
Cognition 265 (2025) 106216 

A
0
n

 

Contents lists available at ScienceDirect

Cognition

journal homepage: www.elsevier.com/locate/cognit  

Brief article

People make suboptimal decisions about existential risksI

Adam Elga a , Jian-Qiao Zhu b , Thomas L. Griffiths b,c ,∗

a Department of Philosophy, Princeton University, United States of America
b Department of Computer Science, Princeton University, United States of America
c Department of Psychology, Princeton University, United States of America

A R T I C L E  I N F O

Keywords:
Existential risk
Rationality
Heuristics
Resource allocation

 A B S T R A C T

Allocating resources to maximize the probability that humanity survives a set of existential risks has a different 
structure from many decision problems, as the objective is the product of the probabilities of desired outcomes 
rather than the sum. We derive the optimal solution to this problem and use this solution to evaluate the choices 
that people make when presented with decisions that have this multiplicative structure. Our participants (total 
𝑁=2,072) are appropriately sensitive to how responsive a risk is to investment, but are conservative in their 
decisions and do not allocate enough resources to risks with lower probability of survival. This pattern persists 
even with alternative framings that emphasize survival probabilities. Our results highlight a systematic flaw 
in people’s intuitions about how to respond to existential risks, and suggest that people may have particular 
difficulty with decisions that involve multiplicative objectives.
1. Introduction

There has been increasing interest (Bengio et al., 2023; Bostrom, 
2013; Greaves & MacAskill, 2021; MacAskill, 2023; Ord, 2020; Slovic, 
2020) in reducing the risk of catastrophes that would lead to ‘‘the 
premature extinction of Earth-originating intelligent life’’ (Bostrom, 
2013), such as deadly pandemics, bioweapons (Millett & Snyder-
Beattie, 2017), asteroid strikes (Voosen, 2023), or even runaway 
artificial intelligence (Carlsmith, 2023; Critch & Russell, 2023). 
Thinking about how to avoid extinction by mitigating these risks 
involves a distinctive kind of decision problem, as our incentives are
multiplicative: we primarily care about whether any of the catastrophes 
occur. That is because existential risks threaten consequences so 
extreme that if one of them is realized, it matters much less which 
of the others are realized as well. This contrasts with the additive
effects of risks more commonly addressed in classical decision theory, 
where if one risk is realized it still can greatly matter which others 
are also realized (Savage, 1954; Von Neumann & Morgenstern, 1947). 
Reasoning about such risks is an important special case of reasoning 
about nonlinear systems. Since decision-makers find reasoning about 
nonlinear systems difficult (Dutt, 2013; Mckenzie & Liersch, 2011; 
Olsson et al., 2006; Van Dooren et al., 2003), it is worth asking how 
effectively they assess plans for minimizing existential risk.

In this paper, we analyze problems that have this multiplicative 
structure to determine how resources should be optimally allocated 
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to reduce overall existential risk, and show that human decision-
makers systematically deviate from this optimal solution. Complement-
ing previous work on the evaluation of compound probabilities in 
general (Bar-Hillel, 1973; Fan et al., 2019; Nilsson et al., 2013; Wedell 
& Moro, 2008) and on judgments of the badness of existential risks 
in particular (Schubert et al., 2019), our results provide a guide to 
how to best engage with existential risks and a warning about how our 
intuitions might lead us to fail to do so. They also confirm that people 
find decisions with multiplicative objectives unintuitive, suggesting 
that other cases where such decisions arise may also be problematic.

Societies contemplating existential risks have to decide how to 
allocate their resources to best mitigate those risks. Should we, for 
example, divide our resources roughly evenly between various disaster-
prevention projects? Or should we ‘‘put all of our eggs in one basket’’ 
and focus on just the most probable cause of extinction? To address 
these questions, consider the following problem (see Fig.  1). A decision-
maker must divide a fixed budget among projects to mitigate several 
independent existential risks. For each individual risk 𝑖, the increase in 
the probability that we survive that risk is proportional to the amount 𝑣𝑖
that we allocate to it. Each risk has a different degree of addressability 
𝑎𝑖, as some risks are more responsive to investment than others, and a 
different baseline probability of survival 𝑠𝑖, reflecting differences in the 
current chances of catastrophes. The decision-maker’s goal is to choose 
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Fig. 1. An example allocation task shows the deviations in mean empirical allocations from the optimal allocations. The probability of a disaster occurring is 1 − 𝑠𝑖, while the 
reduction in that probability by investing the entire budget of $100M for that disaster is 𝑎𝑖.
allocations 𝑣𝑖 to maximize the probability that we survive all of the 
risks, ∏𝑖

(

𝑠𝑖 + 𝑎𝑖 ⋅ 𝑣𝑖
)

