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Middlemen in Limit Order Markets

Abstract

Alimit-order market enables an early investor to trade with a late investor. Bobilicp;mews in the interarrival
period creates adverse-selection cost and hampers trade. A higkrigrader (HFT) might restore trade
through its unique ability to quickly update its quote on news arrival. But, Hitfyenight in itself worsen
adverse selection if speed is used to adversely select investors’ qlibispaper studies HFT entry both
theoretically and empirically. The entry of an HFT-friendly new market islasean instrument. Middlemen

arrival coincides with a 29% reduction in the bid-ask spread and a 18poidivolume.



Technology revolutionized the way financial assets are traded. Electioit order markets enable agents
to automate trading decisions. Computer algorithms are used to either minimizecti@ngmst when
trading into position (‘working’ an order through time and across markete simply profit from buying
and selling securities as a middleman. This latter type is the focus of our stddg afien referred to as

high frequency trader (HFT). We study the advent of middlemen bothétieally and empirically.

In principle, a limit order market removes the need for intermediation. Inkestbo are spaced out in time
(due to a nontrivial opportunity cost of staying on in a market) establiskesrétrough limit orders. For
example, an early investor with low private value for her asset might phstitasell (‘ask quote’) which

is taken up by a late investor with high private value for the asset. But, if iee@@mmon value process
the late investor might adversely select the early investor (as she is betianéd). The early investor
rationally posts a higher limit order to be compensated for this adverse selecst. If common value

innovations are large enough relative to private values the market hitéradedeadlock.

Middlemen can enhance welfare as their speed advantage helps to ‘uaroallverse-selection induced
trade deadlock. High frequency traders stand out by their super@miation processing speed established
through dficient algorithms that run on fast computers ‘co-located’ at a marketeserhis creates an edge
in terms of quickly updating limit orders on the arrival of public informationtHa deadlock example, the

early investor might sell to the middleman who keeps refreshing his limit sell ustlatie investor arrives.

Middlemen might reduce welfare if their speed creates an adverse selesitifor limit order that might not
have otherwise existed. If the late investor is unaware of a common valueatiom, trade is not hampered
by adverse selection. If middlemen are introduced in this setting, they creaidvarse selection risk for

the early investor and might reduce trade.

The theory develops the arguments for and against middlemen formallyldtaa vast literature on market
intermediation. Classic models in financial economics assume information asynwaneiny, rather than
superiorly informed, middlemen are uninformed which was natural for nmvkeere humans intermediate
(see, e.g.Glosten and Milgrom (1985andKyle (1985). Foucault, Réll, and Sandas (200&troduce
costly monitoring ability for liquidity suppliers and analyze optimal intensity. Ma¥eent limit order
models analyze how adverse selection rifkets the choice of an arriving agent to choose between a limit
and a market order (see, e.ggllifield, Miller, Sandas, and Slive (200@ndGoettler, Parlour, and Rajan

(2009). They do not consider the entry of middlemen.



The empirical part analyzes the advent of middlemen by exploiting the inttioducf an HFT-friendly
trading venue as an instrument. Chi-X started trading Dutch index stockgpohl&, 2007. Unlike the
incumbent market, Euronext, it did not charge limit order modifications, xecwgions. Quite the contrary,
limit orders that led to execution received a rebate. The first 77 tradiygaf®007 and 2008 are compared
to establish a ‘treatment’fiect. To control for time fiects, Belgian index stocks serve as an ‘untreated’
control sample as they had not yet been introduced in Chi-X, yet wetmgran Euronext under the same

rules as Dutch stocks.

Post Chi-X, a middleman has entered for Dutch stocks who trades primasgjvpa(i.e., through limit
orders). One new broker ID (not present in the pre-entry sampldgdraery frequently—it is present

in roughly every third trade in Chi-X and in every twelfth trade in Euronextis Iparticularly active on
days when most of a stock’s price movement is explained by the indexR2tbé a single-factor CAPM
explains 45% of time variation in middleman participation. What makes this broketFan though, is
that its net position over the trading day is zero almost half of the sample dafigther finding is that
75-80% of its trades were passive. These observations provide eamhiieport for our theory which
characterizes middlemen as cofiieéent intermediaries. They minimize adverse selection cost by quickly
updating quotes on incoming ‘hard’ information, i.e., information that is easilggssed by machines such

as price quotes in the local index, same industry stocks, foreign exehetty

A diff-in-diff analysis (post- minus pre-entry, treated minus untreated) shows that middésing is ac-
companied by an increase in liquidity supply and a drop in volume. Post-egdlized volatility is 64%
higher for (treated) Dutch stocks, which is the same order of magnitudeea®98b higher volatility for
the (untreated) Belgian stocks. This is a reassuring result as it is unlikaljoth-frequencyvolatility is
affected by HFT entry. The bid-ask spread did not change for Dutchstbck did go up by a significant
35% for Belgian stocks. The fihin-diff is therefore a 35% reduction in spread. The&-i-diff analysis
further shows that depth at the best quotes shrank by 13%, but thisasdserder relative to the spread
improvement as calibration shows that, net of depth change, the sprelateddy 29%. The number of
trades was urfiected by middlemen entry but volume declined by 13% (double-counts due téemiaial
intermediation are removed). The volume decline is either due to (i) investgrggsdway from the market
or to (ii) ‘old’ intermediaries being replaced by HFTs. The results are tbeenixed in terms of how HFT

entry dfects welfare—the lower spread appears beneficial, the lower volumelisame.



The dif-in-diff results should be interpreted with care due to potential endogenous timinggkaution
bias. Chi-X might have decided to start the system on April 16, 2007, eledtsDutch stocks because
these stocks at that time showed particularly high activity and large sprié#usse were transitoryfkects,

the subsequent volume decline and spread reduction are to be expeespedtive of HFT entry. We
plan to study the size of transitoryfects to verify whether (i) timing was indeed endogenous (spread and
volume were temporarily high on April 16, 2007) and (ii) whether the sizeedel&fects could explain the

magnitude of the reported treatmeifieet.

The empirical findings add to a growing literature on automated tradhugicault and Menkveld (2008)
study smart routers that investors use to benefit from liquidity supply in multipletsa Hendershott,
Jones, and Menkveld (201@se an instrumental variable to show that algorithmic trading (AT) causally
improves liquidity and makes quotes more informatiZ@aboud, Chiquoine, Hjalmarsson, and Vega (2009)
relate AT to volatility and find little relationtHendershott and Riordan (200fnd that both AT demanding
liquidity and AT supplying liquidity makes prices moréieient.

More broadly, our findings contribute to the literature on middlemen in searcketsa In Rubinstein
and Wolinsky (1987and Masters (2007middlemen may improve allocations because they speed up the
meeting process. Rents are divided via Nash bargaining. Hosios conditiboptimality obtain when
numbers are endogenous. In our model, however, market participaggndgnous. Our paper is closer to
Li (1996) in which where middlemen have an advantage in terms of information in a lemong. mMdee
contrast is (i) that the quality of the traded good is exogenous, and (iifHbanformation is not about
independent values but, rather, common values, which we believe to be la¢dint of evaluating welfare
effects of HFTs who specialized in speed to minimize being adversely selectatbtio ipformation. A
unique feature of limit order markets is that late investors cherry pick tadelgave-it dters (i.e., limit
orders) of early investors, leaving the latter with a winner's curse pnebléloser to home are models on
search in decentralized markets, elguffie, Garleanu, and Pedersen (20063gos, Rocheteau, and Welll

(2009) andDuffie, Malamud, and Manso (20Q9)

The remainder of the manuscript is structured as follows. Sedtidevelops a static model. Secti@n
extends the model to a recursive dynamic model. Se&idiscusses mechanism design issues. Sedtion

contains the empirical analysis. Secti®noncludes.



1 One-period model

There is one indivisible security and two agents, a buyer and a sellearie-geriod model, assume that the
private value of the asset to its owner is distributed uniformly accordifg(t) = x for x € [0, 1] . We refer
to the owner as the selles, There is also a buyeB, whose private value ig also distributed uniformly on

the unit interval, and independently vf The private values are known to each party, privately.

Additionally there is a common valug denoting a capital gain or loss on the security that each investor
values in the same way. The asset yields utikity z to its owner, and would yielgt + z to the buyer. The
variablezis the common value, best thought of as the change in the price of the sdunritgne period to

the next. Itis the capital gain or loss that any investor experiences iflde tie security. It has distribution

G (2). Since stock prices tend to follow a random walk, we asskirt# = 0.

| First best allocations and welfdre

The first best welfare is that the highest-valuation investor ends up wietheity. Realized welfare would

then bez + max(x,y) . Sincez has zero mean, expected welfare would then be

WEIRsT BEST= ffmax(x, y)dF (x)dF (y).

In the uniform[0, 1] case wherd- (X) = X, the quick way to calculate this quantity is to note that the CDF

of the maximum is<¢ with a density of X. Then

1

2

WEIRsT BEST= Zf x2dx = 3
0

Myerson and Satterthwaite (198sHowed that in a bilateral monopoly situation in whicandy are private

information, we cannot attain first best with any mechanism with a zero bbdtgnce.



1.1 Version 1: Only middleman hasa private signal about z

By far the simpler version of the model to analyze is that in which neheor S has private information
aboutz and in which middlemen who knowfrom the outset, bid for the security competitively. We shall
start out without middlemen in the model, and analyze two alternative trading thke first being that in
which S posts an ask th& must accept or reject, the second being that in wBiglosts a bid whicls must
accept or reject. The two cases correspond, formally, to which invastges first. In the next subsection

we consider the case when one of the investors is better informed about

Following that discussion, we shall introduce competitive middlemen. In thistisityaniddlemercreate
an adverse-selection problem that otherwise would not exist. The pnablpartially resolved by letting
the middlemen supply liquidity in the form of limit orders, or ‘passive’ ordésvertheless, trade is lower

than it would be in the absence of middlenten.

1.1.1 Casel: Spostsan asking price, B acceptsor rejects

Since neither party knows both expect to receive (z) = 0 from the common value. This leaves only
the private values of the security to bargain oveln other words, faced with the ask-price pfthat is
uncorrelated witle (it has to be becaus® has no signal abow), B accepts if and only if > p. ThenS
solves the problem

mgX[l -F(P]p+F(p)x

which, sinceF (xX) = x boils down to the problem mgxo 1; (1 — p) p+ px This leads to the optimal pricing

policy
1+x
P =—— (1)
which is plotted as the red line in Figuiie The shaded area shows the pairs of pofriy) that result in

trade.

Welfare turns out to be higher when the more informed investor posts thelider, and this is the trading convention that we
then would expect to see emerge.

2In the empirical section, we shall find that adverse selection existedebtife entry of Chi-X, which is evidence against the
stark assumption that in the absence of middlemen no adverse-selectibenps would exist. This is shown in Taldleand in the
diff-in-diff analysis.

3The same would be true if both had a common sigraboutz. In that case both expect to receféz | s) from the common
value, once again leaving only the private values of the securuty toibarger.
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Figure 1. EQUILIBRIUM OFFER TO SELL WHEN o~ = 0

The probability of trade in Case2-In the case wherE is uniform (as portrayed in the figure), the shaded
area represents one quarter of the unit square. The number of isddesefore 4. More formally, letting

p(x) =argmax {p[1 - F (p)] + XF (p)}, the probability of trade is

r=f[1—F(p[x]>]dF(x)

SinceG does not fiect p(x), it also does notféectr.

Welfare in Case 1—If trade was prohibited, welfare would equa(x + zZ) = E (X) = 1/2. But trade raises

welfare above this level. Expected welfare conditionakasthen

1+ Lx 14 Lix
1+x)+ > Pr(y21+x) 1+ X 5 (1_1+x)

E If = P =
(welfare| xX) = x r(y< > > > > + > >
1+x 144 1+x| 1 1+x\?
=Xt (1— > )_5 x(1+x)+1—( > )
and therefore
1 1(1 1 1@+x3[Y s
W= E (welf dx==|z+=+1-= =—-=0.625 2
fo (welfare| x) dx 22+3+ i 3 |78 2)




1.1.2 Case2: B postsabid, Sacceptsor rejects

If B buys the security, the buyer receives- p, and zero otherwise. If he did not have to worry about

competition from middlemerB would solve

mgx{[F P]y-p).

with FOC

F=(y-pf=

by - y_ (P
p'ly) =y a0

which in the uniform case gives us
by = Y
Py =3
which we illustrate in Figuré.

