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that buy-side investment organizations engage in
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set of parameters needed in our approach to
| _ \mic equity trade execution, and to obtain these
puts by Inference from portfolio characterlstlcs
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= ’EifShow how gquantified news can be used to recalibrate
- the algorithm parameters in near “real time” to improve
returns, reduce risks and reduce costs of trading

— I apologize in advance but we will have to cover a lot of ground
before I start talking about the role of quantified news
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nic execution of buy-side orders has steadlly

r'kets around the world.

3 e time, the provision of liquidity from high-

’ cy tradlng operations has expanded even faster.

= together these two developments demand ever-
Cl easmg sophistication in execution algorithms.

= g_‘ 'Tradlng IS @ zero sum game, but the HFT crowd has
been making billions of dollars in aggregate annual
profits at the expense of the buy-side. The trade
execution algorithms available through all major brokers

are simply not good enough
<



eps t0 Level the Playin ‘;,...

rst step is a "pre-processor” that aIigns the

et A wl \J \J

|on and strategy of the underlying portfolio

cond element is a “trade scheduling” algorithm

' " S one or more large equity orders (“parent

-  into a series of smaller trades (“child order”) to
—t -bu cuted over time.

A—

_,.‘-“Fﬁe third |ngred|ent IS @ second algorithm that “micro-
"j “manages” the size, frequency and randomized timing of

the execution of child orders

e Use gquantified news to recalibrate both trade scheduling
and the micromanagement of the execution in real time!
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g[S chedule in BI‘IEfJ_a..

an think of a I|st of u'?ln one trades as a Iong/short

: If)ng things you do have and don't want (sell orders)
ire short things you do want and don't have (buy orders)

'schedullng algorithm is a multi-period mean
nce optlmlzatlon in discrete time
= -‘__* ‘We deflne N periods per day such that each successive period
3.:— "has an expectation of (100/N)% of the daily volume
® The output trading schedule looks like a spreadsheet
= where orders are rows and time periods are columns

e The whole schedule can be recalculated in a few
seconds if we learn through quantified news that market
conditions or other inputs have changed
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eduling in Words -
/e two motlvath.ji_o trade g
 first is opportunlty cost or short term alpha If we are

.
--- al ala 1C O Vol aYa - -

toc ‘will go up, and we wish to buy before it goes up, not
If we are selling, we believe the stock price will fall, and
vish to transact before, not after the decline.

2 second reason to trade quickly is risk. The longer the

= ._.-la remain unexecuted, the longer our underlying portfolio is
--- ferent from what we want to hold, and we bear uncertainty
f’* J_'around the relative performance of the portfolio we actually hold
: -: " at each moment in time compared to our desired portfolio.

-

— & On the other hand, we have a reason to trade slowly

— The faster we demand liquidity from the market, the greater our
market impact on prices will be. To the extent we cannot do all
of our trades in a single execution, our buying (selling) will drive
prices up (down) making our subsequent purchases (sales) more
expensive. <
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2C value of the objective function that we want to maximize
um , o of time periods in the schedule

-':-.§_=-_:-".1"'f.'-- < welght of security i in the “undone” portfolio at the start of

errocl t

= . ,Ihe short term alpha associated with security i during period t
_p,J = the correlation of security i and security j
o; = the kurtosis adjusted standard deviation of returns to security i
K; = amortized percentage trading cost for security i in period t
RAP = risk acceptance parameter

E = the expectations operator <



mplexities in Scheduling -
—
Stimization probla-_rs maximized subject to the

3int that at the completion of the schedule in N

v.. - - aral\Y,

J vwvcCil

"_'='n+1) for all non-cash securities must be zero.

Tg ected value for U will almost always be negative. Our

ot 3 values are reversed from a conventional optimization, as a

- lonc ]505|t|0ﬂ in this “undone” portfolio represents a sell order

= -'“fv" 'iE:h is apt to be associated with a negative alpha, and a short
— portfolio position represents a buy order which is apt to be

= ;Tf'_' associated with a positive alpha.