.
In this setting, a decision-maker should be sensitive to both the base-

line survival probabilities and the addressability of risks. Intuitively, 
if 𝑠𝑖 (the baseline survival probability of risk 𝑖) is high we should 
not be too worried about it, and if 𝑎𝑖 (the addressability of risk 𝑖) 
is low there is nothing we can do about it. In fact, we show below 
that what matters to the optimal solution is the ratio of these two 
factors, 𝑠𝑖∕𝑎𝑖. The optimal strategy prioritizes investing in risks based 
on this ratio. This entails that all else equal, a risk deserves more 
investment when it can be mitigated more cheaply (𝑎𝑖 is large). No 
surprise there. But it also entails that all else equal, a risk deserves more 
investment when our chance of surviving it (𝑠𝑖) is lower (Cotton-Barratt 
et al., 2020; Thorstad, 2023). For example if we face catastrophes 
with survival probabilities of 4% and 40%, it is more valuable to 
increase the probability of surviving the first catastrophe from 4% 
to 9% than it is to increase the probability of surviving the second 
catastrophe from 40% to 80% (since we care about the product of the 
survival probabilities and 9% ⋅ 40% > 4% ⋅ 80%). This dependence of 
optimal allocations on baseline chances of survival is a distinctive and 
somewhat counterintuitive feature of situations in which incentives are 
multiplicative (Lewis et al., 2023; Lewis & Simmons, 2020).

To understand how people allocate resources in conditions of mul-
tiplicative uncertainty, we placed participants in the role of executive 
director of an organization dedicated to reducing existential risk (see 
Fig.  1). Given a description of baseline chances and degrees of ad-
dressability for three existential risks, participants divided a fixed 
risk-mitigation budget among the risks with the goal of minimizing the 
probability that any of the associated catastrophes occur.

2. Model 1: Optimizing for human survival

In our formulation, a decision-maker must allocate a total budget 𝑇
to mitigate 𝑛 independent existential risks to maximize overall survival 
probability. For each individual risk 𝑖, the increase in probability that 
we survive that risk is proportional to the amount 𝑣𝑖 that we allocate 
to it, so that the probability of surviving risk 𝑖 is given by 
𝑠𝑖(𝑣𝑖) = 𝑠𝑖(0) + 𝑎𝑖 ⋅ 𝑣𝑖, (1)

where each risk 𝑖 is assumed to have a fixed degree of addressability 
𝑎𝑖 > 0 and baseline probability of survival 𝑠𝑖(0) > 0. For simplicity 
we sometimes write 𝑠𝑖 = 𝑠𝑖(0), but here we express 𝑠𝑖(𝑣𝑖) as a function 
to clarify the optimization problem. We assume that the budget is not 
large enough to completely mitigate any individual risk: 𝑠𝑖(𝑇 ) < 1 for 
each 𝑖.

An allocation 𝒗 = (𝑣1,… , 𝑣𝑛) ∈ R𝑛 is optimal exactly if it maximizes 
the overall survival probability 
𝑆(𝒗) = 𝑠 (𝑣 ) ⋅ 𝑠 (𝑣 )⋯ 𝑠 (𝑣 ) (2)
1 1 2 2 𝑛 𝑛

2 
subject to the budget constraints that each 𝑣𝑖 ≥ 0, and 𝑣1+𝑣2+⋯+𝑣𝑛 =
𝑇 . For each risk 𝑖 we define a complacency 𝑐𝑖(𝑣𝑖) = 𝑠𝑖(𝑣𝑖)∕𝑎𝑖. We write 
𝑐𝑖 = 𝑐𝑖(0) for the complacency of risk 𝑖 in the status quo, and note that 
𝑐𝑖(𝑣𝑖) = 𝑐𝑖 + 𝑣𝑖. Without loss of generality, assume that the risks are 
ordered so that 𝑐1 ≤ 𝑐2 ≤ ⋯ ≤ 𝑐𝑛. We write 𝑐𝑚 for 𝛴𝑚

𝑖=1𝑐𝑖∕𝑚, the mean 
complacency of the first 𝑚 risks.

In the supplement (see Appendix A) we prove (Proposition 1) that 
the unique optimal allocation is the allocation 𝒗 for which 

𝑣𝑖 =

{

𝑇 ∕𝑘∗ + (𝑐𝑘∗ − 𝑐𝑖) if 𝑖 ≤ 𝑘∗,
0 otherwise,

(3)

where 𝑘∗ is the greatest 𝑘 ≤ 𝑛 for which 𝑇 ∕𝑘 + (𝑐𝑘 − 𝑐𝑘) > 0. Risks 
with lower complacency should thus, if they are sufficiently concern-
ing, receive greater investment: the degree to which the complacency 
differs from the mean complacency determines the degree to which the 
optimal allocation differs from an equal allocation.

