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1. Introduction

If the question formulated in Glosten's (1994) bed¢ed paper: “Is the electronic order
book inevitable?” sound provocative nearly a quadiecentury ago, it now seems to be
answered. Hence, more than half of the world’srfai@ markets have adopted an electronic
limit order book (LOB hereafter) to facilitate tiad (Moinas, 2008; Gould etl., 20135.

A central feature of a LOB is the absence of mankaiers that provide continuous bid
and ask quotations. Instead, traders can placeifynadd cancel a buy or sell limit order for
which a price and quantity is specified. Alternatw traders can submit a market order, without
any price. A transaction occurs when an incomirgoor an existing order’s price is modified
so that the order crosses the spread of best Hibbest ask prices. The unexecuted orders form
the consolidated source of liquidity and the bikl sisread serves as a proxy of trading costs

With the widespread use of LOBSs, the theoreti¢atditure studying the determinants of
order strategies and the nature of trading cosgsvitaessed a spurt in interest (Moinas, 2008).
Glosten (1994) builds a static model where riskiraddraders place market orders when they
are better informed on the payoff of the risky asdes model allows to determine the bid-ask
spread in equilibrium but imposes an exogenousrarideice for all traders. Foucault (1999)
proposes a dynamic model where traders’ orderegfied depend on their asset valuation and
the best limit prices offered. Foucault (1999) daestrates that if the value of the traded asset
fluctuates after the disclosure of public inforratia limit order may be executed in the case
of adverse information. It is said to be pickedanifl the trading profit may become negative.
Since higher volatility creates a higher picking-ask, traders increase the reservation prices
of limit orders widening the bid-ask spread. Theesmix then shifts in favor of limit orders,
but fewer are executed and market orders are nxpensive. Liu (2009) extends the Foucault
(1999)’'s model allowing for order cancellations aadisions. He shows that if monitoring the
information flow contained in the LOB is not toostly, uninformed traders actively revise
their orders to reduce picking-off and non-exeautigks. An alternative view of asymmetric
information is espoused by Handaaét(2003¥. They incorporate another type of risk borne
by limit order traders: the adverse selection dak to the presence of informed counterparty
traders that place market orders to benefit froeirthhort lived private information. Then,
Handa eal. (2003) derive a bid-ask spread as a functioneftlifierences in traders’ valuations

3 According to Moinas (2008), most of financial metkare order driven markets and have mainly addpbB
systems with sometimes distinct features with reédgarpriority of order execution, competition caisparency.

4 For exchanges and regulators, larger bid-ask dpraee a signal of lower liquidity and greater fivéncies.
Brokers must offer a competitive bid-ask spreatthéir clients while traders track the evolutiomobted bid-ask
spreads because they directly impact on the philfitaof their limit order strategies.

5 The existence of trading frictions makes the Fali¢d999)’'s model resemble an asymmetric inforovatnodel.
Like Goettler etal. (2005), Foucault (1999) hypothesizes that the dnmehtal value of the risky asset varies
according to a binomial tree with the same up awdrdprobabilities. Afterwards, the order choicentior market
order) and the trading directions (buy or sell slo@th depend on the traders’ private valuation.

-2-



and of adverse selection. Interestingly, the sizb@spread is found to be greater in balanced
markets than in unbalanced markets with unequalbeusnof (high private value) buyers or
(low private value) sellers. This result also peselil by Foucault (1999) is confirmed with data
related to CAC40 stocks. Goettler @t (2005) relax some assumptions made by Foucault
(1999¥ but retain the idea that both changes in tradexsiations and the consensus value on
the traded asset determine order stratéglid®ir results suggest that tttiagonal effechamely

the tendency that the same order types tend towodlach othe(Biais etal., 199%) is an
equilibrium property of LOB due to the persisterndats informational state and the waiting
time required by risk neutral traders to take ativg® of stale limit orders.

At present, there is no reason to believe thahallabove-mentioned results tested with
stock markets data, remain valid in LOB marketsnheaders exhibit risk averse preferences.
Departure from the usual assumption of risk neiyréd relatively rare in modelling order
strategies. In a mean-variance setting, Kovalewhlan (2012) study the impact of a random
delay in the limit order execution on the sellingategy of a risk-averse trader who cannot
revise their orders. They find that the bid-askeagrincreases as his risk aversion increases.
On the empirical side, Marshall @&t (2011) document that the bid—ask spreads in coritynod
markets increase with volatility as Foucault (199®%dicts, but this relationship varies
significantly across commodity families given thifatent levels of risk aversidn

The purpose of our study is to embed the modelsootcault (1999) and Handa &t
(2003) in a richer framework where risk averse tormed traders monitor their LOB screens
to extract public information before submitting ers. Our framework nests the approach of
these two authors to model two types of informatepmmetries. We interpret the picking-off
risk in the sense of adverse execution due toinabof public information, consistent with
Foucault (1999) and the adverse selection risktduke inability of uninformed traders to
discern if their counterparties hold private signah the asset value as for Handale2003).

As a first step toward the study of trading costs,order strategies of uninformed traders
are analyzed in a fairly structured dynamic envinent where they interact with informed and
noise traders. Next, we propose a reduced formuofnmodel in which uninformed traders
homogeneously recognize a similar arrival ratewf &nd sell market orders. In both models,

uninformed traders interact with informed tradand aoise traders. They are the only ones to

8 Foucault (1999) derives closed form solutionshatdost of two restrictive assumptions. First, fiorders are
valid for one trading period and an equal proportd buyers and sellers is assumed for the genasal.

" For Foucault (1999), the difference in asset widaa generate necessary gain opportunities fonallg trades
whereas Handa et. (2003) assumes that it is an outcome of taxegidity shocks or portfolio considerations.

& Biais etal. (1995) provide evidence of tldégagonal effecbn Paris Bourse for CAC 40 stocks. They put fodvar
three possible explanations) traderssplit large orders(ii) they follow what other traders are doirfij) they
react similarly to the same events (“herding”).

9 Marshall etal. (2011) show that energy bid-ask spreads are lesgise to return volatility even if energy returns
are considerably more volatile than other commesli(e.g., agricultural and precious metals).
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place either market orders or limit orders to tradesky asset. An additional feature of our
model is the incorporation of an endogenous noifextang public information signals that
uninformed traders extract after monitoring the@B.screens as in Bloomfield @t (2009}°.

By making variable the precision of these signalg,bridge the gap between two extreme
cases: a perfectly known precision or a completelgy precision. On the basis of these signals,
uninformed traders conjecture the arrival ratemafket orders and consider interdependence
of buyers’ and sellers’ decisions to revise limitlers or place new orders. We solve the
equilibrium of our model and obtain correspondirig bBnd ask prices by optimizing the
uninformed traders’ order strategies as Kovalewdlari (2012) do.

The main objective of our model is to provide aeldsid-ask spread decompositiébn
more adapted to commodity markets and for whichptteglictions of Foucault (1999) and
Handa etal. (2003) may be tested. Important related questibaswe address include the
following: How do uninformed traders react whenytliapture changes in the arrival of market
orders or a rise in the asset volatility? Why deexde selection costs constitute the main
components of the bid-ask spread as it is oftearteg (e.g., Marshall etl., 2011)? Do buyers’
adverse selection costs differ from sellers’ omab\aary according to the level of risk aversion?
In which circumstances does the bid-ask spreadaeliis maximum (minimum) size?

Concerning our objective to deliver valuable ingsgbn the composition of the bid-ask
spread traded in a LOB where traders are risk ayers obtain the following theoretical results:

- First, we verify that the price improvement offeiegl limit orders serves to compensate
uninformed traders for their risks of adverse dedecand of being picked off.

« Second, the adverse selection risk is found todpedent on the rate of market orders
and on the degree of precision and concentratiqnublic information flow.

- Third, the bid-ask spread is decomposed in threteifs differences between buyers’ and
sellers’ reservation values, the two adverse selecbsts of uninformed buyers and sellers
if an equivalent arrival rate of buy and sell marnkelers is expected. In such context, we
validate the Handa ai. (2003)’s prediction since the spread achievesx@man (esp.
minimum) at the most balancee§p.imbalance) value of market competition measure.

« Fourth, a numerical analysis of our model revedlat tadverse selection costs of
uninformed buyersrésp.sellers) are positively related to the degreéheirtrisk aversion
and the volatility of reservation values but noaitinear form as in Foucault (1999).

10 Experimental results of Bloomfield efl. (2009) suggest that the order strategies of noiders allow
uninformed traders to reduce their adverse selectéks so that the bid-ask spread should decrease.

11 1f spread estimators using transaction data (#gdhavan efl., 1997) perform poorly to estimate adverse
selection costs, assessing their performance i€ mamte difficult for commodities given that spreade often
unobservable. In addition, Van Nesskt(2001) point out that these estimators assumequantity and equally-
spaced trades. Therefore, the asymmetric informditi®. adverse selection) components of the bid-ask daea
often overestimated, which is confirmed by Kalaiftom and Ibrahim (2016) for European carbon futures
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We further exploit order and trade data of ECX tlmticentrates 90% of European carbon
futures trading (Mizrach and Otsubo, 2014) to testfour implications of our model. The so-
called EU Emission Allowances (EUA) futures marigetviewed as an emerging commodity
market where the levels of risk aversion (Cheval®12), of information asymmetry and of
futures volatility are significantly high (Kalaitgou and Ibrahim, 20163,

Overall, our empirical tests confirm the meritsoaf model and contribute to the market
microstructure literature on carbon markets inghsays. We find that the buyers and sellers’
adverse selection costs represent on average 7@é bfd-ask spread but evolve in line with
seasonal variations in the level of informationrasyetry as reported by Medinaadt (2014)
and Mizrach and Otsubo (2014). Moreover, the bik-sgsead and adverse selection costs of
uninformed sellersrésp. buyers) follow a U-shapedesp.inverted U-shaped) pattern while
the bid-ask spread component due to traders’ Isdieferogeneity is rather constant along the
trading session. Finally, we detect that degonal effects significant in the European carbon
market and is an LOB equilibrium property (Goetéerl., 2005). Interestingly, this market
feature is explained by adverse selection condidesaat the opening hours and then by the
increasing influence of order splitting strategtesdong a quicker liquidity replenishment.

The rest of the paper is organized as follows. fiée section sets out the model and
describes the order strategies of uninformed teadg#ction 2 analyzes the equilibrium of our
model and its implications in terms of price forraatand bid-ask spread. In Section 3, we
perform a numerical analysis of our model thatweh further implications. Section 4 presents
empirical tests and our findings using EuropeabaanEUA) futures data. Our conclusions

and an outlook for further research appear in 8e@&i All proofs are gathered in the appendix.

2. A new order placement model set in a CARA-nornmdramework
We first focus on the four features of our ordexceiment model set in a CARA-normal

framework before describing the optimal order siyas that uninformed traders can follow.
2.1. Characteristics of the model

(1) Market structure. We consider the following competitive model ofetssading. Traders

have access to two asgéts single risky assetwith stochastic terminal valuerXliquidated

12 The EU Emissions Trading Scheme (EU ETS) creatadva sort of commodity: a EUA (or quota) freely
allocated that needed to be surrendered for a toh@€, emitted by one of the 13 000 installations covered

13 Biais etal. (1995) put forward three explanations for the dizg] effect: i) traders split large ordersi)(

traders follow what other traders are doinij) (raders react similarly to the same events (“imerg.

14 The choice of a portfolio including a bond is matied by two considerations. First, in times of lkeigh
uncertainty, traders should rebalance their paa$oloward less risky assets (e.g., bonds) as thskiraversion
increases. Second, Chevallier (2012) found a 3@6metith a stand deviation (risk)0.06 for a portfolio including
energy (EUA, oil, gas, coal) futures, weather, E&Bear benchmark bond, equities, T-bills. He codebithat
carbon, gas, coal and bond assets share the bestriies to form an optimal portfolio.
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within a pre-specified time horizon T and a riskl&®nd with perfectly elastic supply paying
out a certain payoff 1 at time T. Only the risky asset is traded ovepan of t trading times
with one unit limit or one unit market order in arp LOB trading system.

The market operates in discrete time, each tingelsterg characterized by new submission of
orders or limit order revisions. The usual prigeéipriority for order execution appliésif the
order does not result in a trade, it is added ¢d @B as a limit order. Trade is executed at the
value of the best pridee. the highest priced bidd€sp.lowest priced ask) quote.

(2) Market participants. Three groups of market participants trade theyresdset which are:

- Informed traderg]) are rational agents who only use market orfde¢osbenefit from their
short lived private information about the riskyetd§sindamental value (Handaatt, 2003).

- Noise/sentiment tradef®N) can either behave as irrational traders whaadf they have
private information, or follow feedback speculatisgategies (De Long edl., 1990;
Bloomfield etal., 2009). They use markets orders to obtain imniedieder execution.

- Uninformed tradergU) are rational agents without private informattbat trade by means
of limit and market orders to maximize their teralimealth. Two profiles of uninformed

traders with different beliefs on the value of tieky asset are considered. For the buyer
(resp seller) groupunx (resp psyx) is perceived as the reservation price of varianz@e

(resp cszs,a for the true value of the risky asset, for whikhy are likely to buyrésp sell)
one unit of the risky asset. When an uninformedebiysp seller) trades for a share of
the risky asset at a specified priogi Rresp. Pasy, he expects a terminal wealily is a

random variable given by W Xpt+ (W1-Phia) xRt (resp.ot= (W1+Pas) xRt - Xs 1.

All of these traders are risk averse. For instano@formed traderare supposed to formulate
their order strategies to maximize the expectatioutility of Wr: E(u(Wr)) = - exp(p(W)).
This utility takes the form of a negative exponahiinction that depends on a constant absolute

risk aversion (CARA) parametersuch as in the framework of Kovaleva and lori @201

(3) Endogenous noise affecting public informationWe conform to the method of Berkman
and Koch (2008) to estimate an endogenous noisetaff) public information. Since the

activity of noise traders is not directly obsenehte consider the daily net initiated order flow
by B brokers through which they trade on t dendtgdandom variables {nb=1,..., B} that

areiid distributed with mean zero and variamee If each broker has an equal market share

151n a LOB, a limit order is executed given time gmite priority rules. Those posted earlier arghfer ahead in
the queue (time priority) and are executed if feeobrders have price priority and an incomingerad willing

to be a counterparty. A marketable limit order abthe ask executes at the ask, is considered askatorder.
161t is a classical assumption made by the theaiditerature related to order submission stragdi@r instance,
Handa etal. (2003) assume that informed traders only submitketaorders because of short-lived private
information. In equilibrium of his model, Rosu (B){inds that the patient informed trader who hborey-lived
private information also post market orders whaogsrdeviate far from the fundamental asset value.
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N/B noise traders trade through each broker, thednables are aggregated measures of net
initiated order flow (OF) across B groups of N/Bis® traders which are therefone
distributed with mean zero and variance (N/@JxIn either case, the net initiated order flow
per brokerOF/B becomes a consistent estimate of an endogenosss mraiportional to the net

initiated order flow across noise traders provittet there are enough active brokers.

(4) Public information and order strategy. By monitoring the information flow through their
LOB screens, uninformed traders become aware of pellic information (that arrives
randomly) and may learn news before others. Heesinformational state of the LOB contains
real-time information signals that are publiclyille. Further, uninformed traders are supposed
to extract and interpret these signals affectedrmlogenous noise to place new orders or revise
ones. As a result, their order strategies depernttiginposterior beliefs about the fundamental
value of the risky asset and the precision of # (hoisy) public information received.

