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Abstract
Modern theories of decision making emphasize the reference-dependency of decision making
under risk. In particular, people tend to be risk-averse for outcomes greater than their reference
point, and risk-seeking for outcomes less than their reference point. A key question is where
reference points come from. A common assumption is that reference points correspond to
expectations about outcomes, but it is unclear whether people rely on a single global expectation,
or multiple local expectations. If the latter, how do people determine which expectation to
apply in a particular situation? We argue that people discover reference points using a form
of Bayesian structure learning, which partitions outcomes into distinct contexts, each with its
own reference point corresponding to the expected outcome in that context. Consistent with
this theory, we show experimentally that dramatic change in the distribution of outcomes can
induce the discovery of a new reference point, with systematic effects on risk preferences. By
contrast, when changes are gradual, a single reference point is continuously updated.

Introduction
When people make decisions under risk (e.g., accepting or rejecting a gamble), their proclivity for
risk depends critically on whether the outcome of the gamble is perceived as a gain or a loss [1].
If the outcome is perceived as a gain, most people will require an additional incentive (the risk
premium) relative to a risk-neutral decision maker in order to accept the gamble, indicating that
people are risk-averse for perceived gains. In contrast, most people are risk-seeking for perceived
losses. The notion of “perception” is important here, because an objective gain may be perceived
as a loss if it is less than expected (e.g., when one receives a surprisingly small raise), and likewise
an objective loss may be perceived as a gain if it is greater than expected (e.g., a surprisingly
inexpensive ticket). The expectation thus acts as a reference point for subjective valuation.
Modern theories of decision making have sought to formalize the concept of an expectation-based
reference point and how it changes based on experience. In an influential line of work, Kőszegi and
Rabin [2, 3] proposed that reference points reflect rational expectations based on recent outcomes
(see also [4, 5]). In support of this theory, contestants on the TV game show “Deal or No Deal”
were more likely to make risky choices when they had recently experienced unfavorable outcomes
[6], recapitulating results from laboratory experiments [7, 8]. Similarly, experiments with foraging
animals have demonstrated risk-seeking behavior when reward rate is low [9].
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A standard assumption is that a single reference point is updated gradually over time as new
outcomes are observed. However, this cannot be the whole story, for several reasons. First, the
decision making literature is scattered with observations that people can adopt multiple reference
points [10, 11, 12, 8]. Kahneman [13] likened the mental co-existence of reference points to ambiguous images (e.g., the Necker cube); the mind does not settle on one or average them together,
but instead entertains them all in a state of tension. Second, evidence from other domains suggests
that humans organize their knowledge into discrete units (chunks, clusters, contexts, etc.) based
on statistical regularities [14, 15, 16, 17, 18, 19], and thus it seems plausible that a similar form
of “structure learning” might be invoked to organize the distribution of outcomes into discrete
contexts.
In this paper, we pursue this idea theoretically and empirically. Following prior work [2, 3],
we posit that reference points reflect rational expectations updated based on recent outcomes.
However, we additionally assume that reference points can be discovered de novo by structure
learning. Adapting a paradigm for studying structure learning in perceptual judgment [14], we
present experimental evidence that risk preferences for gambles with outcomes drawn from a fixed
distribution are influenced by the distribution of other gambles experienced in the same context
(varied across blocks). Crucially, if the fixed and variable distributions are sufficiently different,
then the contextual effects are attenuated, indicating that they were assigned to distinct reference
points. This attenuation effect is eliminated when the variable distribution is changed gradually
across blocks, suggesting that a single reference point is applied to both distributions when their
differences are made less salient. These patterns are captured by a Bayesian structure learning
model of reference point formation.

