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In this study, we introduce Adaptable Scalable Best Estimate and Sampling Tools
(AS-BEAST), an interpretable model of human decision-making under uncertainty,
that fuses the foundational principles of BEAST, a behavioral model grounded in
psychological theory, with the capabilities of machine learning techniques. Our strategy
involves mathematically formalizing BEAST as a differentiable function and represen-
ting it in a computational graph. This approach facilitates the learning of model para-
meters using automatic differentiation and gradient descent. AS-BEAST scales to larger
data sets and adapts to new data more efficiently, while preserving the psychological
interpretability of the original model. Evaluation of AS-BEAST on the largest publicly
accessible data set of human choice under uncertainty shows that it predicts choice at
state-of-the-art levels, similar to those of less interpretable deep neural networks and
better than several benchmarks, including the original BEAST model. Importantly,
AS-BEAST provides interpretable explanations for choice behavior, leading to the
extraction of novel psychological insights from the data. This research demonstrates the
potential of machine learning techniques to enhance the scalability and adaptability of
models rooted in psychological theory, without compromising their interpretability or
insight generation capabilities.
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Imagine two scenarios: a sure gain of 1,000
or a 50% chance of gaining 2,000 (and nothing
otherwise). Both have equal expected values
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(EVs), yet people usually opt for the certain
gain, avoiding the risk of getting nothing. This is an
example of a classical choice task that provides
insight into human decision-making under risk and
uncertainty, a critical research area in economics
and behavioral sciences with impacts on societal
and engineering issues, such as public policy
design, understanding consumer behavior, and
creating artificial intelligence agents that mimic
human choice (Amir et al., 2005; Apel et al., 2022;
Barberis, 2013; Bhargava & Loewenstein, 2015;
Chetty, 2015; List, 2004; Reisch & Zhao, 2017,
Rosenfeld & Kraus, 2018; Russell, 2010).
Historically, decision making was thought
to be rational, maximizing expected utility (EU).
However, behavioral research repeatedly shows
that humans often deviate from rationality. There
have been numerous attempts to model these
deviations, with prospect theory (PT; Kahneman
& Tversky, 1979) the most prominent example.
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Yet, finding a precise predictive model remains a
major challenge: Many of the documented
deviations from rationality contradict one another,
and it is difficult to predict when and where these
different deviations occur.

One highly successful model is Best Estimate
and Sampling Tools (BEAST; Erev et al., 2017),
a psychological theory-based behavioral model
that uses simulations of assumed human mental
processes to approximate population-wide choice
tendencies. As Erev et al. (2017) showed, BEAST
not only captures 14 major (e.g., loss aversion) and
sometimes contradictory (e.g., both overweigh-
ting and underweighting of rare events) deviations
from maximization, but also predicts choice surp-
risingly accurately, better than both other behav-
ioral models and data-driven models. Despite
its success, BEAST struggles with scalability
and adaptability, limiting its utility for new data
(He et al., 2022; Peterson et al., 2021).

To address this, machine learning (ML)
models utilizing BEAST’s quantitative predic-
tions and its core insights as features have been
proven effective in predicting human decision
making (Plonsky et al., 2017, 2024). However,
ML models’ contribution is limited when it
comes to providing explanations, interpreting
behavior, and inferring causality—key areas
where theory-based behavioral models can be
beneficial.

In this study, we develop Adaptable Scal-
able BEAST (AS-BEAST), a behavioral model
that utilizes ML approaches but maintains high
interpretability. We first transform the main
underpinnings of the (simulation-based) model
BEAST into a differentiable mathematical func-
tion with a small set of behaviorally interpretable
parameters. This then allows us to use common
approaches in ML, like automatic differentiation
(AD) and gradient descent for efficient parameter
estimation, despite the relative complexity of the
underlying model. Because this approach vastly
improves the efficiency of model training, it also
allows us to (a) relax multiple restricting assump-
tions embedded in the original BEAST thus
making the model more adaptable to new data sets,
and (b) scale the model to much larger data sets
than before. Crucially, our approach preserves the
interpretability of the original model. We evaluate
AS-BEAST on the largest human choice task
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data set available, demonstrating that it predicts
choice out of sample better than several baselines,
including BEAST itself, and at a similar level
to the performance of highly flexible but less
interpretable deep neural networks. Importantly,
AS-BEAST provides interpretable explanations
for choice behavior, leading to new psychological
insights from the data.

Related Work

Interest in ML applications in economics has
increased, particularly in behavioral economics
(Altmanetal.,2006; Bourginetal.,2019; Camerer,
2018; Erev et al., 2017; Fudenberg et al., 2022;
Fudenberg & Liang, 2019; Hartford et al., 2016;
Kleinberg et al., 2017; Peysakhovich & Naecker,
2017; Plonsky et al., 2017, 2024) and econo-
metrics (Mullainathan & Spiess, 2017). Efforts
have largely focused on prediction improvement,
with only few studies leveraging ML approaches
to gain new psychological insights (Fudenberg
et al., 2022; Fudenberg & Liang, 2019; Kleinberg
et al.,, 2017; Peysakhovich & Naecker, 2017).
One notable contribution was made by Hartford
et al. (2016), who used a neural network to model
behavior in economic games and gain insights
by introducing inductive bias. Yet, extracting
behavioral insights from ML models remains
challenging.

Our work extends Peterson et al. (2021),
who tested, using a large data set (Bourgin et al.,
2019), various prediction methods for decision
making, ranging from psychological theory-
only models (including BEAST and prospect
theory) to fully data-driven neural networks.
In their work, they examined the predictive
accuracy of BEAST, without retraining it on
their data due to its scalability problems. Despite
this limitation, they found that the untrained
BEAST was impressively accurate, performing
similarly to the best behavioral models adapted
using neural networks and trained on their data.
The best model was mixture of theories (MoT), a
network learning weights for different theories
per choice task. Although challenging due to
BEAST’s simulation-based nature, we similarly
aim to optimize learning through gradient-based
optimization.
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Decision-Making Under Uncertainty

Human decision-making under uncertainty
is often studied using the task of choice among
M gambles, each m € M defined with N outcomes,
{x"} | and their respective probabilities {p!" } ;.
Like previous works (Bourgin et al., 2019;
Erev et al., 2017; Hartford et al., 2016; Plonsky
et al., 2017, 2024), our article focuses on a model
predicting the population proportion choosing
each option in a given choice task, such as choo-
sing between two gambles.

