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Abstract
Economic choices are difficult and computationally complex. To make good decisions
one needs to integrate different variables and resolve several trade-offs. We study
whether providing external tools which help reducing the computational complexity
of choices improves risky decisions. We find mixed evidence for the effectiveness of
these tools, as people tend to rarely use them. Overall, cognitive offloading tools make
people less risk averse and better at updating beliefs, but they do not decrease irrational
behavior, in the sense of the proportion of dominated choices, violations of expected
utility, and sub-optimal budget allocations. These results suggest that simply providing
external tools, which make choices (computationally) easier, but where using these
aids is discretional, has a limited impact on improving people’s choices under risk.

Keywords Risk · Rationality · Offloading · Decision quality

JEL Classification D01 · D81 · D91

1 Introduction

People do not generally decide optimally. There is a veritable catalog of experimental
and empirical works showing people do not behave as normative models prescribe
(e.g., Tversky, 1969; Kelman et al., 1998; Hey et al., 2009; Taylor, 2013; Dumm et al.,
2020; Gillenkirch & Velthuis, 2023). There are several explanations for why this hap-
pens, and people might be optimally adapting choice quality based on their cognitive
restrains and expected reward (e.g., Glimcher, 2022). However, in this work we focus
on the fact that these shortcomings have beenmostly studied in controlled experimental
settings where participants are traditionally prevented from using external tools, e.g.,
calculators. However, most decisions, especially important ones, are made when noth-
ing prevents people from using external helpful aids. It is therefore not clear whether
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people might actually still display the biases and shortcomings reported in the experi-
mental literature when they can rely on helpful tools, or whether behavior is somehow
better outside laboratory settings thanks to the use of these tools. In this sense, this
work aims to study whether people’s decisions among risky prospects improve in
quality and adhere more to normative prescriptions when cognitive offloading tools
are readily available.

Cognitive offloading refers to the use of mediums to overcome limitations in a
decision maker’s cognitive capacities (Risko & Gilbert, 2016). Everyday examples of
cognitive offloading tools include the use of a calculator to assist in arithmetic cal-
culations or the reliance on digital reminders to store to-be-remembered information.
Cognitive offloading has been at the center of several recent publications, but it is
mostly focused on memory tools (e.g., Boldt & Gilbert, 2019; Storm & Stone, 2015;
Sparrow et al., 2011; Morrison & Richmond, 2020; Burnett & Richmond, 2023),
particularly on short-term memory (Risko & Dunn, 2015), mental rotation (Chu &
Kita, 2011), and learning (Costa et al., 2011). However, we are mostly interested in
offloading of computations, as this might be more likely to impede good choices in the
economically-relevant settings where biases have been reported, i.e., lottery choices.

Studies that investigate the effect of cognitive offloading in conjunction with
economically-relevant decisions are however rare. The closest related works are those
which study the role of experts advice, for example on financial decision (e.g., Engel-
mann et al., 2009). In this sense delegating decision making to experts is essentially
offloading decisions to other agents. Hence this type of study focuses more on what
drives people to delegate their choices than whether these (offloading) tools directly
improve people’s choices. To the best of our knowledge, there is currently no work on
how cognitive offloading shapes the quality of decision making under risk.

Choices under risk are of preferential nature, and hence objective metrics for deci-
sion quality are harder to define. However, we focus on risky choices because this is
one of the most common area of research in decision making, and it is where sev-
eral biases and shortcomings have been traditionally documented (e.g., Allais, 1953;
Kahneman & Tversky, 1979). In particular, we focus on some of the most prominent
examples of irrational choices as well as some previously proposed metrics of choice
quality within this domain.

Firstly, we study whether risk attitudes are affected by the use or availability of cog-
nitive offloading tools.We do so, by using the classical paradigm of lottery choices, but
also a more ecologically-valid card-betting task (Alós-Ferrer & Garagnani, 2022a, b).
While whether individuals are more or less risk averse is not a direct indicator of
choices quality, it is nevertheless interesting to study whether people’s choices under
risk are affected by the use of calculators, computers, or other devices which make
computations easier.

We also study choice inconsistency. While people should choose consistently what
they prefer, it is often the case that even when exposed to the same choices multi-
ple times, people tend to choose differently (e.g., Hey & Orme, 1994; Ballinger &
Wilcox, 1997; Agranov & Ortoleva, 2017; Alós-Ferrer & Garagnani, 2021b). Many
works have reported anomalies where human decision making violate some form of
consistency (e.g., Tversky, 1969; Alós-Ferrer et al., 2024b). However, the relationship
between cognitive offloading and the inconsistency in risky decisions is still unex-

123



Journal of Risk and Uncertainty (2025) 70:105–128 107

plored. In particular, whether cognitive offloading tools, especially those which help
with computations, e.g., calculators, improve the consistency of risky decisions is an
empirical question. Further, an interesting question is whether this eventual improve-
ment is a discrete jump or is mediated by other variables, e.g., the subjective value
of the options. Alós-Ferrer and Garagnani (2022a, b) find that, for risky decisions,
inconsistent choices are less frequent when the (subjective) value of the options are
far apart from each other. Some previous works suggest that people might be aware
of whether they are close to indifference (e.g., Cettolin & Riedl, 2019; Halevy et al.,
2023). In these situations people might be more inclined to use offloading tools to help
their decisions.

Another objective measure of decision quality even under risk is the proportion of
first-order stochastic dominance (FOSD) choices. A prospect is first-order stochastic
dominated when there is another prospect that consistently yields higher outcomes
across all values, i.e., delivers at least the same monetary outcomes with higher prob-
ability or more money with at least the same probability. FOSD is interesting for our
case because it allows to compare the quality of choices independently of the deci-
sion maker preferences, i.e., there are no preferences which would justify choosing
dominated options, other than, e.g., trembling-hand mistakes.