3. Experiment 1: Assessing people’s decisions about existential 
risks

Experiment 1 investigated whether people’s decisions about existen-
tial risks align with the optimal solution derived in the previous section. 
We preregistered this experiment at osf.io/t9z3v.

3.1. Methods

3.1.1. Participants
We recruited a total of 1199 participants through the Prolific Aca-

demics platform (www.prolific.com). Among these, 783 individ-
uals (348 males, 268 females, 167 who chose not to disclose their 
gender) successfully completed the 15-min experiment and passed the 
catch trial. The participant age range spanned from 19 to 85, with a me-
dian age of 38. Participants were required to be from the US and have 
a track record of at least 100 submissions with an acceptance rate of 
95% or higher. Participants received a base monetary compensation of 
$3.00 (hourly rate of $12.00). The experimental sessions were carried 
out in Nov 2023. Informed consent was obtained from all participants. 
(Princeton University IRB number 10859: ‘‘Computational Cognitive 
Science’’).

3.1.2. Stimuli
We initially created a grid comprising 120 unique allocations. Each 

allocation is composed of three non-negative numbers which sum to 
1. This structure represents the distribution of resources across three 
specific mitigation projects.

The generated grid also serves as the optimal solution (shown as 
blue dots in Fig.  2a, 3a, and 4a) for which we now aim to identify 
the corresponding tasks. These tasks are characterized by a combina-
tion of baseline survival probabilities and their addressability. In each 

http://osf.io/t9z3v
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iteration, we independently generate six numbers within the range of 
[0.01, 0.99] to represent 𝑠1, 𝑠2, 𝑠3, 𝑎1, 𝑎2, 𝑎3 respectively, ensuring that for 
all 𝑖, 𝑠𝑖 + 𝑎𝑖 < 1.

Following this, we calculate the optimal solution for the simulated 
tasks and identify the grid allocation that best matches it using the ab-
solute differences. The sum of the absolute differences across the three 
allocations must also be less than 0.02. Should the best-matching grid 
allocation lack a corresponding simulated task, we directly link it to 
the current task. In cases where an existing task is already linked to the 
best-matching grid, we evaluate the degree of correspondence between 
the optimal solutions of the existing and the newly simulated tasks. The 
task with the higher level of correspondence is then associated with 
the grid allocation. This process is repeated until each of the 120 grid 
allocations is matched with a corresponding task.

3.1.3. Procedure
Before proceeding to the main experiment, all participants were 

required to successfully complete a comprehension check. This prereq-
uisite ensured that they had a clear understanding of the experimental 
procedures and objectives. Each trial in the main experiment was struc-
tured to assess participants’ decision-making processes in the context 
of three distinct existential risks. Each risk was characterized by two 
parameters: its addressability and the probability of the corresponding 
disaster occurring (i.e., 1 − 𝑠𝑖, where 𝑠𝑖 is the baseline probability of 
surviving that risk).

Participants were tasked with allocating a hypothetical budget of 
$100 million across these three risks. The objective was to minimize 
the probability that any of three independent disasters occur. The effect 
of investing in each disaster was described in terms of how much that 
investment would reduce the probability of that disaster. Participants 
were required to articulate the rationale behind their allocation deci-
sions in a provided text box. An example trial is displayed in Figure 
A5.

For a given set of three pairs of survival probability and degrees of 
addressability, the optimal model predicts a specific budget allocation 
among the three corresponding risks. To ensure a broad range of vari-
ability in the allocation predicted by the optimal model, we developed a 
total of 120 unique trials each consisting of 3 randomly generated pairs 
of experimental parameters with the constraint that fully investing in 
any given risk does not completely mitigate it. Each participant was 
randomly assigned to complete 6 of these trials. The order of the 3 
mitigation projects was randomized across participants. The catch trial 
was randomly inserted somewhere between the second trial and the 
final trial.

3.2. Results

People’s allocations systematically departed from optimal alloca-
tions in two ways: First, as shown in Fig.  2a, on average people 
allocated resources more evenly among the risks than was optimal. We 
used the entropy of a normalized allocation as a measure of its dis-
persion. The mean entropy of optimal allocations across the 120 tasks 
was 0.83, while the mean for participant allocations was significantly 
higher at 1.03, 𝑡(119) = 11.71 (𝑝 < .01) (see Fig.  2c). This observed bias 
towards equitable distributions in mean participant allocations aligns 
with previous findings on naive diversification strategies (Benartzi & 
Thaler, 2001; Fox & Rottenstreich, 2003).

Second, while participants (correctly) tended to allocate more re-
sources to risks with higher addressability (𝑎𝑖) (Fig.  2e), they were not 
as successful at allocating more resources to risks with lower baseline 
chances of survival (𝑠𝑖) (Fig.  2d). We quantified this by investigating the 
marginal effects of the experimental variables 𝑠𝑖 and 𝑎𝑖 on allocation de-
cisions. As shown in Fig.  2, the experimental variables were separately 
categorized into 6 equally sized bins. The outcomes of our statistical 
tests are compiled in Tables  1 and 2. The findings indicate that the 
predictions of the optimal model statistically significantly diverge from 
3 
the human data in all but 3 categories, indicating a poor fit to the 
human data.