The probability of trade in Case.2-With p(y) = arg max {pF (p)}, the probability of trade is

r:pr[y])dF(y)

Again, sinceG does not fiect p(y), it also does notféectr. In the uniform case, the shaded are represents
one quarter of the square. A comparison of the shaded areas in Figamd& shows that they are the same.

The probability of trade is agairn/4.

Welfare in Case 2—It is easy to show that welfare is agaif85just as in ) of CASE 1%

4Conditional ony welfare,E (welfare| y), is

yPr(x<y/2)+%(1+%)Pr(x2y/2)= %yz+%(l+%)(l—%)= %(yz+1—yzz)=%+%gy2

and overall it isfo1 E (welfare| y) dy = 2, same as i)
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Figure 2: EQUILIBRIUM OFFER TO BUY WHEN o = 0

1.1.3 Case3: Informed Middlemen post bids and asks

To be an HFT is to have the ability to react to news faster than investors\8@mow add to the game some
middlemen who, unlik@& andS, knowzfrom the outset. Presumably the news almistfresh, too fresh for

the investors to have heard it. A middleman'’s utility from owning the assete has zero private value of
holding it. Sincex andy are positive, if the security ends up in the middleman’s hands welfare is kxver

post in every state of the world.

On the other hand, the presence of middlemen in this environment createsea’'sicurse problem for any
uninformed investor (in this cad® andS) wishing to post a limit order. Being faster, middlemen would
accept an fier to sell wherzis large and reject it whenis small, and would top anfker to buy that B would
reasonably make. We shall now assume that such private informatioadéssunvestors from postingfers

and opens the door to middlemen to post bids and asks.

The middlemen are competitive. Middlemen their bgsat a value at which they break even in the sense

that their expected profit from attempting to sell the security eqoal3o calculatep, we work backwards

50Our empirics show that the middleman’s price quotes react faster, spetially so to “hard” information. We also find
middlemen to be more active in more volatile stocks, which is where they sumably reap the benefits of their superior
capability of tracking hard information.



from the value of selling the security. Should a middlemieln,procure the security fror, he can turn
around and try to sell it t8 right away. At this poiniM is the monopolist an@ still the monopsonist. |.e.,
if M’s bid succeeds, the bilateral monopoly situation shifts from being bet\Besad B to one between
M andB. But there is a further change: The asymmetric information abbas now disappeare@ will
by then have seen the posh, and from it he has been able to intgibecause, will in equilibrium be a

monotone-increasing function af

At this point, the situation is much the same as it was in Case 1 under \Bhietd S both had the same
expected value of, namelyE (z) = 0. This time, bothM andB have the same value af namely the

realized value of whichM knew from the start and whidB has been able to infer. Therefol,s asking

price will be
Pa=2Z+U 3)
where
u=argmax[l-F (u)] 4
andM'’s willingness to bid forS's security is
Pp=2+m (5)
where
7 = maxu [1-F(u)]. (6)

Thereforepy, is indeed monotone inas claimed.

SinceS also knows howpy, relates taz, he realizes that if he keeps the security he will get a ffayfox + z,

whereas if he sells5j tells us that he will get + n. ThereforeS sells it x < 7.

The probability of trade in Case.-3-In Figure3, the red square contains tfre y) pairs of the traders that
take part in the M-mediated transfer of securities. The number of trade®dx this number, however,
because of how the data are collected. Since aSalgl followed by a saleM —B counts as two separate

trades in the data, the total number of trades that Case 3 predicts is

Lot 3 _oars 7)

T=F@+F@L-FUI=5+35=5
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Figure 3: TRANSFERS IN CASE 3

Figure 3 also plots the asking price(x) = (1 + x) /2 for Case 1, and for Case 2 the pdy) the inverse
of which is 2. We then find that the agents involved in trades that eventually move thetgdoam one
investor to another in Case 3 are a strict subset of those that trade ir2 dagenot a strict subset (though
still a smaller one) of those that trade in Case 1. These are in the upperdetahgle. The lower (blue)

rectangle involves an equal number of transfer where the final owiies imiddleman.

Welfare in Case 3—The average of the transferred securities ig8 whereas their averagas 3/4. Of the
1/4 shares sold, half are kept by M and draw no private value. Thusriotaber of &ective transfers is

1/8, and so the welfare gain {5} — 7% = &, so that total welfare ig} = 0.563.

114 Feashblestrategies

Middlemen are the only agents that in the model can post more than one priather, revise their actions

in light of information received during the period. They can post a bidifitds accepted, they can turn

around and post an ask. Investors are assumed to be unable toasttasstb accomplish this. In particular,
investorS can inferz from p,, he cannot then reject the bid, and post an asking price that refletfts

could do this, he could drive middlemen out of business. The reasonimgilarsto that for why in the

10



absence of noise traders the informed traders would not want to payftinenation cost inGrossman and

Stiglitz (1980)because equilibrium is then fully revealing.

Let us review the logic in Case 1 and FigureSincer = 1/4, M’s bid of pp = z+1/4 would be too low to
meet any ofS's asks which, whe® knowsz, would equak+ (1 + x) /2. Alternatively, in Case 2 and Figure

2, let M try to enter the game in whicB bids p(y) = y/2. Could he post a bid gf, and hope to re-sell
the security at a profit? If he succeeds in buying the security at the pyidhis would mean that < 2py,.
Thenp, = argmax p[F (2pp) — F (p)] . Sincepy will not exceed 12 in the uniform case, the maximand is
p([2pp — p]). The FOC is 2, — 2pa = 0 which implies thatp, = pp. But M cannot possibly break even
this way because the probability of saleptis less than unity. Therefore regardless of who posts the limit

order B or S), M cannot profitably acquire the security with a positive probability.

1.1.5 Summary of Version 1

Let us summarize implications in a table. The bid-ask spread for the situationuvitiiddlemen can be

defined as the average p# (x) for Case 1 minus the average of th(y) in Case 2. That i§,

spread- [ p9AF(9- [ POAFG) =5 -5 =5

We consider this to be the “realized spread” caused purely by monopualgrpolhis would arise even

without any adverse selection.

SuMMARY OF VERSION 1

REGIME # TRADES WELFARE SPREAD
First best 0.50 0.666 --
No middlemen 0.25 0.625 0.5
Middlemen 0.38 0.563 0.25

The important feature of the summary is that the properties of the distributibhaife no bearing on the

numbers in the table.

6A smaller number would probably be appropriate if an investor of a diyeex was to post both an ask and a bid.

11



(i) In row 1 of the Table, the first-best depends on transferring shi@rehe larger ox andy. The

allocations do not depend an

(ii) Inrow 2, the investors cannot forecastand simply behave asifwere equal to its expected value of

zero. This will cease to be true when we introduce private informationtabou

(i) Inrow 3, the actions of the middlemen reveab the traders.

In the next section, we shall find that when we introduce some privatemiafion onz, the welfare rankings

of the second and third rows will change

1.2 Version 2: Buyer too hasa private signal about z

Version 2 ditfers from Version 1 mainly in that now an adverse-selection problem exigtsw middlemen.
This is supposed to capture the reality that whoever posts a limit order andta@ontinuously monitor it,
risks having it accepted in an unfavorable state. The investor postingcabid be a buyer or a seller. To

keep things simple we shall deal only with the case in which the uninformed &gée seller.

The severity of the problem depends on the importan@aefative to that otk andy. We shall show that in
the absence of informed middlemen this reduces trade and welfare ragastilghether the informed party
(i.e., the seller) or the uninformed party (i.e., the buyer) makes fifee. orhe welfare conclusions can be

anticipated as summarized in FiguteOn the horizontal axis-, is the standard deviation af

We conjecture that theffects are monotone i, as depicted. This is based on eq.7)(which shows an
upper bound for trade, a bound that converges to zero. As tradergas to zero, welfare converges to its

no-trade level.

Relation to the no-trade results-The result is closely related to the no-trade theorghigfom and Stokey
(1982) which states that as long adigrences in beliefs arise fromfféirences in signals that come about
as a result of an agreed-upon distribution, one cannot have tradeuwvabsuming dferences in traders’
utility functions. We can write those preferencesxasoz for the buyer ang + oz for the seller, but since

everyone is risk neutral, we can divide p#igoby o- without afecting incentives or equilibrium. Then the

12
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Figure 4: WELFARE AND MIDDLEMEN INVOLVEMENT

preferences are+ x/o- andz+y/o respectively. Asr gets large, the preferences become identical and equal

to zand trade disappears.

1.2.1 CaselA: Sdler postslimit order

As in Case 1 aboves meetsB who, as before, values the securityyat z, wherey is drawn independently

from F. The diference is that now knowsz

The owner makes the non-owner a take-it-or leavé@raof p, and the (possibly new) owner remains in the

market, and the non owner leaves for ever.

The prospective buyer knows more than the seller about the commonzvéiiusupport of this assumption,
our data show that thedfect of a trade is to change the long-run value of the security, i.e., it hagaulon

impact on the price — see Tahleand the detailed discussion of it.

B accepts anfoer atP iff y + z > p. ThenS solves

(&) —00

00 p-y
mex [ [p[l—G(p—y)]+f (x+z)g(z)dz]dF(y>.

13



Differentiating and cancelling the tenpg(p — y) which appears twice, we get the FOC

1—fe(p—y>dF(y)=f(x—y)g(p—y)dF(y). (8)

(%)

Normally distributed xy and z—We suppose thatandy ~ N (1,1), and thatz ~ N (0, 02). We wish to
vary the parameter which, when it gets larger relative to the unit variancexahdy, worsens the adverse-
selection problem. Sincgandz are independent, their sum= (y + 2) is normal, with variance % .

Let

¢(u)=\/ize—“2/2 and cp(u):ﬁoqs(s)ds

be the standard normal density and CDF. We shall hold the variancesnafy at unity. Then

Fy)=d(y-1), fX=¢(x-1), G(z):CD(;Z_), andg(z)=1¢(§) (9)

g

We then can write

vV(X) = maxf:{[l— q)(ﬂ)] “p+ fp_y X%Zgb(g)dz}qﬁ (y—1)dy. (10)

p (o 00

The FOC w.r.t.pis

0=f:[1—@(p_y)+(x_y)¢(p_y)]¢(y—1)dy. (11)

a ag a

Now let p (X) be the optimal price and

(®= [ [1-o(E)or-vay (12)

(o

be the probability that thefter of a typex seller is accepted.

Lemma 1l Under the normality assumptions ifi)( the probability that the buyer accepts thgeo of seller

X can be expressed as

7(X) =

exp( -1 (_p +o )) , (13)

2
X) + - X
PO +a ) 202 \1+02

a
V2ro

1+ 02

14



whereq is defined as

L-FOZ_ _p [L-FKP?

a=m+[1-FK](K+A)=m+ f (k) T 1-8 f(K

(14)

We now use the Lemma to prove our result that the adverse-selectionmrdegtroys trade in the absence

of middlemen.

Proposition 2 Under the normality assumptions if)(

Iim r7(x) =0 forallxeR (15)

O—00

Proof. As o — oo if, for eachx, p/oc — +o0, then (L5) follows because then byi?) 7 (x) — 0 because
D (%’) — 1 for eachy. Conversely, ifp/o is bounded, then so & and thereford8 — 0 [whereC is defined

in (56)]. And in this case , the terrﬁf?p in (57) is also bounded, and therefde—» 0 = 7(X) > 0. m

Lower bound on p—Sincer > 0 and sinceB is strictly positive, b7) implies that

X
1'°+( a)z > X a? (16)
Upper bound orr.—In (12),
T(X)=Priy+z>p(X)=Pry-1+z>p(x)-1)=1- q)(p(x) — l) = d)(l_ p(x))
1+0 1+o0
where the last equality follows because for any R, ® (—u) = 1 — @ (u). Now from (L6),
p(x) > (1+o-2)(x—a2) = (l+a-2)x— (1+a-2)a2 = (l+a‘2)x—0'2
and therefore ( 2)
1-02(x-1)-x 1+0%)(x-1)
“”SQ( 1ro )‘QL__TT?__ (17)

which, for x to the right of the mean, gives us an estimate of the rate at wh{ghconverges to zero.