We also study behavior in budget-choice allocation tasks. Among the topic of risky
choices, budget-choice tasks are of particular interestmainly because of thewide range
of choices available for selection following multiple budget constraints. For example,
these methods of choice are often used to test the consistency of subjects’ choices with
GARP (e.g., Choi et al., 2014). In a budget-choice task, the participants are typically
asked to allocate their wealth between a riskier asset and a less risky asset. A common
setup for budget-choice task is by using sliders given the relatively intuitive and user-
friendly interface for elicitation (e.g., Gneezy & Potters, 1997; Choi et al., 2007; Hey
&Pace, 2014; Halevy et al., 2018; Kurtz-David et al., 2019). Garagnani (2023) showed
there is a high degree of sub-optimal behaviors in budget-choice tasks by designing the
tasks as having a global optimal solution for all (risk averse) participants regardless
of their levels of risk aversion. The high degree of sub-optimality motivates us to
investigate if cognitive offloading tools potentially lead to better choices in such tasks.

Among the various forms of irrational behavior under risk, we focus on the certainty
effect (e.g., Allais, 1953; Kahneman & Tversky, 1979). This is one of the most promi-
nent violations of Expected Utility Theory (EUT) and is the empirical observation
that, when choosing between a sure but small amount and a larger but risky amount,
most participants choose the safe alternative, but when all probabilities are scaled
down by a common ratio, most people tend to choose the riskier option (Kahneman
& Tversky, 1979). This type of behavior is incompatible with any form of expected
utility maximization and hence it is classified as a form of irrational behavior.

In an online experiment where we randomly assign participants to either have no
tools or can use cognitive offloading tools, we find a limited effect of these external
help in risky choices. This limited effect seems to be driven by the fact that people tend
to scarcely rely on the provided tools. When people use them, they are less risk averse
and better at updating their beliefs. However, providing people with offloading tools
does notmake themmore rational, in the sense of displaying less of the certainty effect,
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choose less dominated options, or choose more optimal allocations in budget-choice
tasks.

The rest of the paper is structured as follows: We introduce the design of the
experiment and then report our pre-registered hypotheses. We then report the results
of the study separately for each task: Binary-lottery choices (subdivided in the analysis
of risk attitudes, dominated choices, and support for the certainty effect), budget-choice
task, and a belief updating task. Finally, we explore what drives the reliance on the
offloading tools.

2 Experimental design andmethods

We conducted an online study on Prolific with a program coded in Unity. At the
beginning of the study participants were informed about the general nature of the
study and we collected their informed consent to participate. They were also informed
that their data would be treated completely anonymously, and that they could leave
the study at any moment in case they wanted to withdraw their consent. They then
received more detailed instructions informing them about the structure of the study,
the payment procedures, and the exchange rate between the Experimental Currency
Units in which outcomes were represented and Pounds (10 ECUs = 1 Pound).

Figure1 depicts the structure of the experiment. Participants were randomly
assigned to one of two between-subjects conditions, OFFLOADING vs. NO-
OFFLOADING, which corresponded to receiving (cognitive offloading) help or not,
respectively. The form of the offloading mechanism depended on the type of task. The
study was composed of three main parts, lottery choices, budget-choice allocation
task, and a card-betting task, plus a questionnaire. In particular, we asked them to
perform the Numerical Literacy Scale task (Lipkus et al., 2001), which allow us to
have a proxy for their mathematical skills.

Choices were incentivized using the random incentive mechanism (Cubitt et al.,
1998). To determine a participant’s payoff, one choice for each part of the study was
randomly selected. The option chosen by the participant was played out, and the
participant received the realized outcome as payoff. In addition, participants received
a show-up fee of 3.5 Pounds for an average total remuneration of 5 Pounds, which
is in line with Prolific standards. Average time of completion is 21.7minutes for the
OFFLOADING group and 20.1minutes for the NO-OFFLOADING group.

2.1 Lottery choices

The first part of the study required participants to make binary-lottery choices. In the
lottery choices the offloading tool took the form of a calculator which was provided to
participants on each decision screen (see Fig. 3 for screenshots). The 26 lottery pairs
are of three types, each has a different function and hence we analyze them separately.
See Table 4 for the list of lottery pairs.

A subset of six lottery pairs reproduced the certainty effect, in particular the
common-ratio effect (CR) (Kahneman & Tversky, 1979). The construction of these
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Fig. 1 Structure of the experiment

pairs is taken from Alós-Ferrer et al. (2024a) and is as follows. Given monetary out-
comes X ,Y with X > Y > 0, a probability p with 0 < p < 1, and an integer k ≥ 1,
define the pair of lotteries S(k) and R(k) by

S(k) =
{
Y with prob. 1/k

0 otherwise,
R(k) =

{
X with prob. p/k

0 otherwise.

Note that R(k) is always riskier than S(k), hence the latter is “safer.” The CR effect
involves a preference reversal between two related pairs of lotteries. The certainty
pair is given by setting k = 1 above. Then SC = S(1) is a sure gamble, while
RC = R(1) has probability p of a non-zero outcome. The normal pair is derived from
the certainty pair by scaling down the probabilities of non-zero outcomes by the ratio
1/k. That is, given some k > 1, one defines SN = S(k) and RN = R(k), none of
which involve a certain outcome. For instance, letting X = 21, Y = 16, and p = 0.8,
we obtain the certainty pair with SC = (1, 16) and RC = (0.80, 21). Dividing the
winning probabilities by k = 4, we obtain the normal pair with SN = (0.25, 16) and
RN = (0.20, 21). Under EUT, any decision maker who chooses SC in the certainty
pairmust also choose SN in the normal pair (and analogously for RC , RN ). Empirically
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(Ruggeri et al., 2020; McGranaghan et al., 2024), a large number of people choose RN

and SC , hence contradicting EUT. Therefore, we define the proportion of choices of
the type (SN , RC ) and (RN , SC ) over all choice in the double pairs as the proportion
of certainty-effect behavior.