Finally, we explore the possibility that participants misinterpreted 
the experimental instructions, leading them to maximize the sum rather 
than the product of individual survival probabilities. This constitutes an 
incorrect formulation of the problem. The optimal resource allocation 
strategy under this additive risk setting is straightforward: concentrate 
all resources on the risk with the highest addressability (𝑎𝑖). However, 
as detailed in the supplement linked in Appendix A, this additively-
optimal model fails to accurately capture the patterns observed in the 
human data.

4. Model 2: A simple heuristic

In an attempt to capture how people allocate resources to mitigate 
existential risk we defined a simple heuristic model. Intuitively – and 
in qualitative agreement with the optimal model – people may reason 
that (i) existential risks with higher baseline survival probabilities 
require less investment, as survival is already likely, and (ii) existential 
risks with higher addressability warrant greater investment, as the 
expected per-dollar returns from mitigating these risks are higher. 
However, whereas the optimal model explicitly uses the ratio of these 
two quantities to guide allocation decisions, our heuristic model posits 
that individuals may instead treat baseline survival probability and 
addressability as more separate, independent considerations guiding 
their allocation decisions. Therefore, in this model the investment in 
risk 𝑖 is a decreasing function of its baseline survival probability 𝑠𝑖, and 
an increasing function of its addressability 𝑎𝑖. The model is defined in 
two steps. First, each risk 𝑖 is associated with an investment tendency 𝑤𝑖:

𝑤𝑖 = −𝛽𝑠
𝑠𝑖

∑𝑛
𝑗=1 𝑠𝑗

+ 𝛽𝑎
𝑎𝑖

∑𝑛
𝑗=1 𝑎𝑗

, (4)

where 𝛽𝑠, 𝛽𝑎 ≥ 0 are free parameters that adjust the weight given to 
baseline survival probability and degree of addressability, respectively. 
The sum in the denominators ensures that the values are normalized 
across all risks. Second, the allocation to each risk is given by a softmax 
of the investment tendencies: 
𝑣heuristic𝑖 = 𝑒𝑤𝑖

∑𝑛
𝑗=1 𝑒

𝑤𝑗
. (5)

We fitted the heuristic model by minimizing the mean squared 
errors (MSE) between the model predictions and the individual alloca-
tions. This optimization employed the Nelder–Mead algorithm, which 
evaluates the error at a set of points and extrapolates beyond those 
points to choose the next point to query (Nelder & Mead, 1965). 
The heuristic model’s best-fitting parameters were 𝛽𝑠 = 0.97, 𝛽𝑎 =
2.39. The higher 𝛽𝑎 value suggests higher participant responsiveness 
to degrees of addressability than to baseline survival probabilities in 
decision-making.

In comparison to the optimal model, the heuristic model demon-
strated a stronger correlation with mean participant allocations. Specif-
ically, the optimal model achieved a Pearson correlation coefficient of 
𝑟 = 0.74 (𝑝 < .01), whereas the heuristic model that was best-fitted to the 
data exhibited a Pearson correlation coefficient of 𝑟 = 0.84 (𝑝 < .01). To 
account for differences in the number of free parameters between the 
optimal and heuristic models, we additionally computed the adjusted 
𝑅2 as follows: 𝑅2

adjusted = 1 − (1 − 𝑟2)
𝑛datapoints−1

𝑛datapoints−𝑛parameters−1
. The resulting 

adjusted 𝑅2 for the heuristic model is 0.71, which is higher than the 
optimal model’s 0.55. The heuristic model’s predictions also showed 
a closer correspondence with the human data on the statistical criteria 
used to assess the optimal model above, showing statistically significant 
differences from the human data in only 4 out of the 12 analyzed 
categories (see Tables  1 and 2).

