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Social Norms

Section 1

Social Norms
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Social Norms

Social Norms

Utility is
U = u (xs)− γ (xs − x̄)2

where x̄ is a prescribed social norm

The individual pays a disutility cost from deviating from norm

E.g., equal sharing in dictator game (Krupka and Weber, 2013)
E.g., a behavior prescribed by one’s identity (Akerlof and
Kranton, 2003)

Can explain:

People are generous in some settings, not others, if social norms
prescribes so

Drawback:

Need to explain where social norm comes from
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Social Norms Krupka and Weber (2013)

Krupka and Weber (2013)

Krupka and Weber (JEEA 2013)

Consider social preference experiments with moral wriggle-room

dictator games with exit
avoidance of information

Can observed behavior in these experiments be explained with a
social norm term γ (xs − x̄)2?

Elicit social norm by asking how acceptable each action is

More precisely, to incentivize reporting, ask subjects to predict
how socially acceptable other forecasters will find an action
Pay for accuracy in prediction
Then transform this measure with scaling into a measure of
acceptability of an action
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Social Norms Krupka and Weber (2013)
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TABLE 1. Elicited norms (N(ak)) for bully versus standard dictator environments (data from Experiment 1).

Standard (n = 107) (Initial wealth: $10, $0) Bully (n = 92) (Initial wealth: $5, $5)
Action Rank-sum
(final wealth) Action Mean – – – + + + Action Mean – – – + + + test (z)

$10, $0 “Give $0” −0.80 82% 10% 3% 5% “Take $5” −0.90 91% 5% 0% 3% 1.85 ∗

$9, $1 “Give $1” −0.64 61% 31% 3% 6% “Take $4” −0.83 82% 14% 1% 3% 3.13∗∗∗

$8, $2 “Give $2” −0.44 35% 51% 10% 4% “Take $3” −0.67 55% 40% 3% 1% 3.27∗∗∗

$7, $3 “Give $3” −0.16 8% 62% 26% 4% “Take $2” −0.38 28% 53% 16% 2% 3.34∗∗∗

$6, $4 “Give $4” 0.14 3% 30% 61% 7% “Take $1” −0.09 12% 46% 36% 7% 3.42∗∗∗

$5, $5 “Give $5” 0.87 0% 3% 14% 83% “Give $0” / 0.93 0% 0% 11% 89% 1.26
“Take $0”

$4, $6 “Give $6” 0.57 0% 7% 50% 43% “Give $1” 0.48 4% 12% 40% 43% 0.72
$3, $7 “Give $7” 0.42 1% 22% 39% 37% “Give $2” 0.31 7% 23% 38% 33% 1.12
$2, $8 “Give $8” 0.32 6% 31% 23% 40% “Give $3” 0.20 14% 27% 23% 36% 1.08
$1, $9 “Give $9” 0.22 17% 24% 19% 40% “Give $4” 0.10 27% 16% 21% 31% 0.99
$0, $10 “Give $10” 0.18 26% 13% 18% 43% “Give $5” 0.04 36% 10% 16% 38% 1.13

∗p< 0.1; ∗∗p< 0.05; ∗∗∗p< 0. 01; all two-tailed.
Responses are: “very socially inappropriate” (– –), “somewhat socially inappropriate” (–), “somewhat socially appropriate” (+), “very socially appropriate” (+ +); modal response
are shaded. To construct the mean ratings, we converted responses into numerical scores (“very socially inappropriate” = –1, “somewhat socially inappropriate” = –1/3, “somewhat
socially appropriate” = 1/3, “very socially appropriate” = 1).

Example for standard dictator game versus dictator game with
different framing (“bully” game)

Derive summary measure of acceptability, s(a), for each action a
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Social Norms Krupka and Weber (2013)

Elicitation of Social Norms
516 Journal of the European Economic Association

FIGURE 3. Mean ratings of social appropriateness from standard versus sorting treatments (data
from Experiment 1).

of the amount shared with the recipient, on the x-axis), both for the standard version
of the dictator game and the variant with the additional ($10, $0) sorting option. The
solid line presents the mean ratings (from Table 1) for the standard version of the
dictator game; the dashed line presents the ratings from the sorting variant, conditional
on the dictator choosing to play the game. The two lines are very close, indicating that
social appropriateness ratings differ very little for actions in the dictator game based
on whether subjects were required to play the game (standard) or had the option of not
playing the game but then chose to play (Sorting (Play)).25

The square in Figure 3 corresponds to the mean rating given to the choice of
taking the sorting option and not playing the game (Sorting (Opt Out)). This action
implements a ($10, $0) payoff outcome, with the recipient remaining uninformed about
the game. Thus, the resulting payoffs are identical to those from playing the game and
keeping all the money. However, as the ratings reveal, opting out is considered far less
socially inappropriate. The mean rating is –0.07 for Sorting (Opt Out) versus –0.80
for keeping all $10 in the standard game and –0.82 for choosing to play and keeping
$10 in the sorting variant (Sorting(Play,$10)).26

25. In all comparisons between actions producing identical outcomes, conditional on the dictator playing
the game, the differences in ratings are statistically insignificant. Recall that roughly half of the participants,
when providing the (sorting, play) ratings, had previously rated the standard game while the other half had
not (they had rated the bully variant). The ratings for these two groups do not differ statistically.
26. The differences in appropriateness ratings between Sorting(Opt Out) and keeping $10 when playing
the game are highly statistically significant (p < 0.001) both for the standard game (z = 9.12) and for the
sorting variant (z = 11.47). Interestingly, there is less agreement regarding the social appropriateness of
“Opt Out” than there is for other choices in either variant. The modal rating is “somewhat inappropriate”,

In dictator game with sorting, sorting out is much more
acceptable than not giving
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Social Norms Krupka and Weber (2013)

Fitting Behavior

How well can predict behavior with simple model:
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TABLE 3. Conditional (fixed-effect) logit estimation of choice determinants across experiments (includes mean appropriateness ratings from Experiment 1 as
an explanatory variable).

