2024) to conduct Bayesian model se-

lection. Since we developed multiple models of metacognitive learning, multi-

ple models of behavioural learning, and multiple models of moral decision mak-

ing without learning, we compared the proportions of participants best explained

by each model family using family-level inference using the MATLAB function

spm compare families (Penny et al., 2010; Rigoux et al., 2014) with 100;000
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samples. We used the same approach to compare the proportions of people best

explained by model-based versus model-free learning.

Model Recovery Simulations

We veri�ed that all models could in principle be recovered by simulating from each

of the six models, �tting all models on the simulated dataset, and checking whether

the marginal likelihood of that model, which we simulated from was indeed the

largest. This indicated that the model comparison consistently recovered the model

that was being simulated from. We share the code in the online repository.

6.1.4 Experiment 1

In Experiment 1, we tested whether people learn to adjust their moral decisions

based on the consequences of their previous decisions and to what extent this learn-

ing is metacognitive (i.e., operating on decision mechanisms, such as rules versus

CBR, rather than more speci�c behaviours). Further, we tested how different types

of learning transfer to measures of moral convictions and donation decisions.

Method

This experiment received ethical approval from the Of�ce of the Human Research

Protection Program, The University of California, Los Angeles (UCLA OHRPP)

under protocol number IRB#23-001436. The experiment and data analysis were

preregistered at https://osf.io/7guj6 on the 13th of January 2024.

Participants. We recruited 900 UK-based participants from Proli�c on the 13th of

January 2024 based on an a priori power analysis, which indicated suf�cient power

with 429 participants per condition ford = 0:17 on the transfer measures (based on

a previous experiment reported in Maier, Cheung, and Lieder, 2024). Participants

were pre-screened for �uency in English and their past approval rate (� 95%) and

experience (having previously participated in at least ten studies) on the platform.

We paid participants £4.76 (US$6) for the 36-minute study (base rate of $5, and to

encourage careful reading, a bonus payment of $1 for passing the attention check).

209



As preregistered, we excluded participants who failed the attention check (N = 66,

the attention check was a fake moral dilemma in which participants were instructed

to take a clearly inferior action). Our �nal sample size wasN = 834 (Mage= 43:4,

SDage= 14:2, Nfemale= 424, Nmale= 410).

Materials. After reading through the instructions (and passing a comprehension

test), participants completed 13 trials of the moral learning paradigm described in

the section `A New Experimental Paradigm Using Realistic Moral Dilemmas' (CBR

Success:N = 420; Rule Success:N = 414). After the paradigm, participants com-

pleted self-report measures of moral convictions (OUS Sacri�cial Harm Subscale,

Kahane et al., 2015, and a four-item questionnaire about deontological decision

making taken from the Deontological-Consequentialist Scale, Mata et al., 2022)

and a donation task in randomized order.

For the donation task, participants made a series of three donation decisions.

Each time, they were asked to allocate £200 between two charities, one of which

would be endorsed by cost-bene�t reasoning and one of which would be endorsed

by rule-based decision making (for more details on how we piloted the charities, see

supplementary materials). The three pairs of charities used in the three allocation

decisions were:

• `Human Challenge Trials': Choice between 1Day Sooner, a charity promot-

ing human challenge trials in which healthy volunteers are infected with a

virus to speed up the development of vaccines (CBR option) vs. the Medi-

cal Research Foundation, a charity supporting conventional medical research

(rule option).

• `Animal Testing': Choice between Breast Cancer Now, an organization fund-

ing animal research to combat breast cancer (CBR option) vs. Breast Cancer

UK, an organization that does not fund animal research (rule option).

• `Doctors': Choice between UK-Med, a charity providing humanitarian and

medical aid by deploying healthcare professionals to con�ict or disaster zones

that are inherently risky (CBR option) vs. Pathway, a charity that focuses on
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healthcare for homeless people in the UK (rule option).

Participants made these allocations knowing that the experimenters would ex-

ecute the allocation decision of one randomly chosen participant for one randomly

chosen pair of charities.2 The full vignettes are available on the supplementary

materials.

At the end of the study, as exploratory measures, we included the Empathic

Concern and Emotional Empathy scales (Jordan et al., 2016). We also included six

items from a Matrix Reasoning task (Condon & Revelle, 2014) to measure cognitive

ability.

Data Analysis.We followed the preregistered data analysis plan unless speci�cally

noted. To test the effect of trial number on choices, we preregistered a logistic

mixed effects model predicting the probability of the utilitarian choice from trial

number and action framing.

For analysing the moral judgments, we preregistered to test the interaction of

trial number and framing within a linear mixed effects model that also included the

appropriateness ratings from Körner and Deutsch (2023) as a covariate.

To test overall donation behaviour, we test the main effect of donations to CBR

charities between conditions. As preregistered, we use a model with random in-

tercepts, main effect of condition and donation type, and an interaction between

condition and donation.

To test moderation effects and the effects for those participants who show evi-

dence for metacognitive learning, we �rst calculate the evidence for metacognitive

learning for each participant. We do this by calculating an inclusion Bayes factor

comparing the posterior odds of models that describe strategy learning (MF-M and

MB-M) with models that describe behavioural learning from action/omission (MF-

B and MB-B) or no learning (C-M and C-B). The code for calculating the inclusion

Bayes factors is available in the online repository and the preregistration. We esti-

mated marginal likelihoods using thebridgesampling package (Gronau et al.,

2We later executed one participant's decision to donate £150 to 1Day Sooner and £50 to Medical
Research Foundation on February 16, 2024.
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2020b). For more information on inclusion Bayes factors, see Hinne et al. (2020),

Maier, Barto�s, and Wagenmakers (2023), and Maier, Barto�s, et al. (2024).

