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and geographies tells the investor a great deal about whart risks are being
taken. This information is necessary for building a diversified portfolio and
15 largely sufficient for that exercise,

The third and fnal lesson of The Interrogator is to be organized in
the management of information when it is gathered. This greatly supports
efforts to get new information but is also useful in ongoing evaluations of
the quality of a given practitioner. Scharff's group developed a sophisticated,
almost relational database system using index cards and a card catalogue
file. (Remember, this was before the computer was invented.) As they got
new information, they would organize it by linking it to other relevant cards
in the file. For example, if they found out the name of another pilot from a
given American base, they would tag that card with references to all the other
information, including other pilots, from that base. This way, as they were
interviewing a given pilot, they had a dossier that contained an impressive
and extensive array of details, well organized and easy to access. These days
we have powerful computers and databases to rely on, making such a job
easier.

Keeping information organized furthers the goal of developing deep
domain knowledge, but it is also quite useful in ascertaining the “goodness”
of a quant team over time. If every three months you ask a quant, for
example, what 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 rational life cycle that repeatedly takes a robust research pipeline and turns
it into implemented improvements to the strategy over time. If the quant has
a process wherein modules that were not part of the research hist from the
past suddenly appear in production, this could be evidence of sloppiness in
the research process. When visiting a quant’s office, it 1s useful to ask to
see firsthand some of the various tools and software that the quant claimed
to use or have developed in previous discussions. But, to be aware that
you should be asking to see something specific, you had to have carefully
managed the information about the nature of these tools and software to
begin with.

EVALUATING A QUANTITATIVE TRADING STRATEGY

In my years of evaluating and creating quant trading strategies, [ have noted
an extraordinarly mteresting fact: The work that a quant does 1s, iIn most
ways, identical to the work that any portfolio manager, any CEO, or any
other allocator of resources must perform. After all, these resources (e.g.,
time or money) are limited and must be invested in a way thart results in
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maximum benefit. The process used to invest resources—the investment
process—Ccontains six major components:

. Research and strategy development

. Data sourcing, gathering, cleaning, and management
. Investment selection and structuring

. Portfolio construction

. Execunion

. Risk management and monitoring

O W o L b e

You may note that these activities are closely parallel to the modules of
the black box and the activities in and around its construction and manage-
ment. This is because all these areas must be addressed in order for a quant
trading program to function properly over time. One fact about computers,
which we've addressed already, is that they do not do a good job of think-
g about things you mught have mussed. As quant trading programs have
evolved over time, they have had to address the myriad decisions that any
portfolio manager must address. Too often, in discretionary management
activities, important aspects of this process are left without sufficient analy-
sis, and an ad hoc approach is taken. I've interviewed scores of discretionary
stock pickers who can spin tremendous yarns about why they are long this
stock or short another. But when asked how they decide how to size these
positions in their portfolios, the answers are often vacuous, given without
deep thought or analysis.

Those charged with evaluating managers must thoroughly examine each
of these areas. And quants, in general, should be willing to answer questions
about each. A few examples of the kinds of questions I ask a quant follow:

® Research and strategy development
® How do you come up with new ideas for trading strategies?
®= How do you test these ideas?
® What kinds of things are you looking for to determine whether a
strategy works or not?
® Data sourcing, gathering, cleaning, 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 (e.g., trend, reversion,
valuefyield, growth, or quality)?
® Are you making relative bets or a bunch of individual bets?
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® If relative, what does relative mean, exactly?
® Over what time horizon, and in what investment universe?
® How are you mixing your various alpha models?
® Portfolio construction
®* How do you do portfolio construction?
® Whart are your limits, and why did you set them there?
® Whar are the inputs to your portfolio construction?
® Whart are you trying to achieve with portfolio construction (1.e., what
is your “objective function™)?
® Execution
® What kind of transaction cost model are you using, and why did you
choose to model transaction costs the way you did?
® How are you executing trades—manually or algorithmically?
® Tell me about your order execution algorithms: Whart kinds of things
did you build into them (e.g., hidden vs. visible, or active vs. passive)?
® Risk management and monitoring
® What does your risk model account for, and why those things?
® What are your various risk limits, and why did you set them where
you did?
® Under what circumstances would you ever intervene with your model?
® What are you monitoring on an ongoing basis?

This is but a small sampling of the hundreds of questions I ask a
quant. If he claims thar the answers to such questions are proprietary,
[ 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 portfolio’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 information. As I've said, the menu of things that quants can choose
to do is reasonably easy to know. It 1s largely laid out in this book,
and I am certain I've revealed nothing proprietary. A quant generally
should not claim that he cannot disclose which items he has chosen from
this menu,

The investor has one more tool available for understanding a quant
strategy, and that is the footprint left behind by the strategy: its return
history. Imagine that an investor learns, by asking many questions such as
those I've listed, that a quant 1s using a trend-following strategy on various
individual instruments, with a six-month average holding period. When
long-term trends are present, the strategy should do well. When longer-
term trends reverse, the investor should see the strategy do poorly. In other
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words, the strategy’s return pattern should corroborate the fundamental
understanding that the investor has gained by asking many questions.

