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Abstract

This paper presents an empirical analysis on the profitability of technical
analysis in the stock market during the 1970s and 1980s. Its purpose is to test
whether the market for equities is weakly efficient, i.e., can excess profits be made
using only the information contained in past prices? The study finds that: 1) stock
price movements do possess systematic price runs and that past prices do contain
information relevant for predicting future price movements; 2) although this price
information most likely cannot be exploited in the cash market for stock, it can be
exploited in the futures market for stock, i.e., there are unexploited profit opportunities
available in stock index futures; and 3} the stock market, in the broader sense, is
therefore inefficient. The analysis differs in several respects with those of earlier
studies. Specifically, the existing literature on trading rule profits in the stock market
neglects the futures markets for stock, uses daily and lower frequency data and
examines only one trading rule — the filter rule. This study, on the other hand,
examines the profitability of trading stock in both the cash and futures market, uses
hourly data for the most recent experience of the 1970s and the 1980s and tests the
profitability of a number of widely used technical rules. One of the major results of
this study is that all of the technical rules examined are considerably more profitable
with hourly data than they are with daily data.



Technical Analysis and Stock Market Efficiency

The proposition that financial markets are efficient continues to be one of the most
firmly rooted beliefs in economics and finance. According to this view, no unexploited
profit opportunities should be available in the market, i.e., market agents should be
unable to earn returns systematically in excess of equilibrium expected returns (see Fama
{1976]). In such a world, therefore, technical noise trading is irrational and should be
absent from the market.! Yet this efficient markets view runs counter to what is
observed in many of today’s financial markets. There is a growing body of evidence
which suggests that the use of technical analysis, and thus the presence of technical noise
traders, is widespread.”?  Efficient market theorists explain this apparent anomaly by
recognizing that price runs, although unsystematic, do exist in an efficient market. A
particular technical rule, therefore, may seem to be profitable during any given time
period, thus causing market agents to believe mistakenly that they have found a way to
beat the market. But, given a sufficient amount of time, such traders will find that
their rules are relatively unprofitable on average (see Elton and Gruber [1984] and
Tomek and Querin [1984]). Efficient market theorists thus view the presence of noise
traders as a rather transient phenomenon.

The present study provides an empirical analysis on the profitability of technical
analysis in the stock market during the 1970s and 1980s. It employs a number of

random walk and trading rule tests and uses a data set that consists of hourly, daily

Technical noise (raders employ trading strategies that are unrelated to any nmotion of market fondamentals,
instead of passively holding the market porifolic as prescribed by the theory of efficient markets. In many cases
these trading sirategies, which are commonly referred to as techunical amalyals, rely solely om past price
movements. A more detafled discnssion of the use of technical analynis ls provided below.

A primary reason for the rapid growik of technical moise trading centers om ihe phenomenal growih in computer
technology, Traders have, at the touch of a key, access to all of the most popular techuical models. For a
discussion on the nse and availability of this technology see the November 1987 issue of Futures Magasine.

C.V. Siarr Center for Applied Economies 1



and monthly observations on the S&P 500 and the Dow Jones Industrials price indices.
Its purpose is to test whether the foregoing view on noise trading is accurate, i.e., is
noise trading an unprofitable and therefore transient phenomenon? If not, then the
market for stock is inefficient. The analysis finds that all of the hourly technical rules
examined, when based on gross returns, consistently outperform the buy and hold
strategy by substantial margins during the entire period studied. In terms of net
returns, the analysis finds that while the technical rules are most likely unprofitable
when used as a strategy to trade in the cash market, they are clearly quite profitable
when used to trade in the futures markets. Hence, the study finds that: 1) stock price
movements do possess systematic price runs and that past prices do contain information
relevant for predicting future price movements; 2) although this price information may be
unexploitable in the cash market for stock, it is exploitable in the futures market for
stock, i.e., there are unexploited profit opportunities available in stock index futures; and
3) since the cash and futures markets (as well as the options market) for stock are all
highly interdependent — any price movement in one market is quickly transmitted to the
others — the stock market, in the broader sense, is therefore inefficient.

The analysis here differs in several respects with those of earlier studies. First,
while this study examines the profitability of using technical analysis in both the cash
and futures markets for stock, all of the earlier trading rule studies concerning the stock
market restrict their analysis to the cash market.” This study shows that it is precisely
because transaction costs are considerably lower in futures markets that the technical
rules can be used to trade stock profitably. Thus, Fama and Blume [1966], which also

finds that technical trading produces excessive gross returns, concludes that such trading

In fact, the existing literature om trading rule profits in the stoek market, in the main, predates the 19703, The
most recent irading rule siudy the amthors were able io find concerning the stoek market is Fama and Blume
[1968]. There has been some work examining the use and profitahbility of technical models in fotures marketis,
but these studies do nol examine stoek Index fuimres. See, for example, Neftel and Policano [1984), Erwin and
Ubrig [1984] and Lukac, Brorsen and Irwin [1987a, 1987b]. For au amalysis of these models fu the foreigm
exchange market see Schulmeister [1987]. Note that all of these studies find cvidence indicating that technieal
analysis is more profitable than what can be expecied in am efficiemt market.

C.Y. Starr Center for Applied Economies 3



is unprofitable in the cash market due to high transaction costs. Second, the analysis
here uses hourly data, whereas all of the earlier trading rule studies (in both the cash
and futures markets), and to a large extent the earlier autocorrelation studies as well,
use daily or lower frequency data, i.e., they overlook the significance of intraday price
behavior." One of the major findings of this study is that the profitability of technical
analysis and departures from random behavior both increase as the frequency of the data

is increased. The technical rules are considerably more profitable with hourly data than

5

they are with daily data.” Third, this study tests the profitability of a number of the

most widely used technical rules, whereas the earlier trading rule studies in the stock
market examine only one type of rule — the filter rule. The filter rule, however, is
rarely used in the marketplace. As such, the trading techniques which are actually used
in practice, for the most part, have not been tested in the stock market. This study
shows that the more widely used technical rules are more consistently profitable than the
filter rule.®’

The findings of this study inspire at least two questions: 1) If technical trading
generates excess profits, why doesn’t everyone use them (i.e., who are the losers in the
game)?; and 2) What is the significance, if any, of noise trading for stock price

movements? These two questions receive rather cursory treatment here. The study

For & review of the earlier literature on weak form efficiency see Yama [1970, 197¢] and Kuehner [1976]. There
have been a few studies recently to test for antocorrelation im intraday returns during eertain lmited time
periods. These sindies indicate that intraday returns are characierised by a significant degree of nonrandom
behavior, thereby confirming the resulis obtained im this siudy. See, for example, Hasbrouck and Ho [1087] and
Wood, Mchish and Ord [1987].

It should be moted that the earlier studies on weak form market efficiency also indicate the meed for higher
frequency data. The results of Fama's auiocorrelation tests (Fama [1985]) reveal that the degree of linear
dependence increases as the frequeney of the data is increased. He finds that the degree of dependence s highest
for daily data, the highest frequency examined. In terms of the filter rule iests, ¥ama and Blume [1968] report
that the profitabiliiy of the filiers Increase as the sse of the filier is reduced. The mmallest filter is found to be
the most efficient filter examined. A discussion on filier rules as well as other iypes of rules Is provided below,

Filter rules are uwsually mot considered a component of technical analysls and Xaufman [1978] does noi even
mentjon them. The list of researchers who have investigated the profitability of fllier rules include the following:
Alexander [1964] and Fama and Blume [1966] In the stock market, Stevemson and Bear [1970] n the commodities
market and Pool [1967], Dooley and Shafer [1976, 1083], Logue and Sweeney [197F], Cornell and Dietrich [1078]
and Sweeney [1985] in the foreign exchange market.

Several researchers have also found that filler rules are less profitable In other financial markets, e.g., see
Schulmeister [1987] and Lukac, Brorsen and Irwin [1987].

C.Y. Starr Cenier for Applied Economics 3



does, however, shed some light on the second question. In particular, we examine the
profitability of the technical rules during the weeks surrounding the market crash of
October 19, 1987 in an out—of—sample case study. Although the evidence is indirect,
the analysis indicates that noise trading in futures markets works to exaggerate price
movements. These overshooting price movements are then -quickly transmitted to the
cash market with the help of index arbitragers. The analysis suggests that noise trading
is at least partially responsible for the events which transpired on October 19th.

The structure of the paper is as follows, Section I offers the results on two
random walk tests. Section II examines the use and profitability of technical analysis
and provides the results on a number of trading rule tests. The month of October 1987

is singled out in an out—of—sample case study. Section III offers concluding remarks.

L A Random Walk Down Wall Street?

It has long been held that stock prices follow a random walk. Although the
theory of efficient markets implies that prices in an efficient market will follow the more
general submartingale model, researchers continue to use the random walk terminology.®
In either case, returns in excess of equilibrium expected returns are not forecastable. In
such a world, trading rules are completely useless. But before examining the question of
the profitability of trading rules, it is useful first to test directly the proposition that
stock prices follow a random walk (or more generally a submartingale). Most of the
empirical evidence supporting weak form efficiency in the stock market has come from
the early random walk literature (Fama [1970, 1976]). It is therefore of interest to

examine how well the random walk model performs with recent and high frequency data.

Prices follow a submartingale if and only if the mathemaiical expectation of amy fature price, 'baud om
information today, E[P, ., /1], is greater than or equal to the cwrrent price P, (ie, B[P /I z P.), for ol ¢
and k > t. It should be noted that an efficient market does molt mecessarily hn mu'thgh vio:r {e.g. see
LeRoy [1973] and Lucas {1978]). However, efficient market theorlsis contimue to posit random behavior as a
close approximation to the real world (c.g., see Fama [1976] and Malkiel [1984]).

C.V. Starr Center for Applied Economies 4
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In addition, the results of such testing will provide an interesting point of departure in
which to examine the efficacy of technical analysis.’

The results of two random walk tests are summarized in tables 1 and 2. Table 1
provides the results of the Box-—Pierce Q—test (Ljung and Box [1978]) and table 2
provides the results of the Dickey—Fuller F—test {Dickey and Fuller {1979, 1981])."

The data set used for both tests includes monthly, daily and hourly observations on the

1

Standard and Poor’s 500 price index.’’ The entire sample pericd runs from January 1,

1970 to June 30, 1987. The analysis is structured by first dividing the entire sample

into two subperiods, 1970/78 and 1979/87, and then dividing these two sub—periods into

3 smaller subperiods, each lasting 3 years.'?

The striking feature of table 1 is that the random walk hypothesis is more soundly
rejected as the frequency of the data is increased. The random walk fares well on a
monthly basis, but with daily data the hypothesis is rejected in the two larger
subperiods as well as in many of the smaller subperiods. In the case of hourly data the

rejection is unambiguous, the random walk is soundly rejected in all subperiods, both

Note that Lo and MacKinlay [1987] test for ramdem behavior using weekly data for the period covering
September 6, 1961 to December 26, 1985, They find siguificant departures fromm random bebavior.

10 The first approach tests whether P, — P, _, can be described as white noire, using the following Q-—statistic:

k 2
Q(R) = a(a+3) B/l

where r. denotes the antocorrelation ecoefficient of P 1 with j» m is the sample size and 1’ denotes

the log ‘of the stock price. The alternative lypouu-i; lm is thai PUMTSDft — P, _, Is notOwhite noiu. The second
approach is based on the linear regression model Pt. =a+ b TIME + CP + U © where TIME denotes a

trend varizble with sexo sample mean and U_ Is a white moise term. The iypnlhnh of & random walk without

drift is represented by (a,b,c) = (0,0,1) and &e kypothesis with drift is {ab,e) = (2,0,1). The empirical

distribution of the ¥—statistic cam be found in Dickey and Fuller [1081]. The aliernative hypothesis here Is that

Pt, can be described by a potentially nonstatiomary Al(l) process.

1 This index (as well as the Dow Jones Indusirial index which is used In the following section) fs based om

transactions data, Le., each price nsed In consirneiing the index represemis the price of the transaction which

oecurred elosesi to the end of the observation period. The S&P 500 data were acquired from the Siandard and

Poors Company and the Dow Jones Indusirials data were obtained from various back issues of Barron's

magaxine.

12 Note that 1987 includes only the first two quarters. In addition, the hourly data include only the second snd
third quarters for the middle years of the six subperiods examined (1971, 1974, 1977, 1080, 1983 and 1986). The
decldon to limit the sise of the bourly data set was predicated om the fact that each ohservation had to be
loaded imdividually omto the compuier (ie., the daia conld not be found om computer tape or disc).

C.¥, Siarr Center for Applied Economics 5



large and small. This phenomenon of larger departures from random behavior at higher
frequencies has been noted previously in the literature (see Footnote 4). It suggests that
the efficacy of techmical analysis should increase as the time frame over which past price
movements are examined is shortened.’® The results of the F—test (table 2) confirm
those of the Q—test. Although these results do not show the same pattern of rejection,
they do indicate a sound rejection of the random walk hypothesis, even using monthly
data. Together, the results of both tests suggest a much higher degree of linear
dependence in stock prices than has heretofore been reported.

An interesting feature of table 2 is that the size of departure from random
behavior during the individual subperiods is considerably nonuniform (this is also the
case in table 1, but less so). For example, with hourly data the value of the F—
statistic indicates a very strong rejection of the null during the second and third quarters
of 1977, 1980 and 1983.* Yet during the second and third quarters of 1971 and 1974
the random walk with drift cannot be rejected even at the .90 confidence level. When
the results based on daily data are examined, the lack of uniformity is even greater.
This unevenness in the results suggests that the process generating prices either changes

15

over time or is nonlinear.’® In either case, the task of learning the "true" model, which

the theory of efficient markets assumes has already taken place, presents a rather
intractable problem.
The idea that market agents are unable to learn the true model provides an

interesting rationale for the use of technical analysis. A vast literature on human

13 Caution should be taken in relating the profitability of technical analysis to the resulis of the two random walk

tests employed here. Both tests search for linear relatiomshipr. As such, a failure of the tests to rejeet the
random walk hypothesis implies nothing about the existence of monlinear depemdemce. Such nonlinear dependence
tould alsa provide a basis for the profitabllily of techmical rules.

