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Forecasting for algo trading

▶ 2006: over 40% of all orders at the London Stock Exchange

were entered by algo traders

▶ 2009: high frequency trading �rms account for 73% of all US

equity trading volume

(Source:

http://en.wikipedia.org/wiki/Algorithmic_trading)

▶ Successful algo trading requires accurate forecasting

http://en.wikipedia.org/wiki/Algorithmic_trading


VWAP and volume forecasting

AIG stock on NYSE (2001−01−02)

Time
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Stylized facts: Apple

▶ AAPL.OQ (Apple stock on NASDAQ)

▶ Time frame: 2009-09-02 � 2009-10-30

▶ Aggregation: 30 sec



Daily trend



Intraday component and seasonality



Deseasonalised intraday component



Intraday non-periodic component



Autoregressive conditional durations (ACD) model

▶ Multiplicative error model:

xt =  t�t

▶ Conditional distribution of the errors:

ℒ
(
�t ∣ℱt−1

)
= Exp(1)

▶ ARMA-type dynamics of the conditional durations:

 t = ! +
r∑

j=1


jxt−j +
s∑

j=1

!j t−j

▶ Conditions on coe�cients (non-negativity)

� = (!0, 
, !) x̂ = argmax� L(�)



ACD(2,1) in-sample diagnostics (day 20)
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Adaptive modelling

▶ xt � 1-dimensional stochastic process in discrete time,

progressively measurable w.r.t. (ℱt) (�ltration generated by

past data)

▶ Conditional distribution given the past:

ℒ(xt ∣ℱt−1) = Exp(�t), �t ∈ Θ ⊂ IR

▶ Local constant parametric assumption:

�t ≈ �, t ∈ ℐ = [T − Nℐ ,T ],

T is the point of estimation.

▶ Goal: identify ℐ and estimate �.



�Weak� maximum likelihood estimates

▶ Maximum likelihood estimate:

�̃ℐ = argmax
�

∑

t∈ℐ
ℓ(Yt , �),

where ℓ is the log-density of the exponential family

▶ ℐ1 ⊂ ℐ2 ⊂ . . . ⊂ ℐK � sequence of candidate intervals

▶ �̃1, . . . , �̃K � associated weak ML estimates



Description of the method

ℰ1(z1)

�̃1

ℰ2(z2)

�̃2 ℰ3(z3)

�̃3
ℰ4(z4)

�̃4

▶ Con�dence set:

ℰk(z) = {� ∈ Θ : L(�̃k , �) ≤ z}

▶ �̃k is accepted if �̃k ∈ ℰℓ for all
ℓ < k

▶ �̂ = �̃
k̂
, where k̂ = max k satisfying

the previous condition.



Diebold � Mariano test

▶ Forecasting errors:

"
(i)
t+h∣t = xt+h − x̂

(i)
t+h∣t , i = 1, 2. t = t0, . . . ,T

▶ Loss function L(⋅) : (⋅)2, ∣ ⋅ ∣
▶ H0 : EL("

(1)
t+h∣t) = EL("

(2)
t+h∣t) vs. ∕=

▶ Test statistic:

S =
d

[âvar{d}]1/2
, d = meant(L

(1)
t − L

(2)
t )

▶ Under H0 the test statistic is asymptotically N(0, 1).



Forecasting performance (full set)

Criterion RM LMS

RMSE 12642 12945***

MAE 8478 8939***



Forecasting performance (RMSE)
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Forecasting performance (MAE)
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Forecasting performance (days 10-14)



Forecasting performance (days 10-14)

Model RMSE MAE

RM 10763 7492

LMS 10985* 7944***

ACD 7122*** 5269***



Static VWAP replication

▶ Notation: xt,i is the i-th observation on day t

▶ VWAP =
∑

i
pivi∑
i
vi

▶ Slicing strategy:

ŵt,i ∣t−1 =
x̂t,i ∣i−1∑I
j=1

x̂t,j ∣t−1
, i = 1 . . . I

▶ Average execution price:

AEPt =
∑

ŵt,i ∣t−1pt,i ,

where pt,i is the realized VWAP.



Slicing on day 13
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Forecasting quality in terms of VWAP

12 14 16 18 20 22 24 26 28 30 32 34 36 38 40 42

V
W

A
P

0
10

0
20

0
30

0
40

0
50

0
60

0
70

0

Realized
LMS
ACD



Conclusion

▶ ACD is better on �calm� data, but possibly unstable

▶ local linear, quadratic etc. models; trend forecasting

▶ simultaneous modelling of multiple characteristics
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