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Predicting human decisions under risk and uncertainty remains a

fundamental challenge across disciplines. Existing models often struggle
evenin highly stylized tasks like choice between lotteries. Here we
introduce BEAST gradient boosting (BEAST-GB), a hybrid model integrating
behavioural theory (BEAST) with machine learning. We first present CPC18,
acompetition for predicting risky choice, in which BEAST-GB won. Then,
using two large datasets, we demonstrate that BEAST-GB predicts more
accurately than neural networks trained on extensive data and dozens of
existing behavioural models. BEAST-GB also generalizes robustly across

unseen experimental contexts, surpassing direct empirical generalization,
and helps to refine and improve the behavioural theory itself. Our analyses
highlight the potential of anchoring predictions on behavioural theory even
in data-rich settings and even when the theory alone falters. Our results
underscore how integrating machine learning with theoretical frameworks,

especially those—like BEAST—designed for prediction, can improve our
ability to predict and understand human behaviour.

Many human decisions in health, finance, environment and manage-
ment occur under risk and uncertainty. Understanding and predict-
ing such decisions is a fundamental goal in fields such as economics,
psychology, cognitive science and artificial intelligence. Indeed,
decision-making under uncertainty has been a central topic of
research since Bernoulli’s work nearly three centuries ago'. Although
this research has led to valuable insights and to the development of
many behavioural models grounded in empirical phenomena and/or
theoretical constraints®*, no single model consistently and accurately
describes and predicts choices across even the most basic stylized
tasks, such as choice between lotteries.

Recent large-scale studies have sought toidentify amodel capable
of such robust prediction®”. In one study®, a choice prediction competi-
tion, researchers submitted models predicting human choice between
lotteries, and the models were evaluated on the basis of their predictive
accuracy in new held-out data. With the focus on prediction accuracy,

one might expect machine learning (ML) tools to excel. Indeed, ML
tools have a strong predictive record across domains, including in the
prediction of human choice under uncertainty®", and their predictive
power is often assumed to provide an upper bound on the possible accu-
racy of behavioural descriptive models' . However, the competition
and additional analysis have shown that behavioural-theory-free ML
performed poorly compared with models incorporating behavioural
insights. Chief among these were variants of the behavioural model
BEAST (best estimate and sampling tools)’. Interestingly, BEAST makes
very different assumptions than those assumed by mainstream models
suchas prospect theory. Whereas most models were designed to clarify
interesting deviations from expected utility theory, BEAST was designed
to predict behaviour and posits that choices result from a potentially
biased mental sampling process and sensitivity to expected values (EVs).

Subsequent studies revealed boundary conditions on BEAST’s
dominance. Plonsky et al.'* demonstrated that an ML algorithm using
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features derived from the behavioural assumptions of BEAST outper-
formed BEAST itself—and all other models—on the competition’s data.
Similarly, Peterson et al.” showed that, when deep neural networks
aredesignedtoreflect theoretical behavioural assumptions, they can
efficiently and accurately predict choicein similar tasks. These findings
thus suggest that the hybrid approach, combining ML with behavioural
features, can harness the strengths of both, augmenting the predictive
power of ML with domain-relevant knowledge. However, Peterson
etal.”” also demonstrated that, with sufficiently large datasets, purely
data-driven neural networks can very accurately predict risky choice.
This suggests that, givenenoughtraining samples, behavioural insights
may not add much. Consequently, it is unclear which approach best
predicts human choice on new data: strictly behavioural models like
BEAST, behavioural-theory-free ML trained on ample data, or hybrid
models thatintegrate ML with behavioural theories.

Here, we start by presenting the design and results of another
choice prediction competition, CPC18, that expanded the space of
choice tasks examined in the original competition and explicitly
encouraged submissions that involve ML". A key advantage of the
competitionformatis thatit reduces therisk of overlooking alternative
modelling strategies by inviting many distinct approachesto the same
predictive challenge. The winning submission, from five of the current
authors (D.B.,].C.P., D.R., T.L.G. and S.J.R.), was a hybrid model called
BEAST gradient boosting (BEAST-GB). BEAST-GB combines BEAST’s
quantitative predictions and features engineered based on the assump-
tions of BEAST with an extreme gradient boosting (XGB) algorithm®. Its
success reinforces the idea that combining ML and behavioural logic
yields superior predictions of human choice in this domain.

We then proceed to examine the performance of BEAST-GBin two
other large datasets, each illuminating different facets of the hybrid
approach. First, using the largest public dataset of human choice
between lotteries, we test whether BEAST behaviouralinsights (imple-
mented as features) remain valuable even when the training data are
substantially increased. That is, we check if purely data-driven ML
can learn the behavioural choice patterns without direct access to
domain-specific theoretical logic. We also analyse the differences
between the predictions of BEAST and those of BEAST-GB to uncover
predictable patterns in choice behaviour that BEAST misses. Second,
we use a large meta-dataset recently compiled to compare dozens of
decision-making models in a different decision-making task to exam-
ine how much value ML can add above and beyond the performance
of the behavioural model. Specifically, we check whether, even when
BEAST itself predicts poorly, a hybrid leveraging its structure still
excels. Together, these analyses clarify whether it is truly the inte-
gration of BEAST’s insights with ML that drives BEAST-GB’s success.
Finally, weinvestigate whether BEAST-GB’s powerful predictive abilities
reflect mere flexibility in capturing idiosyncrasies in each dataset ora
broader capacity to capture underlying choice tendencies. We do so by
training it on data from some experiments and testing it on different
experiments, thereby assessing its context generalization, a pinnacle
of predictive modelling®.

Results

CPC18, achoice prediction competition

Five of the present authors (O.P.,R.A., E.E., M.T. and L.E., hereinafter
the organizers) organized CPC18, a choice prediction competition
for human choice between lotteries (https://cpc-18.com)’®, a domain
that underlies both the foundations of rational economic theory**
and the analyses of robust deviations from rational choice®*. CPC18
used a unified space of decisions under risk, under ambiguity and
fromexperience (Fig.1),in which at least 14 classical choice anomalies
emerge (including St. Petersburg’s’, Allais’s** and Ellsberg’s* para-
doxes). Competing participants received choice data from 210 tasks
sampled from this space and were required to predict the distribu-
tion of choicesin 60 new held-out tasks sampled from the same space

Fig.1| Example decision-making task used in CPC18. Human decision-makers
chose between A and B repeatedly for 25 trials. In the first five trials, they received
no feedback, and starting trial 6 they received full feedback (on both obtained
and forgone outcomes) after each choice. The figure presents the feedback
screen inone trial in one of the 270 different choice tasks used in CPC18. The
participant in this example chose option B.

(without knowing which tasks would be used for testing during model
development). Accuracy was measured by mean squared error (MSE),
supplemented by a ‘completeness’ metric that is defined as the frac-
tion of predictable variation in the data that the model captures'. It
is calculated as (MSE,,ngom =~ MSE 0de)/ (MSE zndom = MSEirrequcivie), Where
MSE ,,.¢0m iS the test MSE of a model that assumes random behaviour,
MSE,,.qe is the test MSE of the model and MSE;;,q.civie iS the estimated
test MSE of a theoretical perfect model, whose error is only a result of
the sampling variation (Methods). With the training data, the organ-
izers also published (before the test data was collected) two baseline
benchmarks: a purely behavioural model thatis an adaptation of BEAST,
and the hybrid model Psychological Forest™® that uses the behavioural
insights of BEAST as features in arandom forest* algorithm (see the
Supplementary Information for details).

Forty-six teams, involving 69 researchers representing 34
institutions from 16 countries, registered to the competition. A
post-competition survey (N =29; Supplementary Information) indi-
cated that many teams invested considerable effort; the reported
average time spent on model development was 66 h (s.d. 92). Twenty
models were submittedin time. All submissions integrated behavioural
assumptions, suggesting purely data-driven methods struggled in
this domain.

The top-ranked submission, BEAST-GB, is an XGB algorithm" that
uses the same features as the baseline hybrid Psychological Forest.
BEAST-GB uses, inadditionto features describing each task (hereinafter
the ‘objective’ features), three sets of ‘behavioural’ features: (1) ‘naive’
features that capture naive intuition for what may matter in choice
between lotteries (for example, the difference between the lotteries’
EVs), (2) ‘psychological insight’ features that were hand-crafted on
the basis of the behavioural insights underlying BEAST (for example,
the difference between the probability of each lottery to generate a
better outcome, based on BEAST’s assumption of simultaneous men-
tal sampling of outcomes from both lotteries) and (3) a ‘behavioural
foresight’ feature: the numeric prediction of BEAST itself. Note the
distinction between psychological insight features, designed to cap-
ture a general tendency that can drive behaviour, and behavioural
foresight features, quantitative predictions of behaviour in a task
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Table 1| Features in BEAST-GB

Category and name Descriptive label Description
Objective
Ha High payoff A H,: high payoff in option A. When option A has multiple outcomes, Ha is the EV of the lottery in option A.
pHa Probability high payoff A pH,: probability of Ha.
La Low payoff A L,: low payoff in option A.
LotShapeA? Shape lottery A LotShape,: shape of the distribution of the lottery in option A (‘R-Skew’, ‘L-Skew’ or ‘Symm’). When option A does
not have multiple outcomes, LotShapeA="-".
LotNumA Number of lottery LotNum,: number of outcomes in distribution of the lottery in option A. When option A does not have multiple
outcomes A outcomes, LotNumA=1.
Hb High payoff B Hg: high payoff in option B. When option B has multiple outcomes, Hb is the EV of the lottery in option B.
pHb Probability high payoff B pHjg: probability of Hb.
Lb Low payoff B Lg: low payoff in option B.
LotShapeB Shape lottery B LotShapeg: shape of the distribution of the lottery in option B (‘R-Skew’, ‘L-Skew’ or ‘Symm’). When option B does
not have multiple outcomes, LotShapeB="-".
LotNumB® Number of outcomes LotNumg: number of outcomes in distribution of the lottery in option B. When option B does not have multiple
lottery B outcomes, LotNumB=1.
Amb Ambiguous task Indicator for an ambiguous choice task (1 if true, O otherwise).
Corr® Options correlation Sign of correlation between generated payoffs in the two options (-1, 0 or 1).
block Block number The block number in repeated choice tasks (each block corresponds to 5 trials).
Feedback Feedback block Indicator for block with feedback (1 if true, O otherwise).
Dataset® Experimental context Dataset from which task is taken.
Naive
diffEVs NEVs Difference between the payoff EV of option B and the payoff EV of option A.
diffSDs A Standard deviations Difference between the payoff standard deviation of option B and the payoff standard deviation of option A.
diffMins® A Minimum payoffs Difference between the minimal payoff of option B and the minimal payoff of option A.
diffMaxs A Maximum payoffs Difference between the maximal payoff of option B and the maximal payoff of option A.