Behavioral Models of Decision Making

Classical decision-making models assume a
utility function U that measures the value of
each outcome to a decision maker. Here, the
rational choice maximizes the EU: the aggregate
of utilities multiplied by their corresponding
probabilities (Von Neumann & Morgenstern,
1947). However, these models fail to capture
frequent deviations from rationality, or “behav-
ioral anomalies,” in human choices. To better
portray these findings, researchers have devel-
oped dozens of descriptive decision-making
models (He et al., 2022), with one of the
most successful examples being BEAST (Erev
et al., 2017).

BEAST proposes a decision-making process
involving noisy and sometimes biased mental
sampling of potential outcomes. To forecast the
proportion of the population choosing each of the
M gambles, BEAST simulates this mental sam-
pling process for many agents and calculates the
proportion choosing each gamble. In the present
context, M = 2, and we refer to the gambles as “A”
and “B.” Each simulated agent then chooses B over
A if and only if:

ABEV + AST + ¢ > 0, (1)

where ABEV = BEV; — BEV,, and BEV,, is
the best estimate of the EV of m; e is an error
term: a random number normally distributed
with mean zero; and AST = STz — ST4, where
ST,, (“sampling tools”) is the average of few
values, each sampled from one of four possible
distributions: the gamble’s unbiased outcome
distribution, and three biased transformations of
the it that represent assumed psychological
biases. These biases are a tendency to assume

the worst (“pessimism”), a tendency to treat all
outcomes as if they are equally likely (“uni-
form”), and a tendency to focus only on the
outcomes’ sign, ignoring magnitudes (“sign”).
Finally, BEAST assumes a somewhat different
process when one of the gambles stochastically
dominates the other, and specifically zero
noise.'

In addition to this theory-grounded process,
the original BEAST design includes auxiliary
assumptions like equal weights for ABEV and
AST and equal weight to each of the biased
sampling tools. These assumptions were intro-
duced to expedite training and avoid overfitting
on the small data set based on which BEAST
was developed. We achieve much faster training
under much larger data sets, and so our adap-
tation of BEAST omits these assumptions for
increased flexibility and potential new behav-
ioral insights.

Flexibility Versus Interpretability in Human
Decision-Making Under Uncertainty

Behavioral models based on psychological
or economic theory are often designed for inter-
pretability. Yet, they often fall short in capturing
the full range of observed behavior. These
models, including EU and prospect theory,
offer inadequate results even when adapted
using neural networks (Peterson et al., 2021).
BEAST, in contrast, stands out for its accuracy.
For example, models based on BEAST won
two choice prediction competitions (Erev et al.,
2017; Plonsky et al., 2024) and, without any
retraining, can predict new data at a similar level
to established behavioral models that were
both enhanced using neural networks and trained
on that new data (Peterson et al., 2021). How-
ever, BEAST is not scalable. Generating each of
its predictions requires running many time
consuming simulations, and, more importantly,
because these simulations make its output not
differentiable with respect to the parameters, train-
ing BEAST requires brute-force approaches which
are often computationally prohibitive. Specifi-
cally, in its original implementation, BEAST’s
parameters were fitted using a grid search over a
discrete set of predetermined and somewhat

! A stochastically dominates B if for any outcome x, P(A >
x) > P(B > x), with strict inequality for some x.
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arbitrary possible values. Furthermore, as men-
tioned, BEAST’s original implementation includes
multiple auxiliary assumptions that reduce the
number of parameters that are needed to be fit to the
data. The addition of these restrictive assumptions
to BEAST allowed training of the model to a
medium-size data set despite the necessity to use
computationally demanding simulations in the
training process. However, these assumptions also
greatly reduce the model’s flexibility and adapt-
ability and fitting BEAST to larger data sets
remains computationally challenging even when
these assumptions are maintained.

ML models in human decision making are
scalable, easily adaptable, and often highly
accurate. However, their “black-box” nature
makes them far less interpretable. Consequently,
it is hard to analyze and understand their
predictions, particularly in terms of the underly-
ing causes of the human’s behavior. Models
of context-free and artificial decision-making
under uncertainty, like models for human choice
between gambles, are mainly aimed to guide
scientific thinking and enhance understanding of
human decision making in more natural settings.
Hence, this lack of interpretability significantly
reduces the usefulness of these models. To over-
come these challenges, we propose adapting an
interpretable psychological theory-based model
like BEAST, known for its predictive prowess,
to incorporate the scalability and flexibility
of ML.

AS-BEAST

While models of ML focus on prediction,
theories in behavioral decision making focus on
explanation (Hofman et al., 2021). Our work
aims to merge the adaptability of ML algorithms
with psychological theory-based behavioral
models for improved predictions and new
behavioral insights. Given its proven success
as a behavioral model (Erev et al.,, 2017,
Peterson et al., 2021), we specifically chose to
adapt BEAST. Our approach first transforms
BEAST from a simulation-based to a mathe-
matical, differentiable model for easier training
on new data. This involves representing the
expected decision BEAST predicts as a differ-
entiable function of the model’s parameters and
the properties of the choice task. However, due
to the model’s complexity, deriving analytical
expressions for the partial derivatives of each
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model parameter is challenging. To address
this, we represent the model as a differentiable
computational graph—essentially a network of
mathematical operations that produces the
model’s predictions as a function of its (highly
interpretable) parameters—which allows us to
use a process of AD. AD is a common tech-
nique in ML to compute gradients of complex
functions with high precision. Unlike traditional
methods that approximate these gradients or
require manual calculation, AD navigates
through the computational graph, tracking and
applying the chain rule at each operation,
thereby computing the exact gradients needed
for optimization. We then employ gradient-
based optimization, an iterative method where
the model parameters are gradually adjusted
in the direction that minimizes the loss (the
error between the model’s predictions and the
data). This approach, common in ML applica-
tions that train complex models, not only simpli-
fies the training process but also enhances its
scalability.