To assess how participants diverge from optimal resource allocation 
based on baseline survival probability and addressability, we performed 
an exploratory data analysis. This involved fitting the heuristic model 
to the optimal allocations for 120 tasks and comparing these with 
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Fig. 2. Resource allocations to avoid existential risks in Experiment 1. (a) The optimal model (blue dots) compared with the mean normalized allocations made by participants 
(grey dots). Each vertex represents full investment in a given risk. Connecting lines indicate correspondence between model predictions and empirical data. (b) The heuristic model 
(red dots) compared with participants (grey dots). (c) Histogram of entropy values for allocations. (d) Mean allocation to a particular risk as a function of that risk’s baseline 
survival probability. All else equal, risks with lower 𝑠𝑖 should receive larger allocations, but this relationship is non-monotonic when averaging over our decision problems because 
those problems are generated using constraints that produce a correlation between 𝑠𝑖 and 𝑎𝑖 (see the supplement linked in Appendix A for details). (e) Mean allocation to a 
particular risk as a function of that risk’s degree of addressability. Grey lines and bars represent empirical data, red ones represent the best-fitting heuristic model, and blue ones 
represent the optimal model predictions. Error bars denote 95% CI across individual allocations.
Table 1
Results of Experiment 1, comparing model predictions and empirical allocations in each of the bins for baseline 
survival probabilities (ordered from left to right).
 Models Test 1st 2nd 3rd 4th 5th 6th  
 Optimal model t-test −30.44** 9.12** 21.68** 18.23** 6.29** 1.80 
 Cohen’s d −0.45 0.16 0.50 0.60 0.45 0.27 
 Heuristic model t-test 0.52 4.61** −3.27** −3.54** −1.79 0.38 
 Cohen’s d 0.01 0.08 −0.08 −0.12 −0.13 0.06 
Note.
** Denotes statistically significant difference with 𝑝 < .01.
Table 2
Results of Experiment 1, comparing model predictions and empirical allocations in each of the bins for addressability 
(ordered from left to right).
 Models Test 1st 2nd 3rd 4th 5th 6th  
 Optimal model t-test −3.15* 3.43** 5.28** −6.35** −1.81 1.38 
 Cohen’s d −0.12 0.07 0.09 −0.13 −0.06 0.13 
 Heuristic model t-test −0.09 1.00 −2.21* 0.23 1.52 1.07 
 Cohen’s d −0.00 0.02 −0.04 0.01 0.05 0.11 
Note.
* Denotes statistically significant difference with 𝑝 < .05
** Denotes statistically significant difference with 𝑝 < .01.
empirical allocations. The analysis revealed that optimal allocations 
necessitate 𝛽opt𝑠 = 3.63 and 𝛽opt𝑎 = 2.98, which exceed the values 
fitted to human allocations by 2.66 and 0.59 respectively. Moreover, 
the heuristic model fitted to optimal allocations achieves a Pearson’s 
𝑟 = 0.87 (𝑝 < .01), closely matching the correlation obtained when the 
model was fitted directly to people’s allocations. This indicates that the 
heuristic can capture optimal allocations as well as it captures’s people’s 
allocations, with appropriate values for its parameters. The parameter 
4 
values obtained from fitting people’s judgments suggest that they gener-
ally do not respond sufficiently to either baseline survival probabilities 
or addressabilities, but respond less well to survival probabilities.

5. Experiment 2: Instruction variants

As mentioned above, the complacency with which a risk should 
be treated depends on the ratio of its baseline survival probability 
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to its addressability. Dependence on this ratio is a distinctive fea-
ture of multiplicative risk mitigation, and it is not obvious how the 
presentation of this ratio impacts decision-making in the particular 
case of existential risks. To investigate whether participants departed 
from optimal behavior simply because it was difficult to compute the 
survival-probability-to-addressability ratio (and in the light of known 
framing effects for different presentations of ratios (Larrick & Soll, 
2008) as well as cases where explicit information about intervention 
effectiveness is frequently not taken to be decisive (Berman et al., 
2018)), we conducted a second experiment in which people solved 
the same allocation problems with different framing conditions. In one 
condition, the problem statements emphasized survival probabilities. In 
the other condition, we calculated the ratio of survival probability to 
addressability and explicitly provided that ratio to participants.

5.1. Methods

5.1.1. Participants
We recruited 1201 and 1203 participants from Prolific respectively 

for the two distinct conditions in Experiment 2: (1) the survival prob-
abilities condition and (2) the survival probabilities and multiplying 
factors condition. None of these participants had taken part in the first 
experiment, and they were restricted to participating in only one of the 
conditions. Participants were also required to be from the US and have 
a track record of at least 100 submissions with an acceptance rate of 
95% or higher. Out of these, 797 participants (302 males, 307 females, 
188 who chose not to disclose their gender, ages ranged between 18 
and 88 with a median of 38) in the first condition and 492 (210 males, 
175 females, 107 who chose not to disclose their gender, ages ranged 
between 18 and 80 with a median of 37) in the second successfully 
completed the experiment and passed the catch trial. Each participant 
was compensated with the same $3.00 base payment as was offered 
in Experiment 1. The experimental sessions were conducted in Jan-
uary 2024. All participants provided their consent in accordance with 
the Princeton University IRB number 10859 ‘‘Computational Cognitive 
Science’’.