This rate forms the basis for the dashed red line the welfare gains to tradguire % in the absence of

15



middlemen. As trade converges to zero, welfare converges to its nol¢raade

1.2.2 Case2A: Buyer postslimit order

In this case thefder is made by the informed agent, and it therefore partially reveals thezstatiee seller.
The seller’s expectations thus depend on the buyer’s equilibrium stratégybuyer of course recognizes

that fact, and this leads to a fixed-point problem for the equilibrium biddirgegy

We imagine, then, that in the absence of middlemen the buyer can post a linmibtlde start of the period.
It will turn out that the buyer’s bid, will be a monotone functionwé y + z thereby allowing the seller to
infer u while deciding on whether or not to accept the bid. He will, in other wordsditimn his beliefs on

u. The distribution oz conditional onu is Normal, with mean

2

"Uz (u-1). (18)

E(z|u) = s

Let p denote the buyer’s bid. In equilibrium, the bid will be a function

p=h(u)

that will turn out to be strictly monotone and, hence, invertible. Upon seemgffar atp, the seller will

form the expectation af that we shall denote by

Z(p) =E(zlu=h"[p])

2
(h"*[p]-1) (19)

T
1+02

(using (L8)) and he will accept thisfeer iff x+ Z(p) < p, i.e., iff

x<p-Z2(p). (20)

The buyer’s decision problem-The buyer understands that hies influences the seller’'s beliefs abaut
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via (20). If he buys the security, the buyer receives p, and zero otherwise. The buyer’s problem then is

mrgax{F (p—-Z(p) (u-p)}

The FOC is
F(p-2(P)=u-p)f(p-2Z(p)(1-2Z"(p) (21)
where, upon usingl@), we find that
o? dht
Z'(p) = md_p (22)

Equilibrium.—Nash equilibrium requires that the buyer’s expectations about thegstiétat the seller uses

should be self-fulfilling. This requires, in turn, that

ot 1
dp  dp/du
or simply that
h"(u) = h" (u) (23)

wheredp/du = h’ (u) is the optimal response of the seller to a changa.ihis response obtained as a
comparative static result ir2{) taking Z (p) as determined — vial@) — by the seller's expectatioris In

other words, we seek a fixed point for

The previous section showed thatagets large, the asking price of the uninformed goes to plus infinity
for eachu. Now we shall show that under the same conditions, the bid of the informest bonverges to
minus infinity for eactu, so that there is again no trade

Proposition 3 Under the normality assumptions ifi)( for each ue R,

lim p(u) = -

The proof goes as follows. Let(s) = F () /f (s), and

(a) substitute foiZ from (19) into (21) and
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(b) substitute foiz’ (p) from (22) noting that%;1 =1/h (u)=1/p (u)

so that the latter reads

2 2

r(p— z (U—l))—(U—p)(l o 1 )=0 (24)

1+072 C1+02p (u)

Now (24) must hold for allu. The solutionp = h(u) is, unfortunately, not linedr.Equilibrium then satisfies

the first-order dierential equation

1 o2 o2 1
- -D)=1-—— 25
u—pr(p 1+0'2(u )) 1+02p (u) (25)
i.e.,
du 1402 1 o2
g 1- - -1 2
dp o? u—pr(p 1+ 02 (u ))] (26)
Now it is simpler to study the behavior of the variable
s=u-p>0, (27)

where the inequality follows because it is optimal for the seller to bid strictly legsltis value. Thern2@)

implies

ds 1 1 ( o2 p

- - _Z 1-— — 2
dp o2 Sr(l+o'2( S)+0'2) (28)
Analysis of the ODH28).—We now proceed informally and analyze a sequence of first-orétereitial
equations indexed by the parameter

LEMMA: Let the ODE

ds

d—p=lﬁa(3, p)

admit a solutiors, (p). For any compact sét c R? let

Jim suplyr (5.p) ~ v (5 ) = O (29)

and let the family(y) be uniformly Lipshitz continuous oA . Then if the solutiors,, (p) exists, then the

"Suppose that it were linear so that a+bu = p’ (u) = b Then since is nonlinear, we would have to hale= -2/ (1 + 0-2) =
p’ (u) which would imply that = 0, and this is impossible except in the limit ps—> —oo.
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sequence of solutior(s, (p)) converges pointwise tg, (p) on A.
[The proof of the lemma is not included]

If we confine attention to the region whesés bounded away from zero then conditidid) is satisfied and
the convergence
ds

1
a)—>—§r(1—s)<0 (30)

is uniform. Therefore we shall study the properties of the limiting ODE giwethb RHS of 80) and then

apply the lemma to infer something about the sequence of solutiangets large.

Let ® and ¢ denote the standard normal CDF and denskyis the normal distribution with mean and

variance one, an€l the corresponding density, ang F/f. Then

d)(—s)_l—d)(s)> S
6(-9) 4(9 T 1+

rl-s =

where the last inequality follows from a well-known inequality concerning Blilitio Baricz (2008) eq.

1.1). Combining this inequality with3(0)

Therefore

S>0=>%<04=)@<0
dp du

du
-1 — <1
se(-1,0] = dp <
Now fix u at up and suppose ligr,., p(Up) existed. Let
So = Uo~ lim p(to)

faster thanu, which means that there exists a value > ug + S, such thatp(u;) > uz, which would

contradict £7).8

80f course once approaches zero, the uniform convergence assumptio@§)ifel, and the argument needs to be stated more
carefully.
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Although the informed agent can extract the rents, he cannot commit toeticho that relates the bid @
The lack of commitment can be seen as an inability to use a contract the termibfamhindexed ta. If
the buyer could commit to an indexed contract, he would do so. Such csrdreanot much traded so there

must be a force outside our model that prevents that from happening.

For that reason, welfare in the absence of middlemen declines overaltisgs from zero to infinity, and
that is why the dashed red line in Figutanust slope down roughly as shown in the figure. On the other

hand we have not proved that the decline is monotonic.

1.2.3 Case3A: Middlemen in the game

Middlemen operate precisely as in Case 3, and the equilibrium is preciseljethaibed in that case. That
is to say, equations3) - (6) hold here as well and the allocations are precisely the same. The redkah is
competition at the bidding stage reveal$o B anyway, and therefore no asymmetry remains at the stage

where the ask-price, is determined.

For that reason, welfare in the presence of middlemen does not depéehe properties of the distribution

G, and that is why the solid blue line in Figudas flat.

2 Dynamics

We now show that the results extend to an infinite number of periods. We Wwébia situation where there
are just two investors in the game at any one time, labelled &éime beginning-of-period owner of the

asset) and, the potential buyer.

Sequencing of eventsin a period

1. Sobserves, B observey andz separately

2. Smakes an fier (an “ask”), orB makes a bid

3. Offer is accepted or rejected

4. The (possibly new) owner stays in the market, the other leaves for good
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5. Owner collectx + z (ory + 2), and draws a new’ (ory’)
Everyone is risk neutral and lives for ever and discounts the futurefactorg.

The i.i.d. assumptior-Because of the near random walk of prices, the assumption of an i.i.d. aommo
value seems innocuous. We shall also assume, however, that the variti#@eprivate value that is inde-

pendent over investors and i.i.d. with distributibrix) .

The i.i.d. assumption is convenient. In realityandy are likely to be autocorrelated. In our model, they are
uncorrelated between periods but do not change (i.e., are perfetttoarelated) within the period, and we
allow the security to be transferred within the period, in time for another invesgnjoy his currently high
private value. Therefore we think gfpartially as an inverse index of how autocorrelated the private values

are per unit of time.

204 CaselB

We now look at the regime where in each period postiéers are ask prices posted BySince the owner
does not seewhen making the fier and sinceis i.i.d., the state ix. Letv(X) again be the lifetime PV of
holding the asset today and drawirgtility if it is not sold, or collectingP if the offer is accepted. Denote

the continuation value by

\TE,va(x)dF(x).

The buyer accepts arffer atP if has drawn a valug satisfying
y+z+v>P (31)
The probability that&1) holds, conditional oifz, P) is
1-F(P-z-v). (32)

Then
V(X) = mgxf[P[l— FIP-z-V)]+F(P-z-Vv)(x+z+V)]dG(2. (33)

Equilibrium.—It is two functionsv (x) andP (x) satisfying and 3).
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Analysis.—We can re-write3(3) as

v(x)=m'9xf[Pr(zz P-v-y)P+Pr(z<P-v-y){Ex+z+V|y, z<P-v-y}dF(y)
- max [([1-G(p-y)]- (P+ 9+ G(p-Y) Elx+ 2+ 7]y, 2< p-YIdF ()

p-y
=mgxf{[1—e(p—y)]-(p+v7+f (x+2+V)g(2) d2dF (y)

—00

p-y
_ T+ mgxf{[l—e(p—y)]-mf (x+2)0(2) d2dF ().

—00

where, in the second lin@,= P - vis the markup ovev. Differentiating and cancelling the tenpg(p — y),
we get the same FOC analyzed in the static Case 1A, nar@glarid the results on the disappearance of

trade in (L5) follow.

2.0.5 Case2B: Buyer postslimit order

The informed agent makes théer in this case, and it therefore partially reveals the stadghe seller. Let
P denote the buyer’s bid, and let
p=P-v

once again denote the markup owefjust as in Case 1B As in Case 2A, the equilibrium bid will be a
monotone, invertible functiop = h (u). Upon seeing thefter atp, the seller will form the expectation of
zthat we shall denote b¥ (p) as in (L9), which uses the assumption of normality and, hed&)( and he
will accept this dfer iff

X+Z(p)+Vv<P
i.e., iff (20) holds. The rest of the analysis in Case 2A then goes through.
2.0.6 Case3B: Middlemen

We now introduce middlemen into the above environment.

Timing—Middlemen are fastérand can post a limit order first and then try to re-sell the security in the

9Although we do not have the middleman’s quotes, Chi-X is more hospitatile sense of allowing free unlimited cancellations
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sameperiod. A lowx investor-owner can wait for the next period in the hope that the new gravill be
higher. Indeed, since the draws are i.i.d., he has as high chance of getimgd draw tomorrow as the
chance of the arriving investor having the good draw tefday. Butx’ is discounted anglis not, and this is

where the middleman can add value.

If he fails to sell a security he has bought, the middleman collestisl enters the next period as the security’s
owner, in which case his only action is to post an order to sell. Faced witihdan tw buy, the seller must
either accept it or hold on to the security for the remainder of the periotiefse, the seller cannot react to
a middleman’s ier within the period and post a limit order instead reflecting the information irotiolat,

so that any limit order the seller posts cannot incorporate the knowledge of

Analyzing this requires some non-trivial modifications becadseill acquire the security frons and not
succeed in selling it t@. In that caseM enters the next period as the security’s owner. Case 3 analyzed
only the case in which the initial owner w&sNow we need to also cover the case in which the initial owner
is M. Accounting for this turns out to lower the welfare benefits from middlemaghty by a factor of five

over those reported in Figure from 12 percent to 2.5 percent. Nevertheless, whénlarge, these benefits

are still positive.

If M is surrounded by other competitive middlemen who have no idea who ownedbstg, he then will
face bids,py given in (), with a slightly modified version ofi ands originally given in @) and @) which

we shall now derive. The modifications must recognize $&, andM all have continuation values.

The middleman’s selling decisisrlf he has managed to acquire the security at an earlier date, or even at
the start of the period in question, then he willes it for sale to the arriving investtt at the price that we

shall denote byP. Let m(2) be the value of owning the security in statd et

rﬁ:ﬁfm(z)dG(z) (34)

be the expected present value of carrying the asset into the next.pEhieick is no asymmetric information

and faster, as the speed comparison Tahled Table4 both show. See the discussion of those tables. These tables reveatla spe
difference between Chi-X and Euronext, and this is indirect evidence ahodeling assumption concerning the speed of the
middleman.