Converting BEAST From a Simulation
Model to a Mathematical Model

Before introducing AS-BEAST, it is useful to
explain the mechanics of the original simulation-
based model BEAST.

BEAST

BEAST’s prediction for choosing Gamble
B over A, Predggast, is the average of many
simulated decisions, each of which makes a
choice as per Equation 1. In practice, with n
simulations:

1 n
Predggast = n E 1 ABEV; + AST; +¢; > 0> (2)
i=1

such that T is an indicator function.

In the context of choice between gambles with
full information, in which computation of the
gamble’s EV is possible:*

2 BEAST can also predict human choice under ambiguity,
when EVs cannot be directly computed. Here and in all
benchmark works, predictions are limited to the classical full
information setting. In full information, we mean that the
gambles are fully known to the decision maker at time of
choice.
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BEVmi =

N
w=2_ 0B
Jj=1

Furthermore, the terms in Equations (1) and (2),
are defined such that e; is a normally distributed
error term and:

>y sample;(T;(m)) .

ST, = " U(1,K), 4
1
unbiased  W.p pPump
T, = uni.for.m W.P Punif ’ )
pessimism  W.p Ppegs
Sigl‘l W-ppsign

where sample/(7}(im)) is an outcome sampled using
sampling tool 7; applied on gamble m, x; is the
number of sampling tools drawn in simulation i,
and K is the maximal number of sampling tools
to draw, a model parameter (note draws are
independent so the same tool can be selected
more than once). Importantly, the theory underly-
ing BEAST restricts K to be small, so that the
model will reflect “reliance on small samples,” an
assumption that was found to be highly useful
for explaining and predicting decision-making
under uncertainty (Erev et al., 2023; Plonsky et al.,
2015). Furthermore, pynb, Punit, Ppess» Psign are the
probabilities of using the sampling tools Unbiased,
Uniform, Pessimism, and Sign, respectively.3
These sampling tools are transformations on the
outcome distribution of the gamble.4 Specifically,
for gamble m = {x"}¥ |, {pr}¥:

unbiased(m) = {7}, {p"}V,, (6)

wniform(m) = {1} () )

pessimism(m)

= min({x"},). 1, (8)

sign(m) = {sign(x/")}iL;. {p/'}L,- 9

For illustration of the process in BEAST,
consider a choice between Gamble A that gives
“1,000 with certainty” and Gamble B that gives
“50% chance of gaining 2,000, and nothing
otherwise.” Because both gambles have the same
EV, ABEV = 0. BEAST thus predicts that the
choice rate will be determined by the output of
the sampling tools alone (plus noise). In each
simulation, some combination of sampling tools
is chosen. For example, assume thatin simulation

i, k; = 2 and the two sampling tools drawn are
Unbiased and Pessimism. Further, assume that
for Gamble B, the Unbiased tool (unbiased draw
from the distribution) produces the outcome 0.
Because this tool will always produce the
outcome 1,000 from Gamble A and because
the Pessimism tool produces the worst outcome
from each gamble, we get: ST,; = 100041000 —
1000, STg; = 0+0 =0, and thus AST = —1,000.
This indicates that in simulation i BEAST will
likely predict choice of Gamble A (but the actual
prediction will also depend on the drawn value
of the error term). Alternatively, if for Gamble B
the Unbiased tool produces the outcome 2,000,
then STy = 2900 — 1000, and thus AST = 0,
implying 1nd1fference that will be resolved only
by the error term.

AS-BEAST

As previously mentioned, and as can be
seen in the equations above, the predictions of
BEAST are not differentiable. Our primary goal
in development of AS-BEAST is to approximate
Predggast using a differentiable function. More-
over, as discussed above, BEAST’s implemen-
tation includes several restrictive auxiliary (i.e.,
not theory-driven) assumptions. Another goal is
to therefore modify some of these assumptions to
improve the model’s adaptability. AS-BEAST
modifies BEAST in the following manner.

To obtain a differentiable prediction, we utilized
the expectation of the decision, as the average
of many simulated decisions converges to the
expected decision:

= P[ﬂg+e>0 = 1]

10)

I}LrgpredBEAST = E[Tg4es0]

= Ple > —g|,

3In the original BEAST, punir = Ppess = Dsign and are
determined by a function of the number of trials with
feedback and one free parameter—see Erev et al. (2017). In
AS-BEAST, we remove this restriction and consider them
free parameters. In both models, p,,, complements to sum of
probabilities to 1.

“BEAST assumes a somewhat different implemen-
tation of the sampling tools Unbiased and Uniform
before versus after decision makers get feedback on their
choice. Moreover, sampling tool Pessimism is not trig-
gered when all outcomes are in the loss domain—see Erev
et al. (2017), for details. In AS-BEAST, we maintain
all these assumptions and implement the sampling tools
accordingly.
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where g = ABEV + AST. To approximate this
probability, we modify the error term of the model
using the logistic function (see Bowling et al.,
2009):

1

Fle> g Ty o

an
where b is a parameter that determines the
curvature of the logistic function sigmoid. Larger
values of b imply a lower weight for the noise
e relative to the input g.
We next find a term for the expectation of
Hli,,,,g as a function of the model’s parameters.
exp
From Equation (3), it follows that in the full
information case on which we focus here ABEVis

constant, and the expectation of ;—— — depends
only on AST. Therefore:

E P( AST 12

AT} exp ] ; . (12)

Hence, it is necessary to go over all possible
scenarios that could lead to different values of AST
and find their corresponding probabilities. As can
be derived from Equations (4) and (5), AST
depends on the random variables x and 77, ... T
and on the output of the sampling process using
these T4, ..., T,. This implies that given values
for x and T}, ..., Ty, we can derive all possible
values of AST for each gamble. Furthermore,
for any given choice task, it is also possible to
directly calculate P(AST|x, Ty, ...,Ty) (see
Supplemental Material).