14 The .99 critical values are 6.15 and 8.34 for the null hypothesis that (a,bye) = [0,0,1) ad {abc) = (a,0,1)
respectively. These eritical values are takem directly from Dickey and Fuller [1981].

13 The anthors are ludebied to Romam FPrydman for this imsight. This inferemce is supported by a growing body of
literature which indicates that the processes governing asset prices, as well as many other common ecomomic time
serles, conform more closely to the monlinear rather tham the linear class of models (e.g., see Hinich and Paterson
[1985] concerning stock prices and Framk and Stemgos [1987] concerning gold and silver prices).

C.V. Siaxr Center for Applied Economics [



Table 2

Dickey-Fuller F-Statistic for Significance Testing of the
Random Walk Model Using the Linear Reqgression
Pr = a + b TIME + Ccpt-1
(Pt ... log of the S & P 500 Price Index)

Monthly Data
Null Hypothesis

Daily Data
Null Hypothesis

(a,b,c)= (a,b,c)=

(0,0,1) (a,0,1) (0,0,1) (a,0,1)
1970/87 2.58 1.45 - -
1970/78 1.40 1.40 7.02%) 7.03%)
1979/87 47.87%) 47.83%) 3.76 1.33
1976/72 3.75 3.34 10.72%) 10.52%)
1973/75% 7.48%) 7.86%) 126.70%) 127.05%)
1976/78 58.27%) 38.32%) 1012.42%) 1012 .55%)
1979/81 45.86%) 48.36%) 1.65 1.34
1982/84 61.90%) 62.52%) 212.64%*) 211.94%*)
1985/87 82.92%*) 90.54%) 622.03%*) 620.74%*)

Daily Data Hourly Data

2nd & 3rd Quarter
1971 130.28%) 130.35%) 4.35 4.36
1974 167.78%) 185.16%) 8.82%) 5.38
1977 1723.09%*) 1723.66%*) 25.43%) 25.34%)
1980 80.35%) 81.31%) 64.28%) 62.34%)
1983 430.66%) 429 .75%*) 10.81%) 10.53%)
1986 464,70%) 466.45%) 7.82%) 7.82%)

The superscript *) denotes rejection
at the 95

of the random walk hypothesis



behavior suggests rather strongly that when market agents are faced with a decision—
problem txat involves a level of complexity greater than the level which they can handle
competently, they tend to fall back on relatively uncomplicated rules of thumb (see
Heiner [1983]). Heiner [1983] refers to this lack of ability as a competence—difficulty gap
(C—D gap). In response to a C—D gap, market agents restrict their behavior to only a
limited repertoire of actions. To act otherwise would only serve to reduce performance
(i.e., lead to an increase in the frequency of wrong decisions). Hence, in terms of stock
market trading, the random walk results suggest that market agents are faced with a
C—D gap: They are unable to learn the true model governing asset values and are
therefore incapable of optimally processing information based on this true model.
Research on human behavior suggests that as a consequence, market agents will develop
rule—based strategies. Technical analysis can thus be viewed as a popular class of just
such strategies.

Whether or not it is appropriate to view the widespread use of technical analysis
as the outcome of 2 C—D gap, the results presented here lend support to the notion
that, contrary to popular belief, the random walk model does not provide a good
approximation to the true process governing stock price movements. This conclusion is
strengthened by the fact that traditional random walk tests have very low power (see
Hakkio [1986], Summers [1986] and Frank and Stengos [1986])."° In addition, the results
of the Q—test suggest that the highest degree of linear dependence is to be found with
intraday data. These conclusions lead to the following question: What are the

systematic components in the dynamics of stock price movements?

15 Hakkio [1086] finds that the Q—test and F—test rejects the mull less tham 10 percent of the time in many cases

where the underlying process is mot a random walk. The sindy finds thai of the four random walk tests tested
none have a rejection frequency greater tham 30 percent, givem the wnderlying processes examined. The Q—tesi
was generally found to be the most powerfal random walk test examined.

C.V. Starr Cemter for Applied Economics L



II. The Profitability of Technical Trading in the Stock Market

A. The Pattern of Stock Price Movements in the Short Run

The movements of the S&P 500 price index based on monthly data are shown in
figure 1. It can be seen that the price level changed relatively little during the 1970s
and early 1980s. But, between July 1982 and August 1987, prices rose by 208.0 percent
(from 107.09 to 329.80). The figure suggests that this bull market developed in three
almost monotonic and strong price movements (July 1982 to June 1983, May 1984 to
June 1986, and December 1986 to August 1987). These large runs were interrupted
twice, once by a nonmonotonic price decrease between June 1983 and May 1984 and
again by a nondirectional movement between June 1986 and December 1986 (such
nondirectional fluctuations are called "whipsaws” in the jargon of traders). One of the
implications of these strong price movements, together with similar developments in other
financial markets (e.g., the dollar appreciation of 1980/85 and the great climb in the
price of gold some years earlier), has been to provide the empirical impetus for the
growing body of literature on bubbles (e.g., see Flood, Hodrick and Kaplan {1986] and
West [1984]).

Looking more closely using daily data, however, a very different picture of the
price dynamics emerges (see figure 2). The three upward runs, which appear almost
monotonic on the basis of monthly data, actually consist of a sequence of ups and
downs, where the upward runs last longer and/or are steeper than the downward
countermovements. Thus, the overall price rise is brought about (as every market player
knows) in a step wise fashion (e.g., compare the period between July 1982 and June
1983 in figures 1 and 2). It is important to note that those periods which appear as
whipsaws when using monthly data also involve both upward and downward rums.

These runs are no less long or less steep than during periods with an underlying upward

or downward price trend. The main difference between a period of rising or falling

.V, Starr Center for Applied Economics 8



Figure 1

MONTHLY STOCK PRICE MOVEMENTS ON THE NEW YORK STOCK EXCHANGE
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Figure 2

DAILY STOCK PRICE MOVEMENTS ON THE NEW YORK STOCK EXCHANGE
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BUY AND SELL SIGNALS FROM TECHNICAL TRADING MODELS
S & P 500
1986 MARCH 25TH ~1986 JUNE 5TH
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TECHNICAL TRADING MODELS:
0OSCILLATOR

BUY AND SELL SIGNALS AND RATES OF RETURN ON CAPITAL AT RISK
PRICE SERIES : STANDARD & POCR™S / HOURLY DATA (8)

PERIOD: 1/ '/ 4/1986 - 8/30/ 9/1986
TRADING RULE: OSCILLATOR
SHORT TERM MOVING AVERAGE:

LENGTH: 1
LAG: ]
LOMNG TERM MCVING AVERAGE:
LENGTH: 10
LAG: 5

Table 3

DATE JIGNAL DAYS 3&P 500 SINGLE PATE OF TOTAL RATE OF

OF RETURN

v/ 1/ a/86 3 .0 218,92 .0
7/ 2/ 4/86 b 1.8 235.10 1.6
1/ 5/ 4/86 a 1.0 235.35 -1
8/ 7/ 4/96 b 4.1 228.63 2,
&/ 9/ 4/86 ] 1.8 232.59 1.7
2/10/ 4/86 b .5 234.59 -9
310/ 4/86 g .1 2%4.19 -2
410/ 4/86 b A 234,75 -2
s/11/ 4/86 8 1.1 235.21 2
S/14/ 4/86 b 3.0 236.60 -6
7/15/ 4/86 3 1.3 23747 2
8/15/ 4/86 b .1 231,73 -2
6/18/ 4/86 8 2.8 242.07 1.8
5/21/ 4/86 b 2.9 243.%3 -5
6/22/ 41/86 a 1.1 243.76 .2
8/23/ 4/86 b 1.3 241.7% .8
1/25/ a/86 s 11 242.08 A
2/25/ A/86 b W 242.73 -3
a/25/ 4/86 a .3 241.28 -6
8/25/ a/06 b .5 242.29 -4
4/28/ 4/86 a8 2.5 241.65 -3
7/28/ 1/86 b 4 241.89 -1
4/29/ 4/86 s .5 241,92 .0
1/ 2/ 5/86 b 2.6 235,23 2.8
7/ 2/ 5/86 a .8 235.16 .0.
2/ 5/ 5/86 b 2.4 235.79 -3
TOTAL RATE OF RETURN PER YEAR: 46.5

NUMBER OP TRADING SIGNALS: 155
NUMBER OF BUY SIGNALS: T
NUMBFR OP SELL SIGNALS: ;]

AVERAGE DURATION OP OFEN POSITIONS: 1.2
AVERAGE DURATION CP LONG POSITIONS: 1.3
AVERAGE DURATION OF SHORT POSITIONS: 1.t

SUM OF FROFITS: 56.5 CENTS

NUMBER OF PROFITS: %O

AVERAGE DURATION OF PROFITABLE POSITIONS: 2.2 DAYS
AVERAGE RETURN FROM PROFITABLE POSITION3: 1.17%
AVERAGE RETURN FROM PROPITABLE POSITIONS FER DAY: .51

SUM OP [OSSES: -33%.2 CENTS

{WMBER OF LOSSES: 104

AVERAGE DURATION OF UNPROFITABLE POSITIONS: .T DAYS
AVERAGE RETURN FROM UNFROFITABLE POSITION3: -.72
AVERAGE RETURN FRCM UNPROFITABLE POSITIONS FER DAY: —.46

SINGLE RATES OF RETURN:

MEAN: 15
MEDLAN: -1
STANDARD DEVIATION: .99
SKEWNESS: 2.74
KURTOSIS: 12,35
MINIMUM: -1.05
MAXTMUM: 5.3
T-STATISTIC: 1.88
DEGREE OF FREEDOM: 153

ANNUAL RATE OF RETURN FROM BUYING AND HOLDING: -6.2%

RETURN PER YEAR

0
33%.5
226.3
242.1
266.3
217.3
207.6
195.9
182.0
125.6
120.9
114.1
134.1
106.0



prices and a period of stagnating prices, therefore, is the distribution of upward and
downward runs with respect to their duration or steepness (e.g., a period of rising prices
will involve a higher frequency of longer and steeper upward runs than in a period of
stagnating or declining prices). This pattern of upward and downward price runs which
are interrupted by nondirectional fluctuations can be seen rather clearly with the aid of
hourly data (see figure 3).17 Although there was no underlying price trend during April
and May of 1986, significant upward and downward runs as well as whipsaws occurred.
(A typical whipsaw occurred between April 25 and April 29.)

The preceding observations provide a casual view of the dynamics of stock price
movements. In order for technical analysis to be profitable in such an environment it
must be able to exploit systematically the observed pattern of ups and downs and
whipsaws. The next section investigates this issue, after first providing a brief

description of technical analysis and the various rules we examined.

B. Technical Analysis: Description and Efficacy
The term "technical analysis" is a rather general heading for a myriad of trading
techniques. These techniques attempt to derive profitable buy and sell signals by

8
12 There are two

isolating systematic components in the behavior of a price series.
general approaches in technical analysis, one involves qualitative techniques and the other
quantitative techniques.'® The qualitative techniques rely on the interpretation of some
(purportedly) typical configuration of the ups and downs of price movements (e.g., head

and shoulders, top and bottom, and Elliott Wave formations). They therefore contain an

important subjective element. On the other hand, the quantitative techniques try to

17 The first number appearing in each date in the figure, which ranges from 1 io 8, indicates the specific irading
hour of the day, e.g., T/2/4 signifies the Tth hour of trading (3:00 p.n.) om the Ind of April

18 See Kaufman [1978] for an excellent treatment on this subject.

19

The following description of tecimical amalysis draws heavily om Schubmeister [1987].

C.¥. Starr Center for Applied Ecomomics 9



isolate runs from nondirectional movements using statistical transformations. These
techniques produce a clearly defined series of ex ante buy and sell signals. As such, they
can be formally tested. The analysis below tests the efficacy of four types of objective
trading rules: 1) moving average models, 2) momentum models, 3) the point and figure
technique and 4) filter rules.

The moving average models are one of the most widely used technical tools. They
usually consist of one or two (unweighted) moving averages over the preceding days or

hours. The trading rule is as follows:

— Buy when the short—term (faster) moving average crosses the long—term (slower)
moving average from below and sell when the converse occurs. Or equivalently:
— Hold a long position when the difference between the short—term and the long—

term moving average is positive, otherwise hold a short position.

Since the difverence between the two moving averages fluctuates around zero, this type
of rule is often called an "oscillator." Note that when only one moving average is used,
the spot price series serves as the short—term (one day or hour) moving average.

The momentum models and the point—and—figure technique are also widely used
trading strategies. The momentum rule is based on the absolute or relative difference

between the current price and the price that prevailed k days (or hours) in the past, i.e.:
M(k) = P -P,,

or

PP __
M — PP
Pix

The trading rule is as follows:

C.V. Siarr Center for Applied Economics 10



— Buy (go long) when the momentum (M,) turns from negative to positive and sell

(go short) when the change is in the opposite direction. 20

The point—and—figure technique is in many respects a qualitative approach (Kaufman
{1978] and Welcker, [1982]). However, the basic trading rule can be programmed and is
therefore objectively testable (it was originally developed by Dow). The trading rule is

as follows:

— Buy when a rising price exceeds the most recent high and sell when a falling price

falls below the most recent low.

A simple chart may clarify the meaning of this rule.

Finally, the filter rule prescribes the following strategy:

— Buy when the price exceeds the most recent low by X% and sell when it falls

below the most recent high by Y%.

Figure 3 and table 3 demonstrate how an oscillator model, consisting of one 10
hour moving average, performed between April 1, 1986 and September 30, 1986 using
S&P 500 hourly data.’ On April 1st, at 9:00 am. (the first hour of trading) the
oscillator signalled a short position; thus, the S&P 500 stocks were sold at 238.92. The
next day, at 3:00 p.m. the rule indicated that the stocks should be bought back at

20 The absolute and relative momentum rules thus gemerate identical rignals, Figure 3 displays the relative form.

21 Note that this sample period iuvolves no underlying tremd.

C.V. Starr Center for Applied Economies 11



235.10. Hence, the transaction yielded a simple return of 1.6 percent, or 1.6 cents if it
is assumed that there is always one dollar in the game. The third and fourth trades
were also highly profitable, earning 2.9 and 1.7 cents respectively. However, between the
opening hour on April 25 and noon on April 29, a typical whipsaw movement took place
(figure 3). During such a sequence of small upward and downward price changes the
technical models perform poorly. Their trading signals continuously lag behind the
turning points. In our oscillator example, the rule produced a sequence of 5 losses
between 9:00 a.m. on April 25th and noon on April 29th. But all of these losses are
relatively small, precisely because price changes during whipsaws are small. The
exploitation of the following downward run which lasted until 9:00 a.m. on May 2nd
resulted in a profit of 2.8 cents, much more than the losses incurred during the whipsaw
(1.7 cents).