Four of the lottery pairs involved first-order stochastic dominance. That is, one
of the lottery gave either less money with the same probability or the same amount
of money with less probability. In this sense, everybody, independently of their risk
attitudes should choose the non-dominated lottery.

The rest of the pairs were designed according to optimal-design theory, see Moffatt
(2015) and Garagnani (2023) for the construction of the lottery pairs and their ratio-
nale. This set of lotteries allows us to estimate subjects’ risk preferences precisely.
In particular, individual risk preferences are estimated for each participant from their
binary choices between the lotteries using a maximum likelihood procedure. The pro-
cedure followed the approach described in Moatt (2015, Chapter 13). In particular, we
implement the same estimation detailed in Alós-Ferrer and Garagnani (2022a) (see
also Alós-Ferrer et al., 2024b; Alós-Ferrer & Garagnani, 2021b; Garagnani, 2023)
and redirect to those papers for a detailed description of the estimation procedure.
We estimated an additive random utility model (e.g., Thurstone, 1927; Luce, 1959;
McFadden, 2001) with CRRAutility function.We estimated individuals’ risk attitudes
from the binary-lottery task and use them to predict choices and classify participants
in the rest of the experiment (e.g., for the card-betting task and the budget-choice task).

2.2 Budget-choice allocations

The second part of the study involved budget-choice allocation tasks. We adopted the
“slider approach” in which each participant has to complete three sequential budget-
choice tasks bymoving the corresponding sliders to the positions they desire (see Fig. 4
for screenshots). The positions of the sliders indicate the probabilities and/or outcomes
of the underlying assets, which are visible to the participant at all times. Hence,
participants choose their preferred risky allocation by trading off themagnitudes of the
monetary amounts and their related probabilities. All three budget-choice tasks have a
fixed expected value of four ECUs and the payoffs of the assets are jointly determined
to preserve the expected value. Each slider was constructed such that the solution to
the maximization problem is always a corner solution for any risk averse participant
(Garagnani, 2023). That is, each participant who is risk averse should normatively
choose a corner solution in all sliders. We use participants’ choices in the lottery task
to classify them as risk averse or not. The initial budget-choice task is the same for
every participant, whereas subsequent tasks are participant-specific, meaning that they
were constructed using the outputs from the first slider. In particular, the first task asks
people to solve the following maximization problem:

max
p∈[0.05,0.95] p · u

(
K

p

)
, (1)

by changing the probability p, subjected to the expected value K .
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The second task asks people to maximize:

max
q∈[0.01,q∗] p

∗ · u (
K + (1 − p∗)q

) + (1 − p∗) · u (
K − p∗q

)
, (2)

by changing the outcome q, subjected to K and the chosen probability from the first
task p∗. q∗ is the chosen outcome from the first task.

The third and final task asks participants to maximize:

max
p∈[0.05,p∗] p · u (

K + (1 − p)q∗) + (1 − p) · u (
K − pq∗) , (3)

by changing p, subjected to K and the chosen outcome from the first task q∗. p∗ is
the chosen probability from the first task.

All probabilities are restricted to between 0.05 and 0.95 as to avoid the certainty
effect, and outcomes are restricted to positive numbers to avoid losses. This design
allow us to test again for decision quality, this time among budget-choice tasks. The
offloading tool for the budget-choice tasks took the form of a calculator which was
provided to participants on each decision screen.

2.3 Belief updating in risky choices

The third part of the study asked participants to make choices in a card-betting game
which is a different way of representing risky prospects, but also requires updating of
beliefs in order to evaluate the options presented. The task is taken from Alós-Ferrer
and Garagnani (2022a). There were two decks of cards at the start of each round, each
deck contained cards with face values 1–10 either in all clubs (black) or diamonds
(red). Participants were then shown two black cards and one red card at random. The
participants’ task is to decide whether to bet on the third black card drawn would be
greater than the red card or to pass. For example, the initial cards drawn can be a
black 4, a black 8 and a red 9. The participant might decide to take the bet if they
believe the third black card would be greater than the red 9. That is, participants are
effectively choosing between lotteries, but these are framed as a card-betting game
where to calculate the value of the bets participants needed to update their beliefs
according to the provided information.

Betting is costly, placing a bet costs 0.10 Pounds (fixed for all trials), independently
of the outcome of the trial. If the participant bets and if the newly extracted black
card is strictly larger than the displayed red card, the participant receives the displayed
monetary prize (minus the cost). Otherwise, the payment is zero (resulting in a net loss
equal to the cost of betting). If the participant does not bet, there is neither a payment
nor a cost (but the new black card is still extracted and the participant observes the
outcome). Before a new trial starts, all cards are returned to their respective decks and
those are reshuffled. Hence, each trial reflects an independent decision situation.

The set of initial stimuli (red card, first two black cards, and prize) was predeter-
mined and pseudorandomized across trials to achieve adequate stimuli variance with a
manageable number of trials. All participants were exposed to the same set of stimuli,
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albeit in randomized order. Red cards were extracted in such a way that there was
always some probability of winning, so as to avoid trivial decisions. Hence, there
were eight possible distinct probabilities of winning, ranging from 12.5% to a sure
win. Prizes ranged from 8 to 112 pennies and were determined as deviations from the
fair prize in 10% increments, ranging from 50% less than the fair prize to 50% more.
Each participants completed 44 trials of this task. Only one randomly selected trial
was paid if this task was selected to be relevant to determine participants’ earnings.