Results
Experiment 1
Participants completed a binary choice task (see Materials and Methods for details) in which they
made choices between a certain lottery (e.g., 50 points) and a lottery offering a fair chance of
doubling or forfeiting the same amount (e.g., 50% chance of 100 points, 50% chance of 0 points).
Thus, the expected values of the two options were equivalent.
Unbeknownst to participants, the expected value was randomly sampled from one of two Gaussian distributions (denoted A and B; Figure 1). Distribution A was held fixed across all conditions,
whereas the mean of distribution B was varied. According to our structure learning account, which
we formalize below, participants should cluster A and B trials together when the means of the
distributions [denoted EV(A) and EV(B)] are close, because this is a statistically parsimonious
account of the data. In this case (Figure 2A), a single reference point is applied to both A and
B trials, corresponding to the expectation of the merged distribution. The reference point for A
trials should increase with the mean of B, as long as the two trial types are clustered together
(Figure 2B). We can discern evidence for this shifting reference point by measuring the probability
of gambling on A trials as a function of EV(B). Risk-averse participants should be more likely to
gamble as EV(B) increases (under the assumption that utilities are concave for gains and convex
for losses), whereas risk-seeking participants should be less likely to gamble.
Crucially, the structure learning account also predicts that participants should separate A and
B trials into distinct clusters when EV(A) and EV(B) are sufficiently distinct (Figure 2C). Since
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Figure 1: Task Design. On each trial, participants made a choice between a certain reward (displayed as a circle containing the reward amount in points) and a lottery with the same expected
value (displayed as a divided circle containing twice the certain reward amount on one half and 0
on the other half). Expected values were drawn from one of two Gaussian distributions (A or B).
Distribution A was fixed across all 4 conditions, whereas the mean of distribution B varied across
conditions. In Experiment 1, the order of conditions was randomized across blocks; in Experiment
2, the conditions were ordered such that the mean of B increased monotonically across blocks.
EV(A) is always less than or equal to EV(B), this means that the reference point should decrease,
decreasing gambling propensity for risk-averse participants and increasing it for risk-seeking participants. Thus, the structure learning account predicts that P(Gamble|A) will be a non-monotonic
function of EV(B).
We tested these predictions in a data set of 92 participants (54 designated as risk-averse, 38
designated as risk-seeking; see Materials and Methods for a description of how this designation
was determined). The mean of B differed in increments of 10 across experimental conditions: 35,
45, 55, and 65 points, with the lowest value equal to the mean of distribution A. The order of
these conditions was randomized across blocks. We reasoned that randomization would make the
difference between conditions highly salient.
As shown in Figure 3, both risk-averse and risk-seeking participants changed their risk preference
for A trials non-monotonically as a function of EV(B). In accordance with our predictions, riskaverse participants first increased their risk preference and then decreased it, whereas risk-seeking
participants did the opposite. Note that, if the expectations-based reference point were based solely
on an estimate of overall average reward, we would expect P(Gamble|A) to increase monotonically.
Alternatively, if the reference point were based solely on the average reward for A trials, then we
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Figure 2: Reference point formation as structure learning. The black curve shows the probability of
gambling on A trials, with risk-aversion above the reference point (indicated by a circle), and riskseeking below the reference point; for risk-seeking participants, this pattern flips. The distribution
of expected values for A trials is shown in blue, and the distribution for B trials is shown in red.
(A) When the two distributions are close together, a shared reference point (purple circle) is formed
based on the merged distribution. (B) For a moderate increase in the mean of the B distribution,
the shared reference point increases. (C) For a sufficiently large increase in the mean of B, separate
reference points are formed for A and B trials.
would expect no change across conditions. Thus, our experimental results provide strong support
for our structure learning hypothesis.
To evaluate these patterns quantitatively, we fit a mixed-effects logistic regression model with
the form P(Gamble|A) ∼ Int. + EV(B) + EV(B)2 , which allows us to capture quadratic effects of
EV(B). We compared this to a model that lacked the quadratic term, and hence can only capture
linear effects of EV(B). In both models, the identity of the participant was treated as a random
effect, and parameters were estimated separately for risk-averse and risk-seeking groups.
The regression results are summarized in Table 1 (see Table S1 in the Supporting Information for
the linear model results). For risk-averse participants, the quadratic model fit yielded significant
positive linear and negative quadratic coefficients. For risk-seeking participants, the quadratic
model fit yielded significant negative linear and positive quadratic coefficients. The quadratic
effects constitute quantitative support for the non-monotonic pattern shown in Figure 3. For both
risk-averse and risk-seeking participants, likelihood ratios tests allowed us to reject the linear model
relative to the quadratic model (risk-averse: p < 4.8e − 12, risk-seeking: p < 2.1e − 07). Moreover,
two standard model comparison metrics (Akaike information criterion and Bayesian information
criterion) favored the quadratic model (Table 2).