These observations point to a very important characteristic of technical trading
systems: Since the dynamics of speculative prices consist of many small fluctuations and
fewer relatively persistent runs, the number of single losses is always greater than the
number of single profits; yet the sum of the profits exceeds the sum of the losses.??
Over the entire 6—month sample period the number of losses produced by this moving
average model (104) is much higher than the number of single profits (50). However,
the sum of the profits (56.5 cents) greatly exceeds the sum of the losses (33.2 cents).
The average return on the profitable positions (1.13 cents) is almost four times higher
than the absolute value of the average return on the unprofitable positions (0.32 cents).
Note that the average return per day (i.e., the average "slope" of the price movements)
is roughly the same for both the profitable and unprofitable positions. The difference,

then, between the average return on profitable and unprofitable positions stems from the

22 The typical description of this phenomenon in trader jargom is, "cut losses short amd let profils run,” or, "it s

better to be right at the right time tham to be simply right.,"

C.Y. Starr Cenier for Applied Economiea 12



TECHNICAL

Table 4

TRADING MODELS:

MOMENTUMN

BUY AND SELL SIGNALS AND RATES OF RETURN ON CAPITAL AT RISK

FRICE SERIES : STANDARD & POCR™S / HOURLY DATA (8)

PERIOD: '/ 1/ 4/1%6 -

TRADING RULE: MOMENTUM
TIME 3PAN: 9 HOURS

CATE SIGNAL

P A N N

5/11
2/14/ 4/86
314/ 4/86
4/14/ 4/86
4/15/ 4/86
5/16/ 4/96
6/18/ 4/86
3/21/ 4/86
5/22/ 4/86
8/23/ 4/86
1/25/ 4/86
3/25/ 4/86
1/25/ 4/86
1/28/ 4/86
5/28/ 4/86
8/28/ 4/86
5/29f 4/86
2/30/ 4/86
3730/ 4/86
7/ 1/ 5/8
2/ 2/ 5/
3/ 2/ 5/86
1/ 2/ 5/86
2/ 5/ 5/86

"o CeTUoRoRoNoRoTBTUoTUoOBoORTBOTS oo

.

8/30( 9/1986

DAYS 3 &P 500 SINGLE RATE OF TOTAL RATE QP
OF RETURN REH]RNP'ERTEAR

.0 238.92 Q0
) 238.10 -3 -501. 1
1.5 235.10 1.3 191,2
1.0 235.35 .1 135.8
1.1 228.63 2.9 205.9
1.8 232.59 1.7 237.4
05 234-99 "09 1%-0
1.4 235.21 3 174.3
2.6 235.45 =1 136.6
.1 2%5.9 .2 140.7
.1 236.06 -1 137.7
1.0 2F7.04 4 138.6
.1 237.56 -2 131.9
3.1 242.07 1.9 147.8
2.6 242.59 -2 124.8
1.3 244,47 .8 130.7
t.4 241,75 1.1 140.6
1.1 242.09 .1 136.1
.3 242.712 -3 130.8
A 241.28 -6 121.3
2.6 242,31 -4 103.7
.5 241.26 -4 9.1
.4 243.08 -8 84.9
.6 239.91 -1.3 66.3
.6 210.10 -1 63.9
. 238,69 ~6 56.3
t.5 235.00 1.5 7.9
-4 275,434 .2 5.3
. 236,30 -4 68.7
.5 235.15 -5 62.0
2.4 235.7% -3 54.3
¢ . A .

Ll .
L]

TOTAL RATE OF RETURN PER YEAR: 55.3

NUMBER OF TRADING 3IGNAL3: 182

NUMBER OF BUY SIGNALS:

NUMBER OF SELL SIGNALS:

A
9

AVERAGE DURATION OF OPEN POSITIONS: 1.0 DAYS
AVERAGE DURATION OF LONG POSITIONS: 1.0 DAYS
AVERAGE DURATION OF SHORT POSITIONS:  !1.1 DAYS

SUM OF PROFITS:  53.3 CINTS

NUMBER OF PROFITS: 72

AVERAGE DURATION OF PRCFITABLE POSITIONS: 1.6 DAYS
AVERAGE RETURN PROM PROFITABLE POSITIONS: .88
AVERAGE AETURN FROM PROFITABLE POSITIONS PER DAY: .55

SUM OF IOSSES: -35.6 CENTS

NUMBER OF LJSSES: 109

AVERAGE DURATION OF UNPROFITABLE FOSITIONS: .6 DAY3
AVERAGE RETURN FROM UNPROFITABLE POSITION3: -.33
AVERAGE RETURN FROM UNPROFITABLE POSITIONS PER DAY: -.52

SINGLE RATES OF RETURN:

v

MEDIAN:

.15

-.10
STANDARD DEVIATION: .22
SKEWNESS; 2.75
KURTOSIS : 11.27
MIMIMUM: -t.7%
MAXTMOM: 5.9
T-STATISTIC! .23

DEGREE OF FREEDUM:

180

ANNUAL RATE CP RETURN FRCM BUYING AND HOLDING: —6.2%



fact that the profitable positions last much longer (2.2 days) than the unprofitable
positions (0.7 days). Thus, the pattern of returns in our oscillator example results from
an ability to exploit systematically price sequences consisting of many small price
fluctuations, but which also involve a relatively small number of large and persistent
price runs.?’ For the period as a whole, the oscillator produced a gross return of 23.3
cents, which translates into an annual profit rate of 46.5%.%*

Table 4 indicates that a momentum model with a time span of K = 5 hours
produced results similar to those of the oscillator. This rule generated an annual return
of 55.3% over the same subperiod. The pattern of returns is quite similar to that of the
oscillator model, except that the number of trading signals is higher and the duration of
open positions consequently shorter. Note that the t—statistics for both rules (1.88 for

the oscillator and 2.23 for the momentum) indicate that there is less than a 5 percent

chance that the true mean of the single rates of return is zero or less.?’

The performance of the "fastest" daily oscillator during the same subperiod (i.e.,
the 2nd and 3rd quarters of 1986) is presented in table 5.°° The overall return produced
by this rule (10.2 percent) is much smaller than the returns produced by the two hourly

models just discussed. The reason for this difference lies in the inability of the daily

25 This pattern of returns is also exhibited in the distribution of the single rates of return. The median s negative,

the standard deviation is mauny times higher than the mean, ihe distribution is therefore skewed to the right and
the coefficient of kurtoais is more than fonr times greater than that of a mormal distribution.

24 The total rate of retarn per year (R,) is caleulated as the annual sum of all single returns (',j)’

R - — 5 '
Di j=1

where D, denotes the cumulative duratiom of all open positions in days. When wsing hourly data, D is
calculated as the mumber of cumulative trldhg hours divided by the (standardised) womber of tndmg hours per
day. (In the case of the first trade, D, = 14/8 = 1.7 days.)

25 a strict methodological sense t—statistics cannot be used if the sample dstribution is significantly leptokuriotic.
In economeiric practice, however, this restriction is seldom takem imto account. For the purposes of this study
the use of t—statisties seems leas problematic since the distribution of the single rates of returm is skewed to ihe
right. This implies that the namber of relatively large losses is actually smaller than in the normal case.

26 The fastest models (i.e., the models which produce the maximum number of trading signali) were found fo be the
most profitable whea applicd to daily data. Yor the oselllator this involved the shoriest possible moving average
{i.c., two days).
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Table 5
TECHNICAL TRADING MODELS:
OSCILLATOR

BUY AND SELL SIGNALS AND RATES OF RETURN ON CAPITAL AT RISK
PRICE SERIES :  STANDARD & POOR™S

PERIOD: 1/ 4/1986 - 30/ 9/19%€6 .
TRADING RULE: OSCILLATOR
SHORT TERM MOVING AVERAGE:

LENGTH: 1
LAG: o]
LONG TERM MOVING AVERAGE:
LENGTH: 2
LAG: 1

DATE SIGHAL LAYS S &P 50C SINGLE RATE OF 'TOTAL RATE COP
OF RETURN RETURN PER YEAR

1/ 4/1086 s 0 235.14 .0 .0
8/ 4/1986 b 7 233,52 .7 5.9
18/ 4/1966 s 10 242.78 3.8 26,3
21/ 4/1986 b 3 244.74 -1.0 64.0
22/ 4/1966 9 1 242.42 -9 44.5
24/ 4/1086 b 2 242,02 .2 43,3
29/ 4/108%6 3 5 240.51 -6 27.4
5/ 5/1986 b 6 237.24 1.4 37.2

-

] . -

TOTAL RATE OF RETURN PER YEAR: 10.2

NUMBER OF TRADING SIGNALS: %2
HUMBER OF BUY SIGNALS: 26
NUMEER OF SELL SIGNALS: 26

AVERAGE DURATICN OF OPEN POSITIONS: 3.6 DAY3
AVERAGE DURATION OF LONG POSITIONS: 4.1 DAYS
AVERAGE DURATICN OF SHCRT POSITIONS: 3.1 DAYS

SUM OF PROFITS: 31.6 CENTS

NUMBER OF PROFITS: 18

AVERAGE DURATICN OF PROFITABLE POSITIONS: 5.8 DAYS
AVERAGE RETURN FROM PROPITABLE POSITIONS: 1.75

AVERAGE RETURN FROM PROFITABLE POSITIONS FER DAY: 0

SUM COF LO3SES: -26.5 CENTS

NUMBER OF LOSSES: 33

AVERAGE DURATION OF UNPROFITABLE POSITIONS: 2.4 DAYS
AVERAGE RETURN FROM UNPROFITABLE POSITIONS: -.80
AVERAGE RETURN FROM UNPRCFITABLE POSITIONS PER DAY: .34

SINGLE RATES CF RETURN:

MEAN: .10
MEDIAN: -.26
STANDARD DEVIATION: 1,78
SKEWNESS: 2.0e
KURTOS[S: 7.87
AINTMUM: .32
MAXTMUM: 7.49
T-STATISTIC: -40
CEGREE OF FAEEDOM: 50

ANNUAL RATE OF RETURN FROM BUYING AND HOLDING: -3.2%



data to capture the very brief but still significant intraday price runs.?’ Consequently,
the daily models produce a significantly lower number of trading signals than the hourly
models. However, the ultimate reason for the substantial overall rate of return is the
same in both cases, i.e., that the profitable positions last much longer than the
unprofitable positions.

Table 6 shows that the "fastest" daily models were found to be highly efficient
over the entire period, as well as during most of the subperiods. This result holds true
for the two indices examined, the S&P 500 and the Dow Jones Industrials. The annual
returns generated by the filter, oscillator and momentum models centered at 25 percent,
with the t—statistic for the mean of the single returns exceeding 5.0 in all cases. Thus,
the probability that the true mean is zero or less is below 0.005 percent. Only the
point and figure rule (the Dow rule) produced minor losses in three of the smaller
subperiods.

Table 7 presents the analogous results for the hourly technical models. The annual
rates of return are generally much greater. Even the point—and—figure technique (the
Dow rule) performed relatively well with hourly data; whereas with daily data (table 6)
this rule performed relatively poorly. The average return over all of the sample periods
and over all of the 9 selected models was 60.4 percent with the S&P 500 price series
and 54.0 percent with the Dow Jones price series. The difference in overall returns
between the hourly and daily models is explained by the fact that the hourly models
were able to identify and exploit the short but significant price runs much more

28

efficiently than the daily models.”® The frequency of these short but significant price

runs, which often occur within the same trading day, has increased strongly over the last

17 years. This is seen by observing that the number of trading signals produced by the

27 This 1s particularsly evident from the fact thei the leagth of the respective moving averages in "real” time — 3

days In one case and 10 trading hours im the other — are quite aimilar.

28 A 15 minute model wonld probably perform still better.
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1970/87

1970/78
1978/87

1970/72
1973/75
1976/78
1979/81
1982/84
1985/87

1970/87

1970/78
1978/87

1970/72
1973/75
1976/78
1979/81
1982/84
1985/87

Annual Rates of Retwrn from Follewing Trading Rules
for Dajly Stock Price Indices

Filter Oscillator

X: 0.1
¥: 0.1

24.5

33.5
15.1

32.9
44.4
22.8
22.9

5.8
17.3

22.6

34.8
9.8

33.8
50.2
20.6
10.5

8.6
10.8

S & P 500

MA: 2 Ki 1
24.8 24.8
34.8 36.0
14.4 13.0
35.2 37.6
42.3 46.4
26.5 23.6
16.6 22.7
10.3 2.1
17.1 14.8

Dow Jones
25.2 21.9
25.6 33.7
14.3 9.5
33.7 34.3
49.8 50.8
23.3 16,1
16.4 7.9
18.6 10.4
6.9 10.4

Mamentum  Point &

Figqure

14.1
1.0

15.3
21.1
5.8
-2.3
1.9
4.2

8.1

14.3
1.4

18.7
4.6
9.0
9.0
-2.6
=3.1

Average
Rate of
Return

20.5

29.6
10.9

30.3
38.6
19.7
15.0

5.0
13.4

18.5

27.1
8.8

30.1
41.4
17.3
11.0
8.8
6.2

Table &

Buy &
Hold

7.0

C.4
14.4

8.3
-8.9
1.9
8.2
10.9
27.7

6.5

-0.1
13.7

8.0
-6.2
=2.1

2.5
11.2
32.6



2nd+3rd Quarter
1971

1974

1977

1980

1983

1986

Average Rate

of Return

2nd+3rd Quarter
1971

1974

1977

1980

1983

1986

Average Rate
of Return

Filter

-
(=] =]
*
[y

76.5
106.9
60.6
81.0
35.8
60.8

70.3

66.6
162.6
71.9
81.2
3.5
18.8

67.4

.

