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A Bayesian Framework for ���
Precautionary Action and Knightian 

Uncertainty	

Nabil I. Al-Najjar���

	

Northwestern University	


Talk based on the paper:	

• “A Bayesian Approach to Precautionary Policies”	


Also draws on papers with Jonathan Weinstein:	

• “A Bayesian Model of Knightian Uncertainty” ���
(Forthcoming in Theory and Decision)	

• “The Ambiguity Aversion Literature: A Critical Assessment” ���
(special issue of Economics and Philosophy)	


Two Types of Probabilities	


Knight, 1921 argued there is a  fundamental difference between ���
“measurable risk and an unmeasurable uncertainty”	

	


◆  The probability that it rains tomorrow is xx %	

	

seems more " objective,'' or less likely to provoke disagreement than 
statements about the probability of  	

	


◆  US debt-to-GDP ratio drops below 60% in 2030	

◆  The European monetary union unravel within 5 years	


	

Many people "feel'' that these probability judgments are fundamentally 
different in nature	
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Keynes on Uncertainty	


“The sense in which I am using the 
term [uncertainty] is that in which the 
prospect of a European war is 
uncertain, or the price of copper and 
the rate of interest twenty years hence, 
or the obsolescence of a new invention, 
or the position of private wealth-
owners in the social system in 1970.	


About these matters, there is no scientific basis on which to 
form any calculable probability whatsoever. We simply do not 
know.”	


Is This Just Semantics?	


❖  Perhaps, but it is semantics that increasingly resonates	


◆  Models disagreement and model uncertainty 	

•  V-a-R ranges	

•  Climate change	

•  Macro policy	




3	


Key Ingredients	


❖  Scientific uncertainty: 	

◆  Lack of complete understanding of the causal relationship between 

decisions and outcomes	

◆  One manifestation is disagreement among experts with access to identical 

data	


Distribution on 
global average 
temperature rise 
by 2100 under 
25 studies	


LETTERS

Greenhouse-gas emission targets for limiting global
warming to 2 6C
Malte Meinshausen1, Nicolai Meinshausen2, William Hare1,3, Sarah C. B. Raper4, Katja Frieler1, Reto Knutti5,
David J. Frame6,7 & Myles R. Allen7

More than 100 countries have adopted a global warming limit of
2 6C or below (relative to pre-industrial levels) as a guiding prin-
ciple for mitigation efforts to reduce climate change risks, impacts
and damages1,2. However, the greenhouse gas (GHG) emissions
corresponding to a specified maximum warming are poorly
known owing to uncertainties in the carbon cycle and the climate
response. Here we provide a comprehensive probabilistic analysis
aimed at quantifying GHG emission budgets for the 2000–50
period that would limit warming throughout the twenty-first
century to below 2 6C, based on a combination of published dis-
tributions of climate system properties and observational con-
straints. We show that, for the chosen class of emission
scenarios, both cumulative emissions up to 2050 and emission
levels in 2050 are robust indicators of the probability that
twenty-first century warming will not exceed 2 6C relative to
pre-industrial temperatures. Limiting cumulative CO2 emissions
over 2000–50 to 1,000 Gt CO2 yields a 25% probability of
warming exceeding 2 6C—and a limit of 1,440 Gt CO2 yields a
50% probability—given a representative estimate of the distri-
bution of climate system properties. As known 2000–06 CO2

emissions3 were 234 Gt CO2, less than half the proven economi-
cally recoverable oil, gas and coal reserves4–6 can still be emitted up
to 2050 to achieve such a goal. Recent G8 Communiqués7 envisage
halved global GHG emissions by 2050, for which we estimate a 12–
45% probability of exceeding 2 6C—assuming 1990 as emission
base year and a range of published climate sensitivity distribu-
tions. Emissions levels in 2020 are a less robust indicator, but
for the scenarios considered, the probability of exceeding 2 6C
rises to 53–87% if global GHG emissions are still more than 25%
above 2000 levels in 2020.

Determining probabilistic climate change for future emission
scenarios is challenging, as it requires a synthesis of uncertainties
along the cause–effect chain from emissions to temperatures; for
example, uncertainties in the carbon cycle8, radiative forcing and
climate responses. Uncertainties in future climate projections can
be quantified by constraining climate model parameters to reproduce
historical observations of temperature9, ocean heat uptake10 and
independent estimates of radiative forcing. By focusing on emission
budgets (the cumulative emissions to stay below a certain warming
level) and their probabilistic implications for the climate, we build on
pioneering mitigation studies11,12. Previous probabilistic studies—
while sometimes based on more complex models—either considered
uncertainties only in a few forcing components13, applied relatively
simple likelihood estimators ignoring the correlation structure of the
observational errors14 or constrained only model parameters like
climate sensitivity rather than allowed emissions.

