














































































































































































































































































































































































































EvaluatilJ(l Quallls aM Quant Strategies 187 

lauer 10 be useful in the former: In both cases, information that one party is 
rduClant to provide is needed by Ihe olher. 

The first technique Scharff used is also the most obvious: He built tlUst 
wi lh the pilots he was interviewing. In fact, Scharff remained friends with a 
great many of them after the war, and they seemed universa lly to respect and 
like him. Turning to the quant, tlUSt comes in part from build ing relation­
ships, but a big chunk of it relates to the behavior of the interviewer. If an 
investor asks a quant for sensitive information and has either a reputat ion 
for talking, or an actual propensity 10 talk abou t what other quants do, it is 
less likely that the quant will or should tlUSt this investor. After all, whatever 
the quant tells him is likely to get spread around the industry. At my firm, 
we hold quant managers' strategies in the strictest confidence. Often a Quant 
will ask us what some other quant does. Our answer is universally and al ­
ways tha t we will not discuss what others do, just as we do no t discuss what 
the quant who asked us does. However, we 've heard numerous stories and 
wi tnessed numerous firsthand e:<amples of investorS or managers passing 
along even reasonably proprietary bits and pieces of a quant's strategy to 
the industry. l bis is an ugly practice. 

The second lesson fro m The Interrogator is that it is hard to feel par· 
ticnlarly justified in being secretive information if the person asking 
questions a lready knows most of the possible answers. For example, Scharff 
knew the name of the pet dog at the home base of one pilot and the names of 
most of the pilot's colleagues. His goal in a given interview was to learn JUSt 
a linle bit more about his prisoners and their activities. They were frequently 
lulled imo thinking tha t there was no point in keeping secrets, since their 
caplOr knew so much already. Though this ne'"er led 10 blatan t 
behavior, it certainly a llowed the interrogator to amass huge amoums of 
value from the interviews, a little at a time. It is possible to learn a simi­
la rly voluminous amount abou t quant trading without asking any particular 
quant to teach it to you in a meeting. l bis is helped along by the fact that 
most of what an investor needs to understand abou t a quant can be learned 
without compromising proprietary information. In th is book, for example, 
we have outlined a great majority of the kinds of approaches quams use. 
None of this information is especia lly proprietary to any trader. A Quant 
with any hope of being successful knows most of the material in this book 
already. In a sense, this book provides you with a grea t portion of the menu 
availahle to a quam. There aren't many dishes he can choose that aren't on 
this menu, which obvia tes the need for most of the secrecy. The investor 
can, in this way, learn about the specific items on the menu that the Quant 
being interviewed has chosen and why these choices were made. For in­
stance, understanding the kinds of alpha models the quant is using, whether 
they are relative or intrinsic, how fast he trades, and in what instruments 
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and geographies te lls {he in'-CSlOr a great deal aoout what risks arc being 
taken. T his information is neussa ry for building a diversified pon folio and 
is largely sufficient for tha t exercise. 

The tbird and final lesson of The Illterrogator is to be organized in 
the management of information when it is gathered. This greatly suppOrts 
efforts to ge t new information but is a lso useful in ongoing evaluations of 
the quality of a given practitionu. Scharff's group devdo~d a sophist icated, 
almost relational database system us ing index cards and a card C;lIa logue 
file. (Remember, Ihis was before tbe computer was inven ted.) As they got 
new information, they would organizt it by linking il lO other relevant cards 
in the file. For example, if they found out the name of a nother pi lOT from a 
given American base, they would tag that card wiTh rderences 10 all the other 
informat ion, including o ther pi lots, from that base. T his way, as they were 
in terviewing a given pilOT, They had a dossier thaT contained an impressive 
and eXTensive array of deTa ils, well organized and easy 10 access. These days 
we have powerfnl computers and da tabases to rdy on, making snch a job 
easIe r. 

Keeping information organized fu rl hers the goal of developing deep 
domain knowledge, but it is also qni te usefu l in ascerlaining the "goodness~ 
of a quant team over Time. If every Three momhs you ask a quant, for 
example, wha t types of research projects he is working on and what new 
pieces he has added to the model over the past three months, you should see 
a rat ional life cycle that repea tedly takes a robust research pipeline and turns 
it into implemented improvemems to the st rategy over time. If the quant has 
a process wherein modu les that were not part of the research list from the 
past suddenly appea r in production, this could be evidence of sloppiness in 
the research process. When visiting a quam'S office, it is usefu l to ask to 
see firsthand some of the various tools and software that the quan t claimed 
ro use or have developed in previous discussions. But, to be aware that 
you should be ask ing 10 ~ something specific, you had to have ca re fu lly 
managed the information about the nature of these tools and software to 
begin with. 

EVALUATING A QUANTITATIVE TRADING STRATEn 

In my years of evaluating and creating quan t trading strategies, I have noted 
an extraord inarily imeresting faCT: The work That a quam does is, in most 
ways, identical 10 the work that any portfo lio manager, any CEO, or any 
other allocator of resources must perform. After all, these resources je.g., 
time or money) are limited and must be invested in a way that results in 
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maxImum Ixndit . Th~ process used to invest «sources-the investment 
proc~ss--con tains six major components: 

I. Research and Strategy development 
2. Data sourcing, gath~r ing, cleaning, and management 
3. Investment selection and structuring 
4. Portfo lio construction 
5. Execution 
6. Risk management and monilOring 

You may note that these aCliv ities a« closely parallel to the modules of 
the black box and the activities in and around its construction and manage­
ment. This is because a ll these areas must Ix addressed in order for a quant 
trading program 10 function properly over time. One fact about computers, 
which w~'ve addr~ssed a lr~ady, is that they do not do a good job of think­
ing ahout things you might have missed. As quant trading programs have 
evolv~d over time, they hav~ had to addr~ss the myriad decisions that any 
portfolio manager must address. Too often, in discretionary managem~nt 
activ ities, important aspectS of this process are left withou t sufficient analy­
sis, and an ad hoc approach is tak~n _ I've int~r vi~wed scores of discretionary 
stock pickers who can spin tremendous yarns about why they are long this 
stock or short another. But when ask~d how they de.:ide how to sil,~ these 
positions in th~ir portfolios, the answers a« often vacuous, given without 
deep thought or analysis. 

