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The general approach

A Create experimental data whidmight)
resemble patterns in financial field data

A Measure brain activity

A Use brain data to
I directly test theories of investor behavior
I suggest mechanism® new hypotheses



Why study the brain?

A Neural activity makes choices

A Two levels of analysis

I human information processing
A Neural evidencé, reducedform model of decision
A brain states are omitted variables

I market prices and volume
A Aggregating reducetbrm heterogeneous individuals

A Causal experiments
A Development over human life cycle
A Deeper biological basis of Individual differences



some other notable studies

A stylized stockond individual choice

Kuhnen C. M., & Knutson, B. (2005). The neural basis of financial risk tisleiagnn,
47, 7163770.

Knutson, B.BossaertsP. (2007). Neural antecedents of financial decisidogtnal of
Neuroscience, 27, 81781.77.

A Neural prediction of financial field behavior
Knutson., B.Samane# arkin, G. RKuhnen C. M. (2011). Gain and loss learning
differentially contribute to life financial outcomeBLoSONE

A Trader intuition about insider trading

Bruguier Quartz Bossaert$2010) Exploring the Nature of Trading Intuitidournal of
Finance 65, 170323.

A Bubbles and theory of mind

De Martino, Benedetto, Johni?.Q 5 2 K®bajyatiRay, PeteBossaertsand
Colin Camerer. (2013). In the mind of the market: theory of mind biases value
computation during financial bubbleBleuron 79 (6), 1222231




Two topics

1. Individual trading
1. create stock prices witBxogeneousnomentum
Do people sell winners and losers correctly?
GRAALIZAAUGAZ2Y E-baSet fepufdlinge |V
2. Stock price bubbles
subjects createndogeneougprice series

Do bubbles occur?
what are neural correlates of formation and crash?



The Fournal of FINANCE

The Journal of THE AMERICAN FINANCE ASSOCIATION

THE JOURNAL OF FINANCE « VOL. LXIX, NO. 2 « APRIL 2014

Using Neural Data to Test a Theory of Investor
Behavior: An Application to Realization Utility

CARY FRYDMAN, NICHOLAS BARBERIS, COLIN CAMERER,
PETER BOSSAERTS, and ANTONIO RANGEL*
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1. Individual trading: Disposition

and repurchase effects

A Disposition effect:

i The tendency to sell winning stocks too early and
losing stocks too late

I Volume dataShefrin StatmanJFin85)
I Individuatlevel smaltrader dataodeaniFiros)
I Reluctance to sell losing cond@snesovamayer QJE 01)

| QeVieW:(Barber,OdeanHandbookEcFin 13)
I V-shaped patternsenbavid HirshleiferRFS 12)



What causes disposition effects?

A Many possible explanations:
A Private information
A Portfolio rebalancing
A Belief in mearreversion

A Behavioral:
A-Prospect-theonypreferences
A Utility for realizationof capital gain/loss
(Barberis XiongJFE 12; Ingersoll, Jin RFS 13)



Design: Choos&hento buy & sell

A Three stocks A, B, C + $350 experimental cash
A Hold zero or one share of each

A Each trial: price updatenformation only followed by
decisionscreen (no new information)

A Decision: Buy? if not held

A Sell? if already held
A 108 trials/session for 2 fMRI sessions

Cf. Weber, Camerer QEcBehavOrg



value
update

Stock B: UP $15

Purchase price: $100

2 sec

ITI ~ U[1,3]

buy/sel
decisior

STOCK A price: $105

Purchase price: $100
SELL?
Available cash: $50

3 sec



Design: How prices change

Asset returns depends on hidden states

2

Good: Up 55%, Down 45

Bad: Up 45%, Down 55Y%

2
Change magnitudes are {$5, $10, $15}.
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Disposition effect (PRG-PRL)

Behavioral test:

PGR= % of sales following capital gain
PLR= % of sales following capital loss
Optimal PGR << PLR PGRPLR =76%
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Capital gaing,-c,) encoded ied) In
vmPFQGit time of decision
( isanaprioria YI al € FTNRBRY 2

Figure 6. vimPFC activity reflects realization utility. The figure presents estimation results
from equation (7),

b"(t) = constant + B{ Iqec(t)(pr — ¢¢) + By Idec(t)NEV; + B3controls + e(%).
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Regretrepurchase effects

(Frydman Camerer revision submitted)

A Regret:
I Displeasure fronrmot making a choice
that would have given a good reward
T NEINBU RSHdebrdz U A K
iaSYUAZ2YSR AY FAYIFIYOSXd
ABuying into rising markets to avoid missing tiler
IrrationalExuberanc®0)d C h a h €

