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Abstract

A group that makes better decisions than its
individual membersis considered to exhibit
collective intelligence (Cl). This paper describes the
design and testing of a prototype Cl system that
makes stock trading decisions based on group input.
We hypothesized that the Cl system would
outperform the major stock indices, and that the
performance of the system would improve as the size
of the group increased.

During an eleven trading-day test period, the system
outperformed the NASDAQ, S& P 500, and DJIA
stock indices by margins of 12.40%, 5.68%, and
2.25% respectively. Statistical analysis showed that
it was highly unlikely that a random sample of
NASDAQ stock picks would have performed as well
asthe system (p<.02).

We also found that the system performed better when
trading decisions were based on input from larger
groups, suggesting that Cl rather than individual
intelligence was responsible for the system’s overall
good performance. Further testing is needed to see if
these results will hold up over alonger period of time
and with more participants.
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Introduction
Isit possible to forecast stock prices accurately?

Given that simply buying an index fund, such asthe
S& P 500, can outperform more than 80% of the
professional analysts and stock traders on Wall
Street, some have argued that stock picking isa
losing proposition [1]. Thosewho insist on trying

anyway generally fall into one of two camps: value
investors or technical investors.

Value investors, of whom Warren Buffet is probably
the best-known example, buy companies that they
feel are undervalued and then sell them when the
stock prices adjust upwards[2]. Technical investors
analyze charts and graphs in an attempt to find
inflection points, market peaks and bottoms, or other
patterns or trends that they think will give them an
investment edge [3].

One common argument against the possibility of
forecasting stock pricesis the market efficiency
argument. According to this point of view, if
technical analysis, valueinvesting, or any other
method based on generally available information
really worked then enough people would begin using
it so that any advantage would disappear. However
some researchers have pointed out that the very fact
that traders are willing to pay for information
indicates that markets cannot be informationally
efficient [4, 5].

A potentially more serious problem — at least for
value investors —is that the stock market does not
seem to berational. Rational expectation models of
the stock market do not predict speculative bubbles
and crashes, yet these are relatively commonplace
phenomenon both in the real world and under
experimental laboratory conditions[6, 7].

There isagrowing body of evidence that the key to
forecasting the stock market lies neither in value
analysis nor in technical analysis. Rather, investor
psychology seems to be the critical factor.

Instead of treating investor psychology as noise, we
should recognize that it is actually the signal that
drives much of the day-to-day price fluctuations. In
fact, when researchers have conducted experimental
studies of investors, they find that people do not seem
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to take a random walk down Wall Street. Instead
they behave in predictable ways, which can be
captured by models that incorporate psychological
assumptions, such as momentum investing [7, 8].

People also tend to expect rising prices, miss price
jumps, and learn from experience [6]. In fact one
researcher has shown that the severity of price
crashes has a very strong correlation (R?=0.98) with
the length of time since the last crash [9].
Apparently, over time, people forget that crashes can
happen and eventually get carried away with
“irrational exuberance.”

Of course the media and analysts have built a multi-
billion dollar industry rationalizing and interpreting
market psychology after the fact. People talk about
whisper numbers and investor confidence, but the
truth is most professionals haven’t a clue what is
about to happen. What aimost all of them are quite
good at doing is creating a story, after the fact, to
explain what already happened.

But what if there were away to instantly gather and
synthesize all of the complex variables that comprise
investor psychology, and then distill theminto a
single number — a forecast of afuture stock price?

Infact, each individual investor is doing exactly such
asynthesisin hisor her own brain before making an
investment decision. However the synthesisis
imperfect. It isimperfect, in large measure, because:

a) nooneinvestor has accessto all of the
relevant information,

b) no oneinvestor has the brainpower to
process al of the information rapidly
enough to make optimal decisions, and

¢) individual investors make mistakesin
judgment

Notice however that al three of these shortcomings
might be overcome by groups. Groups, collectively,
have access to more information than an individual
does. Groups, collectively, have the brainpower to
process much more information than an individual
can. Groups, collectively, generally have better
judgment than asingle individual. (For example, the
use of twelve jurorsin ajudicia system, or of peer-
review in academia, relies on this principle.)

Collective Intelligence

Collective Intelligence (Cl) has been defined as the
ability of a group to solve more problems than its
individual members[10]. This definition could
certainly be expanded to include other types of
cognition besides problem solving. For example, a
group that makes better decisions than its individual
members might be considered to exhibit CI.
Similarly a group that makes more accurate stock
forecasts than itsindividual members might also be
said to exhibit ClI.

Simply put, when Cl is operating, many minds are
better than one.