Those charged with ~valuating manag~rs must thoroughly examine ~ach 
nf these areas. And quants, in general, should be willing to answer questions 
about ~ach . A few ~xamples of the kinds of qnestions I ask a qnant follow: 

• Research and strategy development 
• How do you come up ,,~th new ideas for trading strategies? 
• How do you test these ideas? 
• What kinds of things are you looking for to d~termin~ whether a 

strategy works Or not? 
• Data sourcing, gathering, clean ing, and management 

• What data are you using? 
• How do you store the data, and why that way? 
• How do you clean the data? 

• Investment selection and structuring 
• Are your alpha models theory driven or data driven? 
• Which alpha strategies are you using k .g., trend, «verSIon, 

valud yield, growth, or qua lity)? 
• Are you making relative bets or a bunch of individual bets? 
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• If relat ive, wha t does relative mean, exactly? 
• Over whal time horizon, and in what inveslmem universe? 
• How arc YOli mixing your various alpha models? 

• Portfo lio construct ion 
• How do you do portfolio construction? 
• What arc your limits, and why did you set them there? 
• What are Ihe inputs to you r portfolio construct ion? 
• What are you trying (0 achieve with port folio construct ion (i. e., what 

is your "objective funct ion ~)? 

• I:'.xeclilion 
• What kind of t ransaction cost model are you using, and why did you 

choose 10 model transaction costs the way you did? 
• How are you executing t rades- manually or algori thmically? 
• Tell me about your order execution algorithms: What kinds of things 

did you build inlO them (e.g., hidden vs. visible, or aCtive vs. passive)? 
• Risk management and monilOring 

• What d~s your risk modd account for, and why tho~ things? 
• What are your va rious risk limits, and why did you ~t them where 

you did? 
• Under what circumstances would you ever intervene with your model? 
• What a~ you monitoring on an ongoing basis? 

This is but a small sampling of the hnnd~ds of qnestions I ask a 
quam. If he claims that the answers 10 such questions are proprietary, 
I do not simply accept that response. Rather, I try to ascertain why he 
thinks the answers are proprietary and try to make him understand why 
I need to know. Most quants I have met are sympathetic to the goals 
of an investor trying to understand a portfo lio's exposures and whether 
the quant is skilled at his work. It comes back to building trust, hav­
ing domain knowledge, and being organized in terms of the management 
of infomlation. As I've said, the menu of things that quants can choose 
to do is reasonably easy to know. It is la rgdy laid out in this book, 
and I am certain I've revealed nothing proprietary. A quant generally 
should nOt claim that he cannOt disclo~ which items he has chosen from 
this menu. 

The investor has one more tool available for understanding a quant 
strategy, and that is the footprin t left behind by the stra tegy: its return 
history. Imagine that an investor learns, by asking many questions such as 
those I've listed, that a quam is using a trend·following strategy on various 
individual instruments, with a six-month average holding period. When 
long-term trends are present, the st rategy should do well. When longer­
term trends reverse, the investor should see the strategy do poorly. In other 
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words, the stra tegy's return pattern should corrohorate the fundamenta l 
understanding that the investor has gained by ask ing many questions. 

EVALUATING THE ACUMEN OF 
QUANTITATIVE TRAOERI 

If I have tried to stress anyth ing in th is hook, it is that the judgment of 
a quant trader pervades the stra tegy she builds. So, an evaluation of the 
quanl's skill and experience in the fields relevant to the trading strategy 
is obviously important, but it is also easier said than done. This seCtion 
oudines a few tools that can be used to determine the skill level of Quant 
traders. 

The people de"eloping and managing Quant stra tegies should be we ll 
trained in the methods they use. At least some members of the team should 
have substantial live experience in areas of quant trading relevant to the 
stra tegy they are currently pnrsuing. Experience helps drive good jndgment, 
especia lly in light of the massive array of subtleties and traps inherem in 
the process of research and trading. From a dispositional standpoint, quants 
should be careful and cautious in their analysis, and they must be humble 
abou t their ability to predict the future. There are considerable hurd les to 
doing quant trading well, such as polluted data and constantly improving 
competition. A good quam does nor underestimate such challenges. The 
rea lity is, howe"er, that evaluating whether scientists know what they are 
talking about at a deep level is not the easiest task for someone who is not 
technically proficient. As such, to make a judgment, one may have to rely 
on the quant's qua lifications and experience, reputation, history of snccess, 
and analyses of the investment process. Although this is a lot of work, the 
task is doable for those who wan t to undertake it. 

One of the handiest tricks I know of to evaluate a quanl's skill is 10 dig 
deeply into the details in a few areas of he r process. Why? The difference 
between snccess and failnre is very commonly fonnd in a large nnmber of 
highly detailed decisions. If the mechanism used to make these decisions 
is nawed, the manager has litde hope of success in the long run. Thus, an 
analysis of the investment process, and by extension its six ma jor compo­
nents, is focused on understanding what a quant does and, just as important, 
why the quam does it. As we discussed throughout this book, a number of 
approaches to quant trading can work. Momentum and mean reversion 
strategies can hoth work, even thongh they are opposites. Both intrinsic 
alphas and relative alphas can work. So it is important to understand what 
a trader does, hut why she does it tells you abou t her judgment, her process, 
and her potemial for future success. 
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Each de.:ision a quant makes in how she builds a strategy represen ts a 
source of potent ial differentiation from OIher Iraders, but also of potemial 
success or fa ilure. And it makes senst that this is the case. Many quants have 
large numbers of posit ions, frequently in the thousands, and most engage 
in strategies that turn these posit ions over relatively frequendy- from once 
c'"cry few rninUiCS to once every few mon ths. If 5000 posi t ions a re turned 
over once a week, for example, Ibis represents about 260,000 individual 
bets per yur. Now imagine two equity traders, Trader A and Trader B. 
They bave remarkab ly similar stra legies, even in the details, and tbey eacb 
manage 5500 million. For each dollar managed, they put On $2 of long 
posi t ions and $2 of short positions so that each trader has a portfo lio of $2 
billion. Each turns over about 20 ptrcent of her pon folio ptr day, or $400 
mill ion in dollar vo lume each day. They each average 10 ptrcent returns ptr 
year. If T rader A is later ab le to optimize her executions such that she makes 
0 .0 1 ptrcenr more ptr dollar trades than she used to, either by being faster 
or improving transaction costs or the alpha modd, this results in T rader 
A's annual return improving to 12 ptrcent ptr year. This is 20 ptrcent, or 
$10 mi llion ptr year in profi ts, better than the result generated by T rader 
B, which is an enormous difference when compounded over time. Though 
sornt quanrs certainly do things that are pla inly incorrect at a high level, 
the judgmttlt of the quality of a given quant most often comes down to his 
decisions at a fa irly detailed levd. 