Experiment 2
The results of Experiment 1 indicate that large, abrupt changes in distributional statistics can
drive reference point formation. Based on findings from Pavlovian [20], motor [21], and perceptual
[22, 23, 15] learning experiments, we hypothesized that subtler changes would obscure the differences
between distributions and thus prevent new reference points from being formed. To test this
hypothesis, we used the same conditions as in Experiment 1, but ordered them monotonically
across blocks, such that each transition between blocks was associated with a relatively gradual
10-point change in the mean of distribution B.
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Figure 3: Probability of gambling (choosing the risky option) on lotteries drawn from distribution
A, plotted as a function of the mean of distribution B. Results are shown separately for risk-averse
(top) and risk-seeking (bottom) participants. Left: Experiment 1 results (mean of B randomized
across blocks). Right: Experiment 2 results, where the mean of B increases monotonically across
blocks. Error bars represent within-participant standard error of the mean.
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Table 1: Parameter estimates for mixed-effects logistic regression model of P(Gamble|A), the probability of choosing the risky option when the expected value is drawn from distribution A. β =
regression coefficient; SE = standard error; Int. = intercept; EV(B) = expected value of distribution
B.
β
SE
p-value
Experiment 1
Risk-Averse
∗∗∗

Int.

-0.67

(0.24)

5.6e-03

EV(B)

1.1

(0.20)

1.4e-08∗∗∗

EV(B)2

-0.22

(3.6e-02)

1.1e-09∗∗∗

Int.

0.44

(0.22)

5.6e-02

EV(B)

-1.33

(0.29)

1.4e-06∗∗∗

EV(B)2

0.25

(5.5e-02)

1.1e-06∗∗∗

Int.

-0.69

(0.46)

0.13

EV(B)

0.67

(0.34)

4.8e-02∗

EV(B)2

-0.08

(6.7e-02)

0.23

Int.

0.19

(0.32)

0.54

EV(B)

-0.50

(0.44)

0.26

EV(B)2

0.066

(9.4e-02)

0.48

Risk-Seeking
∗

Experiment 2
Risk-Averse

Risk-Seeking

Data from 39 participants (18 risk-averse, 21 risk-seeking) were analyzed using the same procedure described for Experiment 1. Consistent with our hypothesis that gradual change would obscure
the distributional differences between conditions and lead to a single shared reference point, riskaverse participants increased their risk preference on A trials monotonically as a function of EV(B),
while risk-seeking participants decreased their risk preference monotonically (Figure 3).
Mixed-effects logistic regression confirmed this observation statistically. In contrast to the
results of Experiment 1, we found no evidence for quadratic effects in either participant group
(Table 1). Quantitative model comparison metrics favored the linear over the quadratic model
(Table S2), and parameter estimates (summarized Table S1) showed significant linear effects of
EV(B). Taken together, these results support our claim that a shared reference point tracked the
gradually increasing EV(B) across blocks.

Computational modeling
To account for experimental results, we generalize the theory of expectation-based reference point
updating to incorporate structure learning. Our point of departure is the idea that the reference
6
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Table 2: Model comparison metrics for regression analyses. AIC = Akaike Information Criterion;
BIC = Bayesian Information Criterion.
AIC
BIC
Quadratic Linear Quadratic Linear
Risk-Averse
Risk-Seeking
Risk-Averse
Experiment 2
Risk-Seeking