EVALUATING THE ACUMEN OF
QUANTITATIVE TRADERS

If T have tried to stress anything in this book, it is that the judgment of
a quant trader pervades the strategy she builds. So, an evaluation of the
quant’s skill and experience in the fields relevant to the trading strategy
15 obviously important, but it 1s also easier said than done. This section
outlines a few tools that can be used to determine the skill level of quant
traders.

The people developing and managing quant strategies should be well
trained in the methods they use. At least some members of the team should
have substantial live experience 1in areas ot quant trading relevant to the
strategy they are currently pursuing. Experience helps drive good judgment,
especially in light of the massive array of subtleties and traps inherent 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
about their ability to predict the future. There are considerable hurdles to
doing quant trading well, such as polluted data and constantly improving
competition. A good quant does not underestimate such challenges. The
reality is, however, 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 qualifications and experience, reputation, history of success,
and analyses of the mvestment process. Although this 1s a lot of work, the
task is doable for those who want to undertake it,

One of the handiest tricks I know of to evaluate a quant’s skill is to dig
deeply into the details in a few areas of her process. Why? The difference
between success and failure is very commonly found in a large number of
highly detailed decisions. If the mechanism used to make these decisions
is flawed, the manager has little hope of success in the long run. Thus, an
analysis of the investment process, and by extension its six major compo-
nents, is focused on understanding wbat a quant does and, just as important,
why the quant does it. As we discussed throughout this book, a number of
approaches to quant trading can work. Momentum and mean reversion
strategies can both work, even though they are opposites. Both intrinsic
alphas and relative alphas can work. So it is important to understand what
a trader does, but why she does it tells you about her judgment, her process,
and her potential for future success.
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Each decision a guant makes in how she builds a strategy represents a
source of potential differentiation from other traders, but also of potential
success or failure. And it makes sense that this 1s the case. Many quants have
large numbers of positions, frequently in the thousands, and most engage
in strategies that turn these positions over relatively frequently—trom once
every few minutes to once every few months. If 5000 positions are turned
over once a week, for example, this represents about 260,000 individual
bets per year. Now imagine two equity traders, Trader A and Trader B.
They have remarkably similar strategies, even in the details, and they each
manage $500 mullion. For each dollar managed, they put on $2 of long
positions and $2 of short positions so that each trader has a portfolio of $2
billion. Each turns over about 20 percent of her portfolio per day, or $400
million in dollar volume each day. They each average 10 percent returns per
year. If Trader A is later able to optimize her executions such that she makes
0.01 percent more per dollar trades than she used to, either by being faster
or improving transaction costs or the alpha model, this results in Trader
A’s annual return improving to 12 percent per year. This i1s 20 percent, or
$10 million per year in profits, better than the result generated by Trader
B, which is an enormous difference when compounded over time. Though
some quants certainly do things that are plainly mncorrect at a high level,
the judgment of the quality of a given quant most often comes down to his
decisions at a fairly detailed level.

Another reason that the details matter so much is that there is really
only a tiny amount of predictability in all the movements of the market.
Quants usually depend on being right only shightly more often than they are
wrong andf/or on making only slightly more on winning trades than they
lose on losing trades in order to generate profits. As such, small decisions
that affect the probability of winning only slightly or those that skew the
size of winning trades versus losing trades slightly can dramatically impact
the outcome over time.

Finally, if the quant has given deep and well-grounded thought to the
details of the few areas that you spot-check, it is more Likely that she has
given deep thought to other areas of the quant trading process. This, too,
improves her probability of success in the future, since we have shown that
rigor Is a key component of success in quant trading. Though it is likely
obvious enough already, I want to make it clear that the fact that a quant
has a Ph.D. in physics (or anything else) 1s no indication of gquality or skall,
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 quant strategy is that such
details are less likely to be revealed to an investor during due diligence.
Though the higher-level topics discussed in the section enntled “Evaluating a
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Quantitative Trading Strategy”™ might be relatively uncontroversial to dis-
cuss, the details are not. As [ mentioned earlier, it 1s frequently the details
that separate the best traders from the mediocre ones, and these details often
boil down to knowhow more than, say, better math skills. So, quants are and
probably should be somewhat more reticent to provide such details. Even if
they were to provide details, the investor would have to be knowledgeable
and proficient enough to pass judgment on them, In other words, to try to
divine the quality of a quant’s system from clues about such details requires
significant experience on the part of the quant investor. After all, just as |
require experience in my traders, I also benefit from experience in judging
them. A great many things that seem plausible enough ar first glance simply
don't work. For example, just because a quant pays a lot of money to a
data vendor for clean data, it doesn’t mean that the quant should actually
rely on the cleanliness of that data. The saving grace for the nonquantitative
investor seeking to evaluate a quant is thoroughness and strong information
management 1n the assessment and due-diligence process.