Using a reduced complexity coupled carbon cycle–climate
model15,16, we constrain future climate projections, building on the
Fourth IPCC Assessment Report (AR4) and more recent research. In
particular, multiple uncertainties in the historical temperature obser-
vations9 are treated separately for the first time; new ocean heat uptake
estimates are incorporated10; a constraint on changes in effective
climate sensitivity is introduced; and the most recent radiative forcing
uncertainty estimates for individual forcing agents are considered17.

The data constraints provide us with likelihood estimates for the
chosen 82-dimensional space of climate response, gas-cycle and radi-
ative forcing parameters (Supplementary Fig. 3). We chose a Bayesian
approach, but also obtain ‘frequentist’ confidence intervals for climate
sensitivity (68% interval, 2.3–4.5 uC; 90%, 2.1–7.1 uC), which is in
approximate agreement with the recent AR4 estimates. Given the
inherent subjectivity of Bayesian priors, we chose priors for climate
sensitivity such that we obtain marginal posteriors identical to 19
published climate sensitivity distributions (Fig. 1a). These distribu-
tions are not all independent and not equally likely, and cannot be
formally combined18. They are used here simply to represent the wide
variety of modelling approaches, observational data and likelihood
derivations used in previous studies, whose implications for an emis-
sion budget have not been analysed before. For illustrative purposes,
we chose the climate sensitivity distribution of ref. 19 with a uniform
prior in transient climate response (TCR, defined as the global-mean
temperature change which occurs at the time of CO2 doubling for the
specific case of a 1% yr21 increase of CO2) as our default. This distri-
bution closely resembles the AR4 estimate (best estimate, 3 uC; likely
range, 2.0–4.5 uC) (Supplementary Information).

Maximal warming under low emission scenarios is more closely
related to the TCR than to the climate sensitivity19. The distribution
of the TCR of our climate model for the illustrative default is slightly
lower than derived within another model set-up19, but within the
range of results of previous studies (Fig. 1b), and encompasses the
range arising from emulations by coupled atmosphere–ocean general
circulation models16 (AOGCMs) (Fig. 1c).

Representing current knowledge on future carbon-cycle responses is
difficult, and might be best encapsulated in the wide range of results
from the process-based C4MIP carbon-cycle models8. We emulate
these C4MIP models individually by calibrating 18 parameters in our
carbon-cycle model16, and combine these settings with the other gas
cycles, radiative forcing and climate response parameter uncertainties
gained from our historical constraining.

Additional challenges arise in estimating the maximum temper-
ature change resulting from a certain amount of cumulative emis-
sions. The analysis needs to be based on a multitude of emission
pathways with realistic multi-gas characteristics20,21, as well as varying

1Potsdam Institute for Climate Impact Research, Telegraphenberg, 14412 Potsdam, Germany. 2Department of Statistics, University of Oxford, South Parks Road, Oxford OX1 3TG, UK.
3Climate Analytics, Telegraphenberg, 14412 Potsdam, Germany. 4Centre for Air Transport and the Environment, Manchester Metropolitan University, Chester Street, Manchester M1
5GD, UK. 5Institute for Atmospheric and Climate Science, ETH Zurich, 8092 Zurich, Switzerland. 6Smith School of Enterprise and the Environment, University of Oxford, Oxford OX1
2BQ, UK. 7Department of Physics, University of Oxford, Parks Road, Oxford OX1 3PU, UK.

Vol 458 | 30 April 2009 | doi:10.1038/nature08017

1158
 Macmillan Publishers Limited. All rights reserved©2009
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Another Example of Scientific Uncertainty	


❖  Durlauf, Fu, and Navarro: “Capital Punishment and Deterrence: 
Understanding Disparate Results”	


Mean number of 
lives saved per 
execution under 
different models	


Responses to Scientific Uncertainty	


❖  Robustness	


❖  Precaution	


❖  Worst-Case Scenarios	
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Precautionary Principle	


“When an activity raises threats of harm to human health or 
the environment, precautionary measures should be taken 
even if some cause-and-effect relationships are not fully 
established scientifically.”	