The offloading tool for this part of the studywas different from the other tasks.Under
offloading, participants were presented with a screen showing the card deck informa-
tion for the black deck. On this offloading screen, participants can visually identify
both the number of winning and losing cards and their respective face values, i.e., the
likelihood of winning the bet. Moreover, the two types of cards (winning/losing) were
contrasted with highlights using complementary-color (see Fig. 5 for screenshots). In
this sense, this is the only task among the ones we implemented where the use of the
offloading task was not discretionary but was always present.

3 Hypotheses

We preregistered directional hypotheses for each part task in the experiment, see
AsPredicted (187585). The intuition behind the hypotheses is that we expected the
cognitive offloading tool to improve decision quality, in the sense of filling the gap
between behaviors under normal circumstances (when no offloading is provided) and
what people should normatively do. This might also translate into more risk neutral
choices as providing participants with a way of offloading their computations might
prime them to indeed compute the expected value of the options.

• In the lottery task, we expected participants in the OFFLOADING compared to the
NO-OFFLOADING condition to be less risk averse, to display a lower proportion
of dominated choices, and to display less common-ratio type behavior.

• In the budget-choice task, non-risk loving participants in the OFFLOADING
condition are expected to make more optimal choices compared to those in the
NO-OFFLOADING condition.

• In the card-betting task, we expected participants to make less errors in the
OFFLOADING compared to the NO-OFFLOADING condition. We define an
error as a choices in favor of options with negative expected utility, e.g., deciding
to bet when the expected utility of betting is strictly smaller than the expected
utility of passing and vice versa.

4 Results

We obtained ethical approval by the Research Ethics Unit of the University of Mel-
bourne (Project ID 29953). The study was pre-registered at AsPredicted (187585). A
total of 293 subjects (151 females);median age 33, (ranging from18 to 87) participated
in an online study on Prolifics, of which 144 are from NO-OFFLOADING and 149
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are from OFFLOADING. Participants were recruited among the general population
registered on the platform. The sample size was determined by a power calculation
in order to guarantee an a priori power of 0.8, for a non-parametric, between-subject
Mann-Whitney test, for a small to medium effect size of 0.3.

4.1 Lottery choices

In the lottery task participants used the cognitive offloading tool (i.e., the calculator)
279 times out of the 3744 trials. Specifically, 40 out of the 144 (27.78%) participants
in the OFFLOADING condition used the calculator at least once in this task. As a pre-
liminary analysis, we first explore the relationship between lottery choices, offloading,
and expected value maximization. Subjects in the OFFLOADING group make more
choices alignedwith EVmaximization (60.37%) compared to theNO-OFFLOADING
group (53.86%) according to a between-subject, non-parametric Wilcoxon-Mann-
Whitney test (WMW test, N = 293, z = 2.053, p = 0.040). For this and the other
tasks we report the results of a series of robustness analyses which consider only
the restricted sample of subjects who actually used the cognitive offloading tool (see
Appendix C). We remark that the analysis considering only the restricted sample is
likely affected by selection effects. Hence, the results of the restricted sample analyses
should be interpreted with further caution. The results of the full and restricted sample
are qualitatively the same, with the latter showing stronger effects.

To further investigate the factors contributing to this effect, we perform a series of
random-effects panel probit regressions on the probability of a “correct” choice (i.e.,
a choice in agreement with expected value or expected utility maximization). Model
1 of Table 1 reproduces the results of the non-parametric tests. The treatment effect
(dummyvariableOffload) is positive and significant. This is true evenwhen controlling
for the expected value of the options (EV _Dist) and for individual differences, i.e.,
Age, Gender, and Numerical Literacy (Model 2). Moreover, participants displayed a
higher probability of a choice in alignment with expected value maximization (Model
2, Offloading dummy β = 0.243, SE = 0.143, p = 0.089). Model 1 of Table 5
shows the effect is stronger for the sub-sample of participants who actually used the
cognitive offloading tool. These preliminary results agree with the idea that cognitive
offloading improves choice quality among risky decision, in particular that it might
nudge people to choosemore in linewith expected valuemaximization. Thismotivates
us to investigate further these effects by incorporating individuals’ heterogeneous risk
attitudes.

4.1.1 Risk preferences

We observe a lower degree of risk-aversion in OFFLOADING (μ = −2.595, SD =
0.173) compared to NO-OFFLOADING (μ = 0.262, SD = 0.049; WMW test,
N = 293 z = −11.968, p < 0.001).1 That is, we find support for the idea that subjects

1 We report the results of the estimation of a RandomUtility Model with CRRA utility function of the form

u(x) = xr
r . Hence, larger r indicate lower risk aversion for r ∈ [0, 1].
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Table 1 Random-effect probit
regression of the probability of a
“correct” choice defined as
choosing in agreement with
expected value (Models 1 and 2)
or utility maximization (Model
3)

Correct Choice Model 1 Model 2 Model 3

Offloading 0.214** 0.243* 0.226***

(0.109) (0.143) (0.078)

Age −0.001 0.006*

(0.006) (0.008)

Female −0.413*** 0.002

(0.143) (0.078)

Num.Lit 0.122 −0.050

(0.075) (0.041)

EV_Dist 2.574***

(0.094)

EU_Dist 68.809***

(8.152)

Constant −0.020 −0.899*** 0.036

(0.076) (0.306) (0.165)

Log L −2777.51 −2139.68 −2552.55

Wald test 3.83* 759.55*** 94.38***

Obs. (trials) 4688 4464 4464

Obs. (subjects) 293 279 279

Note:Models 3 and 6 include only those participants who used the cog-
nitive offloading tool at least once. Robust standard errors in brackets
* p < 0.1, ** p < 0.05, *** p < 0.01.

are more risk neutral (less risk averse) when provided with cognitive offloading tools,
especially when they make use of them.

