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Résumé

Cette thése est constituée de deux essais en microstructure des marchés et d’un essai

en finance corporative.

Les produits sur indices constituent une gamine de produits dérivés dont les premieres
transactions débutent en 1982 aux Etats-Unis. Dans un premier essai, nous nous intéres-
sons a la maniére dont ces produits altérent les stratégies d’investisseurs sophistiqués.
D’aprés la littérature théorique (Subrahmanyam, 1991 ; Yuan, 2005), 'introduction de
produits dérivés sur indices (PDI) modifie le comportement d’investisseurs informés de
deux maniéres. Premiérement, les investisseurs spécialisés dans le risque sectoriel préferent
transiger le PDI plutot que les actions pour limiter les cotts de transactions ainsi que leur
exposition au risque idiosyncrétique. Deuxiemement, les investisseurs spécialisés dans le
risque spécifique a la firme peuvent utiliser le PDI comme instrument de couverture et
neutraliser leur exposition au risque sectoriel. Ils peuvent alors transiger d’avantage les
actions. Les tout premiers fonds cotés (ETF) sur secteurs ont été introduits en Décembre
1998 par State Street. En utilisant cet événement comme laboratoire et en reprenant le
modeéle de Albuquerque et coll. (2008), nous mettons en évidence que Peffet migratoire
est validé mais pas l'effet couverture.

Les options offrent un effet de levier trés puissant, faisant de ces produits dérivés un
terrain idéal pour la spéculation. Dans notre deuxiéme essal, nous étudions comment les
investisseurs sophistiqués allouent leur ordre de transaction entre le marché des actions et
celul des options. Pour cela, nous develloppons un modéle Bayésien appliqué aux marchés
financiers o des teneurs de marchés transigent une action et une option avec des investis-
seurs informés ou non, tel que décrit dans Easley et coll. (1998). Nous innovons 4 deux
égards. D’une part, nous utilisons quatre états de la nature plutot que deux, ce qui permet
d’avoir un a priori sur la valeur de 'option ("moneyness"). D’autre part, nous introduisons
un systéme de marge, ce qui nous permet d’intégrer au modéle des investisseurs contraints

budgétairement. Dans une premiére étape, nous dérivons des équilibres de Nash. Dans




une seconde étape, nous calibrons le systéme de marge sur la régulation T et les exigences

du CBOE et les paramétres du modele sur de récentes études empiriques afin de dériver
la proportion d’équilibre d’investisseurs informeés négociant P'option. Dans le cas de base,
cette proportion atteint 14% quand l'information privée sur Paction est bonne et 23%
quand celle-ci est mauvaise. Cette étude confirme le role significatif du marché des options
pour l'incorporation de I'information privée.

Les options d’achat d’actions ("stock-options") sont des produits dérivés utilisés pour
rémunérer les gestionnaires. Depuis 2006, il est obligatoire de comptabiliser ces produits
en tant que dépenses et de reporter les paramétres relatifs a la valoration. Dans notre
troisiéme essai, nous examinons si un parainetre clé de la valorisation des options, le taux de
dividende, est utilisé comme canal de transmission d’information des gestionnaires vers les
investisseurs. Alternativement, ce taux peut-étre manipulé par des manageurs cherchant
a camoufler la valeur de leur rémunération & base d’option. Nous proposons une nouvelle
méthodologie pour identifier manipulation & la baisse, maipulation a la hausse et absence
de manipulation. En examinant la période 2006-2014, nous mettons en évidence que,
pour les 344 entreprises qui manipulent, I’hypothése de transmission d’information trouve
un écho favorable alors que I'hypothese de camouflage de rémunération n’est pas validée.
Cette étude confirme l'utilisation des notes de pages comme canal d’information par les
gestionnaires. Par ailleurs, la probabilité de reporter un taux de dividende biaisé augmente
quand les commissions d’audit baissent. Ainsi, il semblerait que seul un processus d’audit

cotiteux soit garant d’une vérification de notes de bas de page.

Mots clés : Négociation informée, risque sectoriel, risque idiosyncratique, produits dérivés

sur indices, options, systéme de marge, états financiers, taux de dividende.

Méthodes de recherche : Econométrie, analyse numérique, modélisation mathématique
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Abstract

This thesis is made of two essays in market microstructure and one essay in corporate

finance.

Tradable indices are financial derivatives introduced in 1982 on US financial markets.
In our first essay, we study how these products modify the behavior of sophisticated in-
vestors. According to the theoretical literature (Subrahmanyam, 1991 ; Yuan, 2005), the
introduction of tradable indices is expected to modify the behavior of sophisticated in two
ways. First, investors specialized in trading the industry risk should prefer to negotiate a
tradable index rather than a basket of stocks to limit their exposure to the idiosyncratic
risk (the migration hypothesis). Second, investors specialized in trading the firm-specific
risk can increase their trading activity because they can use the tradable index as an hedg-
ing instrument (the hedging hypothesis). The first sector-specific ETF were introduced in
December 1998. By using this event as laboratory and adapting the model of Albuquerque
et al. (2008), we find strong evidence in favor of the migration effect but no support for
the hedging effect.

Options provide a lot of leverage, making these derivatives a natural ground for spec-
ulative bets. In our second essay, we develop, in the spirit of Easley et al. (1998), a
Bayesian model where market-makers can trade a stock or an option with informed and
non-informed traders. Our contribution to the theoretical literature is two-fold. For the
option contract, we are able to define the option moneyness before the trading session
starts. For market participants, a margin system is introduced, so that our model encom-
passes the presence of wealth-constrained investors. After deriving the Nash equilibrium,
our parameters are calibrated regarding Regulation T and CBOE margin rates. We study
the relative allocation of informed trading across markets and moneyness. We find that
the asymmetry in margins between long and short option position conveys into difference
in option informed trading (OIT) probability. In our benchmark case, OIT reaches 14%

when signals are low and 23% when signal are high. In addition, OIT overcomes 50% for
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some information set - moneyness combinations. This study confirms the important role
of options for the incorporation of private information.

The stock-option is another derivative product widely used for executive and employee
compensations. In our third essay, we study the report accuracy of the dividend yield
reported in the 10-K financial statements and used to price executive stock options. This
yield can be manipulated by managers in a attempt to convey superior information (in-
formation revelation hypothesis) to shareholders or in a attempt to hide the true value of
their stock options (managerial opportunism hypothesis). However, the audit firm might
impose the company to report a truthful dividend yield (discipline hypothesis). We pro-
pose a new methodology to identify underreport, fair report and overreport. By focusing
firms that have biased their report over the period 2006-2014, we show that the informa-
tion revelation hypothesis receives strong evidence while there is no evidence of managerial
opportunism. Hence, our study brings new evidence that footnote information can be used
by managers to convey information to market participants. In addition, the likelihood to
report a fair dividend yield increases with audit commissions. It seems that only a costly

audit process guarantees footnote information verification.

Keywords: Informed trading, sector-specific risk, firm-specific risk, ETFs, options, margin

systemn, financial statements, dividend yield

Research methods: Econometrics, numerical analysis, mathematical modeling

vi



Contents
Résumé

Abstract

List of Figures
List of Tables

List of Acronyms
Acknowledgements

Preface

1 Introduction

2 Sector-specific ETFs and the Reallocation of Informed Trading
2.1 Introduction

2.2 Tradable indices and informed trades

2.2.1 Foundations . . . . . . . . . .. e e e e e e e e e e e e e

222 Hypotheses . : « :wa o5 s s ma @i 8 o M3 55 Fa M o5 «3 s 5t srmaWs@ss s 53
2.2.3 Index derivative data . . . . . . . . .. ..
224 Related works . . . . . . ..

2.3 Identification of S- and I-informed trading activities
2.3.1 The probability of informed trading . . . . . . . ... ... .. L L.
2.3.2 The proposed extension . . . . . . ...

2.3.3 Estimation of parameters . . . . . ... ...

2.4 Methodology and data
24.1 Event study design . . . . . . . .. . e e e e
2.4.2  Microstructure and descriptive statistics . . . . . . ... ... .. i E AN EEmEE
2.4.3 Comparison with popular proxies for private information incorporation . .

2.4.4  Order-flow cross-correlation, parameter estimates and precision . . . . . . .. ... ...

vii

xii

xiii

XV

Xvi

xvii

14

15

16

20

21




2.5 Results
2.5.1 A modification in S- and I-informed trading activity . . . ... .. ... ... ... ...
2.5.2 Evidence of the migration effect . . . . . . . . ... ... . . oL
2.5.3 Controlsample . . . . . . L e e
2.5.4 International evidence . . . . . .. . . .. ..

2.6 Conclusion
2.7 References
2.8 Figures

2.9 Tables

2.10 Appendix
2.10.1 Appendix I: Density function and I/S-Ratio . . . . . . . ... .. ... ... .......
2.10.2 Appendix II: Likelihood function, standard errors and delta method . ... ... .. ..
2.10.3 Appendix IIL Initial values . . . . . . . . . . .. ...
2.10.4 Appendix IV: Simulations . . . . . . . . ... e e e
2.10.4.1 Motivations . . . . . . L. L e e e
21042 Approach . . .. L e e e e
21043 Results . . . . . . L e

2.10.5 Appendix V: Additional exhibits . . . . . ... ... L L

3 Informed Trading across Strikes
3.1 Introduction

3.2 Option markets and the incorporation of private information

3.3 Our model

3.3.1 The market structure

3.3.2 Informed trader strategies

3.3.3 Bid and ask on the stock market

3.3.4 Bid and ask on the option market

viii

26
26
27
28
30

31

33

37

44

59

60

66
66
66
67
67

82

83

86

88
38
93
94

95



3.4 Nash equilibrium 97

3.4.1 Equilibrium OIT with profit equalization across markets . . . . . . .. . ... ... ... 97
3.4.2 Equilibrium OIT with return equalization across markets . . . . ... ... ....... 99
343 CabbBration .« s s s uwas i ncb s s ws i s m G T T £ ¢ b e e e e b 103

3.5 Equilibrium properties 105
3.5.1 The pattern of informed trading in the option market . . . . .. ... ... ....... 105
3.5.1.1 Expected profits versus expected returns . . . . . . ... ..o L L. 105

3.5.1.2 OIT and moneyness . . . . . . . . . ..o vt v i i ii it e 106

3.5.1.3 Equilibrium bid/ask spread . . . . .. ... ..o o Lo L 107

3.5.2 Sensitivity analysis . . . . . . . ... e e e e e 107
3.5.2.1 Sensitity to relative liquidity trading . . . . . . . ... ... 0oL 107

3.5.2.2 Sensitivity to total informed trading . . . . . ... ... oL L. 108

3.5.2.3 Sensitivity tomarginrates . . . . ... ..o o000 109

3.6 Conclusion 110
3.7 References 111
3.8 Figures 113
3.9 Tables 121
3.10 Appendix 125
3.10.1 Appendix A.1: Bid, ask and asset payoff on the stock market . . . . .. ... ... ... 125
3.10.2 Appendix A.2: Bid and ask on the option market . . . . . . ... ... ... ... L. 128

3.10.3 Appendix B.1: Equilibrivin when informed traders equalize their profits across markets 131
3.104 Appendix B.2: Equilibrium stability . . . ... .. ... ... ... ... ... 132

3.10.5 Appendix C.1: Equilibrium when informed traders equalize their returns across markets 133

4 Footnote Information Accuracy: Evidence from the Reported Dividend

Yield 136

4.1 Introduction 137

ix



4.2 Confronting different approaches 141

4.2.1 Can the footnote dividend vield be informative? . . . . . . . .. ... .. ... ...... 141
422 Managerial objectives: . . . 4 v v i . .. ws s i i s e s w e s s e E e s s ¢y 142
423 “Disciplinary FOrCes « v« « s is s 5% « v w5 0 8§ T s A w3 F A s A Ay s § s s 144

4.3 The manipulation of ESO pricing parameters 145
43:] Priorstudied. : : s o o v v vm 995 5 5 vo ks d s v i mE R B A § B S SN s e e s g 145
4.3.2 Why do we focus on the dividend vield? . . . . . .. .. ... ... .. ... ... ... 147

4.4 Methodology and data 148
4.4.1 Identifyving ESO granters . . . . . . . .. ... L L e 148
4.4.2 Predicting dividend yields and growths . . . . . . . .. .o oo 149
4.4.3 Report Accuracy . . . . . . .. e e e e e 151
ddd Proxies . . . . .. .. e e 155
4.4.4.1 Informational incentives . . . . . . . .. .. L 0 0oL 155

4.4.4.2 Camouflage strategy . . . . .. . .. .. ... L o o e 155

4.4.4.3 Disciplinary forces . . . . . . . L e e 156

4.4.4.4 Additional control variables . . . . . ... . L oL oL Lo 156

4.4.5 Sample and summary statistics . . . . . ... oL Lo Lo oo 157

4.5 Results 159
4.5.1 Evidence from time series analysis . . . . .. .. .. ..o 000000 159
4.5.2 Report accuracy and forward-looking information . . . . . . ... .. o000 160
4.5.2.1 Private information proxy . . . . . ... .. oL oL oo 160

4.5.2.2 Growth opportunity proxy . . . . . . . . . .. e e e 161

4.5.3 Report accuracy, analyst exposure and managerial opportunism . . . . . . . . .. .. .. 161
4.5.4 Report accuracy and disciplinary mechanisms . . . . . . ... ... ... ... 162

4.6 Conclusion 163
4.7 References 164
4.8 Figures ) 167

Tables 170



4.10 Appendix i81

4.10.1 Appendix A: Report accuracy definition . . . . . . . . .. ... ... ... .. .. ... 181
4.10.2 Appendix B: Variable definitions o 184
4.10.3 Appendix C: Additional exhibits . . . . . .. .. ... ... ... 187
5 Conclusion 189

Xi



List of Figures

Part 2

(]

=T e - e

11

Part 3

St = W N

N=TEe T -

Part 4

(8]

Figure I Panel A: SPDR Select Sector ETFs . . . . . . . . .. .. ... ............ 38
Figure I Panel B: Underlying stock volumes . . . . . . .. ... ... ... ... ....... 38
Figure II: The original trading process . . . . . .. ... ... ... .......... L0039
Figure III: The new trading process . . . . . . . . .. .. . .. .. ... 40
Figure IV Panel A: Structural parameter shifts - Full sample-. . . . . .. ... ... .... 41
Figure IV Panel B: Structural parameter shifts - Information Technology excluded - . . . . 41
Figure V: Industry-level shifts . . . . . .. .. .. .. .. .. . o oo 42
Figure VI: Trader migration and sophisticated trading on ETF markets . . . . . .. .. .. 43
Figure A.I Panel A: Theoretical versus estimated parameters - Without misclassification - . 68
Figure A.I Panel B: Theoretical versus estimated parameters - With misclassification - . . 69
Figure A.IL: Initial guesses and convergence . . . . . . . . . . . . ... .. 70
Figure I: Sensitivity of OIT to variation in the uninformed trading activity . . ... .. .. 114
Panel A: Signalsarehigh . . .. ... .. ... ... ... ... . o o . 114
Panel B: Signalsare low . . . . . . .. ... L e e 115
Figure II: Sensitivity of OIT to variation in total informed trading . . . . . ... .. .. .. 116
Panel A: Signalsare high . . . . . .. .. . ... . 116
Panel B: Signals are low . . . . . . . . ... e 117
Figure III: Sensitivity of OIT to variation in the stock margin rate mg . . . . . . . . .. .. 118
Panel A: Signalsare high . . . . . . . . . . ... .. e 118
Panel B: Signalsarelow . . . . . . . .. ... L L 119
Figure IV: Sensitivity of OIT to variation in the option margin rates mp and my . . . . . . 120
Figure I: Distribution of report accuracy within the fair report category . . . . . .. .. .. 168
Figure II: Sample means by report accuracy level . . . . . . .. . ... .. ... ... .... 169

xii



List of Tables

Part 2

=R S N - T ) Y S JU ]

[ T e e e S S Gy
S LW X =~ O U e W N =D

]
—

b

(V]
(W]

Table Ir List of Boeks! . . : % 1 e oM% 5 5o O 0 o 0 it £ e b w s i s 16 44
Table I: Continued . . . . . . . . .. . . . e 45
Table IT: Descriptive statistics . . . . . . . . . . . . . . .. . . . 46
Table II: Continued . . . . . . .. .. ... . 47
Table III: Correlation matrix . . . . .. ... .. .. ... . 48
Table III: Continued . . . . . . . . . .. . e 49
Table IV: Cross-correlation of order-flow . . . . . . . ... ... ... ... .......... 50
Table V: Pre-event parameter estimates . . . . . .. ... ... .. ... ... ........ o1
Table VI: Post-event parameter estimates . . . . . . .. .. .. .. ... ........... 52
Table VII: Non-parametric tests for the treatment sample . . . . . ... . ... ... . ... 53
Table VIII: Informed trading in ETF markets . . . . . . . .. ... ... ........... 54
Table VIII: Continued . . . . . . .. ... . . 55
Table IX: Control sample . . . . . . .. . .. 56
Table X: Non-parametric tests for the control sample . . . . . .. .. ... ... ... .... 57
Table XI: Non-parametric tests for the emerging market stocks . . . . .. . ... ... ... 38
Table A.I: Root mean square errors (RMSEs) . . . . ... ... ... ... .......... 71
Table A.L: Continued . . . . .. . . ... .. 72
Table A.IL: Stock-level microstructure . . . . . .. . ... ... ... ... .. .. ...... 73
Table A.II: Stock-level microstructure (continued) . . . . . . ... ... ........... 74
Table A.II: Stock-level microstructure (continued) . . . . . . . ... ... ... ....... 75
Table A.II: Stock-level microstructure (continued) . . . . . ... ... ... .. ....... 76
Table A.IL: Stock-level microstructure (continued) . . . . . . . . . .. ... .. ... ... . 77
Table A.IL: Stock-level microstructure (continued) . . . . .. .. .. ... ... ....... 78
Table A.II: Stock-level microstructure (continued) . . . . . . . ... ... ... ....... 79
Table A.II: Stock-level microstructure (continued) . . . . .. . ... ... ... ... .... 80
Table A.II: Stock-level microstructure (continued) . . . . . ... ... ... ... ...... 81
Table I: Option margin requirements in CBOE and popular trading platforms . . . . . . . . 121

xiii




Part 4

(w1} W= (U} V]

=R T T -]

Table II: Summary of the parameter set
Table HI: Informed trading activity in the option market

Table IV: Equilibrium bid/ask spread

Table I: Sample of footnotes . . . . . . . . . .. .. 170
Table I (continued) . . . . . .. . . L e 171
Table II: Descriptive statistics . . . . . . . . .. . . . . . e e 172
Table 11I: Report type statistics . . . . . . . . . . . . . . 173
Table IV: One—year-ahead dividend yield . . . . . . ... ... ... ... ... ...... 174
Table V: One-year-ahead dividend growth . . . . . . .. ... ... ... . ......... 175
Table VI: Non parametric tests . . . . . . . . . . . .. .. L 176
Table VII: Multinomial logistic regression . . . . . . . . . ... ... ... ... ...... 177
Table VII (Continued) . . . .. .. .. ... .. ... ... R 178
Table VII (Continued) . . . . . .. .. . . e 179
Table VII (Continued) . . . . . . .. . .ottt i et e 180
Table A.I: Methodology . . . . . . . . . . e e e 182
Table AL (Continted): = § = % «% ¢ sm sl 5 s mmw booon o o o & wdglihts a5 « = o 505 o 183
Table C.I: Lintner's type regression . . . . . . . . . v v v v v i vt it et e e e 187
Table C.II: Estimation of CEQO excessive compensation . . . . . . . ... ... .. ...... 188

xiv




List of Acronyms

PIN
ETF
oIT
ESO
FDY

Probability of informed trading
Exchange-traded funds

Option informed trading
Executive stock option

10-K Footnote dividend yield

XV



Acknowledgements

I am deeply grateful to my supervisors Pascal Frangois and Nicolas Papageorgiou for their
continuous guidance through these six years and their help on many aspects of the thesis,
including, but not limited to, modeling, writing and typesetting. Because money is the
war nerve of the Ph.D., I also thank them for their financial support. This financial safety

has allowed me to have a comfortable life in Montreal.

I also thank Pierre Chaigneau, Georges Dionne and Mathieu Fournier for the multiple RAs
that have allowed me to develop some skills in dataset management, programming and
numerical methods. In addition, I thank Amir Barnea, Philippe d’Astous, and Alexandre
Jeanneret for the advise to improve my speech for the job market, and Fernando Zapatero

for his hospitality during my visiting period at USC Marshall.

I cannot forget to mention:

My family Carole, Gérard, Hervé, Jeanne, Lou, Marie, Margaux, Patrice, Patricia and

Robert, for giving me the motivation in continuous-time.

My close friends Antoine and Adrien, for spreading their positive energy and sharing with

me their musical expertise.
My Ph.D colleague and friend Luc, for our inspiring discussions and future collaborations.

My roommate Alain and Amador, for providing me a beautiful and peaceful home.

xvi



Preface

The research idea developed in the first part of this thesis, which is also my job market
paper, takes root when I was doing my master studies in 2011. In a theoretical paper
published in 2005, Kathy Yuan from the London School of Business, shows how sophisti-
cated traders modify their trading behavior when an index is introduced and tradable. In
particular, she demonstrates how the traders informed about the systematic risk concen-
trate their trades in the index market while the traders informed on the idiosyncratic risk
participate more in the component stock markets. Although tradable indices exist since
1982 and the literature on this topic is very developed, no research was able to bring an
empirical verification of her claims. I find the appropriate statistical tool in 2013, during a
course at Concordia and the appropriate event study in 2015. This first working paper was
published in the SSRN library in 2016 and presented at the Bank of Canada in Ottawa.

My second research idea emerged in 2014. Informed trading in the option market and
the competition between stocks and options for the incorporation of information have
been the subject of an extensive literature. Although it was a hot topic, I noticed that
only three theoretical studies was published within the last 15 years. It took me one
year to understand the mathematics of the Bayesian model applied to financial markets,
so that I could undertake an extension. It took me an additional year to clearly define
my research path, to produce 100 pages of equations written by hand, and to find stable
market equilibria. My model is the first one to characterize a multimarket trading session
when investment on margins and option moneyness are taken into account. With this
paper, I give predictions on how sophisticated traders split their trades between stock and
options, and explain some empirical results.

My third essay started with an RA realized during 2012 for Professor Pierre Chaigneau
and Julien le-Maux. My swift ability to prepare a clean dataset, produce results and sug-
gest extensions led to me being invited to become a coauthor. I surely accepted and thank
Pierre and Julien for this opportunity. An early draft of the paper was presented during
IFM Days in 2013 and at the department of accounting of UQAM in 2015. Although the
research question has not changed since 2013, we have widely improved our 11u:thodnlogy

to address the critics raised during the presentations.




Introduction

Despite more than twenty years of empirical researches on tradable indices, there is no
evidence on how the introduction of these financial securities affects the behavior of so-
phisticated traders. This is quite intriguing as theories (Subrahmanyam, 1991; Yuan, 2005)
explore the channels by which introducing tradable indices modifies the appetite of sophis-
ticated investors for collecting private information. Understanding the behavior of these
traders is crucial, as they are responsible for the incorporation of private information into
stock prices, directly impacting market efficiency (Chordia et al., 2005). In the first essay
of this thesis, we explore the effect of introducing tradable index on sophisticated investors.
The behavior of these traders is analyzed under two angles. First, the introduction of trad-
able indices on financial markets should trigger a decline in sophisticated trading activity
because investors specializing in trading the sector-specific risk have the opportunity to
leave the stock markets for the index markets (Subrahmanyam, 1991; Yuan, 2005). This is
the migration hypothesis. Second, the introduction of tradable indices should generate an
increase in sophisticated trading because investors specializing in trading the firm-specific
risk can use indices as hedging instruments (Yuan, 2005). This is the hedging hypothesis.

Our study is designed as follows. We develop a model that identifies three components of
the trading activity: non-informed trades, trades on firin-specific information and trades on
sector-specific information. This decomposition is based on Albuquerque et al. (2008). We
focus on the introduction of the State Street SPDR. Select-Sectors ETFs in December 1998
to analyze the pattern of informed trading around this event. The design of these ETFs
is based on the assignment of the S&P 500 stocks into nine industries, so that investors
were offered the possibility to obtain a specific exposure on industry risk for the first time.
This makes this event a very appropriate laborétory for our research question. We find
strong support for the migration hypothesis but no support for the hedging hypothesis
The robustness of our findings is tested in two ways. First, we use two different algorithis
in order to classify trades. Second, we perforin tests on a sample that excludes firms
belonging to the Information Technology industry. Doing so, we rule out the possibility
that our results are driven by an industry whose stocks are characterized by an unusually

high speculative activity (the Dot-Com bubble).



In the second essay, we develop a market microstructure model in the spirit of Glosten
and Milgrom (1985), extended to multimarket trading, like in Easley et al. (1998), John et
al. (2003) and Huh et al. (2015). There is one single asset but all investors are offered the
possibility to trade a put on the stock or the stock itself. There is an exogenous amount of
non-informed investors and an amount of informed traders whose trading activity across
markets is endogenous. Moreover, there is a margin system so that wealth-constrained
investors, informed or not, can participate. Under this framework, which takes root in
John et al. (2003), informed traders seek to maximize expected returns. An additional
feature of our market structure is the moneyness of the option contract: Out-the-money
(OTM), near-the-money (NTM) or in-the-mmoney option (ITM).

We derive the Nash equilibrium and obtain a probability of option informed trading
(OIT). We analyze how OIT changes for different level of moneyness, relative liquidity,
total informed trading and margin rates. In our benchmark case, OIT reaches 14% when
signals are low and 23% when signal are high. In addition, we find that OIT exceeds 50%
when the option/stock liquidity ratio is high and total informed trading is low. Asymmetry
between long put and short put margin requirements is responsible for this difference in
OIT magnitude. Traders can achieve larger returns by writing a put when signals are‘high
than purchasing a put when signals are low.

In the third essay, we analyze the accuracy of the dividend yield reported in the financial
statement footnotes, used as an input to price executive stock options. Two different
mechanisms can explain the lack of accuracy: An objective of information revelation or
pure opportunism by the team of managers. A third mechanism favors accuracy: the
discipline imposed by the audit firm. To test the three mechanisms, we develop a new
methodology to measure report accuracy. Our method is based on 10-K and 10-Q files
that are publicly available, and can be replicated by analysts and auditors. A lot of
studies have analyzed the accuracy of the reported dividend yield. However, these papers
compare this yield to a single measure while the flexibility allowed by FASB guidance
indicates that there is no clear specified method of measurement but rather a range of
possible benchinarks. Using quarterly and annual Compustat files, we compute various
dividend yields. The minimum (maximum) of these measures is selected as a low (high)
bound to detect under- (over-) report. By doing so, our methodology is robust to the

heterogeneity of methodologies across firms.
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Among the three effects tested in this paper, we find strong evidence in support of
the information revelation motive. Low Tobin’s Q and low total Tobin’s () are strongly
associated to the risk of underreporting while large decreases in the operating risk favor
the overreporting risk. These results differ from Choudhary (2011) that rejects the infor-
mation revelation hypothesis. The managerial opportunism hypothesis receives moderate
evidence: Analyst’s coverage is strongly associated with underreporting, suggesting that
the companies the most exposed to analyst scrutiny are more likely to bias the dividend
yield downwardly. However, we find no link between excessive compensation and overre-
porting risk. Third, higher audit fees are associated to less overreport. All together, our
findings suggest that information revelation objectives and evidence of disciplinary mech-
anisms are both present in our data and influence the relative likelihood of underreporting

over reporting fairly the footnote dividend yield.
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This paper identifies a component of the informed trading activity induced by sector-
specific information (S-trading) and one induced by idiosyncratic information (I-trading).
The introduction of tradable indices on financial markets should trigger a decline in S-
trading because investors specializing in trading the sector-specific risk can migrate to
index markets. The introduction of tradable indices should also generate an increase in
I-trading because investors specializing in trading the firm-specific risk can use indices as

hedging instruments. We find that the first effect dominates the second effect.’
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2.1 Introduction

Despite more than twenty years of empirical researches on tradable indices’, there is no
evidence on how the introduction of these financial securities affects the behavior of so-
phisticated traders. This is quite intriguing as theories (Subrahmanyam, 1991; Yuan,
2005) explore the channels by which introducing tradable indices modifies the appetite of
sophisticated investors for collecting private information. Understanding the behavior of
these traders is crucial, as they are responsible for the incorporation of private information
into stock prices, directly impacting market efficiency (Chordia et al., 2005). For instance,
a migration of investors specializing in trading the sector-specific risk to index markets
and away froin stock markets should result in less incorporation of information into stock
prices, leading to a greater uncertainty about stock fundamental values.

In this paper, we explore the effect of introducing tradable index on sophisticated in-
vestors. The behavior of these traders is analyzed under two angles. First, the introduction
of tradable indices on financial markets should trigger a decline in sophisticated trading
activity because investors specializing in trading the sector-specific risk have the opportu-
nity to leave the stock markets for the index markets. Second, the introduction of tradable
indices should generate an increase in sophisticated trading because investors specializing
in trading the firm-specific risk can use indices as hedging instruments. We find strong
support for the migration effect but weak support for the hedging effect.