To identify transfer effects only for metacognitive learners, we test the effect

of condition in a model that uses evidence for metacognitive learning (in terms of

an inclusion Bayes factor contrasting MB-M and MF-M with the other four mod-

els) as a covariate. We then recenter the inclusion Bayes factor covariate so that

0 indicates strong evidence for metacognitive learning. This allows us to test the

effect of the experimental condition for those participants who showed evidence for

metacognitive learning.

Results

In�uence of Outcomes on Choices and Judgments.Participants learned from the

consequences of previous moral decisions (Figure 6.3): They became more reliant

on CBR in the CBR Success condition (b = 0:11; c 2(1) = 7:67; p = :003) and more

reliant on moral rules in the Rule Success condition (b = 0:20; c 2(1) = 28:34; p <

:001). In terms of moral judgements, we found an effect on the judgements in the

Rule Success condition (b = 1:45;F(1;2201:94) = 7:61; p = :006), but not in the

CBR Success condition (b= 0:11;F(1;4811:43) = :01; p= :930, we address poten-

tial explanations for the inconsistent effect on the ratings in the General Discussion).

Computational Modelling Results.We found that in the CBR Success condition,

most participants (86.97%) relied primarily on model-based metacognitive learn-

ing. In the Rule Success condition, most participants (56.17%) relied primarily

on model-based behavioural learning and only 31.81% engaged in model-based

metacognitive moral learning (see Table 6.1). When comparing families of mod-

els, in the CBR Success condition, the proportion of participants whose behaviour

was best explained by either of the models of metacognitive learning (92.5%) was

signi�cantly larger than the proportions of participants best explained by models of

behavioural learning or no learning (see Table 6.2). By contrast, in the Rule Success

condition, the two models of behavioural learning jointly provided the best expla-

nation for the majority of participants (60.8%), while the two models of metacog-
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Figure 6.3: Learning from Consequences Shapes Reliance on Moral Rules Versus Cost-
Bene�t Reasoning.

Note.Con�dence bands indicate 95% CIs.

nitive learning provided the best explanation for only 35.8% of the participants in

that condition (see Table 6.2).

Metacognitive Learning Transfers to Donations and Measures of Moral Con-

vinctions.As predicted, evidence for metacognitive learning moderated the ef-

fect of the experimental condition on all measures of transfer (OUS Sacri�cial

Harm Subscale,b = 0:84;t(830) = 8:39; p < : 001; DCS Deontology Subscale,

b = � 0:79;t(830) = 5:67; p < : 001; Donations,b = 9:15;t(830) = 5:20; p < : 001)

and we found strong evidence of transfer for metacognitive learners on all mea-

sures of transfer (OUS Sacri�cial Harm Subscale,b = 2:48;t(830) = 10:62; p <

:001; DCS Deontology Scale,b = � 2:07;t(830) = 6:36; p < : 001; Donations,

b = 22:07;t(830) = 5:34; p < : 001, all one-sided).

In contrast, when averaging across all participants (i.e., including those that

show evidence for behavioural learning), we found evidence for transfer to people's

moral convictions (OUS Sacri�cial Harm Subscale,t(829:06) = 7:50; p< : 001;d =

0:52, one-sided; DCS Deontology Subscale,t(825:3) = 2:81; p = :003;d = 0:20,

one-sided) but were unable to detect the effect on donations (t(832) = 1:55; p =
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Figure 6.4: Endorsement of Sacri�cal Harm and Deontology Are Moderated By Evidence
for Metacognitive Learning in Experiment 1.

Note. Panel A shows responses to the Sacri�cial Harm Subscale from the Oxford Utilitari-
anism Scale. Panel B shows responses to the Deontology Subscale from the Deontological-
Consequentialist Scale. Con�dence bands indicate 95% CIs.

:061, one-sided). This discrepancy underscores the importance of metacognitive

learning for transfer (see the supplementary information for additional results, in-

cluding effects on individual donation decisions).

6.1.5 Experiment 2

Experiment 1 showed that moral decision making is driven by learning from con-

sequences and that metacognitive moral learning in our paradigm transfers to other

measures within the context of the same experiment. In principle, this could be due

to demand characteristics or very narrow, highly context-speci�c learning. There-

fore, Experiment 2 aimed to demonstrate that the effects of moral learning from

consequences transfer beyond the experiment in which the learning took place (i.e.,

transfer to another study conducted by different experimenters). To achieve this,

we used an innovative experimental design comprising two separate online studies

run by different experimenters from different institutions. The �rst online study

employed the learning paradigm, and the subsequent, seemingly unrelated study
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Figure 6.5: Donations to CBR Charities Are Moderated By Evidence for Metacognitive
Learning in Experiment 1.