10we assumé/ sells toB, and not to other middlemen because middlemen are all the same Nsialveays asks for more than
his own continuation value, no other middlemen would accept fiee and their presence in the game does fiecathe resulting
ask price.
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aboutz at this stage. Faced with the ask prieethe buyer accepts the middlemani$ew ift
y+z+v>P
If he owns a security, the middleman tries to sell it, and his vad® solves the decision problem

Mm@ =max{[l1-F(P-z-V)]P+F (P-2z-V)(z+ m)}
P
=Z+m+ mng{[l— F(P-z-V)](P-z-m)}
:z+rﬁ+m§1x{[1—F(p—z)](p—z+A)} (35)
wherep = P — v, and where
A=v-m (36)

is the diference in the two parties’ continuation values of ownership where, asdyef= ,va(x) dF (x).

The FOC is
1-F(K

k=—-A+ f (k) (37)
where
k=p-2z
is a constant. In35) we see that
m) =z+a, (38)
wherea is a constant is defined as ib4). Combining 85) and (34),
m = 8m + [1_ F(k)]2
=T
_ B [1-FRP
1-8 (kK
Bid-ask spread—The middlemen’s bid is
m(2) =z+a (39)
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while the ask isP = p + v = z+ k + v. Therefore the ask minus the bid, or the bid-ask sp&&d

KAV o= 1-FR - - [1-F®?
S=k+v-a=-A+ f(k) +V—m—T
_FR[L-F®)

fi

wherek solves 87).

For instance if is uniform on[0, 1], k = (1 - A) /2 so that

F=1 P qiv_m?
m_21_ﬁ(1+v m)

The investor-owner’s value-If the asset is in the investor’s hands when the period starts, then middlemen
(there are at least two) compete by posting orders to buy. Bertrand tiiotpamong the middlemen drives

the bids to equain(2). The owner thereby infersfrom the price. He selldii
X+z+v<m@ e x<a-Vv
and thereby obtains the rewardrmaf2). If he does not sell, his reward s+ z + v. Therefore

v(x):fmax(m(z),x+z+\3dG(z)
:f[z+ max(a, X + V)] dG(2)

= max(a, X+ V) (40)
Therefore on average the value is

%\7=axF(a—\ﬂ+[l—F(a/—\_/)](\7+ E(X|X2a-)

Ownership transitions—To figure out welfare we shall need the stationary fraction of time thatebariy

is in the hands of investors as opposed to in the hands of middlemeh.degtote the ownership status, i.e.,
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let
1 if the datet owner is initially an investor

0 if the datet owner is initially a middleman

It follows a first-order Markov process. The transition from 1 to O esdgfithe middleman’s buy féer is
accepted but his sellfier is then rejected. The probability that a seller accepts a middleman’sfianyio
F (@ — v), and the probability that the buyer then rejects the middleman’s §ellis F (k). Thus the 1— 0

transition has probabilitf (o — v) F (k). The matrix of transition probabilities can therefore be written as

It+l

0 1
. 0 F (k) 1-F (k) )
1 F (K F (o -V) 1-FKF(a-Y)

Therefore the stationary probability, callif of being in staté = 1 satisfies

A=11-FKF(@-Vv)+1-H[1-F K],

ie., 0= -AF(KF(e-V) +[1-F (K] - 2[1- F (K)], so that the fraction of time the investor has the

security is
1-F (K
A= 42
T FRM-_Fl@-—w 42)
and the fraction of time a middleman has it is
1-1o F(KF(a-V) (43)

T 1-FKI[1-F(@-Vv]

Welfare

Welfare is a weighted average of the welfare levels of the middleman and #&&omowner. The weights
are the stationary probabilities that the asset will be in the hands of the de other type. The common

value is enjoyed by whomever owns the security and therefore we can drainithe welfare calculations.
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Now xis i.i.d., and so it is uncorrelated with the ownership state. Therefore wedfare
W = /lfmax(a,x+\7)dF(x)+(1—/l)U
where

U=(1+8F (k)+/32F(k)2+...)f(x+®dF(x)
k

1
= mﬁ(Y+®dF(Y)

therefore

W:Aj:mmax(a,x+\7)dF(x)+% kw(x+\7)dF(x)

Evidently, W does not depend on the properties of the distribu@on Anticipating a bit, this is why the

dashed line in Figuré is flat, i.e., independent of which is the variance of the distributidh(z).

The remainder of this subsection will recognize the ownership transitionsljraqd the stationary prob-
abilities @2) and @3) for the ownership fractions in steady state. The utility of agents in eachwsiiate

however, be evaluated under the assumptionghat 0. In what follows, the middleman will be on the
passive side of each trade, which our data support — see Zablghich this was true for 80% of all trades

our middleman was in.

Middleman'’s selling decisior-Since = 0, on the RHS of §5) we setA = v = m = 0 and collect an
expected payd of

m(2 =z+ ms';lx{(p—z) [1-F(p-2]}=z+n

with 7 as defined in) of case 3. the optimal decision — a limit order to sell a unit — is just as it wasse Ca

3andeq.),i.e.,,pa=2z+u WhenF(y) =y,the FOCisZp-2 =1,

1
Pa=2z+ > (44)

andr = 1/4. This then becomes the expected value of acquiring the security for atlittéemen at the

start of the period.
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Middleman’s buying decisior-Sincer = 1/4, (5) implies

1
ppb=2z+ 7 (45)

Welfare—This part is diferent in the multi-period context.
(A) If the period starts with the middleman owning the security, then welfare is

y if there is a sale

welfare=
0if not
and expected welfare is
1
3
WmiD owns = ydy= 3 (46)

1/2

Since the RHS of46) is less than the RHSI(), welfare is less if we condition on a middleman starting out

as the owner.

(B) If the period starts out with the investor owning the security, then
3/8 if there is a sale
welfare=
(1+1/4)/2 ifnot

A sale occurs with probability/4 and therefore expected welfare is
1(3 3\1/(5 9
Winv owns = 2 (é) (Z) > (Z) =16 (47)

Now in (42) and ¢3), F (k) = 1/2 andF (@ — V) = 1/4 and so the fraction of the time that the investor holds

the security is
1/2 4
ﬂ = = —
13 ’
1-33 °
and the fraction of time a middleman has it §61Therefore average welfare in the long run is
. 4 1 21
W = (E)W'NV OWNS + (E)WMID OWNS = 75
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which means that

1
W — W = —
NO TRADE = 77

This is about two and half times smaller than thedience of 0.563-0-5).063 that is implied by the static-

model results reported in Figute

First-best welfare—Allocating the asset to the highest-value investor at all times yMIggsT gesT =
fol max(x,y) dydx= % Therefore relative to what first-best gains would be, the gains that nmdalidoring

about in the multiple-period case are

W* — Who TRADE 1/40 6
= = — = 15%. 48
WeirsT BEST- Who TRADE 2/3-1/2 40 (48)

3 Mechanism-design issues

In our model, middlemen add value by removing the winner’'s curse probleimgf@an ordinary investor
posting a limit order such as thefer thatS posts in cases 1A and 1B. Nevertheless, middlemen deliver
only 15%-33% of the possible welfare gains depending on whether wadmrthe static model or the
dynamic modelMyerson and Satterthwaite (198showed that first-best welfare is unattainable under any
mechanism. The theory of auctions with resale (¢dgile (2003) deals, in related contexts, with some of

the issues raised below. Our discussion here is brief and quite informal.

Endogenizing the participation of middlemerA fuller discussion of optimal mechanisms probably re-
quires thinking about how the numbers of investors and middlemen are determlimat would require
including a cost an investor would need to bear for keeping tracknebre or less continuously. This is
beyond the ordinary investor for it requires the development of progr@and the acquisition of expensive
hardware. Algorithmic traders have made the needed investment and cfoita@ost limit orders that they
can quickly cancel and readjust when news alzautives. We then could figure out whether the number of

middlemen is optimal or whether a smaller or larger number is needed.

Why not z-contingent contra@s-One way to improve allocations is to have state-contingent pricing. In our
model trading in which prices were indexedowould overcome the adverse selection problem that traders

face and eliminate the positive role of middlemen. Therefore our model pedhweerestimates the welfare
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benefits from middlemen because in their absence, alternative arrartgemoeihd emerge. In international
portfolio theory, covered interest parity is one result of the availability sfiiance of exchange-rate risk.
The analog here would be to have priceszlmntingent (se®lack (1995). In practice, however, this is
unlikely to completely remove HFTs competitive edge for at least two reasorst, whereas the index is

a natural candidate to ‘peg’ an order to, there are many sources k¢ piibrmation that might be relevant
for a stock’s fundamental value. Identifying all of them and establishiag torrelation is an art. Second,
correlations might be time-varying and quote updating therefore requirddling skill (see, e.g., the DCC
model proposed bizngle (2002). Nevertheless, our logic implies that if middlemen were taxed or if their
activities were curtailed in some other way, we would presumably see a rise frathing of derivatives on

the ‘hard’ components af whatever those may be.

More competition among the informed agérhtsAnother way to achieve optimality is to introduce compe-
tition among the informed agents. If several investors, all knowiagdz, were in the market continuously,
we would expect a near-optimal outcome. But at the frequency of mimoosis and even of seconds, the
investor market is quite thin — on Euronext and Chi-X combined we obsemnagl@ only once every 6 sec-
onds. One would need to interrupt trading for even longer if one wantedsiesure enough investors would
be present to achieve a near-competitive outcome in which the securityuprnwish whomever values it
the most. Moreover, few investors would even then have up-to-datariatmn aboutz and an éicient
outcome would be unlikely. In other words, even at lower trading frecigspnmiddlemen are likely to be a

valuable source of liquidity.

Inventories by several middlemenWe have stressed the alternative mechanism of middlemen providing
the liquidity. We have done so under some restrictive assumptions. The msohae have modeled in
section 3 has competition at the bidding stage — At the bid ), the middleman earns zero rents. Could
competition also be introduced at the ask stage? The ask-pridé)im@aximizes the owner’s rent. If more
than just one middleman were to own a unit of the asset then the ask pricepvesidnably be lower. This

would introduce severalfects that ect welfare in more than one direction.

(i) Competition among middlemen not just at the bidding stage but also at the askvstade lower p,
below 22 in states in which it was common knowledge among middlemen that they both wergsiegsion

of a unit to sell. This would be good for welfare;
(ii) The dfect of (i) is to lower the value to a middleman of buying the asset, and it would Ipyweelow
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1/4 and this would reduce trade and welfare;

(iii ) If the middlemen were collectively to hold a larger inventory, this would lowdfaxe because it would

raise the fraction of the time that a security was held by a middleman drawing praeate value from it.

Policies—Aside from taxes on HFTSs, on cancellefiiess, other restrictions have been used. For instance,
the NYSE follows the practice of selling people the right to be the sole passadinformation for a while
— e.g., information about the whole book and not just about the best gubé&product is called “Open

Book."

4 Empirical results

4.1 Background

The European Union aimed to create a level playing field in investment semwigen it introduced the
Markets in Financial Instruments DirectiydIFID) on November 1, 2007. For markets, MIFID created

competition between national exchanges and it allowed new markets to enter.

Instinet pre-empted MIFID when it launched the trading platform Chi-Xi{hon April 16, 2007, for
Dutch and German index stocksAt the end of 2007, it allowed a consortium of the world largest brokers
to participate in equity through minority stake&s.Before Chi-X Instinet had successfully introduced the
product as ‘Island’ in the U.S. which distinguished itself from others thhoiast-execution and subsidiza-
tion of passive orders (see fee discussion below). Eventually Insttegtthe U.S. license to NASDAQ but

kept the international license which led to Chi-X.

In the first 77 trading days of 2008, our sample period, Chi-X traded Byibsitch, French, German, and
Swiss local index stocks. It had captured 4.7% of all trades and wasdarly strong in Dutch stocks with
a share of 13.6%. Volume-wise, Chi-X overall market share was 3.1%sBditch share was 8.4%. Chi-X

started € particularly strong for the stocks studied in this manuscript.