In agreement with the previous result on expected value maximization, we also find
that when defining a “correct” choice as a decision in agreement with expected utility
maximization, OFFLOADING (68.84%) compared to NO-OFFLOADING (59.61%)
leads to a higher proportion of correct choices (WMW test, N = 293, z = 3.075,
p = 0.002). We reproduce these results using regressions analyses. Model 3 in Table
1 shows that the probability of a correct choice, defined as following expected utility
maximization, is higher under OFFLOADING even when we control for Age, Gender,
andNumerical Literacy and for the subjective choice difficulty (EU_Dist , Offloading
dummy β = 0.226, SE = 0.078, p < 0.001).

4.1.2 Dominated choices

We find no support for a significant difference in the proportion of dominated choices
between OFFLOADING (3.47%) and NO-OFFLOADING (2.35%, WMW test, N =
293, z = 0.361, p = 0.718). The absence of a treatment difference goes against our
hypothesis, but it is not a surprising result. Dominated choices are easy to spot and
error rates related to violation of first-order stochastic dominance are rare. Hence,
there is little space for an effect of our cognitive offloading manipulation. Generally,
the result regarding dominated choices suggests that this type of irrational behavior
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cannot be reduced using only a computational-type offloading tool, but it might be due
to noise in perception (e.g., Garagnani & Vieider, 2002) or trembling-hand mistakes
(e.g., Loomes et al., 2002).

4.1.3 Certainty effect

We investigate the proportion of behavior compatible with the common ratio effect
between treatments. TheOFFLOADINGgroup did not display a significantly different
proportion of certainty-effect behavior (49.54%) compared to the NO-OFFLOADING
group (47.65%,WMWtest, N = 293, z = 0.465, p = 0.642). This result goes against
our hypothesis of a treatment difference, but it is interesting, as it hints at the idea that
expected utility violations of this kind might not be due to complexity in calculations,
but might be a type of systematic preference (e.g., Alós-Ferrer et al., 2024a).

4.2 Budget-allocation task

In the budget-choice task the main dependent variable of interest is the proportion
of optimal choices (i.e., corner-solution choices among risk averse participants). The
risk-preference estimation based on the lottery choices classifies 28 (9.56%) of the
participants as risk seeking, we exclude them from this part of the analysis. However,
the results are qualitatively unchanged when we include all subjects in the analysis.
Within the budget-choice task, a total of three participants (2.40%) in the OFFLOAD-
ING treatment used the calculator at least once.2

Figure2 shows the distributions of answers in the three budget-allocation tasks.
We classify choices within the 5% range of the optimal corner solutions on the slider
as optimal choices, in order to account for any visual discrepancies or imprecisions
in the responses. Comparing the two treatment groups, we find no statistically sig-
nificant differences between OFFLOADING and NO-OFFLOADING for all three
sliders. In particular, the individual proportion of optimal choices in the first slider
for OFFLOADING (26.40%) is not significantly different from the one in NO-
OFFLOADING (22.86%, WMW test, N = 265, z = 0.668, p = 0.504). Similarly
for slider two (OFFLOADING: 36.80%, NO-OFFLOADING: 38.57%; WMW test,
N = 265, z = −0.296, p = 0.767) and slider 3 (OFFLOADING: 28.00%, NO-
OFFLOADING: 27.14%, WMW test, N = 265, z = 0.156, p = 0.876).

The lack of significant differences in behavior between OFFLOADING and NO-
OFFLOADING goes against our hypothesis and might suggest that people do not
understand how to use budget-choice allocation task, as previously indicated in the
literature (e.g., Garagnani, 2023). However, by providing participants with a cognitive
offloading tool, we further provide evidence that this lack of understanding is probably
not due to the computational complexity of the task, as this is reduced by the provided
tool. However, the general issue is that people almost never use the provided tool in this
task, hence the eventual effect of the cognitive offloadingmanipulation ismechanically
limited.

2 twelve participants in OFFLOADING used the offloading tool at least once (4.10%), but nine of them
are classified as risk seeking and hence are excluded from the analysis reported in this subsection.
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Fig. 2 Distribution of answers in the first (upper-left), second (upper-right), and third (bottom) budget-
choice tasks

4.3 Beliefs updating in betting choices

We now turn to the analysis of behavior in the card-betting task. In this part of the
experiment participants decided whether to bet or not on risky prospects represented
by using an intuitive card game. In particular, the probability of winning the monetary
prize in any given trial needed to be estimated by participants based on the provided
information (i.e., the remaining winning cards in the deck), hence this is both a task
about risky choices as well as a belief updating task. Risk attitudes for the card-betting
task are estimated using choices in the lottery task. We remind that in the card-betting
task all participants in the OFFLOADING condition were exposed to the offloading
tool.

As for the lottery task, we observe participants in the OFFLOADING condition
have a higher proportion of “correct” choices (defined as following EVmaximization,
62.69%) compared to those in the NO-OFFLOADING condition (60.72%; WMW
test, N = 293. z = 2.472, p = 0.014). We further study differences in behavior
using a random-effect panel probit regressions (Table 2). Model 1 shows that the
coefficient of the Offload dummy, indicating the treatment effect, is both positive
and significant (β = 0.221, SE = 0.050, p < 0.001). This can be interpreted
as an overall increase in the probability of a expected-value maximizing choice in
OFFLOADING compared to the NO-OFFLOADING condition. Model 2 shows the
cognitive offloading manipulation is significantly improving the quality of choices
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Table 2 Random-effect probit
regression of the probability of a
“correct” choice defined as
choosing in agreement with EV
maximization