2 ¢ The multi-period nature of the problem induces path
dependence in the solution.

— If you sold 10,000 shares of stock XYZ in the first period, you
dont have those shares any more to sell in the second period,
and you must live with some portion of the market impact
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allenge is that the matrix o g cost

K;) iS @ complex function of the amount each

J = LAGAN = — v WA®

.'b path dependent because we assume that some portion
j,t Impact is permanent and accumulates across multiple

=S

_-_-:. 0 take into account that the market impact of trading a

| ticular security will affect the price of other securities. For
-T:-:—'F- ample buying a large amount of Ford stock will push up the

~— = price. To the extent that investors base their valuation of GM

l'}‘u

~ and Toyota at partially on the price of Ford, the expected prices
-~  of GM and Toyota are also changed. This means that a
combined order to “buy Ford, buy GM” will have a different
expected cost than a combined order to “buy Ford, sell GM”
executed in the same period.
o
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o further sub-divide the shares to be transacted in
'_ iod into a series of child orders typically of a few
d shares each
_ |cromanagement process randomizes time

- b -u reen child executions, and should adjust trading

- 5P« ed In response to real time market conditions such as
prlce changes and

~e Most Wall Street algorithms simplistically respond to
price changes

— If the current price is favorable relative to the decision price, you
speed up. If the current price is unfavorable relative to the
decision price, you slow down p
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heduling Liv

t (with their then existing micromanagement)

| compared the effectiveness of our
hm to VWAP and “participation trading” over more
4 20 000 program trades done by Instinet

- The multi-period algorithm dominated the others for all trades
"‘* — larger 6% of ADV, while results were inconclusive for trades less

-~ than 2% of ADV

— For the other algorithms to be perceived as better, traders must
have either extreme alpha expectations (over 50% annually) or
be extremely risk averse

— http://www.northinfo.com./Documents/246.Pdf
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e-processor” tool that uses our risk models to
he portfolio from which the orders arise

alysis performed provides three scalar values and
ctor as inputs for trading algorithms.

" Noo her information on the underlying portfolio is
*' ":"'= osed into the trading process.

== B’oth the pre-processor and the trade schedule
o computatlon engine sit at the buy-side client site so as
~to remove any potential for inadvertent leakage of
position information.



ing Risk Aversion

i
e

and how aggressive or
e underlying portfolio actually is

Q € an explicit alpha forecast for the portfolio we
calculate the slope of the mean variance
frontler as you lever the portfolio slightly

N0 epr|C|t alpha forecast is available, we can make an

—=in erence of risk acceptance (RAP) from only the

pertfollo tracking error. Our approach is adopted from

- Wilcox (2003), and results in a simple rule of thumb that
derives the RAP from underlying portfolio risk level

e This input is not recalibrated based on news during
executions
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ring Initial State Return Beliefs
—
ade efficiently we need to know what return beliefs

riving the trade decisions =

‘we know the risk and risk tolerance of a given

lio, a set of implied alpha forecasts must exist that
nake the underlying portfolio mean-variance
—-_'f'  as first described in Sharpe (1974)

1ong only portfolios an adjustment is typically

= " required to the basic implied alpha calculation. See
= ~ diBartolomeo (2008)

— '*We apply an alpha decay rate and work backward to a
vector of “short horizon” alpha estimates for the period
of the trade execution. See Grinold and Stuckelman
(1993) for the decay calculation assumptions

\



g "Style” of the Portfoli .

itial parame@&a measure onhe implicit
ith respect to

e

otions o Ne ynde 1INAd DO
orrele ecurity returns.
?_1_ .__r_,isk factors are used to characterize the

O.A

I =

me tum oriented portfolios, it is expected that stocks that
: hay e gone up will keep going up and stocks that have gone
nn will keep going down (positive serial correlation).