THE EDGE

In assessing a portfolio manager, including a quant, a key issue to focus on
15 the idea of an edge. We define an edge as that which puts the odds in
favor of the portfolio manager succeeding. An edge can come from three
sources, listed here in order of commonness: the investment process, a lack
of competition or something structural. In investing and trading, an edge is
not the same thing as a compentive 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 thus more intrinsic than compararive. Still, competition
does matter: A valid 1dea with a valid implementation might make little or no
money if there is too much competition, whereas a mediocre strategy might
make money if there is none. As such, one must ascertain the sustainability
of a given trader’s edge. The odds might be in the trader’s favor today but
against him tomorrow as the world changes or as competition increases, if
the trader does not evolve.

An investment process edge must come from one or more of the six
components of the investment process we just outlined. Too often, when
asking a discretionary stock picker what his edge 1s, we hear him say, “Stock
picking.” But this is merely a description of the activity, not evidence that the
trader 1s any good at it. One must dig further into the reason that the trader
claims to have an edge in any of these activities. For quant traders, most often
an mmvestment edge comes from experience and skill in conducting research
and/or the acquisition or cleaning of data, This 1s because the goodness of
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the models for investment selection and structuring, portfolio construction,
execution, and risk management is usually determined by the quality of
the research and development process that created them. If some modules
have not been particularly well researched, there is almost no chance that
the trader will have an edge in these areas. An edge in research can derive
from superiority in talent or process, but actual experience in conducting
successful research in the inancial markets is usually critical. In other words,
one must have better people and/or a better process to put around these
people, but in either case experience 1s needed.

[ have already described a bit about how to assess the people at a
quant shop, but one more poimnt bears mentioning, How a quant deals with
adversity is critical to understanding his edge and its sustainability. There
are times when the model simply doesn’t make money. Knowing how and
when to react to these episodes is critical. Too often quants react in a subop-
timal manner to losses in their funds, and a knee-jerk reaction can often ruin
whatever edge the strategy itself has. A sound approach to managing adver-
sity starts with good monitoring tools, which allow the quant to pinpoint
problems and work to solve them rather than panicking. It 1s unlikely that
a trader has an edge because of monitoring, but it i1s easy to throw away a
potential edge through insufficient or badly conceived monitoring processes.

In terms of research, there are several hallmarks of a high-quality pro-
cess. The process should be vigorous and prolific, and there must be an
ability to translate models etficiently 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 this decay. The research process should also deal with 1ssues such as
overfitting and look-ahead bias, and the evaluator should ascertain exactly
how the quant thinks about and deals with these critical 1ssues. Finally, the
process should at least largely follow the scientihic method. In evaluating a
quant trader, it 1s usetul to ask many questions about how and why vanous
elements of their strategy are the way they are. If a manager says he will
close a position if it has moved 10 percent against him, ask him how and
why he decided on 10 percent rather than § percent or 50 percent. It the
quant says he is running a trend-following strategy in certain markets, find
out why 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. These kinds of details will give you insight into the care with which
a manager has developed the entirety of an investment strategy.

A data edge can come from having proprietary access to some sort
of data. Earlier in the book we gave the example of a company that uses
geolocational data derived from GPS signals on cell phones to aggregate
more real-time macroeconomic indicators. If, in fact, these data prove useful,
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they might 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 difficult to
find sustainable data advantages. It 1s also possible to build a data edge
through superior data gathering, cleaning, and storage techniques. Again,
an interviewer should ask questions about where a trader gets his data,
what work is done to clean the data, and how and why the data are stored
i a certain way. Some answers will be thoughtful; others could indicate
carelessness.

This kind of data edge is quite similar to a lack-of-competition edge.
Burt lack of competition is not a long-term plan. It is a truism in economics
that, if higher-than-average profit margins can be had in some acrtivity, more
and more players will compete until the margins compress and normalize
at levels more typical in the broader marketplace. This is likely to have
happened already in at least two quant trading spaces: quant long/short and
statistical arbitrage. However, once they become more competitive they also
become more cyclical, and there are periods when players vacate the space
because it offers too httle reward, leaving more of the pie (and theretore
better margins again) for the fewer players who remain. It is also important
to ascertain why there is a lack of competition, when this is found. Some
strategies are inherently more difficult for new entrants; others simply have
not yet actracted the attention of new entrants. An example of the former, at
least historically, can be found in purely quanntative options trading. This is
not widely pursued because there are significant challenges associated with
acquiring and cleaning data, structuring trades, and modeling the liquidity of
options contracts. But this by no means implies that it cannot later become a
crowded strategy with many competing hrms chasing an ever-shrinking pie.