Psychological

diffBEVO A Best EV estimates Difference between the ‘best estimate’ of the EVs as per BEAST, before getting feedback. When the tasks are not
(no Fb) ambiguous, diffBEVO = diffEVs.
diffBEVfb A Best EV estimates Difference between the ‘best estimate’ of the EVs as per BEAST, after getting first feedback. When the tasks are

(with Fb)

not ambiguous, diffBEVfb = diffEVs.

pBbet_Unbiased1

A Probabilities better
pay (no Fb)

Difference between the probability that option B provides better payoff than option A and the probability that
option A provides better payoff than option B, as estimated by BEAST before getting feedback.

pBbet_ A Probabilities better Difference between the probability that option B provides better payoff than option A and the probability that
UnbiasedFB pay (with Fb) option A provides better payoff than option B, as estimated by BEAST after getting feedback.
diffuv A Uniform pay EVs Difference between the EV of option B when all its outcomes are transformed to be equally likely and the EV of

option A when all its outcomes are transformed to be equally likely.

pBbet_Uniform

A Probabilities better
uniform pay

Difference between the probability that option B provides better payoff than option A and the probability that
option A provides better payoff than option B, when both options are transformed so that their outcomes are
equally likely.

RatioMin Ratio minimum payoffs Ratio between the smaller and the higher minimal outcomes of the two options. When the minimal outcomes
have different signs, RatioMin=0.

SignMax® Sign maximum payoff The sign of the maximal possible payoff in the task (-1, O or 1).

diffSignEV A Sign pay EVs Difference between the EV of option B when all its outcomes are sign transformed and the EV of option A when
all its outcomes are sign transformed.

pBbet_Sign1 A Probabilities better Difference between the probability that option B provides better payoff than option A and the probability that

sign pay (no Fb)

option A provides better payoff than option B, as estimated by BEAST before getting feedback and after all
payoffs are sign transformed.

pBbet_SignFB

A Probabilities better
sign pay (with Fb)

Difference between the probability that option B provides better payoff than option A and the probability that
option A provides better payoff than option B, as estimated by BEAST after getting feedback and after all payoffs
are sign transformed.

Dom?® Dominant option Trinary indicator for the option that stochastically dominates another (‘1" = B dominates A; ‘=1’ = A dominates B; ‘0’
= neither option has dominance).
Foresight
BEASTpred BEAST prediction The quantitative point prediction of BEAST for the choice task (and block). Predictions are made using the

model’s original implementation and without training it to new data (that is, using parameters as found in ref. 5).

This is an exhaustive list of every feature used in this Article as part of BEAST-GB. When run on particular datasets, some features may be completely constant and others may be duplicates of
other existing features, in which cases these features are removed before running of the algorithm. *Categorical feature that is dummy coded before running of the algorithm. *diffMins belongs
to both the naive and the psychological feature categories.
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(cf. refs. 25,26). Table 1 details all features used. BEAST-GB achieved
92.6% completeness, capturing nearly all predictable variationin the
test dataand winning CPC18.

Analyses of feature importance. We investigated, using two methods,
which features help BEAST-GB most in making such accurate predic-
tions. First, we removed entire feature sets from BEAST-GB, retrained
it and measured the drop in its predictive power. The results (Fig. 2a)
show that removing the behavioural foresight feature, BEAST’s pre-
diction, led to the biggest decline, doubling the MSE and reducing
completenessscore to 82.8%. This highlights that BEAST alone provides
accurate predictions of choice in CPC18. Removing the psychologi-
cal insight features also degraded accuracy (MSE increased 18%, but
completeness remained high). Recall these features were crafted on
the basis of the assumptions of BEAST; the fact that removing them
hurts performance despite the usage of BEAST itself as afeature implies
that they hold information that extends beyond how they are captured
in BEAST.

Second, we quantified the feature importances by computing
their average absolute Shapley additive explanations (SHAP) values
on the test set. SHAP, named after the Shapley value in cooperative
game theory, is apopular way to compute feature importance in ML”.
Afeature’s SHAP value captures its unique contribution to the model’s
prediction, such thatlarger absolute SHAP values imply greaterimpor-
tance. Figure 2b shows that the most important feature is the predic-
tion of BEAST, followed by three psychological insight features. These
insight features were designed to capture two assumed sensitivities:
to the probability that one option provides a better payoff than the
other, and tothe difference between the lotteries’ EVs or the EVs’ ‘best
estimates’ (BEAST also handles ambiguous lotteries in which the EVs
cannot be computed; Supplementary Information). The results of
both analyses thus suggest that the behaviourally informed features
arevital for BEAST-GB’s predictive power.

Which ‘foresight’ feature? Because the predictions of BEAST were the
most useful feature in BEAST-GB, we next tested whether using the pre-
dictions of other behavioural models as foresight features would be as
useful. We fitted four classical models of decisions under risk, including
two variants of prospect theory, and used their predictions as features
inan XGB trained to predict the competition’s data. Notably, we did this
for a subset of tasks that was the focus of classical decision research:
pure decisions under risk (without ambiguity and without feedback).
Onthissubset, BEAST, which derives its main assumptions from studies
of the effects of feedback, should be at a considerable disadvantage.
Unlike the other models, we also did not specifically fit it to this sub-
set. Nevertheless, Extended Data Fig.1shows that BEAST is a far more
useful ‘behavioural foresight’ than the other models. Using BEAST as
foresight, completeness of the hybrid modelis 90%. Replacing it with
the next-best behavioural foresight, a version of cumulative prospect
theory (CPT)?, cuts completeness to 67%. Notably, the ML algorithm
improved the accuracy of every behavioural model whenits predictions
were supplied as aforesight feature, yet even an XGB that combined all
five foresights failed to outperform the single-BEAST configuration.
Thus, the BEAST-derived foresight signal proved uniquely powerful.

Choices13k, behavioural theory when data are abundant

Theresults of CPC18 highlight BEAST’s usefulnessin predicting human
choicebetween lotteries and demonstrate that integratingits predic-
tionsand behaviouralinsightsintoaMLalgorithmyields further gains.
In many real-world prediction problems, training data are rather lim-
ited, forexample, because, whenimplementing anew incentivization
policy, only few treatments can be piloted before choosing a policy.
However, the training data in CPC18 are considerably smaller thanin
many tasks in which ML algorithms that are not ingrained with theo-
retical domain knowledge excel. This raises the question of whether

behavioural theory remains necessary when the training data arelarge.
Itis possible that, withmore data, purely data-driven methods canlearn
theregularities captured by BEAST (and/or other theories) directly, so
behavioural insights matter only when data are scarce".

Toexplorethis, we evaluated BEAST-GB on Choices13k, the largest
publicly available dataset of human choice under risk and uncertainty"”.
It includes nearly 10,000 choice tasks similar to those used in CPC18
(see Methods and Table 2 for main differences). Importantly, using
Choicesl13k, prior studies have shown that, with such large data, ML
algorithms—specifically deep neural networks—could achieve high
accuracy even without built-in behavioural logic (although training was
more efficient with it)”". Following Peterson et al.’”, we repeatedly split
the datasetinto training (90%) and test (10%) sets and trained models
onincreasingly larger fractions of the training data. This procedure
allows checking how much data are needed to reach different levels
of predictive accuracy.

Figure 3 compares BEAST-GB with several benchmarks, including
context-dependent (CD), one of the best and most expressive neural
networks analysedin Peterson et al. BEAST-GB achieved state-of-the-art
accuracy (MSE 0.00843), with 96.2% completeness, capturing nearly
allpredictable variationin the data. Furthermore, BEAST-GBrequired
relatively few training examples to reach high accuracy: trained on
just 2% of the training data (176 choice tasks), it already predicted
more accurately (MSE 0.0110) than CD trained on all ~9,000 tasks
(MSE 0.0113). This highlights how incorporating behavioural logic can
dramatically improve sample efficiency, enabling models to achieve
strong predictive performance with substantially less data.

Analyses of feature importance confirmed that behavioural fea-
turesremain critical, evenin this data-richenvironment, although the
influence of BEAST’s predictions as a foresight feature diminishes with
increasing data availability. Extended Data Fig. 2a shows that, when
training datawere scarce, removing BEAST’s prediction feature sharply
impaired performance, suggesting that BEAST provides an effective
initial approximation that helps mitigate bias (see the Supplementary
Information for bias-variance analyses). Yet, with sufficient data, the
removal of the foresight feature was inconsequential (MSE 0.00853,
notsignificantly different from BEAST-GB, t(49) = -1.24, P=0.22, AMSE
-0.0001, 95% confidence interval (CI) -0.0003 to 0.0001, Bayes factor
favouring Hy over Ho (BF,;) 0.32). This suggests that, as training data
increase, the model canlearna proper integration of the psychological
insights underlying BEAST without direct access to BEAST itself. By con-
trast, removing psychological insight features—hand-crafted toreflect
BEAST’s behavioural mechanisms—reduced accuracy evenwith the full
dataset (MSE 0.00879; significantly worse than BEAST-GB, (49) = -5.09,
P<0.001, AMSE-0.0004, 95% CI-0.0005t0 -0.0002). Furthermore,
removing both the psychological insight and foresight features wors-
ened performance still (MSE 0.00920), and using only objective task
features drastically reduced accuracy (MSE 0.01530). Thus, evenwhen
datawere abundant, purely data-driven models failed to fully capture
the predictive power of behavioural insights. Analysis of SHAP values
(Extended DataFig. 2b) further supported these conclusions.

Interestingly, models trained using only behavioural features,
without accessto objective task structure, also performed significantly
worse than BEAST-GB (MSE 0.00914; t(49) = -8.08, P< 0.001, AMSE
-0.0007, 95% C1-0.0009 to —0.0005). This suggests that, while task
structure alone carries little predictive power, it provides crucial con-
text for behavioural features to be effectively leveraged. These results
imply that some of BEAST-GB’s success stems from an integration of
task structure and BEAST’s behavioural logic.

