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Background

@ Accumulating evidence on biases in expectations across settings
» E.g., overreaction is common, esp when persistence low; horizon long
* Surveys, experiments; macro/financial variables, abstract processes
» What is a framework to connect the dots?

@ Increasing interests in the role of memory in belief formation
> Natural to think the brain and memory shape how we think
* Cross pollination and inspirations from other fields
» How to model the role of memory/mental state in belief formation?

This paper contributes significantly to both lines of inquiry
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Outline of Paper

Model: Belief formation with memory constraints
o Forecast ARL process (external state): y; = p+ p(ye—1 — i) + €y
@ Assume long-run mean g is unknown. Estimate based on memory.
e Memory frictions: info about past states through (costly) memory

= Beliefs respond too much to changes in external state (“overreaction”)

Applications:
o Exponential decay of past observations (Malmendier-Nagel 11)
o Experiment of forecasting AR(1) process (Landier-Ma-Thesmar 20)
@ Macro forecasts (Bordalo-Gennaioli-Ma-Shleifer 20)

= Example case has impressive empirical performance
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Approaches for Modeling Biased Beliefs

Why beliefs respond too much?

1 Impose subjective persistence p > p

> Feyern = o+ p"(ve — 1)
» Greenwood-Hanson 15, Angeletos-Huo-Sastry 20

2 Overreact to recent shocks
» Diagnostic expectations:

Fiyern = EtYeen + e(Et}/tJrh - Etfl}/t+h) =p+ Ph(}’t - ,u) + Gphet
» Bordalo-Gennaioli-Shleifer 18 etc.

3 Biases in beliefs of long-run mean

> Feyern = (1= p")fie + p"ye
» This paper, Afrouzi-Kwon-Ma 20, Nagel-Xu 19
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Approaches for Modeling Biased Beliefs

Why beliefs respond too much?

1 Impose subjective persistence p > p

> Feyern = o+ p"(ve — 1)
» Greenwood-Hanson 15, Angeletos-Huo-Sastry 20

® Unclear how p varies with p. Bias | when h 1.

2 Overreact to recent shocks
» Diagnostic expectations:

Fiyern = EtYeen + H(Et}/tJrh - Etfl}/t+h) =p+ Ph(}’t - ,u) + Gphet
» Bordalo-Gennaioli-Shleifer 18 etc.

® Bias | when p |. Bias | when h 1.

3 Biases in beliefs of long-run mean

> Feyern = (1= p"ie + o'y
» This paper, Afrouzi-Kwon-Ma 20, Nagel-Xu 19

© Bias likely 1 when p |. Bias 1 when h 1.
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Why biases in beliefs of long-run mean are promising?
A Few Observations from Data

@ Longer horizon forecasts tend to exhibit more overreaction

» Giglio-Kelly 17, Bordalo-Gennaioli-La Porta-Shleifer 19, Wang 20,
d'Arienzo 20, Landier-Ma-Thesmar 20
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Why biases in beliefs of long-run mean are promising?
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Why biases in beliefs of long-run mean are promising?

A Few Observations from Data

@ Longer horizon forecasts tend to exhibit more overreaction
» Giglio-Kelly 17, Bordalo-Gennaioli-La Porta-Shleifer 19, Wang 20,
d'Arienzo 20, Landier-Ma-Thesmar 20

1 Impose subjective persistence p > p

> Cov(Feyein — Etyt+h,yt)/0§ =ph—ph
» Magnitude of forecast error predictability decreasing in h

2 Overreact to recent shocks a la diagnostic expectations

> Cov(Fiyern — Etyern, yi)/oy = 0p"(1 = p?)
» Magnitude of forecast error predictability decreasing in h

3 Biases in beliefs of long-run mean

> Cov(Feyesnh — Eeyern, ye)/o2 = (1 — p™)Bay
» Magnitude of forecast error predictability increasing in h

as long as beliefs of the mean fi; comove positively with y; (55, > 0)
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Why biases in beliefs of long-run mean are promising?
A Few Observations from Data

@ Forecasts of transitory processes tend to exhibit more overreaction
» Bordalo-Gennaioli-Ma-Shleifer 20, Landier-Ma-Thesmar 20
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A Few Observations from Data

Why biases in beliefs of long-run mean are promising?

