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Abstract risks (Jacobs & Levy 1993). Since many of the long

) positions might have offsetting short positions with

We approach stock se!ectlon for long/short portfo- similar factor exposures, the major source of return
lios from the perspective Qf knot.uledge discovery in  is yncorrelated with broad market moves. This de-
dqtabqses gnd rule. induction: given a database of  crease in risk can either be a serendipitous effect, or
historical information on some universe of stocks, it can be engineered into the portfolio via constraints

discover rules from the data that will allow one to

) . k ) given to a portfolio optimizer.
predict which stocks are likely to have exceptionally

high or low returns in the future. Long/short portfo- Primarily because of the complicated investment ob-
lios allow a fund manager to independently address jectives involved in a long/short portfolio, quanti-
value-added stock selection and factor exposure, and tative methods are used by many long/short man-
are a popular tool in financial engineering. For stock agers. We present a quantitative modeling system,
selection we employed the Recon® system, which is Recon, with roots in the research communities of Ar-
able to induce a set of rules to model the data it tificial Intelligence, Machine Learning, Neural Net-
is given. We evaluate Recon’s stock selection per- works, and Statistics. The system has previously
formance by using it to build equitized long/short been shown to create long portfolios with excess re-
pOI'thhOS over eighteen quarters of historical data turn of 35% per quarter over four and a half years
from October 1988 to March 1993, repeatedly using (John, Miller & Kerber 1996). Because of the rel-
the previous four quarters of data to build a model ative unpopularity of short-selling and thus less ef-
which 1s then used to rank stocks in the current ficient pricing’ we hope to find even better results
quarter. When trading costs were taken into ac- using Recon to build long/short portfolios.

count, Recon’s equitized long/short portfolio had a

total return of 277%, significantly outperforming the Recon addresses the supervised learning problem:
benchmark (S&P500), which returned 92.5% over given a database, build a model which allows the
the same period?. We conclude that rule induction prediction of one target field given the rest. In the
is a valuable tool for stock selection. stock selection problem, the field of interest is the

return of a stock, and the database would include

such other fields as current price-book ratio, earn-
1 Introduction ings estimates, and measures of trends in the stock
price. Recon is a rule induction algorithm, which
means that the model it produces is a set of simple
if-then rules. This allows an analyst to understand
and perhaps modify the model before applying it to
new data. Many other problems fit into the super-
vised learning framework: asset pricing, database
marketing, bond rating, and credit scoring are just
a few examples (Hutchinson, Lo & Poggio 1994, An-
thes 1995, Utans & Moody 1991).

In recent years, long/short investing has become a
popular method in financial engineering. The tech-
nique allows fund managers to add value by identify-
ing not only those stocks likely to outperform their
benchmark, but also those stocks likely to under-
perform. By buying the strong performers and sell-
ing the underperformers short, a manager hopes to
achieve positive returns while potentially decreasing

The rest of this paper discusses long/short strate-

'Recon is a trademark and service mark of Lockheed

Martin Missiles and Space, a subsidiary of the Lockheed- gies, the Recon system and how it processes and
Martin Corporation. models data, and our experiments using Recon for
2As with human fund managers, past performance is building long/short portfolios. We then describe re-

no guarantee of future returns. lated work and present our conclusions.



2 Long/Short Strategies

As of early 1995, estimated assets under long/short
management were $12-$15 billion, up from $3-5 bil-
lion two years earlier Bensman (1995). The popular-
ity of these portfolio management strategies is due
to many attractive practical and theoretical proper-
ties. Theoretically, Michaud (1993) shows that for
any given level of risk, the return to a long/short
portfolio 1s expected to be higher than a long-only
portfolio. Hennessee (1994) shows that this phe-
nomenon is even stronger when looking at “down-
side risk.” Practically, because of low short-selling
volume (only 3% of NYSE and NASDAQ volume as
of late 1993), underperforming stocks are likely to be
less efficiently priced, leaving more room for profit
by astute short pickers (Price 1989, Dravo 1993).

The ability to short-sell gives a manager more free-
dom. For example, a long-only manager might
strongly believe that a company, which constitutes
2% of her benchmark, will go bankrupt. The only
way she can express this belief is to not hold the
stock at all. In a long/short portfolio, she could bet
against the company as strongly as she could nor-
mally bet for a company in a long portfolio (Jacobs

& Levy 1995).