	

Wingspan Declaration	


Applications of the Precautionary Principle	


❖  United Nations Convention on Climate Change, 	

❖  The 1992 Rio Declaration	

❖  The Treaty Establishing the European Community	

❖  The U.S. Environmental Policy Act	

❖  The U.S. Clean Water Act	


❖  The Bamako Convention on Trans-boundary Hazardous Waste	

❖  The Energy Charter Treaty	

❖  The Cartagena Protocol on Biosafety	

❖  The U.S.-Canada Great Lakes Water Quality Agreement	

❖  The U.S. Federal Food, Drug, and Cosmetic Act	

❖  …..	
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But there is a Great Deal of Controversy..	


The Precautionary Principle is 
“a crude and sometimes 
perverse way of promoting 
[public policy] goals, which 
can be obtained through other, 
better routes.”	

	

Cass Sunstein	


Modeling Knightian Uncertainty 	
	


❖  Widespread Point of View: ���
���
The Bayesian framework cannot capture robustness	


❖  Example: 	


	
“Models of learning typically assume that agents assign (subjective) 
probabilities to all relevant uncertain events. [... As a result] agents do 
not distinguish between risky situations, where the odds are objectively 
known, and ambiguous situations, where they may have little 
information and hence also little confidence regarding the true odds.” 	


	
Epstein - Schneider	
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Modeling Knightian Uncertainty 	
	


❖  Widespread Point of View: ���
���
The Bayesian framework cannot capture robustness	


❖  Hansen and Sargent: ���
	

	
“Knight (1921) distinguished risky events, which could be described 
by a probability distribution, from a worse type of ignorance that he 
called uncertainty and that could not be described by a probability 
distribution.	

	
[...] A person behaving according to Savage's axioms has a well-
defined personal probability distribution. [...] Savage's system 
undermined Knight by removing the agent's possible model 
misspecification as a concern of the model builder.” 	


New Models to Capture Robustness and 
Precaution	


❖  Ambiguity aversion (Gilboa – Schmeidler)	


❖  Incomplete preferences (Bewley)	


❖  Robust control (Hansen and Sargent)	
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This Paper Proposes a Bayesian Framework for 
Knightian Uncertainty and Precautionary Action	


❖  Typical reaction: ���
	
A “Bayesian view of Knightian Uncertainty” is an oxymoron	


◆  .. And in any case, why go back to tired old ideas when the standards of 
rationality were just recently redefined?	


•  And may be redefined yet again, as needed	

	


❖  Let’s take a moment to revisit some intellectual history… 	


Knight on Knightian Uncertainty	


Knight considered the example of urns with known and 
unknown composition..���

(typically associated with Ellsberg experiment)	
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Check the tab on my webpage:���
Knight on Knightian Uncertainty	


Keynes,  an Early Bayesian	


.. the necessity for action compels us to 
behave exactly as if we had behind us 
[...] prospective advantages and 
disadvantages, each multiplied by its 
appropriate probability, waiting to be 
summed.	
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Knight Concluded that…	


“When an individual instance only is at 
issue, there is no difference for conduct 
between a measurable risk and an 
unmeasurable uncertainty. 	


The individual [in this case] throws his 
estimate of the value of an opinion into 
the probability form and ‘feels’ toward 
it as toward any other probability 
situation.” 	


Structure of the Talk	

❖  Part I:  Review of Bayesian Rationality	


◆  Intuitive, non-technical presentation of the rationality principles based on 
Ghirardato (2002), with emphasis on policy contexts	


❖  Part II:  Bayesian distinction between risk and uncertainty	

◆  Roughly: Risk is ergodic probabilities, Knightian uncertainty is mixtures 

of ergodic measures	

◆  Risk is objective, testable, consistent with standard empirical 

methodologies (e.g. moment estimation)	

◆  Uncertainty: the opposite	


❖  Part III:  Bayesian model of precautionary policies	

◆  The Halevy – Feltcamp (2005) model	

◆  Large economy model of precautionary action	

◆  Numerical solutions	
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Part I ���
Savage’s Framework: A Dynamic Perspective	


❖  Savage’s framework is static	


❖  Ghirardato (2002) provides a dynamic reformulation 	


❖  I provide an informal (and more accessible) account and interpretation	


❖  Standard or technical axioms are not reviewed here	


Basic Structure	


Follow Savage	

❖  States of the world	


◆  Complete and comprehensive description of all relevant aspects of the 
environment	


❖  Consequences 	

◆  Possibly non-monetary	

◆  Includes everything the policymaker cares about	


❖  Objects of choice are acts that yield a consequence at each state	

◆  Denoted f, g, h…	

◆  A regulatory decision is an act	

◆  Approval of a drug, environmental regulation	
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The No-Cop-Out-Principle���
(A1)	


Given any event E the policymaker must be able to make a choice 
between any pair of policies f, g. 	