Note. Panel A shows donations to 1Day Sooner, an organization advocating for human challenge
trials to accelerate medical research (vs. the Medical Research Foundation, which funds more con-
ventional medical research). Panel B shows donations to Breast Cancer Now, an organization that
funds animal testing in research to combat breast cancer (vs. Breast Cancer UK, an organization
that does not fund animal testing). Panel C shows donations to UK-Med, a charity that provides
medical aid to con�ict or disaster zones that have inherent risks (vs. Pathway, a charity that focuses
on healthcare for homeless people in the UK, which is comparatively much less risky). More infor-
mation about each charity is provided in the Methods section. Con�dence bands indicate 95% CIs.

measured people's moral convictions and donation behaviour. This allowed us to

show that the learning transfers to a new experimental context, thus ruling out the

alternative explanation that effects are driven by demand characteristics.
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Method

This experiment received ethical approval from the Of�ce of the Human Research

Protection Program, The University of California, Los Angeles (UCLA OHRPP)

under protocol number IRB#23-001436, and by the UCL Psychology Ethics Com-

mittee under code EP/2018/005. The experiment and data analysis were preregis-

tered at https://osf.io/dgsfb on 19th of July 2024. Because our theoretical frame-

work predicts transfer only for metacognitive learners and focusing on metacogni-

tive learners had higher statistical power in previous experiments, we preregistered

to test transfer only for metacognitive learners.

Participants. We recruited 1100 UK-based participants from Proli�c on 19th of

July 2024. Participants were pre-screened using the same criteria as in Experi-

ment 1. For the �rst study of this two-study paradigm, we paid participants £3.78

(US$4.80) for the 28-minute study (base rate: $4, bonus payment for passing the

attention check: $0.80). For the second study, which took �ve minutes, we paid

participants £1 (US$1.27).

A total of 1100 people took part in the �rst study and 811 fully completed both

studies. As preregistered, of those who took part in both studies, we excluded some

for failing the attention check (N = 66), and those of the remaining participants who

indicated that they had participated in a study by any of the experimenters before

(N = 18). While some participants started the second part directly after the �rst

(23% of participants had a time gap of less than 10 minutes), the majority of our

participants had considerable gap between the two studies (62% of participants had

a time gap of more than one hour and 45% had a time gap of more than two hours).

Our �nal sample size wasN = 727 (Mage= 39:43, SDage= 13:15, Nfemale=

366, Nmale= 361).

Materials and Procedure.The experiment comprised two separate tasks on Pro-

li�c, which we will call Experiments 2a and 2b. Experiment 2a comprised the

moral learning paradigm from Experiment 1 followed by a few exploratory mea-

sures described in the supplementary materials.
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Recruitment Procedure.Experiment 2a and Experiment 2b were two separate on-

line studies run by different researchers from different institutions. Experiment 2a

was posted from the Proli�c account of a co-author at UCLA as a task called `Moral

decision making study'. This task was described as a study run by a researcher at

the University of California, Los Angeles; it used the consent form of an IRB pro-

tocol issued by UCLA. Experiment 2b was posted with a UCL Proli�c account as

a task called `Donation decisions'. This task was described as a study run by a re-

searcher from University College London and used the consent form from an ethical

approval protocol issued by UCL. Therefore, Experiment 2 can be viewed as two

independent studies that were later joined together for a cross-study analysis.

The recruitment for Experiment 2b started about half an hour after the start of

Experiment 2a and remained open for about 12 hours. Experiment 2b wasonlyvis-

ible to workers on Proli�c who had completed Experiment 2a, but it was impossible

for them to know this. Workers who had completed Experiment 2a simply received

an email from Proli�c inviting them to Experiment 2b (as is standard recruitment

procedure) without any further information.

Thus, from the participants' perspective, Experiment 2a and Experiment 2b

were unrelated. We con�rmed this assumption by explicitly asking participants at

the end of the second study whether they had ever before participated in a study

`conducted by any of the same experimenters before';3 only 2.42% said yes, and

we excluded these participants from the analysis.

Transfer to New Study.Experiment 2b included the `Human Challenge Trials'

and `Animal Research' donation vignettes from Experiment 1. Participants made

these allocations knowing that the experimenters would execute the decision of one

randomly chosen participant for one randomly chosen pair of charities.4

We excluded the `Doctor' vignette from this study because a pilot study con-

3We added the following clari�cation below the question: `Note that this refers to whether you
have participated in other studies by the same speci�c researcher. Do not tick yes if you have only
participated in other studies from University College London run by different researchers. This is
also not an attention check and your response would not affect your pay, so please answer honestly.')

4We later donated £160 to 1Day Sooner and £40 to Medical Research Foundation on June 28th,
2024.
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ducted after Experiment 1 revealed that, contrary to our assumptions, participants

neither considered sending doctors to crisis areas to be the option endorsed by CBR,

nor did they think that donating to the homeless healthcare charity was the option

endorsed by moral rules (see supplementary information).

Data Analysis.We used the same analytical approach as in Experiment 1.

Results

Computational Modeling Results Indicate (Model-Based) Metacognitive

Learning. Replicating the previous modelling results, we again found that simi-

lar proportions of participants were best explained by each model (see Table 6.1)

and each type of learning mechanism (see Table 6.2).

Table 6.1: Cognitive Modeling Results Showing the Proportions of Participants that Relied
on Each Type of Learning in Experiments 1-2.

Model Expected FrequencyE[ f jY]
Expt 1 Expt 2

CBR Rule CBR Rule

Model-Based
Metacognitive

MB-M 86.97% 31.81% 74.08% 40.24%
Model-Free MF-M 3.32% 4.06% 8.26% 1.26%
Constant C-M 2.53% 3.45% 3.59% 5.55%
Model-Based

Behavior
MB-B 4.41% 56.17% 9.32% 49.53%

Model-Free MF-B 2.18% 3.82% 2.90% 2.59%
Constant C-B 0.59% 0.69% 1.85% 0.82%

Note. `CBR' denotes the CBR Success condition, and `Rule' denotes the Rule Success condition.
he largest proportions in each condition are highlighted in bold.