Experiment 2 Lazear et al. (2012) List (2007) Data from all three
(Standard vs. Bully) (Standard vs. Sorting) (Standard vs. Take $1) experimentsBehavioral data

(experimental treatment) (1) (2) (3) (4) (5) (6) (7) (8)

Monetary payoff (β) 0.656∗∗∗ 0.630∗∗∗ 0.811∗∗∗ 0.810∗∗∗ 1.456∗∗∗ 1.312∗∗∗ 0.750∗∗∗ 0.808∗∗∗

(0.132) (0.138) (0.075) (0.075) (0.408) (0.401) (0.060) (0.105)
Appropriateness rating (γ ) 1.858∗∗∗ 1.556∗∗∗ 2.304∗∗∗ 2.283∗∗∗ 1.941∗∗ 1.982∗∗ 1.856∗∗∗ 2.192∗∗∗

(0.410) (0.521) (0.287) (0.312) (0.921) (0.843) (0.204) (0.326)
Appropriateness rating X 0.374 0.062 −0.629

non-standard treatment (0.326) (0.331) (0.593)
Monetary payoff X −0.094

Lazear et al., experiment (0.127)
Appropriateness rating X −0.125
Lazear et al., experiment (0.470)
Monetary payoff X 0.426
List experiment (0.391)
Appropriateness rating X −1.029
List experiment (1.038)

2γ /β 5 .66∗∗∗ 4.94∗∗∗ 5 .68 ∗∗∗ 5 .64∗∗∗ 2.67 ∗∗∗ 3.02∗∗∗ 4.95 ∗∗∗ 5 .43∗∗∗

(0.49) (0.98 ) (0.39) (0.48 ) (0.98 ) (0.90) (0.29) (0.30)
Log-likelihood −208.5 −207.7 −308.8 −308.7 −126.8 −126.1 −672.3 −649.8
Obs. 1,166 1,166 2,105 2,015 816 816 4,087 4,087
(subjects) (106) (106) (183) (183) (70) (70) (359) (359)

∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0. 01; all two-tailed.
Bootstrapped standard errors are in parentheses. The variable “appropriateness rating” converts subject responses in Experiment 1 to numerical scores (“very socially inappropriate”
= –1, “somewhat socially inappropriate” = –1/3, “somewhat socially appropriate” = 1/3, “very socially appropriate” = 1).
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Social Norms Krupka and Weber (2013)

Explaining Dictator Game with Sorting

Good fit of observed behavior in dictator game with sorting
Krupka and Weber Identifying Social Norms Using Coordination Games 515

FIGURE 2(a). Distributions of amounts shared in standard versus sorting treatments (data from
Experiments 1 and 2 of Lazear, Malmendier, and Weber 2012).

FIGURE 2(b). Predicted distributions of amounts shared in standard versus sorting treatments (based
on coefficients in Table 3, Model 3).

Weber. Mean sharing decreases by about 50% when there is a costless sorting option,
relative to the standard dictator game in which there is not one. This is largely the
result of a majority of dictators in the sorting treatment selecting not to play the game.

To see why the sorting option is so frequently chosen (even among people who
share positive amounts when no such option is available) and why behavior changes
so significantly between the environments with and without sorting, we consider the
ratings of social appropriateness given to actions in the two environments. Figure 3
presents the mean social appropriateness ratings for each action (represented in terms
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Social Norms Social Norms – Field Evidence

Field Evidence on Social Norms

Field evidence on social norms relies typically on public/private
design

Identify setting where it is clear what is the signal to be sent:
Example 1: Student wants to signal that she is cool (eg., not
hard-working), see “acting white” literature
Example 2: Student wants to signal that she is smart (and
hard-working)
Example 3: Single professional woman wants to signal that she
is not too ambitious

Offer a choice and randomize whether the choice is private, or
publicly observed by peers

When choice is public, signaling component is turned on –>
Estimate impact on choice

Series of papers by Leonardo Bursztyn
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Social Norms Bursztyn and Jensen (2015)

Social Norms in Education

Bursztyn and Jensen (QJE 2015)
Experiment in 4 Los Angeles public high schools

11th graders, low income, 96% Hispanic

N=560 students in non-honors classes, N=265 in honors classes
Offer free SAT prep course (normally costs $200)

“[Company Name] is offering a free online test preparation
course for the SAT that is intended to improve your chances of
being accepted and receiving financial aid at a college you like.’’
Public condition: “Your decision to sign up for the course will
be kept completely private from everyone, except the other
students in the room”
Private condition: “Your decision to sign up for the course will
be kept completely private from everyone, including the other
students in the room”

Randomization within classroom
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Social Norms Bursztyn and Jensen (2015)

Social Norms in Education

themselves, aside from testing for peer pressure as the driving
mechanism, with important implications for school policy and
practices by showing a large, negative effect of observability on
investment choices in nonhonors classes.

This first set of results indicates that there is not a univer-
sally negative effect of making the sign-up decision public.
Nevertheless, this is not yet sufficient to establish the existence
of different social norms in honors versus nonhonors classes, nor
that students are responding to those differences. We therefore
turn to our analysis of some-honors students. Having established
that there are no significant differences between such students
that were offered the SAT course in an honors or a nonhonors
class (once we condition on the number of honors classes being
taken), we can show that by contrast, their classmates in those
classes are very different. In nonhonors classes, the private sign-
up rate among no-honors classmates is 65 percent, whereas in

p-value = .007

p-value = .631

FIGURE IV

Sign-up Rates for Private versus Public Decisions, NonHonors
versus Honors Classes

This figure presents the means and 95 percent confidence intervals of the
sign-up rates for students in the private and public conditions, separately for
honors and nonhonors classes. There are 560 observations for nonhonors clas-
ses and 265 for honors classes.

PEER PRESSURE AND EDUCATIONAL INVESTMENTS 1355

Downloaded from https://academic.oup.com/qje/article-abstract/130/3/1329/1935006
by University of California School of Law (Boalt Hall) user
on 14 March 2018

Results:
Take up is higher in honors class, as expected
Public (vs private) has slight positive effect for honors class
(ceiling effect)
Public (vs private) has strong negative effect for non-honors
class

Interpretation: students do not like to signal to peers in
non-honors class that they want to go to college, uncool
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Social Norms Bursztyn, Fujiwara, and Pallais (2018)

Social Norms and Gender Roles

Evidence from speed dating (eg, Fisman, Kamenica, Simonsohn,
Yiengar 2006) suggest that

women value professional ambition and achievements in men
men instead are conflicted about professional ambition and
achievements in women

Does this impact signals sent by single men versus single women?

Bursztyn, Fujiwara, and Pallais (AER 2017)
Setting is prestigious MBA
Questionnaire during session with career center on 1st day

Randomize whether mention that answers will be discussed
“The information on this survey will help the career center get
to know you and help it find the right fit for your first-year
internship. [...] This information will be shared with your career
advisor and [your/anonymized] answers will be discussed
during the [name of the career class].”
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Social Norms Bursztyn, Fujiwara, and Pallais (2018)

Social Norms and Gender Roles

3310 THE AMERICAN ECONOMIC REVIEW NOVEMBER 2017

to test whether single women rate themselves more poorly on all dimensions in 
public or only those that may harm them in the marriage market. All four groups 
rated themselves highly in private: about 70 percent rated themselves as a 4 or a 
5. However, neither single women nor any other group significantly changed their 
answers in the public treatment (Figure 8 and online Appendix Figure 14).