Using BEAST-GB to explain behaviour. If the predictive power
of BEAST-GB involves successful integration of task structure and
the behavioural insights of BEAST, it should be possible to identify
classes of tasks in which BEAST-GB predicts systematically differently
than BEAST. Because BEAST-GB captures nearly all of the predictable
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a
MSE 0.0117
0.0125 4 82.8% comp.
0.0100 +
w
2]
=
% 0.0075 4 MSE 0.0066
7} 91.0% comp.
9 MSE 0.0056 MSE 0.0055
g 92.6% comp. 92.7% comp.
0.0050 +
0.0025 +

BEAST-GB Naive Psychological Foresight
(full) features features (BEAST)
removed removed removed
Model

Fig. 2| Featureimportance analyses for CPC18 data. a, CPC18 predictive
performance of BEAST-GB (in red) and variations of it that remove different
feature sets. Bars show the MSE in the single held-out test-set (n = 60 tasks)
per ablation. Completeness (comp.) (Methods), computed relative to a naive

Feature

BEAST prediction

A Probabilities better pay (with Fb)
A Probabilities better pay (no Fb)
A Best EV estimates (with Fb)
AEVs

A Standard deviations

A Best EV estimates (no Fb)

Low payoff B

High payoff B

A Maximum payoffs

Block number

A Probabilities better uniform pay
Ratio minimum payoffs

A Probabilities better sign pay (no Fb)
Probability high payoff A

A Minimum payoffs

High payoff A

Shape lottery A ('R-skew’)

Number of outcomes lottery B

Low payoff A
I T T T
0o 0.05 0.10 0.15
Mean |SHAP]| value
Il Objective B Naive
Feature categor
gory Psychological Foresight

baseline (MSE 0.0637) and irreducible noise limit (MSE 0.0009). b, Average
absolute SHAP values of BEAST-GB's features in predicting CPC18’s test set, by
feature category. For clarity, only the top 20 features are shown. Feature names
and definitions appearin Table 1.

variationinthe data, analysing where it deviates from BEAST canreveal
choice patterns that BEAST overlooks, potentially informing improve-
ments to the behavioural model itself. Note that this process is more
effective than critiquing BEAST with respect to the data because its
deviations from the observed behaviour also reflect unpredictable
noise”.

Our analysis of the differences between BEAST’s and BEAST-GB’s
predictions showed that 90% of the variance in the deviations could
be explained by three sets of intuitive corrections (Supplementary
Information). First, BEAST’s predictions are too extreme, especially
when task complexity increases, implying BEAST-GB identifies that
behaviour in the (online) experiments of Choices13k is noisier than
BEAST (trained on laboratory data) expects®. Second, BEAST fails to
capture systematic gain-seeking tendency in tasks that involve the
possibility to avoid a sure loss. This behaviour contradicts loss aver-
sion but is consistent with the experimental design in Choices13k,
where negative payments were replaced with zero. Third, BEAST
assumes that each of its mechanisms operates uniformly across all
tasks, but BEAST-GB can dynamically adjust their relative influence
based on task structure. Some of the systematic deviations of BEAST
from BEAST-GB, such as gain-seeking in Choices13k, are probably
dataset specific, but others can be more general. Indeed, insights
from this analysis led to asimple correction to BEAST, which—without
increasing complexity or reducing interpretability—improved its
predictive performance across all datasets considered in this study
(Supplementary Information).

These findings demonstrate how hybrid models like BEAST-GB
notonly enhance predictionaccuracy but also serve as a powerful tool
for refining and improving behavioural theories. By leveraging the
flexibility of ML while preserving interpretability, BEAST-GB reveals
systematic choice patterns that would otherwise be obscured by theo-
retical constraints or data noise.

HAB22, machine learning when theory fails

Although BEAST-GB achieved high accuracy in both CPC18 and
Choicesl3k, these successes may have arisen primarily because
BEAST itselfis already very effective for those datasets. Indeed, in
CPC18, the second-best submission was a minor modification of

BEAST (Supplementary Table 1), and a scalable retrained variation
of BEAST performed similarly to CD with completeness of 88.3%
(ref. 29). Furthermore, the original BEAST, without retraining of its
parameters, already captured much of the predictable variation in
both CPC18 (88.9% completeness) and Choices13k (65.7%). Thus, it
remains unclear how much real benefit comes from merging astrong
behavioural model (BEAST) with ML, as opposed to simply relying on
the behavioural model alone.

Toinvestigate this question, we turned to a dataset of risky-choice
tasks recently collected by He, Analytis and Bhatia, henceforth the
HAB22 dataset®. HAB22 differs from CPC18 and Choices13k in several
importantways (Table 2 and Extended DataFig. 3). First, itincludes data
from multiple distinct experimental contexts. Second, it is restricted
to choice between lotteries with up to two outcomes and without
feedback. Last, itincludes datafrom experiments designed to produce
strong context effects®’. In many of the tasks from these experiments,
the lotteries’ EVs differed dramatically, and—potentially because of
context effects—participants often did not choose the option with
the much higher EV*"*?, While such tasks are useful for demonstrating
interesting deviations from expected utility theory, using them can
hurt BEAST’s predictive power, as it assumes high sensitivity to EV
differences. Thus, HAB22 allowed us to examine the generality of our
results in several ways, as we show below.

Originally, HAB22 was used to evaluate 53 existing behavioural
models by fitting them to each participant’s dataand then predicting
the same individuals’ choices on new tasks. BEAST-GB (like BEAST)
was designed for predicting the behaviour of new decision-makersin
new tasks, not for predicting that of known individuals. To evaluate
how the framework presented here fares at the individual level, we
developed two variants of BEAST-GB that retain its logic and rely on
its population-level predictions, but use different learning algorithms
and training regimes that better align with the small per-participant
data involved. In the Supplementary Information, we demonstrate
that these models predict the individual choices in HAB22 as well as
or better than the best extant behavioural models. For consistency
with our other analyses, however, here we compared BEAST-GB with
the behavioural models in predicting aggregate choice rates for new
participants facing new tasks.
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Table 2| Comparison between datasets used in this paper

Dataset
CPC18 Choices13k HAB22
Number of choice tasks 270 9,831 1,565°
Choice task properties:
Number of trialsineach 25 5 1
task
Feedback after each First five Full feedback None
choice? trials without
feedback, then
full feedback
Number of outcomesin  Upto10 Upto10inone Upto2
each lottery lottery and up to
2in the other
Ambiguity possible? Yes No No
Number of tasks per 30 20 Varies between 46 and 150 (mostly consistent within experimental context)
participant
Number of participants per At least 90 16 on average Varies between 15 and 122 (mostly consistent within experimental context)
choice task
Location Physical labs in Amazon Physical labs in various locations (except Stewart15_1C_positive_skew, and Stewart15_1C_
the Technion Mechanical Turk  uniform, which was online)
and HUJI
Population Mostly MTurk workers Students (Erev17app, Rieskamp_Positive, Stewart15_1A_negative_skew, Stewart15_1A_positive_
undergraduate skew, Stewart15_2A_negative_skew, Stewart15_2A_positive_skew, Stewart15_2B_negative_skew
students and Stewart15_2b_positive_skew, Stewart16) or pools of experimental participants (Fiedler12_
expl, Fiedler12_exp2, Pachur17, Pachur18_el_session1, Pachur18_el_session2, Stewart15_1C_
positive_skew and Stewart15_1C_uniform)
Payment method Payoffin1 Fixed proportion  Payoff in 1 randomly selected task (Erevi7app, Fiedler12_exp1and Fiedler12_exp2),
randomly (10%) of payoff fixed proportion of 1 randomly selected task (Rieskamp_Positive, Pachur17, Pachur18_

selected task

in1randomly
selected task,
but with minimal
payoff of O

el_session1and Pachur18_e1_session2), hypothetical (Stewart15_1C_positive_skew and
Stewart15_1C_uniform) or contingent on performance but unclear from methods exactly how
(Stewart15_1A_negative_skew, Stewart15_1A_positive_skew, Stewart15_2A_negative_skew,
Stewart15_2A_positive_skew, Stewart15_2B_negative_skew and Stewart15_2b_positive_skew,

Stewart16)

*When HAB22 is used for context generalization analyses, it includes 1,665 tasks. The 100 additional tasks come from an experimental context (Stewart15_1C_uniform) that includes many
tasks that participants faced twice within a session and was removed for the analysis in which models were trained and predicted within contexts. Under context generalization, when models

predict behaviour in new contexts, repeated choices were pooled together.

This comparison revealed that, on HAB22, the original BEAST
(without retraining) fared poorly, achieving only 36% completeness.
By contrast, the strongest purely behavioural model, a version of CPT,
reached 93.8% completeness (MSE 0.0316). Nevertheless, as shownin
Fig. 4, BEAST-GB, which used BEAST’s very inaccurate predictions as a
feature, outperformed all other models, with completeness of 94.8%
(MSE 0.0307). This improvement over the best behavioural model
was significant (£(49) =2.99, P= 0.004, AMSE 0.0010, 95% C10.0003 to
0.0016). BEAST-GB’s advantage persisted even when training and test
sets used the same participants (predicting their aggregate choice in
new tasks) and although the behavioural models (unlike BEAST-GB) were
fitted to these participants’ behaviour (Supplementary Information).

Interestingly, removal of the ‘foresight’ feature hurt the mod-
el’s performance (MSE 0.0313, significantly worse than BEAST-GB,
t(49) =-4.08,P<0.001, AMSE -0.0006, 95% C1-0.0009 to —0.0003),
and this feature remained the most important according to SHAP
value analysis (Extended Data Fig. 4). Hence, BEAST holds important
information concerning behaviour even when its raw predictions are
poor. Onereason for this is probably the high rank-order (Spearman)
correlation (p = 0.819) between (the untrained) BEAST's predictions
andthe observed choicerates. Inaddition, we show in the Supplemen-
tary Information that most of the differences between the predictions
of BEAST and BEAST-GB are accounted for when the mechanisms in
BEAST arerescaled for each experimental context and task structure.
This implies that the ML component in BEAST-GB identifies and cor-
rects BEAST’s context-dependent miscalibrations, enabling superior
accuracy even when BEAST alone performs poorly.

Context generalization

The preceding analyses showed that, for each of three large datasets
of human choice under risk and uncertainty, training BEAST-GB on
tasks from within the same context yielded highly accurate predic-
tions of new tasks. We next asked whether BEAST-GB, when trained on
choice data from one experimental context, could effectively predict
behaviour inadifferent experimental context. The ability to generalize
across contexts—often called domain or context generalization—is a
highly desirable property of predictive models®*****, Furthermore,
recent work suggests that different experimental contexts in deci-
sions under risk and uncertainty can systematically differ in subtle but
important ways, meaning amodel trained on one context can struggle
when tested on another?,

To examine BEAST-GB’s capacity for context generalization, we
exploited the fact that HAB22 is a collection of distinct experimental
contexts. We systematically trained BEAST-GB on all but one of the
contexts, then predicted behaviour in the held-out context, without
using its choice tasks or participants during training. On average,
BEAST-GB yielded MSE of 0.0162 in the unseen context, correspond-
ing to 87.2% completeness (s.d. 0.08). That is, without access to data
from the target context, BEAST-GB achieved over 87% of the predictive
accuracy expected from a perfect hypothetical model that knows the
population parameter for each task in that context.