Metacognitive Learning Transfers to A Different Experiment. As shown in Fig-

ure 6.6, Experiment 2 replicated the transfer effects from Experiments 1. The ef-

fect was replicated across experiments and an average delay of about two hours

(Mean= 121 minutes, Median= 99 minutes, range= 0:25 to 561 minutes).

We found that evidence for metacognitive learning signi�cantly moderated the

effect of the experimental manipulation on all measures of transfer (OUS Sacr�-

cial Harm Subscale,b = 0:81;t(723) = 7:79; p < : 001; DCS Deontology Subscale,

b= � 0:62;t(723) = 4:82; p< : 001; Donations,5 b= 8:69;t(723) = 4:06; p< : 001).
5Note that these are the results for the `Human Challenge Trials' and `Animal Testing' vignettes;
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Table 6.2: Cognitive Modeling Results Showing the Proportions of Participants that Relied
on Each Learning Mechanism in Experiments 1-2.

Learning Expt 1 Expt 2

Mechanisms CBR Rule CBR Rule

E[ f jY] j E[ f jY] j E[ f jY] j E[ f jY] j

Metacognitive
Learning

92.5% 1 35.8% 0.06 85.5% 1 41.9% 0.26

Behavioral
Learning

5% 0 60.8% 0.94 11.1% 0 53.5% 0.74

No Learning 2.5% 0 3.4% 0 3.3% 0 4.6% 0
Note. `CBR' denotes the CBR Success condition, and `Rule' denotes the Rule Success condition.
The exceedance probabilityj of a given model family is the probability that the proportion of
participants best explained by a model from that family is greater than for any of the alternative
model families. The largest proportions in each condition are highlighted in bold.

Further, when including evidence for metacognitive learning as a covariate, we

found a signi�cant main effect of condition on all measures of transfer (OUS Sacri-

�cial Harm Subscale,b= 2:16;t(723) = 8:77; p< : 001; DCS Deontology Subscale,

b= � 1:64;t(723) = 5:33; p< : 001; Donations,b= 20:54;t(723) = 4:04; p< : 001).

This evidence of transfer to a new experiment, which to participants appeared

to be conducted by different researchers, rules out demand characteristics as an al-

ternative explanation of the �ndings from Experiments 1. Moreover, as detailed in

the supplementary information, Experiment 2 also ruled out the alternative expla-

nation that the learning and transfer effects are due to changes in risk aversion.

Individual Differences in Perceived Real-World Relevance and Engagement

Predict Metacognitive Learning (Exploratory). To understand why some par-

ticipants engaged in metacognitive learning whereas others did not, we measured

how they perceived the moral learning paradigm. In brief, we found evidence for

metacognitive learning was predicted by participants taking the task seriously, be-

lieving that the task allowed them to learn how to make better decisions in the

real world, experiencing an emotional response to the outcomes, and perceiving the

outcomes as plausible, informative about the real world, and a good re�ection of

whether they made the right decision (allp < : 02). Unfortunately, we found no

as preregistered, we removed the donation vignette about sending doctors to crisis zones due to
methodological considerations (see Methods Section 6.1.5).
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Figure 6.6: Metacognitive Learning Transfers to Measures of Moral Convictions and Do-
nation Decisions in Experiment 2.

Note. Panel A shows responses to the Sacri�cial Harm Subscale from the Oxford Utilitari-
anism Scale. Panel B shows responses to the Deontology Subscale from the Deontological-
Consequentialist Scale. Panel C shows the amount of money donated to the charity advocating
for human challenge trials. Panel D shows the amount of money donated to a breast cancer research
charity that uses animal research. Each plot compares responses between the CBR Success and Rule
Success conditions as a function of the amount of evidence the participants' responses in the moral
learning paradigm provided for metacognitive learning (BF). BF values> 1 indicate evidence for
metacognitive learning. The red dotted line at BF= 10 indicates strong evidence of metacognitive
learning; this is where the main effect of the experimental condition was tested. The con�dence
bands indicate 95% con�dence level. See supplementary information for a smoothed conditional
means version of the plot.
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evidence that any of these factors explained why metacognitive learning was more

prevalent in the CBR Success condition than in the Rule Success condition (all

p > : 10).

6.1.6 Discussion

Across two experiments, participants consistently adapted their moral decision

strategies based on the consequences of their past choices. When relying on cost-

bene�t reasoning (CBR) led to better outcomes, participants learned to override

strict moral rules in favor of maximizing the greater good. In contrast, when CBR

resulted in worse outcomes, participants shifted toward following moral rules in-

stead. This learning not only emerged rapidly but also transferred to a donation de-

cision and scale measures in a different experiment, which participants thought was

administered by different experimenters. We only observed this transfer for those

participants who showed evidence for metacognitive learning. Together, these �nd-

ings suggest that meta-control in moral decision making is shaped by fast, adaptive

learning from the outcomes of previous decisions.

Although moral learning was driven by consequences, it did not always direct

people to rely more on CBR. Instead, when following moral rules had previously

produced better outcomes, people learned to rely more on rules. More generally,

our �ndings suggest that learning from consequences aligns decision making with

global consequentialism (Ord, 2009), the view that one should adopt whatever de-

cision strategy—whether rule-based, reasoning-based, or virtue-based—produces

the best outcomes. Ironically, those who insist on following moral rules `regardless

of the consequences' may have reached this position through learning from con-

sequences themselves. In this sense, everyone could be seen as a consequentialist

learner, regardless of the moral principles they endorse.