1“Chi-X Successfully Begins Full Equity Trading, Clearing and Settleme2itj-X press release, April 16, 2007.
2These brokers were: BNP Paribas, Citadel, Citi, Credit Suisse, Foatsp&urope, Ltd, Goldman Sachs, Lehman Brothers,
Merrill Lynch, Morgan Stanley, Optiver, Sdxe Géererale and UBS (op. cit. footnofil).
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Prior to Chi-X entry, Euronext was by far the main venue for trade in Dstobks. Its trading platform ran
in much the same way as the Chi-X platform and competition focused on feespapd (see discussion
below). Dutch stocks also traded as ADRs in the U.S. and in the Xetra systebyrthe German Stock
Exchange. They did not yet trade in NASDAQ OMX, Turquoise, or BAigope which entered later on a

business model similar to Chi-X: subsidies on passive orders and y$asitrs

The broker identified as a middleman in this study was a substantial particip@hi-X. In our sample
period, it participated in 10.8 million of the 99.2 million Chi-X trades. It was partidylactive in Dutch

stocks with participation in 1.7 million out of 8.6 million Chi-X trades.

Fee structure. In our sample period, Chi-X did not charge for limit order submissions amdeallations.

Quite the opposite, it paid 0.2 basis points if the order becomes the passvefsdirade. If however
the order is ‘marketable’ and executes against a standing limit order ugeal & gets charged 0.3 basis
points. For example, in the stock of limit sell orders in the book, the one with thestoprice becomes
the prevailing ‘ask’ quote. If a limit buy order arrives with a price (weakiigher than this ask price, it
immediately executes against this limit sell and a transaction is recorded. Fdicgimm this example

it is assumed that orders are of the same size. For a detailed descriptienggrtéric limit-order market

mechanism we refer t8iais, Hillion, and Spatt (1995)

Euronext on the other hand charges a fixed fee&Edf20 per trade which for an average size trade of
~€25,000 (see Tablé) is effectively 0.48 basis points. Highly active brokers benefit from volume dis-
counts that can bring the fixed fee down&0.99 per trade~0.40 basis points). In addition, Euronext
charges an ‘ad valorem’ fee of 0.05 basis points. The act of submittingder or cancelling it is not
charged (i.e., only executions get charged without an aggr@sasave distinction). But, if on a daily basis
the cancellation-to-trade ratio exceeds 5, all orders above the thregtalldarged &€0.10 fee £0.04 basis

points).

In terms of post-trade costs, Chi-X clears and settles through EMCF whiithscto be over 50% cheaper

than other European clearing houses including the ones used by Eutdne

System speed. In a April 7, 2008 press release Chi-X celebrates its first anniver#taclaims to run one

of the fastest platforms in the industry with a system response time (oftemefi® as ‘latency’) of two

13See, “EMCF cuts clearing fees”, The Trade New24/D8.
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milliseconds. This is “up to 10 times faster than the fastest European primemameye **

Overall, Chi-X appears to be particularly friendly venue for the middlemaa tigat is central to the theory.
Its fees are lowest across the board and particularly low for a stratagyelies on passive orders that get
cancelled and resubmitted upon the arrival of public news. Its speethtzd)e allows one to do so quick

enough in order not to be pickedfo

4.2 Data, Approach, and Summary statistics

Data. The main sample consists of trade and quote data on Dutch index stockgf@HiexX and Euronext
from January 1 through April 23, 2008. The quote data consist dfdsésnd ask price and the associated
depth. The trade data contain transaction price, size, and an anonymiked D for both sides of the
transaction. The broker ID anonymization is done for each marketaebaand broker IDs can therefore
not be matched across markets—say the first market uses 1,2,3,.. . awtdimel one uses a,b,c,.... The
time stamp is to the second in Euronext and to the millisecond in Chi-X. In the anaBfsis< data is

aggregated to the second in order to create a fair comparison acrostsnark

In a final analysis we aim to identify the neffect of middlemen introduction through afldirence-in-
difference analysis (see Secti®is). The instrument is essentially the introduction of Chi-X and the advent
of the identified middleman to the market. A first step in identifying sulce is to collect and analyze
the exact same data for Euronext in the first 77 trading days in 2007 thkesmawas no Chi-X, nor was the
middleman broker ID active in the Euronext data (comparing the same per&fiDihand 2008 avoids the
impact of calendarféects)’® This is the ‘treated’ sample. To control for all that changed comparing@ 200
with 2008, Belgian index stocks are analyzed as the ‘untreated’ sampla-&sh@d not yet been introduced
(as a matter of fact, Chi-X introduced Belgian stocks on April 24, 2008 kvimotivates the choice of our
main sample period). Other than the absence of Chi-X, Belgian stocks tiradeel same way as Dutch
stocks as Euronext operated its trading system across its four marledgsu(B, France, the Netherlands,
and Portugal). In terms of the actual data, the Belgian sample offigrglfrom the Dutch sample in that it

lacks broker IDs on transactions.

144Chi-X Europe Celebrates First Anniversary,” Chi-X press reledggil 7, 2008.
15This makes the pre-entry period run through April 20, 2007. This agpat odds with the Chi-Xfective date of April 16,
2007, but in the data no trade materialized in the Chi-X system until after 2@yi2007.
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The list of all stocks that are analyzed in this study is included as an appdhdontains security name,

isin code, and weight in the local index.

Finally, a dataset with quotes from the highly active index futures marketdd to track changes in both

the Dutch AEX index AEX and the Belgian BEL20 index.

Approach. The analysis was done in two steps (i) to make it feasible (the entire datasainsoroughly
100 million event records) and (ii) to do proper statistical inference. Thesiiep calculates all variables of
interest for each stock-day. For example, it calculates the time-weight#ddjbhalf spread (ask minus bid
divided by two) for Heineken on January 2, 2008. To make activity nreastomparable across stocks, we
convert, e.g., the number of shares traded@&eount by multiplying it with the average transaction price in
the sample period. The second step is a panel data analysis on the ‘boalsiitck-day results. Standard
errors are based on residuals that are clustered by day so as to@olie counting’ in the presence of
commonality and to explicitly recognize heteroskedasticity. The results asemiszl as weighted-averages
across stocks where the weight corresponds to the stock’s weight lioctdendex (see appendix with the
list of all stocks). Also, results are reported separately for large aradl stocks where the cutois the

median index weight.

[insert Tablel here]

Summary statistics. Tablel presents summary statistics to illustrate Chi-X role in the trading of Dutch

stocks. It leads to a couple of observations.

() Chi-X managed to obtain a nontrivial market share within one year of igence. Chi-X' share of
overall volume is 8.4% its share of trades is 13.6%. Its performance is partycstrong for large

stocks.

(i) The use of Chi-X in addition to Euronext leads to a substantial improvewfdiguidity supply. The
average quoted half spread is 3.70 basis points for Euronext andds@9dwints for Chi-X. Average
depth is€108,100 for Euronext ang48,500 for Chi-X. The wider spread and lower depth in Chi-X
does not necessarily imply that investors who demand ligyiditpediacy only focus on Euronext.

The results are, for example, consistent with Chi-X always having a sthietter price on one side of
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the market, i.e., a strictly lower ask or a strictly higher bid. To assess Chi#Xtibotion to liquidity
supply one might calculate the lowest ask across markets minus the highedhbithside spread—
and compare it to the Euronext spread. The inside spreaétestieely, what investors with ‘smart

routers’ pay (se€oucault and Menkveld (2008)

The inside spread however might lead one to overestimates liquidity supplyviempent as the av-
erage Chi-X depth is lower than Euronext depth. To control for depthdefine the ‘generalized’
inside spread which adjusts both the bid and the ask quote for potentially jméttes in Chi-X. For
example, the adjusted ask429.995 if the Euronext ask ¥§€30.00 with depth€100,000 and the
Chi-X" ask is€29.99 with depti€50,000. The generalized inside spread is a conservative measure
as it calculated for transaction sizes that consume full Euronext dep#iles transaction sizes imply

an even tighter spread.

The generalized inside spread is 2.86 basis points, which is a significénbdsis points (-23%)
lower than the Euronext-only spread of 3.70 basis points. A consezvtataiue of this diferential
assumes perfect correlation and therefore equals 3.92. Tieeedlitial is statistically significant for

both large stocks (-24%) and small stocks (-16%).

(iii) A standard dfective spread decomposition shows that, by far, its largest componettédssa se-
lection (91%) which thus supports the focus on information asymmetry in theetiiead model. The
effective spread is defined as the transaction price minus the midquote—thgewéthe bid and ask
quote—at the time of trade. It can be decomposed into a component that iersatipn for being
adversely selected and the orthogonal component which is grosstprbiit passive order submitter.
A standard decomposition relies on ‘waiting out’ the time it takes until pricesctetfie long-term
information in the trade (see, e.@|osten (1987)which we set to 30 minutes. Overall, we find that
the averageféective spread is 3.04 basis points which is the sum of a significant 2.78sadsaec-
tion (91%) and an insignificant 0.26 basis points gross profit (9%). @lerae-selection component

is higher for small stocks.

4.3 Caught on tape! a middleman

The anonymization scheme by market makes simple matching of broker IDssatiarkets impossible.

Instead, we match pairs of broker IDs and find that one combination ¢s&egth7 and broker d) achieves
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mean-reversion in net position within the day. Also, both broker IDs tradg fvequently. It thus matches
the SEC's defition of ‘high frequency trader’ and appears to fit théilprof the middleman in our main

theory.

[insert Figures here]

Figure5illustrates the middleman’s trading by plotting inventory in ING stock throughawotidry 30, 2008
assuming she startéf@t zero. This inventory at any particular point in time is thus defined as tmdeuof
shares bought minus the number of shares sold since the start of thg tlaglinrhe two top graphs plot this
inventory by market and show that the middleman is quite active and runs istiiops of almost 40,000
shares. Yet, these time series also appear nonstationary which, by marlt,not qualify these broker
IDs as middlemen. But, if summed across markets, which is the bottom graphatteenpdoes exhibit
high-frequency mean-reversion and it seems that we did catch a middi&ittaough hard to see from the

graph, the inventory at the end of the day is exactly zero shares.

[insert Table2 here]

In Table2, Panels A and B generate statistics in support of the conjecture that tker bz underlying
Figure5 represent a middleman. Panel A reports that on almost half (0.46) of ttled&ys in the sample
the middleman’s change in inventory across the day is exactly zero. Cagavehis daily inventory change
is€-56,000. Panel B shows that the middleman trades 1.40 times per minute in Ewaod®.96 times per
minute in Chi-X. She trades an averagd2,000 per minute in Euronext ak&21,000 per minute in Chi-X.
The average open-to-close inventory change is therefore of the sagmituaie as the amount she trades in
a minute which supports strong inventory mean-reversion. She is a stidistaarket participant as, based
on these numbers, she is a counterparty in every third trade in Chi-X (3@6&oevery fourteenth trade
(7.7%) in Euronext. Disaggregating across small and large stocks,éaepper participation rate is the
same in Chi-X but substantially lower in Euronext. She also seems less eagemntpositions overnight as

the fraction of days with a zero inventory change is 0.60 as opposed tédD.[3Bge stocks.

Panel C of Tabl& reports that most often the middleman is at the passive side of a transaatiohi-X,

78.8% of her transactions was another broker’s aggressive otdeuteng against her limit orders waiting
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in the book. In Euronext, it was slightly lower, 74.0%. The standard &ri7% and 1.0% respectively,
show that this is a structural pattern as the distance to 50% is statistically sighifi¢tdés predominant use

of passive orders in addition to the inventory mean-reversion is consigiitndynamic inventory control
models that have been proposed for market makers (seeile.gnd Stoll (1981)Amihud and Mendelson
(1980) andHendershott and Menkveld (2009)These models predict an intermediary to skew her quotes
opposite to the direction of her inventory in order to mean-revert. This aaydthain why Chi-X quotes,
where our middleman is in every third trade, often features strictly betterspoic@ne side of the market
only (see the discussion on the ‘generalized inside spread’ in Sett#pn Interestingly, disaggregation
across large and small stocks shows that the middleman is less passivealfistecks in Euronext (52.7%)
which, along with her high fraction of days that she ‘goes home flat’, ite&cthat she often willingly pays

the half spread to keep inventory close to zero.

