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Our Paper
® Novel dataset

Algorithmic trading in the foreign exchange market: euro-dollar, yen-
dollar, euro-yen

= September 2003 to December 2007
= Observe four types of trades: HH, HC, CH, CC

® New version:
Novel way of measuring the correlation of algorithmic trading actions
Focus 1s on the effect AT has on price discovery



Our Paper (continued)
@ Role AT plays 1n price discovery process

= AT measured in five different ways
* AT participation
* AT liquidity provision
* AT liquidity demand
* AT “signed” liquidity demand
» Correlation of AT trading actions
x Price efficiency:
 Triangular arbitrage opportunities
« Autocorrelation of high frequency returns

@ Biggest challenge: endogeneity

= Heteroskedasticity identification approach (Rigobon (2003),
Rigobon and Sack (2003, 2004))



Theory

@ Disagreement on the effect AT may have on price
discovery (Foucault (2012))

@ Positive view: Biais, Foucault, and Moinas (2011) and
Martinez and Rosu (2011)

Computers are fast and better informed than other traders

Computers use market orders to exploit their informational
advantage

Computers make prices more informationally efficient, but
increase adverse selection costs for slow traders



Theory (continued)

¢ Negative view: Jarrow and Protter (2011): computers
reacting to a common signal, create price momentum and
push prices further away from fundamentals

@ Negative view: “crowding effect”: Kozhan and Wah Tham
(2012) and Stein (2009) computers entering the same trade
at the same time pushes prices further away from
fundamentals

¢ Positive view: Ochmke (2009) and Kondor (2009),
competition among convergence traders makes prices more
informationally efficient



Theory (continued)

¢ Negative view: If computers are “noise” traders: Delong
et al. (1990), Froot, Scharfstein, and Stein (1992)

= Positive feedback traders who predictably extrapolate past price
trends

= Short-term speculators (chartist) herd and put too much emphasis
on some (short-term) information and not enough on fundamentals

AT could cause “excessive” volatility

@ Foucault (2012) effect may depend on strategy computers
specialize on.



What is Algorithmic Trading?

% Algorithmic Trading (AT): The use of computer
algorithms to manage the trading process. Formulate
trading decisions and execute trades.

® In practice: Automated execution, computers directly
interact with electronic trading platforms. Very fast.

® It includes High Frequency Trading and other types of
algorithmic trading

@ First AT trade on EBS 1n 2003. Fast growth on EBS



Participation Rates of Algorithmic Traders
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Our Data

© EBS (essentially the global site of price discovery in
interdealer FX market for several large currencies) records
when a trade 1s placed manually (keyboard) or by a
computer interface

® Minute-by-minute data from 2003 to 2007

® Three currency pairs (EUR-USD, USD-JPY, EUR-JPY)



Our Data (continued)

€ Volume and direction of trade breakdown each minute by
AT (Computer) and non-AT (Human).

= We know how much computers “take” from human “makers.”

& Four possible types of transactions: HH, HC, CH, CC
(maker-taker).
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Trading Volume by Maker and Taker Type

Classifying Trades
& Maker: Trader who posted price.

# Taker: Trader who bought or sold at
posted price.

# More makers: higher market liquidity.
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Our Data (continued)

& Five different measures of AT activity

= AT participation:
Vol(CH+HC+CC)/Vol(CH+HC+CC+HH)

= AT liquidity supply:
Vol(CH+CC)/Vol(CH+HC+CC+HH)

= AT liquidity demand:
Vol(HC+CC)/Vol(CH+HC+CC+HH)

= AT signed liquidity demand:
|IOF(HC+CCO)|/(JOF(HC+CCO)|[+|OF(CH+HH))|)

= Correlation of AT trading actions: R-measure
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What if algorithmic traders (ATs) all did the
same trade at the same time?

€ Correlated strategies can make prices more informationally
efficient (“‘convergence” trades)

& Correlated strategies can cause excess volatility
® Yen-Dollar market on August 16, 2007
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Computer Order Flow
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Human-Maker / Computer-Taker Order Flow
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Computer-Maker / Human-Taker Order Flow
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Do algorithmic trades, strategies, tend to be
correlated?

< We do not know strategies, we do not have orders, only
completed trades.

