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Cognitive Uncertainty I

I Many economic decisions are highly complex and prone to error

– What’s your certainty equivalent for a 30% chance of winning $150?

– What’s your optimal portfolio? What are your updated inflation beliefs following Fed news?

I Cognitive uncertainty = awareness that you don’t know what the optimal decision is

I This paper: Cognitive uncertainty in processing probabilities

– Perhaps you don’t really know how exactly to determine certainty equivalent of a lottery

– Perhaps you don’t really know how exactly to rationally update beliefs from information
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Cognitive Uncertainty II

I Do people systematically respond to their own cognitive uncertainty? How?

I Does this help explain and tie together existing behavioral anomalies?
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This paper

1. Building on existing models of noisy Bayesian cognition, conceptualize cognitive
uncertainty and its link it to decision biases

2. Propose theoretically motivated, simple and portable experimental measurement

3. Show experimentally that CU predicts actions in a way that partly unifies striking
similarities in behavioral anomalies across four decision domains
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Pull to 50:50 – Distortion of probabilities across domains
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I Empirical puzzle: striking similarities between anomalies

I Each curve shows (implied) subjective probability versus objective/true probability:
→ As if compressed to 50:50
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I Probability weighting function (Tversky & Kahneman, 1992)
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I “A-insensitivity”: ambiguity seeking for unlikely events and ambiguity averse for likely
events (Dimmock et al., 2015)
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I Compression of responses to 50:50 (Fischhoff & Bruine de Bruin, 1999)

I Expectations about, e.g., inflation and stock returns (Hurd, 2009; Manski, 2004)
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I Compression of posterior beliefs in lab updating tasks to 50:50 (Benjamin, 2019)
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Are these anomalies from distinct decision domains related?

Claim: cognitive uncertainty provides new lens through which these
anomalies can be understood and integrated



Related work

Cognitive noise and mental simulation in economics: e.g., Azeredo da Silveira & Woodford
(2019), Azeredo da Silveira et al. (2020), Frydman & Jin (2019), Gabaix (2019), Khaw et
al. (2019), Steiner & Stewart (2016), Woodford (2016, 2019)

Builds on several (separate) literatures in the cognitive sciences

I Noisy cognition: e.g., Fechner (1860), Thurstone (1927), Dehaene (2003)

I Decision confidence: e.g., De Martino et al. (2013); Yeung & Summerfield (2012)

I Representation of probabilities: e.g., Zhang & Maloney (2012)

Work on specific behavioral anomalies. Probability and ambiguity weighting: Epper &
Fehr-Duda (2017), Trautmann & van de Kuilen (2017); Belief updating and insensitivities:
Benjamin (2019); Survey expectations: Manski (2004), Dominitz & Manski (1997),
Bachman et al. (2020)

5



Today

1 Overview of conceptual framework

2 Experimental study
Choice under risk and ambiguity
Belief formation
Survey expectations

3 On Inverse-S Shapes

4 Discussion



Overview of conceptual framework



Overview of conceptual framework

1. Processing of problem parameters subject to cognitive noise
I Reduced form for unsystematic errors during optimization

2. Awareness of potential errors creates cognitive uncertainty about optimal action

3. People have cognitive defaults or meta-priors about the problem inputs
I Claim: In unfamiliar contexts, probability default influenced by ignorance prior (50:50)

4. Bayesian response to cognitive uncertainty leads to (i) directional compression of
inputs towards cognitive default and (ii) insensitivity to parameters
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Simple model

Follows linear-quadratic setup of Gabaix (2019)

Action a

Deterministic state p

Utility u(a,p) = − 1
2 (a− p)2

Rational action ar (p) = p

Cognitive processing subject to noise. Instead of p, agent only receives noisy signal s:

Signal s = p + ε

Perception of noise ε ∼ N (0, σ2
ε)

Agent’s prior about p N (pd , σ2
p)

with “cognitive default” pd
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Two implications

(1) Cognitive uncertainty specified as subjectively perceived uncertainty about
optimal action:

σCU = σa(p)|s =
σp · σε√
σ2

p + σ2
ε

, note:
∂ σCU

∂ σε
> 0

(2) Expected action a linear combination of optimal action p and cognitive default pd :

E[a(p)] = λ(σCU) · p + [1− λ(σCU)] · pd , note:
∂ λ

∂ σCU
< 0

with Bayesian shrinkage factor λ =
σ2

p

σ2
p+σ

2
ε
= 1− σ2

CU
σ2

p
∈ [0,1]
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Interpretation

I p is deterministic→ optimal action also deterministic in absence of cognitive noise

I Ex 1: p is payout probability in binary gamble

I Ex 2: p is prior probability or signal precision in updating task

I Cognitive noise in p is as if; reduced form for different types of errors in optimization

I Ex 1: combining payout probability and payout into a certainty equivalent is hard; this
introduces noise, which we model as applying to p

I Ex 2: computing Bayesian posterior is hard and introduces noise
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Model summary

1. Measurable cognitive uncertainty

I Cognitive uncertainty defined in action space and is therefore measurable

2. Degree of cognitive uncertainty predicts distortion of action

I Higher CU predicts stronger compression to default and lower sensitivity to variation in p

10



Model summary

1. Measurable cognitive uncertainty

I Cognitive uncertainty defined in action space and is therefore measurable

2. Degree of cognitive uncertainty predicts distortion of action

I Higher CU predicts stronger compression to default and lower sensitivity to variation in p

10



Experimental study



Overview of experimental analysis

Choice under risk and ambiguity Belief formation

1. Correlation between cognitive
uncertainty and probability weighting

3. Correlation between cognitive
uncertainty and belief updating

2. Exogenous manipulation of
cognitive uncertainty

4. Exogenous manipulation of
cognitive uncertainty

2b. Exogenous manipulation of
cognitive default

4b. Exogenous manipulation of
cognitive default

+ survey beliefs about income distribution, inflation rates and stock market returns