5.1.2. Stimuli
We used the same set of 120 tasks as in Experiment 1.

5.1.3. Procedure
The tasks were presented using two distinct framings (preregistered 

at https://osf.io/536qs). In Experiment 1, the effect of investing in each 
disaster was described in terms of how much that investment would
reduce the probability of that disaster occurring. In contrast, in each 
of the two conditions of Experiment 2 the effect of investing in each 
disaster was instead described in terms of how much that investment 
would increase the probability of that disaster being avoided.

The two conditions differed in how we conveyed the magnitude 
of the effect of investment in a given disaster. In the first condition 
(illustrated in Figure A6), we characterized the profile of disaster 𝑖
by way of three pieces of information: the baseline probability of 
avoiding the disaster (𝑠𝑖(0)), the addressability (𝑎𝑖), and the probability 
of avoiding the disaster if the entire budget were to be allocated 
towards its mitigation (𝑠𝑖(𝑇 )). In the second condition (illustrated in 
Figure A7), for each disaster we also prominently included the factor 
that the probability of avoiding that disaster would be multiplied by if 
the entire budget were allocated to it (𝑠𝑖(𝑇 )∕𝑠𝑖(0)).

5.2. Results

The results of this experiment are shown in Figs.  3 and 4. We 
found that the observed systematic departures from optimal behavior 
persisted. Empirical allocations in these two conditions were highly 
correlated with our original results (𝑟 = 0.83, 𝑝 < .01; 𝑟 = 0.90, 𝑝 < .01). 
5 
Mean allocations also showed no statistically significant differences, 
with t-tests yielding 𝑡(359) = 0.00(𝑝 = 1.00).

Employing a multiplying factor in the second condition resulted in 
a higher failure rate in the catch trial (59.10%) compared to 33.64% 
in the first condition and 34.70% in Experiment 1. This indicates 
that participants had greater difficulty interpreting the multiplying 
factors when making their allocations. Despite restricting the sample 
to participants who passed the catch trial, indicating a nominal un-
derstanding of the task, the allocations produced by those participants 
still significantly diverged from the optimal model and showed high 
correlation across all three framing conditions.

We applied the heuristic model to the data from each of the two 
conditions independently. For the first condition, the best-fitting pa-
rameters were 𝛽𝑠 = 0.34, 𝛽𝑎 = 2.94, while for the second condition, they 
were 𝛽𝑠 = 0.40, 𝛽𝑎 = 3.31. In terms of correlation between data and 
model predictions, the best-fitting heuristic model achieved a Pearson’s 
𝑟 = 0.92 (𝑝 < .01) for the first condition and 𝑟 = 0.87 (𝑝 < .01) for the 
second. By comparison, the optimal model only managed to achieve 
a Pearson’s 𝑟 = 0.52 (𝑝 < .01) for both conditions. The adjusted 𝑅2

values of the heuristic models in capturing empirical allocations are 
0.84 and 0.75 for the first and second conditions, respectively, whereas 
the optimal model yields substantially lower adjusted 𝑅2 values of 0.27 
for both conditions. Figs.  3 and 4 illustrate these findings.

We also conducted statistical analyses to determine the impact of 
framing on observed resource allocation in mitigating existential risks. 
The findings, summarized in Table  3, are based on Pearson’s 𝑟 and 
paired t-tests. To delve deeper into the effects of framing, we exe-
cuted a two-way ANOVA, taking empirical allocations as the dependent 
variable and incorporating framing, an indicator of the best-fitting 
model, and their interaction as independent variables. Specifically, 
empirical allocations were analyzed at the task level. For each of the 
120 unique tasks, average allocations were computed for each of the 
three existential risks. Therefore, for each framing condition, a total 
of 120 × 3 = 360 data points served as the dependent variable in 
our analyses. The ANOVA results revealed that the effect of framing 
𝐹 (2358) = 0.0031 (𝑝 = 1.00), the best-fitting model 𝐹 (1359) = 0.5248 (𝑝 =
0.47), and the interaction between framing and the best-fitting model 
𝐹 (2358) = 1.1762 (𝑝 = 0.31) were all not statistically significant. These 
results imply a high correlation in empirical allocations. Therefore, 
we cannot reject the null hypothesis, which posits no difference in 
empirical allocations across various framings.

Because the three allocations are constrained to sum to 1, we con-
ducted a Dirichlet regression to account for this dependency structure. 
Mirroring the prior ANOVA, we used the mean task-level allocations 
as the dependent variable, and included framing condition, best-fitting 
model, and their interaction as predictors. The regression coefficients 
for framing condition, best-fitting model, and their interaction were 
0.0420 (𝑝 = 0.65), −0.1355 (𝑝 = 0.70), and 0.1449 (𝑝 = 0.72), respectively. 
These results do not indicate any statistically significant effects on the 
empirical evaluations from framing condition, best-fitting model, or 
their interaction.