Another reason tha t the dera ils ma tter so much is tha t the re is rea lly 
only a tiny amount of predictability in all the movements of the market . 
Quants usuall y deptnd on being right only slightly more ohen than they are 
wrong andlor on making only slightly more on winning trades than they 
lose on losing trades in order to generate profits. As such, small d('("isions 
that affect the probability of winning only slightly or those that skew the 
size of winn ing trades versus losing trades sligh tl y can dramatica ll y impact 
the outcome over t ime. 

Finally, if the quant has given deep and we ll-grounded thought to the 
details of the few areas that you spot-check, it is more likely that she has 
given dt<:p though t ro other areas of the quan t trading process. T his, too, 
improves her probability of success in the fUlure, since we have shown that 
rigor is a key component of success in quan t trading. Though it is likdy 
obvious enough already, I want to make it dear that the fact that a quant 
has a Ph.D. in phys ics (or anything else) is nO ind icat ion of quality or skill. 
Some of the brightest and most successful quants have no advanced degrees, 
and some of the biggest failures in quant trading have won Nobel Prizes. 

The flaw in focusing on the details of a quan t st rategy is that such 
details are less likely to be revealed to an investor du ring due diligence. 
Though the higher-level topics d iscussed in the section entitled ~ E.valuat ing a 
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Q uan titative Trading Strategy" migbt be rela tively uncon troversial to dis­
cuss, the deta ils are not. As I mentioned earlier, it is frequently the de tails 
tba t separa te the best traders from the mediocre ones, and these deta ils often 
boil down 10 knowhow more than, say, beller math skills. So, quants are and 
probably should be somewhat more reticent to provide such de tail s. Even if 
tbey were to provide details, tbe investor would bave to be knowledgeable 
and proficient enough to pass judgment on them. In othe r words, to try to 
divine the qua lity of a quan t's system from d ues about such de tails requires 
significan t experience on the part of the quam investor. Afte r all , JUSt as I 
require e:<pe rience in my traders. I a lso benefit from experience in judging 
tbem. A great many tbings that seem plausible enougb at first glance simply 
don't work. For example, JUSt because a quant pays a lot of money to a 
da ta vendor for deao da ta, it doesn 't mean tbat the quan t sbould actually 
re ly on the cleanliness of tha t data. The saving grace for the nonquan titative 
in,·estor seek ing to evalua te a quant is thoroughness and strong information 
management in the assessment and due-d iligence process. 

THE EDGE 

In assessing a portfolio manager, including a quan t, a key issue to focus on 
is the idea of an edge. We defi ne an edge as that which puts the odds in 
favor of the portfo lio manager succeeding. An edge can come from tb ree 
sources. listed here in order of commonness: the investment process. a lack 
of competition or something structura l. In investing and trading, an edge is 
not the same thing as a competitive edge. A trader might have absolutely no 
competitors, yet still manage to lose money. I've seen it more than once. An 
investment edge is tbus more intrinsic tban comparative. Still, competition 
docs matter: A valid idea with a va lid implementa tion might make little or no 
money if tbere is too mucb competition, wbereas a mediocre stra tegy migbt 
make money if there is none. As such, one must ascertain the sustainability 
of a given trader's edge. Tbe odds migh t be in the trader's favor today hut 
against him tomorrow as the world changes or as competition increases, if 
the trader docs not evolve. 

An investment process edge must come from one or more of tbe six 
components of the inves tment process we just outlined. Too ohen, when 
aski ng a d iscretionary stock picker wha t his edge is, we hear him say, " Stock 
picking. ~ But this is merely a description of the activity, not evidence tha t the 
trader is any good at it. O ne mus t dig further into the ret1son tha t the trader 
claims to bave an edge in any of tbese activities. Forquan t traders, most often 
an investment edge comes from experience and skill in conducting research 
and/or the acquisition or clean ing of da ta. This is because the goodness of 
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, he mooels for investment selection and Structuring, portfolio construction, 
execution, and risk management is usua lly determined by the quality of 
the research and development process that c~ated them. If some modules 
have not been particularly well researched, there is almost no chance that 
the trader ,,~[] have an edge in these areas. An edge in research can derive 
from superiority in ta lent or process, hu t aetual experience in conducting 
successfu l research in tbe financial markels is usua ll y critical. In other words, 
one must have better pt'opk andlor a better proc~s 10 put around these 
people, hut in either case experience is oe<:ded. 

I have already described a bit about how to assess the people a l a 
quam shop, but one more point bears mentioning. How a quant deals witb 
adversity is critical to understanding bis edge and its sustainabiJity. There 
are times wben the model simply doesn't make money. Knowing bow and 
when to react to these episodes is cri tical. Too often quants react in a subop­
timal manner to losses in tbeir funds, and a knee-jerk react ion can often ru in 
whatever edge the strategy itself has. A sound approach to managing adver­
sity stans with good monitoring tools, which allow the Quant to pinpoint 
problems and work to solve them rarher than panicking. It is unlikely that 
a trader has an edge because of monitoring, hut it is easy to throwaway a 
potential edge tbrougb insufficient or badly conceived monitoring processes. 