Actual long/short fund managers have experienced
good results. Hedge funds using long/short equity
positions had an average Sharpe ratio (Sharpe 1994)
of 0.6 during the period 1990-1994, versus 0.3 for the
S&P 500 (Van 1995). Management costs are typi-
cally high compared with long-only portfolios, due
to the added complexity in portfolio maintenance.

2.1 Mechanics and Costs

The following small example should provide a con-
crete depiction of long/short mechanics for readers
new to the idea. It also gives experienced readers
a detailed model of our assumptions about trading
costs and margin requirements.

Assume the current price of IBM stock is $100/share,
Apple is at $50, and a six-month S&P 500 index
futures contract price is $625. We have $10 million
and expect IBM’s price to rise and Apple’s to fall.

We invest $7M in IBM. Assume .5% one-way trans-
action costs, so our investment in IBM is actually
69,650 shares after costs, worth $6,965,000. We sell
short $7M of Apple. Our broker borrows shares
from someone else, sells them, and puts the proceeds
($6.965M after transaction costs, or 139,300 shares’
worth) into our account. The broker demands that
we put up an additional 50% ($3,482,500) as a mar-
gin to cover possible losses. We present our IBM
stock, which the broker values at 50 cents on the
dollar and accepts as sufficient initial margin.

We want our portfolio to behave as if we had also
invested $10M in the market. Assume that our IBM
and Apple holdings together are uncorrelated with
the market, so that our current effective investment
in the market is $0. We buy 32 S&P 500 index fu-
tures contracts (the value of an S&P index futures
contract is 500x the quoted price) which approxi-
mately satisfies our goal. This costs us $3200 ($100
per contract), and our broker requires us to put up
10% of the value as initial margin. We put $1M in
a margin account with the broker.

We have now spent $8M and are holding almost $2M
in cash. During the quarter, whenever Apple pays
a dividend we must pay the dividend to the bro-
ker. Whenever IBM pays a dividend, we receive it
as cash. When the S&P index rises or falls, the
difference between the new price and the old prices
(times 32 contracts times 500) is added to or sub-
tracted from our margin account. Our Apple margin
account also varies. During the quarter we get in-
terest on our margin accounts equal to the Treasury
bill rate minus .5%, and interest at the Thill rate on
our cash account. At times we may be required to
deposit more money in our margin accounts if they
fall below the maintenance margin.

At the end of the quarter, say IBM stock is worth
$105, Apple is worth $40, and an S&P 500 index
futures contract is $650. We sell our IBM stock,
getting $7,276,684 (after another .5% transaction
charge) for a return of 4.0% plus dividends received.
We close our short position in Apple, the broker uses
$5,628,000 to buy back the shares it previously bor-
rowed, for a return of 19.1%, minus dividends, plus
the interest on the margin. We close our long posi-
tion in S&P futures; nothing happens except that we
receive all funds in our margin account, which now
contains our original $1M plus interest, plus $.8M in
profits due to the change in the index.

2.2 Usefulness of Quantitative Models

In multi-factor models such as the BARRA United
States Equity Model or the multi-factor CAPM
model described by Sharpe (1982), the return to a
security is expressed as a function of the returns to
various factors to which the security is exposed. For
example, IBM stock is exposed to the market as a
whole, the large company factor, the computer in-
dustry factor, and so forth. With a long/short tech-
nique, a fund manager can control the net exposure
of the portfolio to factors by defining a set of con-
straints on net factor exposure. Without express-
ing constraints on factor exposures, a long/short
portfolio may easily be more risky than a simple
long portfolio. For example, going long in airline
stocks (which are highly negatively correlated with
oil prices) and short on oil stocks effectively places a
double bet that oil prices will drop (Bensman 1995).



| Rule Viewer: All Rules -
Rule # Strength Definition
98 -1.5%B IF current_assets < 3,7900
AND normalized_cash 0,0083 <> 00,0272
THEH low
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Figure 1: Example of rules learned by the Recon rule induction system.

Quantitative models are essential here—a manager
needs to supply predicted returns on a large num-
ber of stocks so that she can actually find positive
excess return portfolios meeting strict exposure con-
straints. The stricter the factor exposure limits, the
fewer portfolios will meet the constraints, and the
more stocks need to be included in the opportunity
set in order to still find a good (high-return) portfo-
lio satisfying the constraints. As the size of the se-
lection universe grows, either the analysis staff must
grow commensurately, or quantitative methods must
be employed.