26.5
138.8
32.8
60.6
53.4
49.9

60.3

17.9
116.6
il1.1
71.8
27.6
3o.8

50.8

Oscillator
MA: 8 10
50.0 37.2
126.9 114.3
51.4 54.2
64.4 56.4
44.3 46.6
55.8 46.5
65.5 £59.2
45.8 39.1
121.1 124.5
51.8 37.8
56.5 48.2
35.8 38.6
41.8 46.2
58.8 55.7

5 & P 500

Moment

52.6
122.4
47.9
64.1
55.0
55.3

66.2

Dow Jones

34.8
95.2
38.7
63.5
24.0
40.4

49.4

um

43.6
103.8
31.0
38.7
39.3
42.5

49.8

48.1
103.9
43.6
31.3
48.5
36.8

52.5

Oscillator
& Momentum

MA
K

P T
-~

35.7
110.9
31.4
46.7
41.3
39.0

50.8

43.5
100.5
38.5
37.5
44.4
42.6

b1.2

10
5

40.2
110.2
50.9
53.4
45.5
38.2

56.4

35.2

102.0

30.3
47.2
32.7
42.7

48.4

Point &
Figure

58.4
130.6
40.3
57.8
41.0
63.7

65.3

62.6
104.0
22.8
66.9
l6.2
40.7

52.2

Average
Rate of
Return

46.7
118.3
44.5
58.1
44.7
50.2

60.4

43.7
114.5
40.7
56.0
30.1
38.9

54.0

Table 7

Buy &
Hold

~3.8
-54.3
~4.8
49.1
18.9
-6.2

-3.9
~48.4
-15.4

40.5

20.4

-5.9



same types of hourly models has increased significantly over time, particularly in the
1980s.2° One of the consequences of this greater short run price behavior is that it has
contributed to a decline in the efficacy of the daily models over time (see table 6). This
occurs because these models continually find themselves lagging significantly behind the

3 Note that the higher rates of return produced by

optimal buying and selling prices.
the hourly models are consistent with the results of the random walk tests, namely, that
the random walk tends to be more strongly rejected as the frequency of the data is
increased.

Table 7 also presents the performance of two models which combine the oscillator
and momentum rules. A trade for such a rule is executed only if both techniques signal

1 The two O&M models examined are only slightly less

the same long or short position.
efficient than the other trading rules, but due to the combined effect of the two rules
the number of trading signals is significantly reduced. Thus, the O&M rules provide a
way to substantially reduce the cost of transacting without substantially sacrificing
overall performance.

Finally, tables 8 and 9 elaborate upon the pattern of returns for 3 trading rules
over the entire sample. The table illustrates that the pattern of returns which was
found for the oscillator and the momentum rules during the two small subperiods (tables
3 and 4) represents a general pattern underlying the efficacy of all of the trading rules

examined.>* As a general principle, the number of losses always exceeds the number of

profits and the average profit (loss) per day is roughly equal for both profitable and

29
This fact is documented in the appendix. This appendix comsists of 32 tables whick provide summary statistics
on the profitability of 32 techmical trading rules.

3¢ For example, the two moving averages of an oscillator eross most often within the day (the optimal iransaction
price). But, with daily data the price signal is yeceived only at the end of the day. If prices move too quickly,
so that the actual transaciiom price differs substantially from the optimal iransactiom price, then the particular
{ransaction In question will produce a lower profit, possibly even a loss.

3

t This type of model was originally developed by Ciiibank for foreign exchange irading (for swiiching so-—called

"sirategic™ currency pesitions between long and short) — see Schulmeister (1087).

32

This can be seen quite clearly in ihe appendiz as well.
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1970/87

1970/78
1978/87

1970/72
1973/75
1976/178
1979f81
1982784
1985/87

1970/87

19706/78
1978/87

1970/72
1973175
1976/78
1979/81
1982/84
1985/87

Annual
Rate of

Return

24.8

36.0
13.0

37.6
L6 .4
23.6
22.7
2.1
14.8

25.2

35.6
14.3

1.7
49.8
23.3
16.4
18.6

6.9

Sum of

Profitra

1174.2

650.7
524.1

197.3
282.5
169.2
186.3
183.6
154.9

1107.0

622.2
685.2

182.5
269.9
169.2
160.9
188.5
136.0

Pattern of Profitable Stock Marker Tradi

Profltable Positlons

Number

BGS

426
380

145
142
140
132
128
122

689

371
319

122
128
123
116
114

90

Durartlion

6.2

Return

per Day

b.28

0.28
0.27

0.25
0.38
0.23
0.25
0.30
0.26

Trading Rule: Oscillator

0.26

0.27
0.25

0.24
0.34
0.22
0.23
0.27
0.24

Based on Dally Data

Trading Rule: Momentun (K:1) for the § & P 300

Sum of

Losses

-741.0

-3z27.1
~4l3.8

-84.9
-143.5
-98.7
-118.4
-177:3
-118.0

-666.2

-302.4
-363.4

-81.6
-121.0
-99.6

-111.7

-1331.0
-i18.7

Unprofitable Posltlons

Rumber

1128

502
625

154
166
182
183
257
184

894

401
492

137
118
145
165
172
154

Duration

2.4

2.4
2.3

2.3
2.5
2.3
2.3
2.4
2.3

Return

per Day

0.3

-0.33
~0.35

-0.29
-0.41
-0.29
~0.33
~-0.37
~0.36

(MA:2) for the Dow

-0.32

-06.32
-0.32

-0.25
-0.41
~0.30
-0.29
-0.33
~-0.34

Mean

.22

0.35
0.11

0.38
0.45
0.22
0.22
0.02
0.12

Jones

0.28

0.4&1
0.15

0.39
0.61
0.26
c.17
D.19
.07

KeodlLan

-0.11

-0.086
-0.17

-0.02
-0.09
~0.06
-0.14
-0.21
-0.16

-0.18

~-0.09
-0.27

-0,09

D.06
-0.17
-0.17
-0.28
-0.31

5.D.

1.57
1,36

1.44
1.96
1.21
1.35
.42
1.29

.75
1.55

1.54
2.15
1.48
1.36
1.72
1.53

Skewness

1.51

1.38
1.62

1.16
1.23
1.34
1.05
2.12
1.48

1.81

1.52
2.15

1.61
1.14
1.83
1.52
2.61
1.717

Single Rate of Return

Kurtosis

1.17
2.07

B.4B
5.9%
6.62
5.40
12.61
7.41

8.77

6.84
11.61

7.36
4.67
9.85
6.26
14.57
8.05

Highest

10.21

10.20
10.21

7.91
10.20
6.39
5.97
10.21
7.40

11.02

9.47
11.02

7.15
B.46
9.47
6.13
11.02
8.65

Table 8

Lowaat

=-5.02

-5.02
-h. 49

-53.02
~4.60
-3.13
k.49
~3.38
-2.73

-4.80

-4.80
-3.62

~4.55
-4.80
4. 46
-2.358
-3.62
-2.93
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unprofitable positions. It follows that the sizable rates of return produced by these rules
are due to the fact that the average duration of the profitable positions is substantially
longer than that of the unprofitable positions (approximately three to four times longer).
This pattern of returns is also revealed by the distribution of the single rates of return.
The median is negative and the mean is positive, the distribution is therefore skewed to
the right and the coefficient of kurtosis is greater than that of a normal distribution.
Note also that the means of the single rates of return for all of the models examined are

all statistically significant at the five percent level.

C. Is the Stock Market Efficient?

The preceding test results reveal quite clearly that in the very short run stock
prices do not follow a random walk (or more generally a martingale). This can be seen
from the fact that all of the models presented in table 7 outperform the buy and hold
strategy in almost every subperiod by considerable margins (the daily models of table 6
also outperform the buy and hold prior to 1982). Thus, these results clearly indicate
that stock price movements do involve systematic price runs and that past prices do
contain information relevant for predicting future price movements. In terms of the
efficient markets hypothesis, however, the situation is not as clear. As noted in section I
(see footnote 8), several researchers have shown that an efficient market does not
necessarily imply a martingale (e.g., see LeRoy [1973] and Lucas [1978]). The situation
depends on how equilibrium returns are modelled. Lucas [1978] concludes that, "with
respect to the random character of stock prices, it is evident that one can construct
rigorous models in which price series have this characteristic and ones with equally

rational and well-informed agents in which they do not." Thus, without an explicit

33 Note, ithat in order for a trading rule io outperform the buy and hold it musi be able to forecast when to hold

a short position profitably. In a world where prices follow a random walk or martingale this is mot possible.

C.¥. Starr Center for Applied Economies 1s



model of equilibrium returns, the rejection of random behavior has few implications for
the issue of market efficiency.

Trading rule tests, however, provide a somewhat unique vehicle in which to test
the efficient markets hypothesis. If it is assumed that the model of market equilibrium
is one where expected returns are always positive, then a necessary condition for market
efficiency is that no trading rule consistently outperform the buy and hold (Fama
[1976]). Hence, if we assume a positive expected returns model, then the results
presented in tables 6 and 7 indicate that stocks are valued inefficiently. Of course, an
efficient market for equities can be reconciled with the results presented here. To do so
would require the assumption of a market model which allowed for zero or negative
expected returns in equilibrium. Such an assumption, however, is somewhat dubious if it
is also assumed that market agents attempt to maximize profits.

The preceding conclusion that the market for equities is inefficient (given a positive
expected returns model) is not new. Fama and Blume [1966] report that based on gross
returns the smallest filters did outperform the buy and hold. They conclude that
although in a strict sense their results are inconsistent with stock market efficiency, "the
market is working rather efficiently from an economic viewpoint." They base this
conclusion on net returns, arguing that when the cost of transacting is considered, the
small filters no longer outperform the buy and hold. Fama [1976] argues that, "strictly
speaking, then, the filters uncover evidence of market inefficiency, but the departures
from efficiency do not seem sufficient for any trader to reject the hypothesis that the
market is efficient so far as his own activities are concerned." This argument leads to
the following question: To what extent do the results presented in Tables 6 and 7

indicate the existence of economically significant departures from stock market efficiency?

C.V. Siaxr Center for Applied Economies 1r



D. Transaction Costs and the Role of the Futures Market

The costs associated with using technical analysis depend to a large extent on

whether the stocks are bought and sold on the New York Stock Exchange (NYSE) or on

34

one of the various futures and options markets.” The analysis here restricts itself to

examining the transaction costs on two of these markets, the NYSE and the Chicago
Mercantile Exchange (CME). **

There are two important factors relevant for calculating the costs of noise trading:
1) commissions and 2) slippage costs.’® In addition, membership on an exchange allows
traders to reduce substantially the expense due to both of these cost factors. Stoll and
Whaley [1987] estimates that on a trade of $10 million of S&P 500 stocks, commissions
and slippage costs are $17,500 (based on $.07 per share) and $25,000 respectively for a
nonmember of the NYSE. This translates into a total cost of .42 percent per trade.

Thus, the hourly O&M (MA:8/K:7) rule, which generated on average 344 trades per year

34 There are four fulnres and one oplions markets that offer irading im contracis based on stock imdices. The

Chlcago Mereantile Exchange (CME) affers trading in two coniracts based om the S&P 500 Index, one a fatures
coniract and the other an options comtract. The Chicage Board of Trade (CBT) offers trading in fatures
contracts based on the Major Market index, the New York Futures Exchange (NYFE) offers trading in futures
contracts based on the N.¥.8.E. Composite index, and the Kansas City Board of Trade (ECBT) offers trading in
fatures somtracts based om the Value Line stock index.

35 Note that the analysis here does not examine the profitability of the trading rules with S&P 500 fatures prices.

It is assumed that the aize amd patiern of retwrns produced with such data will at least approximate the retwrns

obtained with eash prices. There are two reasoms for this assmmption. First, fotures prices rarely deviate from

thelr corresponding cash prices by more than 3 percent at any oue thme due to Index arbilraging (SEC [1987]).

Second, it Is gemerally recognised that price volatiliky {amd therefore the number of perslstent rums) is greater in

the fotures market. In terms of the costs associated with irading on the NYSE, we only examine the costs

subsequent to May 1, 1975, since ihis is the date that competitlve and lower commissions were adopted. Note

that the CME did not begin trading S&P 500 fotwres comtracis umiil April 21, 1583,

3 Slippage costs are incurred when prices move unfavorably after the price signal arrives but before the trade is
executed. They depend on how quickly markei orders are filled, the impact a trade has om market prices amd
how quickly market prices are moving. The cost of eapiial Is of litile consequemce for caleulating the costs of
the technical rules becanse the average duratiom of Jong and shoert positions is roughly equal (see the appendix
tables). This assumes that nolse traders have full mse of the proceeds from short sales. In the futures market
this is always the case and ju the cash markei it Is true for Institutional traders. I also assumes thai nolse
traders have sufficient capital in oxder to absorb the many losses (someibmes gmite large) which temporarily
oeeur. The costs due to the marketmakers hid—asked spread are also Ignored here. Ii s asrumed that each
price In the serles, which gives rise to a buy (sell) signal, is the marketmakers asked (bid) price. This assumption
is reasomable because every buy {sell) signal is mecessarily based on an wp—iic (down—tic), implying that the
marketmaker is most likely being hit on the asked (bid) alde.