We denote L@®) the information set of the LOB state that invawreal time and public
information. Its interpretation differs from unimfoed buyers and sellers (Liu, 2009). In

particular, we assume that the uninformed buye¥sp( sellers) extract the noisy sigr;’fgl

(resp.Zs,)) from the same information set®@) perceived from the initial time of trading t =1.
Let us consider the case in which uninformed buyaes seeking to predict the

fundamental value of the risky asse&p@fter interpreting a noisy signéln, which verifies
bexm t&,,where &;,is an idiosyncratic shock, independent gf .Xwith mean 0 and
variance% w?,,- Assuming that X, and fbl have a joint normal distribution, we exploit the

Projection theorem to update their conjecturesherbuying reservation pricésas follows:

X o, o,
o Nyl ||| S, of || atthe first time of trading t= 1;
Zb,l Hox )| Oox  Obx vt W0,y

to?, to?,
Kor Lo [ Hox || 0 oF at the time of trading t ;
Zb,l :ub,x to—lfx tagx +1 mﬁsl

17 Berkman and Koch (2008) confirm the merits of tipgbxy that we have denot&F/B by showing that their
daily variations are positivelygsp.negatively) correlated with the arrival rate ofnfarmed traders, the trading
volume and the market deptte$¢p the bid-ask spread and the probability of infodrtrading).

18 One reason to use normal distributions is this iy amongst the order placement models andriipgrties:
expectation, variance, projection theorem of joirtmal distributions and integral calculus. Anotteason is that
coupling exponential utility functions with normdistribution allows to control the effects of infoed trading
and risk aversion on prices. A first effect leaglstreduction of price information disclosure wiasréhe second
effect contribute to increase it by diminishing tmpact of noise trading. With normal distributioasd
exponential utility, Biais and Foucault (1993) fiticht these two effects are exactly offset.
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Where:pﬁ _ T is the degree of uninformed buyers’ projectiofunidamental value
i OF
aﬁ,x +E u:TZb,f,l

Xb,7 ONnto the noisy signa?ibylextracted from the LOB informational statedl)(

Likewise, uninformed sellers are assumed to homegesly observe a noisy signal after
monitoring the LOB informational s&8ased on this signal, they forecast the fundameatak

of the risky asset X; after interpreting a noisy signéiLl, which corresponds tﬁsl =X tey
wheres . is an idiosyncratic shock, independent afrXvith mean 0 and variancg® 2 .
, B S,

Assuming that X anle are jointly normal distributed, their projectioase as follows:

2

2
Xar ] N.| [ Hsx T T at the first time of trading t= 1;
Z 1 1 2 2 + OF 2

sl /u S,X as,x as,x E a-s,g 1
s\ [to? to? . .
Xar  on B )] at the time of trading t;
z Ul e Il to?, to? +t L w2
sl ,Ux Us,x Us,x B sel
2 . . . .
Where:pz _ Osx is the degree of uninformed sellers’ projectiofusidamental value
sx OF
T2 +§ [Oess

Xs,ronto the noisy signafslextracted from the LOB informational stategl)(

We introduce a specific public information struetdior two distinct reasons. First, prices
and order flow of informed traders aggregate dspeprivate information and could provide
further information about the fundamental valueha risky asset. Second, the net order flow
of informed traders initiated by their brokers ga@me indications about the realised amount

of noise trading which can allow uninformed traderpartly hedge noise trader risk (to which
market orders is exposed). Ffl%F pzs = [0;1), these two informational roles of pricedaorder
flow are present. Conversely, the only visible siga this held by informed traders whpzb:

pzs: 1 (perfect correlation). Besides,pﬁsandpzs go down, the noise components of prices and

(order book) public information become increasinghgorrelated across traders.

The above-mentioned model featu(g@} (2); (3); (4) have important consequences on

the order strategies of risk averse uninformedetrathat we describe in the next paragraph.

2.2. The uninformed trader’s limit order strategies
Order placement strategies is a dynamic process@ves not only the submission of
market and limit orders but also the revision ofitiorders. In our setting, uninformed traders
are the only limit order submitters. We make tlessical assumption that a limit order expires
at the end of the trading session if it is not edled before (e.g., Handaat, 2003).
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Uninformed traders can trade with different coupdety traders without restriction:
informed traders who arrive with a probability, poise traders with a probability @and
uninformed traders with a probability.dn addition, we suppose that uninformed buyessy.

sellers) homogeneously recognize the arrival ratearket sell esp.buy) orders:k! (resp.
ki) which are submitted to urgently selé$p.buy) orders. From Fig. 1, we observe that a

limit buy order may befl) executed against informed sellers)(@) executed against noisy
sellers (G), (3) executed against uninformed sellerg)(@®r (4) unexecuted (kE). A market

buy order is immediately executed with an uninfodrimit sell order. The probability to face

informed sellers’ counterpart ik while Ryxk! , puxk! , and (¥ k!') are the probability

to face noise sellers, aggressive uninformed selead patient uninformed sellers (Glosten,
1994) respectively. In addition, Fig. 1 displayigalssible configurations for which uninformed

sellers can execute a limit sell order or altexrsdyi a market sell order. Accordingly, their

probability to be confronted to informed buyersigk}' while Ryxk}' , puxkY , 1—- k' are

the probability to be confronted to noise buyeggyrassive uninformed buyers and patient
uninformed buyers respectively (Glosten, 1994).
<Fig. 1 is inserted about here>

Henceforth, we are able to determine four spegfafit functions for an uninformed
trader submitting a limit order and executing (ot)nt at time t given the profile of counterpart
trader met (G Cn, Cu,Cre). For the four scenarios presented below, thecsigbsh and s
indicate the buy and sell sides respectively, Lotiess anuninformed trader’s limit order

strategy, E (W) stands for his expected terminal wealth at thedride trading session T.

(1) Informed traders at the opposite sideFor Glosten (1994) and Handaabt(2003), limit
order traders are confronted to an adverse setegioblem when they meet informed
counterparty traders. Both Foucault (1999) and (R@09) consider that uninformed traders
who place a buyrésp.sell) limit order write a free putgsp.call) option of the execution price
as the best bid price,iP(resp.the best ask price.f to informed traders. For Foucault (1999),
this option may be exercised when volatility istieg triggering a potential limit order harmful
execution. By placing a limit buydsp.sell) order conditioning on informed trades)(@iven

the implied probability density function,  (x o1|Z61.C, )(resps ., (x.,|Z...c,)), an uninformed

trader with a terminal wealth Y\Aexpects the following utility:
¢ M Elk_),t [U(WT )|2 b1 Ci ] = _LRTPM [1_ eXp[_ ¢(X bt T W1 - Pbid )]] f bt (X b,T |Zb,l vcl )dX b,T

Zs,l 'CI )jxs,T

-+ sellsidetet fuwn)Z,.¢ ]= [, fi-exd- ol +wo+ )1



(2) Noise traders (N) at the opposite sidéMarket microstructure literature often postulates
that noise traders do not hold private informatidhey can use market orders to satisfy
immediate liquidity or portfolio rebalancing needdso, their speculative feedback strategies
explain their aggressive trading (de Longakt 1990). Theoretically speaking, noise sellers
(resp.buyers) trade the altruistic priceidfresp.Pasy with limit order traders to get immediate
order execution. Accordingly, the actions of ndisslers beget a bid-ask spread reduction,
allowing uninformed traders to reduce their advesedection losses but hinder the adjustment
of prices to the fundamental asset value if theketas less efficient (Bloomfield etl., 2009).
Then, execution of limit orders become uncertaicabge the fundamental asset value is more
volatile or the picking-off risk may increase (Fautt, 1999) if adverse public information
arrives. By posting a limit buyrésp.sell) order conditioning on trading with a noisader

counterpart (&) given the implied probability density functiombyt(xbYT\Zm,cN)(resp.

fo, (x or stl,cN), an uninformed trader with a terminal wealth ¥xpects the following utility:

Et,t[u(WT‘zb,l’C ]:J.Pb‘dRT[l_exd_dxbt"' (W, -Py,) )]]fbt( bT‘zbl ¢ )deT
.w: J. [1 exd (ﬂ(xbt W Pb|d )]]fm( bT‘Zbl’ bbe

=" [1 expl= olX . + Ry (W, =P Fo K or|Z01,Co X1
Zo o ldX

Els_,t[u(WT)zs,l'CN]:J.PaSkRT[l_eXF{_d_X +R W +Pask ]]fst( sT
PkT[l eXF{ d_x +R W+Pask ]]fst( sT s,l )dXsT

:J._m[l_exd_d_xs,t +R W +Pask ]]fst(x s,Tzs,l'CN)sz,T
Notice thatthe left hand side term of the above equationsessnts the price

« Sell side:

improvement while the right hand side term accofmtshe picking-off risk of a limit order.

(3) Uninformed traders at the opposite sideUnlike Foucault (1999) and Handaakt(2003),

we also consider the case for which an uninformatket order trader is the counterpart. He is
supposed to behave like a liquidity trader (Goettfeal., 2005; Bloomfield etl., 2009) in
submitting market orders to gain immediacy or beeahey estimate higher waiting costs due
to existing aggressive price limit orders in themeaside (Rosu, 2009). Given the arrival of an
uninformed market order counterparty trader, amf@nmed order trader can realize trading
gains from price improvement but also can faceafdbeing picked off as is the case previously
with noise traders. By submitting a limit buy (3@tder conditioning on uninformed trade,{C

given the implied probability density function, (x,.[z,,.c,) (resps,,(x,,[Z...c,)), an
uninformed trader with a terminal wealthr\&xpects the following utility:
- Buysideg;, [U(WT)‘zb,l’CU] :J:[l_exd_qb(xb,t +R (W, - Pbid))]]fb,t (X b,T‘zb,l’CU )dxb,T

. Sell sideE;t[u(wT)\ZSl,cU]= [ [r-exd-d-x, +R, (W + P (X o Zowrc Jox
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(4) Limit orders of the opposite sideln the opposite LOB side, there are several reawns
an absence of incoming market orders. First, asnméd traders obtain new information which
is desirable, they can submit same side marketrar@econd, the opposite side noise traders
may have no incentives demand liquidity in submdtplace market orders. Third, uninformed
traders of the opposite side may decide to plagelimeit order or undercut existing ones. In
these three possible configurations, any limit ordader will lose the opportunity of price
improvement and run the risks of uncertain limderexecution. To this respect, we assume
that an uninformed trader is rational in a sens¢ ifhhe expects that a limit order cannot be
executed before the end of period T, he will préde@nvest in the bond from which he earns a
fixed payoff R (Liu, 2009). By placing a limit buyrésp.sell) order conditioning on the risk

of non-execution (Kg) given the implied probability density function, (x b,T‘Zbyl,cw)(resp.

fo (x or zs,vaNE))’ an uninformed trader with a terminal wealtls Was the expected utility:

- Buy side:E;, [U(WT)‘zb,l vCNE] = I:ol_ exl- ¢~ R (W,)] Fo (X bT ‘Zb,l vCNE)de,T

7.0.Cou|= [ - exil- o= Ry (W))IF, (X o 2o C JiX e

2.3. The uninformed trader’s market order stratsgie

- Sell side:gt, [U(WT)

The uninformed buyer who has a higher valuatioritierrisky asset faces a decision tree
displayed in the upper panel of Fig. 1. If the cefitppn for order execution makes their limit
order strategy unprofitable given insignificant rexecution risks and waiting costs (Rosu,
2009), uninformed buyers can instead submit a manider strategy denoted M. By placing a
market buy (sell) order at time 1, given the imgligrobability density functiory, (Xb,T\Zb,l)

(resp.f,,(x.,|Z.,)), an uninformed trader with a terminal wealth Was the expected utility:

- Buyside: E’t\;l,l[u(WT )‘2 b,l] = Ji, [1_ exr{— ¢(X ot TRy (w, - Pask))]] f b,l(x bT ‘Z b,l)dx bT

« Sell side:Egl[u(wT) Zb,l)dXS,T

e [ - expl- AR, (W, + Py )= X (X

3. The equilibrium of the model and optimal prices

3.1. The equilibrium of our model and the optimidl &nd ask prices

We infer the equilibrium of our model to make opinthe uninformed trader’s order
strategy who faces uncertain market conditionsemts of knowledge upon the precision of
(noisy) public information and no identification obunterparty traders among others. In
previous sections, we have seen that the ordeéegiraf uninformed traders involves two steps:

- either submit a buyrésp.sell) limit order or a buyrésp.sell) market order ;

- if a limit order strategy is followed, determiaerevise the bid or ask price at which the

order is posted. We begin by transposing the optomter strategy of an uninformed buyer.
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After normalizing the payoff of the uninformed teado zero if the limit order expires in
the case that it is not executed, we write his etgueutility for an order strategy combining a
limit buy order placed at a priceif?’and a buy market order executed ak &s follows:
By [uWo)] = [ [t-exd- gl .+ Re (W, =PIty (X o[22 X
=kd' b, f:b'd [L- exd- X, + R, (W, =R )If,. (x or|Z01:C i @)
+k'.(py + pu)fm [1_ exp[— q)(X oo + R (W, = Py ))]]fb,t (X b,T‘Zb,l 'Ce)dx b.T
+ @k [L-expl- dAW,R IFy, (X |Zor . Coe JAX
With: 6 D{N, U} and the respective probabilities which both vepfy+ p, +p, =1
The uninformed trader observes the LOB informatictate before placing (or revising)
his buy order at time t. For the sake of tractghithe probability density functions conditioning
on each of his counterparty trader are assumedicaeriJsing a Taylor expansion, we obtain
the linear buy side equilibrium figured out in €8) where its left hand side represents the
expected price improvement of a limit order ovemarket order while the right hand side

aggregates the expected risks of adverse seleatiopjcking off and of non-execution.

Proposition 1.1.summarizes the implications in terms of price fation.

Proposition 1.1.The uninformed buyer aims at producing a sufficignte improvement to
cover the adverse selection costs due to the presdiinformed traders and minimize the risks

of non-execution and of picking-off due to the aatiof (noisy) public information signals.

kgﬂ (Pask - Pbid): Ri kgﬂ X LOSS’:SYRA + kgﬂ ><¢\ %(t _1)E@‘_ ps)wﬁx + (1_ kgﬂ )X (T:b - PaskRT) (2)

Price improvemert T Adverse selection risk Non-executionrisk
duetoprivate informatio n Picking -off riskduet@adversepublic information

With the following conditions:t> land 0< pZ <1

*n= T isthe degree of an uninformed buyer’s projectionunidamental asset value;
G+ 3 0,

* LOSYSRA =;XP| x(l— N(V, )- - N(\?b))x[l_exr(_ﬂRT(Wl_pbid)+|Eb)] is the adverse selection

loss of risk averse buyer. It is a nonlinear-imiplignction of: the arrival rate of market sell

orders, his probability to trade with an informeader (F), his revised fundamental value of

the risky assef, = p?z,, +(1—p§)[élub’x +;¢U§,xj and the following two random variables:

OF
~ P.R.— ZZ _A_ A2 +all- zthj
v = (PbidRT ~poZyy+ (1= p;) DUb,x) and;{ _( bRt = PoLan =00 L + AL 13,) B ™
b~ b~
e, S, -4

Appendix A.1 shows the proof.
O
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Similarly, the uninformed seller observes the infational state of LOB at time t-1 to
submit (or revise) his limit sell order accordingiytime t. He is indifferent between placing a
limit order or a market order if his expected tyilirom executing a market order at the bid
price Rid equals that from trading with a limit order sulteut at the ask price.&

Euwo)] = [ - exd- R, (W, + Ry )~ X ]y (X o 20 JiX
=ky -p|J.Pask[1_eXF{_¢’(R W, +P,g)- st)]]fst( lZaC )dXsT (3)
+ky'.(Py +pu)fm[1—exp{—dR W, +P,)- St)]]fst( rlZ.Co )dXST

+(1- k{\)/l )J.:[l_exd_ ¢(W1RT(C‘)1))]]fs,t (Xs,T Zs;L=CNE)dXs,T
With @ D{N, U} and the respective probabilities veriy +p, +p, = . 1

We now derive the linear equilibrium for the setlesas made for the buy side. The left
hand side of Eq. (4) represents the price improveragpected from a limit order, while the
right hand side encapsulates the expected riskgwdrse selection loss, of picking-off and of

non-executionProposition 1.2.summarizes the implications in terms of price fation.