AMicrofoundationfor narrowframingof risk?Barberis
Huang ThalerJFE '06)




RegretNB LIdZNDO K | & S

AGd. dzi 6KSY L 02dAKG &3
went up to X and 1/8th, | sometimes stopped
buying...We've missed billions when I've
J200SYy [|--yWarfer BuleR O €

AdG¢KSAS 2Z2LIIRZ2NUdzyAaeé O;
financial statements, but have cost us many
0 At { -AGhafl@eMuager
(both quotes from Berkshire Annual Meeting)



Repurchase effect: Tend to rebuy stocks th:
went down after initial sale

(Strahilevitz BarberOdeanJMktgRed 1; WeberWelfensDie Betrieb11)

F"E:‘:':'] foregone

capital gain

repurchase here?

sold here at
price §

E - -

o 20 40

80 100 120 140
Time
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result inFrydmanri (JF 2014) experimen

coefficient t-stat

dependent var: repurchase

NEV 3.26 1.71*
foregone_capital_gain -0.014 -3.10***
constant -0.969 -5.19%*#*
# of obs / 2410

/

Reluctant to repurchase stocks that did
well after they were sold the first time
ofaregone capital ga;lhn B n 0



responses to update of previously sold stoaks
time of new information:
positive If held negativeif not held

Yv = Qy + ,Bv,l(l[holdAp) -2 r8v,2(][noholdAP) T oo T €y
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Conjunction of

VStr> 0 for owned stocks
VStr< 0 orunownedstocks
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IndividualVStsignals correlated with
behavioral repurchase effect
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: _ r=-0.399
40% ' p =0.037
Time of '
decision 20%
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Correlation between the two
O SKIFIBAZ2NIf SFTFFSO
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regret devaluation realization utility
B
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Disposition and repurchase effects:
Summary

A Patterns in field data is evident in lab data
A vmPF@ncodes capital gain

A VStrencodes capital gain surprise
I Owned stocks: VStr>0
I Unownedstocks:VStr< 0 [regret devaluation effect]

A vmPFCVStrbrain bQ correlated with disposition
and repurchase effects

A Disposition and repurchase effects correlated
(r=.67) within individuals: A common mechanism?




Irrational exuberance and neural crash warning signals
during endogenous experimental market bubbles

Alec Smith*', Terry Lohrenz®, Justin I(ingb, P. Read Mantagueb"'1, and Colin F. Camerer®’

*Humanities and Social Sciences and Computational and Neural Systems, California Institute of Technology, Pasadena, CA 91125; ®Virginia Tech Carilion
Research Institute, Virginia Tech, Roanoke, VA 24016; and “The Wellcome Trust Centre for Neurcimaging, University College London, London WC1N 3BG,

United Kingdom

Edited by Jose A. Scheinkman, Columbia University, New York, NY, and approved June 2, 2014 (received for review October 8, 2013)

Q-Group Laguna 15.0ct. 2018



The Shapes of Market Bubbles
Shanghai Composite, Nasdaq, Dow and Nikkei 225

dshort.com
6/6/2011

— Shanlghai {:omptlrsite pea keqli on 10,"16_.;200?
—— Nasdaq peaked on 3/10/2000

|—— Dow peaked on 9/3/1929

—— Nikkei 225 peaked on 12/29/1989
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Bubble = Price >> Fundamental

But what Is the
fundamental?

Nt

& don't even know what a bubble means. These
words have become popular. | don't think they
KIS Fyeé YSIFyAy3oé
I Eugend-ama(cited inThe New Yorkedanuary 13,
2010)
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Many academic theories

Financial structure & constraint

A speculate on asset float from insider legf expirationHong,
ScheinkmanXiong2006 )

A hedge fund$GennoteLeIand 90)
A agency conflictgllen, Gorton 93)
A credit expansion + risk shiftingien, Gale 00)

Media coverage
A Dyck Zingales03;Veldkamp 06; Tetlock 07; Bhattacharya®9

Valuinguncertaininnovation
A PastorVeronesi9

Opinion asynchrony

A Allen, Morris Postlewaited3; AbreuBrunnermeier 03

Information processing
A feedback tradingpeLong+ 90)

A overconfidence + short sale constrajgineinkmarxiong03)
A aO2F NBASE¢ dzLIRI O A Y BiancBuchienoy  NJ S (i

QX

(0p)