In terms of research, the re arc several ha llmarks of a high-quality pro­
cess. The process should be vigorous and prolific, and there must be an 
ability to translate models efficiently from research into production. This is 
because most Quant models eventually decay into mediocrity, and success­
ful ongoing research must be implemented in live trading strategies to stay 
ahead of th is decay. The research process should also deal with issues such as 
overfitling and look-abead bias, and tbe evaluator sbould ascertain exactly 
how the quant th inks about and deals with these critical issues. Finally, the 
process should at least la rgely follow the scientific method. In evaluating a 
Quant trader, it is useful to ask many questions about how and why various 
elements of their strategy arc the way they are. If a manager says he will 
dose a position if it bas moved 10 ~rcent against bim, ask bim how and 
why he decided on 10 ~rCent rather tban 5 ~rcent or 50 ~rCent. If the 
Quant says he is running a trend-following strategy in certain markets, find 
out wby he picked a trend·following strategy, how he defines the strategy, 
and why he is using the markets he·s using rather than other or simply more 
markets. T bese kinds of details will give you insigbt into tbe care with wbich 
a manager has developed the entirety of an investment stra tegy. 

A data edge can come ftom having proprietary aCcess to some son 
of data. Earlier in the book we gave tbe example of a company that uses 
geolocational data derived from GPS signals on cell phones to aggregate 
more rea l-time macroeconomic indicators. If, in fact, these data prove useful, 
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they migh t be able to trade using this information, and they might then have 
a data edge. But in this era of technology and regulation, it is diffi cu lt to 
fi nd sustaina ble data advantages. It is a lso possible to build a data edge 
through sUpt" rior data ga thering, cleaning, and storage techniques. Again, 
an interviewer should ask questions about where a trader ge ts his data , 
wha t work is done to clean the data, and how and why the da ta are stored 
in a certa in way. Some answers will be though tful; othe rs could indica te 
ca re lessness. 

This kind of da ta edge is qui te similar 10 a lack-of-competition edge. 
But lack of compt" tition is not a long-term plan. It is a truism in economics 
tha t, if higher-than-average profit margins can be had in some activi ty, more 
and more playe rs will compete umil the margins compress and normalize 
at levels more typical in the broader marketplace. This is likely to have 
happt"ned a lready in at leas t two quant trading spaces: Quant longlshort and 
sta tistical arbitrage. However, once they become more compt"ti tive they a lso 
become more cyclical, and thu e are pt" riods when players vacate the space 
because it offers tOO little reward, leaving more of the pie (and therefore 
beller margins again) for the fe.wer players who remain. It is also importan t 
to ascerta in why there is a lack of compt"tition, when this is found . Some 
strategies are inheren tly more difficult for new entran ts; othe rs simply have 
not ye t a ttracted the a tten tion of new entrams. An example of the fo rmer, at 
least histo rically, can be found in pu rely quantitative options trad ing. This is 
not widely pursued because there arc significan t challenges associa ted wi th 
acquiring and cleaning da ta, structuring trades, and modeling the liquidity of 
options contracts. But this by no means impl ies that it cannot later become a 
crowded stra tegy with many compt"ting firms chasing an ever-shrinking pie. 

As an example of the second option, I re member an expt"rienccd team 
tha t formed a hedge fund to trade corpora te credit in Asia back in 2002. 
They had successfully carried out this stra tegy as proprieta ry traders a t a 
bank fo r severa l yea rs previous ly. They had few, if any, competitors, and 
their early years were ve ry strong. Then, as time passed and more entran ts to 
their niche crowded the fi eld, they had to branch into othe r areas that were 
less appt"a ling. Over time their edge, which was largely re lated to a lack of 
competition, was eroded. Ultimately the new areas into which competition 
fo rced them to participa te caused a massive drawdown in their fund . The 
lack of competi tion was really due to a lack of discovery of their niche, and 
these arc among the most Rccting ki nds of edges. 

Structllral edges generally re late to something in the market structure 
tha t pu tS the wind in the sails of a market participant. These are usually 
caused and removed by regu lation. I once knew a trader in the pits of the 
New York 1o.lercamile Exchange who ran a hedge fund that relied on his 
short-term discretionary trad ing. Because of his sta tus on the exchange, he 
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was ablt IQ supplement a reasonable ioveSlmem edge with a StruCTu ral edge 
tbal allowed him 10 transact very cheaply and extremely quickly. Over t ime, 
however, his markets went from bdng pit-traded to electronic, and his struc­
tura l edge vanished. In quan t trad ing, the most common sort of st ructura l 
edge comes from liquidity provision, or the rehate, on EeNs. EeNs actually 
pay market panicipallrs for marker-making activities by providing commis­
sion rebates. In certain cases I have seen (he aCI of transacting become a 
profitable exercise for the Irader, and this 100 is a structu ral edge. It is pos­
sible that, over time, payments by EeNs for order flow will dwindle, aod 
Ihis edge, 100, ,,~ll hi' ~radicat~d. 

EVALUATING INTEGRITY 

Most quants, and most trad~rs in g~n~ral, ar~ hon~st and eth ical. Therdor~, 
it is enti rely reasonable to work with them on a ~trust, but v~rify~ basis. In 
otber words, for most of the ~valuation process it is reasonable to assume 
that th~ trader went to school where she claims, gOt whatever degree(s) she 
cla ims, and is generally not a criminal. But before making an inv~stment, 
most observ~rs would agre<c that to th~ ~xtent possible , it's worth verify ing 
a quant's ethics. 