C.V. Starr Center far Applied Economics 18



(table 9), involved an annual cost of 144.5 percent on average.”’ Given that the O&M
(MA:8/K:7) rule produced a return of 50.8 percent on average (table 7), the costs
associated with using this rule to trade the S&P 500 stocks were therefore prohibitive for
a nonmember. In the case of trading the Dow Jones 30 stocks, the O&M rule was also
unprofitable, despite the fact that the markets for these blue chip issues are the largest
and most liquid and involve, therefore, substantially lower slippage costs than those -
incurred with many of the S&P 500 stocks.?®

For members of the NYSE, a somewhat different picture emerges. The direct cost
of transacting for members, which involves clearinghouse and exchange fees, is
considerably lower than nonmember commission costs.’® In addition, the costs due to
slippage are also substantially lower for members, because members have immediate
access to the floor. Given that direct transaction costs are .025 percent per trade (see
footnote 39), the break—even level of slippage costs for members using the O&M
(MA:8/K:7) rule to trade the S&P 500 stocks was $12,267; with the Dow Jones 30
stocks this figure was $10,429.°°C Thus, with slippage costs below these break—even levels
the O&M (MA:8/K:7) rule would have been profitable. For example, if members were

able to trade with average slippage costs of $7,500 per transaction, then the leveraged

37 Note that the O&M rules and the point—and—fignre tecknique gemerate the least mumber of trades (see tables 3

and 9). Also note that ali of the trading rules examined in this study assume that the speculator is always in
the game. As such, every buy and sell signal requires two tramsactions, ome to close the exisiing open position
and the other to open a mew positiom of the opposite sign. This implies that the mumber of trades is always
twice the number of open positions, Table 0 indicates that with S&P 500 data the OXM (MA:8/K:T) model
genersies on average 86 opem (both profitable and wnprofitahle) posithoms during every § manth peried and thus
Sdd trades per year.
38 A trader wsing the OLM (MA:8/K:7) rule to trade $10 million (p) of Dow Jomes 30 stocks will just break even
if slippage costs equal $1329 on average per trade. This figure Is based on am average stock price of $60, a
commission rate of $.07 per share (or 116 percent in commissions {¢) on each trade), am average mumber of
trades per year (nt) of 396 (table 9) and a gross retwrn (gr) of 5L.2 percent {table ¥}. The break—even level of
slippage conts (bs) is calenlated as follows: b = [(gr/at) — ¢] - pa = [(:513/396) — .0011€] - $10,000,000.
3% Fuma and Blume [1986] estimates clearinghouse and exchange fees to be .1 percent during the late 10505 and
early 1980s, but Inspection of current clearinghowse and exchange fees reveals that they are now om average a
quarter of this fignre or .025 percent per trade.
40 The break-even level of slippage costs (bs) in trading the SEP 500 stocks equals [{.508/34d) — .00035] -
$10,000,000. Similarly, with the Dow Jomes 30 sioeks, bs = [{.512/308) — .00025] - $10,000,000. See fooinote
38.

C.V. Simxr Cemter for Applied Economies 19



net return on using this O&M (MA:8/K:7) rule to trade the Dow Jones 30 stocks would
have been 58.0 percent annually, a considerable improvement over the average return on
the buy and hold strategy (—2.1 percent).*!

It is apparent that the degree of profitability depends critically on two factors, i.e.,
membership status and slippage costs. The preceding results indicate that membership
status, by enabling noise traders to trade at substantially reduced costs, may provide the
difference between profits and losses. The uncertainty arises because slippage costs are

‘2 The only way to obtain a reliable estimate is to track

difficult to measure ex ante.
the slippage costs actually incurred by members who use hourly rules over a sufficiently
long period of time. If these costs are below the break—even levels than the rules are
profitable; otherwise the converse is true. There are, however, two reasons to suspect
that actual slippage costs in the cash market are probably above the break—even levels.
First, there is a NYSE rule which prohibits short sales on a down tic, i.e., short sales
can only be executed if the price of the preceding transaction involves either a zero or
positive price change. Second, delivery is mandatory on the NYSE and, as a result, a
short seller must find a dealer holding a sufficiently diverse and large basket of stocks
who is willing to lend them. Both of these factors cause slippage costs to be larger than
they would be otherwise. Hence, although the results presented in table 7 reveal that
past prices do contain information relevant for predicting future price movements,

operating procedures peculiar to the NYSE may preclude the profitable use of such

information.

1 This figure is based om average total transaction costs of 39.6 percent ammually, an average gross returm of 51.6

percent annually (table 7) and a margin of 30.0 percent. Although Federal Reserve regulations omly permit
market agents to borrow np io 50 percent of the capital invested, under S.E.C. regulations market agemis who
qualify as "market makers" are exempi from these Fed regulaifons and are able to borrow as mueh as the banks
will lend them. The term "market maker" is Interpreted very loosely and & majority of the major players have
qualified for such siatus (e.g., risk arbltragers, block posltioners, and options traders are curremtly comaidered
under the S.E.C regulations as market makers). These market agemts rowtinely irade om 30 percent margins.

42 Stoll and Whaley [1087] indicates that total transaction costs may be lower for members, but the study does mot

provide an estimate of these cosis.

C.V. Starr Center for Applied Ecomomics 20



In terms of noise trading on the CME, the results are clear. The CME provides a
much more conducive environment for noise trading. This stems not only from the fact
that the costs of trading are lower, but it is also because the CME allows futures
contracts to be bought on a 10 percent margin. Stoll and Whaley [1987] estimate that
for nonmembers of the exchange, commissions and slippage costs amount to $12.50 each
per $100,000 contract (assuming an index of 200.00) or .025 percent per trade. Thus,
the O&M (MA:8/K:7) rule, which produced an average of 344 trades per year, involved
an annual cost for nonmembers of 8.6 percent per contract on average. Even the other
technical rules presented in table 7 (except for the filter rules) all involved costs under
20 percent annually on average."® Hence, all of the technical rules listed in table 7,
which are based on the S&P 500 price series, are highly profitable, since no rule (except
the filter rule) produced an unleveraged return of less than 39 percent in any of the
periods examined since the CME began trading in S&P 500 futures contracts. According
to Fama’s definition of economic relevance, these trading rule results suggest rather
strongly that the market for equities is characterized by economically significant
departures from market efficiency.

The importance of stock index futures markets for technical noise trading cannot
be overstated. The low transaction and information costs associated with their use as
well as the ease and speed with which they enable traders to jump back and forth
between long and short positions combine to make these markets the ideal medium in

which to implement technical trading strategies, especially those outlined in this study.**

43 The filter rules generated twice as many trading signals om average as the other iechmical yules and, as such, are

less profitable. Note ibat for a member of the exchange iransaction costs average between $5.00 and $8.00.
Slppage cosis are also substantially lower for a member. For the umall investor, however, alippage costs are
probably higher than the $12.50 figure cited because pit practices have beem extremely poor I terms of fllling
ike orders of xmall customers {see the Sepiember 1987 issue of Fuiures Magasine).
““ " Sioll and Whaley [1987] reports that the average dollar value of trading in the S&P 500 comtract alome — $13
billion warth of equily value each day — is substamtially greater tham that im the spot market. As a result of
this Nquidity, traders are able (o execute trades with a much smaller market impact (and thus with subsiantially
lower slippage cosés) than if the trades are exeented In the separate stocks (SEC [1987]). Note also that traders
do not have to wait for nonnegative price changes before going ahort as is the case in the NYSE.

C.V. Staxr Center Jor Applied Econcmies 1



The phenomenal growth in the trading of index related futures contracts since their

introduction in 1982 and 1983 is in large part related to the use of technical analysis as

5

well as portfolio insurance and program trading.®® This can be seen from the fact that

daily turnover in the S&P 500 futures market {traded contracts per outstanding
contracts) fluctuates between .5 and 1.0 (see any recent issue of the Wall Street
Journal), implying that open positions last on average 1 to 2 days. This mirrors
exactly the trading behavior implied by the trading rules examined in this study.’® The
Katzenbach study concludes (as reported in the December 31, 1987 issue of the New
York Times) that:

...The stock—index futures market ... is by nature shorter—term and
thus more speculative. ‘Commodity futures markets are not
predominantly markets for long—term investment,’ ... Stock—index
futures can be used to hedge holdings of stocks ... but this function
is ‘hardly as significant as advocates of the futures markets urge.’
In short, stock—index futures are attractive because they are a
cheaper way to play the market.*’

Although it is generally acknowledged that the presence of noise traders is large, their
influence on futures prices and, through index arbitraging, on cash prices is generally
overlooked.*® The two unprecedented episodes of declining prices that occurred in the

markets for equities on September 11 and 12, 1986 and October 19 and 20, 1987, have

43 Porifolio insurance fmvolves the mse of hedging strategies in order to protect portfolios against wmfavorable price

movements, These sirategies usually use fulures contracis to continuously rebalanee positions between stocks and
cash (Treasury bills), thereby assurivg the maintenance of some minimum porifolic value (this is referred to as
dynamic hedging). The term "program trading,” om ihe other hand, Is oftem used to refer to the aciivity of
index arbitraging., Index arbiiragers attempi to exploit the difference beiween the cash and fatures prices
whenever this spread deviates from its arbitrage equiliirfum value (see Santoni [1987] for a description of both
activities).

46 During 1983 and 1686 {Ind and 3rd quarters) the average duratiom of all open positions generated by the

oselllator (MA:3 hours) was 1.3 dayse. For the momentumn (k=7) and the Dow rule the average duration during

the same period was 1.4 and 1.8 days respectively.

47 The Kaizenbach study was prepared by Nicholas B. Kaisenbach at the reguest of the NYSE. This conelusion
that the markels for stock—index fatures are more short—ierm and speculative ko alio confirmed by the Report of
the Presidential Task Force on Market Mechanisms [1988]), commonly referred to as the Brady Report. See also
footnote 2.

“ I fact, the theory of efficient markets assumes that the mpact of nolse trading om the overall movement of
asset prices Is Insignificamt. This belief rests on the argument that if noise traders do caumse prices to move
significanily away from their fondamental values, rational imvestors will step in and trade agaiust them, thereby
driving prices back toward equilibrium.

C.V, Starr Center for Applied Economics 22



Figure 4

8UY AND SELL SIGNALS FROM A TECHNICAL TRADING MODEL AND
STOCK MARKET TUABULANCES
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generally been attributed to market fundamentals and the presence of portfolio insurers and
index arbitragers.’® The importance of noise trading for these two events has gone largely
unnoticed. The next section addresses this issue by examining the use and profitability of

technical analysis during the period surrounding the crash of October 19, 1987.

E. The Stock Market Crash of Qctober 19, 1987 — An Qut—of —Sample Case Study

On October 19, 1987 the Dow Jones Industrials average dropped 508 points (23
percent) on an unprecedented volume of 604 million shares and during the following day,
October 20th, the entire financial system came close to collapsing (see Stewart and
Hertzberg [1987]). By most accounts a large portion of the blame for the events which
transpired on October 19th centers on the activities of the index arbitragers and portfolio

insurers.”°

But the arbitrage—insurance scenario, which at times can be a powerful engine
for moving prices, does not provide a complete explanation for the events which occurred
on October 19th and 20th. This is so for two reasons. First, it abstracts from the
reasons behind the initial movement in futures prices to levels substantially below the
arbitrage equilibrium value. Second, there is no explanation for why the disparity in spot
and futures prices should persist and perpetuate the downturn despite heavy futures buying
by index arbitragers. Thus, the arbitrage—insurance cycle represents only one piece of the
puzzle. An examination of the profitability of noise trading and its significance for price
movements indicates that such activity represents another piece of the same puzzle.

Figure 4 and Table 10 show how a simple oscillator model performed during the

turbulent period between mid September and the end of October, 1987, using the hourly

4
8 For a review of the eveats during the earlier episode see SEC [1987] and for the more recent episode see the

Brady Report [1988] and Stewart and Herisberg [1087].

50 The basic scenario wnderlying this paint of view begins with & declime in the price of Index fatures to a level
which is substantially below the arbiirage equilibriwm valwe. This triggers short side index arbitrage amd the
unwinding of previowsly established long arbiirage positions. Both of these actions involve the selling of stocks
and the buying of fuiures and causes cash prices to decline. This in turn compels the porifolic Insurers to begin
selling futures in an attempt to minimize downalde risk, thereby depressing fatwres prices and ercaiing omee more
a significant disparity between the spot and futures prices. The cycle repeats itself when the imdex arbitragers
step In again.

C.¥. Stwrr Center for Applied Bcapomics 3



Table 10

TECHNICAML TRADIKG MODELS:

0OSCILLATOR
BUY AND SELL SIGNALS AND RATES OF RETURN ON CAPITAL AT RISK

PRICE SERIES : DOW JONES / HOURLY DATA (8)

PERIOD: 1/16/ 9/1987 — #/30/10/1987
TRADING AULE: OSCILLATOR
SHORT TERM MOVING AVERAGE:
LENGTH: 1
LAG: 0
LONG TERM MOVING AVERAGE:
LENGTH: 8
LAG: 4
DATE SIGNAL DAYS DOW JONES SINGLE RATE OPF TOTAL RATE QF
OF RETURN RETURN PER YEAR
- +* L ] L] Ll
L} » . . L] .
- - ] - - ry
1/ 6/10/87 s . 2623.53 -.6 29.6
8/ 1/10/87 b 1.9 2%51.08 2.8 73.1
3/ B8/10/87 g .4 293%7.21 =5 63.0
3/ 9/10/87 b 1.0 2%22.%3 ) 69.3%
6/ 9/10/87 s .4 250%.55 -7 57.8
g/12/10/87 b 3.3 2471 .44 1.4 69.3
1/14/10/87 3 1.4 2473.56 % 67.7
T/15/10/87 b 1.8 241%,02 2.4 953.7
8/15/10/87 8 .1 23%5.09 -2.4 64.0
T/20/10/87 b 4.9 1886.44 19.9 264.0
2/22/10/87 8 1.4 1988.89 5.4 308.9
3/23/10/87 b 1.1 1980.44 4 303.7
5/23/10/87 8 .3 1944.13 -1.8 283.8
B/23/10/87 b W1 1955.74 -.6 277.1
1/26/10/87 8 2.4 1864.22 -3.7 217.9
1/27/10/87 b 1.0 188%.12 =-1.0 203.6
4/27/10/87 & .4 1828.%8 -2.9 t76.2
6/27/10/87 b 3 1846.49 -1.0 166.5
8/21/10/87 ] .3 1846.49 .0 165.5
4/28/10/87 b .5 1848.31 -1 162.7
B8/30/10/87 8 2.5 1993,52 T.9 217.6
TOTAL RATE OF RETURN PER YEAR: 217.6
NUMBER OF TRADING SIGNALS: 45
NUMBER OF BUY SIGNALS: 22
NUMBER OF SELL SIGNALS: 23
AVERAGE DUHATION QF OPEN POSITIONS: 1.0 DAYS
AVERAGE DURATION OF LONG POSITIONS: +9 DAYS
AYERAGE DURATION OF SHCORT POSITIONS: 1.1 DAYS
SUH OF PROFPITS: 49.1 CENTS
NUMBER OF PROFITS: 17
AVERAGE DURATION OF PROFITABLE POSITIONS: 1.9 DAYS
AVERAGE RETURN PROM PROFITABLE POSITIONS: 2.99