Our study is designed as follows. We develop a model that identifies three components
of the trading activity: non-informed trades, trades on firm-specific information and trades

on sector-specific information. This decomposition is based on AIbuquerqﬁe et al. (2008).%

The effeet of introduciug tradable indices on underlying stocks has bheen analvzed under many angles. This includes,
but is not linited, to: Edwards (1988; stock index futures as instruments, volatility as dependent variable), Harris
{1989: stock index futures, volatility), Jegadeesh and Subrahmanyvam (1993: stock index futures. vohune) and Chot and
Subrahmanvam (1994; stock index futures, volune) Knmar et al. {1995; index options, volatility. spread aud trading
volmne). Rahman (2001; stock index futures, volatilitv), Hedge and MeDermott (2004; stock index futnres, spread and
price impact). Madnura and Ngo (2008; ETFs. trading volume) and Henker and Martens (2008; ETFs. Hasbrouck's
(1995) information shares)

Their model is an extension on the PIN model developed by Easley et al. (1996). PIN is the acronym for Probability
of Informed Trading. Like in Vega (2006), we posit that informed trading does not solely reflect private or confidential
inforimation held by sowe investors. It also designates traders that have talent to analvze and interpret the informational
content of public releases. In our framework, informed and sophisticated are equivalent.



We focus on the introduction of the State Street SPDR Select-Sectors ETFs in December
1998 to analyze the pattern of informed trading around this event. The design of these
ETFs is based on the assignment of the S&P 500 stocks into nine industries, so that
investors were offered the possibility to obtain a specific exposure on industry risk for the
first time. This makes this event a very appropriate laboratory for our research question.

The SPDR Select Sector ETFs are expected to modify the trading activity of sophis-
ticated traders in two ways. First, the specialists of sector-specific risk (the S-informed
traders) should migrate towards the ETF markets because these securities match their
informational advantage better than stocks do (Subrahmanyam, 1991; Yuan, 2005). They
are expected to trade less component stocks. This is the migration hypothesis. Second, the
specialists of the firm-specific risk (the Iinformed traders) have incentives to trade more
component stocks, since they can now use ETFs as hedging instruments against industry-
specific risk (Yuan, 2005). This is the hedging hypothesis. We find strong support for the
migration hypothesis while we find only weak support for the hedging hypothesis.

These findings have interesting implications for the market microstructure of stocks.
Prior the introduction of the financial products reflecting industry risk, the trading activ-
ity on sector-specific information is the dominant component of sophisticated trading on
stocks. Irll our setting, prior to the introduction of the SPDR Select-sector ETFs, there
are on average 0.91 units of weighted trading intensity’ from the I-informed traders for
one unit of weighted S-informed trading intensity. After the introduction of the ETFs ,
this proportion shifts to 1.12 units. It means that trades based on information related to
the firm-specific risk becomes the dominant component of sophisticated trading on stocks
after ETF introductions. Hence the growth in trading volume following the introduction
of tradable indices hides a reallocation of informed trading. To the best of our knowledge,
we are the first to document on this effect.

To address how the introduction of tradable indices impacts sophisticated trading, we

rely on a decomposition of the sophisticated trading activity into a number of trades

I The trading activity is weighted by the probability of private information incorporation, because there are sote days

with no news.




driven by information on firm-specific risk and a number of trades driven by information
on sector-specific news. This is a realistic assumption regarding the current practice in
the financial industry. Many institutional investors have research teams specialized in
the analysis of news and data on a particular industry. It is also possible that some
investors have benefited from the leakage of confidential macroeconomic or sector-specific
data generated by national statistical agency.” By contrast, an I-informed trader is an
investor skilled in interpreting public news related to the firm fundamentals. The latter
also refers to investors that have benefited from the leakage of confidential information on
upcoming takeovers or earning anmouncements.”

Our distinction between sector-specific and firmn-specific information finds some support
in the literature. Tookes (2008) develop a model of informed trading where information
event can be firm-specific or industry-wide. In Piotroski and Roulstone (2004), market par-
ticipants possess three types of information: Firm-specific, sector-specific or marketwide.
In Crawford et al. (2012), the financial analysts have skills in producing one of the three
information type. Traders based on marketwide information, like macroeconomic news,
are not present in our model for tractability purpose. Marketwide factors can be con-
verted into sector-specific factors by analyzing the sensitivity of an industry to business
cycle shocks, making the restriction acceptable. We assume that the S-informed trader is
an investor that knows the impact of market-wide information on the industry she is the
specialist of.

To capture the trading activity of the I-informed and S-informed traders separately, the
PIN model by Easley et al. (1996) is extended in a very similar way to Albuquerque et

al. (2008). Although the PIN model has received considerable attention’, it assumes that

For a recent exarmple of illegal insider trading based on macro-inforination, see Stewart, R., "Two Sentenced in Australia
Tusider-Trading Case", The Wall Street Journal, March 2015,

There is actually evidence that short-termn institutional investors have access to private information, through commu-
nication with management teawn (Ke and Petroni, 2004; Yan and Zhang, 2007). Gao and Huang (2014) show that the
lobbyist connections of hedge fund managers give them informational advantage that enables to outperform passive
benchinark. Hendershott et al. (2015) fnd that significant price discovery related to news ocours through institutional
trading prior to the otficial release of the news.

The popularity of this measure has widely transcended the microstructure literature. It has been connected to rescarch
questions in corporate finance (Duarte et al., 2008; Backed ad Whited, 2010} and assct pricing {Easley et al., 2010:
Hwang et al., 2013). Several extensions have also been proposed. See Easley et al. (1997), Gramniy et al. (2001), Lei
and Wu (2005), Easley et al. (2008), Duarte and Young (2009), Tay et al. (2009).




the pool of informed traders represents a homogeneous group because they all negotiate in
the same direction: They buy (sell) on "good news" ("bad news") days. In Albuquerque
et al. (2008), traders are heterogeneously informed as they acquire either sector-specific
signals or firm-specific ones. Accordingly, the total informed trading activity is split into
two components. Because the market incorporates private information of nature sector-
specific or firm-specific, the probability of private information arrival is also split into two
components. With these distinctions, their model reflects a richer trading process. They
show that trades based on market-wide private information is able to forecast industry
stock returns and also currency returns. Their evidence provides good support on the
ability of the structural model we propose to disentangle liquidity trades from trades on
sector-specific risk and firm-specific risk.

There are three important technical points that makes our model different from this of
Albuquerque et al. (2008). (i) Their model does not tolerate the arrival of days with both
positive (negative) marketwide private information and negative (positive) firm-specific
information. We do not enforce this restriction. Duarte and Young (2009) argue that
shocks that occur simultaneously on the buy and sell side of the market must be added
to the trading process because some days, market participants are enable to agree about
information flow content. By lifting the restriction, our framework gives an explanation
to the Duarte and Young (2009) claim: Some days, positive (negative) signals on the
firm’s industry are collected simultaneously to negative (positive) signals about the firm
herself. As a consequence, the I-informed investors trade on the opposite side of the S-
informed ones. (ii) Buyer-side and seller-side liquidity trades are captured by the same
parameter. Quantifying aggregate liquidity trading is not the heart of this paper and
this restriction avoids unnecessary complexity and liberates several degrees of freedoms.
(iii) By applying the reformulation of the likelihood function following Lin and Ke (2011),
structural parameters can be estimated for all stocks, regardless the trading volume level.

An additional feature of our model is the ability to produce cross-correlation in the

order-flow. Without tradable indices, the S-informed traders must trade several stocks



of the same industry simultaneously to obtain a profit free of idiosyncratic innovations.
By trading, their information of the S-informed traders disseminates across stocks, which
triggers co-movements in the order-flow cross-section. By performing simulations, we show
that our model is able to generate this cross-correlation. This is a feature which is partic-
ularly appealing since the recent evidence of significant price impact cross-correlations at
industry-level, documented by Pasquariello and Vega (2015).

Using a non-parametric test, we assess whether the two components of sophisticated
trading activity (i.e. trades on sector-specific risk and trades on firm-specific risk) have
experienced a significant shift after the introduction of the sector-specific ETFs. The
downward shift of the S-informed trading activity (the migration hypothesis) finds strong
support. An upward shift of the I-informed trading activity (the hedging hypothesis) is
also detected, but this is not significant at the 5% conventional level. In addition, liquidity
trading turns out to greater after the introduction of tradable indices, consistent with
the findings of Choi and Subrahmanyam (1994) and Hedge and McDermott (2004). Using
cross-listed stocks as a control sample, difference-in-difference estimates show economically
large and significant shifts for the S-informed trading activity and the non-informed one.

The robustness of our findings is tested in two ways. Our main analysis is based on
the use of the Lee-Ready algorithm (Lee and Ready, 1991) to classify trades. We redo the
analysis by replacing this algorithm by the one proposed by Chakrabarty et al. (2007). In
addition, we perform tests on a sample that excludes firms belonging to the Information
Technology industry. This is justified by the existence of a Dot-Com bubble that goes
through 1998. Dbing so, we rule out the possibility that our results are driven by an
industry whose stocks are characterized by an unusually high speculative activity.

The paper is organized as follows: Section 2 links tradable indices to sophisticated
trading activity, section 3 introduces the model and section 4 presents the methodology.

Section 5 shows the results. Section 6 concludes.




2.2 Tradable indices and informed trades

2.2.1 Foundations

Discretionary traders (or liquidity traders) trade on several assets simultaneously following

clients’ willing or for reasons exogenous to expected asset payoffs.® A discretionary trader
experiences losses when the matching position is a trader more informed about the stock
fundamental value. But it turns out that this adverse-selection problem is less detrimental
for the uninformed in the index market (Subrahmanyam, 1991). Indeed, the value of the
tradable index tends to reflect the systematic risk only since idiosyncratic (stock-specific)
innovations tend to offset <=;ach other. So tradable indices offer the opportunity to limit
adverse-selection costs compared to stocks whose prices are combination of systematic
and idiosyncratic risk. They are superior investment vehicle for discretionary traders as it
reduces the informational advantage of informed traders. Aware of this advantage, liquidity
traders are expected to concentrate their trades on tradable indices, at the expense of the
liquidity of the component stocks. This idea is also defended in Gorton and Pennacchi
(1993) and has received strong support in Berkman et al. (2005).

Like liquidity traders, S-informed traders are exposed to idiosyncratic risk in a universe
without a tradable index. To ensure that the payoffs strictly reflect the change in the
systematic component, traders need to replicate their strategy on a wide range of stocks,
which is very costly. Negotiating the index avoid the duplication of order costs and guaran-
tees that the returns reflect only private signals of type S.” Expected profits increase with
the extent of the diversification effect. Regarding the competitive advantage of tradable
indices, Subrahmanyam (1991) and Yuan (2005) predict a migration of the S-informed
traders toward tradable indices.

For the I-informed traders, the exposure to systematic risk makes payoffs uncertain.

Yuan (2005) also argues that an I-informed trader can use the tradable index as a hedging

Such liquidity needs encompass random wealth shocks, portfolio rebalancing, tax plauning purpose and a desire of
immediate consuinption.
"type S* ("type I") for information on the systematic (finn-specific) risk.
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instrument. By initiating an offsetting position on the tradable index, she limits her expo-

sure to the systematic risk. The literature dealing with the effects of index derivative in-
troductions is abundant (Jegadeesh and Subrahmanyam, 1993; Choi and Subrahmanyam,
1994; Hedge and McDermott, 2004; Henker and Martens, 2008; Madura and Ngo, 2008).
Volume and trading cost measures are widely used but trading intensities are never an-
alyzed. By decomposing the total trading activity into a I-informed, S-informed and a
non-informed component, we bridge the gap between theoretical works mentioned above

and empirical support.

2.2.2 Hypotheses

If a sophisticated investor has expertise to analyze the information of one specific industry,
he is willing to trade an index derivative that tracks the performance of this industry. In-
deed, among all securities, this is the one that provides returns that are the most correlated
to the unobservable sector risk, for which this investor is a specialist of. When a country-
specific index derivative is introduced, an investor skilled in analyzing the country-specific
risk might be interested to switch to the new market for the same reason: It is the "best"
instrument to trade, given the signals that she observes.!” This reasoning holds as soon
as index are large enough to guarantee a negligible influence of the idiosyncratic risk from

components stocks. This leads to our first hypothesis:

1. Migration hypothesis

With the introduction of a sector-specific tradable index on financial markets, the
S-informed traders whose expertise is on this sector should migrate from stock
markets to this new market because the expected payoffs from trading the index

match their signals. We predict a decline of their trading activity on stock markets.

Traders specialized in firin-specific risk have incentives to collect inforination because they

10 Likewise, an investor specialized in trading on volatility information might find more interesting to trade a volatility

ETF than initiating costly straddles with options.
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can use the index derivative as a viable hedging instrument against changes in systematic
risk (Yuan, 2005). For instance, consider a situation where a sophisticated investor have
some information indicating that the price of a particular stock will go up, so that she
initiates a long position on this stock. Bad news on the sector are revealed to the market
before she closes her position. Three outcomes are possible: She loses money if the pricing
of the sector-specific risk is dominant over the firm-specific risk. She earns nothing if
both risks are equally priced. She earns money if the firm-specific risk is dominant over
the sector-specific risk. Now if she can short-sell the index, she will earn money on the
index, as its price will go down. This offsets the loss on the stock position under the first
scenario or is an additional gain under the third scenario. Under the second scenario, the
trader earns money, too. As a consequence, I-informed traders are expected to collect
more signals and intensify their participation to the stock market. This is our second

hypothesis:

II. Hedging hypothesis

Given the possibility to use tradable index as hedging instruments, the
uncertainty associated to payoffs declines substantially for any traders
specialized in the firm-specific risk. Their appetite to acquire signals on
the firm-specific risk is greater and we predict a soar of their trading

activity on stocks.

It is important to mention that traders are likely to choose a highly liquid instrument
among available index derivatives, even if it is not the most appropriate instrument to
trade regarding their signal. Since informed investors need non-informed ones to trade
with and make a profit, the overall level of liquidity matters. Consider a sophisticated
investor that has private information specifically on the sub-industry Automobiles (GICS
subcode 2510). If the index derivative that offers an exposure to this sub-industry is
illiquid, the investor would prefer to trade a larger index derivative, for instance the one

reflecting performance of the Consumer Discretionary Sector (GICS code 25). For an I-

12



informed investor looking for the right index derivative to initiate an offsetting position,

the transactions cost is also an important factor when selecting the security.

2.2.3 Index derivative data

Index Futures are today very popular investment vehicles. In April 1982, the first S&P
500 Futures contract was launched and attracted considerable attention from investors.
The monthly dollar trading volume reached 6.89 billions of U.S. dollars in May, 14.37 in
June, and 35.84 in November (Jegadeesh and Subrahmanyam, 1993). This success paved
the way for the establishment of other stock index futures like MMI Futures (introduced
in 1984) and the NASDAQ 100 Futures (1985).

Then, options on index were launched (S&P 500, NASDAQ, Russel). A major innova-
tion in the universe of tradable indices occurs in 1993, with the arrival of the Standard and
Poor’s Depositary Receipts (SPDRs), the first American Exchange-Traded Funds (ETFs).
ETFs are diversified, low fees and tax efficient negotiated funds. They are continuously
traded during the trading day and ETF shares can be created or redeemed, usually by ex-
changing underlying stocks against 50,000 ETF units. Dividend payments are transferred
to a separate interest-bearing account and distributed periodically to ETF shareholders,
net of management fees. This new design has guaranteed a growing popularity through
years and makes them a formidable competitor of conventional nutual funds.'!

ETF's also bring innovations with respect to index futures in terms of risk exposure,
attracting investors that have particular investment goals. In March 1996, BlackRock
introduces 14 country-specific ETFs bringing a specific exposure over each of the most
developed countries. In December 1998, State Street introduced simultaneously nine ETFs,
called "Select Sector". These securities provide investinent results that, before expenses,
match the price and yield performance of the Select Sectors index. It was the first time
12

that investors were offered the opportunity to obtain a sector-specific exposure.'* Beyond

11
L2

For an analvsis of this competition, see Apapova (2011).

The definition of economic segment and stock classificatious are based on the Global Industry Classification Standard
(GICS). This classification is widely used as benclimark in the financial community. Bhojraj et al. (2003) put in evidence
that this classification outperforms significantly SIC code, NAICS code and the Fama and Freneh (1997) classification.
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the uniqueness of risk exposure that provide the Select Sector ETFs, this event is a very
good laboratory for three reasons. First, 1998 intraday data are reliable and centralized in
the TAQ database. Second, this period precedes the decimalization (2001), so that bid/ask
spread are wider and classifying trades is less difficult. Third, Electronic Communication
Networks were at early stages of their existence in 1998, so that the NYSE and NASDAQ
account for most of the trading volume this year. Figure I shows monthly volumes of
the Select Sector ETFs during the first semester that follows their introduction (panel A).
We also plot the average trading voluine for the largest S&P 500 companies, by industry,

around the event (panel B).

2.2.4 Related works

The effect of tradable indices on component stocks has been addressed in two ways. One
stream puts the emphasis on the volatility impact while the other one focuses on changes
in trading volume. Edwards (1988) studies the day-to-day price volatility around the S&P
500 Futures introduction in 1982 and find that the market-wide volatility is greater before
the introduction of the S&P 500 Futures. Harris (1989) obtains a different result: Stock
volatility has actually increased relative to this of a non-S&P control group, following the
introduction of the S&P 500 Futures. Laatsch (1991) conducts a similar study around the
launch of Major Market Index (MMI). It turns out that the volatility of MMI component
stocks does not appear to be greater in the post-inception period, relative to the volatility
of a control group. Using intraday data, Rahman (2001) finds that the introduction of
index futures and futures options on the Dow Jones Industrial Average has produced no
- structural changes in the conditional volatility of component stocks.

Jegaideesh and Subrahmanyam (1993) document a significant increase in the monthly
average volume after the introduction of the S&P 500 Futures. Choi and Subrahmanyam

(1994) find a growth of trading volume upon the launch of MMI Futures. Hedge and

The Select Sector ETFs match the following nine industries (two-digit GICS code): Energy (10), Materials (13),
Industrials (20), Cousumer Discretionary (25), Conswwer Staples (30}, Health Care (35), Financials (40), Inforination
Technology (45) and Utilities (55).
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McDermott (2004) analyze standardized trading volume, spread and price impact and find

evidence of an improvement of liquidity over the 50 trading days following the introduction
of the Dow Jones Industrial Average Futures. Madura and Ngo (2008) analyze the impact
of the introduction of 124 ETFs on the 1,041 component stocks and find a significant
increase in the ratio of trading volume to the number of outstanding shares. Henker and
Martens (2008) study the impact of AMEX and NYSE listing of the Holding Company
Depositary Receipts ("HOLDRS" by Merryl Lynch) in 2002. They show that it did not
reduce the consolidated trading volume of the underlying securities. Our study is closed to
Henker and Martens (2008) as we both test the predictions of Subrahmanyam (1991) using
sector-specific ETF as index derivative data. However, their hypotheses and conclusions
are on trading activity at the aggregate level while ours are only about informed trading
and the mechanisms underlying the allocation of trades across stocks and ETFs by this

specific class of investors.

2.3 Identification of S- and I-informed trading activities

2.3.1 The probability of informed trading

Easley et al. (1996) propose an econometric model to quantify informed trading activ-
ity using order-flow data. The daily number of buyer-initiated trades and seller-initiated
trades (BITs and SITs hereafter) are random variables following a Poisson distribution.
Expected intensities combil\xe the arrival rate of uninformed traders (sellers or buyers),
denoted £, with the arrival rate of informed traders, denoted . There is a probability
1 — « that informed traders do not participate, leaving the market to non-informed in-
vestors. There is no incorporation of private information during these days. A day with
incorporation of "Bad news", occurs with a probability P {"bad news" | «} = 4. This
day is recognized by an unusual trading activity on the sell side, due to the presence of
informed traders on this side. Accordingly, the expected intensity for the random variable

SIT is the sum of the non-informed part (¢) and the informed part (12). On the other side,
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nothing changes and ¢ is the expected intensity for the random variable BIT. A "Good
news" day happens with a probability P {"good news" | a} = 1 — 6 . During this day,
informed traders are present just on the buy side, and trade with an intensity p while the
trading activity on the sell side stands at its usual level ¢. The sum of the two components
defines the expected intensity for the random variable BIT.!3

Figure Il exhibits the trading process. The joint density function is a weighted sum

of three Poisson distributions, where each weight is the probability of state occurrence:
BIT £SIT
f(Q| BIT,SIT) = (1 — a) X exp(—¢) X B % exp(—e) x STT1

. (5+/1f)B[T ES[T
+a x (1 —48) x exp(—(c + p)) x 5 X exp(—e) x ST
€BIT ’ (5+N)SIT
BIT1 < P+ 1) X g

+a x § x exp(—¢) X

(1)

2 defines the set of structural parameters. The probability of informed trading is defined
as « X p divided by the total trading activity 2 x ¢ + @ x . The PIN metric is well
established in the literature as a proxy for private information incorporation. It turns
out to be significantly correlated to size (Easley et al., 1996), analyst coverage (Easley et
al., 1998), price impact (Chung et al., 2005) and investment decision (Bakke and Whited,
2010).

2.3.2 The proposed extension

Informed traders are assigned to two classes: Informed on the sector-specific or on the firm-
specific risk. The private information set is split into two types of signals: sector-specific
and pu;ely idiosyncratic. The S-(I-)informed traders are responsible for the spillage of
private information of type "S" ("I") through a trading intensity pg (g¢;). In a day, an
event of type "S" occurs with a probability ag while an event of type "I" happens with a
probability ;. Bad sector-specific (firm-specific) news occurs with a probability dg (6;).

Once S-investors have acquired signals, they trade over a wide range of assets to limnit their

1% Easley et al. (2002) propose to split € into g, (uninformed buyver-specific trading intensity) and g (uninformed seller-

specific trading intensity). Duarte and Yuang (2009) extend this approach by splitting g into g, and pg too.
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exposure to idiosyncratic risk. It is this identification strategy that allows us to disentangle

private information arrival probabilities into {ag,a;}. We assume that the probability of
the arrival of private information of type "S" (as) is the same for the whole cross-section
of stocks. Given the incorporation of private information by the market, the probability
that this is of type "bad" (dg) is also assumed to be fixed in the cross-section. However,
there are as many {«y,dr} pairs as stocks in the cross-section.

Figure III exhibits the trading process. In our setting, the three states of nature
about the incorporation of information of type "S" are coupled to the three states of
nature concerning the incorporation of type "I" private information. It generates nine

states of nature. The new likelihood function is:

9
f(Q| BIT,SIT) =" mi(as,8s,a1,81) % f(e, ps, pu; BIT, SIT) (2)

k=1

where () stands for the set of structural parameters {«s,ds,ar, 85,2, g, pir}, ™ 1s the
probability associated to the state of the nature k and f(e) is the corresponding Poisson
distribution. Intensities vary across states and the density function can be rewritten:

(e + A p) BT

f(g2 I BIT? SIT) - Z [TT]C((_YS,(SS,LYI,(S[) X exp(_(6+ /\k,b)) X BIT!

k=1
(€ + Mes)®'"

X exp(—(& + Ars)) X STT!

(3)

The details of 7, and A, are given in Appendix I. OQur model uses both time-series and
cross-section to estimate the structural parameter while the Easley et al. (1996) likelihood
(1) only uses information from individual stock time-series. ag X pg captures the trading
intensity of the S-informed traders. The migration hypothesis is validated if there is
a significant downward shift of this metric in the cross-section of stocks, following the
arrival of the Select-Sector ETFs. o) x pi; captures the trading intensity of the I-informed
ones. The hedging hypothesis will find support if this quantity increases following ETF

introductions.



With our model, our customized PIN is made with a sector-specific component (cg x
ths)/(2 % e+ ag X prg+ ay X p;) (SPIN) and an idiosyncratic component (o x ;) /(2 x € +
ags X pig +aq x pi;) (IPIN). To bring some support to our decomposition, we show later in
this paper how these two measures correlate with popular proxies for private information
incorporation, including the PIN. Finally, we define a relative trading intensity, the I/S-
Ratio, as (ay x p;)/(as x pg). This measure will be used to provide some economic
intuition behind our results.

Albuquerque et al. (2008) propose a similar extension of the Easley et al. (1996)
model. In their framework, informed traders trade on marketwide private information or
firm-specific private information. First, they show that their estimate of liquidity trades
(¢ in our model) correlates very well with the first principal component in order-flow
proposed by Hasbrouck and Seppi (2001). Second, they show that information-driven
trading is able to forecast industry stock returns and also currency returns. This evidence
provides support to the ability of our econometric mmodel to disentangle well liquidity from
sector-specific and firm-specific trades.

There are three important technical points that make our model different from that of
Albuquerque et al. (2008). First, their model allows liquidity trades from the buy side (z;)
to differ from the amount on the sell side (¢,). Setting the same decomposition of = would
lead to 2+ 6 x NV parameters to estimate instead of 2+ 5 x N, where NV is the number of
stocks. This means less degree of freedom while quantifying aggregate liquidity trading is
not the heart of this paper. As a result, we avoid this additional complexity.

Second, their model does not tolerate the arrival of days with both positive (negative)
marketwide private information and negative (positive) firm-specific information.!* We
do not enforce this restriction. Duarte and Young (2009) argue that shocks that occur
simultaneously on the buy and sell side of the market must be added to the trading process

because some days, market participants are enable to agree about information flow content.

L " Whenever marketwide and firm-specific private wformation on any firm i are qualitatively contradictory, the firm

specific news dominates investors’ behavior. which is consistent with the vicw that markctwide privete information is
generally composed on less precise information.” (pp. 2301 of their paper).
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By lifting the restriction, our framework gives an explanation to Duarte and Young (2009)
statement: Some days, positive (negative) signals on the firm’s business environment are
collected simultaneously to negative (positive) signals about the firm herself. Under these
scenarios, the I-informed investors trade on the opposite side of the S-informed ones on
some days.

Third, our reformulation of the likelihood function following Lin and Ke (2011) allows
to estimate our model on every stock, whatever the size of the underlying company. The
raw likelihood function used by Albuquerque et al. (2008) forces the authors to adapt the
sample length by industry for their analysis "...for some months the number of buy and/or
sell orders is so high that maximizing the log-likelihood function requires values higher than
the largest positive floating point number in our personal computers. For this reason the
sample length varies across industries" (pp. 2316 of their paper).

Within a managed fund, it is possible that there are analysts dedicated to market-
wide risk and analysts dedicated to firm-specific risk. The analyst teams generate reports
suggesting two, perhaps opposite, trading strategies. If advises differ, the fund clears
internally before sending orders to the market maker, in order to minimize transaction
costs. We cannot observe market orders associated to each strategy, just the executed
orders. Our assumption is that investors replicate systematic-based strategies over several
stocks of, for instance, a single industry. With the daily aggregation of transactions, a
tendency of type long or short emerges. Our model captures this trend. Cross-trading of
S-informed traders should generate cross-correlation in the order-flow. Simulations show
that ag actﬁally drives cross-correlation in the order-flow, and the magnitude of cross-
correlation coefficients using real trade series influences estimates and precision of ag.

The existence of cross—pﬁce impact, 1.e. the impact of trading activity in one asset on
the price of other, has been recently documented by Pasquariello and Vega (2015). In
their setting, cross-price impact is likely to be attributable to the cross-trading activity
of sophisticated speculators. Rational uninformed market makers, aware of this strategy,

attempt to learn about the liquidation value of one asset from the order flow in other assets
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and set prices accordingly. The S-informed traders might fit the trader profile described
by Pasquariello and Vega (2015). However, the motivation behind the trading strategy is
different in our setting. In Pasquariello and Vega (2015), the trader attempts to attenuate
the dissipation of their information advantage in one asset while trading a cross-section of

assets limits the impact of idiosyncratic innovations on profits in our framework.

2.3.3 Estimation of parameters

Trades are defined as buyer-initiated and seller-initiated using a trade classification
algorithm. The next subsection discusses the procedure. Once each trade is classi-
fied, we obtain the daily amounts of buyer-initiated trades and seller-initiated trades.
These are the two inputs of the Poisson mixture. The set of structural parameters
{as,ds,a},81,2%, pk, pby oyl 0Y eV Y, p7' } is estimated by maximum likelihood (ML
hereafter), and NV stands for the number of stocks. The "market" parameters set {ag,ds}
is estimated from the time-series and the cross-section of observations. Without this con-
straint, we would be unable to distinguish the arrival of sector-specific news from the
arrival of idiosyncratic news. Simultaneously to {«s,ds}, each set {af, 8,8t uk, py } for
t=1,..., N is estimated by using individual time series. For instance, a bucket of N = 10
companies leads to 2 4+ 5 x 10 = 52 parameters to estimate simultaneously, given a total
number of 63 x 10 = 630 observations. Low (high) bounds of {as, ds,al, (5’1} are set to
0.05 (0.95) while {&*, u%, 1t} are bounded by 1 and 10,000.

When maximum likelihood is running, large buys and sells that feed the Poisson distri-
bution may generate a numerical value that exceeds the range of real values that software
can handle. For instance, the exponent of 710 or higher numbers results in an overflow
under MATLAB. This trouble is called the floating point exception (FPE). Lin and Kee
(2011) reformulate the log-likelihood to overcome the floating-point exception. We extend
their methodology to our framework. The steps of this reformulation are given in Ap-
pendix II, with specific information about the algorithm used. Yan and Zhang (2012)

document a strong sensitivity of structural parameter estimates to the starting points. To
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avoid that a local maximum is reached instead of a global maximum, we adapt the proce-

dure proposed by Yan and Zhang (2012) in order to derive a set of initial guesses. Hence,
500 sets of parameters are tested as initial values and the set of structural parameters
returning the highest objective function is kept as the solution of the optimization task.
The set is kept even if some parameters are boundary solutions. The adaptation of Yan
and Zhang (2012) to our model is described Appendix III. Estimation are performed
on MATLAB, over the HEC Montréal dedicated servers "Hermes". Parrallel processing is

implemented to increase computational speed.