H~re we bave. a few tools at our disposal. First, do background checks, 
education verificaTions, and reference checks. In the case of backgrounds 
and education verifications, serious problems in a trader's personal or pro· 
fessional history should probahly serve as a r~d flag . Of course, th is is a 
t ricky proposi tion. Th~ investor must determine whether the mistakes or 
misdeeds in a quant's past served to ~t~ach her a l~sson,~ or whether they 
indicate a likely pa ttern of hl'havior that will repeat, even if not in exactly 
tbe same way. That judgment cannot be mad~ universally for all cases. But I 
encourage the investor to consider this question only from one specific angle, 
which might help drive the answer; T he job of the investor is not to judge 
t b~ qnant as a person but rat b~r as a pot~ntial fiduciary, acting on hl'haJf 
of the investor. Fiduciaries are hound to act in their clients' hl'st interest 
and to be v~ry open and up front about any potential conflicts of interest 
Or anything else that could impede their fu lfilling their du t ies to investors. 
Using the mentality of the fiduciary as a compass is something I have found 
helpful in a great many difficult circumstances. 

When performing reference checks, I find it useful ro request references 
from existing investors wben~ver possible and to ask them not only wby 
they like the manager but also what they th ink her weaknesses are. More 
helpful still is to seek out rcfer~nces tbat tbe manager did not provide herself. 
It is rdatively easy for any t rader to find a f~w people to say something nice 
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abou t her. But it is much better if the trader is kno\o\'ll by others, and those 
others are likely to provide much more useful input than the references a 
trader provides for herself. If you cannot locate such references in your own 
network, it sometimes helps 10 ask the references provided by the manager 
whether they know anyone else you Can contact. 

It turns out that getting into details with quants helps demonstrate their 
integrity as well. Though even less skilled quants might have answers at hand 
for higher·level questions about their strategies and process, even someone 
intent on deceiving rare ly thinks through low-level details sufficiently 10 be 
facile in answering questions abou t them. This is a common and successful 
interrogation technique. in law enforcement. If you ask a suspected criminal 
where he was last night, it's not surprising to hear him quickly and convinc­
ingly provide an alibi, such as ~at my girlfriend's house. ~ But if you folJowup 
by asking what time he arrived, how long he stayed, what movie he watched, 
what he a te and drank while he was the re, and so on, he will have to make 
up answers to these questions he likely has not rehea rsed beforehand. 

A quant who is lying to cover up a lack of skill would have to be an 
expert at making up answers to questions about details on the fl y to keep up 
with questions about the details of her strategy. And some people are very 
good liars, to be sure. However, these answers also have to be able to stand 
up on their own. Answers that reveal a lack of understanding of the subject 
matter or answers that are internally inconsistent or are deficiem in other 
ways should not be ignored. They might not lead you to conclude that the 
manager lacks integrity, hut they should be sufficient to conclude that she 
isn't very good, which is itself suffi cient for the purpose of avoiding hiring 
her. What's more, you can use the same technique of looking for details in 
assessing a quan t's background as in assessing her strategy. If a quan t says 
she completed her Ph.D. at Harvard, you can follow up by asking where 
she lived while she was there, what her favorite restau rantS were, who her 
disserta tioo committe.: included, what her dissertation's title was, how many 
pages it ended up being, and so on. And again, many of these details should 
be veri fi able wi th her alma mater. 

It is worth mentioning one more point abou t selecting managers, 
whether quant or not' Almost no trader is so special that it is worth invest­
ing in her strategy without gaining a reasonably de.:p understanding of it. It 
should not take much to say ~no," in other words, whereas it should take an 
incredible amount of confi dence to say ~yes. ~ Seeing a long and attractive 
track record should never be sufficient. In fact, I would put forth that it is sig­
nificantly more important to get good answers to good questions than to see 
a long track record. If Bernie Madoff and the other scandals that have been 
announced On a nearly weekly basis since late 2008 provide any sort of les­
son to investors, it must be that reputation and track record arc not enough. 
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No investor can validly claim that they understood how Aladoff 
could ha"c made such consistently positive returns based on the strategy 
he is sa id 10 bave employed. Aladoff never addressed questions, main­
ta ining that his strategy (which was d iscretionary, not systematic) was 
too proprietary. Though insufficient (0 uncover all potentially fraudu­
km (or simply unprofitable) investments, the lools provided in this chap­
ter can certainly he lp eliminate a great majority of them. These tech­
niques should ~ used in conjunction with an equa lly rigorous opera­
tional due d iligence process to funher reduce the poss ibility of being 
victimized by fraud, malfeasance, or OIb.:r misbehavior on the part of 
traders. 

HOW qUANTI FIT INTO A PORTFOLIO 

Assuming that you find a quam that is worth hiring or investing in, you have 
to decide how to allocate to this trader. To make this determination, you 
have to understand how the strategy fits in with the rest of your port folio. 
This is largely a question of balancing the levels of various types of expo· 
sures. This section details some of the more important kinds of exposures 
associated with quant investing. 

II PlrUOIII 111111111 •• 

First, it is worth remembering that portfolio construction is about allocating 
to exposures. A portfolio that contains more kinds of exposures is more 
di'-ersi fied than one that is concentrated among a smaller number of e :<po' 
sun~s . Inv~lOrs must seek out the appropriate balance of trend, reversion, 
valudyield, growth, and quality to achieve optimal diversification. A quant 
doing trend following is not likely to be so incredibly different, from a port· 
folio construction viewpoint, than a discretionary trader who is seeking to 
identify trends. To be sure, the tireless vigilance of a computerized trad ing 
st rategy might find opportunities that the human trader misses. In addi· 
t ion, the human trader might avoid some bad trades that a rc taken on by 
tbe computerized strategy out of naivete. But, as trend following in genera l 
goes, so it is likely that the human and computerized trader both go. So, at 
a primary level, tbe investor must diversify among various a lpha exposures. 
In the evaluation process, the investor should be able to ascertain at least 
roughly the underlying alpha c:<posurcs of the various strategies in a port· 
folio . Using this informat ion, the investor can allocate capital such that the 
blended allOCations to various types of alpha are in line with the levels that 
tbe investor bas determined are desirab le . 
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Bet Urlctur .. 