Correct choice Model 1 Model 2

Offloading 0.221*** 0.198***

(0.050) (0.051)

Dist_EV 0.039

(0.042)

Constant 0.406*** 0.294***

(0.035) (0.110)

Controls No Yes

Log L −7387.73 −7017.52

Wald test 19.98*** 29.39***

Obs. (trials) 12326 11737

Obs. (subjects) 293 279

Note: †Controls include subject’s Age, Gender, and performance in the
Numerical Literacy test. Robust standard errors in brackets, * p < 0.1,
** p < 0.05, *** p < 0.01.

even when controlling for participants’ Age, Gender, and Numerical Literacy, as well
as the difficulty of the trial (Dist_EV ).3

4.3.1 Reliance on offloading tools

In this section we study what drives people to use the provided offloading tools. These
are not pre-registered analyses and are hence more exploratory. In previous sections
we saw that people scarcely used the offloading tools even if they were free and
easy to use. In the lottery task participants used the cognitive offloading tool (i.e., the
calculator) 279 times out of the 3744 trials. In particular, only 40 out of 144 (27.8%)
participants used the calculator at least once, while for the budge-choice task only
three participants used the calculator at least once. Hence, we focus on the lottery
task.

The likely predictor of the use of the offloading tools is trial difficulty (in terms of
subjective value between the options) and participants’ skills.4 Among the relevant
individual characteristics we measure, numerical literacy (Lipkus et al., 2001) might
play a role. This scale consists of three questions related to arithmetic calculations (See
AppendixA). It is constructed as the sum of correct choices and it was completed in the
absence of any offloading tool for both the OFFLOADING and NO-OFFLOADING
groups. Among all 293 participants, 131 achieved perfect numeracy scores (67 in
OFFLOADING and 64 in NO-OFFLOADING).

Table 3 shows a random-effects panel probit regression on the probability of using
the calculator in the lottery choices. Model 1 shows a negative relation between
EU_Dist and the probability of using the calculator (β = −2.724, SE = 0.571,

3 fourteen participants have missing data for some of the demographic variables.
4 We remark that all lotteries were computationally very simple, as all had the same number of outcomes,
and similar probabilities. Hence, numerical effects are unlikely to play a role.
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Table 3 Random-effect probit regression of the probability of using the offloading aid

Offloading Usage Model 1 Model 2 Model 3

EU_Dist −2.724*** −2.538***

(0.571) (0.585)

Age 0.002 0.003

(0.016) (0.017)

Female 0.140 0.049

(0.405) (0.423)

Num.Lit 0.783** 0.732**

(0.348) (0.344)

Constant −4.487*** −5.553*** −5.926***

(0.214) (1.235) (1.220)

Log L −298.13 −282.71 −271.72

Wald test 22.77*** 5.18 22.96***

Obs. (trials) 2304 2208 2208

Obs. (subjects) 144 138 138

Note: Robust standard errors in brackets, * p < 0.1, ** p < 0.05, *** p < 0.01.

p < 0.001). This is to be expected as decisions that are further away from indif-
ference (i.e., for larger expected utility distances) are less difficult and hence would
benefit less from the use of the calculator. Model 2 investigates the potential effects of
age and gender. These demographic characteristics are not predictive of the use of the
offloading aid.Model 3 introduces both choice difficulty (EU_Dist), the demographic
factors, and the score in the Numerical Literacy task. We qualitatively reproduce the
results of the previous model. Model 2 and 3 also introduce the score participants
obtained in the Numerical Literacy task. The latter is indeed significantly correlated
with the use of the offloading aid, but in a way which is unexpected. People with
higher numerical skills use the calculator more frequently, as indicated by the positive
coefficient of the Num.Lit. variable (β = 0.783, SE = 0.348, p = 0.024). Under the
assumption that people are mostly aware of their numeracy skills, one might expect
that the offloading tool should have greater benefits for the group with lower numeracy
skills (i.e., who scored lower in the numeracy test) compared to the group that achieved
a perfect score. While it is true that the offloading tool, in this case the calculator, is
free and easy to use, there is still a “cost” related to using it, in terms of the opportunity
cost of time implied in using the provided offloading aid. This is evenmore salient than
in most other studies as we are performing an online experiment where, participants
get compensated under an hourly rate (base pay) plus a performance bonus. In this
sense, people with high numeracy skills might potentially view the calculator as less
desirable as they might be more likely to be able to complete the task without it.

The results regarding the Numerical Literacy task might have an alternative expla-
nation. The score in the Numerical Literacy task might be a proxy for identifying a
subset of participants who paid attention to the study more than a classification based
on their arithmetic skills. That is, the Numerical Literacy task was not incentivised and
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it is likely that participants who still tried to perform well in this part of the study were
also those who wanted to perform well overall. In this sense, these participants might
also have been more likely to find the calculator less time consuming and hence more
appealing to use. This phenomenon might create a mechanical correlation between
the score in the Numerical Literacy task and the use of the cognitive offloading tool.
While this artifact is not exclusive to our study, or design, and it is likely common to
other tasks, it leads us to interpret the reported significant correlation between the use
of the offloading tool and the score in the Numerical Literacy task with a grain of salt.

5 Conclusions

In an online experiment, where participants were randomly assigned to either receive
no help or could use a series of cognitive offloading tools, we show that people’s deci-
sions under risk are overall “better” when some of the computations required to arrive
at a decision are offloaded to external tools. That is, we observe more choices in align-
ment with expected value and utility maximization, more consistent choices, and less
risk aversion. However, we observe no effect of the cognitive offloading manipulation
for what concern the proportion of irrational behaviors, e.g., violations of expected
utility (certainty effect), dominated choices, or sub-optimal budget allocations.