AVERAGE RETURN FROM PROFITABLE POSITIONS PER DAY: 1.52
3UM QF LOSSE3: -~22.3 CENTS

NUMBER OF LOSSES: 27

AYERAGE DURATION OF UNPROFITABLE POSITIONS: «5 DAYS

AVERAGE RETURN FROM UNPROPITABLE POSITIONS: -.83
AVERAGE HETURN FROM UNPROFITABLE POSITION3 PER DAY: ~1.77

SINGLE RATES CF RETURN:

MEAN: .61
MEDIAN: ~.26
STANDARD DEVIATION: 3.56
SKEWNESS: 3.82
KURTOSIS: 20.64
MINIHUNM: -4 .68 *
MAXIMUM: 19.90
T-8TATISTIC: t.12

DEGREE OF FREEDOM: 43

ANNUAL RATE OF RETURN FROM BUYING AND HOLDING: -86.7%



Dow Jones price series.”® Prior to October 6th the model produced relatively "modest”
returns of 29.6 percent. But during the next 8 days the oscillator was able to exploit 3
runs, pushing the total rate of return up to 93.7 percent by 3:00 p.m. on October 15th.>
At the close on October 15th a short position was signaled. This was the last trading
signal to be produced before October 19th and it came more than one trading day before
the big event, during a time when buyers were easily found. Thus, the oscillator model
produced an enormous profit of 19.9 cents by signaling a sale at 2355.09 (on October 15th
at 4:00 p.m.) and a subsequent purchase at 1886.44 (on Ociober 20th at 3:00 p.m.). The
following upward run, which occurred between October 20th and 22nd, also brought high
profits, but again, because hourly data are too coarse to fully capture the intraday price
movements (see Figure 4) the profit of 5.4 cents underestimates the profit actually
obtainable with higher frequency data.”® Despite this bias towards underestimation, the
profitability of the oscillator model is quite remarkable. The rule produced an annual rate
of return of 217.6 percent (unleveraged) over the sample period.

The other models listed in Table 7 were also tested for this period (except for the
filter rule) and all were found to be highly profitable. Their overall gross return
(unleveraged) stood between 181.5 percent (the O&M—MA:10/K:5 rule) and 245.9 percent

(the momentum k = 7 rule). All of the models signalled a short position more than one

31 The hourly Dow Jones price scries Is nsed In liew of the hourly S&P 500 price series because the Dow Jones
data were more eaisily obtained at the time of analysis. Note, however, that the profitability of the teehnical
rules Is rather similar for both price series {see Table 7).

32

Note, that at this time the role produced a buy sigual, since the spot price moved up and "touched™ the 8 houns
moving average (see Figure 4). This upward price movement, however, upon touching the moving average lasted
far anly a few minutes longer. The index them began a strong downward movemeni, cuiting the moving average
from above and signaling a short position. But because hourly data are being used, the sell signal was executed
at the next hour's elosing price (this is indicated by the arrow poiniing at 8/16 in Figure 4, which is aignificantly
below the crosing point of the two price series). This pesterior price is 57.93 Index points lower and translates
into a large loss of 3.4 cents (see Tahle 1d), Clearly, i higher frequency data were used such a loss would not
have occurred during this (ime. Hence, as noted above in the case with daily data, the more turbulent price
movements become, ihe greater the tendeney for the test resulis to underestimate the profits actually obtainable
in practice.

>3 I faet, during the following period of spward and downward runs, which occurred between 10:00 a.m. oa
October 22 and noom on October 28, the rale should have produced high profits and only minbknal losses (see
figure £). Bui becanse of the hourly price data and the extreme price turbulence of this period, the prices at
which the trades were exeeuted thronghout this period lagged significantly behind the theoretical erossing points;
thus the rule gave rise instead to a series of substantial losses.

C.V. Starr Center for Applied Economies 1



full trading day before the crash, between 9:00 a.m. on October 14th and 4:00 p.m. on
October 15th. Not surprisingly, the Dow dropped a record (at that time) of 95.46 points
on October 14th and 57.61 points on October 15th. This confluence of trading signals
illustrates rather clearly the self-feeding nature inherent in the use of technical analysis.
This self—feeding nature stems from the fact that the use of technical analysis is trend—
reinforcing. As traders begin to act according to a particular technical model their
behavior works to strengthen the persistence of the current run. This causes other traders,
with slower models, to follow suit. The strength of this feedback mechanism and the
impact on market prices increases as the use of technical models becomes more widespread.
Of course technical models are reactive, distinguishing trends only after they have
begun. Consequently, the strong initial downward movement in prices which occurred on
October 14th was caused by factors other than noise trading. According to most accounts
(see the Brady Report) the overriding news event which occurred on that day was the
report of an unexpectedly high trade deficit for the month of August, totaling $15.68
billion.>* As this trade figure flashed across computer screens early in the morning on the
14th it caused a wave of selling to break out. But the selling pressure was greater in the
futures markets, causing the spread between the futures and spot prices to decline
substantially. In fact, this phenomenon of greater selling pressure in the futures markets
and declining spreads (frequently pricing futures at a discount) was to repeat itself on
many occasions during the remaining hours of trading on October 14th, as well as on the
following two trading days. This futures market activity, then, led to substantial index
arbitrage activity throughout this period and provided the impetus for the arbitrage—

insurance cycle that took hold of the market.

54
Another piece of news which also played 2 role on Wednesday was the announcement that members of congress

were filing legislation io eliminate the tax benmefits associnied with the Sinamcing of corporate tukeovers (see the
Brady Report).

C.V. Starr Center for Applied Economies 5



In order to analyze the specific interaction of the futures and spot markets in the
days before the crash it is useful to view one minute charts depicting price movements in
both markets (figure 6 displays one minute S&P 500 price movements for Wednesday,
October 14, 1987).°° The figure shows that the overall decline in price in both markets was
brought about in a sequence of steep downward runs. These price runs, however, were
triggered off invariably in the futures market. They were then transmitted to the spot
market via index arbitraging with a lag of approximately 5 to 10 minutes. As a
consequence, the spread between futures and spot prices narrowed during the initial
downward runs in the futures market and reached a local minimum at the end of these
runs far below the equilibrium value (according to The Presidential Task Force...[1988], p.
II-7, the equilibrium spread was roughly 1.75 index points during the week prior to the
crash). Once the sélling pressure in the futures market expired, continued index arbitraging
(the buying of futures and the selling of stocks} restored the equilibrium spread. On the
upside, there were several occasions when upward runs in the futures market also led to a
widening of the spread far beyond the equilibrium level (particularly on Thursday, October
15, 1987). Hence, the spread between futures and spot prices invariably reached a local
minimum at the end of downward runs in the futures market and a local maximum at the
end of upward runs in the futures market (see figure 6). At the same time, the local
minima of the spread were, without exception, much lower than the equilibrium level, while
the local maxima of the spread exceeded the equilibrium level on several occasions (see
figure 6). This pattern is typical for the price movements on all three days prior to the
crash, as well as on Black Monday (see the figures 13, 15, 16, 18, 19, 21, 22, 24 in the

Presidential Task Force...[1988]).

33 Figure § was taken directly from the Presidential Task Force ... [1988]. The vertical lines were added to the

fignre to Indicate when the spread between the S&P 500 Imdex amd the respeciive price of a futwres contract
reached Jie exireme highs and lows. The precise location of these minima and maxima of the spread cam be
found in figure 13 of The Presidential Task Force...[1088].

C.Y, Siarr Center for Applied Economics 2%
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In order to understand the specific price dynamics which ultimately led to the crash
on October 19, 1987, it is important to determine which group of agents in the futures
market was responsible for the frequent overshooting of the equilibrium spread. It was this
frequent overshooting of the equilibrium spread which caused the index arbitragers to step
in and continually push cash prices down, leading portfolio investors to sell futures and
causing the conditions necessary for the arbitrage—insurance cycle to take root.”® The SEC
(1987) study on the earlier downturn of September 11 and 12, 1986 reports:

Based on the data now available, the Division cannot fully explain
the continued discount. Nevertheless, stock index arbitrage and
substitution during this period involved predominantly the buying of
futures, and this buying clearly exceeded sales associated with
portfolio insurance. Therefore, the data suggest that program
activity tended to support futures prices on September 11-12, and
that factors other than arbitrage, portfolic insurance, index
substitution, and other 'program trading strategies’ were largely
responsible for the futures discounts observed on those days.’

Although portfolio insurers have received much criticism, they cannot be blamed for
the overshooting price runs in the futures markets for two reasons. First, during the days
before the crash, as well as on Black Monday, virtually no portfolio insurance purchases
occurred (i.e., long futures), so that the existence of those few upward runs which led to a
widening of the spread beyond the equilibrium value cannot be explained by these
activities. Second, there is no clear relationship between downward runs in the futures
market and portfolio insurance sales (see figure 6 as well as figures 16, 19 and 22 in The
Presidential Task Force ...[1988]). A majority of the downward runs which occurred on

Wednesday, October 14th, for example, took place when the selling by portfolio insurers

was rather modest {with the exception of the run that occurred between 13:00 hrs and

36 This conclusion is comsistent with a growing bedy of evidemee which suggests that price movements in the futures

markets, as a rule, either precede (or are larger luitially) tham those in the spot market, the former being
transmitied to the latier via index arbitraging. See, for example, Finnerty and Hun [1987], SEC [1087], Stoll
and Whaley [1587], Kawaller, Koch and Koch [1987], The Presidential Task Foree ...]1988], and the numerous
newspaper and magasine artitles documenting the events smrrounding October 19th. The SEC [1087] study also
finds that the fotures market led the spot marki during the record drop (at that time) of September 11 and 13,
1988.

57 Note that the term "program trading strategies” refers to other types of insuramce and arbiirage strategies and

not to moise irading.
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13:30, which, however, had already taken off around 12:40, when selling activity by
portfolio insurers was relatively small). Moreover, when portfolio insurance sales reached
their maximum for the day (i.e., between 15:00 and 15:30) prices in the futures market not
only did not fall but increased strongly, leading to the maximum spread for the day
(almost 3 index points).

Although the evidence is indirect, it seems reasonable to conclude, given the
results of this study (i.e., the enormous profitability of all of the hourly rules as well as
the confluence of trading signals during the week prior to October 19th) that noise trading
was at least partly responsible for the overshooting price movements in the futures market.
By pushing futures prices down relative to spot prices in short but persistent runs, noise
traders inadvertently worked to trigger off the arbitrage—insurance cycle which took hold of
the market on Black Monday. It seems, therefore, that noise trading was destabilizing and

highly profitable at the same time.

IV. Concluding Remarks

The preceding analysis found that the market for equities, in the broader sense, is
inefficient. Both the random walk and the trading rule tests indicated quite strongly that
stock price movements do involve systematic price runs and that past prices therefore do
contain information relevant for predicting future price movements. The trading rule tests
also showed that while this price information most likely cannot be exploited in the cash
market for stock (due to high transaction costs) it can be exploited in the markets for
stock index futures. The analysis was also extended in an out—of—sample case study that
focused on the profitability of using the rules to trade stock during the period surrounding
the market crash of October 19, 1987. We found that the trading rules were even more
profitable here than during the in—sample period and provided indirect evidence suggesting
that technical noise trading played a significant role in causing the market collapse of

October 19, 1988,

C.V. Starr Center for Applied Economies . a8



Our results were found to depend several factors. We found that all of the rules
were much more efficient with hourly data then with daily data and that they were most
likely unprofitable in the cash market for stock. In addition, we found that the filter rule
proeduced a considerably greater number of trading signals than the more popular rules, and
as such, was found to be substantially less profitable. Hence, the results of this study
explain why the results of earlier trading rule studies in the stock market generally support
the efficient markets hypothesis, since for the most part these earlier studies examine only
one type of trading model (the filter rule), use daily and lower frequency data and ignore
the importance of futures contracts (see footnote 2).

The findings of this study present at least two puzzles: 1) If the technical rules are
so profitable, why doesn’t everyone use them (i.e., who are the losers)?; and 2) What is
the significance, if any, of noise trading for stock price movements? It is clear that both
questions require a model of asset market trading which allows a role for noise traders. In
what follows we offer a few speculative remarks on these issues.

The first problem, that of distinguishing the losers from the winners, involves dividing
market agents into distinct groups. There are several studies that follow this approach
(e.g., see Delong and others [1987] and Frankel and Froot [1987]). But one of the
problems here is that in distinguishing groups one implicitly (or explicitly) introduces some
degree of irrationality into the system. The issue of why the losers persist in their
ignorance remains. Interestingly, however, the institutional characteristics of the various
financial markets may help to shed some light on this issue. In most financial markets it
is reasonable to distinguish between two types of agents, those who continually buy and
sell assets in order to profit from price changes in the very short—run (technical noise
traders) and those who buy or sell for other reasons and who therefore trade relatively
infrequently. In the case of the stock market this delineation is quite straightforward, i.e.,
the profits of noise traders stem from the activities of all other market participants who

try to make profits from holding the right shares (instead of buying and selling them at
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the right t'.irrle).f'8 For many of the major players in the market (e.g., pension and mutual
funds) membership in the latter group is unavoidable, since the portfolios these players hold
must conform to their respective prospectuses by law. It is not possible for a typical fund
to be completely short or long in one particular asset and in many cases their prospectus
explicitly precludes the type of short—term speculation outlined in this study. As a
consequence, these players tend to be holders of stock rather then traders of stock. They
base their decisions more on market fundamentals and thus disregard the very short
(intraday) price runs. But, the losses that they incur because of trading at an unfavorable
time (when viewed from the perspective of a few hours or days) are negligible when
compared to the profits that they earn from holding the right shares in the medium-—run.
In effect, these fundamental—oriented investors pay a small premium to the trade—oriented
speculator. It is because the number of investors iz so much greater than the number of
speculators that the many small single losses of the former sum up to remarkable profits
for the latter.