Applying CI to the domain of stock price forecasting,
one could imagine a system that would combine the
information, processing power, and judgment of
many minds to create collective price forecasts that
were more accurate than those produced by most
individual investors. Since al investors buy or sell
stock based on their future expectations (usually
individual forecasts), a Cl system that traded based
on collective forecasts should outperform the major
market indices. Specifically, we hypothesized:

1. A Cl system would outperform the
NASDAQ, S&P500, and DJIA.

2. A CI system would perform better as more
people participated in the system.

Prototype

iQ Company (iQ) built a prototype consisting of a
website, a database, and proprietary information
processing algorithms. Figure 1 illustrates the basic
architecture of iQ’s prototype system.

s e O

website processing algorithms database

Figure 1. Basic Prototype Architecture
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Investors went to the prototype’ s website where they
forecast tomorrow’ s closing price for the stock(s) of
their choice. To create collective forecasts, and to
prevent unscrupulous individual s from gaming the
system, we then processed the raw individual
forecasts through proprietary and patent-pending
technology.

The details of this processing system are described in
our pending patent [11]. However, conceptually, our
system weights each individual’ s forecast by the past
track record of that individual on a particular stock.
Information about the performance of each investor
was stored in a database where it could be accessed
by the processing a gorithms as needed.

For example, suppose John and Sue are the only two
individual s who have made forecasts about IBM’s
stock price. Our system tracks how accurate John
and Sue are over time. If John is more accuratein his
forecasts than Sue, then when the forecasts of John
and Sue are combined into a single collective
forecast, the system will give John's forecast more
weight than Sue's forecast.

A powerful feature of the Cl approach is that as more
people use the system, the system becomes more
accurate. This creates a positive feedback loop —
sometimes called a* network effect” —in which more
people using the system induces even more people to
use the system.

It may be useful to describe how the system worked
from the point of view of a participant in our test.

Parti cipants began by going to a website and entering
stock symbolsto get 15-minute delayed quotes
(Figure 2).
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Figure 2. Initial Quote Request Screen

The prototype then returned a table of quotes, with
blank fields where participants could enter their
forecasts for tomorrow’ s closing price for these same
stocks (Figure 3).
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Figure 3. Enter Stock Forecasts Screen

Next, the system included the participant’sindividual
forecastsin its collective intelligence calculations,
and showed participants up-to-the-minute collective
forecasts for each stock that the participant had
forecast (Figure 4).

. PREDICT WALSTREEYs

W R N D AT SEEC R ETEEN I M R DT L P ETSER I WEOE ELDT A

Figure 4. Display Collective Forecasts Screen

Note that this approach incorporated an informational
trade: the participant entered an individual forecast
and received in return a potentially more valuable
collective forecast from the system.

At the top of every screen, participants saw iQ’'s
patent-pending Tomorrow Ticker™ , which displayed
continuous updates of both stock quotes and
collective forecasts (Figure 5).

farrest 3Gock [ootan: (B9 W.00 ESFT S DECL DA.06  GEA
tellective Forecasis; ISFT 5! [EML 14 AL 1

Figure 5. The Tomorrow Ticker
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The top line of the ticker showed a 15-minute-
delayed quote for the symbol while the bottom line
showed the latest collective forecast of tomorrow’s
closing price for the same stock symbol.

M ethodology

iQ partnered with Save Our Shores (SOS) —alocal
environmental group with amailing list of about
1,500 members. Interviews with members of SOS
suggested that this group was representative of the
general population with the exception that SOS
members tended to be more environmentally
conscious than the average citizen. Not all SOS
members had Internet access, but enough did so that
we could conduct a useful test of our prototype.

We wanted to target average people who did not
possess any special knowledge and who were not
professional traders. Our reasoning wasthat if we
could get results by tapping the collective intelligence
of members of the general population, then the results
would only get better if we tapped stock trading
professionals. We also wanted to generalize any
results to the online investor population at large — and
this population is made up mostly of people who do
not invest professionally.

To encourage participation, iQ offered to donate a
minimum of one cent for each individual forecast
anybody made during the test period. iQ also offered
to increase this donation if the system outperformed
the S& P 500 and/or if participants entered forecasts
on more than one day during the test period.

The test period was scheduled solely for the
convenience of SOS. The test period began on
February 5, 2001 and ended on February 20, 2001.
Due to weekends and holidays, this period contained
eleven trading days when the major US stock markets
were open. iQ contacted SOS members via mail and
Email to promote participation in the experimental
test. All together, 63 individuals participated — about
a 4% response rate from the 1,500 members
contacted. These 63 participants entered atotal of
785 individual forecasts. From these 785 individual
forecasts, the collective intelligence algorithms
generated 401 unique collective forecasts. The
results reported below are based on various analyses
of these 401 collective forecasts.

Here is how the ClI system operated during the test:

Asindividuals entered their stock forecasts, the
system processed these forecasts using its computer
algorithms and generated collective forecasts. Each
collective forecast represented the processed
intelligence of one or more individual s regarding the
closing price of a particular stock the next day. For
example, the collective forecast, IBM 114.25, means
that based on the input of all individual forecasts for
IBM, the system has produced a single collective
forecast that IBM will close at 114.25 tomorrow.