2.4 Methodology and data

2.4.1 Event study design

The official introduction date of the Select Sector ETFs, 12/18/1998, is used as fhe event.
The pre-event period is the 63 trading days (one quarter) that ends 21 days before the
event. The post-event period is the 63 trading days that starts 21 days after the event.
Hence, the 40 trading days (two month) that surrounds the event are excluded. With
Compustat, we gather information about GICS sector membership for the S&P 500 stocks.
We create nine buckets of highly liquid stocks, one bucket per sector. Buckets are filled
according to the following procedure. First, S&P 500 stocks are sorted regarding their
liquidity level over the 250 trading days that precede our event study. To do so, we
calculate the medians of the daily trading volumes recorded between August 1997 and
August 1998. Volume data are from CRSP. The 10 most liquid stocks of an industry fill
a bucket.

Three additional criteria drive the sample design. (i) The average trading activity must
be at least 100 BITs and 100 SITs over the pre-event period and over the post-event
period.!” (ii) Companies must not experience corporate events like mergers, spin-offs or

stock splits that induce trading discontinuities or jumps in the order-flow or stock prices.

139 Owr simulations show that at least this liquidity level is necessary to obtain reliable estimates of structural parametoers.
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(iii) A matching ticker from the Trades and Quotes (TAQ) dataset must be available since
TAQ is our intraday data provider. A stock that does not respect any of the three criterion
is replaced by next ones.!®

Tickers, companies and median volume are reported Table I. The most traded stocks
belong to the "Information Technology" industry, with a cross-sectional average of the me-
dian daily volume of 8,725,066 shares. It is followed by "Consumer Staples" (2,229, 127)
and Health Care (1,794,386). The dominance of the Information Technology (IT) sector
in terms of trading volume is related to the Dot-Com bubble that occurs between 1997

and 1999. To rule out the possibility that our results are driven by the influence of the IT

sector, we re-run our analysis without the IT sector.

2.4.2 Microstructure and descriptive statistics

Trades (from TAQ Consolidated Trades file) and quotes (from TAQ Consolidated Quotes
file) before 9.30 am and after 16 p.m. are deleted. Quotes with a null size or with incorrect
mode (4,7,9,11, 13,14, 15,19, 20, 27, 28) are also removed from the sample. Following
Duarte and Young (2009), if SPREAD > $5 or if $5 < MIDPOINT < $50 with
SPREAD/(BID + ASK) >0.25 or if MIDPOINT > $50 with SPREAD/(BID +
ASK) > 0.1, the observation is deleted. Trades with a non-null correction indicator or
with a null price are removed. Once the dataset is clean of abnormal trades and quotes,
we derive the national best bid and offer (NBBO) for each second, using the SAS script
developed by Rabih Moussawi.

Trades and quotes are merging using the SAS "Dow Loop" created by researchers of
Wharton University. We adopt a 1-second lag rule between trades and prevailing quotes,

as suggested in Henker and Wang (2006).'" If no quote is available at the delay, the trade

6 Doing so, Exxon Corporation and Mobil Corporation (merge i 19499), Citicorp and Travelers Group (merge in 1998),
First Chicago Bauk and Bank One Corp. (merge in 1998) are excluded from the sample. Gillette and Chrysler are
excluded because there is no matching TAQ ticker.

Bessewbinder (2003) recommends a zero delay in matching trades with quotes. However, Henker and Wang (2000)
argue that the contemporancous quote is most likely driven by the trade. Using a zero delay will result in gquotes being
wrongly used as prevailing quotes. They show that a 1-second quote delay should be used to matceh quotes with trades
instead. Morcover, their study comprises all stocks in the S&P 500 index in 1999 with a primary listing on the NYSE
and traded for at least 200 trading days. Our sample is a subsample of their sample.
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is compared to the most recent quote available. Trades in the few seconds after 9.30 a.m.
are compared to the most recent quotes between 9.00.01 and 9.29.59. Then, we follow
Easley et al. (1996) by collapsing into one trade all trades occurring within 5 seconds of
each other at the same price, with no intervening quote revisions. Descriptive statistics for
August 1998 - November 1998 (pre-event period) are given in Table II and in Table A.11
(Appendix V) at the stock level. Same table for January 1999 - April 1999 (post-event
period) are available upon request.

There is a low heterogeneity of trade dispersions around quotes. First, more than two-
third of trades are realized at quotes, on average. This is good news for the accuracy of
estimated parameters, because the misclassification rate is the lowest for trades at quotes
(Ellis et al., 2000). Second, between 16% and 18% of daily trades are realized at midpoint.
Trades outside represent only a small proportion of the daily trade amount: Between
2.5% and 6.5% on average, depending on the industry. However, it soars to 6.8% for the
Health Care sector and 13.8% for the IT sector. Trades realized inside quotes represent a
proportion that lies between 8% and 14%.on average, except for the IT sector (4.2%). This
singular distribution of trades for the IT sector is an additional motivation to re-run our
study on a subsample that excludes this sector. The largest end-of-day Abid/ ask spread,
scaled by midpoint, holds for the Energy sector (cross-sectional average of 0.5%), following

by Materials (0.4%) and Utilities (0.3%). Other industries return the saime figure (0.2%).

2.4.3 Comparison with popular proxies for private information incorporation

To assess the reliability of our model, the sector-specific and idiosyncratic component of the
PIN are compared to the original PIN by Easley et al. (1996), a refined version proposed by
Duarte and Young (2009), bid/ask spread, absolute net order-flow, size, analysts coverage
and idiosyncratic volatility. Correlation coefficients are reported Table IIIL. It turns out
that IPIN is better correlated than SPIN to proxies for private information incorporation.
First, the correlation reaches 0.78 for IPIN versus PIN against 0.44 for SPIN versus PIN.

This is large and significant at 0.5%. We observe the same pattern with the extended
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PIN by Duarte and Young (2009) with a coefficient of 0.58 for IPIN versus DY PIN and
0.32 for SPIN versus DY _PIN. Second, IPIN (SPIN) is correlated at 0.38 (0.29) and 0.56
(0.36) with bid/ask spread and absolute net order-flow, respectively. Third, SPIN is less
correlated to analyst coverage than IPIN (—0.16 versus —0.22). This suggests that the
private information holding by stock analysts is more firm-specific than sector-specific.
Idiosyncratic volatility quantifies the incorporation of private information into stock
prices (Roll, 1988). It is defined as the standard error of residuals from a regression of daily
stock return over daily market return (proxied by the S&P 500 total daily returns). We
should obtain similar pattern with respect to proxies for private information incorporation:
High correlation with TPIN and low correlation with SPIN. However, both coefficients turn
out to be large and significant (0.39 and 0.35). The idiosyncratic volatility measure is
obtained from a regression that controls for market-wide movements (S&P 500 returns)
and not for sector-specific variations. Hence the latter is reflected in the residuals, and

idiosyncratic volatility correlates significantly with SPIN.'®

2.4.4 Order-flow cross-correlation, parameter estimates and precision

Our model is able to generate a cross-correlation in the order-flow, due to the arrival of
information common to companies that belong to the same industry. In Table IV, we
measure cross-correlation levels truly observed in data. A bucket is made with 10 stocks
so that 45 correlation coefficients are computed per bucket. As expected, order-flow cross-
correlation matrix is large and significant. Average cross-correlation lies within 22% and
55% for BIT, between 26% and 62% for SIT and between 19% and 31% for the net order-
flow. For the the sectors Energy (GICS code 10), Finance (40) and Utilities (55), the
average correlation is above 45% and at least 75% of the coefficients are significant.
Median estimates and median standard errors of SPIN, IPIN and I/S-Ratio are reported

Table V for the pre-event period and Table VI for the post-event period. Standard errors

' These coeflicients are obtained when IPIN and SPIN are derived using the Lee and Ready (1991) algorithm to sign

trades. Modifying the algorithim could affect correlation level. In Table III, one can cusily check that the coefficients
are quite sunilar when the Chakrabarty et al. (2007) algorithm replaces the Lee and Ready one.
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are computed using the delta method. See Appendix II for computational details. In
addition stock-level estimates and standard errors are provided Table A.II (Appendix
V). Duarte and Young (2009) provides estimates of PIN for a long period of time and a
large cross-section (48,512 firm-year observations between 1983 and 2004). The 5th, 50th
and 95th percentiles reported in the table 5, pp. 131 of their paper are 8%, 17% and 37%.
With our sample, we obtain 11%, 18% and 26% under LR and 11%, 18% and 25% under
CLNV for the 5th, 50th and 95th percentile, respectively. Except for the 95th percentile,
this is fairly close. The absence of small capitalization in our sample explains this large
difference.

Highest PINs can be found in the Energy industry, consistent with the high bid/ask
spreads observed for this sector. In the pre-event period, IPIN and SPIN median estimates
are 0.103 and 0.106 under the LR algorithm and 0.103 and 0.102 under the CLNV algo-
rithm, respectively. The "IT" sector returns the lowest PINs, with a median IPIN of 0.075
and a median SPIN of 0.081, under the LR algorithm and a median IPIN of 0.081 and
a median SPIN of 0.080 under the CLNV one. This is consistent with the unusual high
trading volume that characterized this industry in the middle of the Dot-Com bubble.

The lowest median I/S-Ratio is observed for the industry Financials. This is 0.79
under LR and 0.80 under CLNV. The I/S-Ratio can be interpreted as follows: For one
unit of S-informed trades, there is 0.79 unit of I-informed trades. Hence, the specialist of
the sector-specific information constitutes the large majority of the pool of sophisticated
traders. In the industry Energy, this is the opposite pattern: there is more I-informed
trades than S-informed trades. The I/S-Ratio is 1.09 under LR and 1.15 under CLNV.

Overall, estimations are precise under the LR algorithm. Median standard errors lie
within 0.4% and 4.0% for both IPIN and SPIN. Only three cases return a median standard
error above the median parameter estimate: Consumer Staples and IT, in the post-event
period and Financials in the pre-event period. However, this occurs only under the CLNV
algorithm. Although we have run the optimization package (fmincon) several times for

these cases, these solutions turn out to return the highest objective functions. So these
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estimates are kept, despite the lack of precision.

2.5 Results

2.5.1 A modification in S- and I-informed trading activity

To test the migration and the hedging hypothesis, a series of Wilcoxon signed-rank tests
are performed. Results are provided Table VII. There is evidence of a significant decline
in the amount of trades based on sector-specific risk information. For the full sample and
under the LR algorithm, ag X ,us'muves from 81.56 to 68.75 from the pre-event to the post-
event period. This represents a drop by 15.7%. This result is strongly significant, returning
a z-value of 2.88. To be sure that this result is not driven by the unusual high trading
activity on the IT sector, tests are performed again without this industry. We obtain that
as X pg shifts from 73.70 to 60.70 under LR and from 70.77 to 61.52 under CLNV. Both
result are significant at 0.5% (z-value = 2.99) and 5% (z-value = 2.10), respectively. There
is no evidence of more trades related to firm-specific risk information. For the full sample
and under the LR algorithm, «; x p; moves from 67.41 to 75.44 from the pre-event to the
post-event period. This increases by 11.9% is consistent with the predicted direction of
the I-informed trading activity. However, this result is not significant, returning a z-value
of -0.80. It remains non-significant under CLNV and when the IT sector is excluded of
the sample.

I/S-Ratio gives some economic intuition of what happened. In the benchmark test (full
sample, LR algorithm), the median I/S-Ratio is 0.91 in the pre-event period and 1.12 in
the post-event period. For one unit of expected S-informed trades, there is 0.91 unit of
expected I-informed trades before the introduction of the ETFs. After the introduction,
there is 1.12 units of expected I-informed trades for one unit of expected S-informed trades.
It means that the traders specializing in trading the sector-specific risk (firm-specific risk)
were a majority (minority) of sophisticated investors and became a minority (majority)

after the ETF introductions in December 1998. This finding is robust to I'T sector exclusion




and to a change of the classification algorithm.

The panel of plots provided Figure IV smmmarizes our findings. In addition, shifts at
industry-level are exhibited Figure V. For ag x pg, there is a downward shift observed
for all industries except for "Information Technology" and "Utilities" for which there is
no change. The largest shift is observed for the industry Industrials (—31%). a; x p;
goes up for four industries, goes down for four industries and does not move for one.
These differences across sectors generates non-significant results at the aggregate level.
The largest upward shift of the I/S-Ratio is observed for the Health Care sector: From
0.77 to 1.28 under LR."

2.5.2 Evidence of the migration effect

In this subsection, we show that the migration of the S-informed traders toward ETF
markets is responsible for the significant decline in the incorporation of sector-specific
information. In Table VIII, we show that the PINs observed for the Select Sector ETF's
in the 3-month post-inception is unusually high with respect to PINs of other well-known
ETFs. Under LR, Select Sector ETF PINs lie within [24%;34%)| and reach 44% for "XLP"
and 46% for "XLV". For the SPDR S&P 500 ETF ("SPY", introduced the 01/22/1993),
the SPDR Dow Jones Industrial Average ETF ("DIA", 01/13/1998) and the PowerShares
QQQ ETF ("QQQ" 03/10/1999), the PIN values over the first 3-month of their existence
are 18%, 11% and 5% respectively. This is far below Select Sector ETF PINs. One
can observe that results are quite similar with the CLNV algorithm. We claim that the
migration of S-informed traders is responsible for the unusual level of sophisticated trading
for the Select Sector ETFs compared to other popular ETFs.

To rule out the possibility that the PIN reflects more illiquidity than informational
asymmetry between market participants, we reestimate parameters using the adjusted
PIN by Duarte and Young (2009). For the sector-specific ETFs, the adjusted PINs vary
between 24% and 34%, except for "XLP" (45.2%) and "XLV" (46.5%). For "SPY", "DIA"
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At stock-level, the largest shift has been observed for the company PG&E (Utilities industry) for which the 1/5-Ratio
has moved from 1.09 to 3.32, nnder LR.

b2
~1




and "QQQ", values are 19%, 9% and 3%, respectively, which is very inferior. Hence, the
Select Sector ETFs seem to have experienced an abnormal amount of sophisticated trading
over the three months following their introduction. In the analysis of Duarte and Young
(2009) over 48,512 firm-year observations, the PIN (adjusted PIN) equals to 28% (23%)
at the 75th percentile and 51% (37%) at the 95th percentile (Table II, pp. 124 and Table
V, pp. 131). Select Sector ETF PINs are hence abnormally large, not only with respect
other ETFs, but also regarding the results of Duarte and Young (2009). We attribute this
phenomenon to the presence of the S-informed traders, that just migrate from underlying
stocks to the ETF markets.

If our claim, i.e. the migration of the S-informed traders toward the ETF market, is

correct, one could expect a relationship between the loss in S-informed trading activity in

stock

1stock . L
9T — g % pug|™" and the magnitude of sophisticated
pre / S Ipost

a bucket, measured by [ag X pg]

ETF . .
] , where «v and p are estimated with the

trading on the corresponding ETF [log (o x p)
original model of Easley et al. (1996). On the Figure VI, one can observe that a positive
relationship seems to emerge. However, because the scatter plot is made with nine dots
(for the nine ETFs), this result cannot be supported with statistical tests. With the LR

stock (stock

algorithm used to classify trades, the correlation between |[ag x Ms]p,-(, — [as X 15 post

and [log (@ x pu)]"™" reaches 66.5% while this is 42.9% with the CLNV algorithm.

2.5.3 Control sample

To rule out the possibility that something different of ETF introductions drives the signif-
icant changes in informed-based trading activity, we (i) re-run tests over a control sample
(ii) produce difference-in-differences (DD hereafter) figures. The control sample is made
from two sources. A first bucket of 10 stocks from the largest and most liquid companies
belonging to the Telecommunications sector (GICS code 50) is created. Stock are selected
in the same way as in the treatment sample. "Telecommunications" is the only one in-
dustry for which a corresponding Select Sector ETF has not been introduced in December

1998. The second group is a sample of 15 cross-listed stocks (ADRs level II and III or
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regular stock if Canada is the home-market).”” From the whole cross-listing universe, there
are 15 stocks, traded on NYSE or NASDAQ), level IT or III, respecting an average level of
100 trades per day.

Consistent with the bucketing procedure for the treatment group, stocks of the control
group are bucketed by sector too. Five buckets of three stocks each are hence created,
the industries are Materials (GICS code 15), Consumer Discretionary (25), Consumer Sta-
ples (30), Information technology (45) and Telecommunications (50). Pooling the 25 five
defines our control sample. Company names, countries and main cross-listing details are
provided in Table IX. Results of the Wilcoxon Ranksum tests are displayed in Table X.?'
Regarding the size of the control sample (25 observations), we report the exact statistic
instead of the approximate one, only valid for large samples. Under LR (CLNV), the medi-
ans of ag X pg and ay x p; shifts by —1.15 (—3.66) and —5.42 (—0.38), respectively. None
of these variations are nonsignificant. The I/S-Ratio shifts upward under LR (—0.03) but
downward under CLNV (0.12). Hence, the pattern is very different in the control sample,
compared to what 1s observed in the treatment sample.

To convince that no variation is observed on the control sample, we also produce
difference-in-ditference measures. Since very few stock - matched stock pairs can be gener-
ated, we set up a bootstrapping-like procedure, working as follows: The twelve cross-listed
stocks from four buckets (GICS code 15, 25, 30 and 45, bucket code 50 is excluded given
the absence of matches) are randomly matched with the US stocks from a similar industry,

with replacement. Then, we compute the following statistic:

1
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ADRs is the most popular way for a company to have its share cross-listed in US. Sponsored Level I shares have minimal
reporting requiremcnts, and they are only traded over-the-counter. Spousored Level IT shares must file a registration
statenrent with the SEC' and are required to file a Forin 20-F aunually. The share can be traded on a US. Stock
Exchiauge amnoug NYSE, NASDAQ and AMEX. Spousored Level IIT companies wmust file Forin F-1, Form 20-F aud
Forin 6K. The upgrade with respect to Level IT allows to raise capital.

To save space, we do not report SPIN and IPIN for the control sample, results are available upon request.
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where j = 1, ..., 1000 stands for sampling index, T for treatment sample and C for control
sample. We obtain an average (T) of 0.27 with a standard deviation of 0.13. A t-test
on the v; time series produces a t-stat of 60.51, showing that we strongly reject the null
hypothesis that © = 0. Hence, there are evidence that the informed-based component of
the trading activity for the treatment group (the US sample) has been really affected by the
introduction of the Select Sector ETFs whjle no significant change has been observed for
stocks not spanned by the ETFs; that is US stocks from the Telecommunications industry

and ADRs.

2.5.4 International evidence

The introduction of the SPDR Select Sector ETFs is not the only one laboratory that
exists to analyze the reallocation of informed-based trading activity between stocks and
tradable indices. Cross-listed stocks are interesting investment vehicles for sophisticated
investors actually.”” S-informed traders might see shares of some liquid and diversified
foreign companies as a way to obtain a specific exposure to the home-market country.
When a country-specific index derivative is introduced, the investor specialized in the
country-specific risk might be very interested into switching to the new instrument because
the payoff on this security is more correlated to the unobservable country risk . For the
I-informed traders, country-specific ETF can be used as an hedging instrument since the
country risk is an important factor driving stock returns in international markets. Country
factors have a dominant role in stock return co-movements (Heston and Rouwenhorst,
1994) and this is even stronger for emerging markets (Serra, 2000).

We gather tick-by-tick data for a sample of American Depositary Receipts (ADRs) from

emerging countries around the introduction of country-specific ETFs.”® Putting together,

ey

The extent of private information is even wider with respect to US stocks since additional source of risk exist, like
the exchange rate or the political risk. Morcover, some news provided in local tougue are not necessarily reflected in
the host-market stock prices. Visaltachoti and Yang (2010) confirm that cross-listed stocks have higher inforimational
asvinnetry than US stocks, with an average PIN of 13% for foreign stocks against 7% for US stocks.

Unlike the Select Sector ETFs, they are not introduced siultancously but dispersed between 2006 and 2011, and
with different ETF sponsorship. In alphabetic order: Argentina ("Global X MSCI Argentina ETF, introduced the
03/03/2011, 6 liguid ADRs with intraday data available), Brazil ("iShares MSCI Brazil Capped ETF", 07/10/2000,
2 ADRs), Chile ("iShares MSCI Chile Clapped ETF", 11/12/2007, 5 ADRs), China ("iShares China Large-cap”.
10/05/2004, 3 ADRs), India ("MSCI India Index ETN", 12/19/2006, 8 ADRs), Mexico ("iShares MSCI Mexico Capped
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this represents a sample of 46 stock-quarter observations. We follow a methodology similar
to the one used for the analysis of the US sample. We perform the same event study
methodology: The 40 trading days centered on the ETF introductions are excluded and
the parameters are estimated with a quarter of trading days before and after. ADR
list, parameter estimations and standard errors are available upon request. Results are
exhibited in Table XI. The null hypothesis that sample medians are équals for ag x pg
and a; X p; cannot be rejected. Under LR, we obtain a difference of 7.65 (z-value = 0.14)
for ag X pg and a difference of —9.40 (z-value = 0.97) for o x p;. Under CLNV, results do
not widely differ and p-values are all above 5%. One cannot conclude that the S-informed
traders have migrated toward the country-specific ETF markets and the hypothesis that

the hedging hypothesis does not find support either.

2.6 Conclusion

This paper is the first to present a model that attempts to disentangle the inforimed-based
trading activity into a sector-specific (type S) and a firm-specific (type I) components. This
specification is based on an underlying structure in which some agents acquire signals on
the sector-specific risk while others acquire purely firm-specific private information. The
arrival of tradable indices is supposed to modify the behavior of these two types of traders
(Subrahmanyam, 1991; Yuan, 2005). Because tradable indices are more correlated to the
unobservable sector-specific risk than a single stock, the specialists of this information
should migrate toward markets for index (migration hypothesis). Investors that trade on
firm-specific information are expected to increase their trading activity: By using tradable
indices as an hedging instrument, they limit their exposure to the sector-specific risk and
achieve higher returns (hedging hypothesis).

The introduction of the State Street SPDR Select Sectors ETF's in December 1998 is the

ideal laboratory to study how the informed-based trading activity evolves. The specialists

ETF, 12/03/1996. 2 ADRs), Russia ("RSX Market Vector", 04/24/2007, 3 ADRs), South Africa ("iShares MSCI South
Africa ETF", 02/03/2003, 3 ADRs), Taiwau ("iShares MSCI Taiwan ETF", 03/26/2008, T ADRs). At inception, All
ETFs provide a country exposure above 3% except Argentina (around 50%).
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of the industry risk are expected to migrate to the ETF markets while the specialists of
the firm-specific risk can use these ETFs as an hedging instrument against sector-specific
innovations. To conduct our empirical analysis, we create nine buckets of 10 stocks, each
bucket reflecting a two-digit GICS sector and containing the largest, most liquid companies
of their respective sectors. This aims at reflecting the presumed underlying holdings of
the ETF sponsorship. We follow Albuquerque et al. (2008) by assuming the arrival of
private information of type S or type I, separately or the two simultaneously. We estimate
structural parameters by maximum likelihood over the stock-quarter panel of intraday
data, before and after ETF introductions.

By performing non-parametric tests over the trading activity related to sector-specific
information and firm-specific information separately, we find strong evidence in favor of
the migration hypothesis. This finding is robust to the choice of the trade classification
algorithm and to the exclusion of stocks from the IT sector (exclusion justified by the Dot-

‘om bubble). However, there is clearly no evidence in favor of the hedging hypothesis.
An increase in the trading activity of type I is actually observed but this is small and
non-significant at 5%. Trading costs (expense ratios, short-sell costs) may play a role to
explain why the I-informed traders do not use the ETFs as hedging instrument.

To rule out the possibility that something different than ETF inception is responsible for
our findings, we conduct the same event study on a control sample. We find no significant
change in the S-informed and the I-informed trading intensity around the event. In the
3 months post-introduction the Select Sector ETFs are characterized by a highly level of
sophisticated trading compared to what experienced other popular ETFs in the aftermath
of their launch. In addition, it seems that there is a positive relationship between the loss
if S-informed traders on an industry and the magnitude of sophisticated trading on the

corresponding ETF. This provides additional evidence in favor of a migration effect.
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Figure I Panel A: SPDR Select Sector ETFs
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Figure I.A shows the total volume for ETFs and our stock sample. To make figures comparable, daily volumes
{(from CRSP) are summed over a month and displayed under a logarithmic transformation. Panel A shows volume
time series of the nine State Street SPDR Select Sector ETFs, introduced simultaneously on 12/16/1998. The
selected time period is December 1998 - December 1999. Plot subtitles are underlying sector names with CRSP
tickers and two-digit GICS codes. Each of the SPDR ETF provides an exposure on a particular GICS sector.
"GICS" stands for Gobal Industry Classification Standard.
Standard & Poor's and Morgan Stanley Capital International (MSCI). Definition of sectors can be found in
https://www.msci.com/gics. Panel B shows volumes for our stock sample (90 stocks), split by industry. Company

This classification has been jointly developed by

names and tickers and given in Table X. The stocks have been selected according to three criteria: (i) They
are the most liquid stocks of their industry, where liquidity is proxied by the median volume over August 1997
- August 1993, and industry classification is derived from the two-digit GIC'S code, (iii) No significant corporate
event (mergers, spin-offs or stock-splits) occurs during the analysis period August 1998 - April 1999. (iii) Intraday
data availability is required over the analysis period. The plots are cross-sectional averages of stock-level time
series.