Proposition 1.2.The uninformed seller aims at producing a sufficignce improvement to
cover the adverse selection costs due to the preséiinformed traders and minimize the risks

of non-execution and of picking-off due to the aatiof (noisy) public information signals.

(1 kM )( ask bld) kMxLOSQSRA"'kMX(p\/i[G[ [(ﬂ )osx (1 k ) PbldR ) (4)

Price improvemert T Adverse selection risk Non-execution risk
dueto private information Picking -off riskdueto adversepublic information

With the following conditions: t > land 0<p? <1

. o? is the degree of an uninformed seller’s projectbfundamental asset value;

$,X

Ps=
a2, +g:w2
B

* LOSGS®A = ;x b, x(]_— N(V,)- @~ N(\?S))x[l— ex;{— AR, (W, + Pask)’fE) is the adverse selection loss

of a risk averse seller. It is a nonlinear-implitinction of: the arrival rate of market buy

orders, his probability to trade with an informealder (), his revised fundamental value of

the risky assef, = p?Z_, +(1- p?) [élusx +;¢U§’Xj and the following two random variables:

OF
= PR, - p2Z., - (- p?) U +¢(1—p2)tw2)
- P R - 2Z +(1- 2 - (ask s sl s SX s SX
Vs ( ask O;l ( Ps )Iusx) and Ys - o B
to 2 —ta 1- 07
B B -si)

Appendix A.1 shows the proof.
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We are now able to conclude on several pointst,Rine optimal limit prices should
generate enough profits to cover the direct cosfdied by adverse selection (Handaakt
2003) and picking-off risks (Foucault, 1999). Wedfithat the picking-off risk is positively
related to the volatility of the risky asset indiwith the prediction made by Foucault (1999).
Second, the uninformed trader adjusts his buy afideservation asset values given the level
of volatility, his coefficient of risk aversion, dihis public (noisy) information signals received.
Third, a lower execution risk at each price untierliest quote induce less incoming aggressive
counterpart orders and higher waiting costs focetien (Rosu, 2009). Finally, in a context of
imperfect information and market uncertainty, dyfuévealing equilibrium in which informed
traders’ signals are fully revealed into pricearidikely (Foster and Viswanathan, 2016

Instead,Proposition 2 focuses on a signal-revealing, complete equilibraolved from

the partial buy and sell sides’ equilibrium strag¢sghat are determined in Egs. (2) and (4).

Proposition 2: There is a unique and signal revealing equilibrafmrice quotation for a given

trading time t which involves the following optimiaid (P,,) and ask P, ) prices:
_i (1—k?,ﬂ) = i (1_k2/|)[kM T _ AS,RA _E E _ _ A2)42
Poig = R, {(l_ksw)x Fs:|+ R, {W R, —LOSS, 2%/0': [t 1)(1 Ps )ab,x 5)
i kt’;/l AS,RA _ AS,RA 1 E _ A2V 2 1 A2)2
o {m{(msg LOSS!S® )+ >0 /OF qt-1ffi- p2Joz, - - p? )U]H for t=1
1- kY )k

— kM _
Pask:é{(lflw—ka()gﬂ)xa} [1 o [k“: x{F +LOSSSR + 1 % o Eﬂt 1)1~ p)aH

Rll(l::—MkM){(Loss“SRA LossASRA + ¢’\F [qt- 1)Eﬁ pb)% (1-p§)0§x]}] for t>1

In Eq. (5), the first part of the bid price is feld to the asset valuations of market sell

(6)

order traders and limit buy order traders. For sk-everse market sell order trader, the

. Fora

reservation value is adjusted to asset volatjityand by the discount ra(;{ 1 0?)

risk-averse limit buy (uninformed) trader, the mrs¢ion value depends on the asset volatility,

the discount rate, /3(1_ pz)and the expected loss of adverse selecti@ss;>™. In other
OF

words, an uninformed buyer can improve his pricentwease its trading profits with noisy
sellers and aggressive uninformed sellers. Otherwie faces the risk of adverse selection
expressed in the second term of Eq. (5), this ahdo@icked-off, and of non-execution
expressed in the third term of Eq. (5). Accordingtte rule of competition applied to order

execution, the preference of uninformed buyergpfacing limit orders generates an increase

19 Foster and Viswanathan (1996) show that the |qvesip.higher) the correlation of private signals abdnat t
fundamental asset value held by informed tradetbéslessresp.more) traded prices are informative.
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of Pvia reducingde factotheir expected utility. Ultimately, while the exgted utility of limit
buy order at time t equals this of market buy ordeinformed buyers are indifferent between
trading via limit order and market order (Kovalearad lori, 2012).

The first term of Eqg. (6) makes the ask price depento the asset valuations of market
buy order traders and limit sell order traders. fdt®nale used to explain the escalation of bid
price also apply to explain the escalation of thle @rice. Additionally, the bid and ask prices
are together related to the difference betweerodisied adverse selection losses of buyers and

sellersLOsSgS® - LosgS* from the third term of Egs. (5) and (6).U6sg°*is lower fesp.
higher) thanLoss***, bid and ask prices simultaneously would incregassp. fall). Other

things being equal, uninformed sellers can expatseafesp.a fall) in their trading profits

whereas uninformed buyers can expect an incraase.ecrease) of their trading profits.
Therefore,the evolution of adverse selection risks borne byformed traders are directly
related to the arrival rate of market ordd?soposition 3 focuses on the implied correlations

between variation in adverse selection risks amhtian in the arrival rate of market orders.

Proposition 3. The expected adverse selection losses recognizeshibjormed traders are
directly affected by the arrival rates of markeylaund sell orders.

(a) The expected adverse selection costs recognizeshinjormed buyersrésp.sellers) are
negatively (esp. positively) associated with the arrival rates afrket buy orders, implying:

ILOSSSRA /9kM <0 (respaLOSSS™ /okM >0)

(b) The expected adverse selection costs recognizeshinjormed sellersrésp.buyers) are
negatively esp.positively) associated with the arrival rates @frket sell orders, implying:
0LOSS > * /oky' >0 (respaLOSSS™*/okY <0)

Proof of Proposition 3 is given ilsppendix A.2.
O
3.2. A novel bid-ask spread decomposition (reddiced of the model)
As afirst step toward the study of price formatithre order strategy of uninformed trader
is scrutinized in a fairly structured dynamic eowiment. In the following paragraph, we
propose a reduced form of our model in which ummied traders homogeneously recognize a

similar arrival rate of buy and sell market orderkis implies that the parameter k verifies
k=k! and1-k =k and directly affects the probability of order exécn as seen in Fig. 2.

If k tends to unity, most of market participante aonsidered sellers. To avoid the risk
of non-execution, two strategies are possibleeeithey decrease the bid price of their limit
order or alternatively the ask price of their markell order. Therefore, their revised bid and

ask quotations approaches their reservation valuthe opposite side, few numbered buyers
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have an absolute competitive advantage over outatedtsellers but the adverse selection risk
still concerns uninformed buyers if sellers areinied. If k tends to zero, outhumbered buyers
will compete with each other and pushes their prige. The ask price of market buy orders
approaches the reservation buyers’ value whilebttieorice of the limit order is close to the
buyers’ reservation value minus sellers’ loss ofemge selection. Also, uninformed sellers
benefit from a competitive advantage even throwglers still suffer from adverse selection
risks if counterparty traders are informed.

<Fig. 2 is inserted about here>

Hence, we can infer the buy and sell partial elquiim uninformed traders’ strategies
should they expect an equivalent arrival rate of éod sell market orders. After determining
the optimal bid and ask prices, we obtain a noeebdposition of the bid-ask spread in three

factors, which is presented Rroposition 4.

Proposition 4. If uninformed traders expect an equivalent arrngaé of buy and sell market
orders, the equilibrium bid-ask spreads decomposed in three weighted factors:

- the discounted adverse selection costs of ummédrbuyers and sellers respectively;

- the present value of the different risk-adjudteders’ valuations of the risky asset.

_W ey _mule @ o 7
T RTx[va RVS]+RT *ASC, + o> XASG (7)
Given the weightsy = K&=K) . k¥ . _ @K’ such thato: + oo+ ms = 1.
I 1-kx(1-K) 7 kel - AT 1mkxak) P

And the following bid-ask spread factors:
- RV, =p?Z,, + 1-p?) [u° —;([x)'ix) : the risk-adjusted valuation of a buyer;
- RV, =p2Z_, +(1-p?) (S +%qx)’ix) : the risk-adjusted valuation of a seller;

- ASC, :% \/g(t‘l) (- p?) 2, + LOSESRA the discounted adverse selection costs of a buyer

- ASC, =%¢ \/E (t-D) - p2) 2, +LOSGSRA: the discounted adverse selection costs of arselle

Proof of Proposition 4is given inAppendix A.3.

O

In the case that, = ps, the expected adverse selection loss of sellerseflsyys only
involved in the bid-ask spread composition, gemegaips=1 (resp. m2=1) under extreme
market competitionk=0%) (resp.k=100%). Ceteris Paribyshe size of the bid-ask spread is
minimized Whenk=50%, that means a well-balanced market, the bid-askaspachieves a
maximum and the equalityi=m2= w3=1/3 is verified. In either case, it is the largestueabf

o1 i.e.the weight of the different valuations to refleetders’ heterogeneobgliefs.
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Generally, the viability of LOB depends on a consfaovision of liquidity at constrained
costs, which may be either immediacy costs (forptwditability of market orders) or bid-ask
spread (for the profitability of limit orders). Froour model, we understand that the bid-ask
spread must provide enough price improvement farffarmed traders to reduce their risk of
adverse selection and of picking-off. Thus, the-ds# spread also incorporates the effect of
buyer’s and sellers’ heteregeneous valuations wiefundamental value of the risky asset is
unknown. Finally, we determine endogenously theipren of (noisy) public information that

is likely to affect the weights corresponding te three bid-ask spread components.

3.3. The behaviour of bid ask-spread accordindhgrecision of public information

Bloomfield etal. (2009) oppose informed traders who hold privagnas on the
fundamental value to uninformed traders who trad#he basis of noisy prices and information.
Similar to these authors, we assume that informadets trade on the basis of private
signals while uninformed traders update their lbelien the (unknown) risky asset
fundamental value at each time of the trading pE)pT] conditioning on the noisy public
information observed at t-1. Thewge allow for variations of noisy public information
precisions between two extreme cases: a perfecispyep=1 or a complete imprecisign=0
to study the associated effects on the bid askaspnéth theCorollary 1 and Corollary 2.

Corollary 1: In the case of perfect correlation of public infation signals which implies that
bothpp= ps==1 and JE _ 1, the equilibrium bid-ask spreadverifies the following equation:
OF

7=z, -7, )+ &2 Losss + 43 Losgs (8a)
R, ' TR, R,
Corollary 2: In the case of very low level of correlation of palinformation signals implying
that bothpp andps= 0 and\/E _ o, the equilibrium bid-ask spreads written as follows:
OF

7= Rﬁ RV -RV") + % LOSS'S + % LOSES (8b)

T T T
Where: RV, =y, %qx;;X (resprv, =, +%<P0§.x) are the risk adjusted valuation of buyer
(resp.seller) on the fundamental value of the risky aisse
Appendix A.4 shows the proof.
O

For these two propositions, the first order cowdisi that give extremums (maximum
and minimum) of Eq. (7) are maintained. With arrexte level of order imbalanck=0%)
(resp.k=100%) the expected loss of adverse selection of seltergefs) are only involved,
the bid-ask spread is minimized angF1 (resp.m2=1). If k=50%, we verify the result of
Handa etl. (2003)i.e. the bid-ask spread achieves a maximum with @w2= ®3=1/3.

These two results confirthe stability of our model inferences in termslod size and

composition of the bid-ask spread in response &mgimg market conditions.
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4. Numerical simulation and implications for the hd-ask spread

Even through our model offers an insightful anaysi price formation and a bid-ask
spread decomposition, its unique solution is nat limear closed form. To transform Eq. (7) in
a linear form, we assume that the expected valubeoterminal wealth ranged from zero to
unity. Based on this assumption, we set up thewielig basic parameters values for a scenario
analysis of our modelpyx= 0.12, usx= 0.11, their respective variances;x=0.003 and

0sx-0.003,R=1.01,¢=1, the arrival rate of market ordegs=k} =k = 05 and the degree of

precision for noisy signalsB P, =\/E@, = 0.2. We thus proceed by a recursive processen th
OF OF '°

equilibrium conditions to obtain convergent soln8o Hence, we can explore the model

implications using numerical tests drawn from inglegiently tuning the parameters.

Fig. 3 presents the effect of a variation in thévat rate of market buy order given two
risk aversion coefficientspEé 1 or¢p= 1,5) on the adverse selection costs and the cdpvéa
confirm the implication®f Proposition 3, i.e. the uninformedresp.buyers’) adverse selection
cost are negativelydsp.positively) associated with the arrival rates @afrket buy orders when
the size of the spread is rather constant. Thigltresiggests that the first negative effect on
adverse selectiofws) neutralize the second of®:), while @1 is unaffected.

<Fig. 3 is inserted about here>

Fig. 4 plots the adverse selection costs and s@edae precision of buyer’'s and sellers’
noisy signals equally vary. The precision of naggnals descendsgsp.ascends) the expected
adverse selection costs for selleesp.buyers) whereas the bid ask-spread is stable wérate
the level of risk aversion is. This result is not@ising because when uninformed traders hold
more precise information, they are more confidentheir estimation of their reservation buy
and sell values. Therefore, they revise more apjaigby the price of their limit orders
downward fesp.upward) reducing their risk of being picked-offthee event that an adverse
(resp.favorable) information arrives (Foucault, 1999).

<Fig. 4 is inserted about here>

In Fig. 5, we examine the joint effect of increagihe variance of buy and sell reservation
values and the precision of noisy signals on tifferdince in risk-adjusted valuatiom1) and
on the bid-ask spread. Whatever the variance of &y sell reservation values is, the
percentage contribution @1 to the bid-ask spread remains stable whereabs#slae level
augments as soon as the precision of noisy siggiigered.