Women Men

p-value = 0.043 p-value = 0.792 p-value = 0.306 p-value = 0.391
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Figure 5. Tendency to Lead (Primary Experiment)
Notes: Students rated agreement with the statement “You tend to lead in your day-to-day interactions” on a 
1–5 scale, where 1 is Strongly Disagree and 5 is Strongly Agree. Whiskers show the 95 percent confidence interval 
calculated from regressions of students’ answers on an indicator for being in the public treatment using robust stan-
dard errors. Non-single respondents are in a serious relationship, cohabiting, engaged, or married.

Women Men

p-value  <  0.001 p-value  = 0.472 p-value  = 0.695 p-value  = 0.846
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Figure 6. Professional  Ambition (Primary Experiment)
Notes: Students rated agreement with the statement “You are more professionally ambitious than your most recent 
work colleagues” on a 1-to-5 scale, where 1 is Strongly Disagree and 5 is Strongly Agree. Whiskers show the 
95 percent confidence interval calculated from regressions of students’ answers on an indicator for being in the 
public treatment using robust standard errors. Non-single respondents are in a serious relationship, cohabiting, 
engaged, or married.

Single women in public distort their stated ambition, at a real
cost
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Non-Standard Beliefs

Section 2

Non-Standard Beliefs
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Non-Standard Beliefs

So far: Non-Standard Preferences

So far, focus on non-standard utility function U (x ti |st) as
deviations from standard model:

max
x ti ∈Xi

∞∑

t=0

δt
∑

st∈St

p (st)U (x ti |st)

Non-standard preferences

Self-Control Problems (β, δ)
Reference Dependence (U (x ti |si , r))
Social Preferences (U (xi , x−i |s))
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Non-Standard Beliefs

Today: Non-Standard Beliefs

max
x ti ∈Xi

∞∑

t=0

δt
∑

st∈St

p̃ (st)U (x ti |st)

where p̃ (st) is the subjective distribution of states Si for agent.

Distribution for agent differs from actual distribution:
p̃ (st) 6= p (st)

Three main examples:
1 Overconfidence. Overestimate one’s own skills (or precision of

estimate): p̃ (good statet) > p (good statet)
2 Law of Small Numbers. Gambler’s Fallacy and Overinference in

updating p̃ (st |st−1)
3 Projection Bias. Expect future utility Ũ (x ti |st) to be too close

to today’s
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Overconfidence

Section 3

Overconfidence
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Overconfidence

Background

Overconfidence is of at least two types:

Overestimate one’s ability (also called overoptimism)
Overestimate the precision of one’s estimates (also called
overprecision)

Psychology: Evidence on overconfidence/overoptimism

Svenson (1981): 93 percent of subjects rated their driving skill
as above the median, compared to the other subjects in the
experiment
Weinstein (1980): Most individuals underestimate the
probability of negative events such as hospitalization
Buehler-Griffin-Ross (1994): Underestimate time needed to
finish a project
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Overconfidence

Applications: Self-Control

Applications in the field of overconfidence/overoptimism

Example 1. Overconfidence about self-control by
consumers (β̂ > β)

Evidence on self-control supports idea of naiveté

Status-quo bias (Madrian-Shea, 1999)
Response to teaser rates (Ausubel, 1999)
Health-club behavior (DellaVigna-Malmendier, 2006)
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Overconfidence

Applications: Overconfidence

Example 2. Overconfidence for employees: Cowgill and
Zitzewitz (REStud 2015)

Prediction markets of Google employees (with raffle tickets for
total of $10,000 per quarter in payoffs)
Data: years 2005-2007, 1,463 employees placed ≥ 1 trade
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Overconfidence

Applications: Overconfidence

Securities not related to Google correctly priced on average

Securities with implications for Google: Substantial
overconfidence for two-outcome security, Less so for
five-outcome security
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Overconfidence

Overconfidence: A general phenomenon

Survey evidence suggests phenomenon general

Oyer and Schaefer, 2005; Bergman and Jenter, 2007
Overconfidence of employees about own-company performance is
leading explanation for provision of stock options to rank-and-file
employees
Stock options common form of compensation: (Black and Scholes)
value of options granted yearly to employees in public companies over
$400 (about one percent of compensation) in 1999 (Oyer and
Schaefer, 2005)
Incentive effects unlikely to explain the issuance: contribution of
individual employee to firm value very limited
Overconfidence about own-company performance can make stock
options an attractive compensation format for employers
Overconfidence needs to be larger for employees than for top
managers (problem set 2)
Sorting contributes: Overconfidence plausible since workers
overconfident about a company sort into it
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Overconfidence

However...

However, Bergman and Jenter (2007): employees can also
purchase shares on open market, do not need to rely on the
company providing them

Under what conditions company will still offer options to
overconfident employees?
Also, why options and not shares in company?
Bergman and Jenter (2007): option compensation is used
most intensively by company when employees more likely to be
overconfident based on proxy (past returns)
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Overconfidence

Overconfidence by CEOs

Example 3. Overconfidence about ability by CEOs

Malmendier-Tate (JF 2005 and JFE 2008)

Assume that CEOs overestimate their capacity to create value

Implications for:

Investment decisions (MT 2005)
Mergers (MT 2008)
Equity issuance (MT 2010)

Focus on merger implications

Slides courtesy of Ulrike
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Model

Assumptions 
1. CEO acts in interest of current shareholders. 

(No agency problem.) 
2. Efficient capital market.  

(No asymmetric information.) 
Notation 

AV  = market value of the acquiring firm  
TV  = market value of the target firm 

V   = market value of the combined firm  
AV̂  = acquiring CEO’s valuation of his firm 

V̂   = acquiring CEO’s valuation of the combined firm 
c   = cash used to finance the merger 



Rational CEO 

• Target shareholders demand share s of firm such that: 
cVsV T −= . 

• CEO decides to merge if ( ) AT VcVV >−−  (levels).  
⇒ Merge if e > 0 (differences), where e is “synergies.” 

⇒ First-best takeover decision. 

• Post-acquisition value to current shareholders: 

eVcVceVVcVVV ATTAT +=−−−++=−−= )()()(  

⇒ 0=
∂
∂

c
V  (No financing prediction.) 