Because this was an online experiment, participants who did not get offered the
offloading tools could have, in principle, relied on own-sourced aids (e.g., personal
calculators). This goes against our hypothesis of finding a difference in decision quality
between the two conditions, and hence, while decreasing the probability of finding
significant results, it does not hinder our conclusions, but it might partially explain the
limited and mixed effects we report in this work.

Arguably the main takeaway of this work is the result that people are not aware of
their sub-optimal choices in a way which impedes simple remedies, such as providing
themwith free, helpful computation offloading tools. In this sense, people are either too
confident in the quality of their choices (Dittrich et al., 2005; Berger & Tymula, 2022),
are using ruleswhich lead to irrational, sub-optimal behavior (e.g., Bordalo et al., 2012;
Herweg &Müller, 2021), or consider the additional time it would take them to use the
provided tool not worth the improvement in their decision quality. Quantifying over-
confidence in preferential choices, such as risky decisions, is a hard proposition, but
some previous works (e.g., Dittrich et al., 2005) showed that there is a over-evaluation
of the quality of own (risky) investment decisions in alignment with overconfidence,
which is related to task complexity. That is, the more complex is the task, the more
overconfident participants are of their own choices. However, Breig and Feldman
(2024) showed that participants might not be too confident in their choices over risky
prospects. As a matter of fact, when participants are allowed to revise a subset of their
initial choices, and told what they previously chose, this leads them to change their
mind in a substantial number of times (75%). While this could be attributed to choice
inconsistency (Agranov & Ortoleva, 2017; Alós-Ferrer & Garagnani, 2021b), it could
also be a way for participants to correct their “mistakes” in favor of more calibrated
choices closer to their “true preferences”, where the latter is notoriously an elusive
concept (Alós-Ferrer et al., 2021a; Alós-Ferrer & Garagnani, 2024; Alós-Ferrer et al.,
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2024b). With respect to alternative rules than (subjective) value maximization, several
previous works have proposed different theories. Prominently, Bordalo et al. (2012)
proposed that a decisionmaker’s attention in risky prospects is drawn to salient payoffs,
which leads her to distort true probabilities in favor of the most salient outcomes. In
this sense, offloading tools would not be successful in helping overconfident decision
makers or those who decided not based on expected (subjective) value maximization,
but use alternative rules.

Overall, we show that providing people with tools which help them make better
choices under risk generally has a positive but modest effect. The big caveat of this is
that people tend to not rely enough on these tools, as they use them parsimoniously,
even when they are free. Moreover, irrational behavior is not significantly decreased,
which suggests a deeper source of this issue which might no be rooted in a lack
of computational capacities. Another interpretation of these results is that there is a
systematic discrepancy between normative theories and how people decide, in the
sense that people, even when given the chance, might not want to decide in agreement
with normative theories.

A final consideration concerns the interpretation of the changes in risk preferences.
We find a robust shift in the propensity to accept risk, in the direction of being more
risk seeking (i.e., less risk averse), when offloading tools are present. This result
should raise some concerns regarding the widespread implementation of cognitive
offloading tools as decision aids for important choices. Cognitive offloading tools are
most commonly used to help with pension (e.g., Looney & Hardin, 2009) and health
choices (e.g., Bright et al., 2012; Moreira et al., 2019). However, if these tools actually
shift preferences in a systematic way, especially toward taking more risks, there might
be ethical concerns regarding their inattentive implementations, or their effect should
at least be considered within the framework of paternalistic interventions.

Appendix A: Experimental instructions

These are the instructions for each part of the experiment, which were presented
separately on screen in Prolific. Text in brackets […] was not displayed to subjects.
In all questions an answer was required before participants were able to proceed.

[General Instructions]

This study investigates risky decision making in 3 parts and a questionnaire. On top
of your fixed earnings, you will earn a bonus payment which will depend on your
decisions in the study. Please read all questions carefully. Answer honestly and take
care to avoid mistakes. You are expected to earn 5 Pounds per hour. Completing the
experiment will take about 30minutes. The payoffs you see in the experiment will be
shown in ECU (Economic Currency Unit), where 10 ECUs equals £1 Pound.

[Prolific pays in GBP while participants are recruited within Australia]
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[Explanation of the Lotteries task]

The first task is about choosing between two lotteries. There are 26 rounds in total.
A lottery gives you one of two possible money amounts, each with a certain chance.
For example:
You have a 20% chance of getting 20 ECUs and an 80% chance of getting 10 ECUs.

(So, this lottery gives either 20 ECUs with a 20% chance or 10 ECUs with an 80%
chance.)

After the study, the computer will randomly pick one of your decisions and play
out that lottery. You’ll get paid based on the result.

Since any decision could be the one that affects your bonus, it’s important to think
carefully about each choice.

Note: You are provided an On-Screen Calculator for this task
[This note is only visible to the OFFLOADING group]
[The trial number was visible. Participants needed to click over a lottery to choose

it and then confirm their preference. The confirmation button was positioned between
the two lotteries to avoid biasing answers based on proximity.]

[Explanation of the three Budget-Choice tasks]

In the second task, you’ll see three sliders. Each slider lets you pick between two
options: a big reward that’s less likely to happen or a smaller reward that’s more likely
to happen.

After you’vemade your choices, the computer will randomly pick one of the sliders,
and the outcome of that slider will determine what you earn. Since any slider could
end up being the one that affects your bonus, it’s important to think carefully about
each decision you make.

Note: You are provided an On-Screen Calculator for this task
[This note is only visible to the OFFLOADING group]
[The trial number was visible. The three sliders used the same graphical represen-

tation.]