<Fig. 5 is inserted about here>
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5. Empirical Analysis
Our empirical analysis aims at first verifying whet the predictions presented in
Propositions 2and 4, Corollaries 1 and2 are valid. We focus our analysis on an emerging
commodity market: the EU Emission Allowance (EUA)lmon market for four main reasons:
- All carbon exchanges use a LOB trading system fmmarket inception until now.
- Some market microstructure studies have explaired informed interact actively with
uninformed traders in EUA futures market (Kalaittoagand Ibrahim, 2013; 2016).
- The size of the bid-ask spread fluctuates througtimiyear and is mainly determined by
adverse selection costs while inventory costs glayinor role (Medina «tl., 2014).
- A competitive and active brokerage sector factisahe recourse to block trading and order
splitting strategies by informed traders (Frun£4,@ Ibikunle etl., 20165°.
Chevallier efal. (2009) estimate a risk aversion coefficient forAfutures higher than for

equity markets, which depends on the occurrenemfial regulatory (compliance) events.

5.1. Data selection

The data used are drawn from the Thomson ReuteksHistory database (TRTH) that
contains the history of order book information #ale to market participants in real time in
the LOB of ECX. Market participants are pollutingris and external investors who can trade
if they have a trading account (as a principaNiartheir brokers (as a customer).

The LOB of ECX concentrates almost 90% of EUA fatutrading activity from 2008 to
2012 (Mizrach and Otsubo, 2014). Also called Webités an order driven market where
matched bid and ask quotes are executed basedsbprice and then time priority. Trading is
continuous from Monday to Friday, with trading h®@7:00-17:00 London Time (GMT).
Every EUA futures contract, ‘lot’, corresponds @00 EUAs (1 EUA is the right to emit 1
tonne equivalent C£). Prices are quoted in Euros and the minimumisick01€.

We study a sample of five EUA December futuresrautheir latest 254 trading days
when they are the most liquid and concentrate bovg'sattention covering the entire Phase |l
of EU ETS namely March 1, 2008 to December 31, 262 each trade, TRTH reports the
futures code, the price and time of executionsthe in lots!, while for each LOB update, the
dataset reports the timestamp to the nearest hdthdo¢ a second, the best five bid and ask
prices and their respective quantity demandedg{as} or offered (bid size).

20ECX is held by the Intercontinental Exchange (IGHpading platform in the energy derivativesimgdTwelve
brokers are very active on ECX: BGC Partners; Q&@2e; Evolution Markets; GFI Group; ICAP; Marex
Spectron; PVM Oil Associates, 42 Financial Servideadition Financial Services, Tullet Prebon,adlmembers

of the London Energy Brokers Association (LEBA)dadewedge, Consus. According to Frunza (2010)y thei
average net margins have been reduced due to gleghure of their customers, the falling priced tne high
number of competitors: 1.11 billion euros in 2088d two years after: 0.63 billion euros.

21 EUA futures contract are traded per lot (1QgD&,) with a tick size of 0.01€.€.10€ per lot) on ECX.
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We apply several filters to clean trade and ord@kidata. Trades that occurred in ECX
during the pre-opening period (6:45 and 7:00) othim after-hours market are discarded. We
remove orders above and below 50 ticks from thé dpaste to avoid the existence of stale or
erroneous orders. In line with prior empirical sasdon the bid-ask spread in the EUA futures
market (Frino eal., 2010; Medina et al., 2014, Mizrach and Otsubd,43Qve classify orders
executed at the best prevailing astsp.bid) as buyer-initiated (seller-initiated) trades.

5.2. Bid-ask spreads, timing and size of trades
According the TRTH database, we generate all nacgsgriables to examine the
validity of our model and its implications. We fisompute the proportional bid-ask spread:

PBAS= BestR,,, —BestR,

BestR,,, + BestR,

askt

2

We study the behavior of PBAS as well as the betmmtioned variable into 15-minute
intervals. This interval is a tradeoff between tooch aggregation and noisy a dat&¥set
We calculate the order imbalance as a proxy ofhwanket competition parametief*:

numbernof tradest theask+ limit sellorderssubmitted

= . —— x100%
numberof tradesat theaskandbid + limit buyandsellorderssubmitted

Given the k parameter, the componentBBASare estimated as follows:

* Weight of the different valuatiori@1%) =kx(1-k) / [1- kx(1k)]
* Weight of the buyer’s expected loss of adversetsatgm2%) = k2 / [1- kx(1-k)]
* Weight of the seller’'s expected loss of adverssctieh (w3 %) = (1k)2 / [1- kx(1k)]

Table 1 presents monthly means for the above JVasalf interesBetween May and
September, the size of the proportional bid-askagpdecreases on average by 1.1% when the
information asymmetry decreases (Medinalgt2014). In contrast, its size increases by 9.7%
between December and April when the levels of mfion asymmetry and of risk aversion
are significantly higher (Chevallier at, 2009).

We follow the method of Handa af. (2003%* to explore the linkages between the
proportional bid-ask sprea®BAS%), its factors and the order imbalaricén more details.

We divide our sample into two parts where the fiatt isk% larger than 50% and the second
part isk% smaller than 50%. We observe that in the regibare/k is greater (less) than 50%,
the spread is positively relatedkaand wherk is closer to 50%, it achieves its highest levels

in line with the predictions dProposition 4 even if the influence of informed trading merits

22 As a robustness check, we have estimated the iontbatance k over a 30-minute interval and cal@adat with
the immediate LOB depth (limit orders posted atlibst bid or ask). Our results were qualitativédyilar.

22 Handa eal. (2003) use a very similar measure to ours in digidhe trading volume at the ask plus this offimi
buys by the sum of the volume of limit buys andssehd the volume of trades.

24 Handa etl. (2003) show that the monthly proportional sprefatiew an inverted U-shaped pattern over order
imbalance values,e spreads are lowergsp.higher) when the market is unbalancesbp.well-balanced).
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further investigation. Indeed, the factors thatoartts for adverse selections, ®ws) follow an
opposite pattern, being lower (higher) when theepfidw is proportionately more concentrated
on sell side (balanced). Moreover, we obtain thatdize of the spread is significantly higher
for days when the order imbalance k is highes|f.lower) than 50% between December and
April (resp.May and September) consistent with Mizrach andiig2014) findings. These
two results provide evidence that the size of tide-dsk spread and its three factans, (o2,

3) are directly related to the order imbalance mesas it specified in our model.

Panel B presents the results of univariate regresfPBAS over three periods of the
continuous trading session: 7:00-9:00, 9:00-1513000-17:00. Consistent with Medinaadt
(2014) and Ibikunle eal. (2016) findings, monthly bid-ask spreads exhaitintraday U-
shaped pattern. Indeed, they are greater at thargpblours (7:00 to 9:00) in comparison to
normal hours (9:00 to 13:00) before they increasind the latest two hours (15:00 to 17:00).

<Table 1 is inserted about here>

Hitherto, our emphasis on the relation betweenrardbalance and the bid-ask spreads
provide results similar to these of Handalkt(2003) obtained with data from stock markets.
Because&k% simultaneously generates i.e. the influence of traders’ heterogeneous beliefs
and the expected adverse selection costs of b(eds) and sellerss%), it will be relevant
to considem, m2, mszaltogether with the bid-ask spread. To this respeetperform two model
regressions on the proportional bid-ask spreB8#A\&%) to assess whether the bid-ask spread
decomposition remains robust to changing markedlitioms.

In the first regression model, we consider timenvils as the unique control variable.
Medina etal. (2014) estimate a larger Probability of Informedding (PIN: Easley edl.,
1996¥° during morning hours for all EUA December futustadies. Ibikunle eal. (2016)
assess the influence of block trading strategiemformed traders on bid-ask spreads and
adverse selection costs: intense at the open dddahthe close, which partially explain the U-
shaped pattern of the bid-ask spread. Kalaitzoglod Ibrahim (2013) show that private
information held by informed traders is incorpodhiato prices quicker when the trading
volume and the trading frequency are increasingoAlhey find that fundamental and
uninformed traders narrow their spreads to proliglédity until the last hour contributing to
make prices noisier. In line with these complemgntiadings, we assume that time intervals
can capture the effect of informed trading and @ois spreads.

25 Easley efl. (1996) estimate the probability of informed traglifPIN) in a sequential model where informed
traders buyrgsp.sell) when news is goodesp.bad), and do not trade when no news. Uninformedetts do not
know the probability of other trader counterpartinly informed like in our model. In contrast, thagpce limit
buy and sell orders at a constant rate while innoodel they submit buy and sell orders at differaid.
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For all of these reasons, we constitute three imbervals INT previously determined by
Ibikunle etal. (2016) that we include as control variables thi following model regression:

PBAS =RV, +Y @ ONT {ASG, ~RV, )+ > @ INT {ASC, -RV,.)+&.  (9)
1 =1

= i

Where:
* RV,. =RV, -RV.: the difference between risk-adjusted valuatidrisuyers and sellers;

« ASCs (resp.ASCs): the adverse selection costs of buyegsi{.sellers) are defined in Eq. (7);

« INT 1 if PBAS is between 7:00 and 9:0INT 2 if PBAS is between 9:00 and 15:00IT 3 if
PBAS between 15:00 and 17:00;

. g is the random error term.

According to Palao and Pardo (2014), traders termdund their prices to digits ending
in 0 or 5 and simultaneously adjust their tradea asiltiple of five contracts when liquidity is
lower. Moreover, Kalaitzoglou and Ibrahim (2016pghthat uninformed traders submit more
limit orders when the spread is large, or whenrimied traders trade large orders, especially at
earliest hours. Ibikunle ell. (2016) find that trade size is inversely relatedtioe degree of
price noisiness and liquidity risks perceived bipimed traders so that they prefer block trades
to execute large orders at opening hours (7:0000)9In addition to the above, Kalaitzoglou
and Ibrahim (2013) estimate a gradual influencerdér splitting strategies on prices, given a
higher concentration of medium sized trades atirfplsours.

Given all of these evidences provided by the ltie we consider a second regression model
where trade size is used to proxy the influenceprofate information signals and noise.
Precisely, we consider three categories of trazke isientical to those determined by Frino et
al. (2010) and Ibikunle edl. (2016) to use trade size as dummy variables.deraio test the
monotonically increasing relation between these pnaxies and adverse selection costs, we
suppresaw: variable to avoid multicollinearity. Then, we exam this implied relation by

running the following panel regression on the préipoal bid ask spread for each EUA futures:

PBAS =F,, +i§3:mz [SIZE ONT, fASC,, —T:H)+23123:w3 [BIZE [INT,(ASG,, -F, )+, (10)
i=0 j=L i=0 j=L

Where:

« RV,.,ASCp, ASGs, INT; with j=1,2,3 are computed analagously to the mesiEq. (9).

- SIZE1 = 1for a trade size which falls in the range: 1 a@atdntractsSIZE2 = 1 for a trade
size between 20 et 49 contrac®$ZEs = 1 for a trade with more than 50 contracts.

For robustness purposes, we generate a great nurhlmemvergent simulation data
according to variations in our model parameter® pirpose of this simulation is to verify that
regression tests are relevant to analyze the sakatvith the spread implied by our model. For
that purpose, we examine the bid ask spreads iaadly simulation data using panel regression
based on three time intervals and trade size bsisl
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. 3 3 o 3.3 _
PBAS [thrs]+a)222pb,iab,j[AngM -RV,. +a%22plab,j[AscspM “RV, |+¢ (11)

=1 =1 i=1 j=1
Where :
- poi (ps) is the degree of precision (correlation) of na@gynals at the buy (sell) side asl
is the volatility of reservation prices of uninfoechbuyers (sellers) given the following:
- pp1= ps1 = ob1= o6s1 = 0,4if the simulation is performed between 7:00 arkb&9s ;
between 15:00 and 17:00 respectively ;
- pb2= ps2 = 6v2= 652 = 0,3if the simulation is performed between 9:00 antb2%9s.

As shown in Table 2, nearly all monthdy, @2andws coefficients turn out to be significant
in view of their t-statistics. If the coefficient$ m1 are always significant and positive, those of
m2andms are more often negative and insignificant. We tiod¢ASCs andASCy coefficients
are more significant during the pre-compliance guerfrom November to April, before
polluting firms submit and disclose their level wdrified carbon emissions. This provides
support for the observation of Medinaakt (2014) about more severe adverse selection risks
during this period where information asymmetry amtmaders is higher (see also Table 1).

Finally, the F-statistics reported in Panels A Bncbnfirm that the dependencies between
o1, ®2andms have strong explanatory power on the size of Bldspreads. The colun@imul
reports significant negative1, 2 coefficients, suggesting a negative relation betwie
spread and the following: the adverse selectionscoEbuyers and sellers, the precision of
noisy information signals and asset volatility.

<Table 2 is inserted about here>

In Table 3, we report the value of adverse selaatmsts calculated from the coefficients
o2 andms obtained previously consideriegy, ®1 as a constant. On average, the difference in
risk adjusted valuationgpresent 29.4% of the spread, while the adversetsm costs of
sellers (esp.buyers) account for 36.5 %e€p.34.1%). The aggregated adverse selection costs
represent 72.3% of the spread at the opening diingirtly decrease (70.6%) to remain constant
during the latest two hours while the bid-ask sgrdecreases (see Table 1). As a result, the
bid—ask spread and adverse selection costs ofsg#ep.buyers) follows an intraday mild U-
shaped resp. inverted U-shaped) pattern. The increase of bkdspsead at the approach of
closing hours (15:00 to 17:00) is more likely todaeised by a more intense trading activity of
uninformed traders rather than a variation in askveselection. This interpretation of such
deadline effects corroborates this of Kalaitzogdad Ibrahim (2016) who find that uninformed
traders submit more market orders later in thesilage the order execution risk is lowered.

Overall, the results of Panels B confirm thosearfié? A supporting the idea of a random
rate of public information arrival, a roughly coaust effect of the rounding of order sizes over
the trading day (Palao and Pardo, 2014). If theees#vselection costs of sellers are the most

important spread component, we observe that adgetsetion costs of buyerseép.sellers)
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decreaserésp.increase) of two percentage points between OctaheApril for medium and
large trades. This result suggests that both @pléting and block trading strategies initiated
by informed traders have gradual influences orelgatices (Kalaitzoglou and Ibrahim, 2013)
along the trading session. Indeed, informed tradiersntended to split large buy market orders
to minimize price impact and for camouflage purgo@éikunle etal., 2016). As for small
trades, we obtain an 8% increase of the compori@iffefences in risk-adjusted valuations”.
We interpret this increase as a signal of the wnméd traders’ appetite for executing small
trades. They contribute by more intense activitytioe segment of small trades to make the
order imbalance closer to 50% and widen the bidsps&ad.

Given the complexity of bid-ask spread determimaind many potential liquidity and
information factors, the above results suggest ttatspread decomposition in three factors:
differences in risk-adjusted valuations, adversecsien of buyers and sellers is suitable.

Market microstructure studies of carbon marketsegaly use spread estimators to
estimate aggregate adverse selection costs, inyesd order processing costs (e.g., Medina
et al., 2014; Mizrach and Otsubo, 2014). Kalaitzoglod #orahim (2016) build a dynamic
asymmetric information pricing model where the m¥veness of price changes to surprises
in order flow (information) and changes in tradicgsts depend on the type of traders who
instigate the next trade. This model relies ondtneng assumption that only price-relevant
information is included in the last trade. Convers&ve consider that uninformed traders
monitor the full order book informational stategsrio trade. Contrary to the existing literature,
we also distinguish the adverse selection costsipérs and sellers if the expected arrival rate
of buy and market orders is equivalent. For thessans, our model appears to be in a better
position to study the composition of trading castthe European carbon market at least.