38



11 4+ 2 sewodeq apts siyy uo jsnl Lysuejur Suiper) pajoedxe
a1} pu® opIs Anq 91} UO dpel} puk [RUSIS YSIY SAISCO SIOPEL} PAULIOJU] ' "PIS ANC oY) UO 3 Je SPURIS Sy} S[IYM 7/ + 2 ST OPIS [[aS 2} UO A}Isuojul
Surpe1y pejoodxe o} PuUe JO}ILW o1} Ul PayeIodIOOul oIe SMOU peg g *(2 "9'1) SPI}IAIOR I19PRI} POULIOJUI-UON S}08}al A[9[os Apsuajur Futpel) pajoodxo
oY} PUE SOPBI) POSE(-POULIOJUL JO MO OU ST 2I0Y ], T :9[qiss0d aIe oINYBU JO S838}S 99IY], 'SIOJSOAUL POULIOJUT JO A}IATIOR B} $300fal 1 J[IYM siopedy
ATUO1RIOSIP JO A}IATIOR 97} 0} pajeosse Ajsuojul Suipel) syuasardal 2 (@ — 1) AN[IqeqOId B [HLM JUSHUOD [UOTIRTUIONUT (,sMaU pooy), ) aansod
et 91 o[iym ‘¢ A[iqeqord ® M JU0IUOD [BUOTJRULIOJUT (,SMaU peg,) oarpeSou aaey uoneuriofut syeaud oy, v Aypiqeqoid & yilw pojerodioout
s1 uoryeuiojur a3eAtid Jo mop v *(966T) ‘[® 19 As[ser] Ul jexIeWw oUj ojul pojyerodiodul st uoljeuLIONU 9jeAlld Aem oY) s9jRIISU{[L oUIOYIS SIYT,

kS
)BT [BATIIE 12§
-1
pojuzodioout 100
WOTPETUIOJUT 2JATT]

3
APIRALLIE ANG

— i+ 3
2jer [eAlLIE [[25 e

3 smeu peg
SFI [RALIIF ANg n
pejezodioous

= TONTWIOJUT OICALL]
VL [TALME [V o1

i3 SMBU POCH
2jel reartre Ang

ssoooad Suipea) [eutdiio oy, ([ 2an3Si g

39




"sajels
oI JO €707 € 2YeIoueld YPIYM ‘(ATU0 opts Anq ‘A0 opls [jos ‘AIAIIOR ON]) SIIHATIOR IDPLI) PAULIOJUI-] o1} I0f S01¥}S 991y} 0} PAUIqUIoD (A[Uo apIs Ang
‘A[Uo 9pIs [[9s ‘ON) SOUIATIOR Iopel] POWLIOJUI-G o1} IOf 2INJeU JO S9}e)S 00IT) oIk AI9YJ, 'SIO)SAUT (PItUIojul-]) POULIOJUI-G JO SIIATIOR Y[} SII8PAI
(111) S1l o[rym s1opRI) ATRUOTIDIISIP JO AYIAIIOR Y} 0} pajerdosse Ajsuojul Sutpels ayy oy syuasardar 2 (19 — 1) 1o Anpqeqoad © yim (,poos, ) ,peq,
oInyen jo ale sfeusds ayeaurd o Lyiqeqold B YA JoNIRUI 81} O S9ALLIE ToljeuLIojut dywads-utirg (S¢ — 1) S¢ Lqiqeqord & i (,pood,) ,peq,
ST JUOJUO0D [RUOIYRULIOJUT 91} ‘sARp 0831} U() *Sv AN[iqeqoid € YA J93IeT oT[} Ul Pojelodiodur ST MOf UOIJBULIONT ojeAlld DIJRUIDISAS JO MOf o],

In-71 SD-T
.M/_ 5A3U-T ON 5AMIU-G TN
2 _\ N
5 1o
Iry -+ & _ SWATI-T PR ‘o
" saLIu- |
s |
.Wl_ 'v- Sy
sa9ou | puUy
n ..T..mm\_\ e
In o | Sw
St 4+ = ﬁ SAMRT-T ON swon g prg
=
- Hc
ku\ | %wﬂ. | Q~ smon I peg In
saaw-§
=]
Ser -+ & Ig-¥ e
Tef + = e poen Swawm g pead
R n-g
= _, SAMAI-T O8N
Sof v |
Hm.. In
Muﬂ‘lTh.ur_/ sagu-] puy salou-g
Srf 4 \_
& 'e-1
sMmam [ ponn
o+ i vz

sseooad Suipei) mau ay T, :I1] @IS

40



Figure IV Panel A: Structural parameter shifts - Full sample -
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Figure IV Panel B: Structural parameter shifts - Information Technology excluded -
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The sophisticated trading activity on the stock markets is decomposed in two components: (g X (b +ay X jt;. g
(ary) is the probability of incorporation of private information of type sector-specific (idiosyncratic). g (tiy) is the
expected trading intensity of the S-informed (I-informed) investors. ag X pig reflects the expected number of trades
from sophisticated investors specializing in trading the sector-specific risk. a; X pi; reflects the expected number
of trades from sophisticated investors specializing in trading the idiosyncratic risk. This panel shows the median
values of g X pig (left side) and ay x p; (middle) before ("Pre-event") and after ("Post-event") the introduction
of the State Street Select Sector ETF's in December 1998. The ratio of the two components is also displayed (right
side). Panel A stands for the full sample (90 stock-quarter ohservations) while Panel B stands for a subsample that
excludes stocks of the sector "Information Technology”. Trades must be classified before parameter estimations.
For robustness purpose, two different algorithms are used. Trades are classified according to the Lee and Ready
(1991) algorithm first ("LR"), then trades are classified following an alternative rule prupused by Chakrabarty et
al. (2007) ("CLNV").
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Figure V: Industry-level shifts
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The sophisticated trading activity on the stock markets is decomposed in two components: ag x g g+oarx
te7- s (ar) is the probability of incorporation of private information of type sector-specific (idiosyncratic).
ts (for) is the expected trading intensity of the S-informed (I-informed) investors. as x pg reflects the
expected number of trades from sophisticated investors specializing in trading the sector-specific risk.
oy x py reflects the expected number of trades from sophisticated investors specializing in trading the
idiosyncratic risk. This panel shows the median values of as x pig (dark bar) and a; x g, (light bar)
before ("Pre-event") and after ("Post-event") the introduction of the State Street Select Sector ETFs in
December 1998, at industry-level. Each industry name reflects a two-digit GICS sector.
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2.9 Tables

Table I: List of stocks

Ticker Company name Daily volume Ticker Company name Daily volume
GICS 10: Energy
BHI Baker Hughes 1,632,600 NBR Nabors Industries 873,500
CHV Chevron 1,262,300 OXY  Occidental Petroleum 976,850
DO Diamond Offshore 1,083,300 RDC  Rowan Drilling 898,000
ESV Ensco 1,266,100 SLB Schlumberger 2,417,850
HAL Halliburton 1,875,450 WMB  William Cos 913,850
GICS 15: Materials
AA Alcoa 767,550 P International Paper 1,179,900
BS Bethelem Steel 1,025,400 NEM  Newmont Mining 957,900
DD Du Pont de Nemours 2,545,600 UK Union Carbide 588,250
DOW  Dow Chemical 578,950 SHW  Sherwin Williams 396,100
HM Homestake Mining 891,950 X United States Steel 524,500
GICS 20: Industrials
BA Boing 3,651,600 LUV Southwest Airlines 822,350
CAT Caterpillar 1,226,400 MMNDM  Minnesota Mining 907,850
DE Deere & Co. 816,100 UNP Union Pacific 837,950
EMR  Emerson Electric 681,550 TYC Tyco International 1,212,900
GE General Electric 4,208,650 UTX United technologies 700,500
GICS 25: Consumer Discretionary
CBS CBS Corp. 2,029,400 MAT  Mattel Inc. 974,150
DIS Walt Disney 1,433,200 MCD  McDonald's 1,932,600
F Ford Motor 2,726,700 NKE  Nike Inc. 1,264,600
GM General Motors 2,435,700 SPLS  Staples Inc. 1,598,228
HD Home Depot 1,825,900 TWX  Time Warner 1,364,900
GICS 30: Consumer Staples
CAG  Conagra Foods 939,150 PEP Pepsico 3,314,700
COST Costco Wholeale 1,592,516 PG Procter and Gamble 1,823,450
KMB  Kymberly-Clark 1,431,700 SLE Sarah Lee Corp. 954,850
KO Coca-Cola 3,034,200 SWY  Safeway Inc. 796,000
MO Altria 5,694,601 WMT  Wal-Mart Stores 2,810,100

This table presents tickers and company names of our stock sample, in column (1) and (2) respectively.
Each bucket has ten stocks and matches a particular GICS sector. "GICS" stands for Gobal Industry
Classification Standard. This classification has been jointly developed by Standard & Poor’s and -Morgan
Stanley Capital International (MSCI). Definition of sectors can be found in https://www.msci.com/gics.
The stocks have been selected according to three criteria: (i) They are the most liquid stocks of their
industry, where liquidity is proxied by the median volume over August 1997 - August 1998 and industry
classification is derived from the two-digit GICS code, (ii) No significant corporate event (mergers, spin-offs
or stock-splits) occurs during the analysis period August 1998 - April 1999. (iii) Intraday data availability
is required over the analysis period. Column 3 gives the daily number of shares traded (median).
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Table I: Continued

Ticker  Company name Daily volume Ticker Company name Daily volume
GICS 35: Health Care
ABT Abbot Laboratories 1,275,400 LLY Lilly and Co. 2,453,300
AMGN  Amgen Inc. 2,459,153 MDT Medtronic Inc. 1,265,000
BMY Bristo-Meyers 1,872,800 MRK Merck and Co. 2,624,250
CNTO  Centocor Inc. 1,341,859 SGP Schering-Plough 1,539,150
JNJ Johnson and Johnson 2,243,700 UNH United Healthcare 869,250
GICS 40: Financials
ALL AllState Corp. 957,450 FNM Fannie Mae 2,090,800
AIG American International 945,050 JpP JP Morgan and Co. 754,800
AXP American Express 1,158,650 MEL Mellon Bank 902,750
BK Bank of New York Inc. 795,300 PNC PNC Bank 539,200
CNC Conseco Inc. 971,000 STI Suntrust Banks Inc. 239,850
GICS 45: Information Technology
AMAT  Applied Materials 7,346,347 INTC  Intel Corp. 15,627,592
COMS  3com Corp. 6,829,319 MSFT  Microsoft 9,548,057
CPQ Compaq Computer 12,170,950 MU Micron Technologies 3,773,900
CSCO  Cisco Systems 8,540,194 ORCL  Oracle Corp. 7,309,035
DELL  Dell 10,884,782 SUNW  Sun Microsystems 5,220,491
GICS 55: Utilities
AES AES Corp. 400,550 PCG PG&E 796,800
D Dominion Resources 386,950 PEG Public Service Enterprise 404,950
DUKK Duke Energy Corp. 584,900 SO Southern Corp. 1,066,850
ED Consolidated Edison 410,850 UCM Unicom Corp. 608,500
ETR Entergy Corp. 694,150 TXU Texas Utilities 652,650




Table II: Descriptive statistics

Statistics  Share B/A BITs SITs Outside At Inside At
price spread quotes quotes quotes midpoint
(%) (%) (%) (%) (%)
GICS 10: Energy
Mean 30.0  0.005 413 343 0.040 0.711 0.081 0.181
Median 226  0.004 350 300 0.033 0.714 0.078 0.181
Min 9.2 0.000 103 69 0.000 0476  0.000 0.071
Max 88.9  0.023 1408 1011 0300 0915 0.231 0.313
GICS 15: Materials
Mean 39.3  0.004 328 295 0.033 0703 0.107 0.167
Median 33.5  0.003 269 235 0.027 0.686 0.112 0.167
Min 7.1 0.000 73 81 0.000  0.506  0.000 0.060
Max 100.8  0.032 1228 1049 0320 0934 0.317 0.308
GICS 20: Industrials
Mean 54.1  0.002 350 491 0.045 0.663 0.127 0.178
Median 49.0  0.002 372 326 0.032 0.653 0.112 0.176
Min 16.4  0.000 130 125 0.002 0395  0.000 0.066
Max 100.6  0.011 2755 2489 0357 0903 0425 0.325
JICS 25: Consumer Discretionary
Mean 45.9  0.002 657 574 0.049 0702  0.088 0.172
Median 40.4  0.002 526 494 0.037 0707 0.073 0.176
Min 204  0.000 132 111 0.000 0468  0.000 0.067
Max 98.8  0.009 2524 2092 0429 0912 0.327 0.310
GICS 30: Consumer Staples
Mean 51.5  0.002 656 613 0.059 0693  0.086 0.175
Median 49.7  0.002 662 626 0.046  0.701  0.089 0.173
Min 23.3  0.000 157 143 0.005  0.492  0.000 0.067
Max 914 0008 2154 1619 0375  0.881 0.312 0.312

This table shows the descriptive statistics of the sample, aggregated at industry level, over 08/19/1998
- 11/16/1998. Industries are defined according to the two-digit GICS sector. "GICS" stands for Gobal
Industry Classification Standard. This classification, jointly developed by Standard & Poor’s and Morgan
Stanley Capital International (MSCI), has been widely recognized as a benchmark by market participants
and its superiority over other methods is documented in Bhojraj et al. (2003). Definition of sectors can
be found in https://www.msci.com/gics. There are 10 stocks per bucket, see Table II. Sample design
is detailed section IV, subsection I. Median, mean, maximum and minimum are derived from the 630
stock-day observations per bucket, i.e. 63 trading days over the period 08/19/1998 - 11 /16/1998, times 10
stocks. Share price and B/A spread are observed at the end of the trading day. BITs and SITs stands for
buyer-initiated trades and seller-initiated trades, respectively. The initiation is determined by the Lee and
Ready (1991) algorithm. For these variables, statistics are rounded. The last four columns report statistics
about the proportion of transactions realized outside of quotes, at the quotes, inside the quotes and at
midpoint, respectively. These figures are averaged over days and then averaged over the cross-section so
the sum of the four statistics differs slightly from one.
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Table II: Continued

Statistics Share B/A BITs SITs OQutside At Inside At
price  spread quotes quotes quotes midpoint
(3) (%) (%) (%) (%)
GICS 35: Health Care
Mean 74.9  0.002 623 602 0.068 0635  0.143 0.164
Median 749  0.002 618 563 0.057 0643 0.131 0.168
Min 323 0.000 102 101 0.000 0.389  0.000 0.036
Max  147.1 0.008 1938 1915 0.409 0964  0.327 0.287
GICS 40: Financials
Mean 59.8  0.002 496 408 0.0562  0.660  0.133 0.168
Median 59.5  0.002 471 388 0.041  0.661 0.131 0.166
Min 23.5  0.000 126 89 0.004 0.407 0.019 0.071
Max 126.2  0.011 1362 1029 0.456  0.875  0.289 0.313
GICS 45: Information Technology
Mean 53.4  0.002 1748 1805 0.138 0.708  0.042 0.115
Median 424 0.002 1522 1590 0.112  0.734  0.040 0.114
Min 19.1 0.000 300 339 0.022 0.137  0.000 0.045
Max 128.7  0.007 9412 8529 0.753 0916  0.132 0.219
GICS 55: Utilities
Mean 40.3  0.003 182 180 0.025 0697  0.101 0.186
Median 38.3  0.003 170 170 0.020 0699 0.095 0.180
Min 24.3  0.000 61 65 0.000 0.446  0.000 0.064
Max 70.7  0.010 451 405 0.303 0918  0.317 0.431
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Table IV: Cross-correlation of order-flow

GICS BIT SIT OFI

Code mean % mean % mean %
10 0.46 0.78 0.45 0.73 0.29 0.58
15 0.22 0.53 0.26 0.51 020 0.42
20 034 0.73 0.39 0.80 025 0.53
25 031 060 050 091 0.21 0.42
30 033 0.62 0.46 0.82 0.21 0.40
35 0.37 071 0.41 0.69 031 0.62
40 0.49 0.84 0.52  0.96 0.30 0.69
45 0.46 0.76 0.35 0.64 0.19 0.40
%) 0.55 0.89 0.62 0.98 0.24 0.53

This table exhibits two statistics about the cross-correlation of stock-level time series. Entries in column
(2), (4) and (6) are average cross-correlation coefficients. Column (3), (5) and (7) are the proportion of
coefficients that are significant at the 5% level. There are 10 stocks per industry (two-digit GICS code),
producing 45 correlation coefficients per industry. "BIT" stands for buyer-initiated trades (we calculate
BIT; vs BIT; with i # j), "SIT" stands for seller-initiated trades (SIT; vs SIT; with i # j) and "OFI"
stands for order-flow imbalance ([(BIT; — BIT;)/(BIT; + BIT;)| vs [(BIT; — BIT;)/(BIT; + BIT;)] with
i # 7). The time series spanned the period 08/19/1998 - 11/16/1998 and companies i and 7 that belongs
to the same industry.
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Table V: Pre-event parameter estimates

TCA Lee and Ready (1991) Chakrabarty et al. (2007)
Industry IPIN  SPIN I/S-Ratio IPIN  SPIN 1/S-Ratio
Energy 0.103 0.106 1.090 0.103 0.102 1.148

(10)  (0.010) (0.007)  (0.127) (0.007) (0.008)  (0.120)

Materials 0.106  0.099 1.138 0.086  0.110 0.906
(15)  (0.008) (0.005)  (0.112)  (0.034) (0.007)  (0.273)

Industrials 0.092  0.082 1.076 0.077  0.096 0.909
(20)  (0.006) (0.004)  (0.108) (0.036) (0.010)  (0.407)

Consumer 0.076 0.087 0.820 0.092 0.082 1.081
Discretionary (25) (0.011) (0.006) (0.152) (0.006)  (0.004) (0.115)

Consumer 0.066 0.092 0.848 0.076 0.090 0.915
Staples (30) (0.021) (0.012) (0.316) (0.015) (0.022) (0.327)

Health Care 0.077  0.091 0.805 0.078  0.081 0.896
(35)  (0.014) (0.006)  (0.149)  (0.009) (0.004)  (0.126)

Financials 0.090  0.101 0.793 0.083  0.100 0.799
(40)  (0.035) (0.013)  (0.419)  (0.076) (0.075)  (0.882)

i 0.075  0.081 0.945 0.081  0.080 1.030
(45)  (0.026) (0.005)  (0.252)  (0.005) (0.004)  (0.082)

Utilities 0.090  0.103 0.867 0.100  0.101 0.999
(55)  (0.012) (0.006)  (0.150)  (0.009) (0.006)  (0.123)

Structural parameter estimations are performed over a sample of 90 stocks. Sample design is detailed
Section IV, subsection I. Stocks are bucketed according to the two-digit GICS sector (Column 1) and
structural parameters are estimated by time series cross-sectional maximuin likelihood, for the time window
08/19/1998 - 11/16/1998. The objective function, a mixture of Poisson distribution, is given equation (3).
The daily records of buyer-initiated trades (BITs) and seller-initiated trades (SITs) are used as inputs of
this density function. IPIN, SPIN and I/S-Ratio are derived for each stock-quarter observation. Entries
are median values, while median standard errors are reported below. Standard errors of parameters are
calculated with the delta method (See Appendix II). To classify trades as BITs or SITs, we use two
different trade classification algorithms (TCA). Results under the Lee and Ready (1991) algorithm are
reported column (2), (3) and (4) while results under the Chakrabarty et al. (2007) are reported column (5),
(6) and (7). Testing different classification algorithms aim at making our results robust to the presence of
the misclassification rate. To match trades with prevailing quotes, we select a lag of one second, following
Henker and Wang (2003).




Table VI: Post-event parameter estimates

TCA Lee and Ready (1991) Chakravarty et al. (2007)
Industry IPIN  SPIN I/S-Ratio IPIN  SPIN I/S-Ratio
Energy 0.090  0.083 1.194 0.086  0.084 1.095

(10)  (0.010) (0.005)  (0.146)  (0.007) (0.006)  (0.127)

Materials 0.086  0.074 1.160 0.085  0.073 1.144
(15)  (0.009) (0.005)  (0.245)  (0.006) (0.005)  (0.153)

Industrials 0.073  0.057 1.456 0.065  0.054 1.198
(200 (0.008) (0.005)  (0.222)  (0.010) (0.015)  (0.370)

Consumer 0.089  0.078 1.248 0.08  0.079 1.252
Discretionary (25) (0.005) (0.004)  (0.098)  (0.010) (0.008)  (0.338)

0.069  0.074 0.868
(0.403) (0.105)  (5.353)

Consumer 0.070 0.061 1.21
Staples (30) (0.006) (0.005) {0.152

o

~—

Health Care 0.086  0.069 1.286 0.081  0.066 1.332
(35)  (0.004) (0.004)  (0.089)  (0.005) (0.004)  (0.108)

Financials 0.070  0.080 0.856 0.067  0.063 0.957
(40) (0.024) (0.009)  (0.339)  (0.030) (0.012)  (0.437)

IT 0.076  0.065 1.176 0.067  0.069 0.90%
(45)  (0.003) (0.002)  (0.073)  (0.066) (0.081)  (1.383)

Utilities 0.084  0.088 0.998 0.088  0.094 0.991
(55) (0.015) (0.008)  (0.295) (0.040) (0.014)  (0.427)

Structural parameter estimations are performed over a sample of 90 stocks. Sample design is detailed
Section IV, subsection I. Stocks are bucketed according to the two-digit GICS sector (Column 1) and
structural parameters are estimated by time series cross-sectional maximum likelihood, for the time window
01/19/1999 - 04/19/1999. The objective function, a mixture of Poisson distribution, is given equation (3).
The daily records of buyer-initiated trades (BITs) and seller-initiated trades (SITs) are used as inputs of
this density function. IPIN, SPIN and I/S-Ratio are derived for each stock-quarter observation. Entries
are median values, while median standard errors are reported below. Standard errors of parameters are
calculated with the delta method (See Appendix II). To classify trades as BITs or SITs, we use two
different trade classification algorithms (TCA). Results under the Lee and Ready (1991) algorithm are
reported column (2), (3) and (4) while results under the Chakrabarty et al. (2007) are reported column (5),
(6) and (7). Testing different classification algorithms aim at making our results robust to the presence of
the misclassification rate. To match trades with prevailing quotes, we select a lag of one second, following
Henker and Wang (2003).




Table VII: Non-parametric tests for the treatment sample

Variable Sample Algorithm  Pre- Post-  Diff. Signed Rank

event  event test (z-value)

Expécted number of Allobs. LR 81.564 68.753 -7.646 2.875%**

S-informed trades (N =90) CLNV 77.948 66.068 -5.926 1.603
Qg X g

IT exc. LR 73.699 60.697 -7.646 2.998**+*

(N =80) CLNV 70.770 61.525 -6.738 2.101*

Expected number of  All obs. LR 67.411 75438 0.890 -0.803

I-informed trades (N =90) CLNV 65.250 73.401 -0.438 0.058
ay X

IT exc. LR 62.061 68.984  0.262 0.038

(N=80) CLNV 61.978 64.965 -0.438 0.312

I/S-Ratio All obs. LR 0908 1.117 0.316 -4.690%**

{ar x )/ (g x pg) (N =90) CLNV 0944  1.034 0.118 -2.597H*

IT exc. LR 0906 1.117 0.316 -4.350%**

(N =80) CLNV 0933 1.075 0.133 -2.969***

The sophisticated trading activity on the stock markets is decomposed in two components: ag X prg + vy X
pr. g (o) is the probability of incorporation of private information of type sector-specific (idiosyncratic).
g (p7) is the expected trading intensity of the S-informed (I-informed) investors. «g X pg reflects the
expected number of trades from sophisticated investors specializing in trading the sector-specific risk.
ay X p; reflects the expected number of trades from sophisticated investors specializing in trading the
idiosyncratic risk. In this table, we report the median values of ag X prg and ey x p; before and after the
introduction of the State Street Select Sector ETFs in December 1998. In addition, we run nonparametric
tests in order to assess if medians are significantly different. The Wilcoxon signed rank test is well
designed for detect shifts in a paired sample (i.e. before versus after a treatment) and it does not require
assumptions on the underlying distribution of the variable. Qur sample is made with nine buckets of ten
stocks, one bucket per GICS sector. The cross-section time-series of trades (daily amount of buyer- and
seller-initiated trades) are used as inputs of the density function (3) and all parameters are estimated
by maximum likelihood. "All obs." refers to the whole sample (90 observations). "IT exc." refers to a
subsample (80 observations) that excludes observations from the IT industry. Tests are performed on
this subsample to rule out the issue that results are driven by the unusual high trading volume that
characterized this industry during the Dot-Com bubble (1997-2000). Trades are classified according to
the Lee and Ready ("LR", 1991) algorithm. For robustness purpose, we also classify trades following the
Chakrabarty et al. ("CLNV", 2007) methodology, and tests are performed again. The pre-event period
is defined as 08/19/1998 - 11/16/1998 and represents a 63 trading days (a quarter) ending 21 days before
the official date of introduction of the nine Select Sector ETFs (12/16/1998). The post-event period is
defined as 01/16/1999 - 04/19/1999 and represents 63 trading days (a quarter) beginning 21 days after the
official date of introduction of the nine Select Sectors ETFs respectively. Test outcomes are summarized
with the following notation: *, ** *** indicates significance at the 5%, 1%, and 0.5%, respectively.




Table VIII: Informed trading in ETF markets

Model Easley et al. (1996)
Algorithm LR CLNV

XLB 7.44 1416 0.34 (0.11) 7.32 1398 0.34 (0.11)
XLE 19.44 50.72 0.28 (0.05) 18.57 51.28  0.27  (0.04)
XLF 18.36 54.64 0.25 (0.03) 17.81 54.73 0.25 (0.03)
XLI 3.39 10.49 024 (0.10) 3.36 10.33 0.25 (0.11)
XLK 118.96  341.82 0.26 (0.01) 101.28  358.77 0.22 (0.01)
XLP 24.03 30.93 044 (0.02) 22.72 3176 0.42  (0.04)
XLU 5.94 14.22  0.29 (0.04) 5.57 14.54 0.28 (0.03)
XLV 12.08 14.06 0.46 (0.06) 11.72 14.04 0.46 (0.09)
XLY 5.53 11.46 0.33 (0.04) 5.24 11.54 031 (0.05)
SPY 6.74 31.34 018 (0.03) 6.87 31.20  0.18 (0.04)
DIA 28.80  225.14 0.11 (0.02) 2779 22583 0.11 (0.02)
QQQ 66.84 123224 0.05 (0.02) 50.71 124791 0.04 (0.01)

The probability of informed trading is computed for the nine Select Sector ETFs and for the window
01/16/1999 - 04/19/1999. These ETFs have been introduced on 12/16/1998 but we exclude the first
20 days of trading because there are usually very few sell orders in the weeks that immediately follow
the inception of a new security. The standard PIN model of Easley et al. ("EKOP_PIN", 1996) and
an extension proposed by Duarte and Young ("DY PIN", 2009) are estimated by maximum likelihood.
@ X p, displayed column 2, 6, 10 and 14 stands for the informed-based trading intensity weighted by the
probability of private information incorporation by the stock market and 2 x e, displayed column 3, 7, 11,
and 15, represents the total non-informed trading intensities. PIN formulas are:

EKOP_PIN =(axp)/@2xec+axp) ; DY _PIN={(axp)/2xec+axp+2x0xA)
"EKOP_PIN" is reported column 4 and 8 while "DY _PIN" is reported column 12 and 16. The extension
of Duarte and Young (2009) accommodates the arrival of a symmetric order-flow shock with probability ¢
and magnitude A. This feature matches the observed covariance between buyer and seller-initiated trades.
Aside PIN estimates, we provide the standard errors obtained by using the delta method. The derivation
of standard errors is presented Appendix Il Trades are classified according to the Lee and Ready
("LR", 1991) algorithm. For robustness purpose, we also classify trades following the Chakrabarty et al.
{("CLNV™", 2007) methodology, and estimations are re-done. For space purpose, CRSP tickers are used as
rows names. For "XLU", there is very few trading volume, making impossible to obtain precise estimate
under the Duarte and Young (2009) model. For comparison, we also provide estimates for three famous
ETFs. "SPY", "DIA" and "QQQ" stands for SPDR S&P 500 ETF (introduced 01/22/1993), SPDR Dow
Jones Industrial Average ETF (01/13/1998) and PowerShares QQQ ETF (03/10/1999), respectively. Like
Select Sector ETF's, we estimate PINs for the three months following their introduction (first 20 trading
days excluded).
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Model

Algorithm

XLB
XLE
XLF

XLI
XLK
XLP
XLU
XLV
XLY

SPY
DIA

QQQ

Table VIII: Continued

Duarte and Young (2009)

5.60
22.87
20.93

3.14

108.77

24.87
N/A
12.15

=
Do

7.09
23.04
40.57

LR

12.43
39.19
35.74
8.77
291.45
21.66
N/A
10.02
9.76

24.25
198.32
1108.14

0.24
0.33
0.29
0.23
0.24
0.45
N/A
0.46
0.34

0.19
0.09
0.03

(0.09)
(0.04)
(0.02)
(0.10)
(0.06)
(0.02)

N/A
(0.03)
(0.05)

(0.03)
(0.03)
(0.03)

6.74
21.81
20.22

5.87
83.99
23.82

N/A
11.87

5.43

7.09
27.29
29.05

CLNV
1174 028
37.30  0.31
3559  0.28
9.04 033
295.95 0.18
2261  0.44
N/A N/A
950 0.16
9.76  0.32
2436 0.19
198.75  0.11

1101.94  0.02

{0.15)
(0.03)
(0.04)
(0.31)
(0.30)
(0.02)

N/A
(0.09)
(0.16)

(0.07)
(0.02)
(0.02)

ot
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Table IX: Control sample

industry ticker = company name Country Host-market Level

Cross-section I. US stocks

50 BLS BellSouth US
50 CTL Centurylink US
50 GTE GTE Us
50 LVLT Level 3 Communications US
50 NXTL Nextel Communications US
50 S Sprint Nextel Us
50 SBC Southwestern Bell US
50 USW  US West Us
50 T AT&T US
50 TLAB Tellabs Us

Cross-section II. Cross-listed stocks

15 ABX Barrick Gold Canada NASDAQ Ordinary share
15 PKX Posco South Korea NYSE 3
15 POT Potash Corporation Canada NYSE Ordinary share
of Saskatchewan
25 SNE Sony Group Japan NYSE 2
25 PHG Koninklyke Philips Netherlands NYSE 3
25 vV Grupo Televisa Mexico NYSE 3
30 CcCu Compania Cervecerias Chile NYSE 3
30 DEO  Diageo United Kingdom NYSE 2
30 UN Unilever Netherlands NYSE 2
45 SAP SAP AG Germany NYSE 2
45 STM ST Microelectronics Netherlands NYSE 3
45 TSM Taiwan Semiconductor Taiwan NYSE 3
50 BT BT Group United Kingdom NYSE 3
50 TMX - Telmex Mexico NYSE 3
50 VOD  Vodafone United Kingdom NASDAQ 2

This table introduces the control sample. It is designed by pooling two groups. The first one is a bucket
of the ten largest and most liquid US companies belonging to the Telecommunications sector (GICS
code 50). This is the only one industry for which a corresponding SPDR Select Sector ETF has not
been introduced. To select stocks, companies of the S&P 500 of this industry are ranked according
to the median daily trading volume for the period August 1997 - August 1998. Companies that have
experienced spin-offs, stock splits or mergers during the analysis period (September 1998 - April 1999) are
excluded. Companies that cannot be matched with a TAQ ticker are excluded too. The second part is a
sample of 15 cross-listed stocks (ADRs level IT and III or regular stock if Canada is the home-market).
Consistent with the bucketing procedure for the treatment group, cross-listed stocks of the control group
are bucketed by sector. The industries are Materials (GICS code 13), Consumer Discretionary (23),
Consumer Staples (30), Information technology (45) and Telecommunications (50). Five buckets of three
stocks each are hence created. Pooling the 25 five stocks lead to our control sample. Two-digit GICS codes,
tickers and company names and countries displayed first, second third and fourth colunn, respectively.
For American Depositary Receipts, we report host-market (stock exchange) and level column sixth and
seventh, respectively.
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Table X: Non-parametric tests for the control sample

Variable Algorithm Pre-event Post-event Difference Sum of signed
ranks

Expected number of LR 49.276 40.437 -1.147 152.000
S-informed trades CLNV 48.286 37.591 -3.659 164.000
ag X jig

Expected number of LR 59.334 48.882 -5.415 172.000
I-informed trades CLNV 53.370 50.935 -0.384 146.000
oy X fhy

I/S-Ratio LR 1.166 0.969 -0.030 186.000
(ar x py)/ (g x pg) CLNV 1.040 1.174 0.120 98.000

The sophisticated trading activity on the stock markets is decomposed in two components: ag X jtg 4y X
fi. as () is the probability of incorporation of private information of type sector-specific (idiosyncratic).
s (p7) is the expected trading intensity of the S-informed (I-informed) investors. ag X pg reflects the
expected number of trades from sophisticated investors specializing in trading the sector-specific risk.
ar x i reflects the expected number of trades from sophisticated investors specializing in trading the
idiosyncratic risk. In this table, we report the median values of ag x g and oy x p; before and after the
introduction of the State Street Select Sector ETF's in December 1998. In addition, we run nonparametric
tests in order to assess if medians are significantly different. Our sample is made with 10 stocks of the
Telecommunications sector (GICS=50) and 15 American Depositary Receipts, level IT and TII. Regarding
our sample size, we report the exact statistic of the Wilcoxon tests. None result is significant at the
conventional 5% level. The cross-section time-series of trades (daily amount of buyer- and seller-initiated
trades) are used as inputs of the density function (3) and all parameters are estimated by maximum
likelihood. Trades are classified according to the Lee and Ready ("LR", 1991) algorithm. For robustness
purpose, we also classify trades following the Chakrabarty et al. ("CLNV", 2007) methodology, and tests
are performed again. The pre-event period is defined as 08/19/1998 - 11/16/1998 and represents a 63
trading days (a quarter) ending 21 days before the official date of introduction of the nine Select Sector
ETFs (12/16/1998). The post-event period is defined as 01/16/1999 - 04/19/1999 and represents 63
trading days (a quarter) beginning 21 days after the official date of introduction of the nine Select Sectors
ETF's respectively.