Overconfident CEO (I)

• CEO overestimates future returns to own firm: 

AA VV >ˆ  
CEO overestimates returns to merger: 

AA VVVV −>− ˆˆ  

• Target shareholders demand share s of firm such that: 
cVsV T −=  

CEO believes he should have to sell s such that: 
cVVs T −=ˆ  



Overconfident CEO (II)

• CEO decides to merge if  

A
T

T V
V

cVVVcVV ˆ))(ˆ()(ˆ >⎥
⎦

⎤
⎢
⎣

⎡ −−
−−−  (levels), 

i.e. merges if  

⎥
⎦

⎤
⎢
⎣

⎡ −+−
>+

V
cVeVVee TAA ))(ˆˆ(

ˆ  (differences), 

where ê are perceived “synergies.” 



Propositions

1. Overconfident managers do some value-destroying 
mergers. (Rational CEOs do not.) 

2. An overconfident manager does more mergers than a 
rational manager when internal resources are readily 
available 

3. An overconfident manager may forgo some value-
creating mergers. (Rational managers do not.) 

Compare 
and



Data

Data on private accounts
1. Hall-Liebman (1998)

Yermack (1995)

Key: Panel data on stock and
option holdings of CEOs of
Forbes 500 companies 1980-
1994

2. Personal information about
these CEOs from

- Dun & Bradstreet
- Who’s who in finance

Data on corporate accounts
1. CRSP/COMPUSTAT

Cash flow, Q, stock price…

2. CRSP/SDC-merger databases

Acquisitions



Primary Measure of Overconfidence
“Longholder” 

(Malmendier and Tate 2003) 

 
CEO holds an option until the year of expiration. 
CEO displays this behavior at least once during sample period. 

 minimizes impact of CEO wealth, risk aversion, diversification

Robustness Checks:
1. Require option to be at least x% in the money at the beginning of 

final year

2. Require CEO to always hold options to expiration

3. Compare “late exercisers” to “early exercisers”



Case 1:
Wayne Huizenga (Cook Data Services/Blockbuster)
• CEO for all 14 years of sample
• Longholder

                                                                                                M     MM      M                  M      MH

     1980   1981   1982   1983   1984   1985   1986   1987   1988   1989   1990   1991   1992   1993   1994

J Willard Marriott (Marriott International)
• CEO for all 15 years of sample
• Not a Longholder

     1980   1981   1982   1983   1984   1985   1986   1987   1988   1989   1990   1991   1992   1993   1994

Identification Strategy (I)

AND
Case 2:
Colgate Palmolive
• Keith Crane CEO from 1980-1983 (Not a Longholder)
• Reuben Mark CEO from 1984-1994 (Longholder)

                                                            M                            MM                          MH

         1980   1981   1982   1983   1984   1985   1986   1987   1988   1989   1990   1991   1992   1993   1994

         Keith Crane                                              Reuben Mark



Table 4. Do Overconfident CEOs Complete More Mergers?

logit with controls random effects 
logit

logit with fixed 
effects

Size 0.8733 0.8600 0.6234
(1.95)* (2.05)** (2.60)***

Qt-1 0.7296 0.7316 0.8291
(2.97)*** (2.70)*** (1.11)

Cash Flow 2.0534 2.1816 2.6724
(3.93)*** (3.68)*** (2.70)***

Ownership 1.2905 1.3482 0.8208
(0.30) (0.28) (0.11)

Vested Options 1.5059 0.9217 0.2802
(1.96)* (0.19) (2.36)**

Governance 0.6556 0.7192 1.0428
(3.08)*** (2.17)** (0.21)

Longholder 1.5557 1.7006 2.5303
(2.58)*** (3.09)*** (2.67)***

Year Fixed Effects yes yes yes
Observations 3690 3690 2261
Firms 327 184

Longholder = holds options until last year before expiration (at least once)
Distribution: Logistic.  Constant included.
Dependent Variable:Acquistion (yes or no); Normalization:Capital.



Table 6. Are Overconfident CEOs Right to 
Hold Their Options? (I)

Percentile
10th
20th
30th
40th
50th
60th
70th
80th
90th

Mean
Standard Deviation

All exercises occur at the maximum stock price during the fiscal year

0.39
0.03
0.27

-0.03
0.03
0.10

Returns from exercising 1 year sooner and investing in the S&P 500 index

Return

0.19

-0.24
-0.15
-0.10
-0.05



Empirical Predictions

Rational CEO Overconfident CEO

1. On average?
2. Overconfident CEOs do more

mergers that are likely to
destroy value

3. Overconfident CEOs do more
mergers when they have
abundant internal resources

4. The announcement effect after
overconfident CEOs make bids
is lower than for rational CEOs



Table 8. Diversifying Mergers

logit logit with 
random effects

logit with fixed 
effects

Longholder 1.6008 1.7763 3.1494
(2.40)** (2.70)*** (2.59)***

Year Fixed Effects yes yes yes
Observations 3690 3690 1577
Firms 327 128

Longholder 1.3762 1.4498 1.5067
(1.36) (1.47) (0.75)

Year Fixed Effects yes yes yes
Observations 3690 3690 1227
Firms 327 100
Regressions include Cash Flow, Q t-1, Size, Ownership, Vested Options, and Governance.  
Industries are Fama French industry groups.

Longholder = holds options until last year before expiration (at least once)

Dependent Variable:Diversifying merger (yes or no).

Dependent Variable: Intra-industry merger (yes or no).

Distribution: Logistic.  Constant included;  Normalization:Capital.



Empirical Predictions

Rational CEO Overconfident CEO

1. On average?
2. Overconfident CEOs do more

mergers that are likely to
destroy value

3. Overconfident CEOs do more
mergers when they have
abundant internal resources

4. The announcement effect after
overconfident CEOs make bids
is lower than for rational CEOs



Table 9. Kaplan-Zingales Quintiles

Least Equity 
Dependent

Most Equity 
Dependent

Quintile 1 Quintile 2 Quintile 3 Quintile 4 Quintile 5
Longholder 2.2861 1.6792 1.7756 1.9533 0.8858

(2.46)** (1.48) (1.54) (1.50) (0.33)
Year Fixed Effects yes yes yes yes yes
Observations 718 719 719 719 718
Firms 125 156 168 165 152

Quintile 1 Quintile 2 Quintile 3 Quintile 4 Quintile 5
Longholder 2.5462 1.8852 1.7297 1.0075 1.0865

(1.89)* (1.51) (1.36) (0.01) (0.18)
Year Fixed Effects yes yes yes yes yes
Observations 718 719 719 719 718
Firms 125 156 168 165 152

Diversifying Mergers

Dependent Variable: Acquistion (yes or no); Normalization: Capital.

Regressions include Cash Flow, Qt-1, Size, Ownership, Vested Options, and Governance.  

All Mergers

All regressions are logit with random effects.

--------------------------------->

Longholder = holds options until last year before expiration (at least once)
Distribution: Logistic.  Constant included.