	

❖  Sometimes we face very ���

unattractive options; nevertheless ���
we still have to choose	


❖  April 28, 2011: 	

“Several assessments concluded there was a 60 to 80 percent chance that bin Laden 
was in the compound. Michael Leiter, the head of the National Counterterrorism 
Center, was much more conservative. During one White House meeting, he put the 
probability at about 40 percent. When a participant suggested that was a low chance of 
success, Leiter said, `Yes, but what we've got is 38 percent better than we have ever 
had before.”	


❖  Despite this, a decision had to be made. The president approved the 
raid at 8:20 a.m., Friday, April 29, 2011.	


Contingent Policies	


Suppose the policymaker considers policy f to be superior to policy g in 
case the event E occurs. 	


•  Example: g is the status quo medical treatment; E is the event that the 
results of a clinical trial come in favor of another treatment f 	


	

We consider contingent policies of the form: 	


◆  Implement f if E occurs, and g otherwise	
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Information has Value���
(A2a)	


Suppose the policymaker considers f superior to g in case the event E 
occurs. 	

	

Suppose ex ante you are given the choice between: 	


◆  Implement policy g regardless what information you get in the future	

◆  The contingent policy:  f if E occurs, and g otherwise	


Then you should choose the contingent policy	

	

❖  A contingent policy is like an option: 	


◆  g is the status quo	

◆  You are given the option to choose something better if some event occurs	

◆  In the example, you should be willing to pay epsilon to make your policy 

contingent the result of the clinical trial 	


Consistent Implementation ���
(A2b)	


Suppose ex ante the policymaker is given the choice: 	

◆  Implement policy g regardless of what information you get in the future	

◆  The contingent policy to implement policy f if E occurs, and g otherwise	


and he chose the contingent policy. Then he must choose policy f over g 
in case the event E occurs. 	

	

❖  Is this violated in practice? Of course	


◆  Temptations, inconsistent planning, forgetfulness…	


❖  But it is hard to imagine how one would normatively recommend a 
policy that violates this rule	
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Fact-Based Policymaking ���
(A7; not needed)	


If two policies f, g yield identical consequences given an event E, then at 
E the decision maker should be indifferent between f and g.	


◆  Could fallible human beings violate this? Of course..	

•  Sunk cost effect; disappointment; elation..	

•  Example: f was initially very promising medical treatment, but we 

learn (event E) that it actually performs identically to g. Then you 
should not be willing to pay a positive amount to pursue f	


◆  But as a normative guide for decision making, this seems unassailable	

•  Would you be able, with a straight face, recommend that additional 

resources be spent to pursue f when g yields identical consequences?	


Bayesianism	


Ghirardato shows that these normative criteria (and other non-
controversial ones) lead to an expected utility representation identical to 
Savage	


	

	


This is a powerful conclusion because	

❖  All policy decisions take place in time, where new and unanticipated 

information constantly arrive	

	

In these settings, minimal rationality requirements say the policymaker 
must be Bayesian	
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Riddles, Paradoxes, and Anomalies 	
 	


❖  A non-Bayesian faces a quandary ���
	
“What normative criterion should I compromise on?”	


❖  A large literature specializes in solving this riddle	

◆  See Al-Najjar-Weinstein 2009 paper for critical review	


❖  Possible Solution: Allow Fact-Free Policy Making	

◆  Policy making process that takes sunk cost into account	

◆  How can this be normative?	


❖  Possible Solution: Allow Information Aversion	

◆  Policy makers may prefer to suppress information	

◆  Under Knightian uncertainty, information ought to be even more valuable 

than under pure risk	
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The Elephant in the Room: ���
Complete State Space	


❖  Usual interpretation of Savage: His ���
framework assumes a complete state space:	

◆  All conceivable contingencies have been fully specified	

◆  No unawareness, unforeseen contingencies, unknown-unknown	

◆  Conclusion: Savage’s model is an intellectually beautiful abstraction, ���

but useless in practice	


❖  I believe this is an unreasonable interpretation: 	

◆  Savage recognized that we always work with coarse models of the world	

◆  He called them Small Worlds	

◆  His normative insight is: “a minimal criterion on small worlds models is 

that they satisfy the axioms” 	

◆  Rejections of mysterious ghosts and demons as drivers of decisions	

◆  More on this later…	


Part II ���
Bayesian Reformulation of Knightian Uncertainty	


Stationarity:	

	

❖  There is a connection between the past and the future…but an 

imperfect one 	


❖  Stochastic process	

◆  x1, x2, ….	