In terms of the second question, the analysis provided indirect evidence suggesting
that technical noise trading served to exaggerate stock price movements during the period
surrounding the October collapse. However, the theory of efficient markets assumes that
the impact of noise trading on the overall movement of asset prices is insignificant (see
footnote 48). One of the key issues facing the literature is whether or not this is the case.
Does noise trading actually serve to exaggerate price movements? If this is true, it must
be the case that rational investors are failing to perform their function. But the question
then becomes, why? Delong and others [1987] and Frankel and Froot [1987] both construct
models that distinguish noise traders as a seperate group and both assume the existence of

a group of agents who know the true equilibrium model. An extension to this approach

38 This delineation for the stoek market Is formulated im an extremely siylised and comsequently simplified manner,

Clearly, noise iraders and fondamenialists are diverse growps and there are wurely winners and losers & both.
Abstraction from this poini is made here for simplicity. For a more deiafled discussiom om this issue im the
foreign exchange market see Schulmeister [1987].
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would be to conjecture that no market agent is endowed with the true equilibrium model.
As such, some agents may resort to noise trading, while others may rely on fundamental
analysis (or on some combination of these two basic approaches). But the investors who
rely on fundamental analysis will be characterized by heterogeneous expectations. In such a
world, then, investors will be less certain of the true value of a particular asset and will be
less likely, therefore, to risk capital in order to speculate when prices deviate from
expectated values. As a consequence, the mechanism that glues prices to their equilibrium
values (i.e., stabilizing speculation) becomes less than fully reliable, leading to the
possibility that the actions of noise traders may tend to exaggerate price movements. The
findings of this paper suggest that further research in this direction holds promise in the

quest to understand financial market behavior.
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APPENDIX

This appendix consists of 32 tables which provide summary statistics on the
profitability of 32 technical rules. These appendix tables provide a representative subset of
the many technical rules examined. A listing of all the models examined and a brief
description of their results is provided below. (Note that the profitability of the point—

and—figure technique is shown in tables 6 and 7).

Daily models:

Filter:

X: 0.10.2020.20.303051.005

Y: 0.10203040.20.3051015

The average profitability of these filters generally exceeded 10%. The smaller filters were
found to produce the highest profits, thereby confirming the results obtained in Fama and
Blume {1966].

The following filters were also tested, but their performance is mixed, with two producing a
small overall loss.

X: 1.5 1.0 2.0 2.0 3.0 5.0

Y: 0.5 2.0 1.0 2.0 3.0 5.0

Oscillator:*

MAS: 11111 123 3 5 5

MAL: 234571068 10 10 20

It was found that the "slower" the model (i.e., as one moves from left to right in the

preceding chart) the smaller the profits (the 3 slowest models produce losses)

1 MAS = 1 represents the original spot price series.



Momentum:
K: 123581013
The same pattern of profitability found for the oscillators was also found for the

momentum rules (the model with K = 13 produces minor losses).

Hourly Models:

Filter:

X: 0.005 0.01 0.03 0.05 0.1 0.2 0.3 0.5

Y: 0.005 0.01 0.03 0.05 0.1 0.2 0.3 0.5

The profits from these rules were found to increase as the size of the filter was reduced,
until the 0.01% filter was reached. Filters smaller than 0.1% were less consistently
profitable and produced a greater number of trading signals than the other types of
technical models.

Oscillator:

MAS: 111 123

MAL: 7891089

All of these models were found to be profitable: The most profitable rules centered on the

model (1/9).
Oscillator and Momenturn combiped:

MAS: 111 1 1
MAL: 89910 10
K: 767 5 3

All of these models were found to be profitable. The most profitable rules centered on the

model 1/8 and k = 7.



Table Al

TECHNICAL TRADING MODELS:

FILTER
BUY AND SELL SIGIJA]S AND RATEG OF RETURN OMN CAPITAL AT RISK
PRICE SERIES : STANDARD & POOR™S

PERIOD: 1/ 1/1970 - 30/ 6/1987
TRADING RULE: FILTER

= i 4
T =2 1%
TOTAL RATE OF RETURN PER YEAR: 24.5

NUMBER OF TRADING SIGNALS:1726
NUMBER CF BUY SIGNALS: 8673
NUMBER OF SELL SIGNALG: 863

AVERAGE DURATION OF OPEN POSITIONS: 3.7
AVERAGE DURATION OF ICNG POSITIONS: 3.8 DAYS
AVERAGE DURATION OF SHORT POSITIONS: 3.6

SUM OF PROFITS: t136.4 CENTS

NUMBER OF PROFITS: 742

AVERAGE DURATION OF PROFPITABLE POSITIONS: 5.8 DAYS
AVERAGE RETURN FROM PROFITABLE POSITIONS: 1.53
AVERAGE RETURN FROM PROFITABLE POSITIONS PER DAY: .26

SUM OF LOSSES: -707.5 CENTS

I W i 17

AVERAGE DURATION OF UNPROFITABLE POSITIONS: 2.1 DAYS
AVERAGE RETURN FROM UNPROFITABLE PCSITIONS:  -~-.72

AVERAGE RETURN FROM UNPROFITABLE POSITIONS PER DAY: -4
SINGLE RATES OF RETURN:

MEAN: .25

MEDIAN: -7

STANDARD DEVIATION: 1.54

SKEWNESS: t.39

KURTOSIS: T.18

MINIMUM: -5.02

MAXIMUM: 10.32

T-3TATISTIC: 6.68

DEGREE OF FREEDOM: 1724
ANNUAL RATE OF RETURN FROM BUYING AND HOLDING:  7.0%



Table A2

TECHNICAL TRADING MODELS:

0OSCILLATOR
BUY AND SELL STGNALS AND RATES OF RETURN ON CAPITAL AT RISK
PRICE SERIES : STANDARD & POOR™S

PERIOD: 1/ t/1Q70 ~ 30/ 6/1967
TRADING RULE: OSCILLATOR

SHORT TERM MOVING AVERAGE:

LENGTH: 1

LAG: O

LONG TERM MOVING AVERAGE:

LENGTH: e

LAG: 1

TOTAL RATE OF RETURN PER YEAR: 24.8

NUMBER OF TRADING SIGNALS:1%40
NUMBER OF BUY SIGNALS: 770
NUMBER OF SELL SIGNALS: T70

AVERAGE DURATION OF OPEN POSITIONS: 4.2 DAYS
AVERAGE DURATION OF 1ONG POSITIONS: 4.3 DAYS
AVERAGE DURATION OF SHORT POSITIONS: 4.0 DAYS

SUM QF PROFITS: 1073.8 CENTS

NUMBER OF FROFITS: 681

AVFRAGE DURATION OF PROFITABLE POSITIONS: 6.4 DAYS
AVERAGE RETURN FROM PROFITABLE POSITIONS:  1.58
AVERAGE RETURN FROM PROFITABLE POSITIONS PER DAY: 25

SUM OF LOGSES: —639.% CENTS
NUMBER OF LOSOEG: 858
AVERAGE DURATION OF UNPROFITABLE POSITIONS: 2.4 DAYS

AVFRAGE RETURN FROM UNPROFITABLE POSITIONS: ~.75 )
AVERAGE RETURN FRCM UNPROFITABLE POSITIONS PER DAY: P~
SINGLE RATES OF RETURN:

MEAN: .28

MEDIAN: -5

STANDARD DEVIATION: 1.63

SKEWNESS: 1.78

KURTOSIS: 9.36

MINIMUM: —4.60

MAXIMUM: 12,77

T-STATISTIC: 6.79

DEGREE OF FREEDOM: 1538
ANNUAL RATE OF HETURN FROM BUYTNG AND HOLDING: 7.04



Table A3

TECHHNICAL TRADING MODELS:

MOMENTUM
BUY AND 3ELL SIGNALS AND RATES OF RETURN ON CAPITAL AT RISK
PRICE SERIES : STANDARD & POOR’S

FERIOD: 1/ 1/1970 - 30/ 6/197
TRADING RULE: MOMENTUM

TIME SPAN: 1 DAY
TOTAL RATE OF RETURN PER YEAR: 4.8

NUMBER OF TRADING SIGNALS:1934
NUMBER OF BUY SIGNALS: 267
NUMBER OF SELL SIiGNALS: %67

AVERAGE DURATION CF OPEN POSITIONS: 3.3 DAYS
AVERAGE DURATION OF LONG POSITIONS: 3.4 DAYS
AVERAGE DURATION OF CHORT POSITIONS: 3.2 DAYS

SUM CF PROFITS: 1174.2 CENTS

NUMBER OF PROFITS: 805

AVERAGE TURATION OF PROFITABLE POSITICHS: 5.2 DAYS
AVERAGE RETURN FRCM PROFITABLE POSITIONS: 1.46
AVERAGE RETURN FROM PROFITABLE POSITIONS FER DAY: .28

SUM OF LOSSES: -741,0 CENTS

NUMBER OF IOSSES: 1128

AVERAGE DURATION OF UNPROFITABLE POSITIONS: 1.9 DAYS
AVERAGE RETURN FROM UNPROFITABLE POSITIONS: -.66

AVERAGE RETURN FROM UNPROFITABLE POSITIONS PER DAY: -~.34

SINGLE RATES OF RETURN:
MEAN: .22
MEDIAN: -1
STANDARD DEVIATION: 1.47
SKEWNEGS: 1.51
KURTOSIS: 8.44
MINIMUM: -5.02
MAXTIMUIM: 10.21
T-STATISTIC: 6.70
DEGREE OF FREEDOM: 1932

ANNUAL RATE OF RETURN FROM BUYING AND HOLDING: 7.0%



Table A4

TECHNICAL TRADING MODELS:
PGCINT AND FIGURE

BUY AND SELL SIGNALS AND RATES OF RETURN ON CAPITAL AT RISK
PRICE SERIES : STANDARD & POOR’S

PERIOD: 1/ 1/1970 - %0/ 6/1987

TRADING RULE: POINT AND FIGURE

TOTAL RATE OF RETURN PER YEAR: 1.7

NUMBER OF TRADING SIGNALS: 507
HUMBER OF BUY SIGNALS: 253
NUMBER OF SELL SIGNALS: 254

AVERAGE DURATION OF OPEN PCSITIONS: 12.6 DAYS
AVERAGE DURATION OF LONG POSITIONS:  13.6 DAYS
AVERAGE DURATION OF SHORT POSITIONS: 11.7 DAYS

SUM OF PROFITS: 554.8 CENTS

NUMBER OF PROFITS: 200

AVERAGE DURATION OF PROFITABLE POSITION3: 20.2 DAYS
AVFRAGE RETURN FROM PROFITABLE POSITIONS:  2.77
AVERAGE RETURN FROM PROFITABLE POSITIONS PER DAY: g4

SUM OF LOSSES: —419.4 CENTS

NUMBER OF LOSSES: 306

AVERAGE DURATION OF UNPROFITABLE POSITION3: 7.7 DAYS
AVERAGE RETURN FROM UNPROFITABLE POSITIONS: -1.37
AVERAGE RETURN FROM UNPROFITABLE POSITICNS PER DAY: .18

SINGLE RATES OF RETURN:

MEAN: 27
MEDIAN: ~-.50
STANDARD DEVIATION: .96
SKEWNESS: 2.29
KURTOSIS: 10.96
MINIMUM: -5.82
MAXIMUM: 18.01
T-STATISTIC: 2.03
DEGREE OF FREEDOM: 505

ANNUAL RATE OF RETURN FROM BUYING AND HOLDING: 7.0%



Table AS

TECHNICAL TRADING MODELS :
' PILTER

BUY AND SELL SIGNAIS AND RATES OF RETURN ON CAPITAL AT RISK
PRICE SERIES : DOW JONES

PFRIOD: 1/ /1970 - 30/ 6/1987

TRADING RULE: FILTER

Xe 1%
Y= v
TCTAL RATE CF RETURN PER YEAR: 22.6

NUMBER OF TRADING SIGNALS:183%4
NUMBFR OF BUY SIGNALS: a7
NUMBER OF SELL SIGNALS: 917

AVERAGE DURATION OF OPEN POSITIONS: 3.5 DAYS
AVFRAGE DURATICN OF LONG POSITIONS: 3.5 DAYS
AVERAGE DURATION OF SHORT POSITIONS: 3.4 DAYS

SUM OF PROFITS: 1149.7% CENTS

NUMBER OF PROFITS: 758 _
AVERAGE DURATION OF PROFITABLE POSITIONS: 5.5 DAYS
AVERAGE RETURN FROM PROPITABLE POSITIONS: 1.5

AVERAGE RETURN FROM PROFITABLE POSITIONS PER DAY: .28

SUM OF LOSSES: =793.1 CENTS

NUMBER OF IOSSES: 1075

AVERAGE DURATION OF UNPROFITABLE POSITIONS: 2.1 DAYS
AVERAGE RETURN FROM UNPROFITABLE POSITIONS: -.70
AVERAGE RETURN FROM UNPROFITABLE POSITIONS PER DAY: -.34

SINGLE RATES GF RETURN:

MEAN: .22
MEDIAN: -7
STANDARD DEVIATION: 1.52
SKEWNTSS: 1.67
KURTOSIS: 8.53
MINIMUM: —4.80
MAXIMUM: 10.64
T-STATISTIC: 6.08

DEGREE OF FREEDOM: 1832
AINNUAL RATE OF RETURN FROM BUYING AND HOLDING: 6.5%



Table A6

TECHNICAL TRADING MODELS:
"O0SCILLATOR

BUY AND SELL SIGNALS AND RATES OF RETURN ON CAPITAL AT RISK

PRICE SERIES : DOW JONES

PFRIOD: 1/ 1/1970 -~ 30/ 6/1987
TRADING RULE: OSCILLATOR
SHORT TERM MOVING AVERAGE:

LENGTH: 1

LAG: 0

LONG TERM MOVING AVERAGE:

LENGTH: é

LAG: 1

TOTAL RATE CF RETURN PER YEAR: 25.2

NUMBER OF TRADING SIGNALS:1584
NUMBER OF BUY SIGNALS: 92
NUMBER OF SELL SIGNALG: 792

AVERAGE DURATION OF OPEN POSITIONS: 4.0 DAYS
AVERAGE DURATICN OF IONG POSITIONS: 4.1 DAYS
AVERAGE DURATION OF SHORT POSITIONS: 4.0 DAYS