As an example of the second option, I remember an experienced team
that formed a hedge fund to trade corporate credit in Asia back in 2002,
They had successfully carried out this strategy as propnetary traders at a
bank for several years previously. They had few, if any, competitors, and
their early years were very strong. Then, as time passed and more entrants to
their niche crowded the field, they had to branch into other areas that were
less appealing. Over time their edge, which was largely related to a lack of
competition, was eroded. Ulamately the new areas mto which competition
forced them to participate caused a massive drawdown in their fund. The
lack of competition was really due to a lack of discovery of their niche, and
these are among the most fleeting kinds of edges.

Structural edges generally relate to something in the market structure
that puts the wind n the sails of a market participant. These are usually
caused and removed by regulation. I once knew a trader in the pits of the
New York Mercantile Exchange who ran a hedge fund that relied on his
short-term discrenionary trading. Because of his status on the exchange, he
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was able to supplement a reasonable investment edge with a structural edge
that allowed him to transact very cheaply and extremely quickly. Over time,
however, his markets went from being pit-traded to electronic, and his struc-
tural edge vanished. In quant trading, the most common sort of structural
edge comes from liquidity provision, or the rebate, on ECNs. ECNs actually
pay market participants for market-making activities by providing commus-
sion rebates. In certain cases I have seen the act of transacting become a
profitable exercise for the trader, and this too is a structural edge. It is pos-
sible that, over time, payments by ECNs for order flow will dwindle, and
this edge, too, will be eradicated.

EVALUATING INTEGRITY

Most quants, and most traders in general, are honest and ethical. Therefore,
it 1s entirely reasonable to work with them on a “trust, but venfy™ basis. In
other words, for most of the evaluation process it is reasonable to assume
that the trader went to school where she claims, got whatever degree(s) she
claims, and is generally not a criminal. But before making an investment,
most observers would agree that to the extent possible, it's worth verifying
a quant’s ethics.

Here we have a few tools at our disposal. First, do background checks,
education verifications, and reference checks. In the case of backgrounds
and educarion verifications, serious problems in a trader’s personal or pro-
fessional history should probably serve as a red flag. Of course, this is a
tricky proposition. The investor must determine whether the mistakes or
misdeeds in a quant’s past served to “teach her a lesson,” or whether they
indicate a likely pattern of behavior that will repeat, even if not in exactly
the same way. That judgment cannot be made universally for all cases. But I
encourage the investor to consider this quesnion only from one specific angle,
which might help drive the answer: The job of the investor is not to judge
the quant as a person but rather as a potential fiduciary, acting on behalf
of the investor. Fiduciaries are bound to act in their clients’ best mterest
and to be very open and up front about any potential conflicts of interest
or anything else that could impede their tulfilling their duties to investors.
Using the mentality of the fiduciary as a compass is something I have found
helpful in a grear many difficult circumstances.

When performing reference checks, I find it useful to request references
from existing investors whenever possible and to ask them not only why
they like the manager but also what they think her weaknesses are. More
helpful still is to seek our references that the manager did not provide herself.
[t is relatively easy for any trader to find a few people to say something nice




Evaluating Quants and Quant Strategies 187

about her. Burt it is much better if the trader is known by others, and those
others are likely to provide much more usetul input than the references a
trader provides for herself. If you cannot locate such references in your own
network, it sometimes helps to ask the references provided by the manager
whether they know anyone else you can contact.

[t 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 rarely thinks through low-level details sufficiently to be
facile in answering questions about them. This is a common and successftul
interrogation technique in law enforcement. If you ask a suspected criminal
where he was last mght, 1t’s not surprising to hear him quickly and convine-
ingly provide an alibi, such as “at my girlfriend’s house.” But if you follow up
by asking what time he arrived, how long he stayed, what movie he watched,
what he ate and drank while he was there, and so on, he will have to make
up answers to these questions he likely has not rehearsed beforehand.