Experiment 1

6703.7
4141.1
2147.6
2438.7

6754.7
4169.7
2144.2
2461.2

6763.0
4197.2
2197.2
2489.7

6787.6
4200.9
2171.7
2489.5

point corresponds to an agent’s expectation [2, 3, 4], rationally updating over time using Bayes’
rule. Because the agent expects that rewards may arise from multiple latent causes [20, 15], the
expectation (and thus the reference point) can sometimes “jump” rather than adapt slowly. Most
importantly for present purposes, structure learning can give rise to multiple reference points within
the same context.
We develop the computational model in three stages. First, we describe the hypothetical datagenerating process that characterizes the agent’s internal model of the world. Second, we formalize
the inference problem facing the agent: to form beliefs about structure (latent causes) and the
distribution of rewards associated with each latent cause. Third, we describe how beliefs are
translated into a choice policy. We then fit the model to our data and show that it can capture the
key phenomena observed in our experiments.
Let xt ∈ R denote the reward payoff for the certain option (or equivalently the expected value
of the risky option) on trial t. This reward is drawn from a Gaussian distribution with mean µkt
and variance σ 2 , where k = zt indicates the latent cause responsible for trial t. We assume a
Gaussian prior over the initial condition µk0 , with mean 0 and standard deviation σ02 . To allow for
gradual changes in the payoff distribution over time, we assume that the mean follows a Gaussian
random walk: µkt ∼ N (wµkt−1 , q), where w ∈ [0, 1] is a decay parameter that controls the rate of
mean-reversion.
To allow for larger, abrupt changes in the payoff distribution, we assume that the latent cause
can change over time, either by resampling an old latent cause or sampling a new latent cause.
Following previous work on structure learning [20, 15], we model the prior over latent causes with
a Chinese restaurant process (CRP) [24, 25], which generates assignments of trials to latent causes
according to the following sequential stochastic process:
( k
M
if M k > 0,
P (zt = k|z1:t−1 ) = t−1+α
α
if Mk = 0.
t−1+α
where M k is the number of trials assigned to latent cause k up to trial t, and α ≥ 0 is a parameter
controlling the number of latent causes. When α = 0, all trials are assigned to the same latent
cause, and in the limit α → ∞, all trials are assigned to different latent causes. More generally, the
expected number of latent causes after t trials is α ln t.
The computational problem facing the agent at time t is to infer the joint posterior over latent
causes and their associated expected reward, as stipulated by Bayes’ rule:
P (zt , µt |x1:t ) ∝ P (xt |zt , µt , x1:t−1 )P (zt )P (µt ),
7
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where the index 1 : t indicates the set of all trials from 1 to t. The likelihood P (xt |zt , µt , x1:t−1 )
and priors P (zt )P (µt ) are given by the generative process described above. Details about tractably
approximating the posterior can be found in the Supporting Information.
We assume that preferences follow a reference-dependent quadratic utility function:
u(x; r) = x − r + ρ(x − r)2 ,
where r denotes the reference point (see below) and ρ controls the curvature of the utility function.
In our experimental task, the expected utility of option c ∈ {certain, risky} is then given by:
Vt (certain) = u(xt ; rt ),
Vt (risky) = u(xt ; rt ) + ρ(xt − rt )2 .
The curvature parameter ρ controls risk preferences: ρ < 0 implies concavity for payoffs above the
reference point (risk aversion) and convexity for payoffs below the reference point (risk seeking),
as in Prospect Theory [1]. This pattern reverses for ρ > 0, and ρ = 0 implies risk neutrality. The
quadratic utility function can also be understood as a special case of a mean-variance choice model
[26, 27].
Under an expectations-based reference point model, r corresponds to the expected payoff E[x].
In our case, this expectation on trial t is given by:
X
E[xt ] = w
P (zt = k|x1:t−1 )µ̂kt−1 ,
k