Furthermore, 31% of the choice tasks in HAB22 appeared in more
than one experimental context. This allowed us tocompare BEAST-GB’s
generalization capacity (that is, its accuracy in predicting behaviour
outside of context) with direct empirical generalizations, namely, with
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Fig. 3| Test-set performance on Choices13k data. Data were split to 90% training
(8848 tasks) and 10% held-out test data (983 tasks), and models were trained on
fixed and increasing proportions of the training data. This process was repeated
50 times, and results reflect the average test-set MSE over these n = 50 train—

test splits. The performance of Neural PT (neural prospect theory) and CD (an
unrestricted deep neural network) is taken directly from the work of Peterson
etal.”. The dashed line indicates the irreducible-error threshold (MSE 0.0068),
whichis the expected error of a perfect theoretical model (Methods).
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Fig. 4| Test-set performance on HAB22 data. Performanceis evaluated on the
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participants within experimental contexts. That is, models predict choice rates
of new participants in new tasks (Methods). Bars show mean test-set MSE across
the 50 nested cross validation folds (n = 50 fold-MSE values). Grey dots form a
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horizontal dot histogram of the fold-level MSEs (bin 0.001; stacked from left to
right) for each model. Colours highlight BEAST-GB (red) and the original version
of BEAST (rosy brown). For unabbreviated model names and model sources, see
Supplementary Table 2.

using the observed choice rate of a given task in one context as a pre-
diction to the choice rate of the same task in another context. Note
that, because people in different contexts do not necessarily behave
similarly and given sampling errors, quantitative models trained to
capture general patterns of behaviour across tasks might predict more
accurately the choice rate in the new context. That is, the error of the
predictive models could potentially be smaller than the average sam-
plingerror. As Fig. 5shows, none of the behavioural models examined by
He et al. achieved this feat, but BEAST-GB did. Its MSE when predicting
choice rates of known tasks in new experimental contexts was 0.0121
(91.8% completeness), representing a 13% improvement over simply

assuming behaviour directly generalizes across experimental contexts
and predicting the same task’s observed choice rate from the training
contexts. The difference is significant, ¢(827) = -3.79, P< 0.001, AMSE
-0.0019,95% CI1-0.0028 t0 —0.0009. That BEAST-GB usefully predicts
choice behaviour in new contexts it was not trained on suggests that it
captures generalizable choice tendencies, rather than merely fitting
idiosyncratic patterns fromspecific samples of tasks and participants®.

Discussion
Our Article introduces BEAST-GB, a hybrid model that integrates a
strong behavioural theory (BEAST) with ML to predict human choice

Nature Human Behaviour | Volume 9 | November 2025 | 2271-2284

2277


http://www.nature.com/nathumbehav

Article

https://doi.org/10.1038/s41562-025-02267-6

on

0.10
0.09
0.08
0.07
0.06
0.05
|

0.04

0.03

Context-generalization MSE

0.02 |
bbb oo el el i

0.01

o
L L
BEAST-GB -

& OxX oo g NZIYFTNOON - o=
£ 85B3F2283XEE228 3555823
mmi—Jg.gww—,'J,;DuBEstgungq
ES €£Ev EEBBL.s5E = ol
T T8 0Q caOC2EEZO 3 125
o B Sw =3 £0 ° o 2 @ ,_,QE

o o 1 > @ £ @ x £ < Tt 5
9 & 2o E = £ S ac
= S % B k] £ %%

= T Z5 a a [} £

9] S a £ 2a
< ° Q a » QQ
= a o I o o X T
o 2 ) s 0.8
[a) o 2 00

[a) 22

20

T Qo

o)

=3

@

Fig. 5| Predictive accuracy in context generalization task. Training data always
include 15 experimental contexts to predict the behaviourina16th context in
HAB22 data. Predictions are made for the 828 instances where a choice task
thatappearsin a test experimental context also appeared in one or more of the
train contexts. ‘Behavioural models’ (grey) prediction is the average training
prediction (thatis, best fit) in the target task across all participants in the training
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data. ‘Other experiments’ (rosy-brown) prediction is the average observed
behaviour across all participants in the training data of the target task. BEAST-GB
is highlighted inred. Barsindicate MSEs across the n = 828 tasks. Error bars are
95% Cl for the mean. See Supplementary Fig. 1for full error distributions. See
Supplementary Table 2 for unabbreviated model names and model sources.

under risk and uncertainty. Across three datasets encompassing more
than 11,000 choice tasks, BEAST-GB demonstrated state-of-the-art
predictive accuracy, consistently capturing over 92% of the predict-
able variation that would have been captured by a perfect (hypo-
thetical) model. BEAST-GB won an open prediction competition
featuring genuinely independent test data***® and maintained pre-
dictive superiority within the largest public dataset of risky choice
as well as a collection of 15 distinct experimental contexts that dif-
ferin participant pools, settings and methodologies. Furthermore,
BEAST-GB successfully generalized across contexts, outperforming
even direct empirical generalizations from observed behaviour.
These findings underscore BEAST-GB’s broad applicability across
decision-making environments.

Our analyses suggest that BEAST-GB’s predictive success stems
from the effective synergy between behavioural theory and ML. The
integration involves three categories of features: objective task char-
acteristics, psychological insights that represent BEAST’s behavioural
mechanisms, and foresight provided by BEAST’s quantitative predic-
tions. The foresight feature supplies the ML algorithm with an initial
powerful signal about likely behavioural patterns. The ML component
thenadjusts these predictions by dynamically weighting the psycholog-
icalinsights underlying BEAST across diverse task structures. Fully dis-
entangling these adjustmentsis difficult, so using our hybrid approach
purely to explain the cognitive processes behind choice behaviour
remains limited. Nevertheless, we show that some of the adjustments
canbe explicitly identified, offering insights into systematic limitations
within BEAST itself. Notably, these insights led to a refinement of the
original behavioural model, highlighting that such hybrid models can
also serve as theoretical diagnostic tools capable of improving our
understanding of decision-making processes.

A notable advantage of the hybrid approach is that it provides
an efficient way to scale rigid and complex behavioural models like
BEAST to new and large datasets without extensive refitting. BEAST,
by itself, involves computationally demanding simulations that make

training on new data cumbersome. BEAST-GB circumvents these
limitations, rapidly adjusting BEAST’s theoretical predictions and
insights to new contexts. Furthermore, because BEAST was developed
to capture behaviour across awide set of situations, itincludes rigid
constraints thatare not necessarily theoretically grounded but help
it avoid overfitting. Some of these constraints, however, may limit
BEAST’s adaptability. For example, BEAST gives high weight to the
best estimates of the EVs, contributing to its lower predictive accu-
racy in some contexts (specifically some experimental contexts in
HAB22 that showcase low sensitivity to EVs)*”’. BEAST-GB utilizes the
information embedded in BEAST while effectively avoiding this bias.
This demonstrates that the scalability afforded by hybrid models can
advance behavioural research by enabling exploration of complex
phenomena without the constraints imposed by the behavioural
models’ architectural rigidity.

Another strength of our hybrid approachiis its generalizability.
Indeed, the approach underlying BEAST-GBis not restricted to predict-
ing choices between lotteries. In the Supplementary Information, we
demonstrate thatasimilar hybrid approach canachieve state-of-the-art
predictiveaccuracyinanentirely different decision domain, two-player
extensive form games. For this approach to be effective in other
domains, the key requirement is a foundational behavioural model
that is reasonably accurate and sufficiently broad to provide mean-
ingful behavioural insights that ML can exploit and extend. Hence,
our hybrid approach is naturally limited by the theoretical basis and
generalization capacity of extant modelsin each behavioural domain.

Implications for research in behavioural science

Behavioural science predominantly seeks explanations of behaviour,
leading many researchers to focus on discovering new phenomenaand
specifying causal mechanisms®. Although such work is invaluable, it
inevitably leads to the study of narrow scenarios designed to illustrate
specificphenomena. For example, behavioural decision-making research
focuses onsituations that demonstrate deviations from rational choice.
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Moving from elegant but narrow explanations towards robust and useful
predictions—essential also for validating underlying theoretical mecha-
nisms—requires greater emphasis onidentifying behavioural principles
that reliably generalize across broader sets of tasks.

We speculate that this rationale explains why BEAST, and its
underlying mechanisms, provide highly useful behavioural insights
for BEAST-GB. Unlike classical models primarily designed to capture
anomalies where the rational benchmark is obvious, BEAST was origi-
nally developed to predict choice across a broad set of situations,
including decisions under ambiguity and from experience. Its main
assumptions are grounded in fundamental learning processes (for
example, that choice is sensitive to the probability of obtaining better
outcomes), many of which are shared across species®**°, highlighting
their potential generality and robustness. By considering a broad
spectrum of situations, BEAST’s developers could identify generaliz-
able and useful insights that proved critical in enhancing BEAST-GB’s
predictive robustness and applicability.

Conclusion

Our researchadvances behavioural decision-making research by dem-
onstrating the power of hybrid models that integrate behavioural logic
with ML. BEAST-GB’s success across diverse datasets and tasks and its
ability to generalize across experimental contexts sets anew benchmark
for accuracy and generalizability in the field. Looking forward, the
integration of theoretical insights derived from a prediction-focused
approach to behavioural science* with ML offers a promising avenue
for developing more adaptable, accurate and generalizable models
of human behaviour.

Methods

Model evaluation

Throughout the Article, we evaluated models using their MSE between
the predicted and the observed choice rates across tasks in the (test)
data. The MSE was recently recommended as the preferred measure
for evaluation of behavioural models as it satisfies all desired proper-
ties of aloss functionin this domain*’. Inaddition, to help interpret the
accuracy of the models, and following the suggestion of Fudenberg
etal.", we computed the models’ completeness score, measured as the
proportion of predictable variationin the data that the model captures.
Completeness equals (MSE,,,4om — MSE 1 0de1)/(MSE 2ndom = MSE i reque.
ibie), Where MSE ., 4.m is the MSE of random guessing (as defined by
Fudenberg et al."*), MSE,,,,4 is the MSE of the model in question, and
MSE;; caucibie iS @anirreducible error, thatis, the portion of the total error
considered unpredictable. To get MSE;; cqucivie» W€ aimed to estimate the
expected MSE of aperfect hypothetical model that accurately predicts
the population choicerateinatask. Notably, the computed MSE of such
perfect theoretical model would probably be positive because models
are evaluated based on their accuracy in predicting estimates of the
population choice rates, namely the observed sample choice rates.
That is, the observed error of a perfect theoretical model in task i is
thesamplingerror, and thus the computed MSE of this model is equal
to the average (over choice tasks) of the squared sampling errors. As
the expectation of the squared sampling error equals the variance of
the sample average, we get
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where ji;is the prediction of the perfect hypothetical model for task i,
X; is the observed choice rate in the sample for task i, y; is the true
population choice rate, $? is the sample variance of task i, n; is the
sample size for task i, and N is the number of choice tasks. That is, we

estimated MSE;;,.q.civie @S the average of the squared standard errors.