To illustrate, we return to the example task
above (“1,000 with certainty” vs. “50% for 2,000
or nothing”). Here, with k = 2, T} = Unbiased, and
T, = Pessimsim, itis possible to get AST = —1,000
(as before), and it is also possible to get AST =0
(which happens when the output of the Unbiased
tool applied to Gamble B equals 2,000), but no

other value. Further, P(AST = —1000|x =
2,T, = Unbiased, T, = Pessimism) = P(AST =
Olx = 2, T, = Unbiased, T, = Pessimism) = 0.5.

Similarly, in any given choice task, we can go
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over all possible combinations of x, Ty, ..., Ty
and derive all possible values of both AST and
P(AST|k, Ty, ..., T¢). In our model, this is
done in the data preprocessing stage (see below)
since these values depend only on the features
of the choice task and not on the model’s
parameters.

A natural way to derive an expression for
resolving Equation 12 is then to condition over
all possible combinations of x, 7y, ..., Ty. In
particular, using the law of total probability, and
because T, ..., Ty are all independent in
each other:

(see Equation 13 below)

As mentioned, P(AST|x, T, ..., T}) are all
directly calculable. Furthermore, according to
Equation (4), k is a uniform random variable, that
is, P(k) = 4. Moreover, according to Equation (5),
P(Tl) .. 'P(TK) € {punb’puni’ppes’psign}' Thus,
we can get an expression of P(AST) as a function
of K, Punb> Punis Ppess and pgign, Which are all
parameters that can be learned from the data.
Although K, the maximal number of sampling
tools used, can be learned (and indeed is a free
parameter in the original BEAST), as it increases,
the number of possible sampling tool combina-
tions increases exponentially, which greatly
impacts computational complexity. Since in the
original implementation, K was estimated to equal
3, we chose, in the present study, to fix K = 3. Note
this also restricts the model to reflect “reliance
on small samples,” a theoretical restriction embed-
ded in BEAST.

Finally, BEAST’s original implementation
assumes, quite arbitrarily, that punit = Ppess =
Dsign> and that the weight given to the diffe-
rence between the (best estimates of the) EVs
ABEV and the difference between the ave-
rages of potentially biased mental samples
AST are equal (see Equation 1). To increase
the model’s adaptability, in AS-BEAST, we
remove these arbitrary restrictions. Specifically,
we assume that the weight of ABEV relative to
the weight of AST is a free parameter to be
learned, w.

K

=Y P)S_P(T)

k=1

P(AST)

Y P(TOP(ASTIK, Ty, ...

). 13)

K
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Combining Equations (12) and (13) we get:

Predas_peast = East [d (AST)]

=Y P(AST)d(AST),
AST

(14)

1
1 + exp b(+-ABEV+AST)”?

d(AST) = (15)

and P(AST) is a function of pub, Punis Ppes» Psigns
as described in Equation (13).

Hence, the predictions of AS-BEAST depend
on six parameters: a weight w for ABEV in
the decision relative to AST, the b parameter of
the logistic function approximating the non-
differentiable decision, and the four sampling
tools probabilities punb, Puni> Ppess Psign- NoOte
that these four probabilities must sum to 1
and hence the model has only 5 degrees of
freedom.

Preprocessing

The preprocessing stage, illustrated on the
left hand-side of Figure 1, involves computing,
for each choice task, ABEV (#1 in the figure)
as per Equation 3, all possible values of
P(AST|x, Ty, ..., T,) (#5) as per Equation
(13), and all possible values of AST (#4). For
the latter, we create (a) 84 vectors of possible
ASTs, with each vector containing the poten-
tial values of AST conditional on a specific
combination of T, ..., T applied to gambles
A and B (#2 in the figure), and (b) 84 vectors
of possible P(AST|x, Ty, ...,T,), with each
vector storing the probabilities to sample out-
comes using that combination of sampling
tools T}, ..., T (#3 in the ﬁgure).5 Note that
in both cases, the number of elements in each
vector equals the number of possible AST
values under a particular combination of samp-
lingtools T, ..., Ty. Forinstance, in our running
example (“1,000 with certainty” vs. “50% for
2,000 or nothing”), the vectors corresponding
to the combination of sampling tools {7} =
Unbiased, and T, = Pessimsim} include two
elements each; specifically the vectors are
(—=1,000, 0) and (0.5, 0.5) for the AST and
P(AST] -) respectively. Of course, the vectors
may have different lengths under a different
combination of sampling tools in this task
and/or in other tasks.

Differentiable Computational Graph

To train the model, we implement a compu-
tational graph, as shown on the right hand-side
of Figure 1. The graph receives three inputs
from the preprocessing stage for each choice
task: ABEV, the set of vectors holding all
possible ASTs, and the set of vectors holding
all possible P(AST|x, Ty, ..., T,). It computes
the term d(AST) according to Equation 14
(#6 in the figure) for each element in each of
the AST vectors as well as the probability of
each possible term P(AST) for each element in
each of the P(AST|x, Ty, ...,T,) vectors ac-
cording to Equation 13 (#7 in the figure). These
computations depend on the learned parameters
b, W, Punbs Punis Ppess Psign (#11). The graph then
computes Predas_geast as per Equation 14 (#8)
and calculates the loss (#10) between the ground
truth (#9) and its prediction. It then performs a
backward pass to compute gradients by which
updating parameters would minimize the loss
and updates the parameters accordingly. This
updating is done iteratively to optimize the free
parameters based on the training data.

Experiment

Method
Choices13k Data Set

Our main experiment involves training and
evaluating AS-BEAST on the largest public data
set of human risky choice behavior, Choices13k
(Bourgin et al., 2019). This data set includes
13,006 different choice tasks (selecting between
Gambles A and B) in each of which human
decision makers made choices for five trials in
sequence. In the tasks, one of the options may
include up to 10 outcomes and the other option
may include up to two outcomes. Further details
concerning the data set and tasks are given in
Bourgin et al. (2019) and Peterson et al. (2021).