Table XI: Non-parametric tests for the emerging market stocks

Variable Algorithm  Pre-event Post-event Difference Signed Rank
test (z-value)

Expected number of LR 151.052 158.703 7.651 0.137
S-informed trades CLNV 148.544 152.942 4.398 0.169
Expected number of LR 155.837 146.438 -9.399 0.967
I-informed trades CLNV 154.725 145.397 -9.328 0.901
ar X pr

I/S-Ratio LR 1.122 1.017 -0.105 1.950
(o x pp)/ (s x pug) CLNV 1.091 0.989 -0.103 1.928

The sophisticated trading activity on the stock markets is decomposed in two components: «g X fg +
ay X fiy. as (ag) is the probability of incorporation of private information of type sector-specific (idio-
syncratic). pug (gg) is the expected trading intensity of the S-informed (I-informed) investors. ag x g
reflects the expected number of trades from sophisticated investors specializing in trading the sector-
specific risk. ay x ) reflects the expected number of trades from sophisticated investors specializing
in trading the idiosyncratic risk. In this table, we report the median values of g x pg and ap x
before and after the introduction of country-specific ETFs. Unlike the Select Sector ETFs, they are not
introduced simultaneously but dispersed between 2006 and 2011, and with different ETF sponsorship.
In alphabetic order: Argentina ("Global X MSCI Argentina ETF, introduced the 03/03/2011, 6 ADRs),
Brazil ("iShares MSCI Brazil Capped ETF", 07/10/2000, 2 ADRs), Chile ("iShares MSCI Chile Capped
ETF", 11/12/2007, 5 ADRs), China ("iShares China Large-cap", 10/05/2004, 8 ADRs), India ("MSCI
India Index ETN", 12/19/2006, 8 ADRs), Mexico ("iShares MSCI Mexico Capped ETF, 12/03/1996, 2
ADRs), Russia ("RSX Market Vector", 04/24/2007, 3 ADRs), South Africa ("iShares MSCI South Africa
ETF", 02/03/2003, 3 ADRs), Taiwan ("iShares MSCI Taiwan ETF", 03/26/2008, 7 ADRs). At inception,
All ETFs provide a country exposure above 95% except Argentina (around 50%). Total sample size is
46. Nonparametric tests are run in order to assess if medians of the pre- and post ETF introduction are
significantly different. The Wilcoxon signed rank test is well designed for detect shifts in a paired sample
(i.e. before versus after a treatment) and it does not require assumptions on the underlying distribution
of the variable. The cross-section time-series of trades (daily amount of buyer- and seller-initiated trades)
are used as inputs of the density function (3) and all parameters are estimated by maximum likelihood.
Trades are classified according to the Lee and Ready ("LR", 1991) algorithm. For robustness purpose,
we also classify trades following the Chakrabarty et al. ("CLNV", 2007) methodology, and tests are per-
formed again. The pre-event period is defined as 08/19/1998 - 11/16/1998 and represents a 63 trading
days (a quarter) ending 21 days before the official date of introduction of the nine Select Sector ETF's
(12/16/1998). The post-event period is defined as 01/16/1999 - 04/19/1999 and represents 63 trading
days (a quarter) beginning 21 days after the official date of introduction of the nine Select Sectors ETF's
respectively. In this table, none result is significant at the conventional 5% level.



2.10 Appendix

2.10.1 Appendix I: Density function and I/S-Ratio

Below are the details of the density function in equation (3):

m = (1 —Q\) x (1— I)r[)
Ao =0
)\1’3 =0

ma = (1 —as) X ay X 41
Azp =0
A2s = Hy

m3 [1 - (1.\) X oy X (1 61)
Asp = g
/\3,.‘ -0

T4 = g X 6», X (1 ay)
/\4‘(, =0
Ays = Mg

Ty = Qg X ds X ay X 61
Asp =0
A5, = s T piy

g =g X g X ay X (1 —4dy)
Ae,b = fg
Ag.s = U

mr =as X (1 —3g) (1—ay)
AT = Mg
Ara=0

ME Qg X l\l—(sb‘lz\(tlxol
;\svb Mg
As,s = fif

o =g X (1—90dg) Xxarx(1-197)
Ag,p = g + ty
/\g).., 0

The PIN is constructed as the ratio of informed-based trading intensity to total trading intensity. To
derive the numerator, informed trading intensities from buy and sell sides of the market are summed and




multiplied by probabilities of state occurring. Products are summed over all states of nature:

NUM=(1-ag)x{1—ar)x0
+H1 —ag) X ar x &y x p
+(1—ag) x oy x (1 —8y) x py
+ag x dsg X (1 — ) X pg
+ag x dg x & X ap X (ug + py)
toag X 6g X ap x (1=07) X (pg + pg)
+ag X (1 —08g) x (1 —ay) x (pg)
+ag x (1 —48g) X oy x §; X (pg + pg)
+ag X (1= 8s) X oy x (1-87) x (pg + py)
This expression reduces to:
NUM =ag X g + oy X pp

For the denominator, we extract the total trading intensity from buy and sell sides of the market, weighted
by probabilities of state occurring:

DEN=(1-ag)x (1 —af)x(c+¢)
+(1—ag) X af xd; X (e +¢€+ )
H(l—ag) X ay x(1-90;) x (g4 p;+¢)
tag X 05 x (1 —ap) X (4+€ + pg)
tas X 0g X 01 X ar X (e +¢+ pg + py)
tas x dg x ap x (1 —67) x (=4 p;+e + pg)
tas X (1 —0g) x (1 —ay) x| g )
tag X (1 —dg) xap x 07 x (e + pg+ 2+ )
Fag X (1 —dg) X ap x (1 —87) x (e + pg + gy +€)
This expression reduces to:
DEN =2 Xe+4ag X fig + o X fi;

And our two-component PIN follows.

2.10.2 Appendix II: Likelihood function, standard errors and delta method

More than three thousands daily BIT or SIT are recorded on some days are the most liquid stocks.
When an optimization algorithm is running, large buys or sells embedded in the Poisson distribution
might generate numerical values that exceed the range of real values that the software can handle. This
phenomenon is called the floating point exception (FPE hereafter). Lin and Kee (2011) re-formulate the
likelihood function in order to this trouble. Their correction is applied to the original PIN model of Ea;}sle},'

et al. (1996). We extend their methodology to reformulate our likelihood function. By replacing %”,— by
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exp(Y x log(x,) — log(Y'!)) in each expression, equation (3) can be factored:

f(6|B,S) =
exp(—2 x € — log(B! x 8)) x

(1—as)x(1—ay)

x exp (B x log(e) + § x log(e))

+(1_QS) X ey X51

x exp (—py + B x log(e) + S x log(e + )
+(1—as) x ay x (1 - 4;)

xexp(—pg+ B xlog(e + pr) + 8 x log(e))

+ag X 6g X (1 — (11)

x exp(—pg + B x log(e) + S x log(e + pg))
+045><65X041><5[

xexp(—pg — piy + B x log(e) + 5 x log(e + pog + p47))
+ag x 6 xar x (1 —4y)

X exp(—pg — pr + B x log(e + p;) + 8 x log(e + pg))
+C¥3X(1—65 (1—@1)

x exp (—pg + B x log(e + pg) + .5 x log(e))

+ag X (1—65) X ey X&[

xexp(—pg — py+ B x log(s + pg) + 8 x log(e + p))
+ag X (1 —0g) X ay X (1 —9d1)

xexp(—pg — piy + B x log(z + ps + 1) + 8 x log(e))

We define £ = € + pg + pi; for convenience. Then equation (1) can be rewritten as:

f0|B,S) =
exp(~2 x & + (B + 5) x log(€) — log(B! x §1))

(1-ag)x(1—aj)

X exp (—(B+S) xlog(§)>

+(1 —as) x ar x &

X exp (-—;1,1 - B x log(g) -5 x log(f;;))
+(1 —Oég) X ar X (1—14y)

X exp (—,u., — B x Iog(;ﬁ—[) - S x log(f-))
+ag X 65 x (1~ ay)

g— B x Iog(f) S % log(e_w )
+ag X 65 X ay X 8y

X exp

A

X exp

A

—pis — pp — B x log(2) — § x log(
+as X 0g x ay x (1 —46y)

—thg — —Bxlog(;‘g“—l) SXIOb(s+u )
+ag X (1-0g) x (1 —ay)

—pg — B x lug(;ﬁ:) -8 x 1og(§))

+ag x (1—908g) X ay X d; :

—h .}
Etpg iy

X exp

/\

oy

X exp

/\/ﬂ

xexp | —pg— py — B x log(;—é—;;—Sx log(j:EO
+oag x (1 —0g) X af x (1 —4d7)

X exp (—,u,s — py — B x log(

- 8x log(g))

— )
etpstpy

Lin and Ke (2011) show that the logarithm of a linear combination of exponential terms can be defined
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in a more convenient way:

logz {(m; x exp(X;)) = log (Zﬂi x exp(X;) x exp(—Z) x exp(Z))
= log (Zm x exp(X; — Z) x exp(Z))

=Z +log (Z i X exp(X; — Z))

Lin and Ke (2011) choose Z = max(X;). We apply this change and obtain finally:

log(f(0]B,S)) = —2x =+ (B+S) xlog(€) + emax

+log

with

(1—ag) x (1 —ar) x exp(er — emax)

+(1 — eeg) x cf x 61 x exp(ez — €max)

+{1 — ag) x ey X (1 —d) x exp(e3 — €max)

+ag X g x (1 —ay) x exp(es — €max)

+ag X ds X ay X 61 X exp(es — €max)

+ag x ds X ay X (1 —4d7) X exp(es — €max)

+as x (1 -68g) x (1 —aj) x exp(er — emax)
+ag X (1 - 5_5,) X ar X 6[ X exp(es = emax)

+ag x (1 —08g) x ar x (1 —687) x exp(€g — €max)

e, =—(B+S) xlog <1+MST+'LLI)

e2:—n~Bxlog(1+'L—L9%ﬂ)—leog<1+“—’g)

€3

es=—p— B xlog <1 +

€+

c

€T Ky

_17—Bxlog<1+‘ Bs )-leog(pr“s_f“f)

5+[.Ls

&

€5 = —;L—U—Bxlog<l+%'—w>

s Hr
e =—p—n—Bxlog|{l+ —=-|-Sxlog|1+ ——
o= nm=Boxtog (1 ) 5o (14 L

e7 =—p—Bxlog|1+ ad — 5 x log 1+M
£+ uyg £

th—M—T[—BX]Og(1+ il )—leog<1+—&
E+/~L[

€9 = -u—n—leog<1+

and

<

£+ ug
Ms+ﬂ1)

c

€max = Max(e, €2, €3, €4, €35, €, €7, €3, €g).

———"5+"’> ~ 8 x log <1+————”1 )

)
)

The constant term log(B! x §!) can be dropped. {ek,u’;', [L/;} with & = b, s take values in [0;00). The
logarithms return positive values and the e;’s are therefore negative. Assuming g = 0, (no distinction of
the type of private information, no symmetric order-flow shock), our model collapses to the Easley et al.
(1996) model, and equation {2) collapses to the likelihood expression of Lin and Ke (2011, pp. 628-629).




The amount that must be minimized is:

N T
L=-3" log(f(6ulBiSi)

with

0, = [ as dg

An optimum is reached at:

with

We use the MATLAB function FMINCON that takes the Nelder-Mead simplex direct search as algorithm.
For {ag,ds,@r, 87, } we set the lower bound at 0.05, the upper bound at 0.95. For the trading intensity
measures {&, pg, (7}, we set the lower bound at 0.1, the upper bound at 10,000. The maximum number of
iterations is 100,000 while tolerance is set at 1le-15. The parallel processing toolbox of MATLAB is used
to enhance calculation speed. The pseudo variance-covariance matrix is obtained by inverting the Hessian

n=1 =1

L(#") =min{L}

QI n

*/ N
g =[C¥5 0s tapy Op1 €1 fgy fra

matrix, where the Hessian (II) is returned as follows:

with:

S
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The size of ITis (24 5N) x (2+5N). Standard errors of structural parameters are given by \/diag(II-1).

Stock-level pseudo variance-covariance matrix are extracted from II:

Ea.(f) =
[ af? af? af? af2 of? af? T
o, JwgOds dagdag dag0dr , dagds, Oagdpg , Oagdpiy
af* af* af* af* af? of? af?
sy 962 8050, 06506,  05s0=,  Bosdus,  sdug,
af* af° af* af2 of* af? as
dar ,0as  Oar,00¢ dai Oar 061, Oajnden  Oay,Oug, Oarnouy;,
af2 af2 'dfé af2 afz an (9f2
05177,,8(!5 (951,7,,(')(55 6(51_,,6(![,,1 06% . 66[,,185N 66,,n6;tsvn ({)558,&1 "
denOdag Jen0Odg dendag Den DS 85% Y JenOp . JenOpy ,
afz 0f2 dfz Ofl af'z 0f2 3fz
Opgnlas  Opg,00s  Opg,0cr  Oug,00r, Oug,0:n ot Opig 0Ly,
af‘z af’.! afz afz (r)f‘z afﬁ ('.)f2
| Oppn0as  Opp,00s  Opp,0ar  Opp 001, Oup,0en  Opp O, o,
forn=1,...,N

Then standards errors of IPIN, SPIN and I/S-Ratio are obtained with the delta method. A clear pre-
sentation of the delta method is given by Cooch and White (2014, Appendix B). Consider 8" as the
large-sample maximum likelihood estimate of the k-dimensional parameter 4 with approximate variance-
covariance matrix ¥y, where k = 2 4+ 5 x N in our case. If © = g(#) is a scalar function, then the MLE
of O is given by ©* = g(6*) and ©" «~ N(0g,A) where A = T' x 3y x IV and T' = [£2 991 avalu-

50 50
: * _ (06 06 98 86 98 96 46 PR i L e
ated at #”. In our case, I' = [aas, 805 Do’ 0, G Bua Bl Defining ¢ as the total trading intensity,
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Y =2xe+ag X pg+ar X g, the derivatives are:

: . 2 y
Topry = [/i_/b x (1 SPIN);0: —% x SPIN;0; ~— x SPIN; 25« (1— SPIN); —% x SPIN]
"1 /Y ] w

Tipin = [—%5 x IPIN;0; % x (1- IPIN);O;—% x IPIN; - 25 x [PIN; % x (1 — IPIN)]
/ U b4

CKIX[.LI_ ) 1234 ‘0.0‘_(11)(,“,1_ xr
5 s Yy LRl ] 2
g X g g X fig as X pig as X fig

T'r/$—Ratio = |

2.10.3 Appendix III: Initial values

We rely on the approach of Yan and Zhang (2012). First, we set £ = v x E(B). Then, we derive the
expectations of of buyer-initiated trades (B) and seller-initiated trades (S). Calculation steps are described
in Yan and Zhang (2012, Appendix A). The three equations are:

e =~ x E(B)
EB)=c+asx pgx(1—08g)+arx p; x (1—4y)
E(S) =c+agx g X pg+ar xd; X yi;

Expectations are replaced by their empirical counterpart, the matrix of the system is:

l} 0 0 &0 3
1 alx(1-02) adx(1-o || M |= o
1 o x 6% o x &9 I
The solutions are:
=+"%xB
p%:—l—-—-—x(Bx(7°+6?—2><70><6(})—§><(1-69))

o x (89 —82)

1 _ _
0 —— X (Bx(*+6%-2x+"%x8%) -8 x(1-4%
Hr a(}x((igv—&(}) ( ( S v 3) ( b))

We generate 500 set of {ag, af, 62,89, 'yo}, from which we derive {£°, %, u7}. These values are plugged
into the likelihood function as initial guess. To reduce the search area, we set 77 = 0.9. {a2,a9} are
randomly drawn for an uniform distribution between 0 and 0.5, while {6%, 5? }are randomly drawn from an
uniform distribution between 0 and 1. Sometimes, solving equations leads to negative intensity parameters,
in which cases, these values are re-set to one (i.e. the lower bound). To assess the impact of initial values
over final estimates, the 500 output set {a},a},d5,07,7"} are sorted by objective functions and parame-
ters are sorted based on objective function ranks. Figure A.IT shows how parameters converge to their
final values as we move from the 500th "worst" IV set (returning the lowest objective function) to the 1th
"best" IV set (returning the highest objective function). One can observe that a convergence starts around
the 400th set and stability stands until the 500th one. To estimate the PIN model of Easley et al. (1996),
we also follow Yan and Zhang by setting ° = 7°B and deriving p° = [B x (1—+9)] / [a® x (1 - 4°)].
We generate 125 combinations of { a?,6% 791 with the values {0.1;0.3;0.5;0.7;0.9}. All combinations
return positive {e°, ,LLO} and are used as initial guesses. Since the benchmark PIN model requires less
estimates than our extension, fewer initial guesses are necessary to reach the global maximum. Con-
cerning the extension of Duarte and Young (2009), we find p° = (B - §)/ [ao < {1 —2x 50)] and
AV = [Bx(8°+1°-2x7°x6%) —§x (1-4%)]/[6° x (2x &° — 1)], given £ = 1° x B.
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2.10.4 Appendix IV: Simulations
2.10.4.1 Motivations

Popular tick-by-tick data provider like ISSM (1983-1992) or TAQ (1993-2014) do not allow the researcher
to identify the party whose decision causes the trade to occur. Regarding this lack of information, several
trade classification algorithms (T'CAs) have been proposed. The Lee-Ready (LR hereafter) by Lee and
Ready (1991) is the most popular. Ellis et al. (2000) and Chakravarty et al. (2007) have proposed their
own revision of LR, in order to improve the overall accuracy. Since TCAs are imperfect proxies for the
true initiation, some transactions are actually misclassified. Lee and Radhakrisna (2000) have analyzed a
very specific dataset that provides the "true" initiation for NYSE stocks, and find a misclassification rate
of 7% when using the LR algorithm. Using the same dataset, this figure soars to 15% in Odders-White
(2000) and Funicane (2000). Ellis et al. (2000) find an overall disagreement rate of 18.95% on a sample
of NASDAQ stocks.?!

Boehmer et al. (2007) analyze the impact of trade misclassification on the probability of informed
trading. They find that the PIN based on TCA underestimates the "true" PIN by 18%, putting in
evidence that the misclassification rate induces bias in structural parameters. Since our econometric
model rely on trade classification, it is necessary to control for the effect of misclassification on estimates,
even if the PIN metric itself is not used to tackle our research question. To convince that our results are
robust to misclassification, simulations are performed.

2.10.4.2 Approach

Since ag.x pg and ey x p; are non-linear combination of two parameters, it is important to analyze
to what extent these measures is impacted by the misclassification rate. To do so, structural parameters
are generated, BITs and SITs time series are simulated and finally, simulated values are compared to
estimated values. In a the first set of simulations, we ignore the possiblitity of misclassification while a
net misclassification rate of 5% is voluntary introduced in the second set of simulations.

Our simulation exercise involves four virtual stocks. For each stock 7 = {1,2, 3,4}, we randomly assign
a value to £; from a specific interval. The intervals are: I; = [k; + 1; k; + 100] where k; = {0, 100, 200, 300}.
Hence, the four stocks experience different trading intensities, from the less to the most liquid. { ,ufg, ,u’}}
values are generated by drawing numbers from these intervals and multiplying these values by 0.25 because
informed trades usually account for a small portion of all trades in a given day. The probabilities are
generated using the uniform distribution. We obtain a vector set

j osi g1 il g1 51 gl Jjd sid g4 g4 g
{a‘q,55,al X T U e s A N U R U

where j = {1,...,100} indexes the simulation number. The total number of parameters to be estimated is
22. A binary variable is then generated from each probability parameter with the binomial distribution.
This forms a chain. For instance, {ag,dfg,af‘i,df’i} returns 0-1-0-1-0. It gives the path chosen by the
nature among the 9 possibilities given by the trading process plotted Figure III. The number of BITs
and SITs are generated by a Poisson distribution, where the intensity is defined at the end of the branch.
For each vector j, the procedure is repeated 63 times (representing one quarter of trading days).

100 time series of {BIT;SIT} are generated under this procedure, with 63 observations per path.
Then we use the time series of {BIT; SIT} as inputs and estimate the structural parameters by maximum
likelihood. This gives a first set of simulated - estimated parameters. We also generate a second set where
5% of BITs and SITs are voluntarily missclassified. It works as follows: For each trading day, 10% of the
daily amount of BITs are picked up and transfered it to the SITs amount. This happens with a probability
of 50%. Otherwise, the alteration goes in the opposite way. This app echoes empirical findings, and thus
give an idea of the bias magnitude with real data.

21 Misclassification rate differs across stock exchanges. See Aitken and Frino (1996) for the Australien Stock Exchauge

and Theissen (2001) for the Frankfurt Stock Exchange.

66




2.10.4.3 Results

Table A.I reports several statistics on ol X ;L‘Z;fi (simulated) and d"fs X [.Li;’i (estimated) as well as )" x i
and &7" x i7", Additional statistics on the cross-correlation matrix for BITs, SITs and order-flow imbalance
(OFIs) are provided. Figure A.I panel A (B) shows aé X pi:i and o Il X /ﬂ,"i‘ on the x-axis versus a X iz’
and &} x i7" on the y-axis, respectively, without (with) misclassification. Cross-sectional distributions
of the variables are also exhibited.

Mean, median, and standard deviation of simulated and estimated values are fairly close except for the
unliquid stock. One can easily observe that the RMSEs, in percentage of the mean, are the largest for stock
1. Moreover, Wilcoxon ranksum tests confirm that the medians derived from simulation are significantly
different from the medians derived from estimations. For aj x gy, z-stat = 2.134 (significant at 5%) under
the first set of simulation and z-stat = 2.603 (significant at 1%) in the second set of simulations. This
result echoes Boehmer et al. (2007) who document that the bias induced by misclassification rate is more
pronounced for stocks with little trading activity. In order to take this finding into account, a minimum
of 100 BITs and 100 SITs is required in the empirical part. Doing so, unreliable estimates are avoided.

A positive, significant cross-correlation emerges from the simulated order-flow. Without misclassifica-
tion, correlation coefficients lie between 20% and 41%. When some trades are misclassified, the correlation
level is between 18% and 37%. We find that for all cross-correlation measures between stock ¢ and stock
4, at least 25 coefficients out of 100 are significant at 5%, with or without trade misclassification. In some
cases, more than 50 coefficients, out of 100, are significant. To the best of our knowledge, no model was
able to reproduce this pattern in the order-flow.

2.10.5 Appendix V: Additional exhibits

D
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Figure A.I Panel A: Theoretical versus estimated parameters - Without misclassification -
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The graph presents the results of the simulation exercise performed on four virtual stocks. Intensity

parameters { AN /1'1"} where i = 1,..., 4 (number of stocks) and j = 1, ..., 100 (number of simulations)

are uniformly at random in [100 x (¢ — 1); 100 x i] for stock . aé 5’(’, ()(;’j . 61'1‘1 are randomly drawn from
a vector that contains values from 0.01 to 0.99. From a set of values, a 63-day time series of buyer-initiated
trades (BITs) and seller-initiated trades (SITs) is generated using the trading process depicted Figure III.
For each day, BITs and SITs are derived as follows: Among the nine branches of the trading process, one
is selected following the sequence of probabilities returned by binomial draws. Then a Poisson distribution
generates the daily amount of BITs and SITs. Accordingly, the associated intensity is observed at the
branch end. Binomial and Poisson random generation process is repeated 63 times to obtain a time series.
Finally, the 100 time series of BITs and SITs serve as inputs in the objective function, equation (3},
and structural parameters are estimated by maximum likelihood (ML). See Appendix II for ML details.
Panel A shows data not contaminated by the misclassification rate while in panel B, 5% of SITs (BITs)
are erroneously classified as BITs (SITs) with a probability of 50% (50%), for each stock-day observation.
Introducing these features aims at reflecting empirical facts of stock market microstructure. On the scatter
plots, simulated (estimated) values are on the x-axis (v-axis).
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Figure A.I Panel B: Theoretical versus estimated parameters - With misclassification -
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Figure A.II: Initial guesses and convergence
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This figure shows how parameters converge to their final values as we move from the 500th "worst" initial
value (IV) set (returning the lowest objective function) to the 1th "best" IV set (returning the highest
objective function). It provide evidence on the sensitivity of maximum likelihood to initial values. For
each stock-quarter observation, 500 initial values are plugged into the objective function before MATLAB
"fminsearch" starts running. Once estimates are done, the objective function {f) and the parameter sets
{as,ap, 2, pug, 1y} are saved into a matrix, one parameter per column, one IV set per line. Then, rows
are sorted according to the first dimension, i.e. the objective function. Here is an example of parameter
convergence for the company "Du Pont de Nemours", for the period 01/16/1999 - 04/19/1999. Similar
plots for the other stocks are available upon request.
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Table A.I: Root mean square errors (RMSEs)

Without misclassification With misclassification
stock 1 stock 2 stock 3 stock 4 stock 1  stock 2 stock 3 stock 4

a. Simulated

asXfig Mean 7.029 13.682 31.375  44.547 7.029 18.682  31.375  44.547
Median 5.113 17.380  29.430  41.796 5113 17.389  29.430  41.796

Std. dev. 6.011  11.783  18.852  26.423 6.011 11.783 18.852  26.423

arXpy Mean 5.941  18.752  29.100  43.772 5.941 18.465 29.795  42.538
Median 4446  18.930 28.524  45.918 4446  17.737  29.992  41.396

Std. dev. 5.199  11.328 18.423  26.505 5.199 12.007 18.192  25.5535

b. Estimated

Qg X g Mean 6.525 18.434  30.777  45.519 6.943  20.833  33.149  49.863
Median 4417 17424 30.465  46.859 5.251 19.361 32.092  45.648
Std. dev. 6.207 11.688 19.326  26.807 5.213 10.059  13.997  23.443
Median std. err. 2.029 6.154 9.543  12.782 1.776 5.338 7.657  10.008
RMSE 3.208 4.715 10.202 10.717 4.310 9.424  14.301 19.177
arXpg Mean 7.039 19.942  30.481  44.578 7.663  20.536  36.420  47.668
Median 5.765  20.178  31.294  47.644 7116 18.134 34334 44191
Std. dev. 4.858 10.914 18.274  26.801 5.241 10.713 16.114 22,416
Median std. err. 3.712 8.065 10.537  16.350 3.672 5.746 8.176 9.386
RMSE 3.384 4.989 9.759 11.682 5.235 10.152 15.644  20.744

Above are reported some statistics on the simulations. {ag,ds} and {a’}, ZI} for i = 1,2,3,4 are randomly

drawn from a uniform distribution. &; and { ,Ltg, ;L’}} are also drawn from a uniform distribution, over the interval
(ki + 1: k; + 100] where k; = {0,100, 200,300}. This reflects difference in liquidity level across stocks. Binary
variables are generated given {aJS, 5%, aZI'J , 511’1 } where j = 1,..., 100 stands for the number of simulations. The
chain formed by the binary variable is used to identify the path chosen by the nature among the nine possibilities.
{BITs,SITs} are randomly generated from a Poisson distribution whose expected intensity is the combination
{ei, ,LLg, ;ﬂ,} observed for the state of nature. The is repeated 63 times per simulation. Then structural parameters
are estimated by maximum likelihood, initial values being {-12-, -21-, %, %, 0.8 x B,0.1x B,0.1 x B}, where B is the
BIT mean. The left side set of results are obtained under the assumption of no misclassification while the right
side set is obtained under the assumption that 5% of BITs and SITs are misclassified. This second scenario
aims at reflecting empirical evidence in data. "Std. dev." stands for standard deviation while "Median std. err."
gives the median of parameter standard errors derived with the delta method. The differences between simulated
and estimated variable distributions are tested with the Wilcoxon ranksum test. * (**) indicates a significant
difference at 5% (1%). "RMSE" stands for Root Mean Square Errors and is defined as the difference of squared
errors as £; = (§1.5 — ¥:)? — (J2.s — ¥i)? and t-stat = |/ (2/n) x (mg/o4) where my and ¢4 are the mean and
the standard deviation of the € series, respectively and n = 100. * means that results are significant at 5% level.
The last part of the table indicates median cross-correlation matrix for BITs and SITs. Results are summarized
with the following notation. %: At least 25 coefficients, out of 100, are statistically significant at 5%. ®: At least
50% are significant. “: at least 75% are significant.
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Table A.I: Continued

Without misclassification With misclassification
stock 1  stock 2 stock 3 stock 4 stock 1 stock 2 stock 3 stock 4

¢. Wilcoron ranksum tests

agX Ly -1.005  -0.155 -0.334  -0.226 -0.417  -1.589 -1.005 -1.497
Qp Xy -2.134* -0.590 -0.527  -0.263 -2.603** -1.372  -2.525* -1.367

d. Median cross-correlation

BITs 0.235% 0.182%

0.204%  0.313% 0.219¢  0.283%

0.232°  0.342°  0.386° 0.204* 0272  0316°
SITs 0.252° 0.238%

0.305°  0.387° 0.226°  0.310°

0.325°  0.378®  0.408¢ 0.265° 0314  0.366°
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3

Informed Trading across Strikes

We solve a Bayesian learning model applied to a financial market with a margin system.
In our setting, uninformed investors, informed traders and market-makers negotiate a
single asset through an equity or an option market. After deriving the Nash equilibrium,
our parameters are calibrated regarding Regulation T and CBOE margin rates. We study
the relative allocation of informed trading across markets and moneyness. We find that
the asymmetry in margins between long and short option position conveys into difference
in option informed trading (OIT) probability. In our benchunark case, OIT reaches 14%
when signals are low and 23% when signal are high. In addition, OIT exceeds 50% for

some information set / moneyness combinations.!