What we do

A Create a lab paradigm that sometimes
generates bubbles

A Measure neural activity using fMRI
A Connect neural activity to bubbles and crashe



data

A 16 sessions

A N=11-23/session

I N = 320 total participants
i UCL A (=276 NnNnextraso)
I Virginia Tech (= 44 scanned)

A 2-3 fMRI Participants/Session



M arket DeS I g m30$tian Goeree & Holt 09

A 2 assets:
iwAadaleé oa{i201€¢é0 tAOBSa
i RskFNBS o6a/ I aKev

A Risky pays uncertain dividend withd)g(

A Riskfree pays interest rate

A Risky converts int& units of cash in period 50

A We choose E(d), r, F to create the fundament




Trading

A 50 trading rounds
A Trade 1 unit max per round
A Call market design: 1 common price per rounc

A No block trades, no shedelling; Why?
I always start simple for fMRI
I Shortselling is challenging to implement



market equilibrium

A Indifferent between safe and risky assets
when:

Eld] _ E[d]




A) By T L25(R)

Cash ar22 Randomly Drawn
Stimulus
Price
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——— 0.75(R,)
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Supply & Demand, Session R, Round 32 Price: $156.01
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Trading Results (2s): Sole focus of fMRI
analysis (so far)

You SOLD

Price: $156.01




representative session

Session P: 23 subjects 2012-01-19
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GLM results

BOLD Responses to
Buying or selling

Peak T statistics
(FWE whole brain
corrected<.05)
Left: 7.69

Right: 7.09

MNI +/-12.8-10
Controls:

Screen Indicators
Return,DivYield

Nucleus
Accumbens

W

ClGh




Important: When are we confident
Gyl YAYIE | NBIAZ2Y QA

. . 203 fMRI studies
Conjunction of BOLD responses vy S8 g2 NR dw92 | w

to Buy and Sell Neurosynthreverse inference
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Three tradefprofit types

Trading Activity: Units of Risky Asset

12— .
——Low Earns

——Med Earns
10+ High Earns
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Determinants of Demand for the Risky Asset: Interval regressions

Dependent variable isuy,, sell] (in returns)
All variables lagged;-gcored except shares, dummy

NAcc 0.008 0.011** -0.001 0.002
(0.005) (0.005) (0.005) (0.005)
Low EarnsNAcc 0.037**  0.026***
(0.011) (0.009)
Return 0.026***  0.028*** 0.020** 0.001
(0.009) (0.009) (0.009) (0.008)
DividendYield 0.022* 0.021 0.047** 0.039**
(0.013) (0.013) (0.023) (0.016)
buy-sellmidpoint (1) 0.079***
(0.012)
Shares yes*** yes*
Shares=0 (Indicator) n.s n.s
4 ROIsrAlns,Amyg,rTPJ,IDLPFC n.s
Constant 1.000*** 1.001*** 1.002*** 0.908*** 0.932***
Low Earns (Indicator) 0.056*** 0.062***
Subject FE Yes Yes Yes Yes Yes
5 round dummies No No No Yes Yes
Cluster level Subject Subject Subject Subject Subject

*** n<0.01, ** p<0.05, * p<0.1 Robust standard‘eftors 'inparentheses




Determinants of Demand for the Risky Asset: Interval regressions

Dependent variable isuy,, sell] (in returns)
All variables lagged;-gcored except shares, dummy

NAcCC

Low EarnsNAcc

Return _
(0.009) (0.008)
/I I . ** *%*
bividendYield| |rrgtional Exuberance (260323) ‘2-00326)
buy-sellmidpoint (1) 0.079***
(0.012)
Shares yes*** yes*
Shares=0 (Indicator) n.s n.s
n.s
Constant 0.908*** 0.932***
Low Earns (Indicator) 0.056*** 0.062***
Subject FE Yes Yes
5 round dummies Yes Yes
Cluster level Subject Subject

*** n<0.01, ** p<0.05, * p<0.1 Robust standard‘eftors 'inparentheses




GLNNY GA2Yy I f SEdz

Earnings vs. Logit Marginal Effects

35) o0

30¢ 0= -0.52; p< 0.002

Earnings ($)

10}

-0.2 Q __ 0.2 _.04 0.6
NAceBuying association



But what causes crashes?

A Intuition among some traders that prices will
stop increasing or decline

A forward-looking

T > those traders begin to sell

T > prices peak, then crash

T > crash is faster {Jr,| > [+, ]

A Are there signals in the brain?



Candidate region: Insula cortex
Qinteroceptivel NB I ¢ O0AYISNY I f &