Of the 13 k tasks, as in Peterson et al. (2021),
we focus on the 9,831 fully described binary
choice tasks in which full feedback concerning
both the obtained and the forgone payoffs is
provided after each of the five trials. Although

*In each combination, there are k € {1,2,3} sampling
tools, that are each one of four different tools, so there are
3 | 4" = 84 such combinations.
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Computational graph

N
ANa _FT({"LA}':J
{x} :
ti=1 (#2)
BEVa Hﬁé
N
l A [ T({pf},2) AST d(AST)
tli=1 #3) (#4) (#6)
ABEV
(#1)
N P(AST|K, Ty, ..., T
I b7 }:1 — *s)
BEVp
N B Ng Pynbs Punis
oy - [Ty
#3) | U (#11)
Preprocessing
Note. Squares represent parts that are prepossessed, with orange squares the original task’s input (see “Preprocessing”).

Circles represent the differentiable computational graph where the gradients are computed, with green circles for the learned
behavioral parameters (see “Differentiable computational graph”). AS-BEAST = Adaptable Scalable Best Estimate and
Sampling Tools. See the online article for the color version of this figure.

feedback on previous choices usually has an
impact on people’s choices, the published data are
not given per trial. Rather, it includes, for each
choice task, the mean aggregate choice rate for
each gamble over all five trials. To preserve its
generality, AS-BEAST learns different parameter
values and generates separate predictions for
the choice rate in each trial of a sequence of
choices (so it can be applied to data sets with
different lengths of sequences, including one-
shot choices). Hence, here, in each choice task,
we average AS-BEAST’s five trial-level predic-
tions and compare the result with the available
data. Congruently, we report the average of the
parameter values learned across the five trials of
the sequence.

Model Setup

We randomly split the data such that 80%
of the available data (the train set) was used
for model training, the other 20% of the data
(the test-set) was used for model evaluation.

This process was repeated 10 times, and we
report the average test-set mean squared error
(MSE) £ 1 SD. The best training parameters were
found to be: data set size for number of epochs,
batch size of 10, stochastic gradient descent as
the optimizer, and a learning rate of 0.09. Initial
values for punp, Punis Ppes» Psign Were their EVs in
the original BEAST. Initial values for b and w
were 0.2 and 0.3. Code to reproduce the results
is in the Supplemental Material.

Tasks With Stochastically Dominant Options

The original BEAST model presumes a
different process when one gamble stochastically
dominates another. In a similar vein, other works
have also explicitly altered predictive models of
choice under risk and uncertainty when they deal
with such tasks (Peterson et al., 2021; Plonsky
et al., 2018). Following these works and the
logic in the original BEAST, we decided to treat
tasks with stochastic dominance separately from
tasks without stochastic dominance. Our different
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treatment of tasks with stochastic dominance
takes one of two forms: fixed rate or model tuning.
The fixed rate method was employed by Peterson
etal. (2021) in their most successful model for the
current data (MoT, see below). It includes simply
predicting a fixed choice rate for the dominating
option in all relevant tasks of the test-set, based
on the average choice rate of such options in
all relevant tasks in the train set. While this
method is effective for prediction purposes, it
cannot explain how decision makers behave
differently in tasks with and without stochastic
dominance. The model tuning method produces
more interpretable results. It includes training the
model separately only on (train set) tasks without
stochastic dominance and then using the resulting
parameter values found in this training as the
initial values for training the model only on the
subset of choice tasks with stochastic dominance.
Under this method, the model training produces
different sets of parameters for tasks with and
tasks without stochastic dominance and since the
parameters of AS-BEAST are highly interpret-
able, it gives rise to explanations for the nature of
the difference in behavior between the two types
of tasks. Specifically, BEAST originally assumes
less noisy choices in tasks with stochastic
dominance. In AS-BEAST, this would translate
a higher value for the b parameter. Hence, we can
use the model tuning method to examine the
assumption embedded in BEAST, in addition to
investigating if these tasks are different in other
ways than nondominant tasks.

Benchmark Models

We compare the predictive performance of
AS-BEAST to four interpretable behavioral
models: neural EU, neural prospect theory, neural
cumulative prospect theory, and the original
BEAST. The first three of these were developed
and trained by Peterson et al. (2021) as neural
networks implementing classical behavioral
models (EU, prospect theory, and cumulative
prospect theory, respectively), essentially opti-
mizing the functional forms of these models
based on the training data. Note that, as explained
by Peterson et al. (2021), these models all belong
to a class of models in which potential gambles
are valued independently of their alternatives, a
strong theoretical restriction which is possibly too
restrictive (Peterson et al., 2021; Plonsky & Erev,
2021).This restriction also implies that these

models cannot explicitly distinguish between
tasks with and tasks without dominated options,
since to identify a dominance relation, both
gambles must be considered jointly. That is,
under these models, it is not theoretically feasible
to treat tasks with and tasks without dominance
distinctly. Therefore, to the extant that a distinct
treatment of such tasks is useful (e.g., as assumed
in BEAST), the predictive performance of these
models is likely to suffer.

The fourth benchmark model we consider, the
original BEAST, is not trained to the Choices13k
data set. Its parameter values are taken from the
original implementation (Erev et al., 2017).
Indeed a main motivation for the development
of AS-BEAST is that training of BEAST in this
large data set is computationally challenging.

The final benchmark model we compare
AS-BEAST to is MoT, the currently best perfor-
ming published model for the current data. As
mentioned, MoT uses a fixed rate method for its
predictions in tasks with dominance. For tasks
without dominance, MoT uses a neural network
to learn weights that should be given to the
predictions of each of two interpretable behav-
ioral models (also implemented as neural net-
works) per data point. Since the neural network
assigning weights is not interpretable, it is a priori
unclear what it is in a choice task that makes
people behave as if they give more weight to one
model over the other. This property, we argue,
makes MoT a less interpretable model than other
models we consider here. The performance of all
benchmark models except the original BEAST is
taken directly from Peterson et al. (2021).