Keywords: Option market, informed trading, margin requirement

JEL Classification: G14, C70
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3.1 Introduction

Insiders must balance expected returns with the cost of being detected by financial market
authorities. This trade-off is likely to vary across the set of financial instruments available.
For instance, the option looks to be a very attractive financial product for a wealth-
constrained investor. He can take advantage of the leverage provided by the option while
the probability of being detected is not larger than the one on the equity market. A brief
examination of SEC litigations files shows that a significant share of prohibited insider
trades actually takes place on the option market. 63 litigation cases occur between 1996
and 2012 for illegal trading of options.? The activity of insiders and to a larger extent, of
sophisticated traders, makes that some piece of information are incorporated in the options
markets before flowing into the stock market. As a result, option markets contribute to
the price discovery process (Chakravarty et al., 2004; Anan and Chakravarty, 2007) and
option volume has a predictive ability for future stock returns (Easley et a.I:, 1998; Pan
and Poteshman, 2006; Roll et al., 2010).

Yet, little is known on where informed investors are the most likely to trade across
strikes. As Easley et al. (1998) mentioned: "... within option series the question of
pooling versus separating equilibria will arise because informed traders may prefer to trade
specific types of contracts." The question of which option contract is the most likely to be
selected by an informed investor deserves a deep investigation and this paper is a theoretical
contribution on this research question. We examine hov& sophisticated investors reallocate
trades following a modification of the strike price. We develop a market microstructure
model in the spirit of Glosten and Milgrom (1985), extended to multimarket trading, like
in Easley et al. (1998), John et al. (2003) and Huh et al. (2015).

There is one single asset but all investors are offered the possibility to trade a put on
the stock or the stock itself. There is an exogenous amount of non-informed investors,

also called liquidity traders, and an amount of informed traders whose trading activity

2

The trials usually involve several defendants, which are seutenced to pecuniary penalties, Internet link:

https://www.sec.gov/news/pressreleases
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across markets is endogenous. Investors have access to a margin system. Hence, wealth-
constrained investors, informed or not, can participate. Under this framework, which
takes root in John et al. (2003), informed traders seek to maximize expected returns.
Traders arrive in a sequential way and trade against marker-makers, who use the order-
flow to update bid and ask prices. A Nash equilibrium is characterized by a probability
of option informed trading (OIT). We assess how this measure varies with moneyness,
relative liquidity and total informed trading.

In the benchmark case, OIT reaches 14% of total informed trading when signals are
low and 23% negotiate the option when signals are high. OIT emerges because the op-
tion provides a strong leverage effect, and the large bid/ask spread that characterizes the
stock market makes the option market profitable for a fraction of informed investors. In
addition, we find that when the option/stock liquidity ratio is high and total informed
trading is low, OIT exceeds 50%. Then, we connect OIT to moneyness. Four stock values
("very low", "low", "high" and "very high") are the possible outcomes in our model. This
specific market structure allows to generate three areas for the strike, leading to three
specific moneyness types for the option contract: Out-the-money (OTM), near-the-money
(NTM) or in-the-money option (ITM). By adding strike preference to market preference,
we provide a broad picture on the pattern of informed trading in the option market. When
the private information reveals bad news for the stock, OTM put returns the highest OIT,
because the leverage is the highest for these options. When signals are high, OIT is the
largest for ITM put.*

Our findings give some echoes to empirical findings provided by the literature. Within
our model, OIT moves between 5% and 30% according to parameter values. It means

that private information incorporates mainly through the stock market, and to a lesser

In our model, there is no range of option contracts available to investors. The multimarket property is reflected through
one stock and one a put. John et al. (2003) ulso use a put while Capelle-Blaucard (2005) and Huh et al. (2015) use a
call option. In our framework. replacing the put by the call does not modify the key finding, because the initial margin
requiremnents are equivalent to buy position on call or put and are equivalent for sell position on call or put. The only
one difference comes from the payoff function: max{K — S;0} for the put and max{S — K;0} for the call. Hence,
informed traders would initiate a short (long) position on the call rather than a loug (short) position on the put when
their private information indicates bad (good) news. Our conclusions on put trading when signals are low (high) lead
to similar conclusions on call trading when signals are high (low).
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extent, through the option market. This ranking in informed trading shares should also be
reflected in the participation rate to the price discovery process. Actually, Chakravarty et
al. (2004) and Rourke (2013) find a minor contribution of the option market to the price
discovery process: 17% on average in Chakravarty et al. (2004) and 14% on average in
Rourke (2013).

Lakonishok et al. (2006) show that written option positions account for a larger part

of the trading volume than purchased positions. We obtain a somewhat similar result
within our model: The equilibrium OIT when informed traders take a short position on
the put is always greater than the one derived with a long position. We are able to provide
an explanation to this phenomenon: Asymmetry between long put and short put margin
requirements is responsible for this difference in OIT magnitude. Traders can achieve
larger returns by writing a put when signals are high than purchasing a put when signals
are low.

Moreover, our analysis sheds light on the O/S volume, a metric developed by Roll et
al. (2010) and subsequently analyzed in Johnson and So (2012) and Ge et al. (2016).
According to Roll et al. (2010), O/S increases prior to earning announcements because
informed traders are more active. However, we show that OIT is negatively related to
total informed trading. Hence, a change in this variable alone would not be able to induce
a higher O/S ratio. Only an improvement in the relative option/stock liquidity favors OIT
and offsets the first effect.

Section 2 gives a literature review on the incorporation of private information in a
multimarket setting. Section 3 introduces the market structure and bid and ask values.
Section 4 presents the Nash equilibria that emerge without and with the presence of a

margin system. Section 5 discusses the equilibrium. Section 6 concludes.



3.2 Option markets and the incorporation of private information

Is private information incorporated in the option market prior to the stock market? This
question has been addressed in different ways. Empirical studies can be classified in two
different streams of literature. The first streamn assesses whether or not options contain
useful information for stock return predictability. Easley et al. (1998) and Pan and
Poteshman (2006) provides evidence in favor of a positive answer: Option trading volume
seems to predict stock returns. More recently, Hu (2014) introduces a new methodology
that decomposes the order flow in the stock market into a component induced by option
transaction and a component unrelated to option trading. The imbalance induced by
option trading significantly predicts stock returns.

The second stream of literature focuses directly on price discovery measures and the
conclusions cast doubt on the idea that the option market plays a key role for the incorpo-
ration of information. Stephan and Whaley (1990) find tha§ the stock market incorporates
information first, with a 15-minutes lead over the option market. Chakravarty et al. (2004)
develop an extension of Hasbrouck’s (1995) bounds in order to assess the contribution of
the option market to the price discovery process. They find an average of 17%, providing
Qtrong support for stock market leadership. Choy and Wei (2012) claim that there is no
incorporation of private information in option markets, the trading volume being purely
driven by disagreement. Muravyev et al. (2013) study put-call parity violation and ana-
lyze where the adjustment takes place. They find that this is the option market quote that
adjusts to eliminate the disagreement and conclude that no significant discovery process
occurs in the stock market. Overall, these studies support this idea that the option market
has no importance for the price discovery process. One notable exception to this trend is
the paper of Hen et al. (2011). Using reactions to CNBC’s Mad Money recommendations
as laboratory, they claim that the stock market is less efficient than the option market.

Despite inconclusive answers on the informativeness of the option market on every

day basis, several studies support the idea that option markets contain alarming signs of
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informed activity prior to specific corporate events. Cao et al. (2005) examine call vol-
umne prior to takeovers and find that the targets experiencing the largest call iimbalance
during the pre-announcement period also experience the highest announcement-day re-
turns. Goyenko et al. (2014) find that option bid/ask spread increases prior to earning
announcements, after controlling for various factors. Augustin et al. (2015) also document
on higher option bid/ask spread and abnormal positive trading volume prior to M&A an-
nouncements. Ge et al. (2014) and Augustin et al. (2015) provide similar analysis in the
context of bankruptcy filling announcements and spin-offs announcements, respectively
and find abnormal trading volume prior to the corporate events. Outside of the corporate
event framework, Poteshman (2006) shows that an unusual option market activity has
been detected ahead of the terrorist attack of September 11, 2001.

Only two papers analyze, theoretically, how the option market provides an interesting
trading venues for investors holding private information. Easley et al. (1998) are the
first to extend the sequential model of Glosten and Milgrom (1985) by allowing multimar-
ket trading.* A separating equilibrium (no informed trading on the option market) or a
pooling equilibrium (informed trading occurs in both markets) can emerge at equilibrium,
depending on where non-informed trades concentrate. If it occurs in real financial markets
then option volumes should contain useful information to predict stock returns. With a
sample of intraday data on 50 companies, the authors bring evidence consistent with this
idea. More recently, Huh et al. (2015) use a sequential trading model with the multimar-
ket option - stock feature and impose hedging activity to the market markers, in addition
to their classic trading activity. They show that the hedging activity has a wider impact
on option spread than stock spread.

John et al. (2003) introduce the idea that expected returns should be used instead
of expected profits to determine, at equilibrium, the proportion of informed traders that

choose the option rather than the underlying security. They show how a margin system

i Another notable extention of the Glosten and Milgrom (1985) paper is Easley and O'Hara (1987), who study the
influence of the trade size for the pattern of informed trading. For other extension, see Avery aud Zewnsky (1998) aud
Colliard (2014)



drives up this proportion. In addition, they quantify the efficiency gain that is generated
from allowing option trading along the stock.” Our paper is close to John et al. (2003)
regarding the approach: Informed traders benefit from the presence of a margin system
and seek to maximize expected returns. However, our analysis differs in two aspects. First,
our research question is on how the strike set in the option contract influences the pattern
of informed trading in the option market. To address this question, four underlying states
of nature are possible instead of two, as set in their paper. Second, there is a major
difference in our paper regarding the margin forinula for selling a put. We apply the
complete formula provided in the CBOE margin calculator and do not impose the put to

be in the money, unlike them.

3.3 Our model

3.3.1 The market structure

There is one risk-free asset and one risky asset in our model. Each investor can buy or sell a
single share of stock or a single option on this stock. As usual in sequential trading model,
the continuum of stock prices is reduced to a small set of possible outcomes. Hence, the
true stock price, which is revealed at the end of the trading session, takes four values v =
{vvr,vL, vy, vve }, depending on the underlying state of nature 6 = {6y ,0.,05,60vu}.
"VL", "L", "H", "VH" stand for "very low", "low", "high" and "very high". These
possible outcomes for the stock price are common knowledge among market participants.
We assume that the states are equally likely to occur, that is P {0 = 6,} = 1/4 for any
.5 The put contract has a strike price K € Jvy-p,vyg|. Following Easley et al. (1998)
and John et al. (2003), the expiration date of the option coincides with the discovery of
the state of nature. When the option expires, the stock price is v; and the put is worth

max{A — v;; 0}, denoted (K — v;)* hereafter.

4 For theoretical works on options and efficiency with rational expectation equilibrium models, see Back (1993), Biais
aud Hillion (1994), Brennan and Cao (1996) and Cao (1999). For an cmpirical analysis of efficiency for optioned stock
versus non-optioned stocks, see Hyvlaud et al. (2003).

Onutcomes with equal probabilities are also in Hul et al. (2015). Setting the probabilities as variables has no interesting
implication for the Nash equilibria derived later, and fixed values greatly simplify algebra.
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There are two types of investors. The first type are the informed traders, also called
sophisticated investors throughout this paper. They possess private information or have
skills to extract signals from public releases that are not reflected into the stock price
yet. They trade to make money. There are also investors of type uninformed (also named
liquidity traders). They negotiate securities for hedging purpose, portfolio rebalancing
and other motivations independent of asset payofls. Liquidity traders represent the portion
1—a of the investor pool. Their trading activity is exogenously determined and distributed
between the stock (1) and option markets (1—1;,). The presence of these liquidity traders
is necessary because informed traders need them to be able to hide their trade. Without
their presence, a no-trade equilibrium emerges, as depicted in Milgrom and Stokey (1982).

Informed traders acquire signals about the underlying states of nature. The private
information (i.e. the signal) indices bad news (PI = B) or good news (PI = ). However,
they may be wrong regarding the true state of nature. Formally, the private signals they

acquire is correct with a certain probability. We define the following notations:
e P{PI=G|0=60y}=P{PI=B|6=4601} =,

The probability of observing the right signal is never guaranteed (y, < 1 and u, < 1).7
However, the probabilities are high when the true state of nature is one of the most
extremes values {fy; 0y}, and lower for the moderate ones {7;605}.> The proportion
of informed traders is given () but the portion that choose to trade the stock (n;) instead
of the option is determined in the next section.

There are numerous option and stock market-makers (MM) present on the Hoor. They
are either put option dealers, buying at Bp or selling at Ap, or stock dealers, displaying Bg
or Ag to buy or sell. By providing a service of constant presence on the floor to trade, MMs
cannot spend time and effort to gather information on corporations, unlike a sophisticated

7
3

Within a two states of nature context, a similar assumption is set vup i John et al. (2003) and Huh et al. (2015).
Our approach is bounded by two interesting cases. First, assuming perfect knowledge would lead to pu; = py = 1.
Informed become insiders. Assuming g, = iy = % means that trading on a signal is not better than trading based ou
the outome of a coin tossing. This happens for traders who believe to have superior information while they are not
truly informed
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trader. Unless they leave out the financial market, they have no choice but experiencing
losses by trading against more informed traders. By selling at prices higher than buying
ones, the MM recoups losses.” MMs also use the information on the incoming order (a
buy or a sell order) to update their own estimate of the future value of the asset. Their
learning process is of Bayesian type.!’ This learning process guarantees that, throughout
the trading rounds, prices are gradually adjusted, reflecting the incorporation of private
information.

An important feature of our market structure is on information set sharing. Investors,
whether informed or uninformed do not share their motivations for transactions. However,
equity (option) MMs watch the order-flow on the option (equity) markets, so that they
all share the same information set. This assumption rules out any arbitrage strategy by
investors, as all MMs have the same expected asset value. Finally, option (stock) MMs do
not hedge their open interest with stock (option) positions.

Now we turn to the event sequence. A trading round is made with three stages, as

given below:

oef =10

The share « of the investor population acquires some private information, represented

by a single signal with two possible content PI = {B,G}.!!

A trader is randomly selected by the representative MM. Consistent with trader group
assignment at time ¢t = 0, this is a liquidity trader with a probability 1 — « or an
informed trader with a probability a. Then, the selected liquidity investor (informed
trader) chooses the stock market with a probability 7, (,) and submit a buy or sell

order to a market-maker and a trade, of a one single share, occurs. The informed

Copeland and Galai (1983) are the first to formalize the idea that the bid-ask spread exists so that penny losses by
trading with informed traders are offset by pennies carned with investors trading for reasous exogenous to terminal
value of assets. Information alone is suflicient to induce spread.

Ouly MM beliefs are updated, not the investors’ one. This guarautees that the probabilities of buy or sell orders are
constant over time.

There is no specific assumption on the cost structure related to signal acquisitions. This is beyoud the scope of this
paper.
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trader initiates a position consistent with its signal.

The rational, representative MM updates her quotations to reflect information re-
vealed by the trade. All dealers observe the transaction and update their quotes, too.
Then, a new trade, on the equity or option market takes place, and so on up to a

distant date T'.

et =T+1

The state of the nature is realized and observed by all market participants. Stock
and option values, ¥ and max{K — ©;0}, are known. The game, starting at t = 0,

may repeat.

The acquisition of private information occurs before the stock exchange opens. Then,
the representative MM displays a bid and an ask and only one trade occurs. The stock

exchange closes immediately after. Our model requires several assumptions.'? These are:

(A1) Liquidity traders are equally likely to buy or sell in the stock market and equally
likely to buy or sell in the option market

(A2) ny, @, 1y, pty are common knowledge among MNMIs.

(A3) MDMIs are risk-neutral

(A4) MNMIs do not experience order-processing cost

(A5) A Bertrand competition occurs between MMs

(A6) The risk-free rate is set to zero

(A7) Incorporation of private information occurs every periods

(A8) Only one unit of the stock or the put are traded at a time

(A9) Cross-trading is not allowed

12 See de Jong and Rindi (2009) for an exhaustive presentation of sequential trading models.
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The purpose of this paper is not to focus on liquidity trader behaviors. So assumption
Al is enforced to avoid unnecessary complexity in the model.'® A2 is necessary so that the
representative MM set posterior probabilities from prior ones, and updates bid and ask
values. The assumption A3 means that MMs do not require a compensation for bearing an
inventory. Hence, this assumption rules out the possibility of inventory risk.'* A Bertrand-
type competition (asswmption A5) is necessary so that there is no rent extraction by
MMs.'® No MM has any market power, even small, over the investors. Combining A2, A3
and A4 results in bid/ask spread generated by informational asymmetry and nothing else.
This is a key property of the sequential trading model in the spirit of Copeland and Galai
(1983) and Glosten and Milgrom (1985).

Regarding the sequence of events (trading round starts the morning of a day while the
state of nature is revealed at the end of that day), assuming a null risk-free rate (assumption
A6) is fair. A8 means that no multiple trades is allowed. This is a key assumption on
the trading protocol because it implies that an informed trader cannot negotiate as much
as possible to extract the largest payoff possible, she has to go back to the trader pool
after the transaction.! A9 means that two or more trades executed simultaneously is not
possible. To buy a protective put, the trader would have to purchase the stock first, wait
in the option trader queue before being able to buy the put. To set up bull/bear put
spread and other type of advanced strategies, the trader must also be patient.

By providing four possible values for the underlying stock, we are able to classify option
contracts by moneyness. Because there is no prior for the stock value, the moneyness in
our model is based on the probability associated to each state of nature. Consider a

market participant that has no private information, like the market maker, but knows the

Endogenizing non-informed trading activity looks perilious, as it would be complicated to obtain a stable Nash equilib-
rium. Indeed, an equilibrivin where MM informed trader and non-informed ones do not deviate from their strategy is
quite hard to demonstrate.

This assmnption involves that MMs can accurulate stock, options or cash to infinity if all investors trade in one
direction.

Under a Bertrand competition, prices are pushed down until equaling the marginal cost. First, a small increase of the
price by one MM would trigger investors move toward competitors. Second, a price decrease could lead to a negative
profitability. At equilibrium. prices equal marginal costs. Note that this outcome ewerges if (i) collusion is not allowed
between market markers and (ii) each investor has a costless access to all MMs (i.c. no search cost).

For an analvsis of trade size within option trading, sce Anand and Chakravarty (2007).




probability set {3,1,%,1}. From her perspective, every put contract whose strike lies in

the interval |vy; vy has 25% of chance to end up in the money (K > vy, at expiration)
and 75% to expire out-the-money (K < vp). It is reasonable to assume that these puts are
viewed to be out-the-money when the trading round is about to start. Likewise, every put
contract whose strike lies in the interval |vg; vy g| has 25% of chance to end out-the-money
(K < vy at expiration) and 75% to expire in-the-money (K > v). It is reasonable to
assume that these puts are viewed to be in-the-money before markets open. For strikes
in |ug; vy| the probability for the put to be in-the-money or out-the-money is 50%. These
option contracts can be viewed to be near-the-money before a trading round starts. Based

on this reasoning, we propose the following definitions:

e Option contracts characterized by vy, < K < v; are defined to be out-the-money

(OTM) options because the probability to expire in-the-money is 25%.

e Option contract characterized by v;, < K < vy are near-the-money (NTM) options

because the probability to expire in-the-money or out-the-money is equal.

e Option contract characterized by vy < K < wvyy are in-the-money (ITM) options

because the probability to expire out-the-money is 25%.

3.3.2 Informed trader strategies

When the private information indicates positive news, the trader can simply buy the stock.
This leads to a payoff defines as the expected value of the stock, given the information
type, minus the price paid to acquire the stock, this is E {¢ | PI = G} — Ag. The other
possibility consists in writing a put, and the payoff is the bid price minus the expected put
payoft, given that the signal is high. This 1s Bp — F {(K — ©)" | PI = G}. When signals
are low, the informed trader can either short-sell the stock, which generates the payoff

Bg — E{v | PI = B}, or buying the put, which gives £ {(K — v)" | PI = B} — Ap.
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3.3.3 Bid and ask on the stock market

The Bertrand-type competition between MMs pushes expected profits to zero. By denoting

Il (I14) the expected profits following and incoming sell (buy) order, the condition is

E{llg | sells} =0 (1)

E{Il4 | buys} =0 (2)

With the arrival of a sell order, the profit pocket by MMs will be the stock observed at
time t = T+ 1 minus the bid price Bg. At ¢t = 1, the stock value is a random variable @,
so that IIp = © — Bg. Given the arrival of a buy order, we have Iy = As— ©. Substituing

these expressions into (1) and (2), we obtain

Bg = E{# | sellg} (3)

/'15 =F {’f’ | bu,ys} (4)

These expectations can be re-written as the sum of stock values weighted by the probability

of state occurrence, that is

Bg = Z v; X P{0 =46, | sellg} (5)
J={VL:L;H;VH}
Ag = Z v; X P{0 =0, | buys} (6)

j={VL;L;H;VH}

MMs are acting as Bayesian learners, so that the conditional probabilities in (5) and (6)

can be derived using Bayes’ law. After some algebra, we obtain

n; x Q
Bg=9— L7 L (7)
§1taxn
A':’.7 —_— 8
v l+€1+w><1]1 (8)

with




= I
v = 7(vvL +vL 4 v + vvH),

&i=(1—a)xnyand Q =1 xax [(gy—3) % (vvg —vvr) + (u — §) X (vr —v1)].

¥ is the unconditional stock value while &, is the fraction of liquidity traders negotiating
the stock. MMs extract the revenues Ag — o and 7 — Bg. The bid/ask spread

_2xmpx iy

Ag =
§1+axn

(9)

is growing in the stock price variability (vy gy — vy ), which is consistent with facts: MMs
usually widen their spread when the stock volatility increases. Ag is also positively related
to signal precision (p, and p, ), which looks quite intuitive: When the fractions of informed
traders pocketing gains go up, dollar losses experienced by MMs go up, too. Hence, Ag is
set wider when MMs revise upwardly p; and p,.

An examination of the first derivatives show that Ay is increasing in the proportion
of sophisticated traders a as well as the share of informed trading the stock 7,. Calculus

details and derivative computations are provided in Appendix A.1.

3.3.4 Bid and ask on the option market

MM profits on this market are also pushed to zero. The trade direction is also for updating
purpose. Hence, the way bid and ask on the option market are derived is pretty similar
to the methodology to derive stock ones, after replacing the stock payoff ¥ by put payoft
(KK — ©)*. The bid (ask) is defined as the expected value of the option, given the arrival

of a put sale (buy) order

Bp == E{(l&’ = f’)+ l Sellp} (10)

Ap = E{(K = 0)" | buyp} (11)
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that is

Bp= Y max{K —v;;0} x P{0 =0, | sellp}
i={VL;L;H;VH}
Awp) = Z max{K —v;; 0} x P{0 = 0; | buyp}

j={VL;L;H;VH}
After a few steps of calculations, we obtain

(1—mn) X Qé
§y+ax (1—mn)
(1= 1) x
& +ax(l-mn)

BP:[DJ'_

Ap:Pj+

(12)

(13)

(14)

(15)

Due to the non-linear payoff of the option, the bid and ask depend on the value of the

strike set in the option contract. This is the reason why P and €, have superscript j.

Regarding the stock price range, there are three solutions

Casel j=1:vy, < K <y
{Slé =ixax (K—uvp)x(py—1
}_31 = i([( — 17"[1)
Case2 j=2:v, < K<wy

03 = 4 xax [(K ~vvr) x (1 — 3)+ (K — ) x (1 — 3]
PQZ ;11'(2 XK—UL—UVL)

Case 3 j=3:vy < K <uwypy
Q=1 xax [(K—vyp)x (uy— 1)+ (vg —vr) x (u, — 3)]
P3 == %(3 x K — Vg — v — I’VL)

MMs knows the set of possible outcomes for the underlying security. As the strike goes

up, the unconditional value of the put increases (P* > P? > P') and the spread is wider

(2 < Q% < Q3). Tt can be also showed that as more informed traders concentrate on the

stock market, the option bid/ask spread Ap = Ap — Bp is

2% (1—mn;) x

Ap = —
! Catax(l-mn)
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We observe a“}TP > () and %%ﬁ < 0. Hence, the option bid and ask spread is an increasing
function of the overall proportion of informed traders and decreasing in the proportion
of them choosing the stock market for executing a transaction. See Appendix A.2 for

proofs.

3.4 Nash equilibrium

3.4.1 Equilibrium OIT with profit equalization across markets

As a first step, we derive the equilibrium with a simple assumption regarding the informed
traders: They choose the market that maximize their expected profits. This approach
follows Easley et al. (1998). The pool of informed investors will split across markets, 7;
for the stock and 1 — #; for the option, only if expected profits are the same. 7} < 1
indicating a pooling equilibrium, will be guaranteed for some parameter ranges. However,
it is also possible to have 77 = 1 under a different range of values. This situation reflects a
separating equilibrium, that is, all informed traders concentrate on a single market. Under

bad signals, equétion reflecting profits equalization is

Bs— E{t|PI=B}=FE{(K-%)" | PI=B}- Ap (17)
When signals are high, the equation becomes

E{t |PI=G}-As=Bp —E{(K —0)" | PI =G} (18)

Then, we derive the equilibrium value 7%* and 72* so that (17) and (18) holds. This leads

to the following proposition:

PROPOSITION 1 In a financial market where investors can negotiate a stock or a put
and under the assumption that (i) the representative market-maker acts as a risk-neutral

Bayestan-learner agent and (ii) informed traders seek to mazirnize expected profits, there




exists a Nash equilibrium where some informed traders prefer to trade the put option rather

than the stock. This equilibrium s characterized by:

The condition
%
TJ

18 satisfied.

The probability that an informed trader submits an order on the stock market s

Be _ &1 % (fh + TV x §2)

G*
7 =7 = -
g " D x &+ x ¢

Equilibrium stock bid and ask are

BS = P — (Sll—i—FJ sz)

Ag =7+ (Q +TV x &)

i

Equilibrium option bid and ask are

Bp=9—(+I7 x¢)

Ap=7+ (B +TVx¢g)

With
M= % X (vyg — K) X (py %) under vy < K < wvygy
[ =3 x [(ove = K) % (g — ) + (on = K) x (g — §
I =3 x [(vver — K) x (py — 3) + (v —vi) X (11 — 3

2

)
)

] under v; < N < vy

] under vy, < K < vy,

(19)

(20)

(21)

(22)

(23)

(24)

Details on the algebra that leads to the equilibrium are given in Appendix B.1 and the

proof that this is a Nash equilibrium is provided in Appendix B.2. The equilibrium
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bid/ask spreads Ag and Ap are

As=2x () +1Y x &) (25)

Ap=2x (Y +TVx¢g) (26)
One can easily observe that this difference is always positive:
AS—AP=2 XFj (27)

First, since all quantities {£,, &y, 1,23, [V} are defined positive, 7} is greater than zero.

J j
Second, using ¢, +&, = 1 —a, the condition £, < S—;—} can be reformulated as §, > 1—a— 91;}

It shows that the mixed-strategy equilibrium emerges only if liquidity investors on the
option market, as a fraction of the total amount of traders, is large enough. Later in the

paper, we put in evidence that 1 — 7} is null under numerous calibration schemes.

3.4.2 Equilibrium OIT with return equalization across markets

With a margin system, an investor does not pay the entire bid price. A fraction of the
amount is borrowed with a counterparty (stock exchange or broker). To deal with the
credit risk of the trader, an initial margin amount is required and daily margin calls occur,
according to the price fluctuation. This system is enforced to guarantee that the broker is
paid in full even if when the asset value falls below the loan value. If the trader is unable
to support the daily margin, the position is automatically liquidated. Hence, the whole
margin system is designed to provide some leverage effect for the investor while limiting
the lender exposure to the investor’s credit risk.

There are two consequences of introducing a margin system: (i) Wealth-constrained
investor can participate in the market, (ii) instead of maximizing expected profits, investors
seek to maximize an expected return, that is the expected profits divided by the capital
engaged on margin. To buy or sell a share of stock, a trader has to invest a fraction mg

of the stock value, 1 — mg representing the loan obtained with the counterparty for a buy
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position or the extra-margin for a short-sell position.!” As a consequence, the expected
returns from buying (selling) a stock is the expected payoffs in equation 18 (17) divided
by mg x As (ms x Bg). To buy a put, the margin is Ap so the payoffs is divided by Ap (in
17). To sell the put, the initial margin is 100% of option proceeds, plus the maximum of
these two values (i) a fraction m, of underlying security value minus the out-of-the-money
amount, if any, and (ii) a fraction my of the strike price. Accordingly, the payoff in (18) is
divided by max {mp x E {i | salep} + (E {# | salep} — K)" ;mgx x K}. We follow John
et al. (2003) by using E {v | salep}, that is the expected stock value conditional of the
sell order, as the underlying security value.

At first glance, the initial margin requirement for a put sale position looks pretty
technical. Actually, it reflects the definition given by the CBOE margin calculator. To
assess whether or not this definition is popular across financial markets, we have checked
the practice on several famous trading platforms. It turns out that this definition is pretty
common and enforced by market participants. Definitions found on trading platform
websites and internet link are exhibited in Table 1. By introducing a margin system to
the market structure, two additional assumptions must be added:

(A11) All investors, informed or not, can buy and sell assets on margin

(A12) There is no margin call
A1l prevents the representative MM to identify the investors using margin system as the
ones possessing private information. A12 makes sense regarding our market structure: The
true stock price is revealed (t = T + 1) after the transaction session (t = 1,...,T) and the
game restarts (t = 0). There is no need to introduce margin call as there is no fluctuation
in the stock price before the information is revealed.