This perspective also sheds light on why people disagree about moral dilem-

mas. Life experience plays a crucial role: some individuals may have learned that

rigidly following rules leads to worse outcomes than �exible, cost-bene�t reason-

ing; others may have found that attempts to outsmart moral rules often back�re. If

moral disagreement stems partly from different life experiences, then sharing these
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experiences—and learning from each other—may help bridge moral divides.

Although all of our experiments focused on moral decision making, our �nding

that adaptive metacognitive learning from the consequences of past decisions shapes

reliance on different decision strategies might also apply to judgment and decision

making more generally. Converging evidence for adaptive metacognitive learning

in domains ranging from �nancial decision making (Erev & Barron, 2005; Lieder &

Grif�ths, 2017; Rieskamp & Otto, 2006), and cognitive control (Lieder, Shenhav,

et al., 2018), and planning (Callaway et al., 2022; He & Lieder, 2023; He et al.,

2021; Jain et al., 2019), as well as problem-solving and mental arithmetic (Lieder

& Grif�ths, 2017) supports this generalisation.

Our results also challenge previous approaches to moral psychology that

equated normative theories of morality with decision strategies. As we argued in the

introduction of this article, conceptually, deontology and utilitarianism are different

from reliance on rules versus CBR, even though they are sometimes equated in the

literature. The former are ethical theories that tell us what we should value, whereas

the latter are decision strategies that can be used to achieve outcomes that are con-

sistent with those values. In line with research that shows that simpler heuristics

can lead to better consequences in certain environments, in the real world, relying

on rules may sometimes lead to better consequences than CBR for various reasons

(e.g., increased accuracy due to the bias-variance trade-off, Brighton and Gigeren-

zer, 2012; Gigerenzer and Brighton, 2009; lower cost of computation, Lieder and

Grif�ths, 2017; and increasing trust, Gigerenzer, 2008). Below, we discuss two �nd-

ings showing that measures previously considered to measure reliance on different

ethical theories may, in fact, measure reliance on different decision strategies.

First, existing self-report measures of deontology versus utilitarianism may ac-

tually measure reliance on the speci�c decision strategies of following rules versus

CBR. Our results support this conclusion because (1) learning from consequences

can increase people's scores on the Deontology Subscale of the Deontological-

Consequentialist Scale (Mata et al., 2022) and decrease their scores on the Ox-

ford Utilitarianism Scale Sacri�cial Harm Subscale (Kahane et al., 2018) and (2)
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interpersonal differences in these scales were unrelated to evidence of metacogni-

tive moral learning from the consequences of past decisions. If the DCS Deontol-

ogy Subscale actually measured deontology, we would expect that participants who

score higher would be less driven by outcomes and more by the intrinsic rightness

of the action and, therefore, show less learning. Instead, we found that partici-

pants' scores on this scale were unrelated to how much they engaged in metacog-

nitive moral learning from consequences. Moreover, learning from consequences

changed participants' scores on the DCS Deontology Subscale. This suggests that

it measures reliance on rules rather than on deontology, and that reliance on rules

is more receptive to learning than previously thought, given that these scales are

often considered to measure stable traits (Kahane et al., 2018). A similar argument

may apply to the OUS Sacri�cial Harm Subscale, although the case here is some-

what weaker because this scale claims to only measure one speci�c component of

utilitarian psychology (sacri�cial harm).

Second, a participant's `deontological' or `utilitarian' choices in moral dilem-

mas do not necessarily demonstrate that the participant is deontologist or utilitarian.

Instead, those choices should be interpreted more cautiously as being consistent

with following moral rules or CBR. If we had used participants' decisions in moral

dilemmas to measure deontology and utilitarianism, we would have concluded that

around 50% of people are deontologist (the proportion that chose the rule option in

the �rst trial), rather than the much lower proportion of people that showed no learn-

ing from outcomes (around 5%). This article thereby adds to the existing literature

challenging the use of sacri�cial dilemmas to measure utilitarian versus deontolog-

ical decision making (Kahane, 2015; Kahane et al., 2015), and offers an alternative

interpretation of these choices in terms of decision strategies.

Our theory also raises the question of how to compare the learning signals

from different ethical theories and whether it is possible to have a utility function

that is agnostic about which theories people use. Our paradigm is able to capture

learning broadly for ethical theories that take consequences into account. This is

because we classi�ed the outcomes in our paradigm as good or bad based on partic-
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ipants' own evaluations and also use these evaluations for our computational mod-

els. This sidesteps the question of how people determine what is a morally good

or bad outcome.6 As for deontological theories, the intrinsic rightness of certain

actions determines their goodness/badness regardless of their outcomes. Therefore,

we would not expect that people who strictly follow deontology would learn in our

paradigm, as they would not learn from outcomes. In line with this, our theory ex-

plicitly acknowledges that moral evaluations also depend on other factors, such as

moral intuitions about the chosen action itself (see Figure 6.1, particularly the arrow

going directly from decision to moral evaluation). Consistent with these assump-

tions, we did indeed �nd that a small proportion of participants didnot learn from

the consequences of their decisions in our task.