3 The Recon System

The Recon system (Simoudis, Livezey & Kerber
1994, Simoudis, Livezey & Kerber 1995) is an in-
tegrated system for the exploration and analysis of
large databases (John et al. 1996). The exploratory
tools allow a user to graphically define concepts and
new features, and to visualize data. The principal
analytical tool is a rule induction system developed
at Lockheed-Martin.

The rule induction algorithm in Recon is a descen-
dant of the systems described in Kerber (1991) and
Kerber (1992). The algorithm searches through the
space of rules to find those that are likely to be useful
in classifying items in a future database. Some ex-
amples of rules that were found by Recon are shown
in Figure 1. The first rule reads “If current assets
is less than 3.75 and normalized cash is between
0.0088 and 0.0272 then predict unexceptional (low)
return, with strength 1.526.” (These rules were
learned from ValueLine data. We are not permit-

ted to show rules learned from the database used
in this paper, which was provided to us by a mu-
tual fund management company.) Note that Re-
con is not an expert system, even though it does
learn rules. Expert systems are collections of rules
painstakingly written by a human knowledge engi-
neer, while Recon’s rules are learned automatically
from a database.

Each rule has an associated strength. Since
rules may overlap, the class (exceptional or
unexceptional) that Recon finally predicts for a
stock is a combination of the predictions made by
each matching rule. A rule’s prediction is weighted
by the amount of evidence supporting the rule, al-
lowing Recon to not only make a prediction but also
to assign some measure of certainty or strength to
the prediction.

When used to learn a set of rules from a database,
Recon’s rule induction algorithm begins by first dis-
cretizing all numeric features. For example, the
price-to-book ratio might be segmented into three
intervals which could be interpreted as an indica-
tor that a stock is an aggressive-growth, growth,
or value stock. All features are discretized using
the ChiMerge algorithm described in Kerber (1992).
ChiMerge uses the training data, including the class
label, to build intervals such that the distribution of
class values in neighboring intervals is statistically
dissimilar. The rule induction algorithm then begins
exploring the space of all possible rules. It begins
with all single-antecedent rules and then adds con-
ditions using a combination of several heuristics to
concentrate on interesting rules, ultimately yielding
a set of rules with high predictive accuracy. Each



rule is characterized by a set of statistics that de-
scribe the (training-sample estimates of the) condi-
tional distribution of the class given whether or not
the antecedent of the rule is true; thus, the search
through the space of rules is essentially just a search
through the space of the multivariate statistics of the
data that are pertinent to the classification problem.

The Recon system allows an analyst to explore the
discovered rules by viewing the training cases that
led to a particular rule’s creation, or viewing statis-
tics about a rule. One can also determine which
features are important by seeing which ones tend to
participate in most of the rules. Similarly, features
which are never tested did not provide information
useful to the classification problem, according to Re-
con. Unrepresentative training data can yield rules
that disagree with an analyst’s knowledge of a prob-
lem; in such cases the analyst can edit the set of
rules, perhaps removing the offending rules. For
each test case, Recon shows the relative strength of
its membership in each class, and can show the set
of rules participating in the prediction.

Recon performs a search through a database to find
statistically salient rules, and presents them to an
analyst in a comprehensible format. If the resulting
rules can result in superior performance in stock se-
lection (or credit scoring or other problems), a strong
case exists for the use of a tool like Recon because
of the understandability of the rules it discovers.

4 Experiments

To evaluate Recon as a stock-selection tool for
long/short strategies, we used its predictions to
form portfolios and analyzed their performance us-
ing standard financial methods. Below we describe
how a model is learned from training data, and how
Recon’s model was used to construct a portfolio over
an out-of-sample period in our simulation. We then
discuss the results, examining the risk and return of
the created portfolios.

In the simulation, we repeatedly pretend that the
beginning of a quarter in our database is the current
date. We use Recon to build a return model for
the previous four quarters, and apply that model to
the current quarter. For each of the previous four
quarters we have a table with about 1300 records
(rows, one per stock) and 100 fields (columns, such
as price to earnings ratio and relative strength). All
of the fields were measured at the beginning of each
quarter, except for the future three month return,
which is measured at the end of each quarter.