Segmenting Tasks Without Dominance to
Subgroups

Because of AS-BEAST’s high level of interpret-
ability, it is possible to use the model to probe how
specific properties of the choice task impact choice
behavior. Thanks to size and diversity of the
Choices13k data set, we can partition the tasks to
several mutually exclusive subgroups, tune the
model separately on each subgroup, and analyze
the parameters learned within each subgroup for
behavioral insights. This segmentation involved
only tasks without stochastic dominance. We ex-
plored two segmentation approaches for the
tasks without dominance: manual, theory-driven,
segmentation based on behavioral decision-
making literature observations, and an automatic,
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data-driven, segmentation using deep clustering
via K-Means algorithm on an autoencoder’s latent
representation.

Manual (Theory-Driven) Segmentation. Tradi-
tional studies of choice between gambles consid-
ered mostly gambles with up to two possible
outcomes. Yet, research suggests that choice
behavior can alter when the number of outcomes in
a gamble increases (Bernheim & Sprenger, 2020;
Venkatraman et al., 2014). Building on this, we
segmented the (no-dominance) choice tasks to
four groups, according to the number of outcomes
in their gambles: Tasks with a gamble of one
outcome versus a gamble with two (“1vs2”); two
outcomes versus two (“2vs2”); one outcome
versus three or more (“1vsM”); and two outcomes
versus three or more (“2vsM”).

Automatic (Data-Driven) Segmentation. To
segment We incorporated psychological features
from Plonsky et al. (2017), in addition to the
original BEAST prediction and the unsegmented
(model tuning) AS-BEAST prediction, into the
task’s features. The psychological features are
derived directly from the model BEAST and
reflect the elements BEAST assumes the decision
process is sensitive to. Prior work using ML to
predict human behavior demonstrated the neces-
sity of these features for better ML prediction with
smaller data sets. We employed an autoencoder-
based implementation (https://github.com/xu
yxu/Deep-Clustering-Network) based on Yang
et al. (2017) to learn a latent representation that
is “easy to cluster” with the K-Means algorithm
and set K = 4.

Results

AS-BEAST implementation and training takes
significantly less time than BEAST. For instance,
where BEAST took over a day to generate predic-
tions on Choices13k without retraining (Peterson
et al., 2021), AS-BEAST produces results in
minutes, demonstrating improved scalability.

Prediction Accuracy

Table 1 shows the predictive accuracy of (the
different variants of ) AS-BEAST in Choices 13k in
comparison with the benchmark models, in terms
of the test-set MSE between observed and
predicted choice rates. The results show that
AS-BEAST’s MSE is nearly half of that of all
other similarly interpretable models we examine,

Table 1
Test MSE on Choicesl3k Data Set

Model MSE
Neural expected utility 0.0217
Neural prospect theory 0.0204
Neural cumulative prospect 0.0210
theory
Original BEAST" 0.0214
Mixture of theories (MoT)" 0.0113
AS-BEAST
Fixed-rate for tasks with 0.0113 + 0.0002
dominance
Model tuning for tasks with 0.0118 + 0.0003
dominance

AS-BEAST with segmentation®
Manual (theory-driven)
Automatic (data-driven)

0.0106 + 0.0002
0.0115 + 0.0003

Note. MSEs when predicting all test-set tasks (both tasks
with and tasks without dominant gambles). MSE = mean
squared error; AS-BEAST = Adaptable Scalable Best
Estimate and Sampling Tools.

*Model not trained on Choices13k data. °Model less
interpretable than other models in the table. °With the
fixed rate method for predicting tasks with dominance.

including the original BEAST. This marked
improvement is not merely due to different
treatment of tasks with and tasks without stochastic
dominance: The MSE of the model for tasks
without stochastic dominance is 0.0123, only
slightly worse than the accuracy of the model over
all tasks combined, and much lower than that of
these benchmark models. AS-BEAST’s corre-
sponding accuracy of the modal choice (i.e.,
proportion of tasks in which the model and
data agree on which gamble is more commonly
selected) is 82.8%. Importantly, the predictive
accuracy of AS-BEAST with fixed rate prediction
for the tasks involving dominance is remarkably
similar to that of MoT, which uses the same method
for predicting tasks involving dominance. This
implies that both models perform equally well in
both tasks with and tasks without dominance. Yet,
as mentioned, we argue that AS-BEAST is more
interpretable than MoT.

Whereas some of the large improvement of
performance from BEAST to AS-BEAST can
naturally be attributed to the fact that BEAST has
not been trained on this data, it is likely that some
of it involves AS-BEAST increased adaptability.
The top rows in Table 2 present the parameter
values that the training process has found for
AS-BEAST, with the corresponding EVs of these
parameters as implied by the original BEAST.
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Table 2
Values of Parameters Learned by AS-BEAST

Model b w Punb Puni Ppes Psign
BEAST NA 1 .64 12 12 12
AS-BEAST, on Choicel3k
Tasks without dominance 0.35 0.16 .59 17 .04 .20
Tasks with dominance (model tuning) 1.31 0 .37 .29 .05 .30
AS-BEAST with segmentation,
on Choicel3k
1vs2 0.40 0.29 53 25 .03 .19
2vs2 0.23 0.24 .59 .14 .03 24
1vsM 0.73 0 .54 .24 .03 .19
2vsM 0.26 0.12 .61 13 .03 23
AS-BEAST on synthBEAST 0.43 0.84 .65 13 1 12

Note.

AS-BEAST = Adaptable Scalable Best Estimate and Sampling Tools; NA = not applicable;

1vs2 = one outcome versus a gamble with two; 2vs2 = two outcomes versus two; 1vsM = one outcome
versus three or more; 2vsM = two outcomes versus three or more; synthBEAST = synthetically created
data generated using the model BEAST (see “Validation of Parameter Values”).

The results highlight that two of the arbitrary
assumptions embedded in BEAST to save free
parameters are refuted in AS-BEAST that drops
them. Specifically, BEAST assumes that (a) the
weight given to the difference between EVs,
ABEYV, is equal to the weight given to the diffe-
rence between the outputs of the mental sampling
process, AST, (i.e., it enforces w = 1) and (b)
that the probability of using each of the biased
sampling tools is equal (i.e., it enforces py,; =
Dpes = Dsign)- As the learned values in AS-BEAST
imply, neither of these arbitrary assumptions are
held in the current data. We return to analyze these
learned values in the “Interpreting Behavior”
section below.