BEAST-GB model

BEAST-GBisanXGB algorithm that uses the features detailed in Table 1.
Most features used by BEAST-GB are derived from the behavioural
model BEAST designed to predict human decision-making under risk
and uncertainty at the population level®.

Theoretically, BEAST is grounded in the idea that people adapt
strategies that proved effective in past situations perceived as similar
tothe current one* *, Itassumes that individuals act asintuitive clas-
sifiers: a current task is classified alongside similar previous ones,
and a strategy that worked well in that class is invoked*®. Because the
classification can be imperfect, the chosen strategy may sometimes
be ill-suited to the current context, resulting in behavioural ‘biases’.
Instead of explicitly modelling this complex, individual and idiosyn-
cratic classification process, BEAST approximates its mainimplications
for the aggregate behaviourinrisky and uncertain decisions by assum-
ing peoplein these contexts primarily rely on five cognitive strategies.
These strategies are choosing options that (1) are best in expectation,
(2) minimizeimmediate regret, (3) maximize the chancesto get abetter
payoff sign, (4) maximize the worst possible payoff and/or (5) yield a
better payoffifall outcomes were equally likely. The output of the first
strategy is computed explicitly or on the basis of one’s ‘best estimate’
ofthe EV (if direct computationisimpossible). The output of the other
four strategies isimplemented viaamental sampling process involving
potentially biased ‘sampling tools’ (see the Supplementary Information
for the implementation details). Each of the five cognitive strategies
was previously translated into psychological insight features’, which
arenow used in BEAST-GB.

XGB" is an algorithm that efficiently and effectively implements
theideaofgradient boosting. Gradient boostingis aniterative ensem-
ble procedureinwhichsimple regression trees—models that repeatedly
split the data on the basis of threshold conditions, thereby creating
piecewise-constant predictions—are added one at a time to reduce
the errors of the existing model. Each new tree learns to predict the
residuals from the previous round, so that, over many iterations, the
ensemble flexibly models nonlinearities and interactions among
features, in a context-dependent manner. To reduce overfitting and
improve generalization, XGB includes additional regularization, as
well as random selection of features to be used in each iteration. In
BEAST-GB, the algorithm takes as input both the objective features
that capture the structure of the task and behavioural features that
capture behaviourally relevant properties of the task. The algorithm
theniteratively learns when and how to utilize them, searching at each
iteration for featureinteractions that best reduce the remaining predic-
tionerrors. Theresultis an ensemble that effectively ties together the
signals available in the various features.

We implemented the following pipeline to train BEAST-GB on
each choice dataset. First, we generated the features for each choice
task. This notably includes generating the choice rate prediction of
the original BEAST model for that choice task. Note that BEAST is
not refitted to the new data. Its predictions (to be used as foresight
feature) are derived using the original values of parameters fitted
to the training set of CPC15 (Supplementary Information)®. Second,
we coded categorical features to numeric using dummy coding.
Third, because in particular datasets some features may turn out
completely constantand/or duplicates of other features, we removed
such features from the data. Fourth, we randomly split the datato a
trainand a held-out test set (unless the datawere already organically
split, like in CPC18). Fifth, we standardized all features by subtract-
ing their average and dividing by their standard deviation in the
train set. Sixth, we tuned the algorithm’s hyperparameters using five
repetitions of fivefold cross-validationimplemented on the train set
(see Supplementary Table 3 for the values of the hyperparametersin
each dataset). Finally, we trained the algorithm on the full train set
with the chosen hyperparameters and generated its predictions for
the held-out test set.
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Feature importance analyses

Throughout the Article, we assessed the relative importance of features
included in BEAST-GB for prediction using two distinct methods. The
firstinvolved systematically removing sets of features from the tuned
model, retrainingit on the train set and evaluating the predictions of the
new model (thatis, without the removed features) on the test set. The
second method involved computing the mean absolute SHAP values
(using package SHAPforxgboost* in R) over all predictions of the test
set (or, when models were evaluated using multiple iterations using
different test sets, all predictions of the test sets).

CPC18
Experimental task. Similar to the paradigm used in CPC15°, the experi-
mental paradigm in CPC18 involved binary choice under risk, under
ambiguity and from experience. Asseenin Fig. 1, decision-makers were
presented with two lotteries (option A and option B) and were asked
to choose between themrepeatedly for 25 trials. In the first five trials,
they did not get any feedback, but starting from the sixth trial, they
received full feedback concerning the outcomes generated by each
option (both the obtained and the forgone payoffs were revealed).
Choice optionsin CPC18 mayinclude up to ten outcomes, may involve
ambiguity (that is, probabilities of potential outcomes of one of the
options were not revealed to the decision-maker) and may be correlated
betweenthem. A choice taskis thus uniquely defined by 12 dimensions:
S5determine the outcomedistribution of option A (L,, H,, pH,, LotNum,
and LotShape,), five determine the outcome distribution of option B
(Ly, Hy, pHy, LotNumg and LotShape;), one (Amb) determines if the task
involves ambiguity and one (Corr) determines whether the outcomes
inthe two options are correlated. See the Supplementary Information
for more details on these dimensions and how they define the tasks.
The space of choice tasks that is implied by these dimensions
extends the space studied in CPC15 by allowing both options (rather
than just one) to have up to ten outcomes. Within this space, it is pos-
sible to replicate 14 classical behavioural decision-making phenom-
ena’: the Allais’ paradox®, the reflection effect’, overweighting of rare
events’, loss aversion®, St. Petersburg’s paradox’, Ellsberg’s paradox®,
the elimination of loss aversion at low magnitudes*®, the break-even
effect”’, the get-something effect®, the splitting effect™, underweight-
ing of rare events™, the reversed reflection effect™, the payoff variability
effect® and the correlation effect’*.

Experimental data. The datausedin CPC18includes 694,500 decisions
made by 926 different decision-makers across 270 binary choice tasks.
Tasks were divided into nine cohorts. Each decision-maker faced one
cohort of 30 tasks in random order and made 25 choices in each task.
Thefirst five cohorts were also used in CPC15°, and details on these data
areprovided elsewhere. The choice tasks in the four additional cohorts
wererandomly selected from the space of tasks investigated in CPC18
according to a predefined task selection algorithm (Supplementary
Information). Two cohorts of choice tasks were then run in each of
two new experiments that used the same participant pool and a very
similar design to those used for CPC15.

Each experiment involved 240 participants (experiment 1:
139 females, M, = 24.5, range,,. 18-37; experiment 2: 141 females,
Mean,,. = 24.7, range,,. 18-50), mostly undergraduate students, par-
ticipating in one of two (physical) lab locations: the Technion and the
Hebrew University of Jerusalem. No statistical methods were used to
predetermine sample sizes, but our sample sizes are larger than those
used in previous publications focusing on predictions of choice under
riskand uncertainty>*"”. Informed consent was elicited from all partici-
pants at the beginning of the experimental session. The experiment
lasted approximately 45 min. Participants were paid for one randomly
selected choice they made, inaddition to ashow-up fee. The final pay-
ment ranged from 10 to 136 shekels, with a mean of 40 (about US$11)
for experiment 1 and from 10 to 183 shekels, with a mean of 41.9 for

experiment 2. The experiments complied with all ethical regulations
and were approved by the Social and Behavioral Sciences Institutional
Review Board inthe Technion and by the Ethics Committee for Human
Studies at the Faculty of Agriculture, Food, and Environment at the
Hebrew University of Jerusalem.

Competition procedures and protocol. InMay-June 2017, the organ-
izersran experiment 1. They then used the combined datafrom experi-
mentlandfrom CPCl15todevelop their baseline models (Supplementary
Information) and made the data publicly available.InJanuary 2018, they
published a call to participate in the competition in major mailing lists
and onsocial media. The competitionincluded twoindependent chal-
lenges, andin this Article, we focus on the first (see the Supplementary
Information for details on the second). In that challenge (or track), the
goal was to provide, for each of 60 choice tasks from experiment 2,
runinjune-July 2018, a prediction for the progression over time of the
mean aggregate choice rate of one of the options. Specifically, the 25
trials of each task were pooled to five blocks of five trials each, and the
goal wasto predict the mean aggregate choicerates of optionBineach
of the five time blocks. As the exact nature of the tasks was unknown to
modellers at the time of model development, acompeting model was
required to get as input the values of the 12 dimensions defining each
taskand provide as outputasequence of 5predictions (eachin therange
0-1) for the mean choice rates in that task.

Interested participants were required to register for the competi-
tioninadvance. Each person could register asa (co-)author of nomore
thantwo submissions per track and be the first author of nomore than
one submission per track. In addition, each person could make one
additional early-bird submission, sent to the organizers by the end of
January 2018. Submissions had to be made on or before the submission
deadline (24 July 2018).In practice, this meant sending the organizers
acomplete, functional, documented code of the submission. The code
could have been written in Python, R, MATLAB or SAS. The code was
required toread the dimensions of achoice task and provide as output
a prediction for the choice rates in the five blocks. One day after the
submission deadline, the organizers published the test-set tasks (the
60 tasks from experiment 2). That is, submissions were blind to the
tasks on which they were tested. Participants then ran their code on
the test-set tasks and submitted the predictions. Finally, the organiz-
ers published the data to be predicted so participants could evaluate
their prediction error. The organizers verified that the code for each
of the top ten submissions produces the reported predictions and
published the results.

Statistical significance. Because ranking of submitted models may
depend onthe (random) selection of the competition’s test-set tasks,
we used a bootstrap analysis (using Package boot™ in R) to compare
each submitted model with the competition’s winner BEAST-GB. Spe-
cifically, we simulated 10,000 sets of 60 test choice tasks each by sam-
pling withreplacement from the original test set, computed the MSE of
each submission in each simulated set and then counted the number
of sets in which a submitted model outperformed BEAST-GB. The
proportion of test sets in which a model would have outperformed the
winner is the estimated P value for the difference between the winner
and the model: If it is smaller than 0.05, then BEAST-GB is considered
to predict significantly better.