<Table 3 is inserted about here>

5.3. Variations in adverse selection costs andrflaence of incoming market orders

Although the results of Table 3 are consistent uhihse found by the literature, our
regressions may be potentially affected by spuramreelations with other liquidity variables.
For example, let us assume that informed tradadetmore when there are larger than usual
trading volumes. They may do so in an attempt tmalage their private information.
Alternatively, they trade around information evestech as the publication of compliance
results by mid-April in the European carbon mark&ince these information events often
trigger higher trading activities, the inverse etation between the size of the spread and
volatility could reflect the effect of trading vahe on spreads (Medina ei., 2014).
Furthermore, the direct relation between adverséecsen costs and market orders seen in
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Proposition 3 may differ given the size of the gathdeed, the execution of market orders
involves an instantaneous quote adjustment whetrdlbe is large (Biais &tl., 1995).

To shed light on these issues, we conduct a simedias equations model which has two
periods, one period before the announcement of tange results (November-April) and one
period post their announcement (May-September)dépendent variables are the proportional
bid-ask spreads and the estimated adverse seledgis. The dummy variable indicates the
change in liquidity costs around the compliancenéa®d is denoted COMP. The independent
variables are the volume of market orders andubecarrelation of buy and sell market orders.

The model we estimate is:

3 3 3 3
PBAS, =RV, +> Y 5INT SIZE (ASC,, ~RV, ) +3 3 &,INTSIZE (ASC,, ~RV, ) +y,,COMR, +¢, (128)

== =l j=L

{Asglt = al.b + Bl,bMob,t + BZ,bMost + BS,bAUTOCORaskt + B4bAUTOCORRIdt + “‘b,t (12b)

ASC, =0, +B, MO, +B, MO, +B, AUTOCORR,, +B, AUTOCORR,,, +H,

Where :

« MOuis the volume of buy (sell) market orders executed;

« COMP=1 if the observation is between November 1 andl&0r; O otherwise;

« AUTOCORRY) (resp.AUTOCORRYS) is the correlation between improvement in bigsp.
ask) quotes and the location of next order execattéhe best bid or the ask quote.

Since the time-series observations of dependennaegendent variables may be subject
to spurious regressions, in which autocorrelatradidate a significant relation between them
while in fact there is none (Van Nessakt 20115%, we check the first-order autocorrelation of
residuals for each regression. Since the Durbins@ratstatistics indicate a mild positive
autocorrelation, the two-step transform method ofaif?Winsten to correct for
autocorrelatioff. Table 4 reports the regression results basetthem®rais-Winsten method
which are qualitatively superior to these obtaingtthout this correction for autocorrelation.

The sign of relations betwedO, and MOsandASCy, ASG;s are those anticipated in
Proposition 3for small (Panel A) and medium sized trades (PBhein contrast, we see from
Panel C that th10, and MOscoefficients are more rarely significant at 1% leaed their
signs are not those expected. This is likely bezauarge order's size dwarfs the quoted depth,
making the bid-ask spread is a less relevant measuheir trading costs. AlmosMOp and
MO coefficients for small (Panel A) and medium sizetlées (Panel B are significant at 1%
level. Those estimated in post compliance periodyd8eptember) are more significant which

may reflect the presence of more competitive liorders in the opposite LOB side and a

26 More precisely, we obtain a Durbin-Watson statiftir ASG, (resp.ASC) distributed as follows: 2.18%€gsp.
2.245) for the maximum value and 1.38&sp.1.485) for the minimum value.

27 The Prais-Winsten procedure refines the CochrametOprocedure by including the first observatafrthe
transformed data. See Beck and Katz (1995) fottaldd discussion of the advantages of this proadu
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quicker incorporation of information into tradedagas (Kalaitzoglou and Ibrahim, 2016). This
first important result provides evidence againgt fiypothesis that random order placement
mechanically results in frequent limit orders witlihe spread when the latter is large in line
with the findings of Palao and Pardo (2014). Ratties suggests that when the spread is large
after large liquidity shocks, uninformed traderscily place limit orders within the best quotes
to supply liquidity at better prices and gain tipreority.

A second important result is thaUTOCORR© (resp. AUTOCORR ) coefficients for
large orders are higher and only significant atnapg hours when the adverse selection cost
ASCs (resp. ASGs) is higher. After a large sale.d. a negative informational signal) that
consumes the liquidity at the bid, bid and askgwiare adjusted downward for the next trade.
To smooth the price impact associated to large etaskders, informed traders are likely to
split them as soon as limit orders are more cortipetnd liquidity is better. Interestingly, the
experimental results of Majois (2011) suggest thatliagonal effectmplying positive serial
correlation of market orders essentially reflehtsexistence of order splitting strategies, as the
same informed traders tend to submit the same mmediarket orders in succession. In our
model, this persistent order flow pattern can alspear because a change in the risk-adjusted
asset valuations induce uninformed traders tovioionilar order strategies (Biaisadt, 1995).

A third important result related to the higher sigance of AUTOCORRYb and
AUTOCORR:; coefficients with signs identical tdObandMO s for medium sizes normal
hours (9:00 to 15:00) and in latest hours (15:00A®0) supports the explanation provided by
Majois (2010). This result clearly indicates anre@asing frequency of splitted medium market
orders at the origin of a pronouncéidgonal effectvhen informed traders anticipate a lower
price impact because liquidity is more quickly expshed (Ellul etl., 2007). Moreover, the
fact thatAUTOCORR sandMOs coefficients are significantly higher in normal datest hours
indicates a quicker liquidity replenishment at sétle so that aggressive limit buy orders and
sell market orders are more likely late in the (leglaitzoglou and Ibrahim, 2016).

Overall, our results suggest that a rise in sel@gerse selection costs greatly increases
(resp.decreases) the likelihood of small limie¢p.market) sell orders, moderately increases
(resp.decreases) that of medium limiégp.market) orders, but has little effect on largeensd

<Table 4 is inserted about here>
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6. Conclusion
The “raison d’étre” of a commodity market dependsuinose perspective is considered.
The ideal market, for any trader, may be the ovehiich orders are accommodated with lowest
trading costs. For exchanges, the priority is sadomarket liquidity in order to maximize their
trading commissions. To this end, most of them red@pted an electronic LOB.

Our paper proposes a model which is an extensitimedirameworks of Foucault (1999)
and Handa &l. (2003) to examine trading costs and order book mycsunder the assumption
of traders’ risk aversion preferences. The noveftgur approach lies in its capacity to make
the order strategies of risk averse uninformed etdendogenous to the noisy public
information that they capture after monitoring tHeDB screens. We proceed in two steps.

We first present a generic version of our modeirset CARA-normal framework from
which we develop an optimal order strategy for tonimed traders and derive optimal bid and
ask prices. Then, we propose a reduced form ofrmatel where uninformed traders expect an
equivalent arrival rate of buy and sell market esdehen placing or revising orders.

The main contributions of our model are threeféldst, the bid-ask spread is tactically
managed by uninformed traders to compensate fordkeof adverse selection (Glosten, 1994)
and of picking-off they bear (Foucault, 1999). Setoour model inferences involve that
adverse selection costs are positivegsp.negatively) related to the expected arrival rates
market buy esp.sell) orders. Third, we disentangle three factdrthe bid-ask spread in the
case of the reduced form of the model: the diffeesnof risk-adjusted valuations and the
adverse selection costs of uninformed buyers altefseespectively. In either case, we verify
the Handa eal. (2003)’s result to the extent that the size of bitkask spread achieves a
maximum in balanced markets whatever the precisiorisy public information is.

Even if the bid-ask spread decomposition is notasy task due to numerous potential
explanatory factors, our empirical results appedrd particularly encouraging. For the EUA
carbon futures market, we find that the aggregathetrse selection costs account for 70% of
bid-ask spread consistent with the literature (Madktal., 2014; Mizrach and Otsubo, 2014).
We also document that the bid-ask spread.adverse selection of buyers) behaves according
to a U-shapedésp.inverted U-shaped) intraday pattern. Interestintylg other bid—ask spread
component related to traders’ beliefs heterogengitgther constant in a context of significant
risk aversion and uncertainty about the fundamerdhle of EUA (Chevallier eal., 2009).
Moreover, we verify and enrich the findings of Kiedaglou and Ibrahim (2016) in relation to
the gradual influence of order splitting strategaéeng the trading session at ECX. We show
that thediagonal effecgtwhich commands the arrival rate of market orgeesLOB equilibrium
property (Goettler eal. 2005). It is explained by adverse selection asrsitions at earliest

hours (7:00 to 9:00), an increasing frequency ditted orders along a quicker liquidity
-27-



exhaustion-replenishment cycle in normal hoursqd15:00) and in closing hours (15:00 to
17:00). This result is important because it imptiest the market efficiency of the European
carbon futures market may be undermined.

Spread decomposition models often assume thattrerse selection component of the
spread increases with trade size, because infamaeers would prefer to trade via larger orders
(e.g., Easley dl., 1996). Rather, our results suggest that infortresters trade medium orders
combined with order splitting strategies for cantagé motives or to minimize price impact
when liquidity is better. An important implicatiarf these results is that uninformed traders do
not benefit from being known as uninformed. Besidesnformed traders might be interested
in preannouncing their orders via a flash ordeilifg¢o advertise on their desire for liquidity
before trading. This has not yet been a featutbeof. OB of ECX. Consistent with the findings
of Skjeltorp efal. (2016), executed flash orders could help themaedieir adverse selection
costs because informed traders extract less comsurus from uninformed orders as prices
become less noisy so that the overall market eficy could also be enhanced.

Avenues for further research may be stretchedvaraédirections.

On the empirical side, developing an algorithm &tedt hidden orders (e.g., iceberg
orderg®) may be useful to assess whether the order imbalaeasure that we have used in our
study is affected or not. Furthermore, our apprdaatlecompose the bid-ask spread could be
tested on more mature commodity markets such agederivatives markets.

On the theoretical side, we suppose that uninfortnadiers are the only limit order
traders. We could instead consider a setting irckvimformed traders can choose to place either
a limit order or a market order (Bloomfieldatt, 2009). Consequently, uninformed traders may
opt for different order strategies since liquiddgnditions will be necessarily affected. A

complete analysis of the potential model implicasias left for future work.

28 Traders can place iceberg orders on ECX for whidly a fraction of the total order quantity is dised. The
remaining part is visible when the displayed qugris executed, keeping price priority but losiimgé priority.
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8. Appendix

Appendix A.1. Proof of Proposition 1.1 and 1.2
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are the normal probability density function of theset value recognized by the uninformed
buyer at time 1 ant] respectively.
Inserting these terms in Eq. (1) and using the@pprate equation of (1.1), we get:

o . . 1 Xor = s~ 1)t + - IS
1 ex{ Eﬁpézm - pﬁ)[ubx wsx] Ry(W - Pask)ﬂj JM%Foixa—p@) { 25 G }

[XbT pnz(zb.l Hox) = Iubx]
(1.1)

B
- \/271[119:0;(1—,05) 0§x(1 A
Rifa 1 [Xb‘T _pnz(zbl_ﬂb,x) _lub‘X]Z
{ Eépuzzb;t"'(l pbz)( ¢U2 ]"'R (W Rnd)ﬂ_[ \/27t0§x @X{_ ZDﬁ,x(l-pﬁ) }Xm

+k2”(pN+nJ>EE1—ex{ Eﬁpfzbﬁ(l pﬁ)[ﬂbx wﬁx]m(w Fz.d)mj‘” : Ee@{ br- ~Au= )t "]}xb,

-2, 20 9F 02 -2

+- kY fe-exd-gfwr, )

Assuming tha{; _(Pmd R, pb bl (1_p§):ub,><) and~ (PdeT_szin,l_(l_PS)//b,x_(PHB%:UE,XG_P&)]

b~ Vv =
F b
ey oi 0= pd) ot a-00

and N (.) is the standard normal distribution cuatiue density probability.

Further, we can rewrite (1.1) as follows as:

1- exr{—r{ﬂhx S oy, +R(W - Pask)ﬂ ke’ EE1 eﬂ{-{pbzm Ho = ¢Eﬂ0F hxj(l BE)+ Ry(W, - Pbd)m (1.2)
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In the right hand side of (1.2), the first termnesgents the expected utility of order execution
without the presence of informed trader counteypdrte third term is the expected utility of
non-execution. The second term accounts for thea®d utility loss due to informed trading
since it is related to the probability of informidding pand the negative signs represent the

utility losses. To simplify the notation, we thesnsider thag - 527 .- pb)(ﬂb Ll )and
X 2 X

that the buyer’s expected utility losses of infodhtieading is:
LOS$S = (1_ N(vb) -@- N(?b))x[l_exd_ ¢(|Eb + RT(Wl - Pbid))] (13)



We now derive the equilibrium of the buy side idifferent expected value of the uninformed
buyers’ utility between trading via limit order atrdding via market order consistent with the

approach of Kovaleva and lori (2012). Then we aamctude that:

1-exp[-gfF, + R (W, - P, ))| = k! th-exp[- ofF, + R, (W, - Ry, )))

+kYp, [LOSS;® + (1 kY )E{l— exp[- o(W,R;)]) (1.4)

In order to transfer the above utility equatiomjlinto the linear equilibrium of the expected
terminal wealth, we assume the restriction thaettpected value of the terminal wealth at each
state is very small and positive.

Then, applying a Taylor expansion for an exponéritiaction gives the below equation:

ol Pl s - S 1-f-sib o o) | @s)

+K" B]lqoﬁbl 0SS’ +(1-k" )R, -PR-)

Assuming thalL 0S$>™* = 1 p, (LOSS°we can rewrite (1.5) as follows as

@
CUDkM(b.d ask) ke D{(/jbx_ \/7(t 1) pb)a—bxj:|+k PLoOSS>™ + (1 ke )RD(F PR ) (1.6)

Notice thatLOSS>** which represents the expected losses of adversetisel borne by a risk

averse uninformed trader is written in an originah-linear format, due to the difficulty to
translate it into an approximate linear format.