A guant 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 fly 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 deficient in other
ways should not be ignored. They might not lead you to conclude that the
manager lacks integrity, but they should be sufficient to conclude that she
1sn’t very good, which is itself sufficient for the purpose of avoiding hiring
her. What's more, you can use the same technique of looking for details in
assessing a quant’s background as in assessing her strategy. If a quant says
she completed her Ph.D. at Harvard, you can follow up by asking where
she lived while she was there, what her favorite restaurants were, who her
dissertation committee included, whart her dissertation’s title was, how many
pages it ended up being, and so on. And again, many of these details should
be verifiable with her alma mater,

It is worth mentioning one more point about selecting managers,
whether quant or not: Almost no trader 1s so special that it 1s worth invest-
ing in her strategy without gaining a reasonably deep understanding of it. It
should not take much to say “no,” in other words, whereas it should take an
incredible amount of confidence 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 thar 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 are not enough.
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No investor can validly claim that they understood how Madoff
could have made such consistently positive returns based on the strategy
he is said to have employed. Madoff never addressed questions, main-
taimng that lus strategy (which was discretionary, not systematic) was
too proprietary. Though insufficient to uncover all potentially fraudu-
lent {or simply unprofitable) investments, the tools provided in this chap-
ter can certainly help eliminate a great majority of them. These tech-
niques should be used in conjunction with an equally rigorous opera-
tional due dihgence process to further reduce the possibility of being
victimized by fraud, malfeasance, or other misbehavior on the part of
traders.

HOW QUANTS FIT INTO A PORTFOLIO

Assuming that you find a quant that 1s 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 portfolio.
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 guant investing.

A Portfolio of Alphas

First, it is worth remembering that portfolio construction is about allocarting
to exposures. A portfolio that contains more kinds of exposures 1s more
diversified than one that is concentrated among a smaller number of expo-
sures. Investors must seek out the appropriate balance of trend, reversion,
valuefyield, growth, and quality to achieve optimal diversification. A guant
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 trading
strategy might find opportunities that the human trader misses. In addi-
tion, the human trader might avoid some bad trades that are taken on by
the computerized strategy out of naiveté, But, as trend following in general
goes, so it 1s likely that the human and computerized trader both go. 5o, at
a primary level, the investor must diversify among various alpha exposures.
In the evaluation process, the nvestor should be able to ascertain at least
roughly the underlying alpha exposures of the various strategies in a port-
folio. Using this information, the investor can allocate capital such that the
blended allocations to various types of alpha are in line with the levels that
the investor has determined are desirable.
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Bet Structures

The second consideration relevant to portfolio construction is bet structure,
as described in Chapter 3. Relative bets can behave very differently from
single-instrument bets, particularly when these bet structures are used with
different types of alpha models. When a quant strategy makes relative bets,
it is inherently counting on the stability of the relationships among the
instruments that are grouped together. This makes bet structure itself a
source of risk in such strategies, and this risk becomes evident when the
relationship between the instruments changes. In such environments, for
example, relative mean reversion strategies are prone to losses. On the other
hand, single-instrument mean reversion frequently benefits from large regime
changes. This is because this strategy tends to bet against the prevailing
trend while remaining indifferent to the destabilizing etfects of a large trend
reversal on the relationships depended on by a relative alpha strategy. This
15 but one example of how bet structures can impact results and, as a result,
the investor’s portfolio. In short, it is worthwhile to diversify across various
bet structures as well, even within the same domain of alpha exposure (e.g.,
relative and intrinsic mean reversion).

Time Horizon Diversilication

Finally, the investor must balance her exposure across time horizons. In
general, it is my experience thar longer-horizon quant strategies—those that
hold posinons for more than a week or so—tend to go through longer and
streakier performance cycles. They can outperform or underperform for
several quarters on end, and it can take several years to evaluate whether
there is really a problem with the manager. Some longer-term strategies also
demonstrated conclusively that they are subject to crowding risk, as seen so
vividly in August 1998 and August 2007. While this might make them a bat
less desirable, one can manage significantly more money in such strategies,
which is sometimes a practical necessity.

Short-term strategies, by contrast, tend to be very consistent performers,
but they cannot handle much capital. They are therefore very desirable but
also not always practical. Furthermore, when one does find a good short-
term trader to invest in, it is not clear that the trader will remain small
enough to be etfective on short time scales. Many traders are tempted to
grow their assets when assets are available, and this demands attention on
the part of the investor.

Summary of Portfolio Gonsiderations

Quants can be valuable components of a portfolio. The investor must
realize that quants are ulamately not so different than their discretionary
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counterparts and therefore that the list of things that matter to building
a portfolio that includes quants isn’t much different than it would be
without quants. As with all things related to portfolios, the key is to build
a diversified portfolio that considers three important elements:

1. Various types of alpha exposures
2. Various bet structures
3. Various time horizons

[t is interesting to note that these considerations closely mirror the taxon-
omy of theory-driven alphas, presented here again as Exhibir 12.1. Equally
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interesting, I do not believe that the investment universe {asset class, instru-
ment class, or geography) nor various other subtleties about the models (e.g.,
model specification or run frequency) are particularly impactful in portfolio
construction. These variations add a great deal of diversity when markets
are behaving normally, but in stressful nimes they simply matter a lot less
than distinctions along the lines of the three portfolio considerations listed
here.