◆  Distribution P	


❖  Substantive assumption: Environment is stationary	

◆  Stationarity means that the P(xk, …, xn+k) does not depend on n for all k	

◆  Informal: random observations are generated by some invariant 

underlying mechanism 	
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Part II ���
Bayesian Reformulation of Knightian Uncertainty	


Two fundamental problems	

❖  Problem 1: What distinguishes objective probability judgments (risk) from 

subjective judgments (uncertainty)?	


❖  Problem 2: When and how does the difference matter?	

	

❖  Proposed solutions:	


◆  Risk and uncertainty:  Ergodic probabilities vs. mixtures of ergodic	

◆  The Borel Criterion : 	
 Use statistical tests to separate subjective & objective	


◆  When does uncertainty matter:	

•  Halevy–Feltkamp example	

•  Model of precautionary policy	


Risk and Uncertainty: Example	


❖  Consider the case of exchangeable (therefore stationary) sequence of 
coin tosses	


❖  By De Finetti’s theorem, any such process can be written as a mixture 
over iid distributions	

◆  There is a probability distribution m on iid parameters q	


◆  Intuition: the iid parameter is objective, while the mixture over parameters 
is subjective	


◆  What might justify this interpretation? 	


◆  How one might generalize this intuition to non-iid settings?	
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Result and Characterization	


Proposition 3.1: There is a unique set of stationary risks. 	

	

Risks are objective and measurable: there is a verification mechanism that 
can objectively verify the true probability	

	

Stationarity cannot (and should not) be dropped altogether. 	


◆  If you remove condition 1, then the only set satisfying 2-4 is the set of all 
sequences	


◆  Stationarity says that at least some of the variability does repeat	

•  It is not the case that everything is new	

•  There is an underlying invariant mechanism	


◆  A more subtle definition of risk appears in: 	

•  Al-Najjar-Shmaya (2013): Learning and Long-run Fundamentals in 

Stationary Environments	


Knightian Uncertainty and Rational Disagreement	


Proposition 3.2:  Impossibility of objectively refuting incorrect beliefs. 	

	

How to make this formal?	
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Example of a Test	
	


Example 1: 	

	

❖  An equilibrium model predicts a VAR process on a set of time series	


❖  A test could be a test that a certain moment condition holds	


Example 2:	


❖  An empirical IO model assumes Markovian transitions on industry 
conditions.  The econometrician hypothesizes an objective common 
prior m on the transition functions	


❖  We want to test whether m is indeed the true objective common prior	


	

	


❖  No objective basis to determine who is right and who is wrong... 	


❖  Good luck defining rational expectations	

◆  Al-Najjar-Shmaya (2012): Uncertainty and Disagreement in Equilibrium 

Models	
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Dawid’s Borel Criterion	


❖  “A probabilistic theory as falsified if it assigns probability unity to 
some prespecified theoretical event A, and observation shows that the 
physical counterpart of the event A is in fact false. 	


❖  We shall call such an event A a ‘Borel criterion.’ ” 	


❖  Dawid 2004	
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Risk, Uncertainty, and Objective Testing	


Simple Setting	
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Properties of Tests	


Disagreement	
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Proof	


Part III ���
Bayesian Precautionary Policies	


Halevy-Feltkamp (REStud, 2005) propose the following Bayesian 
explanation for why people dislike model uncertainty (their motivation is 
to account for the Ellsberg Anomaly): 	


❖  Urn contains 100 balls, white or red	

◆  Number of white balls is  q 	

◆  Drawing a white ball pays 10	

◆  Drawing a red ball pays 0	


❖  Risky Urn contains 50 white and 50 red	


❖  Uncertain Urn has unknown number of white balls	
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One Draw	


❖  Bayesian decision maker forms a belief about  q 	

◆  Uniform distribution over     0, 1, …, 100	


Which urn would he prefer? 	