Empirical Predictions

Rational CEO Overconfident CEO

1. On average?
2. Overconfident CEOs do more

mergers that are likely to
destroy value

3. Overconfident CEOs do more
mergers when they have
abundant internal resources

4. The announcement effect after
overconfident CEOs make bids
is lower than for rational CEOs



Empirical Specification

CARi   =   β1   +   β2•Oi   +   X'γ   +   εi

with i company O overconfidence
X controls

[ ]( )∑ −=
−=

1

1t
ititi rErCAR

where [ ]itrE  is daily S&P 500 returns (α=0; β=1)



Table 14. Market Response

OLS OLS OLS
(3) (4) (5)

Relatedness 0.0048 0.0062 0.0043
(1.37) (1.24) (1.24)

Corporate Governance 0.0079 0.0036 0.0073
(2.18)** (0.64) (1.98)**

Cash Financing 0.014 0.0127 0.0145
(3.91)*** (2.60)*** (3.99)***

Age -0.0005
(1.46)

Boss 0.0001
(0.04)

Longholder -0.0067 -0.0099 -0.0079
(1.81)* (2.33)** (2.00)**

Year Fixed Effects yes yes yes
Industry Fixed Effects no yes no
Industry*Year Fixed Effects no yes no
Observations 687 687 687
R-squared 0.10 0.58 0.10
Regressions include Ownership and Vested Options.

(at least once)
Dependent Variable: Cumulative abnormal returns [-1,+1]

Longholder = holds options until last year before expiration 



Overconfidence

Overprecision

Overconfidence/Overprecision: Overestimate the precision of
one’s estimates

Alpert-Raiffa (1982). Ask questions such as

‘The number of "Physicians and Surgeons" listed in the 1968
Yellow Pages of the phone directory for Boston and vicinity’
‘The total egg production in millions in the U.S. in 1965.’
‘The toll collections of the Panama Canal in fiscal 1967 in
millions of dollars’

Ask for 99 percent confidence intervals for 1,000 questions

No. of errors: 426! (Compare to expected 20)

(Issue: Lack of incentives)
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Overconfidence Odean (1999)

Investor Overconfidence: Odean (1999)

Investor overconfidence/overprecision predicts excessive trading

Investor believes signal is too accurate � Executes trade

Empirical test using data set from discount brokerage house

Follow all trades of 10,000 accounts

January 1987-December 1993

162,948 transactions
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Overconfidence Odean (1999)

Overtrading?

Traders that overestimate value of their signal trade too much

Substantial cost for trading too much:

Commission for buying 2.23 percent
Commission for selling 2.76 percent
Bid-ask spread 0.94 percent
Cost for ‘round-trip purchase’: 5.9 percent (!)
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Overconfidence Odean (1999)

Compare Returns

Stock return on purchases must be at least 5.9 percent.

Compute buy-and-hold returns

Evidence: Sales outperform purchases by 2-3 percent!
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Overconfidence Odean (1999)

Distribution of Results

Is the result weaker for individuals that trade the most? No

Huge cost to trading for individuals:

Transaction costs
Pick wrong stocks
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Overconfidence Daniel, Hirshleifer, and Subrahmanyam (1998)

Related to Other Asset Pricing Puzzles

Overconfidence/overprecision can explain other puzzles:
short-term positive correlation of returns (momentum)
long-term negative correlation (long-term reversal)

Daniel-Hirshleifer-Subrahmanyam (1998)
Assume overconfidence + self-attribution bias (discount
information that is inconsistent with one’s priors)

Overconfidence � trade excessively in response to private
information
Long-term: public information prevails, valuation returns to
fundamentals � long-term reversal
Short-term: additional private information interpreted with
self-attribution bias � become even more overconfident

Two other explanations for this: Law of small numbers +
Limited attention
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Law of Small Numbers

Section 4

Law of Small Numbers
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Law of Small Numbers

Introduction

Overconfidence is only one form of non-Bayesian beliefs

Tversky-Kahneman (1974). Individuals follow heuristics to
simplify problems:

Anchoring. � Leads to over-precision (above)
Availability. � Connected to limited attention (next lecture)
Representativeness. � Today’s lecture

Individuals expect random draws to be exceedingly
representative of the distribution they come from

HTHHTT judged more representative than HHHTTT
But the two are equally likely! (exchangeability)
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Law of Small Numbers

Rabin (QJE, 2002). Law of Small Numbers

I.i.d. signals from urn drawn with replacement

Subjects instead believe drawn from an urn of size N <∞
without replacement
� Gambler’s Fallacy: After signal, subject expect next draw to
be a different signal
Example: Return to mutual fund is drawn from an urn with 10
balls, 5 Up and 5 Down (with replacement)
Observe ‘Up, Up’ — Compute probability of another Up

Bayesian: .5
Law of Small Numbers: 3/8 < .5

Example of representativeness: ‘Up, Up, Down’ more
representative than ‘Up, Up, Up’
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Law of Small Numbers Clotfelter and Cook (1993)

Clotfelter and Cook (MS, 1993)

Evidence on gambler’s fallacy.

Lotteries increasingly common in US ($17bn sales in 1989)

Maryland daily-numbers lottery � Bet on 3-digit number

Probability of correct guess .001
Payout: $500 per $1 bet (50 percent payout)

Gambler’s Fallacy � Betters will stop betting on number just
drawn

Examine 52 winning numbers in 1988
In 52 of 52 cases (!) betting volume decreases 3 days after win,
relative to baseline
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Law of Small Numbers Clotfelter and Cook (1993)

Results

Substantial decrease in betting right after number is drawn
Effect lasts about 3 months

However: no cost for fallacy � Does effect replicate with cost?
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Law of Small Numbers Terrell (1994)

Terrell (JRU, 1994)

New Jersey’s pick-three-numbers game (1988-1992)

Pari-mutuel betting system

the fewer individuals bet on a number, the higher is the
expected payout
Cost of betting on popular numbers
Payout ratio .52 � Average win of $260 for 50c bet

Issue: Do not observe betting on all numbers � Use payout for
numbers that repeat
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Law of Small Numbers Terrell (1994)

Results

Strong gambler’s fallacy:

Right after win, 34 percent decrease in betting
� 34 percent payout increase
Effect dissipates over time
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Law of Small Numbers Terrell (1994)

Summary

Comparison with Maryland lottery:

Smaller effect (34 percent vs. 45 percent)
� Incentives temper phenomenon, but only partially

Other applications:

Probabilities are known, but subjects misconstrue the i.i.d.
nature of the draws.
Example: Forecast of the gender of a third child following two
boys (or two girls)
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Law of Small Numbers Rabin (2002)

Back to Rabin (QJE, 2002)

Probabilities known � Gambler’s Fallacy

Probabilities not known � Overinference: After signals of one
type, expect next signal of same type

Example:

Mutual fund with a manager of uncertain ability.
Return drawn with replacement from urn with 10 balls

Probability .5: fund is well managed (7 balls Up and 3 Down)
Probability .5: fund is poorly managed (3 Up and 7 Down)
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Law of Small Numbers Rabin (2002)

Observe sequence ‘Up, Up, Up’ � What is P (Well |UUU) ?