Each day, just before the market closed, we simulated
trading on all available collective forecasts for the
next day. Trading on the collective forecasts means
we followed these rules:

1. If today’sclosing priceislower than the
collective forecast, then buy the stock
because the system is saying it will go up
tomorrow.

2. If today’sclosing price is higher than the
collective forecast, then sell the stock
because the system is saying it will go down
tomorrow.

3. If today’sclosing priceisidentical to the
collective forecast, do nothing because the
systemis saying there will be no change
tomorrow.

4. Theamount of stock bought or sold is
proportional to the % difference between the
collective forecast and today’ s closing price.
This means you buy more of a stock that is
forecast to go up alot than you do of a stock
that is forecast to go up only alittle.
Similarly, you sell moreif the stock is
forecast to go down more.

5. If the collective forecast was correct in
predicting the direction that the stock
moved, then you made the difference
between the closing price on the day the
collective forecast was generated and the
next day — when the collective forecast
could be tested. If the collective forecast
was wrong about the direction, then you lost
the difference.

The overall return from trading on the collective
forecasts is simply the average of the percentage
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gains and losses from all trades made during the test
period.

Results

Our first hypothesis was that a Cl system would
outperform (i.e. yield better returns than) the
NADAQ, S&P 500, or DJA.

We compared the actual return that would have
been generated by trading on the system’s
collective forecasts with the actual return that
would have been generated by investing in the
NASDAQ, S&P 500, and the DJIA stock

indices. Figure 6 shows the results of this
comparison graphically. Performance of the
indices assumed we bought each index on Feb 5"
and sold it on Feb 20" — the same period covered
by our test of the ClI system.

Trading Performance 02/5 - 02/20
(11 trading days)
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Figure 6. System vs. Mgjor Indices

The CI system gained .11% during the eleven
trading-day period while the other indices suffered
losses. The system outperformed the NASDAQ,
S& P 500, and DJIA stock indices by margins of
12.40%, 5.68%, and 2.25% respectively.

A t-test showed that the probability that the Cl
system would outperform the NASDAQ by as much
asit did simply by chanceisless than two in one
hundred (p<.02, two-tailed t-test). Thisresult is
statistically significant.

If collective intelligence is responsible for the better
performance of the system, then as more people use the
systemi it should perform better. The best way to test this

hypothesis would be to run afollow-up test with avery
large number of participantsto seeif the Cl system
performs even better. However it isalso possbleto
divide the data we have aready collected into groups of
collective forecasts that were based on different numbers
of individual forecasts.

For example, on one day we might find that the
collective forecast for IBM was based on only two
individual forecasts, while on another day, the collective
forecast for IBM might have been based on eight
individual forecasts. If the collective forecast based on
eight individual forecasts proved to be more accurate
than the forecast based on only two individual forecadts,
then this would be evidencein support of Cl.

We divided the 401 collective forecastsinto three
groups—those based on only one or two individual
forecasts (Low Cl, n=368), those based on three
individual forecasts (Med Cl, n=17) and those based on
four or moreindividual forecasts (High Cl, n=16). We
then compared the gains made by trading on collective
forecastsin the three groups. Figure 7 showsthe results
of this comparison.

Results by # of Individual Forecasts
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3.00% -
2.50% -
2.00% 1.73% [
1.50% -
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0.50% 0:02% —
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Low (1 or 2), Med (3), High (4+)

Figure 7. Results by # of Individual Forecasts

Figure 7 shows clearly that when the system’s
collective predictions are based on more forecasts,
they are more accurate, and trandate into higher %
gains. Itisunlikely that the better gains achieved by
the collective forecasts based on three or more
individual forecasts are smply due to chance (p<.07,
one tailed t-test).

Perhaps more importantly, from an investors point of
view, Figure 7 shows we could have made 3.23%
profit (instead of the .11% overall profit shown in
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Figure 6) during the eleven-day test period, if we
used only collective forecasts based on four or more
individual forecasts. Assuming 250 trading days, this
equates to a 73.4% annual return on investment.

Conclusions

First, the system for forecasting stock prices
outperformed the NASDAQ, S& P 500, and DJIA
during our test period. Second, statistical analysis
showed that it was highly unlikely that this
exceptional performance was due to chance. Third,
detailed analysis showed that the system’s
performance improved as more people participated
(i.e. when collective forecasts were based on more
individual forecasts), suggesting that Cl wasthe
responsible for the overall good performance of the
system.

Together, these preliminary results make a strong
case that the Cl system works and that it offers
significant gains over simply investing in index
funds. However since the test was conducted over
only eleven trading days, and because atotal of only
63 people wereinvolved in the test, moretesting is
needed to prove the advantage of the Cl approach
conclusively.

Next steps include improving the reliability and
usability of the CI prototype, conducting atest on a
much larger scale, and experimenting with variations
of the Cl processing algorithmsto identify those that
are most effective. If the preliminary results reported
here continue to hold over longer periods of time and
with larger numbers of participants, then systems
incorporating Cl may become essential tools for
investors of the future.
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