If the signal observed by an informed trader is of type "bad", she either sells the stock
or buys the put. A mixed strategy equilibriumn (i.e. pooling equilibrium) emerges only if

the expected returns are equal across markets, that is

17 The complete margin for a stock short-sell position is (1 + mg) x Bg. However, 100% of the stock value is covered by
the proceed, so that ouly mg X Bg are from the investor's pocket. Hence, there is a symmetric situation in terms in

initial margin requirement bhetween a buy and a sell position.
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Bs—E{i|PI=B} E{{(K-9"|PI=B}-Ap
mg X Bg n Ap

(28)

When informed traders receive positive news, they can buy the stock or sell the put. In

that situation, the condition for the mixed-strategy equilibrium becomes

E{o|PI=G}-As  Bp—- E{(K-9"|PIl=G} (29)
mg X Ag "~ Max{mp x E{¥ | salep};mg x K}
if E{# | sale,} — K <0 or
E{t|PI=G}—As B, — E{(K —%)" | PI = G} (30)
mg X As ~ Max {(1+mp)x E{#| salep} — K;mg x K}

if E{v | sale,}—K > 0. It is a priori unclear what is the impact of margins on how informed
traders split their trades. An option on one share is far cheaper than the share itself, so
that the option market looks more interesting for a wealth-constrained investor. However,
the possibility to buy the stock on margin improves the attractiveness of the stock, which
is already, between the two securities, the most sensitive one to the information flow. It
is also unclear how the strike will influence the relative allocation of informed trading,
because the initial margin requirement for writing a put differs according to the strike set

in the option contract.

PROPOSITION 2 In o financial market where investors can negotiate a stock or a
put and under the assumption that (i) the representative market-maker acts as a risk-
neutral Bayesian-learner agent, (it) informed traders seek to maximize expected returns,
there exists a Nash equilibrium where some informed traders prefer to trade the put option
rather than the stock. This equilitbrium is characterized by:

If a trader holds superior information indicating negatwe news for the company, the
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probability that she chooses to trade the stock is

Q A
,’]?* — 1 X glcx = (31)
X XB+&EGxYH O

with

— pj 1 Jj 1 Dj ‘ TRVIRS
A=P +oxW+ XX (PP —mgxox g
B=P+1xq

@

C =mg x (v —i—% x )

and the probability to trade the option is 1 — nP*.
If a trader holds superior information indicating positive news for the company, the

probability that she chooses to trade the stock s

n Q) x & x A
o= th X : (32)
E, X X B +& x Q) x ('

under vy < K <wvp and vy, < K < % X U, and:
— {9

B €2 X 61 x A"
£, X QX B+ £, x ) x C"

Crx

N

(33)

Gx

under 14+1 < K < vy and vy < K < vyy. The probability to trade the option is 1 —n7™.

A,B,C" A", B"and C" are:

A = (P +mg x K) x (:1; x &+ 1) ;1; < Q) X (1+mg x ¥ X %

A - 1 ). J 1 D ; 1221 ;

AT=mp X (V4 2 X} Q)+ (P — 2 X)) + 2 x§ X (P +mp XT—mg < g X U)
"_ S 1 Vo (Pi_ Lyl

B"=m, x (V4 = X Q1) + (P X §23)

C" =mg %X (04 + x )

«
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Necessary conditions for (31), (32) and (33) to hold are: n, < [%Jj x 4B 4 1]

, =1 ~1
Ny < [%} X Ag# + 1] and 1y, < [%} X % + 1] , respectively.
2 2

The proof is given in Appendix C.1. The proof of the stability is the same than
the one given when informed traders equalize expected profits. Then, one can derive the

equilibrium bid/ask spread. For the stock, this is

2
Ag = x4 x A _ (34)

o
axA+§{ X B+ x g2 xC

while the option bid/ask spread is

B 2x U x [ x & x (B—A)+Q x & x|
T xEX[Bx(1=&)—ax A +¥ x&xCx(1-a)

P (35)

When informed traders equalize expected payoffs across markets, it is easy to put in
evidence that Ag is always greater than Ap. When they equalize expected returns instead,
nothing prevents Ap from being lower than Ag in the resulting equilibrium. This happens

because 1 — n¢* and 1 — nP* can become fairly large under certain parameter ranges.

3.4.3 Calibration

Regulation T of the Federal Reserve Bank imposes the initial margin requirement for
positions on stocks. To take a long position on stock, a trader can borrow up to 50%
of the stock value. By buying at this margin, she puts on the table only 50% of the
share price. For a short equity position, a margin of 150% is required. As 100% of the
stock value is generated by the sale position, the trader only engages the additional 50%
required. Following the Regulation T, mg = 0.5. The CBOE is a well-known benchmark
for practitioners. A put can be bought on margin because it is already highly leveraged.
To write a put, the initial margin requirement as specified by the CBOE is 100% of

option proceeds plus the maximum of the two following values: (i) 20% of the underlying
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security value minus the out-of-the-money amount, if any, and (ii) 10% of the strike price.
Accordingly, we set mp = 0.2 and my = 0.1.

« is matched to recent available proxies provided by the literature. For «, we would
need a measure of total informed trading encompassing stock and option market. Such a
measure has not been created yet and we must rely on the available proxy developed just on
the stock market. Put differently, there are empirical estimates of « x 15, but not of « in the
literature. Hence, the values chosen should be viewed as lower bounds. The Probability
of Informed Trading (PIN) metric developed by Easley et al. (1996) looks as a good
candidate to calibrate a. At trade level, it captures the probability that the market maker
negotiates against someone more informed. Duarte and Young (2009) provide estimates
of PIN for a long period of time and a large cross-section (48,512 firm-years between 1983
and 2004). Moreover, they provide an adjusted measure of the PIN, that accommodates
the possibility of order-flow shock occurring simultaneously on the buy and sell side of the
market. Doing so, they purify a PIN from an embedded liquidity component. « values
reflect the 5th, 50th and 95th percentiles reported in the table 5, pp. 131 of their paper.
a = {8%,17%,37%}.1°

To proxy for the relative liquidity trading (7, ), we use the values from Johnson and So
(2012). They provide stock and options volumes over a large panel of US stocks provided by
the popular option dataset OptionMetrics, over the period 1996-2010. From the first table
of their paper, we compute OPTVOL/(EQVOL + OPTVOL) reported for the deciles 1,
3,5, 7and 9. 1 -1 is calibrated on these values {0.5%; 1.7%; 3.2%; 5.8%, 10.8%}. Finally,
{vvr, v, ve,vyr} is set at {$30,%$40,$60,$70}. This gives an unconditional asset value
(7) of $50 and returns a standard deviation representing 36.5% of v. To the best of our
knowledge, there is no empirical study that could provide a benchmark to set p; and p,.

We choose g, = 0.6 and p, = 0.8."” Calibration choices are summarized in Table IL

Collin-Dufresne and Fos (2015) analyze the trading strategy of the Schedule 13D Filers. The 13D Filers have accessed
to superior information and fit well the defintion of an informed trader. Hence, the authors are able to provide some
direet measure of the informed trading activity and do not rely on an underlving structural model that infer estimates
from trade and quote data, like the PIN does. Around filing dates. the median inforined volume to total volume ratio
is 8% and the probability that a filer trades at least one share of stock on a given day is approximately 25%.

!9 Huh et al. (2015) have a single measure of private information precision. Iu their calibration, they set 0.85 < p < 0.99.
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3.5 Equilibrium properties

3.5.1 The pattern of informed trading in the option market

3.5.1.1 Expected profits versus expected returns

Table III summarizes our main findings regarding the pattern of informed trading across

strikes. OIT (1 —#}) is derived under two scenarios (i) informed traders equalize expected
profits across markets, (ii) informed traders equalize expected returns, and for various
combinations of {a,1 — n,, K}. Here is an example on how to interpret one entry: In a
our sequential trading, when « = 17%, 1 — 55, = 3.2% and the put contract has a strike

set between vy, and vy, the equilibrium proportion of informed traders that negotiate the

option is market is 14.4% when signals are low and 5.3% when signals are high, on average.

When informed traders equalize expected profits across markets, they are almost always
absent of the option market. If the option is NTM, the proportion is null except in very
few cases where « is very high. When the option contract specifies a large strike (ITM),
at most 8.1% of informed traders are present on the option market. Overall, this evidence
suggests that no OIT should emerge on the option market if traders truly equalize expected
profits in the stock and option market.?’ This pattern is consistent with the interpretation
of John et al. (2003): The information sensitivity of the stock is always wider than that
of the option because the option delta is bounded by one. Unless the option is deep in
the money (that is delta almost equals one), there is no reason to trade the option for an
informed investor. Because n?* = n¢*, this outcome holds whatever the direction of the
private information.

When informed traders equals expected returns across markets, a pattern completely
different emerges. Over the 165 different configurations that are tested in Table III, 57

values of 1 — 5} are greater than 10%, 28 are greater than 25% and even 10 are greater

20 Apother way to show that a little amount of iuformed trades oceurs in the option market when expected profits is used

is to assess the condition under which 1T —7p > 0 holds. If the strike is at equal distance between vy-g and vy goand
[33

I ) . l—x

the option if g, < $%5. According to the last inequality and given that the median e is 17% for US stocks, gy would

and some of them trade

. . .
between vy and vy, we obtain 5% ~ 1. So all informed traders trade the stock if ny =

be below 20.5% ( 12'01717 j. This is not compatible with empirical facts: The option voluine is always marginal compared

to the stock volume.



than 50%. This happens because the specific option margin system cancels the stock
superiority. The payoff from buying a put is divided by the put price, which is very low
for OTM option (vy < K < vy), dramatically increasing the expected returns (leverage).
For a put sale, the additional cash beyond the proceed is not that much: mgx x K for small
K and mp x E {0 | salep} for large K. This produces the same effect. Hence, 1 —7n?* and
1 — n¢* become fairly large when informed traders equalize expected returns, rather than
expected profits, across markets. Under PI = B, a = 17% and 1 — 5, = 3.2%, we obtain
that OIT is 14.4%, 10.4% and 6.9% for OTM (vy-, < K < vy) or NTM (v, < K < vy)
or ITM (vy < K < vyy) put contract, respectively. When PI = G and given the séme

figure for o and 1 — 5y, the fractions are 5.3%, 15.3%, 16.8% and 22.8%, respectively.

3.5.1.2 OIT and moneyness

Our results also suggest a substantial portion of informed traders will prefer to trade the
option rather than the underlying stock when (i) option liquidity is large and (ii) the
total informed activity is low. These results are consistent with the findings of Easley et
al. (1998), who Shed.light on the fact that liquidity is required for the trader to be able
to hide her trade. Our entries suggest that 1 — 7} looks pretty sensitive to 1 — 7, and
somewhat sensitive to a. 1~ n?* is maximized for a trading model involving an OTM put
and 1 — n%* is maximized with an NTM or ITM put. For instance, for PI = B, a = 8%
and 1 — 7, = 5.8%, more than half of the informed traders would trade an OTM put, on
average. This is 35.8% if the put is NTM and 76.1% if it is ITM. If 1 — 7, soars to 10.8%,
90.1% of sophisticated traders would negotiate the OTM option while 63.6% would trade
an NTM option. All informed traders would trade the option if vy < K < vygy (ITM).
The pattern of informed trading is different according the content of the private infor-
mation. For PI = B, we find that the largest fraction is observed for equilibria where
the put option contract has a low K. 1 — nP* under vy, < K < vy is always higher
than v, < K < vy and vy < K < vyg. For PI = G, this is different: 1 — P* is at its

highest level under vy < K < vy-. However, we must highlight the fact that the option
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volume widely differ from moneyness type in practise, from highly liquid contract for NTM
options to somewhat liquid for OTM options and completely illiquid for ITM options. It
involves that, for a given 1 — 7, comparisons of 1 — n?* or 1 — n%* across strike areas
are spurious. For instance, 1 — n*(v, < K < vyg;1 — 5y = 5.8%) should be compared
to 1 — nP*(vyr, < K <wpl =y < 3.2%) and 1 — 9P*(vy < K < vy 1 — ny < 3.2%),
everything else being equal for other parameters. Under this perspective, one can observe

that NTM contract returns the largest 1 — n?* and 1 — n$™*.

3.5.1.3 Equilibrium bid/ask spread

When informed traders equalize expected profits across markets, we show that the option
bid/ask spread is always lower than the stock bid/ask spread. However, nothing guarantees
the inequality when informed traders equalize expected returns. In Table IV, one can
observe that Ap switches above Ag in the cases where (i) K > vy when PI = B and
K > 7+ 7 when PI = G and (ii) a substantial portion of the whole informed trading
activity occur on the option market. Because the stock is always very liquid compared to
the option (1 > 0.8), Ag represents a small proportion of the unconditional stock value
7, between 2% and 10%. For the option, Ap moves between 19% and 70% with a average
of 40%. This is above the proportional bid/ask spread observed on financial markets as

documented by Wei and Zheng (2010).

3.5.2 Sensitivity analysis

3.5.2.1 Sensitity to relative liquidity trading

Relative liquidity trading is a central variable in Easley et al. (1998). The magnitude of
this variable has a large effect on the likelihood of finding a outcome pooling (7] < 1)
versus a separating one (17 = 1). Here we quantify how much a decline by 1% of »,;
generates in terms of OIT. We compute the values [1 — nP*(n, — z,0)] — [1 = nP*(y;, @)]
and [1 - (ny — ¢, o)] - [1 N au o)] with ¢ = 1% and e referring to other parameters

held constant. Figure I shows the outcome under the 15 {«, 1 -1, } combinations. We find
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that an incremental increase in 1 —1,; triggers a large reallocation of informed trading that
favors the option market. Under PI = B, a = 8% and 1 —n;, = 3.2%, and vy, < K < v,
a 1% increase of this amount leads to a new equilibrium where 1 — n?* increases by 8.6%
on average. For v; < K < vy and vy < K < wvyy, the soar is 6.1% and 3.8% on
average, respectively. Under PI = GG, we document a similar increase in OIT, by 2.85%,
8.17%, 9.25% and 12.65% for vv; < K < vy, vi< K <—n5xv 714+ 7< K <wvyg and
vy < K < vy, respectively.

Following a small reallocation of liquidity traders that favors the option market, we
should observe a large reallocation of informed trading away of the stock market and
toward the option market. This is a strong effect if the put is OTM when the market
incorporates bad news, and if the put is ITM when the market incorporates positive

information.

3.5.2.2 Sensitivity to total informed trading

Informational asymmetry and adverse-selection costs tend to go up prior to corporate
events. Within our model, it might be interested to assess how a 1% increase in the total
trading activity disseminates across markets. We compute the values [1 —nP(a+e, o)] -
[1—757*(c,@)] and [1—nf*(a+¢e,0)] — [1—nF* (e, 0)] with ¢ = 1% and e referring
to other parameters held constant. Figure II shows the outcome under the 15 set of
{a,1 =1, }. We find that an increase in the total informed trading reduces the amount of
informed trading on the option market. For « > 17%, (i.e. strong competition between
the informed) the results are not economically wide and close to zero. However, this is
fairly large for o = 8%. Under PI = B, a = 8% and 1 — 1, = 3.2%, and vy, < K <
v, a 1% increase of this amount leads to an new equilibrium where 1 — ?* (n#*) has
declined (increased) by 3.60% (3.60%) compared to the old one, on average. 1 — n¥* has
declined by 2.05% under v;, < K < vy and by 1.17% under vy < K < vyy. Under
PI = (G, we document a decline by 0.64%, 2.69%, 3.15% and 4.5% for vy < K < vy,

v < K < £ xv, v+ 7< K <vyg and vy < K < vyy, respectively.
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This finding, i.e. the negative impact of total informed trading on OITs suggests a

reallocation of informed trading prior to events characterized by a growing informational
asymmetry between market participants. In the context of earning announcements, there
is usually a leakage of confidential materials when the announcement date is close. This
generates more informed trading activity and our model shows that OTM put should
experience the greatest lost when PI = B and I'TM and NTM put should experience the

greatest loss when PI = G.

3.5.2.3 Sensitivity to margin rates

If the margin rate required to take a position on the stock moves up, the resulting equi-
librium 1 — 77 should be greater. By lowering the expected returns from trading stock,
a increase in mg makes the option market more attractive. In Figure III, we provide
some evidence on the impact of a 10% change in mg on 1 — 77 for various combinations of
{a,n;}. As we did before, we compute the values [1 —nP*(ms + ¢, o)] - [1 — nP*(mg, o)]
and [1—n@*(mg +¢,0)] — [L — n{*(ing,e)] with e = 1% and e referring to other para-
meters held constant. Under PI = B, a = 8% and 1 — 5, = 3.2%, and vy, < K < v, a
10% increase of this amount leads to an new equilibrium where 1 — n%* has increased by
9.94% with respect to the former equilibrium, on average. 1 — n%* soars by 8.68% under
vy < K < vy and by 7.55% under vy < K < vyy. Under PI = G, effects are wider:
A 10% increase in mg triggers a soar by 8.79%, 12.08%, 11.94% and 14.06% on average,
for vy, < K < vy, vp< K <-11:—:,'}f:; x0, 14+ 7 < K <wvyg and vy < K < vy-g, respectively.
The effect can be above 20% if the option market is highly liquid and the total trading
activity is low. We also find that the effect is a little bit stronger for OTM options when
PI = B and I'TM options when PI = G. Effects across strikes are flat.

The effect of changes in mg or mp are asymmetric on the equilibrium 1 — 7. In-
deed, these values do not count to compute the margin for a long position on the put
and only matter for a short position. It turns out that a change in these values do not

modify 1 — n7 when informed traders negotiate on bad news but it does if they trade
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on good news.”> Figure III shows how 1 — n%* is affected following a simultaneous

10% change in my and mp. Interestingly, the effects are wider compared to what is ob-
served following a 10% change in mg. With o = 8% and 1 — 5, = 3.2%, the magnitude
[1 — 0% (mp +,mg +¢, o)] e [1 — n%*(mp,m, o‘)] is -20.78%, -12.22% and -14.46% on
average, for v < K < %ﬁxi, 14+ 7< K <wvy and vy < K < wyyg, respectively. We
must also highlight that any changes in mg, mg or mp have almost no impact on that
1 —n% when « is high (too many informed traders) and 1 —1,, is low (shortage of liquidity).

On the US financial markets, the margin rate has shifted several times. Hardouvelis
(1990) documents that official initial margin requirements were adjusted 22 times through
the period 1934-1994. The lowest (highest) recorded change is 10% (25%)‘. Our findings
suggest that new changes in the initial margin requirement could widely affect the relative
price discovery between markets for stock with a highly liquid market. Especially, the

option market could play a more important role for the incorporation of private information

if regulatory requirement for trading stocks become stricter.

3.6 Conclusion

In this paper, we develop a theoretical model of market microstructure adapted to ac-
commodate multimarket trading, in the spirit of John et al. (2003) and Hu et al. (2015).
Three market participants negotiate a single asset through the equity or the option market.
Market-makers are risk-neutral Bayesian learning agents who provide a buy and sell ser-
vice to investors. Uninformed traders negotiate for reasons exogenous to asset payoff while
informed traders observe a signal on the price direction and seek to maximize expected
returns from trading. When expected payoffs are equal in the stock and option market,
the pool of informed traders will split. We derive several Nash equilibria under this as-
sumption. By calibrating. margin parameters to the CBOE margin requirements and other

parameter to recent empirical studies, we find that the split is likely to emerge. Then, we

2L This asynnnetric change of 1 —n7 in PS = H and PS = L is also present in the call market. Hence, in a real derivative
market with calls and puts, the global trading activity on the option market is affected by changes in my and mp but

we do not expect an asvinmetric impact wif the market is incorporating bad news or good news.
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study the relative allocation of informed trading across markets and across moneyness. In
the benchmark case, 14% of informed traders negotiate the option when signals are low
and 23% negotiate the option when signal are low. Option informed trading (OIT) can
reach 50% when the relative liquidity favors the option.

Our findings give some support to Chakravarty et al. (2004) and Rourke (2013). Their
figures regarding the contribution of the option market to the price discovery process have
similar magnitude to our OIT percentage. Moreover, our results give echoes to Lakonishok
et al. (2006) who shed light on the fact that nonmarket-maker written option positions
account for a wider part of the trading volume than purchased positions. In our model,
the equilibriumm OIT when informed traders take a short position on the put is always
greater the one derived with long position. We are able to provide an explanation to
this phenomenon: Asymmetry between long put and short put margins requirements is
responsible for this difference in OIT magnitude. Traders can achieve larger returns by
writing a put when signals are high than purchasing a put when signals are low. The
option to stock volume ratio, the O/S metric developed by Roll et al. (2010), seems to
increase prior to earning announcement. This can be solely generated by an increase in
informed trading because OIT responds negatively to this amount. Only an improvement

in the relative option/stock liquidity favors OIT and offsets the first effect.
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Figure I: Sensitivity of OIT to variation in the uninformed trading activity
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Panel A: Signals are high

We quantify the variation in the equilibrium option informed trading (OIT) following a 1% increase in
the option liquidity trading. In Panel A, the private information content indicates positive news, so
that informed traders buy a stock or write a put. Under this scenario, the bars reflect the magnitude
il —n$*(ny —c,0)] = [1 I)‘,"'U,,,.o)j, with € = 1%, for various parameter set (o). Within each plot,
each bar stands for a different strike area: (i) vy < K < vy (i) v, < K < %’,ﬁ\— x o (i) 74+7 < K <wvpy
and (iv) vg < K < vyg. K moves by 50¢ in the intervals, so changes in 1 — 7]?* are averages across
strikes. In Panel B, the private information content indicates bad news, so that informed traders short-sell
the stock or purchase the put. Here, bars reflect i] — 0B (ny —¢,0)] [l n8*(ny, o)] for different strike
area: (1) vy < K < vy (ii) vy < K < vy and (iii) vy < K < vyy. Values for @ and 7, are provided
in bottom-right side of each plot. Other model parameters are fixed as follows: {vyp, vy, vy, vv g}
{830, $40, $60, $70} and {p,, 2o} = {0.6,0.8}.
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Panel B: Signals are low



Figure II: Sensitivity of OIT to variation in total informed trading
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Panel A: Signals are high

We quantify the variation in the equilibrium option informed trading (OIT) following a 1% increase
in the total informed trading. In Panel A, the private information content indicates positive news, so
that informed traders buy a stock or write a put. Under this scenario, the bars reflect the magnitude
[l - (a+e, o)] — [1 — ¥ (a, o)], with ¢ = 1%, for various parameter set (o). Within each plot, each
bar stands for a different strike area: (i) vy < K < vy (i) vy, < K < i:—:’;f(— x o (i) 74+7< K <wvy
and (iv) vy < K < vyg. K moves by 50¢ in the intervals, so changes in 1 — ¥* are averages across
strikes. In Panel B, the private information content indicates bad news, so that informed traders short-sell
the stock or purchase the put. Here, bars reflect [1 —nB*(a +e, o)] e [1 —nB*(a, o)] for different strike
area: (i) vyy < K < wp (ii) v < K < vy and (iii) vy < K < vy g. Values for a and 7, are provided
in bottom-right side of each plot. Other model parameters are fixed as follows: {vyp,vp,vg,vvg} =
{$30, $40, $60, $70} and {p, 1o} = {0.6,0.8}.
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Panel B: Signals are low
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Figure III: Sensitivity of OIT to variation in the stock margin rate mg
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Panel A: Signals are high

We quantify the variation in the equilibrium option informed trading (OIT) following a 1% increase
in the stock margin rate mg. In Panel A, the private information content indicates positive news, so
that informed traders buy a stock or write a put. Under this scenario, the bars reflect the magnitude
1—nF*(mg +z,0)] — [1—1nF*(ms,e)], with € = 1%, for various parameter set (»). Within each plot,
each bar stands for a different strike area: (i) vvp < K <wp, (i) v, < K < i:—’"’:l‘\— x ¥ (iii) 94+7 < K <wvpy
and (iv) vy < K <wypg. K moves by 50¢ in the intervals, so changes in 1 —7{* are averages across strikes.
In Panel B, the private information content indicates bad news, so that informed traders short-sell the
stock or purchase the put. Here, bars reflect [l —nB*(mg — ¢, o)] — [1 —nB*(mg, o)] for different strike
area: (i) vy < K < wy, (i) v, < K < vy and (iii) vg < K < vyy. Values for @ and 7, are provided
in bottom-right side of each plot. Other model parameters are fixed as follows: {vyp,vp,vg,vve} =
{830, $40, $60, 870} and {u, 15} = {0.6,0.8}.
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Figure IV: Sensitivity of OIT to variation in the option margin rates mp and mg
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We quantify the variation in the equilibrium option informed trading (OIT) following a join increase of the
option margin rates mp and mg by 1%. In Panel A, the private information content indicates positive
news, so that informed traders buy a stock or write a put. Under this scenario, the bars reflect the
magnitude [1 — 17?* (mg +e,mp +¢, 0)] — [l - 17‘,;*(7:1.;(, mp, o)] , with € = 1%, for various parameter set
(o). Within each plot, each bar stands for a different strike area: (i) vyr < K < vy, (i) vy < K < %—:—:—:—3\- X T
(iii) 74+ 7 < K < vy and (iv) vg < K < vyg. K moves by 50¢ in the intervals, so changes in 1 — 1]?* are
averages across strikes. In Panel B, the private information content indicates bad news, so that informed
traders short-sell the stock or purchase the put. Here, bars reflect [1 —n7*(n, —e,0)] — [1 = nZ*(n;, 0)]
for different strike area: (i) vy < K < vy (ii) vy < K < vy and (iii) vy < K < vyg. Values for

«a and 7;; are provided in bottom-right side of each plot. Other model parameters are fixed as follows:
{vvi,vp,va,vvn} = {$30,$40, $60,$70} and {z,,p,} = {0.6,0.8}.




3.9 Tables

Table I: Option margin requirements in CBOE and popular trading platforms

CBOE

Long put : "Pay in full, no additional cash needed"

Short put : "100% of option proceeds, plus 20% of underlying security value less out-of-the-money
amount, if any"; "minimum requirement is option proceeds plus 10% of the put’s
aggregate exercise price (number of contracts x exercise price x $100)"

Link : http://www.choe.com/tradtool/mcalc/

Interactive Brokers

Long put
Short put :  "Put Price + Maximum ((20% * Underlying Price - Out of the Money Amount),
{10% * Strike Price))"

Link : https://www.interactivebrokers.com/en/index.php?f=marginnew&p=opt

Optionshouse (E-Trade)

Long put : Premium x number of contracts

Short put : "Greater of:
25% of the underlying stock price — the out of the money amount (if there is any)
+ option premium x number of contracts
Or

15% of the strike price + option premium x number of contracts
Link : https://www.optionshouse.com/margins-buying-power/margin-requirements/

OptionsXpress (Charles Schwab)

Long put : "Nome"

Short put  :  "20% of the underlying market price + the premium - amount out of the money
OR 10% of the underlying market price (or strike price for O-T-M puts) + the premium,
whichever is greater."