❖  Scenario 1: draw one ball	


◆  He is indifferent	


Two Draws	


Draw two balls with replacement 	

◆  Outcomes x1 and x2 	


◆  Utility depends on the aggregate: ���
	
 	
 	
v(x1 + x2)	


◆   v strictly concave	


❖  Scenario 2: two balls and aggregative utility	

◆  Decision maker prefers the risky urn to the uncertain urn	


	

❖  He would have been indifferent if his utility were separable ���

	
 	
 	
u(x1)+ u(x2)	
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Why?	


❖  One draw	

◆  Decision maker cares about the marginal on the 0 , 10 outcomes	


❖  Separable utility	

◆  Decision maker cares about the marginals on the two trials	


❖  Aggregative utility	

◆  Decision maker also cares about the correlation	


❖  Comments: 	

◆  This simple intuition is hard to prove generally (all utilities, etc..)	

◆  Provides a Bayesian basis for precaution that mimics Ellsberg choices	


Simple Model of Precaution Action	


❖  Continuum of instances  i in the interval [0,1]	

◆  Enables us to use the law of large numbers to eliminate idiosyncratic 

variations	


❖  Common is  q 	

◆  Uncertainty about the effectiveness of medical treatment, pollution 

abatement..etc	


❖  Outcome of instance  i is either 0 or 1, independent conditional on q 	


❖  Quadratic cost of precautionary action	

◆  Cost 	
 	
b a2	
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Precautionary Action Effectiveness	


❖                   = q (1-aig) + aig	


❖  Precautionary action shifts probabilities higher	

◆  g  is a measure of effectiveness	


0	
 1	

a=0	


a=1	

ag	
 1	


Decision Problem	


❖  Belief over the value of the parameter	

◆  Assume it is uniform for simplicity	


Two specifications	

❖  Aggregative utility: policy maker’s utility depends on the average 

outcome in the population	


❖  Separable utility: policy maker utility is the weighted average of 
individual utilities	
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Computation of Example	


❖  Calculations are available on 	

	
 	
http://sdrv.ms/17ZwIFQ	


❖  CARA utility, with coefficient 1/R	


Known Theta	
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Blue Line Represents Precautionary Action	


Red Line Represents 
Precautionary Action 
under Separable Utility	


The Illusion of Pessimism ���
This is the risky theta that would have led to the correct precautionary 
action. This appears much more pessimistic than the ex ante marginal. 
This, however, is due to ignoring the ex ante parameters uncertainty. 	
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Conclusions 	
	


❖  No cop-out principles means that we must make decision even when 
under scientific uncertainty, or model disagreement	


❖  The Bayesian point view is a coherence requirement for how to make 
decisions in these circumstances	


❖  Model uncertainty can be incorporated 	

◆  Within-model risk = ergodic probabilities	

◆  Model uncertainty = subjective beliefs about these probabilities	


❖  The Bayesian framework can give foundation, interpretation, and 
guidance for precautionary policies	


Halevy (Ecma 2007)���
 Experimental Findings	
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Ellsberg Choices as a Mistake	


❖  Subjects were presented with four urns	

1.  5 red balls and 5 black balls	

2.  Unknown composition	

3.  Number of red balls uniform on 0, 1, … , 10	

4.  Either 10 red balls or 10 black balls with equal objective probability	


❖  Urns 1 and 2 are standard Ellsberg two-color urns	


❖  Urns 1, 3 and 4 equivalent using reduction of objective compound 
lotteries	


◆  Reservation prices were elicited using the Becker-DeGroot-Marschak 
mechanism (?!)	


Halevy (2007) 	


❖  80% of subjects display ambiguity aversion	


❖  86% of subjects fail to reduce compound lotteries	


But:	

❖  Conditional on RCL, 96% of subjects are neutral to ambiguity	


❖  Conditional on failing RCL, 95% of subjects displayed Ellsberg choices	


❖  Upshot: RCL is perhaps the best predictors of Ellsberg behavior	
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Ellsberg Choices as Mistakes	


❖  Myerson calls these `salient perturbations'  	

	
``people usually offer to make bets only when they have some 
special information or beliefs. We can try to offer bets 
uninformatively, [...] but this is so unnatural that subjects may 
instead respond to the salient perturbation."	


❖  Lindley: this is like	

	
``asking people's opinion of 2+2, obtaining an average of 4.31 ���
	
and announcing this to be the sum. ���
	
It would be better to teach them arithmetic.”	