If (1.6) is divided byd, we get the linear expected terminal wealth elguilim for the buy side:

kQA(Pbid—Pask) Eﬁ,ubx— \F(t 1) -p? bxj:|+kM [LOSSS® + (1 KM )E(F PR ) (1.7)

Likewise, the model equilibrium implies that uninfeed sellers are indifferent between
via limit order or market order trading. We deritie approximation of the sell side equilibrium

as we have done previously for this of the buy.side

M - ~ ML SRA Mol 2y [ B =
K (P Po) =K B LOSE™ 4k EED;—(/('[ Y- i)y 0%, + kY )Eg(b.dR F) (1.8)
25 2 PuRy — 022~ (- P2ty - P t 7, (L~ P7)
Wherev (PaskR —Ps 511_(1_p5)/'ls,x) and v = aSk s <sl s/ Hsx B S X s and
° B , s OF
t—o ~“to? (-
OF SX B U ( p )

= 1
Fs :pszzs,l + (1_1052)(#5,)( _Zw:xj

LOSSSRA = m ql-Nev,) (1—N(YS))]E(1—exp)—[¢(R (W, +P,)- ]} is the expected adverse

selection Ioss faced by a risk averse uninformédrse



Appendix A.2. Proof of Proposition 3

We now attempt to examine how bid and ask pricesaffected by the arrival rates of

market buy and sell orders. As for the arrival sabé market buy orders, we determine its

connection to price quotation mechanisms accorttirthe first order conditiondP,, /k} and
oP,, /kY . Taking the derivative on the quotes obtainedds.E5a) and (5b), we get the partial
differential equations which are assumed to betpesi

oP,

_kM DKM o
- Fi[él_ o gkg”b)z X{Fb —(ys,x + 20 o (-l p2)w, + LoSSI JH

M M
+F\§LT[(1_|152AD;’:EA)Z><{(LOSSG\5,RA - LOSS[>™ )+%¢1 %(t ~)- p2)w2, - (1_p52)wsx}] (2.1)

L L kM (GLOSSQS'RAJ_ kM kM (aLoss:SvRA] -0
Rl -k ) L ok -kMmy) L oKy

_ LM M _
- LI Lo et -rossin)
+ le(l - k;ﬂ(g 7 {(LOSSQS'RA - LOSS!S™ )+ ;qo\/g(t -0k~ ), - - p2) w2, H (2.2)

+ 1[(1— kﬂ” )Ekff (aLOSS'S‘SvRA j _ ( kg" )(aLOSSSAS,RA jj o

Ryl @-k¥ kM) ok 1-k" k) ok

We multiply (2.1) by (1—k2” Dkg”)[lkg”. After rearranging and substituting the ask prase
formulated in Eq. (5a), we obtain the following duelity:

1 1 |B 1
kz{Pask—R(ys,x +20) o (-t p2 ), + LOSSSRAH - ki aasc,jok) -aL0sg™ oKy ) >0 (2.3)
T

T

We also multiply (2.2) b)(l—kgﬂ Dkg”)[lkg”. After rearranging and substituting the bid prase
formulated in Eq. (6), we obtain the following inedjty:

{Pbid —(Riﬁsﬂ—Rikgﬂ fk OLOSFS™ /oK —k! (kY LOSFS™ /oK )>0 (2.4)
T T

As for the arrival rates of market sell orders, datermine similarly, its connection to

the ask price quotation given the following firstler conditionsgP,_, /kY and aP,, /kY .

Taking the derivative on the quotes obtained in. Esjsand (6), we get the partial differential

equations and assume them as negative:



oP,

— kM _
a;,lk :i M Fb - lus,x +1¢ E(t_l)(l_psz)wszx + LOSSSAS,RA
oky' Ry |({-k" kM) 2"\ OF

+Rij—(1—kgﬂln<g”)2 {(LOSSQSRA LOSS?S RA)+ o (t—1)( pt) w2, —(1—,o§)D7§XH (2.5)

1 kY [aLossg\SvRA ] kY Y EOLOSSQ\S'RA] <0
Ry [ [-ki o)l ok -k o) L ok

0P, 1] (- kM k' / —
akbl\l/ld :R [(1 kM |](M {[ (t_l)l pb wéx_LOSSASRAJ }]

+R_1T{%{(Loss§“’* - LOSSQS'RA)+%¢7 %(t -3~ pi )@, - - p? )@, H

+

—k¢' Ky
L1 ( K kM (GLOSS’QS'RAJ_ KM [al_ossg*sf“‘D<0
Ry L-k¥ k')l ok -k oy )L ok
(2.6)

We multiply (2.5) by (1—k§” [kg")tkg". Then, rearranging and substituting the ask p&se

formulated in Eqg. (5) gives the following inequatio

kY {1[% —%Fa —1)(1—ps)wsx]—aid} - (k¥ ALOSS® /oK - 0LOSS® ok )} >0 (27)
R, (7™ 2"VoOF ' R,

We also multiply (2.6) b)(l—kg” [kg")tkg". After rearranging and substituting the bid price

formulated in Eqg. (6), we obtain the following inegion:

{[ Rl 7 - Pask)} o k™ LOSS!S /ak Y — k¥ m(g”al_oss:S/akgﬂ)} >0 (2.8)
T

T

Appendix A.3. Proof of Proposition 4

Egs. (5) and (6) both determine the optimal prioeshe buy and sell side in equilibrium.

Assuming thatkk=k" and1-k =k}' we can rewrite Egs. (5) and (6) in the followingmmer:

P :Fi[(l_kk(;_k)) (F +LOSS SR 4+ = (p (t 1(i- p! )USXJ:|+R1T{(1—(1KElk—)k))XFb} (3.1)

_il ok 1 2], 1| (@-k)p f
Pbid_|: (1 ps)(ﬂs,x+2¢U-s,x]:| 1- k(l k) ()ubx $S (t 1)1 ps ]:l (32)

R, | 1-k@—k)
1 1-k 1 B
+— LOSYS™ —LOSSS™A |+ =g |— (t-D\L- p2 o, —{1- p?lo?

RT l:l—k(l—k)x([ % $ 2(0 OF( )( pb)ab-x ( ps)ast}

Then, we get the comprehensive equilibrium andais®ciated optimal bid and ask prices:



1| [1-Kk)m s sra 1 P S
Fon= RT{(l—k(l—k» (F o5 S| Gru-sk-si)e H SlEeL] 63

. {(1 ik ([LOSSZ‘SR’* Losg=™ ]+~ (;(t—n(l—ps)asx—(1—p§)a§,xﬂ

1 K _ 1| (a-k) _ sa 1 [B o\
P _F\’T[l‘km‘k)x':s }'Ril_km_k)x[ﬁ, -LOS§ _Zw\/;(t_l)(l_pb)ab,x]:l
+1{1_kx([LOS$SRA_LOS$S’RA +1 (t 1)(1 pb)U (1 ps)ast}

R, | 1- k{1—k)

(3.4)

Finally, we can simplify (3.3) and (3.3) respeclwillowing the equations:

F +LOSS/SRA 4+~ ¢,/ (- - p2)o? J
= Ps [P sx AS,RA _ AS,RA
P, =on™ +(1-5)z[ . yLoss*™ -Lossi™) (35
R+ R R,

= 1 |B
R, —LOSSSM -~ | — (t-1\L- p?)o?
E L $° ~ o et pb)ab,xj
RT

T

LOSSS®A —LOSES™)

- (3.6)

+5(

Pbld

Where the following weighty = K ;0= a where k is defined as in §2.2.
1-k@-Kk) 1-k@-K)

Next, we compute the differen&ask — Pvia and consider the following simplifications:
— = 1 — = s 1
RV, =05Z4, + (L= P5) Ty =5 05,) SRV, =piZ,, + (L= po) M + 5607,

1 |B 1 |B
ASG, == @|— (t-1)(1-p2)0?, +LOSES ;ASC, = =@ |— (t - 1)(L-p?)a?, +LOSE®.
Co 2(p OF( )(1 pb)ob,x $ s 2 OF( )( ps)csx $

We finally obtain the equation of the equilibriundbask spread as formulated in Eq. (7).

Appendix A.4. Proof of Corollaries 1 and 2

According to the results #froposition 3, we have already obtained the optimal bid and ask

prices. As we know, the optimal ask minus the ogtilmd equals the equilibrium spread.

Assuming thapo=ps=1, (1 - p?) (1, -%wgvx) and@ - p2)(u,, + %ng) take the value O.

We thus obtain the simplified version of Eq. (6)ievhis summarized iCorollary 1:

[ﬁzbt Z )+—2msc +R—3D\SC 4.1)

ka-k) . _ k2 (1-k)?

With thefollowingweightingfactor&'&=1 k(L k)""z 1- k(1 k)"‘)3 1-k@-Kk)

Next we obtainoi+ w2 + w3z =1.
To facilitate the demonstration, uninformed buyand sellers are assumed to suffer from

identical adverse selection losses. With this agsiom, we geASC = ASC, = ASC, .
Since the riskless asset valueiRstableJt[] [0, T] we then rewrite (4.1) as follows:
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_ - - _ 2
_ k@-k) (Zb,t_zst)+ (L-2k + 2k )A

- sC (4.2)
1-k(1-K) 1-k(1-K)

nis a G (0O) function, we calculate the first order derivatofe(4.2) given the parameter k :
on' _  (1-2Kk) (~ = ) @-2k)

i T A e N e e T

ok [1-k@-K) [1- k@-Kk)]

Under the assumption that uninformed buyers ankbrsesuffer the same level of

1 2
adverse selection losses, we fL%% =0 with k=1/2. Sinc«%T: <0, @ reaches a maximum for

k=1/2 and is equally weighted witth= 2 = ®3 =1/3. The second order derivative is negative,
implying thatzn' is a concave function of k. achieves therefore a minimum for the first order

conditions k= 0 and k=1 respectively.

In Corollary 2, we assume the case for which the precision asynsignal is totally
imperfecti.e. \/F tends to 0. We then rewrite Eq. (7) in a simptifequation such that:
OF

n”:Rﬁ E{W,;’—WSM% [ASG, +Rﬁ ASG (4.3)

T T T

WhereRV, = 4, , +%¢U-lix (respRV, = u,, +%¢U§x) is the reservation asset value of the risk

averse uninformed buyereGp.seller) and ASg€and ASG are defined as in Eq. (7).

We proceed in a similar manner as the previous tas#etermine the minimum and
maximum value oft"". We also verify that the two results implied®grollary 2 remain valid

so thatt'" achieves a minimum (maximum) for k= 1/2 (k= 0 efdkrespectively.
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INCOMING ORDER Orders located at Proportion of Counterpart traders with

the opposite sic  counterpart tradersProbability of execution

FIG. 1. Order placement: the uninformed trader’s decisiea.t

The following protocol for the execution of limihd market orders is applied. At Time 2, all
market orders are executed whereas limit ordergxeeuted at time t (with=2). At the end
of the trading periodi.€. time T), the liquidation of the risky asset vabeeurs.

y Limit sellorde ————> (1-k)xk
MARKET BUY ORDE
F} Market sell orderk—> kx(1-K)
1-k _ Limit sell orde K (1-k)x(1-k) =(1-k)?
) Non-execution risk

LIMIT BUY ORDEF
1k~ Market sell orderk—> kx(1-K)

Buy Side

NO SUBMITTED ORDEF _—
k Limit buy order ——  » kx(1-k)

< 1k
Kk Market buy orde kx(1-K)

1-k

MARKET SELL ORDEF
— 2
k Limit buy orde ———»  kxk =k
LIMIT SELL ORDEF < k Non-execution risk
r—P -
1-k ~ Market buy orde 1K (1-k)xk
I\

Sell Side

NO SUBMITTED ORDEF
J \ J\ J \ J
Y Y Y Y
INCOMING ORDER Orders located at Proportion of Counterpart traders with
the opposite sic  counterpart traders Probability of execution

FIG. 2. Order placement¢duced form of the modethe uninformed trader’s decision tree
The market protocol for the execution of limit andrket orders used in Fig. 1 is applied.
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TABLE 1. Descriptive monthly statistics

The dataset contains the history of the order lmmicerning each of the 5 EUA December futures,istuduring
their last year of trading before expiry, from Jaru3, 2008 to December 31, 2012.(254 trading days). All variables are
calculated on annual basis and their mean (amanfivih futures contacts) are reported for each mohhe proportions of
sellers to all traders are defined gs: numberof tradesat theask + limit sellorderssubmitted x100%

numberof tradesat theask andbid + limit buy andsellorderssubmitted

Panel A:Order book (LOB) liquidity measures

Aprii  May June July Aug. Sept. Oct. Nov. Dec. Jan. Feb. March
Mean PBAS (%)]|0.830 0.8190.817 0.817 0.8110.810 0.8160.8200.822 0.8310.833 0.834

k % (mean) 50.90 51.2051.62 51.73 51.98 52.01 51.69 51.16 51.02 50.91 50.95 50.93

PBAS% whek%<50% | 0.827 0.819 0.826 0.822 0.818 0.818 0.816 0.82 0.821 0.8250.821 0.825
PBAS% whek%>50% | 0.837 0.832 0.81¢ 0.818 0.812 0.817 0.817 0.81¢ 0.825 0.83Z 0.837 0.842
®1% (mean) 33.67 33.13 30.47 28.30 26.60 26.30 23.37 25.53 28.30 30.8728.97 25.10

®2% (mean) 30.17 32.23 32.73 33.17 38.73 35.37 37.70 36.0C 33.17 33.67 35.17 36.80

3% (mean) 36.17 34.63 36.80 38.53 34.67 38.33 38.93 38.47 38.53 35.4735.87 38.10

Panel B:Intraday behavior of the proportional bid-ask sgréBAS%)

Aprii May June July Aug. Sept. Oct. Nov. Dec. Jan. Feb. March

7:00 t0 9:000.835 0.832 0.818 0.819 0.810.8180.82 0.828 0.83 0.836 0.839 0.841
9:00 to 15:00 0.822 0.827 0.813 0.816 0.805 0.807 0.812 0.815 0.821 0.822 0.824 0.828
15:00t0 17:000.834 0.823 0.823 0.821 0.818.82 0.8150.824 0.829 0.834 0.838 0.83p

TABLE 2. Ordinary least squares regressiofPBASon 1, ®2, o3 including size and time intervals

We first conduct regressions on the proportiondtdsk spreads (PBAS) according to the model outlineEq. (9)
using time intervals of a trading daanel A:

PBAS, =RV, + @, ONT, fASC,, -RV, )+ @, ONT, fASC,, -RV,, )+ ¢,
=1 =1
We then perform regressions on the proportionabiskispreads (PBAS) according to the model predenteéq. (10)
using both time intervals and trade size as contghbles Panel B:
3 3 3 3
PBAS =F,, +>.> @, [BIZE ONT, fASC,, - F,.)+ > e, [BIZE ONT,(ASC,, - F,.)+ &,
i=0 j=1 i=0 j=1
For these two types of regressions, we proceealindteps. We partition each trading day into threods as in
Eq. (8). Particularly, INT correspond to 7:00 -9:00, INT9:00 -15:00, INE: 15:00- 17:00. Second, we establish
three categories: SIZESIZE,, SIZE; whichcorrespond respectively to a trade size betweemd118 contracts,
20 and 49 contracts, and more than 50 contrahisd, we calculated and classified simulation detaording to
the parameter values displayed in Eq. (11). Rindie mean coefficients of1, w2, @3, are averaged on a monthly
basis, and test their significance with t-stats{iestat) to test whether they are significaniffedent from zero.
The last low presents the value of F-test of tlggassions.

Panel A:Ordinary least squares regressioP8ASon m1, w2, ®3 using time intervals (INT)

[April  May June July Aug. Sept. Oct. Nov. Dec. Jany Feb. March Simul.