: =A value oriented investor is generally assuming that stocks that
== ~ have gone down will come back up and those that have risen

~  will subsequently decline (negative serial correlation). For more
details, see diBartolomeo (2003)
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ial markets are driven by the arrival of information

uncements that are ant|C|pated W|th respect to
It not with respect to content.

ne intervals it takes markets to absorb and adjust
) hew |nformat|on ranges from minutes to days.
s Generally much smaller than a month, but up to and
'-;—l _ofte Iarger than a day. That's wh}/ US markets were
hsed for a week at September 11,
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= -GARCH and other trend related models don’t work well
on announcements
— Market participants anticipate announcements
— Volume and volatility dry up as investors wait for outcomes

— Reduce volatility into the announcement and boost it after the
announcement, so they are wrong twice
<



Ng the Content of

e

_papers have examined the relative market

| bn énd Lee (1996)
Shrieves and Wansley(2000)
. and Taylor (1993)

Lamont and Lumsdaine (1998) show a
‘kable result for the US bond market

@tal returns for long bonds and Treasury bills are not different
H‘Fannouncement days are removed from the data set
Brown Harlow and Tinic (1988) Prowde a framework for
= as-ymmetrlcal response to “good” and “bad” news

— Good news increases prOJected cash flows, bad news decreases

— All new information is a “surprise”, decreasing investor
confidence and increasing discount rates

— Upward price movements are muted, while downward
movements are accentuated

H h'a,’.
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nent scores describing the content of news are

W) ) & A oAl \J @

eral chapters in The Handbook of New Analytics in

ce (Wiley, 2010)

10r ormal volumes of news cause market

tici ants to believe alpha values decay more quickly
= as m rket participants focus on short term events

— - < —

— 'rﬂur information becomes “old news"” faster

r_'lll"-' -

s PrLce trends strengthen on higher volumes of news
- — Liquidity declines (more on this coming up)
— More positive serial correlation is observed
— Value strategies work less effectively

® On average effects are stronger on the downside
<
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ing Risk Expecta_tw-:.'
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‘use the flow of news itself to estimate changes
t risk conditions

: ]% an average of twenty stories a day on business news
€ , about MSFT, and today there are three hundred you can

: :*‘3" e something is “up” and risk has increased

e —

= The text of news articles can be scanned for words and IEES
~ that have positive or negative connotations

}-:ﬂ—_u:-; ‘We can condition on this information just like option implied
-~ volatility

- e See Mitra, Mitra and diBartolomeo (2008)
http://www.northinfo.com/documents/313.pdf
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g Risk Expectations with
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le to use the existing risk models

I\ VO s CGR'AVA LS A

statistical complexities

g
:.u

drmation (i.e. news flow) that is not part of the
del to adjust various components of the risk
-.__.s to short-term conditions

,'. “Think of a vector of scaling factors that has one element for
_-,;; = each important aspect of the risk model

__F_a':ﬁEach element has a default value of one

~— Bayesian framework weights the new information with the
- default value to come to a scaling

— We can use the same risk model for trading as for portfolio
management, improving transparency and communication

:t
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e Will also impact expected security correlations

— See diBartolomeo (1999) for math
<
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aIIy security specific and in many models is
tio al to expected volatility

ponent is assumed be either one half or one in most

odels,
==& wsflows increase liquidity declines

]

_.__e = quwdlty providers feel the increased risk and decrease capital

a—l

-_;__1_“ ~~ available
- — Market impact costs increase

— The “permanent” portion of market impact becomes longer
lasting

-«
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buy-side execution algorithms are not particularly

sy were, the HFT crowd would not be so profitable
'_'_=the problem is poor communication between portfolio
Inagers and equity traders

We are proponents of more sophisticated buy-side

~ exec t|on algorithms that balance short term alpha, risk

—— - —

*—"'_ =-an d tradlng costs in an optimal fashion, conditional on
*mputs that must be inferred statlstlcally from the original
- portfolio

® Every aspect of an algorithmic execution process can be
improved by incorporating quantified news metrics to
recalibrate an execution program once it has begun

\
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