Although the main purpose of segmentation of
tasks (that do notinvolve dominance) is to discover
patterns of behavior that the model implies differ
between different types of tasks (see below), it
is still useful to examine how the segmentation
impacts the prediction accuracy of the model.
Segmentation that improves the model’s accuracy
is worthy of further examination. The results
(bottom lines in Table 1) suggest that manual
(theory-driven) segmentation, inspired by previous
behavioral studies that suggested the number of
outcomes in a gamble affects behavior, out-
performed the automatic (data-driven) segmenta-
tion. This implies that the theory-driven segmen-
tation constructs more useful groups of tasks
in which the model’s parameters are shared.®
Moreover, AS-BEAST with this type of segmen-
tation (and fixed rate prediction for dominant tasks)
is more accurate (MSE = 0.0106) than all other

models presented for this data thus far in terms of
MSE, although not in terms of the accuracy in
predicting the modal choice (83.3%) with MoT
reported results slightly more accurate (84.2%).
Manual segmentation also improves the accuracy
of the model when using the model tuning app-
roach to predict tasks with dominance (MSE =
0.0112), making it the second most accurate model
for these data (not shown in the table).

Interpreting Behavior

A key advantage of AS-BEAST over other
highly predictive models for this data (like MoT) is
that it has a small number of highly interpretable
parameters whose values are learned and can be
used for behavioral insights. The learned values,
shown in Table 2, indicate several patterns.

First, in AS-BEAST, the estimated pessimism
sampling tool usage probability, p,., is close to
zero and considerably lower than in the original
BEAST. This finding aligns with the fact that in
Choices13k, participants could not lose money
(had they chosen a losing gamble, their actual
payoff was 0), contrasting with BEAST’s original
data set (Erev et al., 2017). This choice of
experimental design makes pessimism less sensible
here. Given this very low estimated probability, we
trained a version of AS-BEAST that removes the
availability of the Pessimism sampling tool entirely.

® The Supplemental Material demonstrates that the data-
driven clustering resulted with very different clusters of tasks
than the theory-based clustering.
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The results show that the predictive performance
of this variant of the model is virtually identical to
that of the full model, indicating that for the current
data, assuming people have a tendency for
pessimism is not very useful. Notably, when we
repeated this exercise by removing the Sign samp-
ling tool that, according to the estimated parameter
values, is used in nonnegligble proportion of the
time, the accuracy of the model was heavily
impacted (MSE =0.0149). We take this as evidence
that the parameter values that are learned from the
data have a meaningful and useful interpretation.
Second, we can compare the parameter values
for tasks with dominance and tasks without them.
Indeed, this comparison is a major reason to use
the “model tuning” method for prediction of tasks
with dominance. While a fixed rate prediction
appears to yield better results, tuning the model on
dominant tasks allows for greater insight into what
exactly changes in behavior between tasks with
and tasks without dominance. The results show
that the most striking difference between the two
types of tasks is a substantially larger b parameter
value, indicating smaller noise, in tasks with
dominance. This aligns with the original BEAST
model’s assumption, as explained above. Another
interesting finding concerning the parameter
values in tasks with dominance is zero weight
to the difference between the gamble’s EVs. This
is likely because in tasks with dominance one
option is strictly better than the other, regardless of
the magnitude of the difference between their EVs,
which therefore has no impact on the choice rate.
Next, we move to AS-BEAST with (theory-
driven) segmentation, in order to derive insights
from the way the model applies in different subsets
of tasks. As shown in Table 2, the w parameter,
signifying the relative weight of EV differences, is
notably smaller in tasks where one option includes
more than two outcomes (“1vsM” and “2vsM”),
than in tasks that do not include multiple outcomes.
This intuitive result may suggest that multiple
outcomes make computation and reliance on EVs
more challenging. This finding is consistent with
pastbehavioral decision-making research (Huck &
Weizsicker, 1999; Venkatraman et al., 2014).
Finally, in “1vsM” tasks, the model learned a
much higher b parameter value, indicating lower
noise and more extreme predictions, as well as
zero weight to the difference between EVs (w),
indicating significant reliance on the output of the
mental sampling process. Furthermore, the model
learned a relatively high value for the weight of the

Unbiased sampling tool (pynp) and thus appears to
predict a particularly high reliance on the output of
this tool. Because reliance on a small number of
unbiased samples from a distribution implies
underweighting of rare events (due to properties of
binomial distribution, see e.g., Erev et al., 2023),
the learned parameters appear to reflect increased
underweighting of rare events in the “lvsM”
subset of tasks (relative to other subsets). This
is a behavioral insight that, to the best of our
knowledge, is new to the literature. To verify this
finding holds, we examined the observed correla-
tions between the choice rates of the gambles and
the proportion of trials that the chosen gamble can
be expected to outperform the unchosen gamble.
Higher positive correlations reflect more under-
weighting of rare events. We found indeed that the
correlation is higher in the “1vsM” subset of tasks
(r1vm = 0.47) than in the other subsets (rs’ range
[0.34, 0.42]). Thus, the high level of interpretabil-
ity of the learned parameters helped us reveal an
intriguing behavioral phenomenon that we were
not aware of beforehand. We further delved into
these apparent differences in behavior between
subsets of tasks and found that it is useful to
assume that in multioutcome gambles, decision
makers sometimes ignore some of the available
outcomes, perhaps due to their complexity. This
naturally increases behavior that appears as
underweighting of rare events in multioutcome
gambles, particularly when they are contrasted
with a certain payoff. Indeed, incorporating this
assumption into the original BEAST model
reduced its MSE on the Choices13k data set by
over 5.3%.