The same statistical tests for marginal effects of baseline survival 
probability and addressability from the previous experiment were ap-
plied to the two new conditions. Results of the t-tests and Cohen’s 𝑑
are presented in Table  4 and 5 for the first condition, and in Table  6 
and 7 for the second. Similar to the first experiment, the optimal model 
had a poor fit, diverging in 20 of 24 bins across both conditions at a 
statistically significant level for 𝑝 < .05, while the best-fitting heuristic 
model diverged in only 9 of 24 bins.

6. Discussion

Our results reveal the optimal strategy for solving the distinctive 
multiplicative decision problems that are involved in mitigating exis-
tential risks and suggest that people may be misled by their intuitions 
when thinking about these problems. These results complement both 

https://osf.io/536qs
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Fig. 3. Results of Experiment 2 (survival probability framing). Comparison of model predictions with the mean normalized allocations made by participants (grey dots). Each 
vertex represents full investment in a given risk. Connecting lines indicate correspondence between model predictions and empirical data. (a) The optimal model (blue dots). (b) 
The heuristic model (red dots). (c) Histogram of entropy values for allocations. (d) Mean allocation to a particular risk as a function of that risk’s baseline survival probability. (e) 
Mean allocation to a particular risk as a function of that risk’s degree of addressability. Grey lines and bars represent empirical data, red ones represent the best-fitting heuristic 
model, and blue ones represent the optimal model predictions. Error bars denote 95% CI across individual allocations.

Fig. 4. Results of Experiment 2 (the survival probabilities and multiplying factors condition). Comparison of model predictions with the mean normalized allocations made by 
participants (grey dots). Each vertex represents full investment in a given risk. Connecting lines indicate correspondence between model predictions and empirical data. (a) The 
optimal model (blue dots). (b) The heuristic model (red dots). (c) Histogram of entropy values for allocations. (d) Mean allocation to a particular risk as a function of that risk’s 
baseline survival probability. (e) Mean allocation to a particular risk as a function of that risk’s degree of addressability. Grey lines and bars represent empirical data, red ones 
represent the best-fitting heuristic model, and blue ones represent the optimal model predictions. Error bars denote 95% CI across individual allocations.
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Table 3
Comparing empirical allocations between Experiment 1 and the two conditions of Experiment 2.
 Test Exp 1 vs. the 1st cond. Exp 1 vs. the 2nd cond. The 1st vs. the 2nd cond. 
 Pearson’s 𝑟 𝑟 = 0.83 (𝑝 < .01) 𝑟 = 0.90 (𝑝 < .01) 𝑟 = 0.85 (𝑝 < .01)  
 Paired t-test 𝑡(359) = 0.00 (𝑝 = 1.00) 𝑡(359) = 0.00 (𝑝 = 1.00) 𝑡(359) = 0.00 (𝑝 = 1.00)  
Table 4
Results for Experiment 2 (survival probabilities condition), comparing model predictions and empirical allocations in 
each of the bins for baseline survival probabilities (ordered from left to right).
 Models Test 1st 2nd 3rd 4th 5th 6th  
 Optimal model t-test −35.56** 6.94** 27.76** 21.17** 8.50** 4.05** 
 Cohen’s d −0.56 0.12 0.68 0.72 0.64 0.69  
 Heuristic model t-test 2.09* −1.24 −0.18 −2.64** −0.10 2.40*  
 Cohen’s d 0.03 −0.021 −0.00 −0.09 −0.01 0.40  
Note.
* Denotes statistically significant difference with 𝑝 < .05.
** Denotes statistically significant difference with 𝑝 < .01.
Table 5
Results for Experiment 2 (survival probabilities condition), comparing model predictions and empirical allocations in 
each of the bins for addressability (ordered from left to right).
 Models Test 1st 2nd 3rd 4th 5th 6th  
 Optimal model t-test −7.30** −0.05 6.77** −3.98** 1.09 0.71  
 Cohen’s d −0.27 −0.00 0.12 −0.09 0.04 0.07  
 Heuristic model t-test 2.71** 0.53 −3.77** 0.09 2.06* 1.99* 
 Cohen’s d 0.10 0.01 −0.07 0.00 0.07 0.19  
Note.
* Denotes statistically significant difference with 𝑝 < .05.
** Denotes statistically significant difference with 𝑝 < .01.
Table 6
Results for Experiment 2 (survival probabilities and multiplying factors condition), comparing model predictions and 
empirical allocations in each of the bins for baseline survival probabilities (ordered from left to right).
 Models Test 1st 2nd 3rd 4th 5th 6th  
 Optimal model t-test −25.86** 3.59** 18.85** 17.98** 4.43** 2.49* 
 Cohen’s d −0.53 0.08 0.58 0.80 0.46 0.50  
 Heuristic model t-test 1.62 −1.81 0.02 0.04 −2.30* 1.83  
 Cohen’s d 0.03 −0.04 0.00 0.00 −0.19 0.38  
Note.
* Denotes statistically significant difference with 𝑝 < .05.
** Denotes statistically significant difference with 𝑝 < .01.
Table 7
Results for Experiment 2 (survival probabilities and multiplying factors condition), comparing model predictions and 
empirical allocations in each of the bins for addressability (ordered from left to right).
 Models Test 1st 2nd 3rd 4th 5th 6th  
 Optimal model t-test −4.75** −4.34** 5.78** −2.43* 2.84** 1.35 
 Cohen’s d −0.22 −0.12 0.14 −0.07 0.12 0.18 
 Heuristic model t-test 3.19** −1.37 −1.62 −0.54 1.95 1.32 
 Cohen’s d 0.14 −0.04 −0.04 −0.02 0.08 0.18 
Note.
* Denotes statistically significant difference with 𝑝 < .05.
** Denotes statistically significant difference with 𝑝 < .01.
previous work exploring multiplicative decisions with more graded 
forms of risk (Brennan & Xia, 2002; Campbell & Viceira, 2001; Franke 
et al., 2011) and longstanding findings of suboptimal decision-making 
in additive decision problems (Tversky & Kahneman, 1974).