Foresight comparison analysis. To compare the value of using BEAST
as a foresight feature with the value of using other classical decision
models as foresight features, we used a subset of the CPC18 data that
includes only decisions under risk without feedback: choices madein
tasks without ambiguity in the first block of five trials in each choice
task. There were 230 such tasks. Each model, except BEAST, was fitted
to the aggregate choice rates of the 182 of these tasks that were part
of CPC18’s training data, using agrid search over the parameter space.
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BEAST was not fitted to these data. The values of its free parameters
reflect the best fit to all five blocks of all 90 training problems from
CPC15° which are a subset of CPC18 training data. The models then
all predicted the aggregate choice in the 48 remaining tasks that were
part of CPC18’s competition data. Finally, we used those predictions
as a foresight feature in XGB algorithm with hyperparameters tuned
according to CPC18’s train set subset of decisions under risk tasks with-
out feedback. As additional features (beyond the foresight feature),
we used the set of objective features that define each choice task. In
this exercise, BEAST was compared with two versions of CPT?, with
the priority heuristic*® and with the decision-by-sampling model*. In
addition, we also compared it with an ‘ensemble’ model thatincludes
allfive foresight features (that is, the predictions of all five behavioural
models were used as features in addition to objective features). The
Supplementary Information provides details on the implementation
of the various models and detailed results.

Choices13k

Data. The Choices13k dataset was originally presented by Bourgin
etal.” and includes 13,006 binary choice tasks. Tasks were generated
by the task generation algorithm used in CPC15° and are therefore all
members of the same space used in CPC18 that extends it. Hence, they
canall be described by the set of objective features in Table 1. Specifi-
cally, each choice task includes two options marked A and B, between
which participants in an online experiment chose repeatedly across
five trials. The data include, for each choice task, the proportion of
times in which participants chose option B.

Participants in the experiment, Amazon Mechanical Turk users,
were each presented with 20 choice tasks. On average, each task was
faced by 16 participants. Participants were paid US$0.75 plus a 10%
bonus on their winnings from one randomly selected task, unless their
payoff was negative, in which case the bonus was set to zero. Asin the
work of Peterson et al.”, we removed from the dataset tasks in which
one of the options was ambiguous and tasks in which participants did
notreceive any feedback, resulting in a dataset containing 9,831 risky
choice tasksin which participants made five consecutive choices with
full feedback after each choice. Additional details of this dataset can
be found in the works of Peterson et al.” and Bourgin et al.”. Extended
DataFig.3 provides avisual representation of the wide coverage of this
dataset, particularly in comparison with the data of CPC18. Table 2 sum-
marizes the main differences between Choices13k and CPC18.

Benchmark models. We compared BEAST-GB with models developed
in the work of Peterson et al.” that includes details of these models. In
particular, we present the performance of BEAST-GB in comparisonwith
the performance of two models from that study: Neural PT and CD. Neural
PTisaneural network stochastic variant of prospect theory’ inwhich the
model searches the entire class of possible payoff and probability trans-
formation functions assumed in prospect theory. Note that the search
is over not only the space of parameters of the functions but also the
functional formsthemselves.Inasense, Neural PT reflects the version of
prospect theorythatbest captures the data,and Petersonetal. show that
itindeed predicts better than many other variations of prospect theory
(including CPT).CDis the model that (after sufficient training) performed
best in Peterson et al.s analysis of this data. It is a fully unconstrained
neural network that takes all information about both gambles as input
and produces the choice rate as output. Because it is unconstrained, it
effectively allows the network tolearn subjective transformations of both
outcomes and probabilities of the gambles, butin ways that are sensitive
tothe context of the other gamble. The performance of these benchmark
models was taken directly from the analysis in Petersonetal.’.

Error evaluation. To evaluate the models’ error in Choices13k, we
followed the original pipeline used by Peterson et al.”. Specifically, we
performed 50 iterations of the following process. First, we split the data

to 90% train set and 10% test set (choosing 983 choice tasks randomly
for thelatter). Then, we trained the model on anincreasing proportion
of the train set, ranging between 1% of the train set (88 choice tasks)
to 100% of it (8,848 choice tasks). Next, we used the trained model to
predict the held-out test set and computed its MSE. That is, for each
proportion of the train set, we computed 50 MSEs on the test set. The
reported results are the average of these 50 MSEs. To statistically com-
parethe performance of different models, we used paired t-tests over
the resulting MSEs (for 100% of the training data).

To derive the predictions of the model for further analysis, we
performed five repetitions of a tenfold cross-validation procedure,
sothat eachtask’s prediction was based on the average of exactly five
predictions of BEAST-GB, each derived when the algorithm is trained
on (adifferent) set of 90% of the data.

Using BEAST-GB to explain behaviour. We probed the differences
between the predictions of BEAST and those of BEAST-GB in an itera-
tive process of scientific regret minimization', a process in which the
theoretical modelis critiqued withrespect to amore predictive butless
interpretable model. Theidea underlying this process is that errors of
the theoretical model can result both from it missing predictable pat-
terns and fromnoise. Because BEAST-GB predicts almost all predictable
variation, using it to critique BEAST is more effective than using the
(noisy) dataitself, especially because BEAST-GBis aderivation of BEAST.

Ineachiteration, we sorted the tasks by descending order of the
squared error between the two models’ predictions. We then examined
the tasks with the largest errors, trying to identify what features of
behaviour BEAST-GB captures, but BEAST does not. Uponidentifying
apattern, we linearly corrected the predictions of BEAST so that they
were closer to those of BEAST-GB and then moved to the next iteration.
To avoid increasing BEAST’s complexity and reducing its interpret-
ability, most of these corrections were statistical: we changed only the
predictions of BEAST after they were derived. However, we also found
apossible mechanistic correction to BEAST (changing the modelitself
before deriving its new predictions) that does little to the model’s
complexity and interpretability. We thenimplemented this correction,
trained the new version of the model on the CPC18 training data and
derived the trained model’s predictions for all three datasets we usein
this Article (Supplementary Information).

HAB22
Data. HAB22 includes data assembled by He et al.® from 15 differ-
ent experimental contexts. The data from these different con-
texts were originally published in seven distinct papers by various
researchers>***%%2 In each experimental context, participants made
multiple one-shot choices between binary lotteries with up to two
outcomes without feedback. Hence, the experimental task here was
different from that used in CPC18 and Choices13k. Moreover, some
choice tasks in this dataset are very different from the tasks in the
other two datasets. Specifically, the difference between the EVs of the
lotteries in some choice tasks here is especially large. For example,
onetaskinvolvedachoice between 500 with probability 0.4 versus 50
with probability 0.8 (EV difference of 160), and another task involved
achoice between 500 with probability 0.8 and 100 for certain (EV dif-
ference of 300). In both tasks, most participants failed to maximize
EV.Extended Data Fig. 3 shows atwo-dimensional visualization of the
similarities and differences betweenall choice tasks used in this Article
and highlights thatin HAB22 there is a cluster of choice tasks very dif-
ferentfromthe rest. Table 2 presents further details on this dataset and
comparesits main properties with those of the other datasets. In total,
the HAB22 datainclude 1,565 choice tasks, although some of these are
identical but were runin different experimental contexts and are thus
treated as distinct.

Originally, He et al.® used four additional experimental contexts
in their analyses. However, the data in these contexts are not usable
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for the purpose of our model comparisons”. In three contexts, there
was anindexingerror resulting in mismatches between the task IDs in
the raw data and the original task IDs. This unfortunately has led to a
mismatch between the parameters defining each task and the choice
rate associated withitin the data. Consequently, the measured perfor-
mance of the behavioural models that He et al. trained was distorted.
In a fourth context, participants faced many of the same choice tasks
morethanonce. Asaresult, the same exact task was oftenincluded both
inthetrainandtest set of the behavioural models. Hence, we could not
properly compare BEAST-GB with the behaviouralmodelsin these four
contexts and chose to exclude them.

Benchmark models. We compare BEAST-GB to all 53 behavioural mod-
els that He et al. investigated for the mixed gambles domain (Supple-
mentary Table 2). Models are diverse and include a range of different
assumptions about human risky choice. Details of these models can
be found inthe work of He et al.®. Under He et al.'s inclusion criteria, all
behavioural models had to include precise functional forms that have
analytically specified likelihood functions. This allowed fitting of each
modeltoeachindividual in each experimental context separately. Yet,
thisalso excluded the model BEAST whose predictionis used as afeature
in BEAST-GB. Hence, we also derived the predictions of BEAST, without
retraining of its parameters, and present them for comparison. As an
additional benchmark, we also trained behavioural-theory-free deep
neural networks and reportonthemin the Supplementary Information.

Evaluation method.In their original investigation, He et al. fitted each of
the behavioural models to each individual participant separately, using
asubset of the choice tasks that the participant faced, and evaluated the
fitted models on the basis of their ability to predict the choices of the
sameindividualsinthe other (test) choice tasks. We consider this ‘known’
individuals prediction task inthe Supplementary Information. BEAST-GB
isamodelforthe prediction of new (unfamiliar) participantsin new choice
tasks (and the best prediction for new participantsis the predictionof the
mean choice behaviour of the population). Thus, and to be consistent
with the rest of the current study, we evaluated the models on the basis
oftheir ability to predict the choice rates of anew sample of participants
fromthe population (thatis, participants that the modelhad noaccess to
duringtraining) innew choice tasks. Hence, wefirst split the participants
ineach of the15 experimental contexts to five folds. We then repeatedly
used data of four folds of participants for training and predicted the data
of participantsinthelast fold. Thiswas doneinadditiontousingHeetal.s
original segmentation of the choice tasks in that experimental context
totenfolds, using only choice tasksinnine of these folds for training and
predicting behaviour in the tenth fold. That is, the train data included
choices of 80% of the participantsin 90% of the choice tasks, whereas the
test data included choices of the other 20% of participants in the other
10% of the choice tasks of each experimental context.

As He et al. derived individual participant predictions for each
choice taskineach benchmarkbehavioural model, we averaged these
original individual predictions across the participants in the train set
to derive a prediction for the aggregate out-of-sample choice rate in
the test-set task. BEAST-GB was trained on the aggregated choice rates
inthetraining data (thatis, unlike the benchmark behavioural models,
BEAST-GB did not use individual participant data for its training).
This process was repeated 50 times with different combinations of
participants and tasks for the test set (that is, we essentially performed
a double cross-validation procedure, on participants and on tasks).
The reported results are the average of these 50 runs. To statistically
compare the performance of different models, we used paired ¢-tests
over the 50 resulting MSEs.

Context generalization
Intheanalyses of context generalization, we used the HAB22 data, with
theadditionof another experimental context (‘Stewart15_1C_uniform’)

that we previously excluded because in that experiment many tasks
were faced by the same participants more than once. Thus, when
models were trained and tested within context, using this additional
context introduces data leakage: The train and test data include
choices of the same peoplein the same tasks. Under context generali-
zation, however, models always predicted out of context and so there
were no data leakage issues. Hence, here, we used 16 experimental
contexts. Excluding this dataset does not qualitatively change any
of the results.

Specifically, we repeatedly trained BEAST-GB on exactly 15 experi-
mental contexts and then generated its predictions for the 16th con-
text. Note that the model could not use the dataset feature here, asiits
values differed between training and testing. We report on the model’s
performance in this task of context generalization in two ways. First,
we simply computed the MSE and completeness of the model in each
ofthe 16 unseen datasets separately and report the average of these 16
MSEs and completeness scores.