where µ̂kt = E[xt (c)|zt = k] denotes the posterior mean payoff for latent cause k (see Supporting
Information).
To allow for some stochasticity and bias in choice, we model the choice policy with a logistic
sigmoid function f (v) = 1/(1 + e−v ):
P (ct = risky) = f (Vt (risky) − Vt (certain) + ψ)
= f (ρ(xt − rt )2 + ψ),
where ct is the choice on trial t, and ψ models an overall bias for risk seeking (ψ > 0) or risk
aversion (ψ < 0).
The data from Experiments 1 and 2 were fit with two versions of the structure learning model
(see Materials and Methods for model-fitting procedures): the full model (α > 0) that can learn
multiple reference points, and a restricted model (α = 0) that learns a single reference point.
Figure 4 shows the gambling probabilities for both models. The full model is able to capture the
key findings: (1) a non-monotonic risk preference on A trials as a function of EV(B) in Experiment
1; (2) a monotonic risk preference in Experiment 2; and (3) opposite patterns of modulation for
risk-averse and risk-seeking participants. The critical feature of the model is its ability to segregate
A and B into separate latent causes when their expected values are sufficiently different. The
importance of this feature is highlighted by the fact that the restricted model is unable to capture
the non-monotonic risk preference in Experiment 1.
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Figure 4: Model fits for the probability of gambling (choosing the risky option) on lotteries drawn
from distribution A, plotted as a function of the mean of distribution B. Results are shown separately for risk-averse (top) and risk-seeking (bottom) participants. The α > 0 curve shows the fit of
the full structure learning model that adaptively infers new reference points, and the α = 0 curve
shows the fit of the restricted model in which all trials are forced to use the same reference point.
Left: Experiment 1 results (mean of B randomized across blocks). Right: Experiment 2 results,
where the mean of B increases monotonically across blocks. Error bars represent within-participant
standard error of the mean.
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Discussion
Reference points play a fundamental role in theories of decision making, yet where they come from
and how they change with experience has been an enduring puzzle. The research reported here
sheds light on these questions, demonstrating that reference points arise from inferences about
latent structure. The key idea is that new reference points are created when the prize distribution
undergoes a dramatic change. In contrast, reference points are updated incrementally when the
prize distribution undergoes gradual change.
The structure learning account of reference point formation makes a non-trivial prediction,
which we confirmed experimentally: whereas small changes in the mean of the prize distribution
can shift the reference point up or down, thereby altering risk preferences, large changes will
actually have a diminished effect due to the creation of a new reference point. In other words, the
magnitude of change affects risk preference non-monotonically. This pattern holds both for riskseeking and risk-averse participants. Importantly, when the mean changes gradually across blocks
of the experiment, risk preference changes monotonically, in accordance with our prediction that
gradual change will lead to reference point updating rather than the creation of a new reference
point.
Our model of reference point formation is a significant generalization of the expectations-based
reference point model [2, 3]. The core idea remains the same—reference points reflect expectations—
but allows different expectations to form in different contexts. The notion that reference points are
context-dependent has been widely acknowledged in psychology, but without a systematic formal
treatment like the one proposed here [10, 11, 12, 8, 13].
A strong claim of our theory is that the brain tracks multiple reference points across time,
invoking different reference points in a context-dependent manner. Brain imaging could be used
to obtain independent evidence for this claim by identifying a neural correlate of the reference
point, which could then be used to predict variability in risk preferences. Functional MRI studies
have exploited this idea for a fixed structure [28, 29, 30], but have not yet investigated the role of
structure learning.
While we have focused on expectations about prizes, the same logic can be applied to other
economic variables, such as probabilities and delays. One interesting question is whether reference
points apply to the joint space of economic variables, or whether these variables are dissociable,
with reference points forming and updating independently. Either scenario could be formalized in
our modeling framework, and could be addressed experimentally by orthogonally manipulating the
magnitude of changes in different variables simultaneously.
In summary, our findings implicate an important and hitherto unappreciated role for structure
learning in decision making. These findings dovetail with results in a diverse set of domains,
including memory [15, 31], social cognition [16], categorization [32], and perception [33], all of which
involve some form of structure learning. Indeed, our experimental design closely mirrored previous
experiments on perceptual judgment [14]. A common modeling framework, based on nonparametric
Bayesian inference, can explain many aspects of behavior across these different domains, suggesting
that there may be a set of basic computational principles that govern structure learning in the brain.
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Materials and Methods
Participants
We recruited 200 individuals to complete the experiment online using the Amazon Mechanical
Turk (MTurk) service. Participants had to correctly answer questions to ensure comprehension of
the instructions before proceeding. In addition to $2 base pay, each participant was awarded a
bonus payment based on the realization of a randomly selected trial. Points were converted into
dollars such that the minimum bonus was $1 and the maximum was $2. Participants gave informed
consent, and all procedures were approved by Harvard Universitys Institutional Review Board.

Exclusion criteria
In line with recommendations for studies conducted using Amazons Mechanical Turk (AMT) service, careful instructions and a priori exclusion criteria were applied to ensure data quality [34].
Of the 186 participants who progressed to the end of the experiment, Fourteen were excluded for
failing to provide responses for greater than 15% of trials overall or 20% of trials within a given
block, and an additional 27 participants were excluded from analysis due to biased selection of
risky vs. safe, or left vs. right option on over 90% of trials. Finally, 17 participants were excluded
because they showed no effect of expected value on choice behavior.

Procedure
Participants completed 200 trials in which they chose between a certain option (guaranteed x points)
and a risky option (2x points with probability 0.5). The side of the screen on which the risky option
appeared was counterbalanced across trials. Participants were given an unlimited amount of time
to make each choice (subject to the 15 minute deadline for completion of the task). Participants
did not receive feedback about the outcome of their choice. Once a response was recorded, the
task transitioned to a 1.5 second inter-trial interval during which a fixation cross appeared. To
discourage the use of simple heuristics (e.g., always choosing the risky lottery gamble) and promote
sustained attention, catch trials were embedded randomly within each block. On these trials (4
total across the entire experiment), the options were mismatched so that either the certain or risky
option had twice the expected value of the other.

Design
Experiment 1 consisted of 4 conditions (50 trials per condition) presented in random order across
participants. Each condition differed only in the mean of B, which took on values of 35, 45, 55, or
65 points. Distribution A had a fixed mean of 35 points across all conditions. The variance of both
distributions was equal to 5 points. Experiment 2 was almost identical to experiment 1, except
that the conditions were presented in order of increasing mean.