Our �nding that metacognitive learning was consistently more prevalent in the

CBR Success condition than in the Rule Success condition raises the question of

which experiences and situational factors trigger versus inhibit metacognitive moral

learning. We investigated this question through a series of exploratory analyses re-

ported in the supplementary information. These analyses identi�ed several factors

that predict increased versus decreased metacognitive moral learning, including tak-

ing the moral dilemmas seriously, the perceived plausibility of the outcomes, the

emotional experience of the outcomes, the perceived informativeness of the out-

comes and their relevance to the real world, and the perceived utility of learning.

However, we also found that none of those factors differed signi�cantly between

the CBR Success and Rule Success conditions.

In principle, less learning in the Rule Success condition could have occurred

because the majority of our participants already relied on rules in the �rst dilemma.

However, we consistently found that for the �rst dilemma, around half of the par-

ticipants chose the rule option, and the other half chose the CBR option in both

conditions (Experiment 1: 55%; Experiment 2: 54%). Therefore, it seems unlikely

that they had a stronger prior that one option would work better over the other.

6The modelling approach we used does not require any integration between the utility functions
of different moral theories because we only model intra-individual learning based on a participant's
own utility function (rather than trade-offs between the utility functions of different participants).
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These results suggest that it is unlikely that the difference between the amount

of systematic change between the two conditions results from unintentional dif-

ferences between conditions in the paradigm. Instead, it might re�ect an inherent

difference between CBR versus following moral rules: while there is only a single

CBR strategy, there are a vast number of different rules one could learn to follow.

Our paradigm re�ected this reality: the pertinent moral rule(s) differed across the 13

dilemmas. In the CBR Success condition, learning was easier because participants

only had to learn about the high effectiveness of CBR, and the decision strategy of

CBR is more generally applicable in different contexts than any particular moral

rule. By contrast, in the Rule Success condition, metacognitive learning could ei-

ther guide participants to rely more on rules in general (i.e., relying on rules leads

to better outcomes), or to rely more on speci�c rules (e.g., `tell the truth' and `do

not kill'). In our experiments, the pertinent rule differed across dilemmas. There-

fore, participants who learned about speci�c rules observed less evidence for the

effectiveness of any one rule. Moreover, even when those participants learned to

rely more on one of the rules that led to good outcomes, this learning did not neces-

sarily show in subsequent dilemmas where the pertinent moral rules were different.

Future research could test this interpretation by conducting experiments in which a

salient moral rule is held constant.

Our �ndings also raise the question of why we found a more consistent effect

on participants' choices (consistent across both experiments) compared to the ef-

fect on their moral judgments (for which the effect was only signi�cant in some of

the experiments). We conducted a cross-study analysis across all four experiments

presented in Maier, Cheung, and Lieder (2024) which showed evidence for an over-

all effect on judgments and no statistically signi�cant evidence for moderation by

Experiment or Condition (Rule Success vs. CBR Success; see supplementary in-

formation). However, this still raises the question of why the effect on judgments

was weaker than on choices. One possible explanation for the stronger effect of

experience on choices is that when giving a judgment of moral rightness, (some)

participants might have interpreted the question (`How morally right is it for you to
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[action under consideration]?') as asking solely about the intrinsic rightness of the

action regardless of its consequences in the speci�c situation. Prior research shows

that these types of moral judgments often involve different considerations compared

to decisions that would imply reduced learning. For instance, moral judgments tend

to be driven more by reputational concerns (Batson & Thompson, 2001). Given

that social incentives strongly favor the expression of deontological over utilitar-

ian convictions (Everett et al., 2018), one might expect that people's ratings are

always biased toward deontological principles independent of the anticipated con-

sequences. Future work could explore this by developing a scale that includes dif-

ferent questions, some of which are focused more on the action and others that are

focused more on the outcomes, and validating those questions against behavioural

measures.

In addition to these future directions, our �ndings also open up several other

avenues for future research. Our new paradigm enables rigorous experiments on

moral learning from consequences and lays the groundwork for these follow-up

studies. First, our demonstration of metacognitive moral learning raises the ques-

tion of what the underlying mechanisms are. We have taken a �rst step towards

developing and comparing models of model-free and model-based metacognitive

moral learning. Our observation that metacognitive moral learning appears to be

more model-based than model-free is consistent with a long series of �ndings sug-

gesting that model-based learning contributes to many instances of learning that

were once assumed to be purely driven by simple model-free RL (e.g., Courville et

al., 2006; Daw et al., 2011; Huh et al., 2009; Tolman, 1948). However, our experi-

ments were not optimized for this comparison, and our models also differed along

another dimension. That is, the model-free model learns from continuous moral

evaluations, whereas the model-based model learns only about the probabilities of

binary events (good vs. bad). To address this limitation, the next section of this

chapter presents an extension of the two-step task to moral decisions contrasting

different decision strategies.

Second, it remains unclear which types of people are more likely to engage in

226



metacognitive moral learning. Although several aspects of people's perception of

our task predicted metacognitive learning, we did not �nd any relationships with

stable individual differences (see supplementary information).7

Third, follow-up research could test how stable the moral learning induced by

our paradigm is over time. Experiment 2 showed that the effects of learning are not

�eeting, as the transfer effects were observed after an average time delay of about

two hours. However, considering that the two experiments were still conducted

relatively close together in time, it would be necessary to implement these studies

with a larger time delay to draw stronger conclusions about how long these effects

last.

