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Broker internal order matching
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Broker’s gain

T

T
Gr = Zlﬂ’t m Z(Ir—l i 5It)rt
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Classic optimization problem
Q@ Fix T (1 day)
© Assume random 81; and r;
© Constraints

@ Minimize cost function
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Broker’s gain

T

T
Gr = Zlﬂ’t m Z(Ir—l i 5It)rt
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Prediction problem
Q@ predict flux
© predict price return
© PROFIT!
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Prediction problem= Science + Engineering

Science: flux

© cluster clients

© lead-lag networks
© machine learning
Q@ ENJOY!

Engineering

@ Predict price returns
@ Inventory constraints
© PROFIT!
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Investor classification

Supervised

@ Individual vs institutional (Odean, Barber, etc.)

Unsupervised

o Similarity measure

— categories
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Supervised classification
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Real networks
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Unsupervised learning




Unsupervised learning




FX traders
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Unsupervised classification I

Spanish brokers

Lillo et al. (2008)

@ Daily inventory change V;(t) |

@ Correlation matrix
C~E(VV))

@ Principal Component
Analysis + Random Matrix
theory
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Unsupervised classification I

Equities, Spanish brokers

Lillo et al. (2008)

P(Log, ,[Size])
=

pLv0.r(V]
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Unsupervised classification II

Equities, Chinese investors

Zhou et al. (2012)
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Unsupervised classification III:

FX, individual investors, daily

- 7 — Data
— Shuffled
— RMT
A
R
8
1
39 ‘ i
B
-4 \
= A
< A\
o
o
\ I I w -
s J
S log(N)
T T T T 1
0 2 4 6 8

D. Challet, M. Lallouache, R. Chicheportiche Predicting investment fluxes from implicit lead-lag investor networks



Unsupervised classification I'V:

FX, individual investors, hourly
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Unsupervised classification

Statistically validated networks (SVNs)

Tumminello et al. (2011a)

O Agent i, state;(t) € {1,---,S}

Buy(t) — Sell(t)

silt) = sign Buy(t) + Sell(t)

€{-1,0,1,2=0}

@ Agents i and j: measure frequency
si(t) = s && s;(1) = s’

o Compute p-values

e O(N?) pairs
— multiple hypothesis correction
—NETWORK
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Origin of trade synchronicity

0 Explicit communication
@ Implicit communication
© same news
e same strategy: MA(CD)

@ same parameters
o Master in Finance
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Trader-trader communication: explicit
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Trader-trader communication: explicit
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Trader-trader communication: explicit
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Do traders look at prices?
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Implicit communication: same price anal
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Implicit communication: same price analysis

10/31/2006 C=604.1 +5.5 0=604.0 H=608.9 L=560.5 Mov Avg 3 lines

NEW cuaumn.?

Volume 803812.00 Open Interest 315459.00
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Implicit communication:

same price analysis

$GOLD Gol - Spot Price (ECD) CME
Fran2013
ARSI 4690

Open 155720 High 165500 Low 165100 Close 186470 Volume 5440k Chg 4590

WGOLD (Weekly) 1664.70
—HAGD) 186776
Wichnd 65 5%

It relatively far from the deciining support ine) and to 2008 in
fterms of time (consolidation took more than ayear). Interms.

L /average, so the situation looks favorable.
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Example: MACD (1970)

e Parameters 12, 26, and 9 days
o Trading week then: 6 days
o Now: 5 days

Predicting investment fluxes from implicit lead-lag investor networks



Investor SVNs

group=disconnected subgraphs

Tumminello et al. (2011b): daily Finish investment fluxes
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@ Swissquote (SQ): individual traders
© Large Bank: institutional traders
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Step 1: Implicit network + community, daily

Challet et al. (2015) EUR.USD SQ
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Implicit network + community, hourly

Challet et al. (2015) EUR.USD SQ

D. Challet, M. Lallouache, R. Chicheportiche Predicting investment fluxes from implicit lead-lag investor networks



Implicit network + community detection, LB, hourly

Challet et al. (2015)

GBP.USD EUR.USD
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Cluster stability

movie GBP.USD 2014
movie EUR.USD 2014
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Step 2: lead-lag SVNs

o determine groups

o group lead-lag?

» SNVs: p-values of
Sg(t) — Sg/(l‘+ 1)
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Intertemporal interaction networks (FX LB)

Compute p-value of {sg(),s4(t+1)}
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EUR.USD (LB)
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Origin of lead-lag

0 Explicit communication

@ Delayed reaction

o faster news
e same strategy, faster parameters
MA(CD) 12,26,5 — 10, 25, 4:

o Master in Finance + ...
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ead-lag: number of links vs time

20
60 15-
) 4]
£ £
3 510
+:40- +
5,
20+ 0-
~ ~ ~ ~ m o - % vt %
f) P — — — — — — — — —
o o o o o o o o o o o
o0 o0 o o D N N M N Y
n © ~ @ < ~ o — < ~ o
o o o o o o — o o o -

EUR.USD




Lead-lag between groups: inter-temporal networks

Goal: predict global flux sign (B —§) out of sample
© Sliding in-out sample periods
© Determine groups in-sample
© Calibrate machine learning in-sample
@ Predict next SIGN
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Predictors+predictee

’ F17t ‘ FZJ ‘ Fl,t—l ‘ F27t_] ‘ hour | sign (B—S) ‘
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Machine learning: random forest

Random forest = collection of random trees

@ Classification tree: P predictors, T data points each
@ Each tree: bootstrap of data points
@ Each node: cut according to criterion e.g. predictor; > 2

X

nvestor networks



Prediction results

EUR/USD

o 12 weeks
in-sample

@ 24 hours
out-of-sample

@ Predict sign of
flux

100 200 300

@ Predictors:
group actions
{-1,0,1,NA}

@ Random
Forests

cumsum(x;)

0
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Prediction results

EUR/USD

o 12 weeks
in-sample

@ 24 hours
out-of-sample

10

@ Predict sign of
flux

@ Predictors:
group actions
{-1,0,1,NA}

@ Random
Forests Tol

cumsum(X4d) in billions
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Prediction results: SQ
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Out-of-sample performance by hour
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Origins of performance peaks

BUT N $PTE OF THER
SALLANTRY,

| SAY, 0D CHAP,
1 THINK TS GETTNG
ON FOR TIME
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FOR WHAT 2

implicit lead-lag investor network:



Clustering —-communities — lead-lag — machine learning —
prediction

o Find algorithmic strategy of groups
Other fields

fund ownership

o
°
@ recommendations systems
°
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