Panel D of Table reveals adverse selection is a relatively smaller component offibetiee spread when
the middleman is on the passive side of the trade relative to when she is nofpambkconditions the
effective spread decomposition on whether or not the middleman was on theepsisie of the trade.
The middleman fective spread is 3.47% on average, which is significantly higher than tireiddleman
effective spread of 2.96$ (conservativealue is 3.92). The adverse-selection cost, however, is 2.75 basis
points for middleman trades which is not significantlffelient from the 2.81 basis points for nonmiddleman
trades. The remainder is gross profits to the passive side of the tradecall sealized spread. It is 0.72
basis points for middleman trades which is significantly higher than the 0.15dmasts for nonmiddleman
trades { value is 1.97). Testing against zero reveals that gross profits areignlficantly positive if the
middleman is on the passive side of the trade. In relative terms, adverséaele 79% of the ffective
spread for middleman trades vs. 95% for nonmiddleman trades. We note ithagdblt should not be
interpreted as evidence that the middleman is bad for the market as shesapgeave significantly positive
gross profits on her passive orders. Firfii trading conditions might be worse when the middleman is
on the passive side, e.g., volatility might be higher—Sectigrwill provide evidence for this conjecture.
But, any judgement on whether the middleman is good or bad for liquidity supghading in general is

deferred until the di-in-diff analysis of Sectio#.6.
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4.4 |nformation-processing speed

This section studies the theory’s conjecture that the middleman has supésionation-processing speed
which makes her a costiient limit-order submitter. The idea is that a fast computer with enormous
processing power can follow all relevant public news and quickly daammkresubmit limit orders to reflect
it. This reduces the adverse-selection cost associated with limit ordeesth&bry captures this idea by

allowing the middleman to condition her price on the common value innovation

The middleman'’s ability to avoid pickingforisk in real markets is not perfect as not all (public) information
is ‘hard’. We believe the middleman is particularly well-positioned to quickly dodteistics’ and infer-
ence a security’s change in fundamental value by tracking price seaesdtrelate with it, e.g., the index
level, same industry stocks, foreign exchange rate, etc. We label docimation ‘*hard’ information. The
middleman is at a disadvantage for ‘soft’ information which is, for examplesaessment of the quality of

a new management team, the value of a new patent, etc.

The econometric challenge is to test the prediction that the middleman’s queges mard information on
a stock’s fundamental value before anyone can pick ffier & data limitation is that her quotes are not
observed. Instead, we conjecture that Chi-X quotes are more reveélimgdleman quotes than Euronext
quotes as Chi-X is the most friendly venue for their activity (see passiverand speed discussion in
Section4.1). The identified middleman’s higher participation rate in Chi-X supports it. Mades!in the
highly active index futures market are used to trace an important piec@imformation that matters for

a security’s fundamental value.

We believe the most appropriate analysis of whether Chi-X (read: middlequengs are more likely to
reflect hard information inbetween trades requires a cointegration matat#ntifies the information in
the trade. But, leading up to such model we first perform two analyseseorathdata to measure (i) the
speeed with which both markets’ quotes reveal index futures informatidfiijuo what extent their quote

updates inbetween trades correlate with the long-term information in the trade.

[insert Table3 here]

Simpleraw data analysis. Table3 shows that Chi-X quotes are more responsive to changes in the Dutch

index futures market than are Euronext quotes. A natural and simpleagbpis to consider all events where
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the index future midquote changes and count how often a stock midquottsaitjuhe same second. This
comparison, however, includes ‘mechanical’ stock midquote changearth#te result of executions that
knock df stale quotes rather than the result of quote updates. It is for this reasaiehanalysis further
conditions down on index changes that are not accompanied by stoskdtenms one second before, during,
or one second after the change. The results show that same-sedeXdtGbk quote updates happen three
times more often than Euronext quote updates and their correlation with thedheage is significantly

more positive. Both these observations are statistically significant.

[insert Table4 here]

Panel A of Table4 shows that Chi-X quote updates appear more informed than Euronete gpdates.
First, midquote changes strictly inbetween trades are calctifateel, the log midquote one second after
trade {-1) is subtracted from the log midquote one second prior to trépoléces are expressed as log prices
whenever price changes are analyzed throughout the study). @reesigen correlated with the long-term
information revealed in the trade interval which is proxied by transactiore (§i#10) minus transaction
price t-1). This correlation is 0.050 for Chi-X quote updates which is significangjiidr than the Euronext
correlation of 0.013. A drawback of this approach is that it does noigrdze and strip out transienffects

in quotes due to, e.g., dynamic inventory control. And, it cannot asseshabextent an informational

advantage reflects ‘hard’ information. This is why we turn to a cointegraipgmoach.

A cointegration model. A cointegration model is proposed to gauge quote update informativeness in
both the Euronext and the Chi-X market. The approach exteld®rouck (19950 include the market
index so that quote informativeness can be decomposed into an indelated part (hard information)
and a remainder part (which arguably is a mix of hard and soft informatidhis enables us to quantify
Chi-X quote informativeness and compare it to Euronext quote infornmetsge Moreover, it allows for to
decompose any suchffirential into an index and a nonindextdrential to test the conjecture that Chi-X

quote informativeness is particularly strong for hard information.

The cointegration model is defined as:

Ap; :=[index midquoteeuronext midquotechi_x- trade pricg]’ (49)

18The transaction clock used in this table aggregates across markets; itatadistinguish between Chi-X and Euronext trades.
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wheret runs over the transaction clodk, indicates that the quote snapshot is taken one second prior to the
transactionjndexis the midquote price in the local index futurésde_price is the transaction price, and

midquoteX;- indicates the midquote price in markét

Pt = Q1AP-1 + @2Ap—2 + -+ + B(A Pr-1) + &t (50)

ﬂ,_[o Baz Pao ,842] A,_[o 1-1 0
0 P21 P31 Pa1 01 0 -1

The vector error correction terpA’ p_1 in equation $0) reflects the presence of two random walks, one
associated with the market index and the other with the securitifisient price’. This commonf&cient
price disciplines dterentials across both midquote price series and the trade price seriest#tidneasy
with mean zero. Price changes are assumed to be covariance stationetyimplies that they can be

expressed as a vector moving average (VMA):
Apy = O16t1 + O2gr2 + - - - = (L) gy (51)

wherelL is the lag operator. The two random walks now show up in théicgent polynomiab(L) evaluated
at 1 which reflects the long-term response of prices to an error term iepttEs matrix has rank 2, i.e.,
the second, third, and fourth row are equal as all three are secudgsphat in the long-term agree on what
the current shock’s impact is on théfieient price. A useful econometric proxy for thiffieient price is the
best long-term linear forecast of prices conditional on all historidgakgnformation up until and including

timet:

fi:= lim E°[padpr, Pea -] (52)

where the asterisk indicates that it is the biestar forecast.Hasbrouck (2007, Ch.&hows that the forecast

innovation from {-1) tot for the dficient price is:
Aty = [0(1)]2zt (53)

where []; indicates ‘theath row of the matrix in brackets’.

The forecast innovationsf; are a natural measure for the theory’s common value changes in betages tr

and linear projections allows for further analysis of these common-valosations. For ease of exposition,
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let Px(y) be the best linear projection of the random variabte random variable. In regression terms,

Px(y) = X8 (54)

whereg is the codficient of a standard linear regressionyafn x. The projections allow for the following

analysis.

(i) Quote informativeness inbetween is naturally measured by the variétieedficient price projection
onto the quote innovation, e.giar(Pe(A f;)) wherePg projects onto the Euronext quote innovation
[£]2. In other words, how much information in the intertrade interval can be déelinom obtaining
a market’s quote update? This measure is zero@icsten and Milgrom (1985ype of model and

equal to the fullA f; variance if liquidity demanders are uninformed.

(ii) The variance of #icient price changes (as measured\dy) and its projection onto quote innovations
can be decomposed into an index-correlated component (hard inforjnatidran orthogonal com-
ponent. For example&ar(Pm, o Pe(A f;)) wherem corresponds tad]; indicates how much of Euronext
quote informativeness reflects the index innovation. If Euronext quudates are uncorrelated with
index innovations this measure is zeRy,y, is defined to be the orthogonal part, iyYes (Pm+P_m)(Y)

by construction.

Panel B of Table4 provide empirical support for Chi-X quotes being significantly more infdiveaon

hard information. The proxy for such information is the index-correlatad pf dficient price changes
which amounts to 42%=100%*4.029.48). By Roll’'s standards these firms are large and this percentage
corresponds to his finding that most large U.S. firm are in the 40% to 508& r@eeRoll (1988, p.545).
Projecting dicient price changes onto Euronext and Chi-X quotes reveals that Ghides are more infor-
mative (3.83 vs 3.54 basis points squared) but tHifedince is not significant. If, however, thidtdrential

is decomposed into index and nonindex components, Chi-X is significantly imforenative on the index

component (0.30 vs. 0.05 basis points squared withadue of 5.0 for the dferential).

Disaggregating according to large and small stocks reveals a cragmaebeterogeneity as Chi-X quotes
are significantly more informative for large stocks, but significantly lessrinétive for small stocks. For
large stocks, Chi-X quote innovations reveal 3.70 basis points squétbd mtertrade innovation which

is a significant 28% higher than the 2.90 basis points squared for Edrdf@xsmall stocks on the other
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hand, Chi-X quote updates reveal 4.60 basis points squared whichifcsign37% lower than Euronext
the informativeness of Euronext quote updates. Decomposing acgaodimdex and nonindex information
reveals that Chi-X quote appear significantly more informative on the indedfq@r both types of stocks,
but are significantly less informative on the nonindex for small stockslafge stocks the nonindex part is

not significantly dfferent across markets (although Chi-X informativeness is slightly highéhifopart).

45 Middleman participation: which stocks and when?

[insert Table5 here]

This section studies middleman participation in both the cross-section (thrbatyte’en’ correlations) and
in the time dimension (through ‘within’ correlations). Tall@resents these correlations of various trading

variables which lead to the following observations.

[insert Figures here]

The relative size of hard information as proxied by thé t® a single factor CAPM’ correlates positively
with middleman trade participation (0.67 between and 0.46 within) and Chi-X sh&maes (0.64 between
and 0.23 within). Figuré illustrates the 0.46 within correlation by plotting middleman participation against
the size of hard information. It reveals that this strong correlation doeappear to be driven by outliers
and is based on considerable time variation in both variables, double-digérntages. The increase in
Chi-X share of trades is not surprising given that it is a middleman’s pegfehabitat (low fees and a
fast system). The table also shows that middleman participation correlatéisgipsvith Chi-X trade
share (0.89 between and 0.41 within) which is further evidence that th&onrship between Chi-X and

middlemen appears symbiotic.

[insert Figure7 here]

The diferential between Chi-X and Euronext price-quote informativenes®letes positively with the
relative amount of hard information (0.64 between and 0.23 within). A markete-quote informativeness

is defined as the predictive power of midquote price changes for the ambimfiormation that is revealed
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inbetween trades. The methodology is based on linear projectans®;)(Af) and a cointegration model
(see Sectior.4). Figure7 illustrates the cross-sectional relationship by plotting the size of hard infarma
against both market'’s price-quote informativeness for each stockbl@bk dots represent Chi-X, the white
dots represent Euronext, and dot size corresponds to stockalloxaume. The graph leads to the following
two observations. First, black dots appear to be above white dots on tihaigti side of the graph, below
them on the left-hand side. This illustrates the positive between-correldtioard information size and

Chi-X minus Euronext price-quote informativeness. Second, dot sigenisrally larger on the right-hand

side of the graph. Hard information is relatively more important for activeksto

[insert FigureS here]

Figure8 replots Figure/ but decomposes price-quote informativeness into an index-relatefiggagraph)
and an orthogonal part (bottom graph). It illustrates that Chi-X prioete informativeness is higher than
Euronext quote informativeness across all stocks for the hard infanmglack dots are generally above
with dots in the top graph) and results are mixed for the nonindex part whiikklig to be a combination of
hard and soft information. The latter result illustrates that it is not only imdfexmation that drives Chi-X

quote dficiency.