Fourth, future research could explore the effects of variations in the reinforce-

ment schedule. In the current experiment, we focused on a simple reinforcement

schedule, where the rule/CBR options always/never led to success. The reasons for

this choice were mostly pragmatic: Our task has relatively few trials compared to

other reinforcement learning tasks, and it is dif�cult to increase the number of tri-

als much more without making the task too long. Therefore, the current schedule

achieves the strongest learning signal, given the small number of trials in our exper-

iment. One straightforward modi�cation is to introduce probabilistic rewards (e.g.,

CBR leads to success 80% rather than 100% of the time). In line with research

on intermittent conditioning (Skinner, 1957), probabilistic reinforcement may lead

to stronger behaviour maintenance once a given level of behaviour is reached and

would, therefore, also be valuable for future work aimed at probing the temporal

stability of moral learning.

Fifth, future research should explore different learning signals. Although our

experiments focused on learning from consequences, in real-world situations where

consequences are unobserved, delayed, or ambiguous, other factors, such as so-

cial considerations (Gawronski et al., 2017a, 2023; Kleiman-Weiner et al., 2017;

Nichols, 2022), might have a stronger in�uence on the moral evaluations people

learn from. Our paradigm could be adapted to use different kinds of outcomes.

7Except for a barely statistically signi�cant association with open-minded thinking about evi-
dence.
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Finally, future research should investigate what role metacognitive moral learn-

ing plays in moral development and moral learning in the real world. The real-world

context that is most similar to our experimental paradigm is learning from stories.

The stories we tell our children often teach moral lessons via the �ctitious conse-

quences of the protagonists' moral decisions, and so do some of the novels and

movies we read and watch. Some teach us that overriding moral rules for antici-

pated bene�ts (CBR) leads to good consequences (e.g.,Robin Hood, The Imitation

Game). Many others dwell on the tragic consequences of being swayed by the an-

ticipated bene�ts (CBR) of breaking a moral rule (e.g.,Les Miśerables, The Mist,

Minority Report). The learning we demonstrated in our experiments likely occurs

when people encounter such stories. In our experiment, the evidence for metacog-

nitive moral learning was strongest when participants perceived the outcomes to

be highly realistic (see supplementary information). This suggests that metacogni-

tive moral learning might be even more powerful for real moral decisions with real

consequences.

It has often been argued that human morality is fallible and that people are

often swayed by morally irrelevant details (Greene, 2013). While this may be true of

people's decisions in traditional philosophy thought experiments, our experiments

offer a more optimistic perspective: When people experience the outcomes of their

moral decisions, they learn to adopt decision strategies that bene�t the greater good.

Thus, with suf�cient experience, people's morality can become adaptive. From the

perspective of ecological rationality (Todd & Gigerenzer, 2012), there is hope that

this learning mechanism might tailor human morality to the demands of everyday

life (Gigerenzer, 2008). While we do not know whether following rules or CBR

would lead to better outcomes in real life (and there is likely no domain-general

answer to this question), our research shows that in situations where people receive

frequent, prompt, and accurate feedback about the consequences of past decisions,

their moral decision making might work much better than people's responses to

thought experiments might suggest (cf. Kahneman & Klein, 2009).

The human capacity for moral learning demonstrated by our experiments is
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a crucial prerequisite for moral progress (Buchanan & Powell, 2018; Schinkel &

de Ruyter, 2017). Unlike social learning, which can propagate bias and prejudice

(Schultner et al., 2024), moral learning from the consequences of past decisions

can ground people's subjective sense of right and wrong in the objective reality

of what alleviates versus causes suffering and what promotes versus reduces well-

being (Gibbs, 2019). Some argue that moral progress has been too slow, leaving

common morality unprepared for some of the biggest moral problems of the 21st

century (Greene, 2002). As an optimistic counterpoint, our �ndings suggest that

when people observe the consequences of their decisions, moral learning can be

fast and adaptive.

Reference for Journal Article: Maier, M.*, Cheung, V.*, & Lieder, F. (in press).

Learning from Outcomes Shapes Reliance on Moral Rules versus Cost-Bene�t Rea-

soning.Nature Human Behaviour.https://doi.org/10.31234/osf.io/gjf3h

Data, Code, and Preregistration Availability: All data, code, and preregistrations

are available at https://osf.io/4up5z/.

Supplemental Information: The supplemental information is available at https:

//osf.io/preprints/psyarxiv/gjf3hv2 (as part of the preprint �le, starting at page 47).
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6.2 Disentangling Model-Based and Model-Free

Moral Learning
While the previous sections shows that participants engaged in metacognitive moral

learning, more evidence is needed to ascertain whether they had done this by con-

structing a model linking strategies to outcomes (i.e., they engaged inmodel-based
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learning), or whether good/bad outcomes reinforced the strategies directly (i.e., they

engaged inmodel-free learning). As outlined in the discussion section of the pre-

vious experiment, the paradigm used in the �rst section of this chapter was not

optimized for disentangling the two types of learning.

To address this gap in the current understanding of moral learning, we sought

to disentangle model-free from model-based moral learning from the consequences

of past decisions by developing a new experimental paradigm that is optimized for

answering that very question: the moral two-step task. In this section, we present

this paradigm, leverage it to conduct an experiment, and analyse the data using

computational models of model-free and model-based moral learning.

6.2.1 The Moral Dilemma Two-Step Task

Within the RL framework, the two-step task is the dominant method for dissociating

model-based and model-free learning (the task presented in this section combines

features from versions proposed by Daw et al., 2011 and Kool et al., 2016). Each

trial consists of a sequence of two decision stages. In the �rst-stage state, partici-

pants choose from two options. Each choice leads to one of two second-stage states.