Link :  http://oxint.optionsxpress.com/about us/margin_guidelines.aspx

TradeStation (Monex group)

Long put : "100% cost of the option"

Short put  :  "Greater of these 3 values:

1. 100% of the option proceeds + (20% of the Underlying Market Value) - (OTM Value)

2. 100% of the option proceeds + (10% of the Strike Price x Multiplier x Contracts)
3. 100% of the option proceeds + ($100/contract)"

Link : http://www .tradestation.com/products/options/margin-requirements

TD Direct Investing

Long put :  "100% of the option’s premium"
Short put :  "100% of premium less any out-of-the-money amount plus margin requirement of the
underlying (minimum 5%)"

Link . https://www.td.com/ca/products-services/investing/td-direct-investing/accounts/margin.jsp



Table II: Summary of the parameter set

Parameters and definitions Calibration
0vr : A possible outcome for the state of nature, revealed at the
end of the trading session. V'L stands for "very low" P{o=6,,}=25%
0y, : A possible outcome for the state of nature, revealed at the
end of the trading session. L stands for "low" P{0=06,}=25%
O : A possible outcome for the state of nature, revealed at the
end of the trading session. H stands for "high" P{6=0,}=25%
0y A possible outcome for the state of nature, revealed at the
end of the trading session. VL stands for "very high" P{0 =0, ,}=25%
vy @ Stock value if @ = 8y, at the end of the trading session $30
v, . Stock value if § = @}, at the end of the trading session $40
vy : Stock value if § = @ at the end of the trading session $60
vy @ Stock value if @ = 0y at the end of the trading session $70
a : Fraction of investors that possess private information {8%,17%, 37%}
N :  Fraction of uninformed liquidity investors present {0.5%,1.7%, 3.2%,
on the stock market 5.8%, 10.8%}
Uy . Fraction of « that decide to trade the stock Endogenous
nfi * ¢ Fraction of «x that decide to trade the stock at equilibrium
Informed traders anticipate that the stock value will be low Endogenous
1}?* : Fraction of e that decide to trade the stock at equilibrium

Informed traders anticipate that the stock value will be high  Endogenous

Wy : Probability that the signal is high (low) when the true state

of the nature is vy (vy) 60%
o 1 Probability that the signal is high (low) when the true state

of the nature is vy g (vyL) 80%
mg : Fraction of stock value hold on margin to trade the stock

(i.e. one minus borrowed cash) 50%
mp . Fraction of the option value hold on margin to trade the put  20%
my ¢ Fraction of the strike value hold on margin to trade the put  10%
Bg . Stock market maker bid price Endogenous
Ag : Stock market maker ask price Endogenous
Bp ¢ Option market maker bid price Endogenous
Ap ¢ Option market maker ask price Endogenous
Ag :  Bid/ask spread on the stock market Endogenous
Ap 1 Bid/ask spread in the option market Endogenous
Ty : Risk-free rate 0

This table summarizes all parameters used in our sequential trading model. Definitions and calibrations
are provided in columns 2 and 3, respectively.
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3.10 Appendix

3.10.1 Appendix A.1: Bid, ask and asset payoff on the stock market

The MM derive the bid and the ask by (i) assuming that her expected profit is null and (ii) taking the
information conveyed by the order into account. Given that a sale order occurs at the bid and a buy order
occurs at the ask, we have

Bs = E {v | sellg}
Ag = E{'D | buys}

We focus on deriving the value of the bid. Deriving the ask is done with a similar reasoning. Regarding
the number of states of nature, the stock bid is

Bg = vy X P{B =0Byr I Sellg} —+ vy, X P{9 =0 | Sells}

+vy XP{9=9H lSElls}+UVHXP{6'=9VH |sell5} (1)
Let’s start with P{6 = 6y | sales}. The MMs behave as Bayesian learners. They have a prior for the

conditional probability, receive an order and update the information regarding the nature of the trade,
i.e. a buy or sell order. Under Bayes' law, we have:

P{9 = gVL} X P{sells ‘ 0= 9VL}

P 9 = 9 ,ll Jr = 2
{6 =06y | sells} P{sells} @)
e P{0=06yL} x P{sells |0 =0y}
P{O—0. et — =byry X seilg |V =0y
{6=0vy | sells) S P{0 = 0;} x P{sells | 0 = 0,}
{8vefr.9u.0ve}
Because the states of nature are equally likely to occur, this expression collapses to:
P{sellq | 0= GVL}
P{6 =6y llg} = = 3
{ ‘Llse 5} P{.sellS]G-——()z} ( )
{8vi,00,00,9vut

The numerator is: i

P{sells [0 =0yr} =5 x (1—a)xXny+axn X p (4)

The RHS of (4) is the sum of two parts: The portion of uninformed traders (1 — o) on the sell side (1/2)
of the stock market (77;;) plus the portion of informed traders () that receive the right signal (p,) and
that choose the stock market (7;). The other probabilities that appear on the denominator are:

L ;
P{sell5|¢9:614}:;><(1—oz)><7)U+axn,><,u1 (5)
1 .
P{sells |0 =0u} =5 x(1—a)xny +axn x(1-pu) (6)
1 .
P{sells |6 =0y} = 5 % (1—a)xny +axn; x (1 ) (7)

Given (4), (5), (6) and (7), (3) is

X (1—a)Xn;+axn X p

(SIS

P{9 = QX'L ] Sf'”.n;} =

(3)

2x [{(1—a) Xy + axnl



By following the procedure (2) to (8) for the other term of (1), we obtain

X (A —a)xqy+axn xuy
2x[(1—a) xny +axng]

P{6=10L|sells} =

g x(A—a)xny +axng x(1-p)
2x[(1—a) Xy +a xn]

P{9 = 01{ | Sells} =

s X (1—a)xny +axng x(1-u)
2x[(1—a)xny +axn]

P{@ = eVH l 86”5} —
By plugging the last four equations into (1), we obtain

1l—a) Xy, xv
s = ( ) U (9)
ny+(1—a)+axny
+§1'><ﬂ><771><[#2><vm+m><1’L+(1—/t1)X1’H+(1-H2)><1’H]

ny X (1—a)+axn;

where ¥ is the unconditional expectation of the nature o = Y ,_, , P {6} X v = (1/4) x (vyp + v +
vg + vy ). Using the trick Bg = Bg + (¢ — 7), (1) can be written in a more convenient way

g X axq X [(#g = 3) X (wvw —ove) + (u — 3) X (vg —vp)]

Bs =% — 10
; (1—a)xny +axn; 1o
We follow exactly the same methodology to derive to stock ask. First, Ag is expanded
As =vyp x P{6 =0y | buys} + v x P{8 =8y, | buys}
+vg X P{9 =0y | b-uyg} + vy X P{H =6Ovy | bu.ys} (11)
Then probabilities formula derived using Bayes’ law one more time
Lx(l-a)xny+axn; x (1 — )
P{6 =0y | buys} = 2 SR ! =
{ ve | buys} 2x[(1—-a)xny+axmn;]
Lx{l—a)x xnyx(1—p
P{026L|buys}= 2 ( C\!) "7U+a T’I ( l‘ll)
2x [(1—a) xny+axn]
ix(l—a)xgy+axn xpu
P{ezeHlbuyS}:Z‘)( . U I 1
2% [(1—a) xny +ax ;]
Lx(l—a)xny+axn X p
P{6=0yy | buys} = 2 Y L2
{ vi | buys} 2x[(1-a)xny+axn]
These four equations are plugged into (11), vielding
Ag— o+ 3 X ax X [(ke — 3) X (vwr —vve) + (4, — §) X (i —vr)] (12)

(I—a)xny+axn;

(8) follows. The second part of the RHS of (10) and (12) is half of the bid/ask spread. Note that if one
assumes that there is no longer informed trading in the sequential model (¢« = 0), then Bs = Ag = #.
Hence, under the assumption of a purely non-informed trading activity, the bid-ask spread vanishes. This
property of our model respect the fundamental property of the sequential trading model of Copeland
and Galai (1983) and Glosten and Milgrom (1985) in which the bid-ask spread is fully generated by
informational asymmetry. This property holds in our multimarket environment.

Denoting Q) = 3 X a x [(ty — 3) X (vya —vvr) + (4 — 3) X (vg —vr)] and & = (1 — @) x ny, the




stock bid/ask spread As — Bg is written

C2xmy x Yy

NAg =
& +axn

at'—fas > 0. This is equivalent to

Let’s assume

2x Lxm xQ  2xn xQ x (pp —ny)
£ +axny (& +axn)’

3ls

Which is valid if £, > —ca x 7. This last condition is respected for any «, 77; and 5. Likewise, o 0

would involve :
2x >2><'r][><le(§1+a)

§ Faxn 3 +a><171)2

Which turns out to be true if j; < 1. Q.E.D
From the perspective of the informed trader, the final value of the stock is its expected value conditional

on the private information she holds. If signals are low, the final value is expected to be E{? | PI = B}
while this is E{¢ | PI = G} if signals are high. By developping the former term, we obtain

E{i | PI = B} =vyy x P{§ = 0y1, | PI = B} + v x P{§ =6, | PI = B} (13)
+vy X P{(-)z O l Pl = B}+’U"H X P{G: Ovu l PI = B}

Using Bayes’ rule again, these four probabilities are easily derived

1
P{9=9VLIPI=B}=§XM2

X fy

[

P{6 =6, | PI=B) -
P{0=9H|PI=B}:%><(1—M)

‘ 1
P{e——‘OVH|PI=B}=3X(1—p,2)

And (13) is
. 1
E{o|PI=B}= 5 [vve +vl — pg X (vvg —vve) — py X (v —vp)]

which can be rewritten

1 1
E{’E’ | BT = B} =7 - [(Uy[{ —vypr) X (Mz — -2-) + ('UH — UL) X (pg — s)jl

[N

1 1
E{v|PI=G}=7v+ [(vvy —wvyvr) X (g — 5) + (v —vp) X (g — 3)}

o =

Then by defining
1 1
Ql = E X @ X [(’U‘;H - 'UVL) x (Ll,z — -5) e (’UH — ”U[,) X (,LLL — 5):1

& =01—-a)xny
bid, ask and asset payoffs are written in the following convenient way

1y x Qy

Bg=0- —LZ>1
N §taxn



7’]1><Ql

At i T X
) v+51+0‘><711

1
1
E{o|PI=G}=0+—x

3.10.2 Appendix A.2: Bid and ask on the option market

Case vy < K <wvygy
The option bid (ask) is the expected option value, conditional on the arrival of a sell (buy) order:

Bp =FE{(K —v)*"|sellp} (14)
AP ———E'{(K—f))ﬂbuyp} (15)

where (K — 0)" = Max {K — v;0}. Then (14) is developped as follows

Bp = (K - vyr) X P{9 = Oy, | Sellp} + (K — 'L‘L) X P{g =6 | Sellp}
+(I\’ — 'UH) X P{g =0y I sellp} + 0 % P{G =6yvy [ sellp} (16)

Although there are four states of nature {vyr,vr, vy, vy i}, the specific option payoff makes that the last
term vanishes. Indeed I is bounded upward by vy ;7. We need the strict inequality vy < K so that there
is no ambiguity regarding (K — v;)". Under the assumption that the marker-maker acts as a Bayesian
agent, each term P{e} can be viewed as the market maker posterior belief regarding the underlying state of
the nature. The market maker has a prior belief and this one is modified according to the incoming order.
The proportion of non-informed (informed) traders on the option market is 1 — ;; (1 — #;). Like in the
stock market, we posit that half of the non-informed investors buy the put. Then the three probabilities
in (16) become

$x(1—a)x (1—ny)+ax(l—n7)x(1-—p)
2x[(1—a) x (1=ny) +ax(1-n;)]

P{9 = 9\'L | sellp} =

L (1—a) x (1—gy) +ax (1=n) x (1= )
2x[1-0)x (1—ny)+ax(l-mn)]

P{ =0 |sellp} =

1

1- 1 1—1;) x
P{‘9=9H|sellp}:2x( a)x (I—ny)+ax(1—n)xp

2x[1-a)x (1—ny)+ax(1-mn)
%><(1—a)x(l—n(-)-i—ax(l—n[)x,uz
2x[(1—a)x (1—ny)+ax (1-n)]

P{O = 9\/1.1 | Sellp} =

By plugging the results in (14), we obtain
B o B g xax (1—n)x [(K—vyp)x (py—3)+ (vg —vp) x (g — )]
" (I—a)x(1=mny)+ax(l—n)

with P = (1/4) x (3 x K — vy, — vy, — vy ). Following the same approach, the option ask is given by the
following formula

xax(l—mn;)x [(K—-v‘.vL) X (g — %) + (vyg —vp) X (p — % ]

1
Ap=P+ 2 - . ;
! (1-a)x(1-ny)+ax(l-n)

; 0A
It is easy to see that 2

> (). The greater the strike, the more valuable the put so that the MM sell

K
it at a higher price. Like in the stock market, the average between the bid and ask is the unconditional
asset value.

T



From an informed trader perspective, the final value of the option is its expected value conditional on
the private information she holds. If signals are low (high), the final value is expected to be E{(K — )" |
PI = B}. By developing the former term, we obtain

E{(K — ’5)+ | PI = B} = (I\’ — 'UVL) X P{g =0y | PI = B}
+(K —vy)xP{# =0, | PI=B}+ (K —vg)x P{0 =04 | PI = B}

Using Bayes’ law again, we have

E{(K—#)T |PI=B}=- x (K —vyL) X ptg + (K —vp) x py + (1= ;) x (K — vg)]

(=T

which can be rewritten
g & = kT, .. 1 1
E{(K ) | PI=B} =P+ |(K —vye) x (ha — 5) + (on — 1) (1 — 3)

We also obtain

—

B )| PL=G} = P L [( ~vra) x (b~ 3) + (o —ve) % G~ 3)|

o

in a very similar way. By defining

s = % xax |[(K—=wvyr) x (;LQ—%)‘F(UH_UL) X (py — é)}
we have (1—mn;) x 2
S C2+a><1(1—;1)
Ap =P+ (1—n7) x Q3

Catax(l-mny)

E{(K—f))lPI:B}:I_’+§xSZ§

, _1
E{K-%)|PI=G}=P—-—x 0}
«

Case v < K <wgy
Due to the non-linearity in the put payoft, the formula changes. By setting v;, < K, we guarantee that
Maz{K —vp;0} = K —v.

B(p) = (I&' . UVL) X E{0 — HVL | sellp} + (I\’ —vr) X E{9 == 0L | Sellp}

AP = (K —’UVL) X E{0 = 9\/[, ‘ buyp} -+ (A'—’UL) X E{9 = HL | buyp}
E{(K —%)" |PI=B}=(K —vy) x P{§ =0y | PS= B} + (K —v) x P{§ =6, | PS = B}
E{(K—ﬁ)+ |PI=G}=(K—’UVL)XP{H———HVLlPSZG}+(K—’UL)XP{9:9L|PS=G}

The unconditional asset value also changes, it becomes: P = (1/4) x (2 x K — vy, — vr). By following
the same steps as in the previous part, we obtain

Ni—
Pl

Bp—P_ % X ax (1-—1) % [(I&T— vvr) X {phy — %) + (K ‘ vr) X (phy
A= x (1—ng) +ax -7

[N
~—
(Rt

% xax(1-—mn) x [(K—mrL) X (pg — é) + (B —vp) x (g — 7
(I-a)x(1—ny)+ax(l-n
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E{(K -

E{(K -

By defining

we have

Case vy < K <

returning

with P = (1/4) x (K

By defining

we have

)| PI=B}=P+ [(K —vyr) X (g — -;—) + (K —vp) % (g, — %)}

b =

9)|PI=G}=P-

| =

[0 = o) o= )4 (8 = 00 x o = )|

1 K 1 . il
Q? = 3 X @ X [(I\ —opp) X (g — §)+(I& —vp) X (g — 5):’
G tax(l-mng)
Ap =P+ (1 —1n;) x Q2

Ca+ax(1—mn;)

E{(K—v)|PI=B}=P+le§
[87

E{(K—f;)[PI:G}zP—éxQ%

UL
Bp = (K — I’VL) X E{g = HVL l Sel[p}

Ap= (K —vyr) x E{0 =0y | buyp}
E{(K —9)* | PI = B} = (K —vyp) x P{8 =0y | PI = B}
E{(K - &)* | PI=G} = (K —vy1) x P{§ = 6y | P = G}

= sxax(1—np)x [(K—vyp) x (uy — 3)]

Bp=P_ : ,
= I—a)x(1—ny)+ax(l-n)

Sh—

X ax (1=np)x [(K—vyp) x (p,— 3]
(I-a)x(Q-—ny)+ax(1l—1n)

Apzﬁ'f-")

vyr). Likewise

. i 1
{(1\ -vyp) X (py — E)J

b=

E{(K-%)|PI=B}=P+

E{(K—-v)|PI=G}=P - [(K—l’\blx(ﬂz—%)J

-

0=

1 1
SZE =3 X a X [(K -vvr) X (py ——5)]
_ 3
Bp—P-_ ~(~1 ny) X O
Catax(l-mn)
' 3
Ap=py A=) XM
Gy +ax(1—-1x;)
L 1 5
E{(K—-v)|PI=B}=P+—x Q3
o

E{K —i))|PI:G}=15—-1—xS2§
(87
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The three cases provided Section 3 Subsection 4 follows. The put bid/ask spread Ap = Ap — Bp is

_'2><(1—7;I)><Q§
G tax(l-ny)

Ap
Qg\TP>0gives ‘ _ .
2x L x(1—n)xQ  2x(1—n) x ¥ x(ny —ny)

&+ax(1-n) € +ax (1—np))?

After rearrangements, this expression collapses to 1 — 1;; > 0 which is always verified. %% < 0 gives

2><><Q§ 2><a><(1—771)><m.;
Grax(1-n) " [g+ax(1—g)

which collapses to £, > 0 after few algebra. Hence, if more informed traders prefer to negotiate on the
stock market, it limits the informational asymmetry in the option market, and MMs displays narrower
bid/ask spread.

3.10.3 Appendix B.1: Equilibrium when informed traders equalize their prof-
its across markets

This appendix shows how to derive the equilibrium value 7; under the assumption that informed traders
seek to maximize expected profits. If the expected profit is higher on one market, all informed investors
negotiate on this market. This is the separating equilibrium (Easley et al., 1998). A pooling equilibrium
(i.e. informed transactions on both markets) emerges only if expected profits are equals across markets.
Expected profit depends on the signals observed. If signals are "good", the condition is:

E{o | PI=G}— As = Bp — E{(K —%)* | PI=G}

By replacing bid, ask and expectations by their respective values, we obtain:

1 G xQ _ 1-73%) x _1 ;
T =X Q- (54 Ly = P (1= np) 2__ (P — = x Q)
o £ +axnf £, +ax(1-9Y) a
that is:
élex(El—l—axn?)—n?xﬂl:i—xﬂ{,x[§2+ax(1—n?)]—(1—11?)XQ£
£ +axnf o +ax (1-nf)
that is:

1 y
!:EXQ]'X (Sl-l-aXn?)—T]({XQl} X [£2+QX(1—’I7?)] -

1 ‘ ) . ; ;
(axﬂéx [€e +ax (1-nf)] —(1—?7‘1’)><Qé) x (& +axnf)

where j denotes the strike position with respect to underlying values (case 1: vy < K < vyy, case 2
v < K < vy, case 3: vy, < K < wvy). The equation to be solved is quadratric in 7;. Indeed, it can be
written as follows:
B\2 B
with : .
A=ax (Q%—Ql) +a? x TV

BoaxTx(—a—&+&)+Q x (€ +a)+ % x (£ -a)
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O =¢; x [—rf x (§2+a)—ﬂg]

The system collapses to something very easy to solve, since Q% — Q) = —a x ¥ Vj, which returns A = 0.
We obtain the following solution:

G*:&X(Ql"‘rjxfz)
! O x £ + % x &

with
I" =3 x [(ov — K) x (i — 3)]
p? = : X [(vvg — K) %X (g — 5) + (vg — K) x (i, "% ]]
% =3 x [(vver — K) x (4 — 3) + (vi —vr) x (1, — 3)
Qé - % xax [(K—vvy) X (s — %) + (vg —vp) x (g, — %)
Q§=¥xa>< (UVH—K)X(#z_"_)'f"(vH_K)x('ul-_)
M=z xax[(ovg —K)x (gp — 3) + (var —vr) x (1, — 3)

When signals are "bad", the pooling equilibrium condition becomes
Bs — E{t | PI=B}=E{(K—-9)" | PI =B} - Ap
By replacing bid, ask and expectations by their respective values, we get

e
1 T]IXQL _ 1 o w i P iy
el =L == xfly) = PP S 0 — (P
! & +axyf @ o ) « 2 — (P +

(1—nf) x
§+ax (1—77%)

)
After some rearrangements, we finally obtain

pe _ E1x (U +T7x¢y)

1] ~
J
M x & +QxE
When informed investors maximize expected profits, n¢* = n?*. One can easily note that n¢* and n¢*

are equals whatever the strike value. Since {{ 182, 1, O, T } are all defined positive, we have 75* > 0
and 77* > 0. Given this solution, one can derive the equilibrium bid/ask spread as follows:
BAs = As — Bs = (2xn; x 21)/(&, + a x ;). After plugging the value for nP*, it collapses to
Asg=2x (Y +T x &)
In a very similar way, the bid/ask spread of the option is given by
APZQX(Qz—fl XF)

Finally
AS = Ap =2xT

3.10.4 Appendix B.2: Equilibrium stability

This is a Nash equilibrium if the equilibrium is stable with respect to a unilateral deviation of one of the
game participant. The informed trader has 3 possible strategies: (i) Do not trade, (ii) trade following the
signal she observes, (iii) trade against the signal. Not trading generates a profit equal to zero.

When the private signals acquired by the informed traders indicate bad news, trading according to
the signal generates the payoff Bs — E{¢ | PI = B} = o X x,

&, +(\<><'.'];“ >

which is a positive amount. If she

LxQux€ +2xn]t xQy
€+ axn{“

a negative amount. Note that it is not necessary to plug the value of n£* into the previous equations.

This quantity is positive, as well as {a,£,,Q;}. On the option market, trading according to the signal

trades against her signal, her payoff is given by E{v | PI = B} — Ay = — , which is
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generates E{(K — )" | PI = B} — Ap = E—%%m while trading against the signal generates
gt —n;t)

Lxq, _nltyxa, o .
Bp—E{(K—-)" |PI=B}=_= Xﬂzf‘iz;‘?(xl‘lng:) 2% which is negative.
2 ATy
Now consider the second scenario: Signals are high for the informed traders. In that case, negociating
L .
according to the signal generates the payoff E{v | PI = G} — Ag = E-!I—S)‘?%;, which is a positive amount.
9.t i
LxQ x€ +2x07* xQ y
~ l;i{ax:lg: b y which

is a negative amount. On the option market, trading according to the signal generates Bp — E{(}N — )t |
L J c-) . . . . ) ~
PI = G} = ﬁ%—) while trading against the signal generates F{(K — )Y | PI =G} - Ap =
L X0 xEy 42X QX (1-nG) L :
_ =X Eti:c:—::ls}?n?’(}) B ), which is negative.

If she trades against her signal, her payoff is given by Bs — E{v | PI = G} =

3.10.5 Appendix C.1: Equilibrium when informed traders equalize their re-
turns across markets

An investor is indifferent between trading the stock or the option if the expected returns is the same on
both market. To assess how the pool of informed traders splits across trading venues, expected returns
are equalized. When signals are low, the payoffs from short-selling the stock is equal to the profit from
buying the put. Returns are obtained by divided each payoff by the capital engaged by the trader. For a
stock purchase, this is below the full asset value (1mmg x Bg) while this is the full proceed (Ap) in case of
put buy. Formally, returns equalization gives

- ot
BS—E{mpz:B}_E{(R—v) |PI:B}—AP
mg X By B A

That is .
_ N _ Pi+ixql)—{Pi4+ 2
(- gwm) —@-txay (Praxe) ( &axT-u)
(1“771)><Q§
§a+ax (l—mnp)

. T X _
m(g) X (1’ T yaxn, Pi+

Which yields, after some algebra

Q) x& <A
E, XU XB+ExMxC

Bx :
=
with

A=I:”:+§xﬂg—%ﬁxgzx(ﬁj—msxﬁx?—;:})
B=P +1xq
C=msx(@—L1x)

The condition that guarantees a mixed equilibrium to emerge is 2* €]0: 1], that is if P+ i X Q?_) >

Lxg, x(mgxox %—’:&—I_’j) and Q) x &, x (A—B) < & x ¥ x C.

When signals are high, the payoffs from buying the stock is equal to the profit from selling the (naked)
put. For a stock purchase, the capital engaged by the investor is mg X Ag while selling the put requires
the maximum between the two values mp) X E'{v | salep} — (E {7 | salep} ~ K)%and mg x K according
to the CBOE margin calculator. Formally, returns equalization gives

E{o|PI=G} - As Bp — E{(I —&)* | PI =G}
mg X Ag " max{mp x E{0 | salep} — (E {i | salep} — K)*;mg x K}

(17)
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Using Bayes’ law, we obtain F{v | salep} = 7 + 2%}-%%, rewritten ¥ + ¢ for convenience. We

know that ¢ > 0 since {a,7;,2;,&,} are all defined positive. Moreover, we find that ¢ < 1 is valid for
various combinations of {a, 7, Q1,&5}.

In a first step, let’s assume that K < ¥, so that ¥+ ¢ > K. The margin requirement for selling a put
becomes max {K — (1 —mp) x (¢ + ¢);mg X K}. mg x K is the initial margin requirement if

K—(1—-mp)x (0+¢)<mg x K

that is

1 — iy
T+¢p> —2 x K (18)
1- mp
A sufficient condition for (18) to be valid is 7 > H‘IL x K. Hence, the right margin requirement is

mp x K under the area vy < K < vy and vy < K < %7“—1‘1{\— x ©. Note that under CBOE margin rule,

the last expression is vy, < K < g x U. When the strike is contained in these two areas, (17) becomes

E{o|PI=G}-As) _ By —E{(K-%)|PI=G}

mg X Acs) mp X K
That is . .
= L _{= ny XS 5 _(l—m")xQy (P _ 1
(U + o % Ql) (U + §l+('z)<n§'> - I:P £4_,+(IX(1—7];7)} (P « = Qz)
_ 79 xQ) a mp X K
ms x (3+ gliamay ) ‘

After several steps of calculus, we finally obtain:

- lengA,
£, X X B 4+ £ x Q) x C

€}
nr

with
47 s 1 g ” = QJ;
A'=mpg X K+ = x& x (mg x K —mg X T X o)
B =my x K
' sl
C'=msx (142 x )

Now let’s assume that K > ©+¢. The initial margin requirement becomes max { mp) X (0 + @);my X K }
mypy X (7 + @) is the right margin requirement if

m

L x@+¢)>K (19)

mK
Hence, mpy x (U + ¢) is the right margin requirement if K if bounded by © + ¢ and %{\— x (7 + ¢).
Considering the CBOE margin calculator as the reference and given that ¢ < 7, we can reasonably set
the area to be 7 + 7 < K < 2 x © + 2 for convenience. Then, we define {vy,vr, vy, vy} so that
v+ 7 < vy and vy g < 2 X T+ 2 always hold. Hence mpy x (¥ + ¢) is the right margin requirement under
v+ 1< K <vy and vy < K < vygy. Then (17) becomes

E{t|PI=G}-As Bp—E{(K—-#%)*|PI=G}

mg X Ag mp X (6 + E{v | salep})
That is )
F+Lixq)-(o+ 220 poUomiix® 1 (p_ Ly q
v o 1) — ¢ E taxny ) | T L Fax(l-97) _( T 2,)
; = né xQ o ) [_ (1—n,)xQ
mg X (v + _‘—751""“)‘771;) mp X |7 - +§3+(1y(1_nl1)
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After some algebra,

with

A" =mp x (T+
B" = mp X (U +
C'"=mg x (o +

we finally obtain

gll X £l x A"

@
= 5 ‘
XM X B +&x G xC"

1 1 - Q
=X Q)+ 2 xTxE X (mp —ms X ﬁf)

%Xﬂl)

:;Xﬂl)
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We analyze the accuracy of the footnote dividend yield (FDY) reported in the financial
statements and used to price stock options. We propose a new methodology to identify
deviations from fair measurements, that takes into account the flexibility offered by FASB
authoritative guidance. Focusing on companies that reported inaccurate FDYs, we find
strong evidence of information revelation motives and moderate evidence of managerial
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4.1 Introduction

“Ironically, information on the ‘true cost’ of options is already available in
the footnotes on employee options that all public companies are required to report.
Many users overlook these footnotes or do not regard them as a useful source of
mformation.”

From Ohl (2000), director of PriceWaterhouseCoopers®

.
Since 2006, the Financial Accounting Standards Board requires US companies to ex-

pense employee and executive stock-options” (ESOs) at the time of grant. Given that the
value of a stock-option depends, among others, on the firm’s future dividend payments,
any firm that grants stock-options must provide an estimate of its future dividend pay-
ments in the 10-K financial statements. It is unclear what is in a firm’s best interests in
that regard and the wide dispersion in effective dividends versus disclosed dividends across
firms suggests that different firms follow different principles. First, an overstatement of
the dividend yield may be done on purpose by the managerial team in order to convey
information to investors. Alternatively, the overstatement can come from a will to reduce
the perceived cost of stock-options. Third, providing an unbiased estimate could establish
or maintain a reputation for being truthful. Hence, there are (at least) three alternative
motives for reporting on dividend yield: Information revelation, managerial opportunism
or accuracy. The purpose of this paper is to provide evidence on the degree of report
accuracy of the dividend yield and the objectives underlying an inaccurate reporting.

We propose a new methodology to measure report accuracy. Our method is based
on 10-K and 10-Q files that are publicly available, and can be replicated by analysts and
auditors. Several studies (Hodder et al., 2006; Johuston, 2006; Aboody et al., 2006; Bartov

I

This statement is from Hirshleifer and Teoh (2003].

An employee stock option is a call option that gives the holder, employee or executive, the right, but not the obligation,
to buy shares of their companies for a fixed price (the strike) during a specified period of time. ESOs have features
that make them very different of publicly traded American options. ESOs are not transferable and impose time to wait
before the possibility to exercise the option (the vesting period). This period is set up to align effort with compensation
aud prevent from early strategic exercise if the stock price is temporary high for various reasons related to market
activity. Once the vesting period is ended, the holder can exercise the option at any time until maturity. This leads to
the physical delivery of the stocks by diluting the capital. Stock buybacks following for future delivery is another way
to proceed.

137



et al., 2007; Blacconiere et al., 2011; Choudhary, 2011; Bratten et al., 2016) analyzed the
accuracy of the reported dividend yield. However, these papers compare this yield to a
single measure while the flexibility allowed by FASB guidance indicates that there is no
clear specified method of measurement but rather a range of possible benchmarks.® For
every observation in our sample, we compute 13 dividend yields. These yields all respect
FASB guidance and are acceptable measurements for an auditor or a financial analyst.
The minimum (maximum) of these measures is selected as a low (high) bound to detect
under- (over-) report. By doing so, our methodology is robust to the heterogeneity of
methodologies across firms.

Using a sample of firms unique firms that have granted ESOs between 2006 and 2014,
our methodology reﬁurns a proportion of fair report at 90.7%, of underreport at 4.3% and of
overreport at 5.0%, representing 1,283, 160 and 184 unique firtus, respectively. We provide
evidence that private information held by managers and variables measuring managerial
oppbortunism bring information to explain the likelihood of biasing the footnote dividend
yield over reporting an accurate figure. In addition, a measure of corporate governance
quality is negatively correlated to the likelihood of underreporting and the amount of audit
fees paid by the company to the audit firm is positively correlated with the likelihood of
providing a fair report, suggesting that a higher degree of audit effort leads to more accurate
footnotes.

Fields et al. (2001) argue that the choice of specific accounting method may play a
central role in the way managers disseminate private information to investors. The idea
that the ESO pricing parameter reporting can be a way to convey superior information has
been suggested by Hodder et al. (2006). Insiders have more information than investors
about their future prospects and a dividend projection may convey information to the

market.” To test this information revelation hypothesis, we quantify the predictive power

" For instance, a company can compute a historical average of the dividend vield. Under this approach. the company
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