SUMMARY

To assess a quant trader and a quant strategy, one must understand the
strategy being implemented and the quality and vigor of the process that
generates strategies. To do this, the investor has three weapons at her dis-
posal: building trust, gaiming as much knowledge as possible about quant
trading, and keeping information he learns as organized as possible. These
tools can be used to extract and piece together information on a given quant,
and on quant trading generally.

Ultimately, an investor has to determine whether a quant has an edge,
what the sources of this edge are, how sustainable the edge is, and what could
threaten it in the future. Edges come from people andfor processes, and it
is in these areas that the evaluation of a quant must focus. Once quants
have been vetted, they should be thoughtfully included in a portfolio. It
is important to diversify across different approaches to alpha generation,
different time horizons, and bet structures to complement best the other
components of the investor’s portfolio.

[ 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 1s no secret
sauce. We are constantly working to improve every area of our strategy.
Our data 1s constantly being improved, our execution models are constantly
being improved, our portfolio construction algorithms are constantly being
improved ... everything can always be better. We hire the right kinds of
people, and we give them an environment in which they can relentlessly
work to improve everything we do, little by lictle.”
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Looking to the Future of
Quant Trading

All evolution in thought and conduct must at first appear as beresy
and misconduct.
—George Bernard Shaw

he black-box trading strategy has existed for over three decades. This

book has provided you with the tools necessary to understand this niche
of the investment community, perhaps for the first time. From its earliest
days in trend-following applications to the most recent and state-of-the-art
high-frequency machine learning strategies, the field of quant trading has
evolved considerably since its early days. Yet recently it is hard to ignore
the travails the quant trading field, partcularly in equity market-neutral
strategies, has undergone. Starting in July 2007 and sporadically again in
2008, large swaths of the quant trading universe have delivered poor results,
unprecedented downside risk, and easy headlines for those who love to hate
them.

Regardless, other niches within the domain of quant trading—and even
some of the types of quants whose peers have done poorly—have thrived.
Assets have flowed wvigorously into systematic futures trading strategies,
which outperformed during the aforementioned tumult of mid-2007 through
late-2008, having benefited from the price trends that formed the bear mar-
ket in equities. High-frequency equity traders have profited from increased
volatility and liquidity in the markets. Even some that share a label with
the statistical arbitrage and quantitative longfshort practitioners who have
suffered the most still, nonetheless, have managed to deliver solid returns
with limited risk. Owverall, it 15 safe to say that quants, whether in futures,
equities, or options, are among the star performers of the 2008 credit crisis.

203
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Yet, the need for quant traders to evolve remains as great as ever. In
tact, given the speed with which technology and markets are changing,
it 15 likely that the need to evolve has never been greater. Most quants
spend a disproportionate amount of time on their alpha models. This is
understandable; these models are indeed the engine of success for a quant
strategy. Yet so much of the theory-driven alpha space is already so well
understood that hittle progress 1s likely to be made in this arena. Perhaps for
a short while, the application of relatively standard alpha models to new
markets, such as the smaller developed markets in Asia and Europe, or even
to developing markets around the world, can bear fruit. But there are few
barriers to entry to running a strategy in another country or asset class.
Some interesting research 1s being done in pockets around the industry to
uncover new and untapped approaches to alpha generation. Perhaps new
forms of alpha can be invented and exploited. But these, too, are likely to
be somewhat readily accessible to others.

The rest of the black box, however, has been comparatively neglected
by most researchers in the industry. Relanvely naive, frequently ineffective
approaches are used to blend alpha models together, to size positions cor-
rectly and to manage risk. These are fields of research in which little useful
literature has been published, and the landscape is currently wide open for
innovation. And some fields of study within the quant trading industry have
been ignored almost entirely. Analysis of self-generated data—such as trans-
action data that caprures the behavior of markets just before, during, and
just after one trades—can be fruitful but 1s very rarely done. It 1s possible to
learn a great deal about what works and what doesn’t by objectively analyz-
ing one's own track record. Models that predict whether certain strategies
are likely to perform well or poorly in the future are also somewhat uncom-
mon, outside of very naive performance-chasing algorithms that increase
allocations to strategies that have done well recently. In short, all the myr-
iad decisions a quant must make in building a system should be made with
the 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 rule the rest of the process. But more work can be done to ascertain
whether certain other parts of the investment process can combine human
subjectivity with the objectivity and consistency of machines. For example,
1t 15 easy to imagine analysts inputting their views mto a computer system
and allowing the system to determine the portfolio. In other words, instead
of using machines to support human decisions, human mput could support
systematic decisions.
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Finally, the structure of firms that utilize quant trading strategies can
evolve. 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 strategy’s full scope even from the employees, or simply to use the
firm’s capital to run a strategy that was developed previously and elsewhere.
Meanwhile, smaller boutiques have toiled away in small offices around the
world, rarely having any contact with others. There appears to be room for
a “quant collective™ structure, which would offer the economies of scale
afforded by larger shops, such as clean darta, 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. This structure also may align gquants
sufficiently that they are encouraged to seek help from their fellow members
on subjects in which they may be less strong while keeping proprietary those
elements of their own strategy that are most unique.