Wi1Mean Coeff.| 0.0026 0.0028 0.0022 0.0023.0019 0.0018 0.0019 0.00210.0023 0.0028 0.0026 0.00215 40.2
t-stat 92 115 74 81 50 45 514 649 683 1045 939 68 258

INT 1 0.0004 0.0023 0.0013 0.0001 0.0012 0.0013-0.0004-0.0003-0.0004 0.0005 0.0009 0.0007: -37.9

t-stat 6.5 89 23.6 3.2 201 211 66 57 -10.2 8.5 12.1 103 : -244

INT 2 0.0002 0.0007 0.0005 0.00010.0001 0.0005 0.0002 0.001 0.0017-0.0003 0.0005 0.0004; -38.4
t-stat 4.7 7.3 8.8 3.4 2.9 8.7 5.3 149 324 6.0 8.8 71 : -235

INTs |-0.000] -0.0006 0.0008 -0.0017-0.0016-0.0011 -0.002 -0.0015-0.0007 0.0002-0.0005 0.0003§ =85.7
t-stat -2.7 -9.2 -116 -325 -30.0 -141 -628 -28.7 -10.9 42 -87 52 : -222

W3 Mean Coeff W, Mean Coeff|

INT 1 0.0001 -0.0009 0.0007 0.0013 0.0011 0.0013 0.0003-0.0009 0.0007 0.0011 0.001 0.0005: -37.5
t-stat 2.7 -12.5 10.2 231 148 219 49 -163 121 146 139 8.8 | -244

INT2> |-0.0003 -0.0019 0.0002 -0.0012 0.0006 0.0011 -0.001 0.0007 0.0008-0.0005-0.0009 -0.001: -35.7
t-stat -5.1 -32 42 -17.9 9.3 159 -143 8.6 11.0 -89 -129 -141 . -235

INT 3 0.0001 0.0018 0.0002 0.0018 0.0021 0.0015 0.0029 0.0017 0.0012 0.0014 0.0013 0.0008 -37.5
t-stat 3.2 28 4.1 422 544 328 673 279 170 227 209 96 : -222

|

m

-statistic | 1704 3259 1580 1356 1332 3258 3112 3912 2290 1948 2161 3652 2224]
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Panel B Ordinary least squares regressioPBASon m1, 2, @3 including time intervals
(INT) and trade size (SIZE) as control variables

April May June July Aug. Sept. Oct. Nov. Dec. Jany Feb. March! Simul.
W1Avg Coeff. 0.0055 0.0056 0.0067 0.0069 0.0062 0.00610.0062 0.0058 0.0055 0.006 0.00630.0061 44.3
t-stat 136 174 247 255 201 198 202 185 167 194 206 196 28
.. | INT1 SIZE: [0.0013 0.0001 0.0011 -0.0004 -0.0002 -0.0002-0.0002 0.0002 0.0007 0.001 0.00050.000¢ -44.4
g t-stat 23.6 2.3 178 -7.2 -3.1 -29 31 4.1 8.2 17.2 9.8 111 -219
O | INT2. SIZE: | 0.0005 0.0007 0.0002 0.0001 0.0001 0.0003 -0.00@8001 0.0023 0.001 0.0006 0.0012-44.5
2 t-stat 5.3 7.9 4.1 2.8 2.5 3.7 -102  -17.2 329 17.7 10.322.9 |  -222
i INTs. SIZE: | -0.001-0.0002 -0.0012 -0.0013 0.0004 -0.0003-0.0002-0.0001 -0.0001 0.0007 0.0001 0.0003 -43.8
= t-stat -19.2 -3.1 -22.3  -24.3 4.3 -4.1 -3.1 -2.8  -2.7 14.1 3.1 2.8 1 -209
| INTa SIZE: |0.0009 -0.001 0.0002 0.001 0.0002 0.0006 0.0011 0.0011 0.0015 0.0012 0.0008 0.001€| -42.9
S t-stat 148 -154 33 15.3 4.2 119 208 205 288 209 89 239 -198
o | INT2 SIZE: |-0.0013 0.0005-0.0001 -0.001 0.0002 0.000%€.0003-0.0004 0.00010.0009 0.00060.0008 -42.4
3: t-stat -23.8 8.1 -1.9 -15.6 2.2 9.2 -42 52 2.3-149 109 13.2| -190
»| INTz SIZE: |0.0007 0.0006-0.0005 0.0007 0.0001 0.0018 0.0001 0.0019 0.0018 0.0015 0.0017 0.001. -425
= t-stat 12.6 11.8 -9.8 12.9 1.9 34.2 1.9 405 381 282 322 198: -190
Apri  May June July Aug. Sept. Oct. Nov. Dec. Jany Feb. March; Simul.
W1Avg Coeff. 0.0055 0.0056 0.0067 0.0069 0.0062 0.0061 0.0062 0.0058 0.0055 0.006 0.0063 0.0061 44.3
t-stat 136 174 247 255 201 198 202 185 167 194 206 196 28
""3 INT1. SIZE2 |0.0015 0.0014 0.0002 0.0009 -0.000: -0.000: 0.0006 0.0007 0.0009-0.0008 0.0003 0.0008 -43.9
8 t-stat 282 26.2 43 157 -41 29 118 129 145 -132 57 13.2: -210
= | INT2. SIZE> |0.0014 0.0002 0.0002 0.0009 0.0003 -0.00030.0014 0.0012 0.0008 0.0007 0.0019 0.0014 -44.8
= t-stat 25.9 3.1 3.0 15.6 5.7 -57 251 20.1 8.910.8 31.7 26.9; -23p
~ | INTs SIZE; [-0.0011 0.0006 0.0001 -0.0002 0.0007 0.0002 0.0007-0.0009 0.0011 0.0009-0.0011 -0.001: -43.9
= t-stat -21.1 9.8 2.2 -4.3 106 41 108 -141 191 148 -19.2 -18.1: -209
= INT 1. SIZE2 0.002 0.0015 0.0002 -0.0001 0.0003 -0.000: 0.0015 0.0003 0.0002 0.0001 0.0009 0.0013 -42.5
3 t-stat 349 273 4.3 -2.8 5.7 -2.8 27.8 5.7 4.1 1.9 10.9 248 -191
O. INT2. SIZE2 |-0.0012 0.0007-0.0002 -0.0013 -0.0001 0.0004-0.0002 -0.001 0.0013 0.001 0.0016-0.0008 -42.2
2 t-stat -22.3 11.9 -4.1 -22.7 -3.0 7.2 -4.9 16.1 4.12 18.7 29.1 -13.2 -147
f) INTs. SIZE> |0.0017 0.0006 0.0005 0.0018 0.001¢ 0.0002 0.0018 0.0008 0.0010 0.0011 0.0007 0.0015 -41.2
= t-stat 31.6 9.8 8.8 329 334 42 332 11.0 187 199 8.1 28.8 . -189
April May June July Aug. Sept. Oct. Nov. Dec. Jany Febh. March[SimuI.
W1Avg Coeff. 0.0055 0.0056 0.0067 0.0069 0.0062 0.0061 0.0062 0.0058 0.0055 0.006 0.0063 0.0061 44.3
t-stat 136 174 247 255 201 198 202 185 167 194 206 196 28
:q:)= INT1. SIZEs |0.0012 0.0008 -0.000: 0.0005 -0.000: 0.001 0.001 0.0011 0.0004 0.0005 0.0003 0.0009: -43.8
8 t-stat 213 128 -43 938 -96 198 189 209 7.2 9.5 5.7 15.7 1 -209
o | INT2 SIZEs |-0.0014 -0.0007 0.0004 0.0003 0.0004 0.0001 0.0012 -0.00090.0017 0.0013 0.0012 0.0014 -43.7
3: t-stat -26.9 -11.7 7.2 5.7 7.3 2.0 21.7 -13.6 .231 24.3 21.1 26.8 -208
o INTs. SIZEs |0.0012 0.0004 0.00010.0006 0.0001 -0.000: -0.000¢ 0.0012-0.0011 0.0005 0.0013 0.002: -43.4
= t-stat 21.3 6.8 2.8 9.3 2.8 -2.8 -5.7 21.2 -20.3 7.5 22.0 3.9 . -205
& INT1. SIZEs |0.0011 0.0005 -0.000: 0.0001 -0.001 0.0004 0.000¢ 0.0008 0.0003 0.001 -0.000% 0.00115 -41.2
8 t-stat 20.1 9.8 -29 26 -199 7.2 10.1 133 6.1 179 98 203 -189
o | INT2 SIZEz |0.0007 -0.0003 0.0004-0.0011 0.0004 -0.0014 0.0001 -0.0004-0.0004 -0.00090.0018 0.000L -41.2
3: t-stat 11.6 -5.7 7.2 -2.9 7.2 -26.2 1.9 -7.1 -7.4 -15.1  36.9 11 -188
o INTs. SIZEs |0.0001 0.0006 0.0013 0.0001 0.0003 0.001Z 0.000€ 0.0009 0.0008 0.0007 0.0004 0.0005 -41.2
= t-stat 26 108 228 29 50 212 126 132 127 119 71 8.8 | -189
F-statistic |2487.2 2165.1 2052.3 1734.1 2004.9 3536.3 3311.2 2651.9 2799 3133.2 4219.4 4346.4! 2237.9|
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TABLE 3. Estimation of the bid-ask spread componewiSm2, m3 according to prior regression using time intenzald trade size

From the coefficients presented in Table 2, weiala (resp.@s) by multiplying mz.SIZE.INT; (resp.SIZE @s.INT;) with i=1,2,3and adding the intercept texm.
ASCy (resp.ASCs) % Spreadare the sellersTésp.buyers’) expected loss of adverse selection epgisessed as a percentage of the bid-ask spre#B%®B
The columnSimul contains the simulated adverse selection costsugers and sellers calculated from their corredpa coefficients displayed in Table 2.

Panel A Estimated value of bid-ask spread componentsrdewpto prior regression using time intervals (Beeel ATable 2)

Aprii  May June July Aug. Sept. Oct. Nov. Dec. Jany Feb. March Simul.
Ooen ASC, [023 024 028 029 031 035 0345 034 034 0345 035 0355 (o[ o
PENING 1 o4 Spread| 30.3% 30.5% 33.7% 34.5% 32.2% 37.0% 36.6% 35.6% 35.5% 34.7% 35.2% 36.1% : '
(7_(')"00;%_00 ASCs 030 029 030 032 032 034 034 034 035 03038 0385 o | ,,
' ) o Spread| 37.0% 35.7% 35.6% 35.1% 32.5% 36.7% 36.0% 36.0% 37.1% 37.7% 37.8%1988. s :
Normal ASC, 0235 024 027 020 031 036 035 035 036 034 035 036 | ,co | ,q
% Spread| 30.9% 31.0% 33.9% 34.9% 32.3% 37.5% 37.3% 35.9% 35.20% 33.7% 36.2% 36.3% b :
(9-0??3&85-00 ASCs 027 026 030 031 030 031 0325 035 036 0365 037 037 | oo . | ,g
: 00 o Spread| 35.5% 34.8% 35.2% 35.0% 32.3% 34.5% 35.3% 35.9% 36.0% 35.8% 36.6% 36.5% T :

ASCo | 0225 0.23 024 026 029 034 032 033 035 034 035 0.365
Enl‘_j' ofDay| o Spread| 30.3% 30.1% 29.6% 32.1% 31.7% 33.8% 34.2% 34.4% 35.1% 33.6% 34.6% 35106 <oA% | 27
9_00?“255_00 ASCs 028 030 030 033 034 0345 037 038 037 038 039 038 | \go | 45
(9:0010 15000 o, 5pread| 36.0% 36.6% 39.5% 38.5% 34.2% 34.8% 35.5% 36.0% 36.5% 37.9% 37.6% 37.7% I '

Panel B Estimated value of bid-ask spread componentsrdcupto prior regression using time intervals &nadie size (seBanel BTable 2)
B.1.Small trades (trade size between 1 and 19 cosjract

Aprii  May June July Aug. Sept. Oct. Nov. Dec. Jany Feb. March Simul.
Open ASC, [ 022 023 02 025 024 026 031 032 031 033 032 034 o | (oo
l_"')e”'”g % Spread | 27.9% 28.3% 29.8% 28.1% 27.6% 29.8% 30.8% 32.3% 31.1% 34.1% 33.2% 33.9% b=
(7_00°t‘;r3_00 ASC, | 029 027 027 030 027 025 031 029 0315 D334 035 \o0 | o0,
' PN o Spread | 31.4% 31.9% 32.0% 31.3% 30.3% 28.9% 30.8% 29.1% 31.6% 35.7% 37.4% 35.2% i
ASC» | 0.225 023 026 026 024 027 030 031 035 034 033 035
Normal 0 0 0 0 0 0 0 0 0 0 0 0 0| ASH% 0.34
Hours % Spread | 28.1% 28.6% 29.7% 28.7% 28.4% 29.6% 30.5% 30.4% 36.3% 34.3% 33.3% 34.6%

ASCs 0.26 026 0.27 027 023 0255 029 028 030 034 032 0.35 ASCoo. 043
% Spread| 32.4% 29.0% 31.7% 29.1% 27.6% 29.2% 29.6% 28.6% 30.0% 33.1% 33.1% 35.1% e '

ASCo 019 022 023 024 025 027 030 030 035 035 035 0.345
EndofDay | o S read| 29.69% 27.9% 27.4% 31.5% 29.6% 29.4% 30.0% 29.2% 36.2% 35.1% 35.7% 34.3%| ~°9% | 012

Hours
_ , ASC. | 025 027 025 028 027 028 029 031 033 0365 035 036
9:0010 15:0C| o Spread| 33.5% 31.2% 30.8% 35.7% 36.2% 30.3% 29.9% 30.1% 34.6% 36.3% 35.8% 36.206 X% | 188
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B.2. Medium-sized trades (trade size between 20 armbABacts)

Aprii  May June July Aug. Sept. Oct. Nov. Dec. Jany Feb. March Simul.
Oven ASC, [ 028 030 0275 0255 024 027 031 033 034 033 033 035, [ (.
ﬁe”'”g % Spread| 35.0% 36.3% 33.0% 32.3% 30.4% 34.6% 35.7% 36.4% 36.7% 35.8% 34.2% 35.3% b| P
(7'OOOtL(J)rS'OO ASC. | 031 028 028 027 026 0255 029 030 033 3034 036/ \oo | oo
' "1 o Spread| 38.7% 32.4% 33.2% 34.1% 33.0% 32.8% 34.1% 34.3% 36.0% 36.2% 34.8% 36.2% Os|
Normal ASC, [029 031 028 026 026 029 033 036 035 034 037 039 . [ -
LUt % Spread | 35.8% 36.6% 33.2% 32.6% 32.8% 35.9% 36.9% 39.8% 38.0% 36.7% 37.8% 39.0% o=
(©0010 1500)  ASCs | 028 027 026 024 026 024 028 027 033 0345 036 0355 091
: 9% o Spread| 35.2% 28.5% 31.7% 31.4% 32.9% 31.4% 32.6% 31.8% 36.1% 37.2% 36.8% 36.6%| S| O
ASC, | 0.28 033 028 027 028 030 034 034 037 036 036 0.38
E”ﬂ OfDay| o Shread| 32.9% 34.8% 32.5% 33.4% 34.4% 37.6% 38.6% 39.8% 39.0% 38.5% 36.7% 38.7%| "S%| 177
9_00?“255_00 ASCs | 033 029 030 027 029 027 032 029 038 036 037 037, 303
(9:00t015:00) o 5pread| 39.5% 30.5% 34.9% 33.4% 35.5% 34.4% 36.4% 33.9% 41.3% 38.4% 37.8% 37.3%| "SI 3
B.3.Large trades (trade with a size greater than B@-acts)
Aprii May June July Aug. Sept. Oct. Nov. Dec. Jany Feb. March Simul.
: ASCo, | 0.29 032 026 025 0235 029 032 034 0345 0325 033 0.35
Oﬁe”'”g % Spread| 35.8% 37.2% 35.8% 32.0% 31.0% 35.7% 36.3% 36.8% 37.1% 35.20 34.20 35.205 | “S@% | 056
7_000t“r3_00 ASC, 030 028 026 028 026 027 030 032 033 037 036 038 | o0, | g5
(7:00109:00) o4 Spread| 36.4% 32.8% 31.9% 33.2% 34.5% 33.9% 34.0% 34.2% 35.5% 37.1% 36.3% 38.3% G|
ASC, | 027 031 026 026 027 029 034 033 03/ 035 034 037
NHO(;umr‘;" % Spread | 32.9% 34.1% 31.7% 34.4% 35.9% 35.7% 39.5% 36.2% 40.7% 36.0% 34.8% 37.3%| ">#% | 303
, _ ASCs | 031 028 028 025 028 025 030 031 032 036 039 0.38
(9:0010 15:00) o4 Soread| 38.50% 30.2% 34.2% 33.1% 37.3% 32.1% 33.9% 33.7% 34.9% 36.6% 39.20% 38.0% | | 177
ASC, | 033 032 030 027 0265 029 0335 032 034 036 036 036
E”ﬂ ofDay | o Sread| 37.9% 34.4% 34.1% 34.4% 34.9% 355% 38.4% 35.6% 36.6% 36.8% 35.4% 36.206 | " oF% | 313
9_00?“255_00 ASC: | 031 029 030 027 029 027 033 0325 033 037 040 0385 | ascrs| 5os
(9:001015:00) o 5pread| 35.6% 30.6% 34.1% 34.4% 37.7% 33.5% 38.0% 34.7% 35.2% 37.1% 39.8% 38.2% i

-42-



TABLE 4. Cross-sectional association of estimated advazlest®n costs with trade size,
market orders and order autocorrelation

Note We perform ordinary least squares regressiontb@iproportional bid-ask spreads (PBAS) accordingd. (12a).

