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Introduction

I Learning under ambiguity

I Learning is a costly process

I Information in continuous time rather than discrete
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I Trautmann and Zeckhauser (2013): subjects neglect learning
opportunities.

I Ert and Trautmann (2014): sampling experience reverses
preferences for ambiguity.

I Nicholls et al (2015): learning does not decrease violations of
the sure-thing principle.

I Baillon et al (2017): more information leads to expected
utility.

I Abdellaoui et al (2016):continuum of ambiguity degrees
between the known and the unknown urn.

How does exogenous learning affect ambiguity attitudes?
How do ambiguity attitudes affect the choice of how much to
learn?
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Decision Task

Modified Ellsberg 2-urn thought experiment

I There are two urns, each containing 100 balls, each of them
either Blue or Red

I The risky urn contains an equal number of blue and red balls

I The ambiguous urn contains 50 + θ blue balls and 50− θ red
balls, with θ ∈ [−50, 50]

I A DM chooses between betting on a winning colour from the
risky or the ambiguous urn

I Before choosing, the DM can postpone the decision and
gather information on θ

I Signals are provided via a diffusion process (Brownian motion)
with drift equal to the bias towards blue

I There is a cost c > 0 per-unit-time of sampling (monetary or
cognitive)
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Figure 1: Diffusion process Zt = θt + σBt



Theoretical model

Epstein and Ji (forthcoming)

I The DM knows that the ambiguous urn has either 50− θ or
50 + θ blue balls

I But there is ambiguity about which direction

I The DM deals with ambiguity solving a MaxMin problem
(Gilboa and Schmeidler, 1989)

I The set of prior beliefs is
M0 = {(1−m)δ−θ + mδθ : 1−ε

2 ≤ m ≤ 1+ε
2

I ε measures the ambiguity attitude (perception), ε ∈ [0, 1]
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Theoretical model

Epstein and Ji (forthcoming)

I The DM faces an optimal stopping problem:

I maxτ minP∈P0 EP(Xτ − cτ)

I The set of posteriors is obtained via the Generalised Bayesian
rule

I τ∗ is the optimal stopping time

I τ∗ > 0 which is given by τ∗ = min{t ≥ 0 : |Zt | ≥ z̄} with

z̄ = σ2

2θ [log( 1+ε
1−ε) + log( r̄

1−r̄ )]

I r̄ is the unique solution of l(r) + l( 1+ε
2 ) = 4θ3

cσ2
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Figure 2: Stopping thresholds for: θ = 0.166 (67 blue; 33 red),
σ = 0.1, ε = 0.5, c = 0.01, z̄ = 0.186



Theoretical model

Epstein and Ji (forthcoming)-Theorem 1

I Extremely ambiguity averse people will never sample (ε > ε̄)

I Bayesian DM always sample

I Intermediate values of ε predict sampling and stop at z̄

Epstein and Ji (forthcoming)-Corollary B1

Sampling time increases when:

I cost c falls

I σ and θ both increase in such away that θ
σ2 is constant
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Experimental Design

I Two variables to vary (c , θ/σ2) in two levels (Low, High)

I 4 treatments

I 1 minute of sampling

I 20 rounds

I 114 subjects

I Payment on one random chosen round

I Choose an urn and a colour (also sample if they wish)

I Main prediction: LH > HH > LL > HL
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Figure 3: Percentage of trials where subjects sampled
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Figure 4: Percentage of trials where subjects did not sample and chose
the risky urn.
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Figure 5: Percentage of trials where subjects sampled and chose the risky
urn.
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Figure 6: Percentage of trials where subjects sampled, chose the
ambiguous urn and chose the correct colour.
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Figure 7: CDF of thresholds.

Pred: LH > HH > LL > HL Vs. Obs: LH > HH > HL > LL
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Estimate
Std.
Error

t value Pr(>—t—)

(Intercept) 0.106291 0.005324 19.96305 3.51E-77 ***
dHL -0.03183 0.005763 -5.52266 4.06E-08 ***
dLH 0.01964 0.006147 3.195249 0.001432 **
dLL -0.05205 0.005823 -8.93942 1.37E-18 ***
round 0.000345 0.000371 0.929444 0.352839

Table 1: Treatment effects. Dependent variable: absolute value of
threshold Zt . HH is the baseline.



Summary and extensions

I Predictions of the theory seem to be confirmed

I Demand for information

I Some subjects never sample

I Some subjects never sample but choose the ambiguous urn

I High variation in the sampling time

I Identify and estimate ε to classify subjects



Thank you!