The second evaluation we used relies on the fact that the exact
same choice tasks (that is, choice between the same two payoff dis-
tributions) were at times used in different experimental contexts in
HAB22. Specifically, there are 1,221 unique choice tasksin HAB22, and
384 of these were independently used in more than one experimental
context: 338 tasks were used in two contexts, 33 were used in three
contexts, 12 were used in four contexts and 1 task was used in five
contexts. Thus, there were 828 instances where a choice task from
thetestset (the 16th experimental context) also appeared in the train
set (atleast once). For each of these 828 instances, we computed the
prediction errors of BEAST-GB, and we report on the MSE across all
these instances.

Inaddition, we computed the predictionerror of annon-parametric
model that predicts, in each instance, the observed choice rate of the
same task in the training data. This allowed us to evaluate the error of
BEAST-GBrelative toavery strong benchmark that assumes behaviour
inthe same task is similar across experimental contexts. Note that the
expected error of this benchmark is the sampling variance, and so
amodel whose average prediction error is smaller than the average
sampling variance should be more accurate than this benchmark,

To statistically examine the difference between BEAST-GB and this
strong benchmark, we used a paired ¢-test for the prediction errors
across all 828 instances. Finally, we generated for each of the bench-
mark behavioural models in HAB22, a prediction for each instance by
averaging all the model’s training predictions of that choice task in the
train data(thatis, inthe 15 experimental contexts available for training).
Atraining prediction hereis the model’s ‘prediction’ for a participant’s
choice in a task that was part of the training of the model when it was
originally fitted to the data. Hence, these predictions use the entire
training data to provide a prediction for out-of-sample behaviour in
the test experimental context.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

Raw datafor CPC18, as well as processed data for analyses of the previ-
ously published datasets (Choices13k and HAB22), are publicly avail-
able at https://doi.org/10.17605/0OSF.I0/VW2SU.

Code availability
Code for all models and analyses reported in this study is publicly
available at https://doi.org/10.17605/0SF.I0/VW2SU.
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Extended DataFig. 1| Comparison of the usefulness of behavioral models as
foresight features in CPCI18. In each case, we tuned and trained an XGB algorithm
using only the objective features (see Table 1) and the prediction of each foresight
on CPC18’s training data and predicted its test data. Data used was restricted to
the subset of CPC18'’s data that reflects pure decisions under risk (no feedback or
ambiguity), implying training on 182 tasks, and testing on 48 tasks. All behavioral

models except BEAST were first fitted to the training dataindependently to
provide predictions. BEAST’s (red) predictions used the original parameters
from CPC15 (Erev et al., 2017). Ensemble of foresights (rosy-brown) uses all five
foresights combined. Bars show the single held-out test-set Mean Squared Error
(MSE) per model. Completeness (see Methods) computed relative to a naive
baseline (MSE = 0.05095) and irreducible noise limit (MSE = 0.00113).
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Extended Data Fig. 2| Feature importance analyses for Choices13k data.

(a) Test set performance on Choices13k data when removing different sets of
features from BEAST-GB. Data was split to 90% training (8848 tasks) and 10%
held-out test data (983 tasks), and models were trained on fixed and increasing
proportions of the training data. This process was repeated 50 times, and results

Mean |SHAP| value
Objective . Naive
. Psychological Foresight

reflect the average test set MSE over the n = 50 train-test splits. (b) Average
absolute SHAP values of BEAST-GB's features in predicting Choices13k test data,
by feature category. “A Min payoffs” is both a Naive and a Psychological feature.
For clarity, only top 20 features are shown. Feature names and definitions appear
inTable1.
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Extended Data Fig. 3| 2D visualization of all 11,666 choice tasks used in this
paper. Each pointis a single choice task represented in two dimensions obtained
by implementing a t-SNE (t-distributed Stochastic Neighbor Embedding)
algorithm on the set of psychological features of each task (see Table 1). Tasks

depicted closer together are conceptually more similar than tasks further
apart (though the values of the dimensions do not have direct interpretations).
Choicesl3k data appears to cover well the space from which CPC18 data comes
from, whereas HAB22 data is different than both.

Nature Human Behaviour


http://www.nature.com/nathumbehav

Article https://doi.org/10.1038/s41562-025-02267-6

0.045 1 R
&
°

0.040 1 R

8

o

8

o °
° oo

MSE=0.0308 & MSE=0.0309 &#°MSE=0.0313

94.7% comp. %:4.6% comp. £ 94.3% comp.

0.0351

MSE=0.0307
94.8% comp.

ggwe o0 o o
o oo o ow o

0.030 1

“SEHEY

0.025 1

800800800@0%

g
g
8

8°

0.020 1

0.0154

Test-set mean squared error

0.0101

0.005 1

0.000 -
Naive Psychological Foresight

BEAfS-lll—'GB features features (BEAST)

(full) removed removed removed

Model

b BEAST prediction
AEVs

A Probs-better-sign-pay (no Fb)

High payoff B

A Sign-pay-EVs

A Min payoffs "";

A Probs-better-pay (no Fb)

Prob high payoff B

Low payoff B

A Uniform-pay-EVs

Exp. Context ("Stewart15_1A_negative_skew")
Exp. Context ("Stewart15_1C_positive_skew")
Low payoff A

A Std Devs

Exp. Context ("Stewart15_2A_positive_skew")
A Max payoffs

Exp. Context ("Stewart16")

A Probs-better-uniform-pay

Prob high payoff A

High payoff A

Feature

T T
0.00 0.02 0.04 0.06 0.08 0.10 0.12
Mean |[SHAP| value

. Objective . Naive

Psychological Foresight

Feature category

Extended Data Fig. 4 | Feature importance analyses for HAB22 data. (a) HAB22 MSE = 0.1314) and irreducible noise limit (average MSE = 0.0248), in each fold

test set predictive performance of BEAST-GB (red) and variations of it that separately, then averaged. (b) Average absolute SHAP values of BEAST-GB’s
remove different feature sets. Bars show mean test-set MSE across the 50 nested featuresin predicting HAB22's test set, by feature category. “A Min payoffs” is
cross validation folds (n = 50 fold-MSE values). Grey dots form a horizontal both aNaive and a Psychological feature. For clarity, only top 20 features are
dot-histogram of the n = 50 fold-level MSEs (bin = 0.0005) for each model. shown. Feature names and definitionsin Table 1.

Completeness (see Methods) computed relative to a naive baseline (average

Nature Human Behaviour


http://www.nature.com/nathumbehav

nature portfolio

Corresponding author(s):  Ori Plonsky

Last updated by author(s): May 28, 2025

Reporting Summary

Nature Portfolio wishes to improve the reproducibility of the work that we publish. This form provides structure for consistency and transparency
in reporting. For further information on Nature Portfolio policies, see our Editorial Policies and the Editorial Policy Checklist.

>
Q
Q
c
@
O
]
=
o
=
—
®
©O
]
=
S
(e}
wv
c
3
3
Q
<

Statistics

For all statistical analyses, confirm that the following items are present in the figure legend, table legend, main text, or Methods section.

/a | Confirmed

>

The exact sample size (n) for each experimental group/condition, given as a discrete number and unit of measurement
|X| A statement on whether measurements were taken from distinct samples or whether the same sample was measured repeatedly

The statistical test(s) used AND whether they are one- or two-sided
N Only common tests should be described solely by name; describe more complex techniques in the Methods section.

[ ] A description of all covariates tested
|:| A description of any assumptions or corrections, such as tests of normality and adjustment for multiple comparisons

< A full description of the statistical parameters including central tendency (e.g. means) or other basic estimates (e.g. regression coefficient)
AND variation (e.g. standard deviation) or associated estimates of uncertainty (e.g. confidence intervals)

D

For null hypothesis testing, the test statistic (e.g. F, t, r) with confidence intervals, effect sizes, degrees of freedom and P value noted
Give P values as exact values whenever suitable.

X

For Bayesian analysis, information on the choice of priors and Markov chain Monte Carlo settings

For hierarchical and complex designs, identification of the appropriate level for tests and full reporting of outcomes

XX O [0 XX [0

X

Estimates of effect sizes (e.g. Cohen's d, Pearson's r), indicating how they were calculated

Our web collection on statistics for biologists contains articles on many of the points above.

Software and code

Policy information about availability of computer code

Data collection  For collection of CPC18's original data, the authors used a self-developed software that allows choice between monetary prospects, as
presented in Figure 1 of the manuscript. Code of this software was written in Vb.net and is available upon request from the authors.

Data analysis Analyses was done in R (version 4.4.0) using standard open source packages as listed in the manuscript. Analysis code, including code
developed for the models BEAST and BEAST-GB is fully available at https://doi.org/10.17605/0SF.I0/VW2SU

For manuscripts utilizing custom algorithms or software that are central to the research but not yet described in published literature, software must be made available to editors and
reviewers. We strongly encourage code deposition in a community repository (e.g. GitHub). See the Nature Portfolio guidelines for submitting code & software for further information.

Data

Policy information about availability of data
All manuscripts must include a data availability statement. This statement should provide the following information, where applicable:

- Accession codes, unique identifiers, or web links for publicly available datasets
- A description of any restrictions on data availability

- For clinical datasets or third party data, please ensure that the statement adheres to our policy

Raw data for CPC18, as well as processed data for analyses of the previously published datasets (Choices13k and HAB22) is publicly available at https://
doi.org/10.17605/0SF.10/VW2SU




Research involving human participants, their data, or biological material

Policy information about studies with human participants or human data. See also policy information about sex, gender (identity/presentation),
and sexual orientation and race, ethnicity and racism.

Reporting on sex and gender In CPC18, participants self reported their sex but not gender. See below for overall numbers of males and females. We did
not analyze any results by sex but the open raw data includes this information for potential future analyses. We were not
involved in the data collection in Choices13k or HAB22 data.

Reporting on race, ethnicity, or  We did not collect any such information.
other socially relevant
groupings

Population characteristics Participants in CPC18 were (mostly undergraduate) students from either the Technion - Israel Institute of Technology or from
the Hebrew University of Jerusalem (half collected in each university). We were not involved in the recruitment of
participants in Choices13k or HAB22 data.

>
Q
=)
e
(D
O
(@]
=
o
=
—
(D
O
(@]
=
)
(@]
w
C
=
=
)
<

Recruitment In CPC18, Participants were recruited in two ways. Most were recruited from a pool of participants registered for
experiments. They received notice on the availability to register for specific time slots and registered to open slots on a first-
come-first-served basis. Additional participants were recruited using ads spread around campus.