Identification of risk preferences
Participants’ were sorted according to risk preference by fitting a logistic regression model to choice
data as a function of expected value xt on trial t, P (ct = risky) = f (βxt ), where f (·) is the logistic
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sigmoid function. Participants whose regression coefficient β was negative were identified as riskaverse, and participants whose regression coefficient was positive were identified as risk-seeking. To
avoid confounding this identification procedure with our effects of interest, only choices from the
EV(B) = EV(A) = 35 condition were used for this analysis.

Model fitting
Each participant’s choice data were fit separately using maximum likelihood estimation of parameters. For the full structure learning model, the free parameters were ψ, ρ, and α. For the restricted
model, the free parameters were ψ and ρ. The remaining parameters were fixed as follows for
both models: σ02 = 25, σ 2 = 0.05, q = 0.005, w = 0.95. Numerical optimization was used to find
maximum likelihood estimates of the free parameters, with 5 random initializations to avoid local
optima.

Model comparison
We used two standard metrics for model comparison: the Akaike Information Criterion (AIC) and
the Bayesian Information Criterion (BIC).
BIC = −2L + K ln N
AIC = −2L + 2K,
where L is the maximum likelihood value, K is the number of parameters, and N is the number
of data points. Both metrics balance model fit (L) against model complexity (K), but the BIC
penalizes complexity more strongly.
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Supporting Information (SI)
SI Text
As described in the main text, the agent observes the expected payoff xt ∈ R on trial t and uses
this observation to update her belief about the latent cause zt responsible for the observation, as
well as her belief about the mean of the payoff distribution µzt associated with the latent cause.
Here we provide the details of how the update is computed.
The posterior over zt is given by:
P (zt |x1:t ) ∝ P (xt |x1:t−1 , zt )P (zt |x1:t−1 )
X
P (xt |x1:t−1 , z1:t )P (zt |z1:t−1 )P (z1:t−1 |x1:t−1 ).
=

(1)

z1:t−1

Because the sum over z1:t−1 is computationally intractable, we use a “local” maximum a posteriori
(MAP) approximation [32, 35, 15], which replaces the marginalization with a maximization:
P (zt |x1:t−1 ) ≈ P (zt |ẑ1:t−1 )

(2)

P (xt |x1:t−1 , zt ) ≈ P (xt |zt , ẑ1:t−1 )

(3)

where P (zt |ẑ1:t−1 ) is the Chinese restaurant process (CRP) and ẑ1:t−1 is defined recursively according to:
ẑt = argmax P (zt = k|x1:t , ẑ1:t−1 ).

(4)

k

The local MAP approximation does not in general yield the history of latent causes with the highest
posterior probability, because it does not update past assignments after observing new information.
However, it is often sufficiently accurate, as attested by its use in machine learning applications
[36].
Using the local MAP approximation, the likelihood is given by:
P (xt |zt = k, ẑ1:t−1 ) = N (xt ; µ̂kt−1 , w2 λkt−1 + q + σ 2 ),

(5)

where w ∈ [0, 1] is a decay parameter, q is the diffusion noise variance, σ 2 is the observation
noise variance, µ̂kt−1 is the posterior mean for cause k after observing trials 1 to t − 1, and λkt is
the posterior variance. The mean and variance are updating according to the Kalman filtering
equations:
µ̂kt = wµ̂kt−1 + ηtk P (zt = k|x1:t−1 )(xt − wµ̂kt−1 ),

(6)

λkt

(7)

=

w2 λkt−1

+q+

ηtk P (zt

=

k|x1:t−1 )λkt−1 ,

where ηtk is the Kalman gain (learning rate), given by:
ηtk =

w2 λkt−1 + q
.
w2 λkt−1 + q + σ 2
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Table S1: P(Gamble|A) as a linear function of EV(B). β = regression coefficient; SE = standard
error; Int. = intercept; EV(B) = expected value of distribution B.
X
β
SE
Pr(> |t|)
Experiment 1
Risk-Averse
∗∗∗

Int.

0.42

(0.15)

6.6e-03

EV(B)

2.6e-03

(5.3e-02)

0.96

Int.

- 0.67

(0.19)

4.0e-04∗∗∗

EV(B)

-0.10

(6.4e-02)

0.11

Int.

-0.30

(0.30)

0.31

EV(B)

0.27

(8.2e-02)

9.9e-04

Int.

-0.11

(0.27)

0.70

EV(B)

-0.17

(8.7e-02)

0.05

Risk-Seeking

Experiment 2
Risk-Averse

Risk-Seeking
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∗∗∗