@ Forecasts of transitory processes tend to exhibit more overreaction
» Bordalo-Gennaioli-Ma-Shleifer 20, Landier-Ma-Thesmar 20
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Why biases in beliefs of long-run mean are promising?

A Few Observations from Data

@ Forecasts of transitory processes tend to exhibit more overreaction
» Bordalo-Gennaioli-Ma-Shleifer 20, Landier-Ma-Thesmar 20

1 Impose subjective persistence p > p

> COV(Ft_yH_]_ — Etyt+1,yt)/0'}2, = ﬁ —p
> Not clear how p should vary with p

2 Overreact to recent shocks a la diagnostic expectations

» Cov(Fiyri1 — Et}/t+17}’t)/‘7§ = 0p(1 —p?)
» Magnitude of forecast error predictability non-monotonic in p
» Subjective beliefs = RE if p = 0 (not true in data)

3 Biases in beliefs of long-run mean

» Cov(Fiyri1 — Etyt+1ayt)/a)2/ =(1- p)BMy
» Magnitude of forecast error predictability large for small p
as long as 3, > 0 and does not decrease too much with p
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How to think about biased beliefs about long-run mean?

@ Imperfect memory seems natural

» Recent observations have disproportionate impact
» Especially when memory of the past is poor

@ Model in a nutshell
my — ﬁ[ —)
o9 ] Q N o9 Y,

fie = E[plme] +7e(ye — (1 — p)E[p|me] — pyr—1)
—— ~

prior Kalman updating

> ~; is function of memory precision; depend on \; (optimally chosen).
> \; affects memory cost. High cost/low precision = more weight on y;.
> y; observed after memory state m; is formed.
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Predictive Accomplishment of the Model

Model does very well in producing several empirical findings

o Experiment of forecasting AR(1) process, with different p & horizon

» How the degree of overreaction varies with p v/

» How the degree of overreaction varies with horizon v/
» Impulse response of ji; to shock v

» Impulse response of forecast to shock v

@ Macro forecasts across different domains
» How the degree of overreaction varies with p v/

Done with the same specification of memory cost function
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Predictive Accomplishment of the Model

Model does very well in producing several empirical findings

o Experiment of forecasting AR(1) process, with different p & horizon

» How the degree of overreaction varies with p v/

How the degree of overreaction varies with horizon v/
Impulse response of [i; to shock v

Impulse response of forecast to shock v

v vy

@ Macro forecasts across different domains
» How the degree of overreaction varies with p v/

Done with the same specification of memory cost function

Model also generates (quasi) exponential decay of past observations
° fit = Zf.io ajye—j+we, aj = E(pmY for j > 1.
@ Can check fitting decay in Malmendier-Nagel 11
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What Comes to Mind
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What Comes to Mind
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What Comes to Mind

Memory: associative recall/cued retrieval/ “reinstating the past”

Yueran Ma (Chicago Booth) Imprecise Memory June 2020 11/13



What Comes to Mind

Memory: associative recall/cued retrieval/ “reinstating the past”
(context/cue affects what we remember)
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What Comes to Mind

TS
YESTERDAY
ONCE MORE

Memory: associative recall /cued retrieval/ “reinstating the past”
(context/cue affects what we remember)
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What Comes to Mind

@ Memory research on cued retrieval
» Recall experiments: word lists, land vs. water, priming

@ Recent economics models inspired by cued retrieval
» Bordalo-Gennaioli-Shleifer 20, Kahana-Wachter 20

@ In this model

> Realization y; does not affect the memory state m; used to predict fi;
(memory state m; formed before observing y;)
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What Comes to Mind

@ Memory research on cued retrieval
» Recall experiments: word lists, land vs. water, priming

@ Recent economics models inspired by cued retrieval
» Bordalo-Gennaioli-Shleifer 20, Kahana-Wachter 20

@ In this model

> Realization y; does not affect the memory state m; used to predict fi;
(memory state m; formed before observing y;)

Disproportionate impact of recent observations:
1 Memory of the past is poor (imprecise) = more weight on the present

2 Current situation brings to mind similar situations in the past
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Summary

A wonderful paper
@ Inspiring model

@ Impressive empirical performance
Imprecise memory
@ Natural way to generate too much weight on current state

Biases about long-run mean

@ Parsimonious way to generate many empirical regularities
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