Bayesian:
P (Well |UUU) = .5P (UUU|Well) /[.5P (UUU|Well) +
.5P (UUU|Poor)] = .73/

(
.73 + .33

)
≈ .927.

Law-of-Small-Number: P (Well |UUU) =
(7/10∗6/9∗5/8)/[(7/10∗6/9∗5/8)+(3/10∗2/9∗1/8)] ≈ .972.
Over-inference about the ability of the mutual-fund manager

Also assume:

Law-of-Small-Number investor believes that urn replenished
after 3 periods
Need re-start to avoid contradiction

What is Forecast of P (U |UUU) ?

Bayesian: P (U|UUU) = .927 ∗ .7 + (1− .927) ∗ .3 ≈ .671
Law-of-Small-Number:
P (U|UUU) = .972 ∗ .7 + (1− .972) ∗ .3 ≈ .689

Over-inference despite the gambler’s fallacy beliefs
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Law of Small Numbers Rabin (2002)

Conclusion

Substantial evidence of over-inference (also called extrapolation)

Notice: Case with unknown probabilities is much more common
than lottery case

Excellent review: Fuster, Laibson, and Mendel (JEP 2010)

Stefano DellaVigna Econ 219B: Applications (Lecture 9) March 20, 2019 59 / 105



Law of Small Numbers Benartzi (2001)

Application: Benartzi (JF, 2001)

Examine investment of employees in employer stock

Does it depend on the past performance of the stock?

Sample:

S&P 500 companies with retirement program
Data from 11-k filing
2.5 million participants, $102bn assets
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Law of Small Numbers Benartzi (2001)

Very large effect of past returns + Effect depends on long-term
performance
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Law of Small Numbers Benartzi (2001)

Inside Information?

Is the effect due to inside information?

No evidence.

Over-inference pattern observed for investors of all types
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Law of Small Numbers Investing Over-Inference

Additional Examples of Over-Inference

Barber-Odean-Zhou (JFE, 2009): Uses Individual trades
data

Individual US investors purchase stocks with high past returns
Average stock that individual investors purchase outperformed
the stock market in the previous three years by over 60 percent

Kaustia and Knupfer (JF 2008)

Use Finnish data to be able to track individual investors over
time
Examine investors that subscribe to an IPO in a 1st period,
1995-Oct. 1999
Return is highly idyosincratic
Indeed, Figure 1 shows no predictability on returns in second
period: Nov. 1999-Dec. 2000
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Law of Small Numbers Kaustia and Knupfer (2008)

Results: Returns

What about probability of subscribing to IPOs in second period?
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Law of Small Numbers Kaustia and Knupfer (2008)

Results: Further Participation

Strong effect of personally experienced returns
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Law of Small Numbers Kaustia and Knupfer (2008)

Implications

This implies effect on pricing:

Stocks with high past returns attract individual investors
� Get overpriced
� Later mean-revert
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Law of Small Numbers DeBondt and Thaler (1985)

DeBondt and Thaler (1985)

Form portfolio of winners in the past 3 years

Form portfolio of losers in past 3 years.

‘Winners’ underperform the ‘losers’ by 25 percentage points over
the next three years
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Law of Small Numbers Barberis-Shleifer-Vishny (1998)

Barberis, Shleifer, and Vishny (JFE, 1998)

Alternative model of law of small number in financial markets.

Draws of dividends are i.i.d.
Investors believe that

draws come from ‘mean-reverting’ regime or ‘trending’ regime
‘mean-reverting’ regime more likely ex ante

Result: If investors observe sequence of identical signals,

Short-Run: Expect a mean-reverting regime (the gambler’s
fallacy) � Returns under-react to information � Short-term
positive correlation (momentum)
Long-run: Investors over-infer and expect a ‘trending’ regime �
Long-term negative correlation of returns

Stefano DellaVigna Econ 219B: Applications (Lecture 9) March 20, 2019 68 / 105



Law of Small Numbers Gallagher (2014)

Extrapolation in other contexts

Gallagher (AEJ Applied 2014)

Consider idiosincratic flood events
Largely uncorrelated from year to year
Statistical information on flood probabilities available
What is the effect of a recent flood?
Large increase in probability of insurance

Effect is present also for communities not directly hit

What explains the effect? Media salience is critical
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Law of Small Numbers Gallagher (2014)
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Law of Small Numbers Gallagher (2014)
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Law of Small Numbers Gallagher (2014)
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Projection Bias

Section 5

Projection Bias
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Projection Bias

Introduction

Beliefs systematically biased toward current state

Read-van Leeuwen (1998):

Office workers choose a healthy snack or an unhealthy snack
Snack will be delivered a week later (in the late afternoon).
Two groups: Workers are asked

when plausibly hungry (in the late afternoon) � 78 percent
chose an unhealthy snack
when plausibly satiated (after lunch) � 42 percent choose
unhealthy snack
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Projection Bias

Gilbert, Pinel, Wilson, Blumberg, and Wheatly

(1999)

Individuals under-appreciate adaptation to future circumstances
� Projection bias about future reference point
Subjects forecast happiness for an event
Compare predictions to responses after the event has occurred
Thirty-three current assistant professors at the University of
Texas (1998) forecast that getting tenure would significantly
improve their happiness (5.9 versus 3.4 on a 1-7 scale).
Difference in rated happiness between 47 assistant professors
that were awarded tenure by the same university and 20 that
were denied tenure is smaller and not significant (5.2 versus 4.7).
Similar results as function of election of a Democratic of
Republican president, compared to the realized ex-post
differences.
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Projection Bias

Model

Projection bias. (Loewenstein, O’Donoghue, and Rabin
(2003)

Individual is currently in state s ′ with utility u (c , s ′)
Predict future utility in state s
Simple projection bias:

û (c , s) = (1− α) u (c , s) + αu
(
c , s ′

)

Parameter α is extent of projection bias � α = 0 implies
rational forecast

Notice: People misforecast utility û, not state s; however, same
results if the latter applies
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Projection Bias Conlin, O’Donoghue, and Vogelsang (2006)

Conlin-O’Donoghue-Vogelsang (AER 2006)

Purchasing behavior: Cold-weather items

Main Prediction:

Very cold weather
� Forecast high utility for cold-weather clothes
� Purchase ‘too much’
� Higher return probability

Denote temperature at Order time as ωO and temperature at
Return time as ωR

Predictions:
1 If α = 0 (no proj. bias), P[R|O] is independent of ωO and ωR

2 If α > 0 (proj. bias), ∂P[R|O]/∂ωO < 0 and ∂P[R|O]/∂ωR > 0
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Projection Bias Conlin, O’Donoghue, and Vogelsang (2006)

Data

Purchase data from US Company selling outdoor apparel and
gear

January 1995-December 1999, 12m items
Date of order and date of shipping + Was item returned?
Shipping address

Weather data from National Climatic Data Center
By 5-digit ZIP code, use of closest weather station

Items:
Parkas/Coats/Jackets Rated Below 0F
Winter Boots
Drop mail orders, if billing and shipping address differ, >9 items
ordered, multiple units same item, low price
No. obs.: 2,200,073

Note: Probability of return fairly high, Delay between order and
receipt 4-5 days
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Projection Bias Conlin, O’Donoghue, and Vogelsang (2006)

Main estimation: Probit

P(R |O) = Φ (α + γOωO + γRωR + BX )
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Projection Bias Conlin, O’Donoghue, and Vogelsang (2006)

Model Robustness Checks

Similar estimates for linear probability model with household
fixed effects

Simple structural model: Estimates of projection bias α around
.3-.4
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Projection Bias Busse et al. (2013)

Car and Home Purchases

Busse, Pope, Pope, Silva-Risso (2013): Evidence from car
purchases and house purchases

Projection bias:

Convertible looks particularly attractive on a hot day
4-wheel drive attractive on snowy day
House with pool higher selling price on hot day

Strong evidence in the data
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Projection Bias Busse et al. (2013)

Temperature and Convertibles
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Projection Bias Busse et al. (2013)

Snow and 4-Wheel Drive

Stefano DellaVigna Econ 219B: Applications (Lecture 9) March 20, 2019 83 / 105



Projection Bias Busse et al. (2013)

Seasonal Value of a Pool
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Projection Bias Chang, Huang, and Wang (2018)

Insurance Purchases

Chang, Huang, and Wang (RES 2018): Evidence from
insurance purchases

Purchase of health insurance in China:

Day-to-day variation in perceived health due to swings in
(substantial) air pollution in China
May affect demand for health insurance
Since 180 days waiting period, should have no rational impact

Consider impact on

health insurance take up and
cancellations during 10-day period
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Projection Bias Chang, Huang, and Wang (2018)

Variation in Pollution

Significant daily variation in pollution level, with documented
health effects

Figure 2. Daily PM2.5 levels as measured by the U.S. Embassy in Beijing.

Estimate impact on number of insurance contracts sold
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Projection Bias Chang, Huang, and Wang (2018)

Impact on Purchases

 

 

Table II
The E↵ect of Pollution on Insurance Sales

Dependent Variable: Log(Number of Contracts Sold)

Insurance Type Health Other

AQIPM2.5 0.00072** 0.00067** -0.00018
(0.00018) (0.00019) (0.00022)

AQIPM2.5 50-100 0.0116
(0.0715)

AQIPM2.5 100-150 0.1147
(0.0759)

AQIPM2.5 150-200 0.1681*
(0.0800)

AQIPM2.5 200-300 0.1680+
(0.0861)

AQIPM2.5 300+ 0.2340*
(0.0936)

Other City AQIPM2.5 0.00010
(0.00022)

Temperature -0.0191+ -0.0189+ -0.0283* 0.0221*
(0.0111) (0.0111) (0.0116) (0.0097)

Temperature2 0.0008** 0.0008** 0.0010** -0.0006*
(0.0003) (0.0003) (0.0003) (0.0002)

Rain -0.0391 -0.0355 -0.0406 0.0980
(0.0755) (0.0756) (0.0769) (0.0660)

Snow -0.2059 -0.1943 -0.2576 -0.2837
(0.1700) (0.1707) (0.1852) (0.1656)

Adjusted R-squared 0.481 0.481 0.478 0.427
Observations 2,573 2,573 2,489 2,573

Notes: All columns present the results from ordinary least square regressions.
For city j, “Other City AQIPM2.5” is the AQIPM2.5 of its nearest neighbor.
Insurance type “Other” consists of non-health insurance policies. All regressions
included dummy variables for day of week, city*month and city*year. Standard
errors are clustered on city*date.
+ significant at 10%, * significant at 5%, ** significant at 1%.

Table II
The E↵ect of Pollution on Insurance Sales

Dependent Variable: Log(Number of Contracts Sold)

Insurance Type Health Other

AQIPM2.5 0.00072** 0.00067** -0.00018
(0.00018) (0.00019) (0.00022)

AQIPM2.5 50-100 0.0116
(0.0715)

AQIPM2.5 100-150 0.1147
(0.0759)

AQIPM2.5 150-200 0.1681*
(0.0800)

AQIPM2.5 200-300 0.1680+
(0.0861)

AQIPM2.5 300+ 0.2340*
(0.0936)

Other City AQIPM2.5 0.00010
(0.00022)

Temperature -0.0191+ -0.0189+ -0.0283* 0.0221*
(0.0111) (0.0111) (0.0116) (0.0097)

Temperature2 0.0008** 0.0008** 0.0010** -0.0006*
(0.0003) (0.0003) (0.0003) (0.0002)

Rain -0.0391 -0.0355 -0.0406 0.0980
(0.0755) (0.0756) (0.0769) (0.0660)

Snow -0.2059 -0.1943 -0.2576 -0.2837
(0.1700) (0.1707) (0.1852) (0.1656)

Adjusted R-squared 0.481 0.481 0.478 0.427
Observations 2,573 2,573 2,489 2,573

Notes: All columns present the results from ordinary least square regressions.
For city j, “Other City AQIPM2.5” is the AQIPM2.5 of its nearest neighbor.
Insurance type “Other” consists of non-health insurance policies. All regressions
included dummy variables for day of week, city*month and city*year. Standard
errors are clustered on city*date.
+ significant at 10%, * significant at 5%, ** significant at 1%.
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Projection Bias Chang, Huang, and Wang (2018)

Impact on Cancellations

Table III
The E↵ect of Pollution on cancellations

Dependent Variable: Indicator equal to 1 if contract is canceled

% of Contracts canceled 2.90% 2.90% 2.79% 2.90%

Relative AQI -0.00110**
(0.00043)

Order-date AQI 0.00085+ 0.00092+ 0.00002
(0.00045) (0.00049) (0.00053)