Th~ second consid~rat ion rd evant to pon iolio const ruction is bet St rUClUr~, 
as described in Chapter 3. Relativ~ bets can behave very differ~n t ly from 
single-instrument bets, particula rly wh~n these bet struclUres ar~ used with 
different types of alpha models. When a quam strategy makes rdative betS, 
it is inher~ntly counting on the stability of the relationships among the 
instrum~nts that ar~ grouped togNhu_ T his makes bet structure ilSdf a 
sourc~ of risk in such strategies, and th is risk becomes evident when the 
relationship betw~en th~ instrum~nts chang~s . In snch ~nvironmen ts, for 
example, relative mean reversion Strategies are prone to losses. On the other 
hand,single-instrument mean r~version freqnently benefits from large r~gime 
changes_ This is because this strategy t~nds to bet against th~ prevailing 
trend while remaining indiffe ren t to the destabilizing effects of a large trend 
rev~rsal on th~ relationships dq~nd~d on by a rdat ive alpha strategy. T his 
is bu t one example of how bet Structures can impact results and, as a resu lt, 
the investor's portfolio. In shon, it is wonhwhile to diversify across various 
bet Structures as well , even within the same domain of alpha exposure (e.g., 
rdative and intrinsic mean reversion). 

TIIII Horizon DIVlrllllcltlll 

Finally, the investor must balance her exposure across time horizons. In 
genera l, it is my experience that longer-horizon quam strategies- those that 
hold positions for more than a week or so--tend to go through longer and 
streakier performance cycles. They can outperform or underperform for 
sev~ral quarters on ~nd, and it can take sev~ral y~ars 10 evaluat~ wheth~r 

there is rea lly a problem with the manager. Some longer-term strategies a lso 
demonstrated conclusively that th~y ar~ subject 10 crowding risk, as se~n so 
vividly in August 1998 and August 2007. While this might make them a bit 
less desirable, one can manage significantly more money in such strategies, 
which is sometimes a practical n~essity. 

Short-term strategies, by contrast, tend to be very consistent performers, 
but th~y cannot handle much capital. Th~y are thudor~ v~ry desirable but 
also not always practical. Furthermore, when one does fi nd a good short­
term trader to invest in, it is not clear that the trader will remain small 
enough to be effeerive On short time scales. Many traders are tempted to 
grow their assets when assets are available, and this demands attention on 
t h~ pan of th~ inv~stor. 

I ...... y or PorUllio Con.lller.tI.n. 
Quants can be valuable componenlS of a pon iolio_ Th~ inv~slOr must 
realize that quan ts a re u ltimately not so differen t than their discretionary 
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countaparts and therdore tha i the list of things that ma tter to building 
a portfolio that includes quants isn't much d ifferent than it would be 
without quanls. As with all things rdated 10 portfolios, the key is to build 
a diversified portfo lio thai consider, three imporlant elemenlS: 

1. Various ty~s of alpha exposures 
2. Various bet structu res 
3. Various time horizons 

It is interesting to note that these considerations closely rni rro r the taxon­
omy of theory-driven alphas, presented here again as Exhibit 12.1. Equally 
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interesting, I do not believe that the investment universe (asset class, instru· 
ment dass, o r geography) nor various other subdeties about the models je.g., 
model specifica tion or run frequency) are particularly impaCiful in portfo lio 
construction. These va riations add a great deal of diversity when markets 
are behaving normally, but in Stressful times they simply matter a lot less 
than distinctions along the lines of the three portfolio considerations listed 
here. 

IUMMARY 

To assess a quant trader and a quam st rategy, one must understand the 
strategy being implemented and the qua lity and vigor of the process that 
generates strategies. To do this, the investor has three weapons at her dis· 
posal: building trUSt, gain ing as much knowledge as possible about quam 
trad ing, and keeping information he learns as organized as possible. These 
lOols can be used 10 extract and piece together information on a given quant, 
and on quan t trading genera ll y. 

Ultimately, an investor bas to determine wbether a quam bas an edge, 
wbat tbe sources of this edge are, bow sustainable the edge is, and what could 
tbreaten it in the future. Edges come from people and/or processes, and it 
is in these areas that the evaluation of a quant must focus . Once quants 
have been "eued, they should be thoughtfully included in a portfolio. It 
is important to diversify across different approaches to alpha generation, 
different time horizons, and het structures to complement beSt the other 
components of tbe investor's portfolio. 

I remember once interviewing a senior employee at one of the beSt quant 
shops in the world. I asked him how on earth they had done so well, which 
of course was a sort of stupid question. His answer, however, was both 
concise and seemingly on target. To quote him, loosely: ~There is nO secret 
sauce, We are constantly working to improve every area of our strategy. 
Our data is constandy being improved, Our execution models are constantly 
being imprO"ed, our portfolio cons truction algorithms are constantly being 
improved ... everything can a lways be better. We hire the right kinds of 
people, and we give them an environment in which they can relentlessly 
work to improve everytbing we do, little by little.~ 
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to the 01 

Quant Trading 

All evolution in thought and conduct must at fi rst appellr as heresy 
and misconduct. 

-George Ikrna rd Shaw 

The black-box trading stra tegy has existed fo r over three decades. This 
hook has provided you with the tools necessary to unde rsland this niche 

of tbe investment community, pe rhaps for the first time. From its earliest 
days in trend-fo llowing applica tio ns [ 0 the mOSt recenl and statt -of-che-a rt 
high-frequency machine learning strategies, tbe field of Quant trading has 
evolved conside rab ly since its early days . Ye t recen tl y it is hard to ignore 
the t rava ils the Quant trading field, p<lrticu la rly in equ ity market-neutra l 
strategies, has undergone. Starting in July 2007 and sporadically again in 
2008, la rge swaths of The quant trading universe have delivered poor resulls, 
unprecedenled downside risk, and easy headlines for Ihose who love to ha te 
Ihem. 