PBAS, =RV, .+

i=1 j=1

i=1

=1

23: 23: 8INT, SIZE (ASC,, ~RV,,) +i i 5,INT SIZE (ASC,, ~RV, )+ V,,COMP, +¢,,

We then regress the estimates of ASCb and ASCesumifidependent variables: MOb, MOs, AUTOCORRD,

AUTOCORRD according to Eqg. (12b):
ASG,, =0y, +B;MO,, +B,,MO;, +B;, AUTOCORR, +B,, AUTOCORR, +H,,
ASC;, =0 +B, MO, +B, MO, +B, AUTOCORR, +B, AUTOCORR;, +Hs,

All coefficients are first estimated for each oé five EUA sample futures using the Prais-Winstexthod which
assumes first-order autocorrelation in disturbaeoms based on the Durbin Watson statistic approach

We then compute the cross-sectional averages ofggign coefficients denoted “Mean coeff’ that meported
in the following Panels of Table 4. The t-statisfiesta) test whether this mean coefficient is statishcal
significanti.e. different from zero* (**) indicate their significance respectively @05 (0.01) level
The columns with the heading “Nb.signif. corregfrgireport the proportion of individual coefficienhmong the
five (EUA sample futures) coefficients obtained @hare significant at 0.05 level and have a signtidal to this
of the cross-sectional average coefficient “MeaefCo

Panel A Small trades (trade size between 1 and 19 cdsjrac

7:00 to 9:00 (INT) 9:00 to 15:00 (INT2) 15:00 to 17:00 (INTz)
DEPENDANT November-April| May-September November-Aprii  Mayt&aper| November-Aprii  May-Septembe
variABLE: ASC, Mean (Nb. Signif| Mean (Nb. Signiff Mean (Nb. Signif| Mean (Nb. Signif| Mean (Nb. Signiff Mean (Nb. Signif
Coef. corr. sign) Coef. corr. sign Coef. corr. sign)| Coef. corr. sign)| Coef. corr. sign| Coef.  corr. sign)
Intercept | 0.044* (5/5) |0.055* (5/5) |0.043* (5/5) |0.0485* (5/5) |0.045* (5/5) |0.049* (5/5)
t-stat | 42.76 46.97 41.82 45.94 42.22 46.38
MOy | -0.00017 (0/5) |-0.0001 (0/5) |-0.00015 (0/5) |-0.00007 (0/5) |-0.00006 (0/5) |-0.00003;(0/5)
t-stat | -0.98 -0.38 -0.52 -0.2 -0.38 -0.14
MOs|0.0023* (5/5) |0.003* (5/5) |0.0016* (5/5) |0.002%* (5/5) |0.0012* (4/5) |0.0016™ (5/5)
t-stat | 10.89 12.68 9.3 10.83 4.98 5.8
AUTOCORR} | -0.0002 | (0/5) |-0.0004 | (0/5) |-0.0041 |(2/5) |-0.007* |(4/5) |-0.005 (3/5) |[-0.012* | (4/5)
t-stat | -0.08 -0.11 -1.99 -3.12 -2.28 -4.25
AUTOCORRs|0.0022  (0/5) |0.00154 (0/5) [0.0037 (25) |0.004& (3/5) |0.0047 (2/5) |0.009* (4/5)
t-stat | 0.79 0.56 1.61 2.15 2.12 3.79
DW-statistic 2.03 2.04 2.02 2.02 2.01 2.02
Adjusted R2 0.64 0.59 0.58 0.61 0.57 0.6
7:00 to 9:00 (INTy) 9:00 to 15:00 (INT2) 15:00 to 17:00 (INT)
DEPENDANT November-April| May-Septembgr November-April  MaytSaper| November-Aprii  May-Septembe
vARIABLE: ASCs Mean (Nb. Signil Mean (Nb. Signif| Mean (Nb. Signif| Mean (Nb. Signif| Mean (Nb. Signiff Mean (Nb. Signif
Coef. corr. sign) Coef.  corr. sign) Coef. corr. sign)| Coef. corr. sign)| Coef. corr. sign Coef.  corr. sign)
Intercept | 0.05* (5/5) |0.050* (5/5) |[0.0475* :(5/5) |0.0474* ;| (5/5) |0.0468* : (5/5) |0.0466™  (5/5)
t-stat | 41.65 41.61 39.57 39.53 37.8 37.16
MOy | 0.0017* (5/5) |0.0018* (5/5) |0.0019* (5/5) |0.002%* (5/5) |[0.0013* (5/5) |0.0013* :(5/5)
t-stat | 9.51 10.04 13.5 14.25 8.13 8.58
MOs|-0.0007* (4/5) |-0.0009*: (5/5) |-0.0006 | (1/5) [-0.0007% . (2/5) |-0.0003 (0/5) |-0.0004 : (0/5)
t-stat | -3.26 -4.69 -1.82 -2.61 -0.58 -0.83
AUTOCORRy | 0.0048 :(1/5) |0.0057% (2/5) |0.0013 :(0/5) [0.0064 : (3/5) |0.008%* (3/5)|0.0134* (5/5)
t-stat | 1.68 2.19 0.84 2.49 2.98 7.58
AUTOCORRs|-0.003 (1/5) |-0.0012 (0/5) |[-0.0031 :(1/5) |-0.0053* (3/5) |-0.0078* (3/5) |-0.012* : (5/5)
t-stat | 0.99 0.39 -1.32 -2.32 -2.24 -7.10
DW:-statistic 2.03 2.04 0.62 2.02 2.01 2.02
Adjusted R2 0.59 0.57 2.03 0.6 0.6 0.61
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Panel B:Medium-sized trades (trade size between 20 armbABacts)

7:00 to 9:00 (INTy)

9:00 to 15:00 (INT?)

15:00 to 17:00 (INT)

DEPENDANT November-April| May-SeptembgiNovember-April| May-September November-April  Mayt&aper
variagLe : ASGy Mean (Nb. Signiff Mean (b. Signif| Mean (Nb. Signif | Mean (b. Signif | Mean (Nb. Signif | Mean {b. Signif
Coef. corr. sign) Coef. corr. sign] Coef. corr. sign)| Coef. corr. sign)| Coef. corr. sign)| Coef.  corr. sign
Intercept | 0.105* (5/5) |0.106* (5/5) |0.099* (5/5) |0.10r* (5/5) |0.094* (5/5) |0.095* (5/5)
t-stat| 52.65 52.92 49.31 50.47 49.49 49.59
MOy | -0.001%*| (5/5) |-0.0012* (5/5)|-0.002Z*/(5/5) |-0.0023*(5/5) |-0.0009*(5/5) |-0.00%* | (5/5)
t-stat| -11.61 -12.31 -20.43 -21.67 -9.40 -11.09
MOs| 0.0025* | (5/5) |0.0027* | (5/5)|0.0024* (5/5) |0.0026* (5/5) |0.0026% (5/5) |0.0027* (5/5)
t-stat| 24.02 26.64 25.02 27.74 27.08 30.03
AUTOCORRGb | -0.0059  (1/5) |-0.0055 : (1/5)|-0.008* : (4/5) |-0.009* : (4/5) |-0.008 :(3/5) |-0.009* (4/5)
t-stat| -1.51 -1.61 -3.08 -3.32 -2.53 -3.20
AUTOCORRs|0.0039 :(1/5) |0.0061 (0/5)|0.008% :(4/5) |0.01®* (4/5) |0.0094 (4/5) |0.0084* : (4/5)
t-stat| 0.97 1.81 3.19 4.19 3.27 3.06
DW-statistic 2.01 2.02 2.01 2.01 1.99 2.01
Adjusted R2 0.69 0.71 0.70 0.72 0.69 0.73

7:00 to 9:00 (INTy)

9:00 to 15:00 (INT?)

15:00 to 17:00 (INT)

DEPENDANT November-April| May-SeptembgeiNovember-April| May-September November-April  Mayt&aper
vaARIABLE : ASCs Mean (Nb. Signiff Mean (b. Signif| Mean (Nb. Signif | Mean (b. Signif | Mean (Nb. Signif | Mean {b. Signif
' Coef. corr. sign) Coef. corr. sign] Coef. corr. sign)| Coef. corr. sign)| Coef. corr. sign)| Coef. corr. sign)
Intercept | 0.0339* | (5/5) |0.0367*  (5/5)|0.0363* (5/5) |0.037x* (5/5) |0.0365* (5/5) |0.004G* (5/5)
t-stat | 25.28 27.72 27.65 30.32 28.32 31.05
MOy | -0.0004*; (4/5) |-0.0006* (5/5) | -0.0005*(5/5) |-0.0008*(5/5) |-0.0005*(5/5) |-0.0008* (5/5)
t-stat | -6.36 -9.34 -10.99 -16.15 -8.4 -12.34
MOs| 0.0008* | (5/5) |0.0012*  (5/5)|0.0009* | (5/5) |0.0036* ;| (5/5) |0.0007* (5/5) |0.0028* (5/5)
t-stat | 10.91 12.59 16.05 32.06 11.02 27.88
AUTOCORRy | -0.0015 | (0/5) |-0.0068° | (3/5)|-0.0033 |(2/5) |-0.0112* (4/5) |-0.007 | (4/5) |-0.008* |(4/5)
t-stat | -0.82 -2.11 -1.36 -4.13 -2.27 -2.42
AUTOCORRs|0.0012 | (0/5) |0.0015 (1/5)|0.001 (0/5) |0.0034 | (2/5) |0.0075* | (1/5) |0.0076* |(4/5)
t-stat| 0.46 0.57 0.52 1.41 2.26 2.39
DW-statistic 2.05 2.01 2.02 2.01 1.98 2.01
Adjusted R2 0.75 0.73 0.77 0.72 0.73 0.74
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Panel C:Large trades (trade with a size greater than Bfracts)

7:00 to 9:00 (INTY)

9:00 to 15:00 (INT2)

15:00 to 17:00 (INTs)

DEPENDANT November-April| May-SeptembeiNovember-April| May-September November-April  Mayt&aper
variABLE: ASGC, Mean (Nb. Signif Mean (Nb. Signi{ Mean (Nb. Signif| Mean (Nb. Signif| Mean (Nb. Signiff Mean (Nb. Signif
Coef. corr. sign) Coef. corr. sign) Coef. corr. sign)| Coef. corr. sign)| Coef. corr. sign Coef. corr. sign)
Intercept | 0.055* {(5/5) |0.07¥* ((5/5) |0.08F* (5/5) |0.088* (5/5) |0.072* (5/5) |0.075* (5/5)
t-stat| 7.26 11.27 14.71 16.83 11.74 14.22
MOy (0.0003* | (4/5) |-0.000Z ' (3/5)|-0.0001 (0/5) [-0.00017 (1/5) |0.00005 (0O/5) |0.00004 | (0/5)
t-stat| -3.18 -2.36 -0.43 -1.44 0.41 0.37
MOs | -0.000Z | (3/5) |-0.0004* (3/5)|-0.000Z | (3/5) |-0.0003* (3/5) |-0.0001 (O/5) |-0.0002 |(1/5)
t-stat| -2.51 -3.34 -2.34 -3.26 -1.72 -1.97
AUTOCORRy [ 0.025  (0/5) |-0.022  (0/5)|-0.0294 (3/5) |0.0071 (0/5) |-0.0018 :(0/5) |0.0013 :(0/5)
t-stat| 1.08 -1.00 -2.25 0.73 -0.13 0.12
AUTOCORRs|-0.0284 (2/5) |[-0.021  (1/5)|0.0099  (0/5) |[0.0047 (0/5) [0.0094  (0O/5) |0.0046  (0/5)
t-stat| -2.12 -1.24 0.77 0.45 0.72 0.41
DW-statistic 2.06 2.02 2.01 1.98 2.01 2.02
Adjusted R2 0.80 0.83 0.70 0.72 0.69 0.68

7:00 to 9:00 (INTh)

9:00 to 15:00 (INT»)

15:00 to 17:00 (INTs)

DEPENDANT November-April| May-SeptembeNovember-Aprill May-September November-April  Mayt&aper
varIABLE : ASCs Mean (Nb. Signif Mean (Nb. Signi{ Mean (Nb. Signif Mean (Nb. Signif| Mean (Nb. Signiff Mean (Nb. Signif
Coef. corr. sign) Coef. corr. sign) Coef. corr. sign)| Coef. corr. sign)| Coef. corr. sign Coef. corr. sign)
Intercept | 0.049* (5/5) |0.047* (5/5) |0.036* (5/5) [0.047* (5/5) |0.036* (5/5) |0.059* (5/5)
t-stat | 8.29 7.87 6.89 8.04 6.87 10.78
MOy -0.0005*  (5/5) |-0.0004*: (5/5)|-0.0004* (4/5) |-0.0004* (4/5) |-0.0003 (3/5) |-0.0002 :(1/5)
t-stat | -7.01 -5.34 -4.22 -4.09 -2.54 -1.54
MOs|0.00015 (1/5) |0.00014 : (1/5)|0.00011 : (0/5) |0.00012 : (0/5) |0.00003 (0/5) |0.00015 i (0/5)
t-stat | 1.49 1.59 1.12 1.21 0.49 1.25
AUTOCORRy [-0.02Z (3/5) |[-0.019 (1/5)|0.0002  (0/5) |[0.0002  (0O/5) [-0.0002 ' (0/5) |-0.0001 : (0/5)
t-stat | -2.28 -1.97 0.38 0.31 -0.28 -0.10
AUTOCORRs|0.0143 (1/5) |0.0103 (0/5)|-0.0036 ;(0/5) |[0.0124 (0/5) [0.0033 (0/5) |0.0260 : (1/5)
t-stat | 1.35 0.76 -0.55 1.10 0.49 1.59
DW-statistic 2.01 2.02 2.01 2.01 1.99 2.01
Adjusted R2 0.69 0.71 0.70 0.72 0.69 0.73
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