® Instead: Do computers trade with each other as much as
expected, as much as random matching would predict? If
computer strategies are correlated, we should observe less
trading among computers than expected.

€ More precisely: Do computers “take” from humans and
computers in the same proportion as humans take from
humans and computers? 17



® Prob(HC)/Prob(CC) = computer taker ratio = RC
€ Prob(HH)/ Prob(CH) = human taker ratio = RH

® In a world with more human makers than computer makers
(our world), we expect Prob(HC)/Prob(CC) > 1, 1.e.,
computers take more from humans than from other

computers. And we expect Prob(HH)/ Prob(CH) > 1, 1.e.,
humans take more from humans than from computers.

€ However we expect RC/RH=1, i.e., humans take more
from humans in a similar proportion that computers take
more from humans.
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® Assuming Prob(HH)= (1 - a)(1 — ), RC/RH>1 1mplies
that either:
Prob(HC) > (1 - a,,) a,
or
Prob(CH) > a (1 — a,)
or
Prob(CC) <a,, a,

® If we find that RC/RH>1, then we conclude that computers
take more from humans, than humans themselves, in other
words, computer trading 1s more correlated than expected,
as computers trade less with other computers than expected
or computers trade more with humans than expected.
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& We estimate:

Vol(H
oK C)/Val(CC)

Vol(HH,
o )/Val(CH)

¢ At 1-minute, 5-minute and daily frequency

R=RC/RH=

@ Report In(R)

@ If we find that In(R)>0, then we conclude that computer
trading is more correlated than expected
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Do algorithmic trades, strategies, tend to be
correlated?

€ Answer: Yes. It seems that computers do not trade with
each other as much as random matching would predict.
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Relationship between algorithmic trading
activity and triangular arbitrage
opportunities

¥ Graphical evidence
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Does alyorithmic tradinyg Increase or
decrease triangular arbitrage opportunities?

€ Endogeneity (reverse causality) problem: Triangular
arbitrage must clearly also cause AT

= Granger Causality at high frequency (minute-by-minute)

and

= Heteroskedasticity identification
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Structural VAR Estimation
AY; = ®(L)Y; + AX;_1.4—20 + WGt + &
e Yt = (Arbt, ATt)
¢ &(L) Lag-polynomial, 20-lags

® Xi_1.t—20 Controls for past volatility and liquidity (volume)
@ G¢ deterministic intra-daily patterns and time trend
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AT part|C|pat|on causes trlangular arbitrage opp.

Tests of VAT Causing Triangular Arbiirage

Sum of coeffs. on VAT lags —0.0027°""
Sum of coeffs. on VAT lagsxoy 47 —0.0c94=="
x] (Sum =10) T.7078
p-value 0.0065
EEE{A" coeffs. on VAT ].u_g-n.:l:l:l 91 .40~
p-value iyt

Coniermnp. coeff.

[sid. err.| (0.0040)
Contermnp. coeff. xoy 47 —0. 37317 "
MNao. of obs. 1T
No. of obs. in 1st sub sample 256246
No. of obs. in 2nd sub sample 255770
No. of unique days mn 14 sub sample 534
No. of unique days in ?nd sub sample a3
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AT liquidity demand causes triangular
arbitrage opportunities

Tests of OFCt Coausing Triengular Arbifrage

Sum of cceffs. an OFCE lags —0.0117="
Sum of coeffs. on OFCE lagsxooro: —0.2e01™ "
%] (Sum =0) 142 4€€1
p-value 0.0000
_xgn {(All coeffs. on OFCt lags = 0) J1T.399477
p-value i

Coniemp. coeff.

[sid. err.] (0.0055)
Coniemp. coeff. “opres —0.e22g=""
No. of aba. 3 B

Neo. of obs. 1n 1sf sub sample 255072
MNe. of abs. 1n 2nd sub cample 255T1E
MNo. of unigue days in 1si sub sample 534
No. of unigue days in ?nd sub sample I3
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AT liquidity supply causes triangular
arbitrage opportunities

Tests of VCUm Causing Triangular Arbiirage

Sum of coeffs. an VOm lags 0.00497""
Sum of coeffs. on VOm lags oy rom 0.07ed=~~
x} (Sum = 0] 14.4351
p-value 0.0001
x3p (All coeffs. on VCOm lags = 0)

p-value

Coniemp. coeff.