4.6 Thecounterfactual: what if middlemen had not been introduced?

As we cannot rerun trading in the first 77 days of 2008 without Chi-X tedidentified middleman, we
revert to a dif-in-diff approach as a second best. As discussed in Settihmdditional data have been
collected to create a pre-event sample of the first 77 trading days ott@@@rpare before and after Chi-X
introduction. This diference for the ‘treated’ sample is then compared to tierénce for an untreated
sample of Belgian stocks. Belgium is a natural choice as it a neighboringrgauhose stocks also trade in

the Euronext system. Theftrence in dterence (A Dutch -A Belgian’) identifies a treatmentfect.

[insert Tables here]

The dif-in-diff results of Tables (Panel A) reveal that Chi-X introduction raises liquidity supply, does not

affect the number of trades, and lowers trading volume. Before discussisg tasults, we like to point out
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that the comparison across Dutch and Belgian stocks is not perfect lasténeypically trade less actively,

3.71 vs. 11.05 trades per minute in the post-event period. Yet, volatility isersacomparable across
markets; realized volatility increases slightly less for Dutch stocks (64%93&) Gvhereas the increase of
intertrade volatility based on the cointegration model is not significantferdint across markets (41% vs

39%). Bearing this in mind, the table leads to the following observations:

() The generalized inside spread which equals the Euronext spreae mbdence of Chi-X has in-
creased by 35% in Belgian stocks (reflecting the higher volatility), yet dtayé for Dutch stocks
(0%). The treatmentfiect is a significant 35%. Depth at this quote has declined by 13% more
for Dutch stocks but we consider thifect to be second order as this decrease does not undo the
large price discount. If one were to transact the 13% at one tick behindetsteprice quote this
implies a 175% worse pri¢cé and the overall fiect is thus still a spread improvement of 100%*(1-
(0.87*0.65+0.13*0.65*1.75)329%. The significant treatmenftect of minus 13% for #ective spread

further supports a general increase in liquidity supply on the introducfi@inieX/ middlemen.

(i) The number of trades in Dutch stock increases by 53% which is not gigntfi diferent from the in-
crease of 55% witnessed for Belgian stocks. The number of trades ih Biatcks has been corrected
for double-counting of trades due to the presence of the new middlemamathaten identified (see
Table2). In other words, if a security that in the past traded directly betweerstior@ and B now

travels via the middleman this would artificially inflate trade activity.

(iii) Volume increases by only 5% for Dutch stocks, which is a significant 1&8% than the 21% increase

in Belgian stocks. Again, this volume was corrected for double-counting.

5 Conclusion

We model high-frequency traders in electronic markets. We base thisus@mrt on the introduction of
Chi-X, an HFT-hospitable market, and on being able to compare the post Ettiry change in the trading

of Dutch stocks which do trade on Chi-X, and similar Belgian stocks that to/ke showed evidence that

1"This calculation is based on a one cent tick size and an average sharefpr#€20 which imply a 5 basis points worse price
on a one tick move. This is a 175% increase relative to the 2.86 basis peenéga half spread (see Talile
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middlemen are better informed about recent news than the average inirestat their reaction times were

faster and in the right direction.

Being better informed, middlemen still can make a positive or a negative cadiaribio welfare. On the
one hand, they can raise welfare by solving a pre-existing advelesetiea problem. In that case their entry
should be accompanied by a rise in trade and a fall in bid-ask spreadsirtale model indicates that in
this case and they can raise welfare by up to 30% of the gap between its guilibvel and its first-best
level. On the negative side, they can create or exacerbate a pre-eadtieige-selection problem, in which

case bid-ask spreads should rise and trade declines.

Our evidence on the welfare contribution of middlemen is mixed. On the one haddlemen'’s participa-

tion lowers bid-ask spreads but, on the other, it also lowers volume. Tleffeet is uncertain.

Our theoretical analysis and the mixed evidence on welfare suggest ¢hatishroom for optimal market
design. Regulators and market operators should think carefully abauativerse-selection riskfacts the
various participants. For example, the speed privilege that HFTs caimtmyyco-location, might require a
differentiated order-fee schedule. Passive orders submitted througlipghisight optimally be rewarded
more whereas aggressive orders might have to be charged moresaBloa tis that passive orders come with
the positive externality of liquidity supply to others whereas aggressd@shave a negative externality of
creating adverse selection for non-co-located participants. The latterggirit, similar to the old NYSE
market structure where specialists were not allowed to have a live datafevarket-index information
into their system. Also, markets might want to enable limit-order submitters to pegptieir to, e.g., the

market index (cfBlack (1995).
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Appendix |

PROOF OF LEMMA 1: We shall first complete the square in the expression

Then

6(P7)o-1= % exp(_fiz [(p-y?+ oy~ 1)2])

(P-y)?+0?(y- 12 = p’+y* - 2py+ o (Y + 1-2y)
:(1+02)y2—2(p+02)y+ p? + 02
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1+ 02 1+ 02

Now for any constanf, we havey? — 2Ay = (y — A)?> — A2, and therefore,

Therefore

where

Therefore
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where
o2

“Viio2
Therefore ) 0
P\ o . @ cl (Y- ¥~ 7m
o(=F)o 1y n= e aaﬁ( y ]
Let c
a €

ThenB multiplies a normal density of that has mean? + 1572 and variance?. Therefore in {1)

TX-y (P-Y B _ o, 1
[ = "’(T )¢(y 1)dy—B(x @ 1+02p)

(%Y

Therefore (1) reads

0= I:[l—d)(?)]¢(y—l)dy+ B(X—az— 1+102 )

Rearranging and using ?) we get the probability of trade being
(57)

T= B(1+O_2p+az—x).

Using G6), we get (L3).
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Appendix I1: List of all stocks

This table lists all stocks that have been analyzed in this manuscript. Itseperdficial isin code, the company’s name, and the index weight

which has been used throughout the study to calculate (weighted) aserag

Dutch index stocks ‘treated’ sample

Belgium index stock&untreated’ sample

isin code security name index weight isin code security name index weight
NLO000303600 ing groep 22.3% BEO003801181 fortis 17.5%
NLO0O00009470 royal dutch petrol 20.1% BE0003565737 kbc 15.8%
NLO000009538 kon philips electr 12.1% BEO003796134 dexia 13.5%
NLO000009355 unilever 11.3% BEO003793107 interbrew 9.5%
NLO000303709 aegon 7.5% BEO003470755 solvay 6.5%
NLO000009082 koninklijke kpn 7.4% BEO003797140 gpe bruxel.lambert .7%5
NLOO00009066 tnt 4.8% BEO0003562700 delhaize group 5.4%
NLO000009132 akzo nobel 4.2% BE0003810273 belgacom 4.4%
NLO000009165 heineken 3.0% BEO003739530 ucb 4.1%
NLO000009827 dsm 2.4% BEO003845626 cnp 2.9%
NLO000395903 wolters kluwer 2.2% BEOO03775898 colruyt 2.3%
NL0000360618 sbmfeshore 1.2% BE0003593044 cofinimmo 2.2%
NLO000379121 randstad 1.1% BE0003764785 ackermans and veenhaa 2.2%
NLO000387058 tomtom 0.6% BEO003678894 befimmo-sicafi 2.1%
BEO003826436 telenet 2.1%
BEO003735496 mobistar 1.5%
BE0003780948 bekaert 1.1%
BE0003785020 omega pharma 1.0%

9 The index weights are based on the true index weights of December(BL, Pe weights are rescaled to sum up to 100%
as only stocks are retained that were a member of the index throughoaintipéesperiod. This allows for fair comparisons

through time.
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Table 1: Summary statistics

This table provides summary statistics on a sample of 14 Dutch index stocks ddat lioth in the
incumbent market Euronext and in the entrant Chi-X (Chi-X). The samyls from Jan 1, 2008 through
April 23, 2008. The table reports weighted averages where weightbamed on a stock’s local index
weight. Time-clustered standard errors account for commonality andkkeégtasticity and are reported in
parentheses.

variable (units) large  small all
Euronext volume€100Q'min) 5244 1281 4666
(199) (43) (17.4)
Chi-X volume €100Qmin) 494 45 428
(2.0) (0.2) (18)
Chi-X share volume (%) 8.6 3.4 8.4
Euronext #tradegrfin) 1903 930 1761
(062)  (0.21) (0.55)
Chi-X #trades [min) 316 0.57 2.78
(012)  (0.03) (0.10)
Chi-X share #trades (%) 14.2 5.7 13.6
Euronext time-weighted quoted half spread (basis points) 47 3 5.00 3.70
(007)  (0.14) (0.08)
Chi-X time-weighted quoted half spread (basis points) 443 1476  5.09
(0.10)  (0.98) (0.20)
ime-weight li inside half [ [ 4.2 2.
time-weighted generalized inside half sprégduhsis points) (O%g (0.28 (o.?sg
Euronext time-weighted quoted dep#1(000) 1214 306 1081
(24) (03) (2.0)
Chi-X time-weighted quoted deptkE(000) 533 210 485
(12) (11) (1.0)
trade-weighted féective half spread (basis points) .89 390 3.04
(006)  (0.10) (0.06)
trade-weighted adverse selection, 30 min (basis points) .62 2 3.74 2.78
(0.14)  (0.21) (0.14)
trade-weighted realized spread, 30 min (basis points) 280 0.16 0.26

014 (017 (0.13)

N=1078 (14 stocks, 77 days)

2. defined as a Chi-X adjusted Euronext half spread in the sense thatatgeshof demanding the full Euronext depth
but re-routing (part of) the order to Chi-X if Chi-X has strictly better psicit is a ‘generalized’ inside spread since it
controls for depth; for example, the adjusted ask29.995 if the Euronext ask £30.00 with deptiE100,000 and the
Chi-X’ ask is€29.99 with depthe50,000

51



Table 2: Caught on tape! a middleman

This table produces statistics on middleman trading for Dutch index stockslanoary 1 through April 23,
2008. The middleman is discovered as a combination of an anonymous Chk&rbb and an anonymous
Euronext broker ID that achieves high-frequency trading and meazarsion in inventory across markets.
Figure5 plots middleman inventory for a single stock on a representative day to illuegateading. Time-
clustered standard errors account for commonality and heteroskégtastit are reported in parentheses.

large  small all
Panel A: middleman inventory
average net change in middleman invent 00 -756 551 -565
verag gefnm inventdz;tQ00) (933) (196) (79.8)
standard deviation net change in middleman invent&3000) 14172 2984 1,3146
(1867) (335) (1723)
fraction of days with zero net change in inventory 0.33 0.60 0.46
Panel B: middleman activity
middleman Euronext volumeE00Qmin) 368 4.3 320
(18) (0.3) (16)
middleman Chi-X volume€100Qmin) 242 19 210
(18) (0.2) (16)
middleman Euronext #tradesr(in) 156 0.43 140
(0.07) (0.03) (0.06)
middleman Chi-X #tradegrgin) 1.09 0.19 0.96
(0.08) (0.02) (0.07)
middleman participation rate Euronext trades (%) 28 48 1.7
(0.3) (0.3) (0.3)
middleman participation rate Chi-X trades (%) .B5 352 35.6
(18) (23) (18)
Panel C: middleman order types
middleman relative use of passive orders in Euronext (%) .6 78 535 74.9
(0.8) @7 (0.9)
middleman relative use of passive orders in Chi-X (%) 976 84.8 78.0
(0.5) (0.8) (05)

Panel D: middleman vs nonmiddlemaffeetive spread and its decomposition

middleman trade-weightedfective half spread (basis points) (0'38 (%le) (?6.6177)
nonmiddleman trade-weighteéfective half spread (basis points) .82 3.81 2.96
(0.06) (0.10) (0.06)

middleman trade-weighted adverse selection, 30 min (basis points) (0.?745 2 398 2.75

(0.66) (0.17)
nonmiddleman trade-weighted adverse selection, 30 min (basis pointsp4 2 3.78 2.81
(0'15) (0.21) (0.14)

middleman trade-weighted realized spread, 30 min (basis points) .72 0 074 0.72

(0.17) (0.62) (0.16)
nonmiddleman trade-weighted realized spread, 30 min (basis points) .17 0 0.03 0.15
(0.14) (0.17) (0.13)