This procedure was known to participants of the competition prior to submission of models. Therefore, any self-selection bias
should have no effect on the conclusions of the competition.
We were not involved in the recruitment of participants in Choices13k or HAB22 data.

Ethics oversight Original experiments (CPC18) were approved by the Social and Behavioral Sciences Institutional Review Board in the
Technion and by the Ethics Committee for Human Studies at the Faculty of Agriculture, Food, and Environment at the
Hebrew University of Jerusalem.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Hebrew University of Jerusalem (half collected in each university). In Experiment 1, 139/240 were females and the mean age was
24.46 (Range = [18, 37]). In Experiment 2, 141/240 were females and the mean age was 24.7 (Range = [18, 50]). This was a
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used in collection of data used in the prior experiments that were also used in this study as training data.

In CPC18, Participants were recruited in two ways. Most were recruited from a pool of participants registered for experiments. They
received notice on the availability to register for specific time slots and registered to open slots on a first-come-first-served basis.
Additional participants were recruited using ads spread around campus.

Sample size was pre-determined based on the sample sizes of previous experiments that were also used in this study as training data.
Sample sizes were known to participants of the competition prior to submission. Therefore, there should be no effect for the exact
sample size used on the conclusions of the competition.

In CPC18, in each experiment, data was collected in sessions of several participants (between 2-6) each. All participants in a session
were seated in front of a computer screen by the experimenter. Participants did not communicate to each other and no one else was
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controlled. If this is not relevant to your study, explain why.

Describe the extent of blinding used during data acquisition and analysis. If blinding was not possible, describe why OR explain why
blinding was not relevant to your studly.
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Access & import/export Describe the efforts you have made to access habitats and to collect and import/export your samples in a responsible manner and in
compliance with local, national and international laws, noting any permits that were obtained (give the name of the issuing authority,
the date of issue, and any identifying information).

Disturbance Describe any disturbance caused by the study and how it was minimized.
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We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods

Involved in the study n/a | Involved in the study
Antibodies |:| ChIP-seq

X
Eukaryotic cell lines |Z |:| Flow cytometry
X

>
Q
L
C
=
(D
5,
o)
=
o
=
-
@
S,
o)
=
>
@
wv
e
3
=
QO
=
A

Palaeontology and archaeology |:| MRI-based neuroimaging
Animals and other organisms
Clinical data

Dual use research of concern

XXNXXNXNXX s
OoOoOoooO

Plants

Antibodies
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Validation Describe the validation of each primary antibody for the species and application, noting any validation statements on the
manufacturer’s website, relevant citations, antibody profiles in online databases, or data provided in the manuscript.
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Policy information about cell lines and Sex and Gender in Research

Cell line source(s) State the source of each cell line used and the sex of all primary cell lines and cells derived from human participants or
vertebrate models.

Authentication Describe the authentication procedures for each cell line used OR declare that none of the cell lines used were authenticated.

Mycoplasma contamination Confirm that all cell lines tested negative for mycoplasma contamination OR describe the results of the testing for
mycoplasma contamination OR declare that the cell lines were not tested for mycoplasma contamination.

Commonly misidentified lines Name any commonly misidentified cell lines used in the study and provide a rationale for their use.
(See ICLAC register)

Palaeontology and Archaeology

Specimen provenance Provide provenance information for specimens and describe permits that were obtained for the work (including the name of the
issuing authority, the date of issue, and any identifying information). Permits should encompass collection and, where applicable,

export.

Specimen deposition Indicate where the specimens have been deposited to permit free access by other researchers.

Dating methods If new dates are provided, describe how they were obtained (e.g. collection, storage, sample pretreatment and measurement), where
they were obtained (i.e. lab name), the calibration program and the protocol for quality assurance OR state that no new dates are
provided.

|:| Tick this box to confirm that the raw and calibrated dates are available in the paper or in Supplementary Information.

Ethics oversight Identify the organization(s) that approved or provided guidance on the study protocol, OR state that no ethical approval or guidance
was required and explain why not.

Note that full information on the approval of the study protocol must also be provided in the manuscript.




Animals and other research organisms

Policy information about studies involving animals; ARRIVE guidelines recommended for reporting animal research, and Sex and Gender in
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Laboratory animals For laboratory animals, report species, strain and age OR state that the study did not involve laboratory animals.
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caught and transported and what happened to captive animals after the study (if killed, explain why and describe method, if released,
say where and when) OR state that the study did not involve wild animals.

Reporting on sex Indicate if findings apply to only one sex; describe whether sex was considered in study design, methods used for assigning sex.
Provide data disaggregated for sex where this information has been collected in the source data as appropriate; provide overall
numbers in this Reporting Summary. Please state if this information has not been collected. Report sex-based analyses where
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Field-collected samples | For laboratory work with field-collected samples, describe all relevant parameters such as housing, maintenance, temperature,
photoperiod and end-of-experiment protocol OR state that the study did not involve samples collected from the field.

Ethics oversight Identify the organization(s) that approved or provided guidance on the study protocol, OR state that no ethical approval or guidance
was required and explain why not.

Note that full information on the approval of the study protocol must also be provided in the manuscript.
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Clinical trial registration  Provide the trial registration number from ClinicalTrials.gov or an equivalent agency.

Study protocol Note where the full trial protocol can be accessed OR if not available, explain why.
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enable peer review. Write "no longer applicable" for "Final submission" documents.

Describe the experimental replicates, specifying number, type and replicate agreement.
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whether they were paired- or single-end.

Describe the antibodies used for the ChiP-seq experiments; as applicable, provide supplier name, catalog number, clone name, and
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Methodology

Sample preparation Describe the sample preparation, detailing the biological source of the cells and any tissue processing steps used.

Instrument Identify the instrument used for data collection, specifying make and model number.

Software Describe the software used to collect and analyze the flow cytometry data. For custom code that has been deposited into a
community repository, provide accession details.

Cell population abundance Describe the abundance of the relevant cell populations within post-sort fractions, providing details on the purity of the
samples and how it was determined.

Gating strategy Describe the gating strategy used for all relevant experiments, specifying the preliminary FSC/SSC gates of the starting cell

population, indicating where boundaries between "positive" and "negative" staining cell populations are defined.

|:| Tick this box to confirm that a figure exemplifying the gating strategy is provided in the Supplementary Information.

Magnetic resonance imaging

Experimental design

Design type Indicate task or resting state; event-related or block design.

Design specifications Specify the number of blocks, trials or experimental units per session and/or subject, and specify the length of each trial
or block (if trials are blocked) and interval between trials.

Behavioral performance measures State number and/or type of variables recorded (e.g. correct button press, response time) and what statistics were used
to establish that the subjects were performing the task as expected (e.g. mean, range, and/or standard deviation across

subjects).
Acquisition

Imaging type(s) Specify: functional, structural, diffusion, perfusion.

Field strength Specify in Tesla

Sequence & imaging parameters Specify the pulse sequence type (gradient echo, spin echo, etc.), imaging type (EPI, spiral, etc.), field of view, matrix size,
slice thickness, orientation and TE/TR/flip angle.

Area of acquisition State whether a whole brain scan was used OR define the area of acquisition, describing how the region was determined.

Diffusion MRI [ ] Used [ ] Not used

Preprocessing

Preprocessing software Provide detail on software version and revision number and on specific parameters (model/functions, brain extraction,
segmentation, smoothing kernel size, etc.).

Normalization If data were normalized/standardized, describe the approach(es): specify linear or non-linear and define image types used for
transformation OR indicate that data were not normalized and explain rationale for lack of normalization.

Normalization template Describe the template used for normalization/transformation, specifying subject space or group standardized space (e.g.
original Talairach, MNI305, ICBM152) OR indicate that the data were not normalized.

Noise and artifact removal Describe your procedure(s) for artifact and structured noise removal, specifying motion parameters, tissue signals and
physiological signals (heart rate, respiration).




Volume censoring Define your software and/or method and criteria for volume censoring, and state the extent of such censoring.

Statistical modeling & inference

Model type and settings Specify type (mass univariate, multivariate, RSA, predictive, etc.) and describe essential details of the model at the first and
second levels (e.g. fixed, random or mixed effects; drift or auto-correlation).

Effect(s) tested Define precise effect in terms of the task or stimulus conditions instead of psychological concepts and indicate whether
ANOVA or factorial designs were used.

Specify type of analysis: [ | whole brain || ROI-based [ | Both

Statistic type for inference Specify voxel-wise or cluster-wise and report all relevant parameters for cluster-wise methods.

(See Eklund et al. 2016)

Correction Describe the type of correction and how it is obtained for multiple comparisons (e.g. FWE, FDR, permutation or Monte Carlo).
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Models & analysis

n/a | Involved in the study
|:| |:| Functional and/or effective connectivity

|:| |:| Graph analysis

|:| |:| Multivariate modeling or predictive analysis

Functional and/or effective connectivity Report the measures of dependence used and the model details (e.g. Pearson correlation, partial correlation,
mutual information).

Graph analysis Report the dependent variable and connectivity measure, specifying weighted graph or binarized graph,
subject- or group-level, and the global and/or node summaries used (e.g. clustering coefficient, efficiency,
etc.).

Multivariate modeling and predictive analysis Specify independent variables, features extraction and dimension reduction, model, training and evaluation
metrics.




	Predicting human decisions with behavioural theories and machine learning

	Results

	CPC18, a choice prediction competition

	Analyses of feature importance
	Which ‘foresight’ feature?

	Choices13k, behavioural theory when data are abundant

	Using BEAST-GB to explain behaviour

	HAB22, machine learning when theory fails

	Context generalization


	Discussion

	Implications for research in behavioural science


	Conclusion

	Methods

	Model evaluation

	BEAST-GB model

	Feature importance analyses

	CPC18

	Experimental task
	Experimental data
	Competition procedures and protocol
	Statistical significance
	Foresight comparison analysis

	Choices13k

	Data
	Benchmark models
	Error evaluation
	Using BEAST-GB to explain behaviour

	HAB22

	Data
	Benchmark models
	Evaluation method

	Context generalization

	Reporting summary


	Acknowledgements

	Fig. 1 Example decision-making task used in CPC18.
	Fig. 2 Feature importance analyses for CPC18 data.
	Fig. 3 Test-set performance on Choices13k data.
	Fig. 4 Test-set performance on HAB22 data.
	Fig. 5 Predictive accuracy in context generalization task.
	Extended Data Fig. 1 Comparison of the usefulness of behavioral models as foresight features in CPC18.
	Extended Data Fig. 2 Feature importance analyses for Choices13k data.
	Extended Data Fig. 3 2D visualization of all 11,666 choice tasks used in this paper.
	Extended Data Fig. 4 Feature importance analyses for HAB22 data.
	Table 1 Features in BEAST-GB.
	Table 2 Comparison between datasets used in this paper.