Since Recon uses a binary classification algo-
rithm, it needs a true/false value to predict. We
added two fields to the data in each quarter—the
outperformer field and the underperformer field.
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Figure 2: Out-of-sample cumulative returns for the

period October 1988 — March 1993.

Outperformer was set to true in the top 20% of
stocks in each quarter, and underperformer was
set to true for the bottom 20%. We collect all
four quarters together into a large training set of
about 5200 records, and use Recon to build a model
(which looks similar to Figure 1) to predict the
outperformer field, and another model to predict
the underperformer field.

We then apply these models to the data available
“today” in the simulation. For each stock, Recon
assigns a strength that the stock will be an out-
performer and an underperformer. We use these
strengths to produce two ranked lists on the selection
universe: the long list is ranked by the strength of
the outperformer field, and the short list is ranked
by the underperformer field. Not having a portfo-
lio optimizer available, and lacking some important
fields in the historical data (such as volatility), we
decided to simply take the top fifty stocks from each
list as our long and short stocks to form two market
value-weighted portfolios to be used as components
of a larger long/short portfolio.

The Recon equitized long/short portfolio is formed
by investing 70% of our current assets into both the
long and short portfolios, with a 100% investment in
S&P index futures as described in Section 2.1. The
Recon long/short portfolio is the same but has no
investment in futures. To estimate the performance
of these portfolios, we use the costs and margin re-
quirements from Section 2.1, and assume that at the
end of each quarter we completely liquidate our po-
sitions, so that trading costs are assessed quarterly
on our entire invested capital. (The actual turnover
for the long and short portfolios was 80%.) Figure 2
shows the returns to both portfolios, along with the
returns to the S&P 500 portfolio and Treasury bills.
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Figure 3: Scatterplot showing the quarterly Recon
long portfolio returns versus the Recon short portfo-
lio returns. Positive net return for points above the
y = x line.

Results of trading should always be considered rel-
ative to an appropriate benchmark. Jacobs & Levy
(1993) suggest the S&P 500 as a benchmark for
the equitized long/short portfolio and Treasury bills
for the long/short portfolio. Indeed, they man-
age a long/short fund and are actually compen-
sated based on their performance relative to Thills
(White 1991). However, the Recon long/short port-
folio had much higher volatility than Tbills (6.71%
vs. 0.49%), so we instead use combinations of S&P
futures and Thills to construct custom benchmarks
with the same risk as the two Recon portfolios.
The Recon equitized long/short portfolio had higher
risk than the S&P 500 (7.87 % vs. 6.29%), but
the S&P /Thill combination portfolio with equivalent
risk (which had 125% futures investment) generated
only 5.2% quarterly return, as opposed to 7.91% for
the long/short equitized portfolio. The customized
benchmark for the Recon long/short portfolio actu-
ally had a 107% position in S&P futures and gener-
ated 4.66% average quarterly return, versus 4.99%
for Recon’s portfolio. The Sharpe ratio was .81 for
the Recon equitized long/short portfolio, .51 for the
Recon long/short portfolio, .37 for the S&P 500, and
.46 for the custom benchmark for the equitized Re-
con portfolio.

Within the Recon long/short portfolios, the source
of excess return is the difference between the returns
to the long and short portfolios. Figure 3 shows a
scatterplot of the long and short portfolio returns in
each quarter. Since the net return is the long port-
folio return minus the short portfolio return (since
we sell these stocks short), we profit whenever points
are above the y = 2 line. Figure 4 shows the cor-
relation between these net returns and the S&P 500
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Figure 4: Scatterplot showing the quarterly Recon
Long/Short portfolio returns versus the S&P 500 in-
dex returns, and the line with slope Beta and inter-
cept Alpha.

return. The correlation is negative with a slope, or
Beta, of -.31, and an intercept, or Alpha, of .06. The
R? value for the linear regression indicates that only
about 8.3% of the variation in Recon’s returns is ex-

plained by the S&P 500 returns.