[sid. err.]

Contemp. coeff. Xovitm

Mo. of obas. 512048
Mo. of obs. 1n 1st sub sample 256246
MNao. of obs. in 2nd sub sample 255770
No. of unigue days mn 1si sub sample o34
Mo. of unigque days in 2nd sub sample 533
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High AT correlated actions causes triangular

arbitrage opportunities

Tests of In (R) Causnng Triangular Arbiirage

Sfum of coeffs. on In(R) lags —0.0437
Sum of coeffs. on In(R) lags Ko, gy —0.0258
x1 (Sum = 0) 1.6112
p-value 0.2042
_:I.;gn [All coeffs. on In(R) lags = 0] 24 5801
p-'r-ul.u: 120G

Coniemp. coeff. —0.5752""
[sid. err.| (0.4413)
Contemp. eoeff. o,y —0.57477"
No. of abs. 147114
No. of abs. 1n 1sf sub sample 5520
No. of abs. in 2nd sub sample 135684
MNo. of unigue days i 1st sub sample 154
No. of unigue days in 2nd sub sample a3
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triangular arbitrage opportunities causes AT
““signed” liquidity demand

Tesis of Triangular Arbiirage Causing O F({C%)

Sum of coeffs. on ard lags 0.0345™~
Sum of coeffe. on ard lagexoa g 00345~
x7 (Sum = 0) T5.9510
p-value 00000
?I:;il (All eoeffe. on arbk lags = 0) 4609 3057

LIt

p-value

Coniemp. coefl.

(sid. erre.) (0.1241)
Contemp. coeff.xo_ ., 4. 4325~
No. of obs. FE5
No. of obs. mn 1ed sub sample 2656972
Neo. of obs. in 2nd sub sample 2bbT1E
No. of unique days 1n 1st sub sample 534
No. of unique days 1n 2nd sub sample 533
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Triangular Arbitrage Causality Tests

# At reduces triangular arbitrage opportunities

® Predominantly AT acts on posted quotes by other traders
that enable the profit opportunity

& Increase the speed of price discovery, but increase adverse
selection costs of slow traders

® Some evidence that algorithmic traders make prices more
efficient by posting quotes that reflect new information
quickly

32
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Does algorithmic trading increase or
decrease “‘excess’ volatility: autocorrelation
of high frequency returns?

® Graphical evidence

33



5-second return autocorrelation
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5-second return autocorrelation
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5-second return autocorrelation
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AT participation causes HF return autocorrelation

USD/EUR JPY /USD JPY /EUR
Tests of VAT Causing Auviccorrelation

Sum of coeffs. on VAT lags —0.03904**=  —0.025€2"* —0.01539"~"
Sum of coeffe. on VAT lage oy 47 —0.93455*~ —0.737€5™™ —0.57THIT™"
%] (Sum = 0) 337607 25.2649 14 9€€5
p-valus 0.0000 0.0000 0.0001
xiu (All coeffs. on VAT lags =0} 43 0591~ 45 5465+ 15 1581 *=*
p-value R ) 0042
Conlemp. coeff. —0.04770*= —0.02377"* —0.02274""

(sid. ere.) (0.00703) (00022 ) (000927
Contemp. coeff. Xo 47 —1.142227"" 06543977 —1.230417"°
No. of obs. F2ds 102427 2113
Ne. of obs. 1n 1ef sub sample 512e4 51260 51019
No. of obs. 1n 2nd sub sample 51168 B11€T F1094
Neo. of unique days mn 1sf sub sample 34 a3 b4
No. of unique days m 2nd sub sample 332 833 533
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AT liquidity demand causes HF return autocorrelation

USD/EUR JPY /USD JPY /EUR

Tests of OFCt Causing Autocorrelation

Sum of coeffs. on OFCT lags —0.00451 —0.001564 0.00012
Gum of coeffs. on OFCE lags®xoores —0.121456 —0.04392 0.004ce4
x7 (Sum = 0) 2.2004 02637 0.0021
p-value 0.1292 0.e07e 0.9€38
xig (All eceffa. on OFCE lags = 0) 2.826€ 1.8544 1.3821
p-value b-55 0.7625 I5:
Coniemp. coeff. 0.0043 —0.00e31 —0.00124
(eid. ere.) (0.004556) (0.004E3 ) (0.004€4)
Contemp. coefl. xocorFc: —0.179%C

Ne. of obs. .