In addition to the general requirement to evolve in order to survive, great
challenges face the quant trader today. Regulations are becoming increas-
mmgly hostile as both quant trading and hedge funds are demonized in the
popular press. Government interventions, rare events (such as the credit cri-
sis that began in mid-2007), and geopolitical events that impact the markets
have all presented significant difficulties for many quants, since these events
typically cause past behavior to cease to explain future behavior. Many
alternative investment professionals are turning away from quant trading in
disgust after more than a year of repeated “once-in-a-lifetime” events. For
quants, this may be a period of “natural selection,” 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 evolve.

So, the need to evolve is clear. But given both the difficulty of the
market environment over the past few years and the (absolutely misplaced)
negativity surrounding hedge funds in general and quant funds in particular,
there might never have been a time more critical than this in which to
differentiate good quant 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 be
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 to use them in a portfolio is hopefully a bit easier.







GHAPTER 1 Why Does Quant Trading Matter?

1.

7.

“Hot Models Rev Up Returns,” M. Corey Goldman, HFMWeek.com, April 17,
2007; “Goldman Sachs, AQR Hedge Funds Fell 6% in November (Update3),”
Jenny Strasburg and Katherine Burton, Bloomberg.com, December 7, 2007.

“Renaissance Waives Fees on Fund That Gave Up 12%,” Gregory Zuckerman,
Jenny Strasburg, and Peter Lattman, Wall Street Journal Online, January 5, 2009,

. “Goldman Sachs Paydavs Suffer on Lost Leverage with Fed Scrutiny,” Lisa Kasse-

naar and Christine Harper, Bloomberg.com, October 21, 2008,

“New World Order: The High Frequency Trading Community and Its Impact on
Market Structure,” Sang Lee, The Aite Group, February 2009,

“Black Box Trading Has Huge Potential—D. Boerse,” Peter Starck, Reuters.com,
June 13, 2008.

“Does Algorithmic Trading Improve Liquidity?” Terry Hendershott, Charles M.
Jones, and Albert J. Menkveld, April 26, 2008,
www.turtletrader.com/trader-simons. html.

*The Disposition to Sell Winners Too Early and Ride Losers Too Long: Theory
and Evidence,” Hersh Shefrin and Meir Statman, The Journal of Finance, Volume

XL, No. 3, July 1985.

GHAPTER 2 An Introduction to Quantitative

Trading

. “For Wall Street’s Math Brains, Miscalculations,” Frank Ahrens, Washington-

Post.com, August 21, 2007, p. A01.

“Not S0 Smart Now,” Roddy Bovd, NewYorkPost.com, August 19, 2007,
“The Swensen Plan,” Marcia Vickers, Money.CNM.com, February 24, 2009,
Famous Mouvie Detectives 111, Michael R. Pitts, Scarecrow Press, 2004, p. 265.

GHAPTER 3 How Do Quants Make Money? Answer:

1.

www.turtletrader.com/trader-seykota.html.

2, “Game Theory Applications,” Larry Hite and Steven Feldman, The Commodity

Journal, May-June 1972,




208 NOTES

. “Making a Mint: How a Scientist, Statistician and Businessman Mixed,” Ginger

Szala, Futures, March 1, 1989,

. “Renaissance Man: James Simons Does the Math on Fund,” Gregory Zuckerman,
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CHAPTER 4 Risk Models

1.

2.

Uncertainty has broadly been adopted as being synonymous with risk. There is
usually not much justification for its use, other than expediency tor the purposes
of relatively easy computations to answer the question, How much risk is there?
However, it seems clear that variability is more than acceptable when it is
positive, though not desirable when it is negative. Some have therefore proposed
to use the negative deviation, 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 returns almost never meet this
criterion. Furthermore, the variability of negative returns is not the same thing
as negative variability, and it is only the latter that really characterizes risk.
Focusing on the measurement of the variability of negative returns, for example,
could lead an investor to love a strategy that loses 100 percent of your money
any time it loses at all. Yes, there is no variability among the losers in such a
system. But how is that helpful? Instead, the likelihood of losing significant sums
(what I called negative variability) of money actually matters, whether the losses
are spread across a wide spectrum or levels or are concentrated at a particularly
unappetizing level with no variability.