Our mathematical analysis shows that decisions about mitigating 
existential risks can be reduced to evaluating a simple quantity — 
the ratio of survival probability to addressability. Our behavioral ex-
periments, however, indicate that people struggle to optimally use 
this quantity when making investment decisions to mitigate existential 
risks. Even when the ratio of survival probability to addressability is ex-
plicitly presented in the stimuli (i.e., the multiplying factors condition 
of Experiment 2), participants did not produce improved allocations 
compared to situations where that ratio had to be calculated. In other 
7 
words, the three tested frames had minimal impact on nudging par-
ticipants towards better solutions. These findings suggest that people 
exhibit a strong tendency to rely on heuristics to make decisions 
about existential risks, heuristics that are better suited to decision 
problems with additive rather than multiplicative incentives. Knowing 
about this tendency matters for two main reasons. First, it points to 
the unexpectedly high value of educating decision-makers on how to 
compare existential risk interventions. Second, our results suggest that 
an extremely natural and seemingly obvious practice – presenting risk 
mitigation options individually for comparison – is suboptimal. Put 
bluntly: while people are relatively good at choosing individual items 
for their grocery carts given each item’s price per ounce (a linear 
allocation problem), people are less good at the nonlinear allocation 
problem of choosing individual existential risk interventions based on 
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each intervention’s risk reduction per dollar spent. As a result, it may be 
better to instead present decision makers with competing total allocation 
profiles (specifying how much is to be invested in each risk), where 
each profile is explicitly labeled with its estimated reduction in overall
existential risk (the risk that any catastrophe occurs). Since choosing 
among such profiles would not require decision makers to directly 
compare individual interventions, framing the allocation problem this 
way would mitigate the allocation distortions we have described above. 
Corresponding reframings could improve choices in other decision 
problems that involve multiplicative incentives.

There are a number of ways in which this work could be extended 
to explore the impact of other factors that have been shown to be 
relevant to human decision-making. For example, providing a concrete 
context in which the scenarios are presented (c.f. Cosmides & Tooby, 
1992) and clarifying the underlying causal structure of events (c.f. 
Krynski & Tenenbaum, 2007), rather than just presenting abstract risks 
characterized by addressability and survival probability may influence 
the strategy that people use. Another relevant consideration is temporal 
discounting (Doyle, 2013): if risks of extinction operate on different 
timescales, people may be willing to focus more on more imminent risks 
regardless of their probability. Exploring these questions is essential 
if we want to develop a more complete understanding of how people 
make decisions about existential risks.

We acknowledge several limitations of our current approach, which 
warrant further investigation. First, while we explored laypeople’s intu-
itions about decisions involving existential risks, these results should be 
replicated with policymakers if we want to make stronger recommen-
dations for how societies should engage with these decisions. Second, 
while assuming a linear return on investment to reduce risk probabili-
ties simplified the calculation of the optimal solution and was explicitly 
presented in our experiment, this assumption is unrealistic in most 
real-world scenarios. In practice, people often encounter diminishing 
returns, where the benefit from additional investment decreases as the 
investment amount increases. This can be accommodated through a 
modification to our mathematical approach, at the cost of some addi-
tional complexity. Third, although the framing effect was found to be 
non-significant in our experiments, there are many alternative ways to 
convey information about mitigation projects. Future research should 
explore how to better nudge decision-making when the risk structure is 
multiplicative rather than additive. Lastly, the underlying reasons why 
participants consistently adopted the specific heuristics we identified, 
across different framing conditions, remain unclear. Theoretical work 
using resource-rational analysis (Lieder & Griffiths, 2020) may shed 
light on why these particular heuristics prevail when dealing with 
multiplicative risks.
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