CoP AQI -0.00252**
(0.00094)P11

⌧=1 �AQI,⌧ -0.00268**
(see notes)

1(CoP AQI<Order-date AQI) 0.2008*
(0.0881)

Log(Term Length) -0.507** -0.570** -0.563** -0.571**
(0.018) (0.018) (0.018) (0.018)

Log(Age) 0.402** 0.402** 0.372** 0.403**
(0.034) (0.034) (0.035) (0.034)

Self 1.203** 1.201** 1.160** 1.201**
(0.080) (0.080) (0.081) (0.079)

Female 0.118** 0.119* 0.100+ 0.116*
(0.057) (0.057) (0.058) (0.057)

Adj. R-squared 0.059 0.059 0.060 0.059
Observations 411,525 411,525 381,146 411,525

Notes: For each column, the dependent variable is whether an insurance contract is can-
celed during the cooling-o↵ period. All coe�cients represent the marginal e↵ects from a
probit regression. Relative AQI is the average AQI during the cooling o↵ period minus the
order date AQI. CoP AQI is the mean value of AQI PM2.5 during the cooling o↵ period
( 1
11

P11
⌧=1 AQI⌧ ).

P11
⌧=1 �AQI,⌧ is the sum of the coe�cients for the 11 daily leads of the

pollution variable AQI0 PM2.5. We can reject at p-value=0.003 that the sum of these co-
e�cients is greater than zero. For legibility, all coe�cients and standard errors have been
multiplied by 100. All regressions included controls for temperature, temperature squared,
rain, snow, and dummy variables for day of week, city*month and city*year. Column 3 in-
cludes additional controls for the 11 daily leads of temperature, temperature squared, rain
and snow. Standard errors are clustered on city*date.
+ significant at 10%, * significant at 5%, ** significant at 1%.
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Non-Standard Decision-Making

Non-Standard Preferences and Beliefs

First part of class: Non-standard preferences U (x |s):

Over time (present-bias)
Over risk (reference-dependence)
Over social interactions (social preferences)

And Non-Standard Beliefs p (s)

About skill (overconfidence)
Updating (law of small numbers)
About preferences (projection bias)
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Non-Standard Decision-Making

Other Non-Standard Decisions

Third category: Standard U (x |s) and p (s) � Still,
non-standard decisions

Sub-categories

Limited attention
Framing
Mental Accounting
Menu effects
Persuasion
Emotions
Happiness

In some cases this leads to non-standard beliefs p̃ (s)
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Attention: Introduction

Attention as limited resource

Psychology Experiments: Dichotic listening (Broadbent, 1958)

Hear two messages:

in left ear
in right ear

Instructed to attend to message in one ear
Asked about message in other ear � Cannot remember it
More important: Asked to rehearse a number (or note) in their
head � Remember much less the message

Attention clearly finite
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Attention: Introduction

Optimizing Attention

How to optimize given limited resources?

Satisficing choice (Simon, 1955 � Conlisk, JEL 1996)
Heuristics for solving complex problems (Gabaix-Laibson,
2002; Gabaix et al., 2003)

In a world with a plethora of stimuli, which ones do agents
attend to?

Psychology: Salient stimuli (Fiske-Taylor, 1991) � Not very
helpful

Probably, no general rule – Inattention along many dimensions
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Attention: Introduction Huberman and Reveg (2001)

Do Stakes Matter?

Does this apply to high-stakes items?

Event of economic importance: Huberman-Regev (JF, 2001)

Timeline:

October-November 1997: Company EntreMed has very positive
early results on a cure for cancer
November 28, 1997: Nature “prominently features;” New York
Times reports on page A28
May 3, 1998: New York Times features essentially same article
as on November 28, 1997 on front page
November 12, 1998: Wall Street Journal front page about failed
replication
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Attention: Introduction Huberman and Reveg (2001)

Results?

In a world with unlimited arbitrage...

In reality...
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Attention: Introduction Huberman and Reveg (2001)

ENMD Price
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Attention: Introduction Huberman and Reveg (2001)

Interpretations

At least two interpretations:
1 Limited attention initially + Catch up later
2 Full incorporation initially + Overreaction later

Persistence for 6 months suggests (1) more plausible

Other interpretations:

Focal point
non-Bayesian inference
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Attention: Simple Model

Simple model (DellaVigna JEL 2009)

Consider good with value V (inclusive of price), sum of two
components: V = v + o

1 Visible component v
2 Opaque component o

Inattention

Consumer perceives the value V̂ = v + (1− θ) o
Degree of inattention θ, with θ = 0 standard case
Model captures in reduced form underlying attention model, eg.
sparsity (Gabaix, 2018) or rational inattention (Matejka and
McKay, 2016)
Interpretation: each individual sees o, but processes it only
partially, to the degree θ
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Attention: Simple Model

Alternative Model

Alternative model:

share θ on individuals are inattentive, 1− θ attentive �
Models differ where not just mean, but also max/min matter
(Ex.: auctions)

Inattention θ is function of:

Salience s ∈ [0, 1] of o, with θ′s < 0 and θ (1,N) = 0
Number of competing stimuli N: θ = θ (s,N) , with θ′N > 0
(Broadbent)

Consumer demand D[V̂ ], with D ′[x ] > 0 for all x
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Attention: Simple Model

Identification

Model suggests three strategies to identify the inattention
parameter θ:

1 Compute response of V̂ to change in o � compare
∂V̂ /∂o = (1− θ) to ∂V̂ /∂v = 1 (Hossain-Morgan (2006),
Chetty-Looney-Kroft (2009), Lacetera-Pope-Sydnor (2012),
Cohen-Frazzini (2011), Taubinsky and Rees-Jones (2018))

2 Examine the response of V̂ to an increase in the salience s,
∂V̂ /∂s = −θ′so: differs from zero? (Chetty et al. (2009);
Allcott and Taubinsky, 2015)

3 Vary competing stimuli N, ∂V̂ /∂N = −θ′No : differs from zero?
(DellaVigna-Pollet (2009) and Hirshleifer-Lim-Teoh (2009))

Key (unmodeled) element: identify opaque information o
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Attention: Simple Model

Two caveats:

1 Measuring salience of information is subjective — psychology
experiments do not provide a general criterion

2 Inattention can be rational, or not.

Can rephrase as rational model with information costs
Opaque information is sometimes available at a zero or small
cost (for example, earnings announcements news) –> Rational
interpretation less plausible
Leading edge in the literature is to pin down underlying
attention model, eg, salience a la Gabaix or rational inattention
a la Sims (2003)
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Next Lecture
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Next Lecture
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Next Lecture

Next Lecture

Limited Attention

Financial Markets
Consumption
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