AMT experiments, everything pre-registered
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Choice under risk and ambiguity



Experimental design

Combine standard lottery valuation mechanism with measurement of cognitive uncertainty

1. Elicitation of certainty equivalent for binary lottery using multiple price list method

2. Directly after each price list, elicitation of cognitive uncertainty as smallest interval
around certainty equivalent (from 1.) that subject thinks includes their true valuation

11



1. Elicitation of certainty equivalent
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2. Elicitation of cognitive uncertainty
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Overview of experimental analysis

Choice under risk and ambiguity Belief formation

1. Correlation between cognitive
uncertainty and probability weighting

3. Correlation between cognitive
uncertainty and belief updating

2. Exogenous manipulation of
cognitive uncertainty

4. Exogenous manipulation of
cognitive uncertainty



Cognitive uncertainty and probability weighting
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Overview of experimental analysis

Choice under risk and ambiguity Belief formation

1. Correlation between cognitive
uncertainty and probability weighting

3. Correlation between cognitive
uncertainty and belief updating

2. Exogenous manipulation of
cognitive uncertainty
→ Sensitivity of weighting function

4. Exogenous manipulation of
cognitive uncertainty



Manipulating cognitive uncertainty

Baseline Compound risk Ambiguity

Get $20 with p = 25% Get $20 with p ∼ U[15,35] Get $20 with p ∈ [15,35]

Prediction: Compound risk / ambiguity both increase cognitive uncertainty

→ Hence more compression to 50:50
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Compound lottery manipulation
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Compound lottery manipulation
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Compound lottery manipulation
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Ambiguous lotteries: “a-insensitivity”
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So far

Choice under risk and ambiguity Belief formation

1. Correlation between cognitive
uncertainty and probability weighting

3. Correlation between cognitive
uncertainty and belief updating

2. Exogenous manipulation of
cognitive uncertainty

4. Exogenous manipulation of
cognitive uncertainty

Symmetric findings for losses (in paper)



Belief formation



Updating paradigm

I Follows Benjamin’s (2019) review of 60+ years of
belief updating research documenting insensitivities

I Two bags with known composition of red & blue balls

I Deck with known number of “bag A” and “bag B” cards

1. One card unobservedly selected with equal probability

2. Balls randomly drawn from corresponding bag

→ Subjects guess which bag was selected

18
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Elicitation of cognitive uncertainty

We explain “optimal guess” = Bayesian guess (optimal given information provided)
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Overview of experimental analysis

Choice under risk and ambiguity Belief formation
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Cognitive uncertainty and deviation from Bayes
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Overview of experimental analysis

Choice under risk and ambiguity Belief formation

1. Correlation between cognitive
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Manipulation of cognitive uncertainty

Compound manipulation

Diagnosticity ∼ U[0.6, 0.8] instead of 0.7
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Survey expectations



Miscalibrated expectations and cognitive uncertainty

I Miscalibrated expectations about economic variables widely documented, e.g.,
about the macroeconomy and the stock market (Manski, 2004; Hurd, 2009)

I Common theme is presence of 50:50 answers (Fischhoff & Bruine De Bruin, 1999)

I Hypothesis: Regression to 50:50 partly a response to cognitive uncertainty
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Survey design

I We measure incentivized probabilistic beliefs about:
1. Inflation: inflation rate in randomly drawn year (1980-2018) lower than x%
2. Stock market growth: S&P500 grew less than x% in randomly drawn year (1980-2018)
3. Household income distribution: randomly picked household in 2018 earned less than $ x

I Replication using forward-looking design (not incentivized) with similar results
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Survey beliefs and cognitive uncertainty
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On Inverse-S Shapes



On Inverse-S Shapes

I Recall our simple model equation: E [a(p)] = λ(σCU) · p + [1− λ(σCU)] · pd

I This equation correctly predicts cognitive shrinkage towards the default . . .

I . . . but it is linear in p – yet actual response patterns are always strongly
non-linear, specifically: inverse-S shaped. Why?
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Non-linear relationship between CU and p

I Analyses so far assume that cognitive uncertainty is independent of p, i.e., that
people find it equally difficult to think about 5% as about 45%

I What is the observed relationship between cognitive uncertainty and p?

I In model, cognitive shrinkage (λ) is directly determined by CU:

E [a] =
[
1− σ2

CU · D
]
· p + σ2

CU · D · pd
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Non-linear CU and Inverse-S Shapes

Choice under risk
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Non-linearity of w(p) entirely from non-linear CU!
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Non-linear CU and Inverse S-shapes

Belief formation
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Non-linear CU and Inverse S-shapes
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Non-linear CU and Inverse S-shapes

Survey expectations

.2

.25

.3

.35

.4

C
og

ni
tiv

e 
un

ce
rt

ai
nt

y

0 .25 .5 .75 1
Objective probability (p)

Observed mean ±1 std. error
Quadratic fit

 

0

.25

.5

.75

1

St
at

ed
 b

el
ie

f

0 .25 .5 .75 1
Objective probability (p)

Observed mean
Predicted belief: based on measured CU
Predicted belief: CU quadratic function of p

 

29



Discussion



Discussion

I Objective of this line of work: show that previously unconnected anomalies related

I This paper: role of cognitive uncertainty in processing probabilities

I But: cognitive uncertainty likely present when processing many other variables / in
other decision contexts

I Uncertainty measurements can be readily adapted to field settings, see Martin’s
presentation yesterday (Bachman et al., 2020)
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Thank you!
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