N=1078 (14 stocks, 77 days)
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Table 3: Speed comparison across markets

This table compares Euronext and Chi-X in terms of how quickly their pricgegufor stocks reflects
changes in the Dutch local index (AEX) future. A natural approach isticler all events where the index
future midquote (the average of the bid and ask quote) changes andhoounften the stock midquote is
adjusted in the same second. This comparison, however, includes ‘neaihstock midquote changes that
are the result of executions that knod stale quotes rather than quote updates. It is for this reason that
the analysis further conditions down on index future midquote updateshibatrso stock transactions one
second before, during, or one second after the index futures gpdétes The sample Dutch index consists
of Dutch index stocks from January 1 through April 23, 2008. Timetehesl standard errors account for
commonality and heteroskedasticity and are reported in parentheses.

large small all
count of Euronext and index futures quote change in same se@md ( 426 637 457

(24) (40) (25)
count of Chi-X and index futures quote change in same segdagl)( 1(522?6 1(%85)7 1(%05)6

correlation Euronext quote change and index futures quote change .33 (0.16 0.31
(001) (0.01) (0.01)

correlation Chi-X quote change and index futures quote change 46 0015 041
(002) (001) (0.01)

14 stocks, 77 days
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Table 4: Euronext and Chi-X quote infor mativeness

This table analyzes to what extent midquote (the average of the bid andate} gpdates inbetween trades
reveal the information that arrives in the intertrade intervals. The oagenclock runs in transaction time.
Panel A correlates log midquote changes strictly inbetween trades with thenatfon revealed in the trade
interval which is proxied by the the log trade pri¢e 10) minus log trade pricd{l). Panel B is based on
cointegration model which stacks all price series of interest into a single yeictor

Ap; == [index midquoteeuronext midquotechi_x- trade price]’

wheret runs over the transaction clock; indicates that the quote snapshot is taken one second prior to
the transactionindexis the midquote in the local index futuresade price; is the transaction price, and
midquoteX;- indicates the midquote in mark&t The price series is modeled as a vector error correction
model (VECM) to capture cointegration:

Pt = 1AP-1 + @2APr_2 + - - - + B(A Pr_1) + &t

_( 0 B2 Bz 542) A’:(O 1 -1 0 )
0 P21 B31 Pa 01 0 -1

ThepA pi_1 reflects the presence of two random walks, one associated with the rimatdetand the other

with the security’s ‘dicient price’ which is naturally defined as

ﬁ,

fi:= lim E*[pralpr, Pt - -]

where the asterisk indicates that it is the Hawtar forecast (seélasbrouck (2007, Ch.R) The extent to
which Chi-X and Euronext quotes revediieient prices and whether it is the index or the nonindex compo-
nent is established through linear projectior\df on the price innovation vectet whereP,, denotes a pro-
jection on the first element which captures the market-index innovationRan its residual) Pe projects
onto the second element which is the Euronext quote innovationPampdojects onto the third element
which is the Chi-X quote innovation. The sample Dutch index consists of Dutlgxistocks from January

1 through April 23, 2008. Time-clustered standard errors accourtddimmonality and heteroskedasticity
and are reported in parentheses.

large small all

Panel A: correlations based on raw d&ta

correlation Euronext midquote return and long-term price impact of (digmede 0007 0.046 0.013
q 9 P P ( (0.003) (0.003) (0.003)

correlation Chi-X midquote return and long-term price impact of (signedgtra Q052 0.039 0.050
(0.004)  (0.003) (0.003)

Panel B: cointegration analysis
overall gficient price innovation

variance €icient price innovation inbetween trades, 819 1698 947
(049) (1L16)  (058)
variance €icient price innovation correlated with market ind€(Af) 374 566 4.02
(0.28)  (051)  (0.30)
variance €icient price orthogonal to market inde®, m(Af) 445 1132 545
(028) (0.75)  (0.33)

- continued on next page -
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- continued from previous page -

large small all

efficient price innovation correlated with the Euronext midquote return
variance €icient price innovation inbetween trad@g(Af) 290 725 354
(017)  (045)  (0.21)
variance €icient price innovation correlated with market ind@, o Pe(Af) 005 008 0.05
(0.00)  (0.01)  (0.00)
variance €icient price orthogonal to market indeRk, ,, o Pg(Af) 285 7.18 348

(017)  (045)  (0.21)

efficient price innovation correlated with the Chi-X midquote return

variance €icient price innovation inbetween trad@s(Af) %Z% %538 (%%238
variance €icient price innovation correlated with market ind€x, o Pc(Af) 033 014 0.30

(002)  (0.02)  (0.02)
variance €icient price orthogonal to market indeR,y, o P¢(Af) 337 447 353

(0.16)  (043)  (0.19)

14 stocks, 77 days

@ based on midquotes that are sampled strictly inbetween trades (i.eearalsafier the Tast frade and one second ahead of
the next trade) in order to avoid spurious correlation due a trade krgpoRithe best bid or ask quote
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Table5: Correlation daily variables

This table presents correlations for a panel dataset of trading vartablesre calculated by stock-day. It distinguished ‘between’ and ‘within’
correlations which study variable interdependence in the cross-seatidh@ugh time, respectively. The within correlation is based on time
meansX; = % Zthl Xit. The between correlation is based on tlayleviation relative to the time mear; = xi — X;. The sample Dutch index
consists of Dutch index stocks from January 1 through April 23, 28@@ndard errors are reported in parentheses (within correlation sfanda
errors account for commonality and heteroskedasticity).

middle- middle- - Chi-X
variance man Chi-X man minus  Eu-
. . i i ronext quote
variable (units) corrtype S price partic-  #trades  share relative q
NNOVa-ination srades Use of informa-
tion rzte passive tiveness,
orders  (Pc—Pe)(Af)
relative size index componén(%o) betweeR  —0.50 0.67 0.55° 0.75* 0.07 0.64*
(0.27) 0.27) 0.27) (0.27) (0.27) 0.27)
within® 0.13 0.46" -0.09 0.13* 0.04 0.23*
(0.10) (0.05) (0.08) (0.04) (0.07) (0.08)
variance € price innovation inbetween tradesf betweef -0.73* -0.62 -0.61* -0.64 -0.88*
(0.27) (0.27) (0.27) (0.27) (0.27)
within® 0.15* 0.55* -0.15° 0.03 -0.04
(0.05) (0.12) (0.07) (0.06) (0.08)
middleman participation rate (%) betwéen 0.64" 0.89" 0.53 0.78™
(0.27) (0.27) (0.27) (0.27)
within® 0.11* 041+ 0.08 0.20*
(0.05) (0.05) (0.05) (0.05)
#trades [min) betweeh 0.73* 0.34 0.40
(0.27) (0.27) (0.27)
within® 0.01 -0.05 -0.29*
(0.06) (0.07) (0.06)
Chi-X share #trades (%) betwéen 0.23 0.67*
(0.27) 0.27)
within® -0.15* 0.05
(0.05) (0.04)
middleman relative use of passive orders (%) betReen ?652%
within® -0.02
(0.04)

14 stocks, 77 days
a: size of the index component in théieient price innovation

®: based on the time mearig:= £ 3,7, X
¢: based on days deviation relative to the time mear; = x; — X;
*/**: significant at a 989% level



Table 6: Diff-in-diff analysistrading variables

This table compares trading variables based on Dutch index stocks leefdrafter the introduction of Chi-X and the advent of
middlemen (e.g., the ID of the middleman we identified in Tabldid appear in the pre-event period). It compares the first 77
trading days of 2007 (through April 20) and 2008 (through April 23his serves as the ‘treated’ sample. The same comparison
is done for Belgian index stocks which creates an ‘untreated’ sample ia¥ Bdwd not yet been introduced. Belgium is a natural
choice as it a neighboring country whose stocks also trade in the Edrsystgm. A dif-in-diff analysis then identifies the treatment
effect. The percentage change was determined based on the log seriecluBtaeed standard errors account for commonality and

A

heteroskedasticity and are reported in parentheses.

variable (units) Netherlandgtreated’ Belgiunf'untreated’ dit-in-diff®
pre post A pre  post A AA
Panel A: Full sample
20-min realized volatility (bfmin) 39 7.6 6496 41 83 69%" —49%"
(0.1) (0.3) (4%) (01)  (0.4) (4%) (2%)
volatility efficient price innovation inbetween traded, (bp) 19 2.9 419%™ 35 50 339%™ 2%
(0.0) (0.1) (3%) (01) (0.1) (3%) (2%)
time-weighted generalized inside half sprééiohsis points) 33 286 0% 500 6.86 35%™ —-35%"*
(0.03)  (0.18) (2%) (0.08) (0.16) (2%) (2%)
time-weighted quoted deptke(000) 213 108 -62%"™ 67 46 -49%~ -13%"*
_ _ _ _ ) ) (2%) @) 0) (2%) (2%)
trade-weighted féective half spread (basis points) .62 304 13%™ 399 507 277%™ -13%"™
(0.02)  (0.06) (2%) 007) (0.12) (2%) (1%)
trade-weighted adverse selection, 30 min (basis points) 891 278 329%™ 3.16 523 549%™ -219%*
(0.09) ~ (0.14) (6%) (011) (0.22) (5%) (7%)
#trades [min) 1105 2039 59%™ 371 6.89 559%™ 3%
(0.34)  (0.63) (3%) (0.12) (0.21) (3%) (2%)
#trades after removing middleman’s tradgsif) 1105 1980 56%™ 3.71 6.89 55%™ 0%
(0.34)  (0.61) (3%) (0.12) (0.21) (3%) (2%)
volume €100Qmin) 446 509 1096 72 100 219%™ -109%
(16) (18) (4%) ) @) (4%) (2%)
volume after removing middleman’s volum&X00Qmin) 446 496 8% 72 100 219%™ —13%"
(16) (18) (4%) @ @) (4%) (2%)

#observations 4746, ¥48=32 stocks, 7#77=154 days

a: defined as the Netherlanddf@rential (post minus pre) minus the Belgiunfieiential

*/**: significant at a 989% level (only applied to dlierentials)



Figure5: Middleman inventory

These graphs plot the middleman’s intraday inventory for ING stock omalsr80 starting herfbwith zero
shares (by assumption). They plot inventory both by market (top twdghamd aggregated across markets
(bottom graph). The middleman is discovered as a combination of an anosy@iotX broker ID and
an anonymous Euronext broker ID that achieves high-frequendinggand mean-reversion in inventory
across markets. The graphs illustrate this trading pattern for one stga@daddable? produces middleman
statistics for the full sample.
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Figure 6: Scatter plot of middleman activity versus amount of hard information

This figure contains a scatter plot of the trade participation by the identifiedenidah (see Tablg) against a proxy for the relative importance

of ‘hard’ information defined as any public information that can be preegdy machines (e.g., price changes in the index futures, same
industry stocks, foreign exchange rate). The conjecture is that middleperating with fast machines have an edge when such information
is a larger part of total information. A proxy for the relative size of hafdrimation is the ‘R’ of a regression of stock return on index return.
This proxy is constructed for each stock-day in the sample based onitiiegration model results of Tabfe Middleman trade participation

is also calculated for each stock-day. Both variables are demeanedckytatonly focus on the time variation (and not have the results be
driven by unobserved heterogeneity across stocks). The scattefrfhese series thus illustrates the within correlation presented in Fable
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Figure 7: Chi-X and Euronext price-quote infor mativenessin the cross-section

This figure graphs Chi-X and Euronext price-quote informativengasat a proxy for the relative importance of ‘hard’ information defined
as any public information that can be processed by machines (e.g., paicgezshin the index futures, same industry stocks, foreign exchange
rate). Price quote informativeness is defined as the predictive powardgjuote (average of the bid and ask quote) price changes for the
amount of information that is revealed inbetween trades. The methodologgeési lon linear projection®{ — P;)(Af) and a cointegration
model (see Sectiof.4). The variables are calculated as averages per stock and the geppdsent dispersion in the cross-section. The size
of the dot corresponds to average stock volume.
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Figure 8: Price quote infor mativeness: index vs nonindex component

This figure decomposes the bottom graph of Figuiato the price-quote informativeness of the index-
correlated component of the predictability and an orthogonal component.
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