Regard less, o the r niches within the domain of quant t rading-and even 
some of the ty~s of quants whose ~rs have done poorly-have thrived. 
Asse ts have fl owed vigorously into systematic futures t rading strategies, 
which outperformed during Ihe aforementioned tumult of mid-2007 through 
la te-200S, hav ing benefited fro m Ihe price trends thai formed the bea r mar­
ket in equities. High-frequency equity t raders have profi ted from increased 
vo la tili ty and liqu idi ty in Ihe markets. Even some that share a labd ",ilh 
Ihe slatistica l arbitrage and quantitati ve long/short praCl il ionecs who have 
suffered the most still, nonelheless, have managed to deliver solid retu rns 
with limited risk. Overall, it is safe to say tha t q uants, whelher in fu tures, 
equities, or options, are among the sta r ~rformers of Ihe 200S credil c ri sis . 

... 
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Yet, the need for Quant traders to evolve remains as great as ever. In 
fact, given {he speed with which technology and markets acc changing, 
it is likely that the need to evolve has never been greater. r.,'losl quants 
s~nd a disproportionate amount of time on their alpha models. This is 
understandable; these models arc indeed the engine of success for a quan t 
strategy. Yet so much of Ihe theory-dri\'cn alpha space is already so well 
understood that litde progress is likely IQ be made in this arena. Perhaps for 
a short while, the applica tion of .e lali.-ely standard alpha models 10 new 
markets, such as the smaller develo~d markets in Asia and EnrolX', or even 
to developing markets around the world, can bear frui t. Rut there are few 
barriers to entry to running a strategy in another country or asset class. 
Some interesting research is being done in pockets around the industry 10 

uncover new and untapped approaches to alpha generation. Perhaps new 
forms of alpha can be invented and exploited. But these, too, are likely 10 

be somewhat readily accessible to others. 
The rest of the black box, bowever, bas been comparatively neglected 

by mOSt resea rchers in the industry. Relatively naive, frequently ineffective 
approaches a re used to blend alpha models together, to size positions cor­
rectly and to manage risk. These are fields of researcb in wbich little usefu l 
literature has been published, and the landscape is currently wide open for 
innovation. And some fields of study within tbe quam trading indust ry have 
been ignored almost entirely. Analysis of self'generated data-such as trans­
action da la thai caplUres Ihe behavior of markets just before, dnring, and 
jusl afler one trades-<an be fruitful but is very rarely done. it is possible 10 

learn a grea t deal about whal works and what doesn't by objectively analyz­
ing one 's own track record. Alodels tbat predict wbether certain strategies 
arc like ly to perform well or poorly in the future are also somewhal uncom­
mon, outside of very naive performance-chasing algorithms that increase 
allocations to Strategies that have done we ll recently. In sbort, all the myr­
iad decisions a quant must make in building a system should be made with 
tbe benefit of more research and study than has been done by most firms 
so far. 

The manner in which quant trading systems are used, too, can evolve. 
There are already examples of hybrid quant-discretionary strategies, which 
utilize quant systems to screen for opportunities while allowing discretion 
to ru le the rest of the process. But more work can be done to ascertain 
whether certain olhe r parts of the investment process can combine human 
subjectivity with the objectivity and consistency of machines. For example, 
it is easy to imagine analysts inputting their views into a computer system 
and allowing the system to determine the portfolio. In other words, instead 
of llsing machines to suPPOrt human decisions, human input could support 
syslematic decisions. 
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Finally, the StruCTUre of firms that utiliu quant trading strategies can 
e.volve. Historically, firms that have amassed working capital have provided 
a place for a Quant to interact with other quants in building trading strate­
gies, to take orders from a secretive central officer on specific projects that 
hide the st rategy's fu ll scope even from the employees, or simply to use the 
firm's capita l to run a strategy that was developed previously and elsewhere. 
Aleanwhile, smaller boutiques have toiled away in small offices around the 
world, rardy having any comact ,,~th others. There appears to ~ room for 
a ~quant collective" structure, which would offer the economies of scale 
afforded by larger shops, such as clean data, fast and reliable market con­
nectivity, and powerful and fast research tools. Meanwhile, such collectives 
in theory could offer more autonomy and upside potential for the individual 
quant than a more traditional Structure. l bis Structure also may align quantS 
sufficiently that they are encouraged to seek help from their fe llow members 
on subjects in which they may ~ less strong while keeping proprietary those 
elements of thei r own strategy tha t are most unique. 

In addition to the general requirement to evolve in order to survive, great 
challenges face the quant trader today. Regulations are ~coming increas­
ingly hos tile as both quan t trading and hedge funds arc demonized in the 
popular press. Government interventions, rare events (such as the credit cri­
sis that ~gan in mid-2007), and geopolitical events that impact the markets 
have all presented significant difficulties for many quants, since these events 
typically cause paSt ~havior to cease to explain future ~havior. Many 
alternative investment professionals are turning away from quant trading in 
disgust after more than a year of repeated ~once-in-a -lifeti me~ events. For 
quants, this may be a period of ~ na tu ral selec tion, ~ in which the weaker or 
less lucky firms are forced out of the business while the stronger or luckier 
firms can survive only if they evo lve. 

So, the need to evolve is clear. But given both the difficulty of the 
market environment over the paSt few years and the (absolu tely misplaced) 
nega tivity surrounding hedge funds in genera l and Quant funds in particular, 
there might never have been a time more critical than this in which 10 

d ifferentiate good quam traders from bad ones. The good news for those 
who are looking is that there are more than a few good ones out there to ~ 
found. With the framework provided in this book, the job of understanding 
what Quant traders do, discerning which ones are more likely to succeed, 
and ascertaining how 10 use them in a portfolio is hopefully a bit easier. 
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CHIIPTER 4 RIIII Modll. 