[Explanation of the Beliefs Updating task (Card-Betting Game)]

In the third task, you’ll be betting with playing cards over 44 rounds.
You’ll see two decks of cards: one red deck and one black deck. Each deck has 10

cards with values from 1 to 10. At the start of each round, one red card and two black
cards will be picked at random. Your job is to decide whether or not to bet on the 3rd
black card that will be drawn. You win the bet if the 3rd black card is larger than the
red card. However, betting costs you something. The costs and rewards (in ECUs) will
be shown on the screen.

Here is an example of how a round might look like when the round starts:
[A graphical example is shown]
After all the rounds, the computer will randomly pick one round, and the outcome

of that round will determine what you earn. Since any round could affect your bonus,
it’s important to think carefully about each decision you make.
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Note: You are provided a Visual Aid (Deck Counter) for this task, it tells you the
remaining cards in the black deck. It will show up at the bottom of the screen

[This note is only visible to the OFFLOADING group]
[The trial number was visible]

[Questionnaire (Numeracy Literacy)]

[In the numeracy literacy questionnaire, units are provided in each answer in order
to avoid confusion.]

(Q1) Imagine that we rolled a fair, six-sided die 1,000 times. Out of 1,000 rolls,
how many times do you think the die would come up even (2, 4, or 6)?

[Correct Answer: 500 (times)]
(Q2) In the BIG BUCKS LOTTERY, the chances of winning a $10.00 prize is 1%.

What is your best guess about how many people would win a $10.00 prize if 1,000
people each buy a single ticket to BIG BUCKS?

[Correct Answer: 10 (people)]
(Q3) In the ACME PUBLISHING SWEEPSTAKES, the chance of winning a car

is 1 in 1,000. What percent of tickets to ACME PUBLISHINGSWEEPSTAKES win
a car?

[Correct Answer: 0.1 (%)]

Screenshots

Fig. 3 Screenshot of the lottery tasks with the OFFLOADING manipulation. NO-OFFLOADING was
presented in the same way without the calculator
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Fig. 4 Screenshot of the budget-choice tasks with the OFFLOADING manipulation. NO-OFFLOADING
was presented in the same way without the calculator

Fig. 5 Screenshot of the card-betting task with the OFFLOADINGmanipulation. NO-OFFLOADING was
presented in the same way without the last row of cards
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Appendix B: List of lotteries

Table 4 List of lottery pairs

Pair Prob Left Out Left Prob Right Out Right Type

1 80 21 100 16 Certainty

2 20 21 25 16 Certainty

3 72 27 100 19 Certainty

4 18 27 25 19 Certainty

5 85 14 100 11 Certainty

6 17 14 20 11 Certainty

7 52 8 58 10 Dominated

8 42 13 36 13 Dominated

9 70 7 65 2 Dominated

10 40 9 40 11 Dominated

11 80 5 75 15 Risk Estimation

12 75 7 65 17 Risk Estimation

13 50 20 70 5 Risk Estimation

14 65 7 50 15 Risk Estimation

15 50 13 60 8 Risk Estimation

16 80 3 40 17 Risk Estimation

17 70 4 35 17 Risk Estimation

18 60 8 35 20 Risk Estimation

19 40 15 75 6 Risk Estimation

20 75 4 35 12 Risk Estimation

21 20 15 55 4 Risk Estimation

22 15 18 65 3 Risk Estimation

23 60 6 35 11 Risk Estimation

24 20 22 80 5 Risk Estimation

25 30 15 75 6 Risk Estimation

26 70 7 50 11 Risk Estimation

Appendix C: Restricted-sample analyses

For the lottery task, restricting the sample to include only subjects that used the
offloading at least once. Under this restriction we observe an even stronger effect
of OFFLOADING (71.09%) relative to NO-OFFLOADING (53.86%; WMW test,
N = 189, z = 3.457, p < 0.001). This effect is stronger than the one reported in the
main text, suggesting that the actual effect of offloading might be stronger for those
who actually relied at least partially on the provided tool. This is also true for expected
utility maximization when comparing NO-OFFLOADING to the restricted sample of
participants in the OFFLOADING condition which used the calculator at least once
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(79.84%; WMW test, N = 189, z = 4.493, p < 0.001). When we restrict the sam-
ple to comparing those subjects who used the calculator at least once (μ = 0.643,
SD = 0.109) to those in the NO-OFFLOADING, we find an even larger differ-
ence in the estimated risk attitudes between the two groups (WMW test, N = 189,
z = −7.962, p < 0.001).

Table 5 is the equivalent of Table 1 in the main text with the restricted sample of
participants who used the offloading tool at least once. The results are stronger but
qualitatively the unchanged.

Even in the restricted sample we find not statistically-significant differences in the
proportion of dominated choices between treatments (4.38%; WMW test, N = 189,
z = 1.036, p = 0.335). A similar (null) result is obtained for the proportion of
certainty-effect behavior (51.67%, WMW test, N = 189, z = 0.509, p = 0.607).

Since only three participants used the calculator at least once in this part of the
experiment, we refrain from performing the analysis which restricts the sample to
those participants who used the calculator.

Table 5 Random-effect probit
regression of the probability of a
“correct” choice defined as
choosing in agreement with
expected value (Models 1) or
utility maximization (Models 4
and 52)

Correct Choice Model 1 Model 2

Offloading 0.722*** 0.483***

(0.236) (0.135)

Age 0.000 0.008*

(0.008) (0.004)

Female −0.458** 0.114

(0.188) (0.103)

Num.Lit 0.133 −0.053

(0.100) (0.055)

EV_Dist 2.745***

(0.124)

EU_Dist 48.603***

(8.123)

Constant −0.979** −0.066

(0.404) (0.165)

Log L −1304.07 −1584.68

Wald test 495.38*** 66.38***

Obs. (trials) 2848 2848

Obs. (subjects) 178 178

Note: The sample includes only those participants who used the cog-
nitive offloading tool at least once.
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