Mo, of obs. 1m 1ct sub cample 51095 BOSTI 49035
No. of obs. m 2nd sub sample 511556 51121 50580
No. of unique days m 1sf sub sample 534 534 534
No. of unigue days mn 2nd sub sample 333 533 533
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AT liquidity supply causes HF return autocorrelation

USD/EUR JPY /USD JPY /EUR

Tesis of VCUm C‘ausi:n.g Autoccrrelaiion

Sum of coeffs. on VICm lags —0.04£92*  —0.03€20"* —0.0214E"""
Sum of coeffs. on VCOm lagexovim —0.731417 —0.7084277"  —0.56€667""
% (Sum = 0] 20,7277 g §471 17.5840
p-value 0. 0000 00000 0.0000
.‘{;u (All eoeffa. on VOm lags = 0) 44 155" I8 _GE3ET" 15 0016™""
p-value H 0000 1.0008

Conterap. coeff —0.03907=**  —0.02409*"

(etd. ere.) (0.00902) (0.00711) (0.00€22)
Contemap. coeff. oy —1.10257%=~ —0.7e468™"" —0.e247Te""
Ne. of obs. 24 102427 pr113
No. of obs. 1n 15t sub sample 51264 5120 31019
Neo. of obs. 1in 2nd sub sample 51168 B11€T 31094
No. of unique days in 1z sub sample 534 534 534
MNeo. of unique days n 2nd sub sample 333 533 533
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High AT correlated actions causes HF return
autocorrelation

USD/EUR JPY /USD JPY /EUR

Tests of In{R) Cavsing Auviceorrelation

Sum of coeffs. on In(H) lags —0. 22045~ — 010045 D 19150
Sum of eceffs. on In(H) lags ¥ oqss —0.26825 —0.12&21 0_249€51
%1 (Sum = 0) 3279 0.970€ 32797
p-valus 0.05e5 0.3347 0.0701
xiu (All eceffs. on In(R) lags = 0) HEGAD 18332 I 5833

p-valus

0.32317 0.67163 —0.001%3

Coniemp. coef.

(std. err.) (0.2€693) (0.41419) (15.11€31)
Contemp. coefl. Koy 0.378e3 0.718e€1 —0.00252
Neo. of obs. " 461 E5d
MNe. of obs. in 1:4 sub sample bEel 5255 523
No. of obs. in 2nd sub sample 4430€ 405567 33417
No. of unique days m lat sub sample 255 Iy 225
Neo. of unique days in 2nd sub sample 533 537 533
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HF return autocorrelation causes AT liquidity supply

USD/EUR JPY,USD _ JPY /EUR

Tests of Auvtccorrelation Causing VOm

Sum of coeffs. on ac lags —0.00917*==  —0.01358=* —0.02ge2 "~
Sum of coeffs. on ac lags X oac —0.001a7""" —0_0Q33s= " — Q. hasT="
%] (Sum = 0) 97691 10,1158 20.1782
p-value 0.0022 0.0015 0.0000
xiu (All coeffs. on ac lags = 0) AT 1 e [ 11.0068™" 20 29507

) 0.02€5 0004
0.0015€ 0.002€x 0.02122==*

p-value

Contemp. coeff.

(etd. wrs.) {0.00137) (0.002€0) (0.00571)
Contemap. coeff. Xoa. 0.0002E7 0.0004E3 0. 00GEIG™™"
Ne. of obs. 2113
No. of obs. 1n 15t sub sample 51264 612€0 51019
No. of obs. in 2nd sub sample 51168 BL1ET 51094
Neo. of unique days m 1si sub sample 534 534 B34
Neo. of unique days mn 2nd sub sample 33 533 533
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Conclusion

® We find evidence of algorithmic trading improving price
efficiency:

Reduces triangular arbitrage opportunities: mainly by acting on the
posted quotes of other traders that enable the profit opportunity

Reduces HF return autocorrelation: mainly by providing liquidity

& Caveat 1: Algorithmic trades tend to be correlated, and
when this happens we find higher HF return
autocorrelation, although the effect 1s not statistically
significant.