To address this point, there are various measures of downside risk, such as
maximum peak-to-valley drawdown, but these measures have weaknesses too.
First, they are not defined by fixed periods and therefore do not work well in most
linear statistical frameworks. Some strategies can have very sharp drawdowns
that occur over a small number of days. Others can have protracted periods
of losses, where the amount lost on any day might not be large, but over the
course of a year the losses add up to a large number, This implies that they are
less convenient to use in a great many computational exercises, because 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 other data point. There are
only a few techniques that allow an analyst to compare a single day with an entire
year, for example. Second, having a valid and useful drawdown staristic depends
on having enough of a data set thar you are confident vou have seen the outer
limits of the strategy’s risk.

This concept was formalized in the Kelly criterion, in a paper by John L. Kelly,
Jr., in the Bell System: Technical Journal in 1956, The Kelly criterion provides a
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systematic way of sizing the risk taken on each of a series of bets based on the
bettor’s edge, which maximizes the expected gains by the end of the series of
bets. The edge is defined as a combination of the payoff for winning and the odds
of winning. This concept has been widely applied in gambling and somewhart
in investing. The noted quant Edward Thorp is credited with first applying the
Kelly criterion to trading strategies. However, some critics of the Kelly betting
strategy point out that a critical assumption of this criterion is that each bet is
expected to be independent of the next, which is true in many forms of gambling,
for example. However, in investing, bets can be serially correlated, which is to
say that returns to investment strategies tend to be streakyv. As such, in general
many investors who believe in the concept of the Kelly criterion use 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 found on William Poundstone’s
web site or in his book about Kelly, called Fortune’s Formula.

. This phenomenon exists, if for no other reason, because the value investor

tends to buy stocks that have fallen in price, which tend therefore to have
experienced a shrinkage in their market capitalization. A market-neutral value
investor would also tend to sell expensive stocks, which are likely to have
rallied and therefore will have experienced market capitalization appreciation
as well.

Principal components analysis (PCA) is a statistical technique used to reduce the
complexity of a set of instruments down to a manageable set of “risk factors,”
each of which is called a vector. Each vector represents a statistically derived
systematic risk among the instruments and is derived by analyzing the historical
relationships among all the instruments in the set.
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Returns and Controlling Risk, Richard Grinold and Ronald Kahn, McGraw-Hill,
1999,

. Efficient Asset Management: A Practical Guide to Stock Portfolio Optimization

and Asset Allocation, Richard Michand, Oxford University Press, 2001.

CHAPTER 7 EXecution

15

Not all exchanges work exactly this way, For example, some legacy equity option
exchanges prorate executions among all option orders at the same price and
give better priority to customers versus market makers—although these rules
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are undergoing review for possible change. Furthermore, quants rarely transact
in such markets, and if they do, it does not usunally involve urilizing systemartic
execution engines such as those described in this book.

CHAPTER 8 Data

1. *Navigation Team Was Unfamiliar with Mars Climate Orbiter,” Greg Clark and
Alex Canmizares, Space.com, November 10, 1999,

2, SEDOL stands for Stock Exchange Daily Official List, which is a list of ostensibly
unigue security identifiers for stocks in the United Kingdom and Ireland. Other
common security identifiers in equity markets are the International Securities
[dentification Number {(ISIN) or Committee 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 the sake of simplicity, we are ignoring any “split effect,” which many people
believe exists: this theory states that stocks tend not to tall as much as expected
based on the size of the split because people like to buy nominally lower-priced
stocks.

4, In science, this is known as a Type [ error, which is to accept a false-positive
result in testing a hvpothesis. This is the error of believing a hypothesis is true
when in fact it is false.

5. In science, this is known as a Type II error, which is to accept a falsely negative
result in the outcome of a test. This is the error of believing a hypothesis is false
when in fact it is truoe.

CHAPTER 8 Research

1. From Richard Donchian’s Foundation web site: www.foundationservices.cc/
RDD2/.

CHAPTER 10 Risks Inherent to Quant Sirategies

1. The macroeconomic environment around this time, and for some time thereafter,
favored companies that are in “growth™ industries. During this period, that meant
those positively linked to commodity prices, such as o1l companies or gold-mining
companies, and those in businesses that are less dependent on economic cycles,
such as telecommunications firms.

2. When Genius Failed, Roger Lowenstein, Random House Inc., 2000,

GHAPTER 11 Criticisms of Quant Trading

1. A study by Pertrac, the hedge fund industry’s leading database and performance
analytics provider, was cited by the Medill Reports’ John Detrixhe on August 14,
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2008. The article can be found at http://news.medill.northwestern.edu/washington/
news.aspx?id=97223,

GHAPTER 12 Evaluating Quants and Quant
Strategies

1. The Interrogator: The Story of Hanns Scharff, Luftiwaffe’s Master Interrogator,
Raymond F. Toliver, AERO Publishers, 1978; Schiffer Publishing, 1997,
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