1. U"cmainty has broadly been adopted as being synonymous with risk. There is 
usually nO! much justifica tion for;1£ use, o ther than ""p"diency for th. purpose< 
of relatively easy computations to answer the question , How much risk is there? 
However, it seems dear tha t variability is more than ac.;eptabl e when it is 
positive, thougb not desirable when it is negative. Some have therefore proposed 
to U$e the negative del'iation, which computes the volatility only of the negative 
returns in a time series, but this strikes me as plainly silly. Standard deviations 
should be used only when the distribution of the values is expected to be normal, 
or at least symmetric around the mean. Negative return, almost never m.,.,t thi, 
'riterion. Furthermore, the variability of negative returnS is not the same thing 
a$ negative variability, and it is only the la!1er thai really characterizes ri$k. 
Focusing on the measurement of the variability of negative returns, for example, 
could lead an investor to love a strategy that loscs 100 percent of your money 
any time it loses at all. Yes, there is nO variability among the losers in such a 
system. Bnt how is that helpful? Instead, Ihe li kelihood of losing significant sums 
(what 1 called negative variJbiliry) of money actually manens, whether Ihe losses 
are spuad across a wide spectrum or levels or are co""'"ntraced a t a particularly 
unappetizinillevel with no variability. 

To address Ihis point, there are various meaSures of downside risk, such as 
maximum peak· lo·valley drawdo'''', bUI these meaSUres have "'eaknesses too. 
Finst, they are not defined by fixed periods and therefore do not work well in most 
linear statistical frameworks. Some strat'llies can have ,'ery sharp df3wdowns 
that occur over a small number of days. Others can haye protracted period. 
of losses, where Ihe amount losl on any day might not be large, but over the 
coutile of a year the losses add up 10 a large number. This implies that they are 
Ie .. convenient to use in a grea t many computational exercises, ha:ause most 
analyses of data series are based on the presumption that each point in the data 
series represents the same amount of time as each o ther data point . There are 
only a few techniques thai allow an analYSllO compare a single day with an enlire 
year, for example. Second, having a valid and useful drawdown statistic depends 
on having enough of a data set that you are confident you have seen the outer 
limits of the strategy's risk. 

2. This concept Was formalized in the Kelly criterion, in a paper by John L. Kelly, 
Jr., in the 8e11 System Technical Journal in 1956. The Kelly criterion provides a 



Notes ,., 
systemati~ way of sizing the risk taken on ea~h of a series of bets based 011 the 
benor's edge, which maxirnius the eXp«1ed gains by the end of the series of 
bets, The edge is delin"" as a combination of the payoff for winning and the odds 
of winning. This concept has bttn widdy applied in gambling and somewha t 
in investing, The noted quan t Edward Thorp i, cr..di tM with first applying the 
Kelly criterion to trading stra tegies, However, some criti", of the Kelly benillg 
strategy point Out that a critical aSliumption of this criterion is that each bet is 
expected to be independent of the next, which is trne in many forms of gambling, 
for example, Howtver, in investing, be" can be ..,rially corrdated, which is to 
say that returns to ill\'estmenr strategies tend to be streaky, As such, in general 
many investors who believe in the concept of the Kelly criterion u'" a derivative 
version of the strategy, such as ~half Kelly," to bet less than Kelly suggeSts, Useful 
background on Kelly and the criterion can be fonnd on William Ponndstone's 
web site or in hi, book aoom Kelly, call..d Fonuue's Farmu!J. 

3, This phenomenon exists, if for no other reason, be.:au.., the value investor 
tends to buy stocks that have fallen in price, wh ich tend therefore to have 
expetienc"" a shrinkage in their market capitalization, A market-neutral value 
investor would also tend to sell expensive stocks, which are likdy to have 
ralli..d and therdore will have experiencM market capitaliza tion apprrciation 
as welL 

4, Principal compo"""rs analysis (PCA) is a sratisticaltechnique used to reduce the 
compleXity of a ..,t of instruments down to a ma nageable set of "risk factors, ~ 
each of .... ,hich is called a vector, Each vector repre..,nts a statistically derived 
systematic risk among the instruments and is derivM by analyzing the historical 
relationships amollg all the instruments in the set, 
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Returns and COfllrol/ing Risk, Richard Grinold and Ronald Kahn, McGraw-H ill, 
1999, 

S, Efficimt Assn M(/Ili1gemm t: A Practical Gu;de to Stock Portfolio Opti"'ization 
(/lui Asset AI/ocatim" Richard Mich3ud, Oxford Univ~rsi ty P",s., 2001, 

CHIIPTER 7 EllCUtiOI 

I, Not all exchanges work ""actly this way, f or example, some legal.')' «Iuity option 
exchanges prora te executions amollg 3U option orders a t the ,"-me price and 
give better priority to .ustomers versus marht makers-although the.., rules 
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arc undergoing review for poiiiihk change. Furthermore, quants rardy tran~t 
in sncb markets, and if they do, it d"". not usually involve utilizing systematic 
execution (ngin ... such as thos<: described in this book. 

CHIIPTER 8 Dltl 

1. ~Navig.1tjo" Turn Wa. Unfamiliar with Mars Climate Orbiter,» G,..,g Cbrk and 
Alex Canizares, Space.com, November 10, 1999. 

2. SEOOL siands for Srock Exchange Daily Official List, which is a lisl of ostensibly 
unique security idenlifius for stocks in the Un ited Kingdom and Ireland. Other 
common se.;urity identifiers in equity mark""s arc: the International x..:urities 
Identification Number (ISIN) or Conunit!"" on Uniform Security Identification 
Procedures (CUSIP) number. CUSIPs are primarily relevant for U.S. and Cana­
dian stocks. Many data vendors utilize their own proprietary security identifiers 
as welL 

3. For rhe I>J.ke of simplicity, we are ignoring any "split effecr,~ which many people 
bdieye exists.; this theory Slares that stoch tend not to falla. much u expected 
ba.ed on the size of rhe split because people ~ ke to buy nominally lo", ... r·priced 
stocks. 

4. In science, this is known as a Typ~ I ,,"or, which is ro accept a false-posiriye 
result in testing a hypothesis. This is the error of belieYing a hyporhesis is true 
when in fact it is false. 

S. [n science, rhis is known as a T ypc /I c"or, which is to accepr a falsely negariYe 
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