® Caveat 2: We do not have truly turbulent times 1n our
sample. We look forward to analyzing data during the
CT1SIS. 42



Future Research

€ EBS in 2009 imposed Minimum Quote Life (250
miliseconds) to promote AT’s intention to trade

& How did HFT behave during the crisis in the government
bond market?
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Backup Slides
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Theory (continued)

@ Foucault, Kadan, and Kandel (2009) model AT as
lowering monitoring costs

= Pareto optimal (lower trading costs, increase trading
rate)

= Ambiguous effect on bid-ask spread (liquidity)

* When monitoring costs for market-makers |
liquidity T informational efficiency 1

* When monitoring costs for market-takers l liquidityl
informational efficiency l
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® We have four events: H-make, C-make, H-take, C-take.
The probability of each event at time K is

Prob(C-take) = a,, Prob(H-take) =1 — a,
Prob(C-make) = a,,, Prob(H-make)=1 - a,,

® Assuming each event is independent, the probabilities of
cach trading event are:

Prob(HH) =(1 - o )(1 — o)
Prob(HC) = (1 - a,,) a,
Prob(CH) =a (1 — a,)

Prob(CC) = a,, a,

® We can write the following identities:
Prob(CH)*Prob(HC) = Prob(CC)*xProb(HH)

Prob(HC)/Prob(CC) = Prob(HH)/ Prob(CH)

46



Taylor Expansion

Mean
[aid. err.)
Percent of aba. =0

Mo. of non-miasing oba.

Toial no. of oba.

Mean

[aid. err.)
Percent of aba. =0

Mo. of non-miasing oba.

Toial no. of oba.

Mean

[aid. err.)
Percent of obha. =0

Mo. of non-miasing oba.

Toial no. of oba.

1-min daia

f-mun data

Diaily data

In (R) In(B°) In[R") In (R) In(R°) In[R") In (&) In(R°) In[R")
USD/EUR
05402 0s0s5 " 0.5306 0.7601 " 0€r21 06923 05644 08115 08057
(0.0023)  (0.0028)  (0.0028) (0.003€)  (0.0042)  (0.0042) (0.0314)  (0.0297)  (0.0297)
07749 0736 0736 0514 0.7538 0.763 1 09749 0.4a7s
422550 406560 410400 F45TE 1312 a20=0 1001 Uil e
512640 512640 512640 102528 102328 102528 1065 1068 1065
JPY,/USD
0.9754™" 093477 QU134 Qaves™™™  QEITRTTT 0TUEETTT DEEFL™"  QEE01™™  0.62087
(0.0026)  (0.0034)  (0.0034) (0.0039)  (0.0046)  (0.0048) (0.017%)  (0.0173)  (0.01€5)
077 0.73a 0727 0514 0.763 0.763 0.99 0.971 0.4ar2
4537920 450720 443040 Ylsa4 Q0144 FE60s 1000 1000 Uyl
512640 512640 512640 102528 102328 102528 1065 1068 1065
JPY /EUR
1.1261°"" 1.04558™" 10057 1.1027°" 10267 095753 0.E734™ 0.835™"" 0. 5456~
(0.0033)  (0.0045)  (0.0046) (0.0045)  (0.0053)  (0.0053) (0.0181)  (0.0184)  (0.0191)
0772 0.743 0732 0827 0.788 TTT 0.953 0973 0965
474240 456960 452640 FERE N Q13492 0525 1061 1061 1020
512640 512640 512640 102528 102328 102528 1065 1068 1065
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Heteroskedasticity identification

& y=pix+e
X =Py +1
@ 4 parameters: f1, 3,0, 0y
® 3 moments: Var(y), Var(x), Cov(x, y)
® System is not identified
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Heteroskedasticity identification

o regimes, keep coefficients constant across regimes

V1 = P1X1+ &
V2 = P1x; + &
X1 =P2y1+m
X2 = P2y2 + 12

© 6 parameters: By, B2, 0¢1, Op1, Og2, On2

® 6 moments:
Var (,‘)’1), Var(yZ)J Var(x1), Var(xZ)J Cov(xll Y1), Cov(xz, Y.
@ System is exactly identified
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