Participants then press a button to reveal the second-stage state, which is determined

by a probabilistic reward function that changes during the task. The transition from

the �rst-stage choice to the second-stage state is also probabilistic, but the probabil-

ities are �xed during the experiment. Each �rst-stage choice has a high probability

(e.g., 70%) of transitioning to one of the two sets of options (common transition)

and a low probability (e.g., 30%) of transitioning to the other set of options (rare

transition).

The design of this task ensures that model-free and model-based learning have

opposite effects on the probability that the �rst decision will be repeated after a

rare transition led to a reward. Model-free learning increases the probability that

the �rst decision will be repeated, but model-based learning reduces the probability

that it will be repeated. This is because model-free learning, which relies on an

action's average consequences in the past, would disregard the transition type and

simply repeat the successful action in the �rst-stage state which ultimately led to
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a good outcome. In contrast, model-based learning, which uses a model of the

environment, recognizes the second-stage state that led to a good outcome came

as a result of a rare transition of the chosen �rst-stage option. In other words,

it recognizes that the good outcome is the result of a common transition of the

unchosenoption, and increases the probability of choosing this option in the future.

Some prior studies have applied the two-step task to tasks involving moral

judgment or behaviour. For instance, Patil et al. (2020) used this paradigm to in-

vestigate whether model-based learning is associated with utilitarian reasoning, and

P. L. Lockwood et al. (2020) used it to investigate whether learning of harm aversion

is model-free. Both studies adapted the paradigm to the context of moral decision

making by changing the reward state to inducing or avoiding physical harm (loud

noise or electric shock) to another person. Apart from this, the decision states were

very similar to the non-moral versions of the task: participants' decisions in the

�rst-stage state (e.g., which of symbols to select) had no resemblance to moral de-

cisions.

These types of �rst-stage decisions do not capture relevant features of making

a moral decision. Moral decision making usually involves choosing between two

contrasting options in a dilemma (e.g., tell the truth vs. lie but help more people).

Therefore, we developed a novel version of the two-step task in the context of moral

decision making. In this task, the �rst stage confronts people with a moral dilemma

between following moral rules versus CBR.

In the moral dilemma two-step task, participants are faced with a moral

dilemma in the �rst-stage state with two con�icting choices: one endorsed by fol-

lowing moral rules and one endorsed by CBR. Each choice leads to a common

(70%) versus rare (30%) transition into a second-stage state. The two possible

second-stage states leads to good versus bad outcomes probabilistically. We mea-

sured participants' �rst-stage choices, namely the probability of choosing the same

option as they did in the previous trial (i.e., `stay probability').

Following the logic of Daw et al. (2011), in our task, if moral learning were

model-free, participants would increase their reliance on CBR/rules whenever it led
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to a good outcome, regardless of the transition type. If moral learning is model-

based, then participants would increase their reliance on CBR/rules only if the good

outcome resulted from a common transition but decrease it if the good outcome

resulted from a rare transition.

6.2.2 Experiment

Method

We preregistered our experiment and data analysis on AsPredicted (#185758).

Participants. This experiment received ethical approval from the Of�ce of the Hu-

man Research Protection Program at University of California, Los Angeles, under

protocol number IRB#23-001436.

We recruited 150 participants from a U.K. and U.S. sample on Proli�c on Au-

gust 8, 2024, based on an a priori power analysis which indicated that 100 par-

ticipants are required. The median duration for the study was 44 minutes. We

excluded participants whose responses were not fully recorded due to a technical

issue (N = 8). As preregistered, we also excluded participants who did not pass the

second attempt at a comprehension check after reading the task instructions (N = 8).

Of those who passed the comprehension check, we excluded those who failed two

or more attention checks during the main task (N = 4). Our �nal sample size was

N = 130 (Mage= 37:23, SDage= 11:96, Nfemale= 63, Nmale= 67).

Design and Materials.Participants made 125 repeated decisions. As shown in Fig-

ure 6.7, in the �rst-stage decision state, we presented a trolley-type moral dilemma.

Participants imagined themselves as an employee of a railroad company whose job

is to oversee railway junctions where two tracks diverge. A runaway wagon con-

taining dangerous pathogens and explosive materials is quickly approaching the

junction. The participant cannot stop the wagon, but must decide whether to direct

it to the left or right track. Participants do this by pressing F (for the left track)

or J (for the right track) on their keyboard. Unlike classic trolley-type dilemmas,

where one must decide between acting to divert the wagon to an alternative track or

doing nothing and letting it stay on the default track, we designed the decision to
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be between switching to a left or a right track to avoid confounding one choice with

action and the other with inaction (see Crone and Laham, 2017).

Figure 6.7: The Moral Dilemma Two-Step Task

Note.In the moral dilemma two-step task, the �rst-stage decision state had two con�icting choices:
one endorsed by following moral rules (saving your colleague by diverting the wagon to the left
track, risking the contamination of a water reservoir causing a disease with 2% mortality rate),
and one endorsed by CBR (saving more lives by diverting the wagon to the right track, which is
prohibited by authorities and risks killing your colleague). Each of these choices led to a common
(70%; wagon moving as directed) versus rare (30%; wagon turning in the opposite direction due to
a system error) transition into a second-stage state. The second-stage state then led to good versus
bad outcomes probabilistically.
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