Validation of Parameter Values

To establish that the above discussion that uses
the values of the model parameters for interpret-
ing behavior is grounded, we made sure that
AS-BEAST can recover known parameter va-
lues, and specifically the parameter values used in
the original BEAST model. For this purpose,
we trained AS-BEAST on a new synthetically
created data set, synthBEAST, that was produced
using the same method as the synthetic data set in
Bourgin et al. (2019). Specifically, we generated
choice tasks using the same algorithm used to

7 Training used the same hyperparameters and initial values
as in the main experiment, with the exception of the values
for b and w which were set to 0.8 and 1, respectively.
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create choice tasks in Choices13k and tagged
them using the original BEAST model. We then
trained the model on this synthetic data set’ and
examined the values of the learned parameters.
The results, shown in Table 2, suggest that
AS-BEAST effectively learned parameter values
that closely resembled those of the original
BEAST model. This suggests that AS-BEAST
can accurately reconstruct behavioral patterns
and thus interpreting its parameters in different
data sets can provide behavioral insights.

Discussion

Our novel approach integrates ML strengths in
scalability and flexibility with the interpretability
of theory-based behavioral models. We exemplify
this through the transformation of the simulation-
based BEAST model into an adaptable computa-
tional graph that can then be trained and produce
predictions with enhanced accuracy and speed.
Crucially, the refined model not only retains its
theoretical interpretability but also unveils new
behavioral phenomena, setting the stage for
potential discoveries in future data sets.

Our study is motivated by the observation that
the original BEAST model was found to be a
surprisingly useful model for prediction of choice
under risk and uncertainty (Agassi & Plonsky,
2023; Erev et al., 2017; Peterson et al., 2021;
Plonsky et al., 2024). Yet, it is also an extremely
hard model to scale to large data sets like
Choices13k. Congruently, previous attempts to
examine its performance on this data did not train it,
but used the parameters fitted to another data set.
Notably, training BEAST requires a grid search
over a selected space of potential parameter values.
The speed of this procedure is highly dependent on
the relatively arbitrary presuppositions concerning
the discrete set of allowable parameter values that
create the grid, and its accuracy depends on the
resolution of the search. Moreover, when deriving
the predictions of BEAST for each set of possible
parameters, the modeler should choose some
accuracy level, reflected in the number of simu-
lations that are run. A higher number of simulations
increases the accuracy but also the computational
demands. AS-BEAST, in contrast, is trained using
AD and stochastic gradient descent and therefore
does not restrict the values of the parameters to a
discrete closed and likely small set. Further, it also
aims to directly compute the expected decision of
an infinite number of simulations, making accuracy

concerns less relevant. In principle, after we
created a differentiable version of BEAST, we
could have used other, more traditional methods to
estimate the parameters. Yet, ML methods are
particularly adept at handling complex cost
functions, which may feature multiple local
minima, and they do not require calculation of
second derivatives—a task that is often intractable
for sophisticated models. Moreover, the use of AD
facilitates efficient computation of derivatives
without manual derivation that can be difficult in
complex models. Finally, these methods also offer
superior scalability and computational efficiency,
particularly with large data sets. On the other hand,
to train effectively, these methods require large
data sets. This could be particularly problematic in
the realm of behavioral sciences, where data sets
are often relatively small, although this is changing
in recent years. Further, these methods can be less
precise than more traditional methods.
Nevertheless, as we show, using these methods
in our context can effectively recover known
parameters and provide meaningful values.

Our use of ML approaches differs from
regular applications of ML in developing predic-
tive models. Rather than employing ML directly
to produce predictions, we make use of common
methods used in ML to estimate parameters of
a theory-grounded model. While this type of
applications is novel in the domain of behavioral
decision making, similar approaches has been used
recently for estimating parameters in the context of
neurophysiological models of neuroimaging data
(Griffiths et al., 2022) and of agent-based models
of opinion dynamics (Lenti et al., 2024). The
main purpose in these types of works does not
rely necessarily on achieving superior predictive
accuracy but on accurately and efficiently estimat-
ing interpretable models. In the current work, we
achieve both efficient parameter estimation and
state-of-the-art levels of prediction accuracy.

Our strategy of synergizing ML approaches
with behavioral models offers wider applicability.
For instance, in the “1vsM” outcome problems
of the Choices13k data set, we discovered that
decision makers behave as if they tend to disregard
some outcomes. This behavioral pattern could in
principle be modeled using a “dropout layer”
common in neural networks, that can be added
to the computational graph, with the “dropout
probabilities” (the likelihood of an outcome being
ignored) learned from the data. This outcome—
dropout approach can be employed in any
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behavioral model adapted using computational
graphs, not just BEAST, by inserting a dropout
layer on the gamble outcomes while upholding the
standard logic of the behavioral model.

One limitation of AS-BEAST, particularly
when contrasted with BEAST, is the fact that it
is designed to directly produce a predicted average
choice of the population in a choice task, rather
than simulate the choices individual decision
makers make in that task. In this sense, AS-BEAST
is less of a process model than BEAST that makes
assumptions about the actual choice process
individual decision makers make before averaging
them to make a prediction. Moreover, AS-BEAST,
as implemented, can only be applied to choice
between fully described gambles (i.e., without
ambiguity), whereas BEAST is more general. Yet,
for the purpose of predicting the population-wide
choice rates in the classic decisions under risk
setting, AS-BEAST is sufficient.

Conclusion

In our research, we unveiled AS-BEAST, a
pioneering model that blends the scalability and
adaptability of ML with the interpretability of
a psychological theory-based model in predic-
ting decision-making under uncertainty. This
was achieved through the incorporation of ML
capabilities for gradient-based optimization within
a mathematical and more flexible adaptation of the
BEAST model.

AS-BEAST’s performance was validated on
the most extensive publicly available data set on
decision-making under uncertainty, where it out-
performed strong benchmarks. The model’s adap-
tability was instrumental in enhancing BEAST’s
prediction accuracy and runtime, but perhaps more
crucially, its interpretability yielded fresh behav-
ioral insights.

We anticipate our work will pave the way for
an innovative approach that synergizes theory
and ML, fostering greater collaboration bet-
ween domain experts and ML researchers. More
specifically, we hope our model encourages
deeper engagement between the ML and behav-
ioral science communities, thereby enhancing
our ability to predict human decision making.
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