Although we were not able to control exposure to
other factors besides the market, we did investigate
the net positions of the long and short portfolios.
We looked at two factors: growth/value and size.
Stocks were classified as growth or value stocks us-
ing price to book ratios as in Capual, Rowley &
Sharpe (1993). The long/short portfolio had an av-
erage net positive 20% exposure to growth stocks,
with 69% standard deviation. Stocks were classified
as small, medium, or large by sorting all stocks by
market capitalization and putting an equal number
into each bin. The net exposure to size was -16.3%
to small, -8.3% to medium, and +24.6% to large,
with standard deviations of 26.5%), 27.6% and 40.4%
respectively. The long and short portfolios did not
exactly balance each other—the long/short portfolio
actually doubled the long portfolio’s bet on growth
stocks, but at the same time it hedged the long port-
folio’s bet on small stocks.

Figure 5 shows the quarterly average return and
standard deviation of a portfolio with 70% invest-
ment in the long and short portfolios, with vary-
ing amounts invested in S&P futures. With a 60%
futures overlay, the risk is still roughly 6.7%, the
same as with no overlay, but the quarterly return
is 1.75% greater. Figure 6 shows the quarterly av-
erage return and standard deviation of a portfolio
with 100% investment in S&P futures, with varying
amounts invested in a long and short portfolio. Note
again that by combining assets of low correlation we
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Figure 5: Risk-reward curve for increasing invest-
ment in S&P 500 index futures. The lowest point
represents a 0% position, the top a long 200% posi-
tion, and points are in 10% increments.

can get extra returns with no penalty in risk: a 35%
investment in long and short portfolios gives 1.72%
higher return than the plain S&P portfolio but with
the same standard deviation.

Caution is called for when interpreting results of
simulations such as ours. Freeman (1992) gives a
good consumer’s guide to understanding simulated
returns, delineating many possible errors that might
lead to optimistically biased results. Markowitz &
Xu (1994) and Black (1995) mention several ways in
which out-of-sample data can be overused, leading
to optimistic results. We did use the first fourteen
quarters of our out of sample period several times
to set a few experimental parameters. The last four
quarters constitute a strict out-of-sample set, which
was only used once. Because the Recon portfolios
still strongly outperform their benchmarks during
the strict out-of-sample year, we do not feel that
the previous fourteen quarters of results are opti-
mistic. Additionally, by using higher margins and
costs than necessary we have attempted to avoid any
unintentional optimism in our results. We have not
discussed potential problems with margin calls, but
since the worst single-quarter returns for either Re-
con portfolio was only -8% and since we kept a 20%
cash buffer, we do not believe this would have been
a problem.

5 Related Work

Related work in finance deals with other methods for
adjusting the exposure of a portfolio. Long/short
strategies are not the only way to get a near-zero
beta portfolio—a manager can also short S&P 500

futures to hedge (Hull 1993, McGee 1995).
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35% LS Investment

Reward (average return)
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Figure 6: Risk-reward curve for increasing invest-
ment in a Long/Short portfolio. The bottom point
has zero investment, the top has 80% investment,
and points are in 5% increments.

Levin (1996) used a neural network on monthly data
to form equitized long/short portfolios, generating
an excess return of 175.4% during the period August
1990 — February 1995. Levin reports positive results
in real-time trading, with live trading expected soon.
Apte & Hong (1995) used a similar rule-induction
algorithm to form long portfolios on IBM retirement
fund data, achieving an excess return of 160% over 5
years of monthly trading. Both studies assumed 1%
round-trip transaction costs and used the S&P 500
as an appropriate benchmark. In previous work with
Recon we observed an excess return of 144% during
the period October 1988 — March 1993, also using 1%
round-trip costs. The appropriate benchmark was
custom-designed but very close to S&P 500 (John et
al. 1996).

6 Conclusion

For many significant reasons, long/short equity man-
agement is growing in popularity. When subject to
a number of risk controls, such strategies typically
require quantitative models for estimating future ex-
cess returns.

Any modeling tool used for money management
should produce a comprehensible model. With mil-
lions of real dollars at stake, the ability to under-
stand and interact with the model is a necessity.
Neural networks are very popular with quantita-
tive managers, but their opacity makes them a less
than ideal tool (Barr & Bhagat 1994). We believe
that Recon’s ability to discover patterns and present
them as easily understood rules, explain why it in-
cluded certain rules, interact with an analyst to
modify the rules, and explain its predictions, makes



it an excellent tool for financial modeling and stock
selection.

Of course, to be a useful tool, the learned rules
must be good predictors of future performance.
Our experiments show that the long/short portfo-
lio selected by Recon significantly outperformed the
benchmark over four and a half years of trading.
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