FUNDAMENTALS OF INVESTING

Study Questions
Value of Using Al
To Select Stocks

Machines don’t
necessarily produce
unique portfolios

By MARK HULBERT

rtificial intelligence
burst onto Wall
Street several years
ago, to fanfare and
hope. Unfortunately,
Al-based investing
strategies have struggled to live up
to some of the more inflated expec-
tations for their performance.

There is no denying these strate-
gies’ theoretical promise. By being
able to sift through otherwise pro-
hibitively large amounts of data,
and then “learn” from it, Al is sup-
posed to be able to discover profit-
able patterns that were previously
invisible to mere mortals.

And, sure enough, they appear to
have done so—on paper. Doron
Avramov, a finance professor at the
Interdisciplinary Center Herzliyah
in Israel, says that when tested us-
ing historical data Al strategies
have been phenomenally successful,
beating the market by as much as
40% on an annualized basis.

No other approach has come
even close to producing that kind of
a profit.

Making this market-beating po-
tential even more alluring is the de-
teriorating profit of many of the
well-known factors (or stock char-
acteristics) that previous research
had identified as having value when
nickine <tocks—such as momentum.

market cap, volatility, low ratios of
price to earnings, book value, sales
and so forth. Researchers have
found that more than half of the
paper profit that initial studies re-
ported for those factors disap-
peared when they were put into
practice.

Unfortunately, according to a
new study recently completed by
Prof. Avramov and two colleagues
(Si Cheng of the Chinese University
of Hong Kong and Lior Metzker of
the Hebrew University of Jerusa-
lem), the same thing is true about
Al strategies. In the real world,
their market-beating performance
almost completely disappears.

Reality check

Prof. Avramov and his colleagues
reached this conclusion after re-
creating several different neural
networks (a set of algorithms de-
signed to recognize patterns) and
other machine-learning techniques
that past Al researchers have found
to be worthwhile. They then fed
into these networks virtually all of
the indicators that previous re-
search had found to have at least
some value when picking stocks—
more than 100 in total. They then
“trained” their network on a data-
base of U.S. stocks dating back to
1957, looking for interactions be-
tween, and combinations of, these
indicators that were more profit-
able than any of them individually.

A number of alarm bells started
going off as they examined the
portfolios that their networks pro-
duced. For example, they noticed
that much of the portfolios’ paper
nrofits were comine from micro-
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caps—stocks with tiny market caps.
That’s troublesome because so few
shares of these stocks trade that
it’s difficult to establish a sizable
position in them without causing
their prices to skvrocket It’s also
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difficult to borrow shares of these
stocks when you want to sell them
short.

This heavy reliance on microcaps
is just one way in which the AI strat-
eoies often make unrealistic assumn-

tions about the real world. Upon re-
stricting their Al strategies to stocks
that were relatively easy and cheap
to trade, Prof. Avramov and his col-
leagues found that more than half of
those strategies’ paper profits disap-
peared. And that was before transac-
tion costs, which could easily eat up
the remainder of those strategies’
theoretical profits—given that ma-
chine learning generates much
higher trading volume than that of
conventional strategies such as mo-
mentum and value investing, accord-
ing to Prof. Avramov.

Mediocre machines

A perhaps even more surprising con-
clusion from the study is that the
portfolios the AI strategies produced
weren’t particularly distinctive. On
the contrary, Prof. Avramov says,
they were quite similar to portfolios
produced by the well-known factors.
In other words, these machine-learn-
ing techniques largely failed to live
up to their promise of finding previ-
ously hidden patterns in the stock
market.

All in all, it appears that there is
“many a slip between the cup and
the lip,” to quote the ancient prov-
erb.

This perhaps helps to explain why
hedge funds that employ Al haven’t
outperformed the S&P 500 over the
last decade. Consider the Eureka-
hedge AI Hedge Fund Index, which
“is designed to provide a broad mea-
sure of the performance of underly-
ing hedge-fund managers who use
artificial intelligence and machine
learning theory in their trading pro-
cesses.” Since its inception in Janu-
ary 2010, the index has produced a
12.7% annualized return, in compari-
son to a dividend-adjusted 13.3% for
the S&P 500.

These results don’t mean that Al
is worthless, Prof. Avramov is quick
to add. “It’s just that its potential
has yet to be proven,” he says. “Al
definitely has promise, perhaps not
just as much promise as some have
made it out to appear.”

Mr. Hulbert is a columnist whose
Hulbert Ratings tracks investment
newsletters that pay a flat fee to
be audited. He can be reached at
renorts@wsi.com.
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