SUM OF PROFITS: 110Q7.0 CENTS

NUMEER OF PROFIT3: 689

AVERAGE DURATION OF PROFITABLE POSITIONS: 6.2 DAYS
AVERAGE RETURN FROM PROPITABLE POSITIONS:  1.61

AVERAGE RETURN FROM PROFITABLE POSITIONS FER DAY: .26

SUM OF LOSSES: -666.2 CENTS

NUMBER OF LOSSES: 8%
AVERAGE DURATION OF UNPROFITABLE POSITIONS: 2.4 DAYS

AVERAGE RETURN FROM UNPROFITABLE POSITIONS: -.75
AVERAGE RETURN FROM UNPROFITABLE POSITIONS PER DAY: -3l
SINGLE RATES OF RETURN:

MEAN: .2B

MEDIAN: -.18

STANDARD DEVIATION: §.65

SKEWNESS: 1.81

KURTCSIS: 8.7

MINIMUM: -4.80

MAXTMUM: 11.02

T-STATISTIC: 6.70

DEGREE OF FREEDOM: 1582

ANNUAL RATE OF RETURN FROM BUYING AND HOLDING:  6.5%



Table A7

TECHNICAL TRADING MODELS:

MOMENTUM

BUY AND SELL SIGMNALS AND RATES OF RETURN ON CAPITAL AT RISK

PRICE SERIES : DOW JCONES

PERIOD: 1/ 1/1970 ~ 30/ 6/1987
TRADING RULE: MCMENTUM

TIME SPAN: ' DAY

TOTAL RATE OF RETURMN PER YEAR: 21.9

NUMBER OF TRADING SIGNALS:2052
NUMBER OF BUY SIGNALG: 1026
NUMBER OF SELL SIGNALS: 1026

AVERAGE DURATION OF OPEN POSITIONS: 3.1 DAYS
AVERAGE DURATION CF LONG POSITIONS: 3.1 DAYS
AVERAGE DURATION OF SHORT POSITIONS: 3.1 DAYS

SUM OF PROFITS: 1185.3 CENTS

NUMBER OF PROFITS: 815

AVERAGE DURATION OF PROFITABLE POSITIONS: 4.9 DAYS
AVERAGE RETURN FROM PROFITABLE POSITIONS:  1.45
AVERAGE RETURN FROM PROFITABLE POSITIONS PER DAY: .29

SUM OF LOSSES: -802.2 CENTS

NUMBER OF LOSGE3: 1236

AVERAGE DURATION OF UNPROFITABLE POSITICNS: 1.9 DAYS
AVERAGE RETURN FROM UNPROFITABLE POSITIONS: -.65

AVERAGE RETURN FROM UNPROFITABLE POSITIONS PER DAY: -.34
SINGLE RATES OF RETURN:

MEAN: n19

MEDIAN: - 14

STANDARD DEVIATION: 1.44

SKEWHESS: 1.1

KURTOSIS: g.25

MINIMUM: —-4.80

MAXIMUM: 10.64

T-STATISTIC: 5.86

DEGREE OF FREEDOM: 2050
ANNUAL RATE OF RETURN FROM BUYING AND HOLDING: 6.5%



Table AS

TECHNICAL TRADING MODELS:

POINT AND FIGURE
BUY AND SELL SIGNALS AND RATES OF RETURN ON CAPITAL AT RICK
PRICE SERIES : DOW JONES

PERIOD: 1/ 1/1970 - 30/ 6/1987
TRADING RULE: POINT AND FIGURE

TOTAL RATE OF RETURN PER YEAR: 8.1

NUMBER OF TRADING SIGNALS: 512
NUMBFR OF BUY SIGNALS: 256
NUMBER OF SELL SIGNALS: 256

AVERAGE DURATION OF OPEN POSITIONS:  12.5 DAYS
AVERAGE DURATION OF LONG POSITIONS:  13.2 DAYS
AVERAGE DURATION OF SHORT POSITIONS: 11.8 DAYS

3UM OF PROFITS: &80.0 CENTG

NUMBER OF PROFITS: 212

AVERAGE DURATICN OF PROFITABLE POSITIONS: 20.0 DAYS
AVERAGE RETURN FROM PROFITABLE POSITIONS: 2.74
AVERAGE RETURN FROM PROFITABLE PCSITIONS PER DAY: .14

SUM OF LOSSES: -47%9.0 CENTS

NUMBER OF LOSSES: 299

AVERAGE DURATION OF UNPROFITABLE POSITIONS: 7.2 DAYS
AVERAGE RETURN FROM UNPROFITABLE POSITIONS: -t.47
AVERAGE RETURN FROM UNPROFITABLE POSITIONS PER DAY: -.20

SINGLE RATES OF RETURN:

MEAN: .28
MEDIAN: -.51
STANDARD DEVIATICHN: 3.01
SKEWNESS: 2.08
KURTOSIS: 10.22
MINIMUM: -5.61
MAXTMUM: 19.57
T-STATISTIC: 2.07
DEGREE OF FREEDOM: 510

ANNUAL RATE OF RETURN FRCM BUYING AND HOLDING: 6.5%



Table A9

TECHNICAL TRADING MODELS:

FILTEHR
BUY AND SELL SIGNALS AND RATES OF RETURN ON CAPITAL AT RISK
PRICE SERIES : STANDARD & POOR'S / HOURLY DATA (6)

PERIOD: 1/ 1/ 4/1971 - 6/30/ 9/1a71
TRADING KULE: FILTER

X = L1 C0%
Y« 1009
TOTAL RATE OF RETURN PER YEAR: 76.5

NUMBER OF TRADING SIGNALS: 127

NUMBER OF BUY SIGNALS: 63
NUMBER OF SELL SIGNALS: 64
AVERAGE DURATION OF OPEN POSITIONS: 1.5 DAYS
AVERAGE DURATION OF LONG POSITIONG: 1.3 DAYS
AVERAGE DURATION OF SHORT POSITIONS: 1.6 DAYS

SUM OF PROFITGS: 50.0 CENTS

NUMBER OF PROFITS: 7O

AVERAGE DURATION OF PROFITABLE POSITIONS: 1.9 DAYS
AVERAGE RETURN FROM PROFITABLE POSITIONS: A

AVERAGE RETURN FROM PROFITABLE POSITIONS PER DAY: .38

UM OF LOSSES: -11.6 CENTS
NUMBER OF LOSSE3: 56

AVERAGE DURATION OF UNPROFITABLE POSITIONS: .9 DAYS
AVERAGE RETURN PROM UNPROFITABLE POSITIONS: -.21
AVERAGE RETURN FROM UNPROFITABLE POSITIONS PER DAY: -.23
SINGLE RATES OF RETURN:

MEAN: .30

MEDIAN: .04

STANDARD DEVIATION: .72

SKEWNESS: 1.16

KURTOSIS: 6£.20

MINIMUM: -2.26

MAXIMUM: 3,28

T-STATISTIC: 4.70

DEGREE OF FREEDOM: 125

ANNUAL RATE OF RETURN FROM BUYING AND HOLDING: -3.8%



Table AlO

T ECHNICAL TRADING MODELS:
FILTEHR

BUY AND SELL SIGNALS AND RATES OF RETURN ON CAPITAL AT RISK
PRICE SERIES : STANDARD & POOR”S / HOURLY DATA (6)

PERIOD: 1/ 1/ 4/1974 - 6/30/ 9/1974
TRADING RULE: FILTER

X » L100%
Y a L1009
TOTAL RATE OF RETURN PER YEAR: 106.9

NUMBER OF TRADING SIGNALS: 23¢

NUMBER OF BUY SIGNALS: 116
NUMBER OF SELL SIGNALS: 116
AVERAGE DURATION OF OPEN POSITIONS: .8 DAYS
AVERAGE DURATION QF LONG POSITIONS: .6 DAYS
AVERAGE DURATICN QF SHORT POSITIONS: .9 DAYS

SUM OF PROFITS: 106.3 CENTS
NUMBER OF PROFITS: 94

AVERAGE DURATION OF PROFITABLE POSITIONS: 1.3 DAYS
AVERAGE RETURN FROM PROFITABLE POSITIONS: 1.13
AYERAGE RETURN FROM PROFITABLE POSITIONS PER DAY: .88

SUM OF LOSSES: -52.8 CENTS
NUMBER OF LOSSES: 137

AVERAGE DURATION OF UNPROFITABLE POSITIONS: .5 DAYS
AVERAGE HETURN FROM UNPROFITABLE POSITIONS: -.39
AVERAGE RETYRN FROM UNPROFITABLE POSITIONS PER DAY: -.86
SINGLE RATES OF RETURN:

MEAN: .23

MEDIAN: -.10

STANDARD DEVIATION: 1.0%

SKEWNESS: 1.50

KURTOSIS: 6.21%

MINIMUM: -2.54

MAXIMUM: 4.54

T-STATISTIC: 3.36

DEGREE OF FREEDOM: 230

ANNUAL RATE OF RETURN FROM BUYING AND HOLDING: ~54.3%



Table All

TECHNTICATL TRADING MODELS
FILTER

BUY AND SELL SIGNALS AND RATES OF RETURN ON CAPITAL AT RISK

PRICE SERIES : STANDARD & POOR™S / HOURLY DATA (6)

PERIOD: 1/ 1/ 4/1977 - &/30/ 9/1977

TRADING RULE: FILTER

I = L100%
Y e L100%
TOTAL RATE OF RETURN PER YEAR: 60.6

NUMBER OF TRADING SIGNALS: 158

NUMBER OF BUY SIGNALS: 79
NUMBER OF SELL SIGNALS: 79
AVERAGE DURATION OF OPEN POSITIONS: 1.2 DAYGS
AVERAGE DURATION OF LONG POSITIONS: 1.2 DAXYS

AVERAGE DURATION OF SHORT POSITIONS: 1.1 DAYS

SUM OF PROFITS: 44 .3 CENTS

NUMBER OF PROFITS: 80

AVERAGE DURATION OF PROFITABLE POSITIONS: 1.8 DAYS
AVERAGE RETURN FROM PROFITABLE POSITIONS: .55
AVERAGE RETURN FROM PROFITABLE POSITIONS PER DAY: 31

SUM OF LOSSES: -13.9 CENIS
NUMBER OF LOSSES: 77

AVERAGE DURATION OF UNPROFITABLE POSITIONS: .5 DAYS
AVERAGE RETURN FROM UNPROFITABLE POSITIONS: -.18
AVERAGE RETURN FROM UNPROFITABLE POSITIONS PER DAY: -.34
SINGLE RATES OF RETURN:

MEAN: .19

MEDIAN: .0

STANDARD DEVIATION: .56

SKEWNEGSG: 2.08

KURTOSIS: 8.46

MINIMUM: -.66

MAXIMUM: 2.69

T-STATICZTIC: 4.28

DEGREE ©F FREEDOM: 156

ANNUAL RATE OF RETURN FROM BUYING AND HOLDING: ~-4.8%



Table Al2

TECHNICAL TRADINGEG MODELS:
FPILTER

BUY AND SELL SIGNALS AND RATES OF RETURN ON CAPITAL AT RISK
PRICE SERIES : STANDARD & POOR™S / HOURLY DATA (6)

PERIOD: 1/ 1/ 4/1980 - 6/30/ 9/1980
TRADING RULE: FILTER

X = L1009
Y = .1 00%
TOTAL RATE OF RETURN PER YEAR: 81.0

NUMBER OF TRADING SIGNALS: 221
NUMBER OF BUY SIGNALS: 110
NUMBER OF SELL SIGNALS: 111

AVERAGE DURATION OF OPEN POSITIONS: .8 DAYS
AVERAGE DURATION COF LONG POSITIONS: .9 DAYS
AVERAGE DURATION OF SHORT POSITIONS: .B DAIS

SUM QF PROFITS: 76.6 CENTS

NUMBER OF PROFITS: 93

AVERAGE DURATION OF PROFITABLE POSITIONS: 1.3 DAYS
AVERAGE RETURN FROM PROFITABLE POSITIONS: .82

AVERAGE RETURM FROM PROFITABLE POSITIONS PER DAY: .64

SUM OF LOSSES: -36.0 CENT3
NUMBER OF LOSSES: 127

AVERAGE DURATION OF UNPROFITABLE POSITIONS: .5 DAYS
AVERAGE RETURN FROM UNPROFITABLE POSITIONS: -.28
AVERAGE RETURN FROM UNPROFITABLE POSITIONS PER DAY: -.58
SINGLE RATES CF RETURN:

MEAN: .18

MEDIAN: -.10

STANDARD DEVIATION: .81

SKEWNESS: 1.94

KURTOSIS: 7.99

MINIMUM: -1.67

MAXIMUM: 4.11

T-STATISTIC: 3.39

DEGREE OF FREEDOM: 219

ANNUAL RATE OF RETURN FROM BUYING AND HOLDING: 49.1%



Table Al3l

TECHNICAL TRADING MODELS

FILTER
BUY AND SELL SIGNALS AND RATES OF RETURN ON CAPITAL AT RISK

PRICE SERIES : STANDARD & POOR™S / HOURLY DATA (6)

PERIOD: 1/ 4/ 4/1983% - 6/30/ 9/1983
TRADING RULE: FILTER

X = .100%
Y = . 1 CO%
TOTAL RATE OF RETURN PER YEAR: 35.8

NUMBER OF TRADING SIGNALS: 254

NUMBER OF BUY SIGNALS: 126
NUMBER OF SELL SIGNALS: 126
AVERAGE DURATION OF OPEN POSITIONS: .7 DAYS
AVERAGE DURATION OF LONG POSITIONS: .8 DAYS,
AVERAGE DURATICN OF SHORT POSITIONS: .6 DAYS

SUM OF PROFITS:  63.1 CENTS

NUMBER OF PROFITS: 93

AVERAGE DURATION OP PROFITABLE POSITIONS: 1.1 DAYS
AVERAGE RETURN FROM PROFITABLE POSITIONS: .68

AVERAGE RETURN FROM PROPITABLE POSITIONS PER DAY: .60

SUM OF LOSSES: -45.4 CENTS
NUMBER OF LOSSES: 158 )

AVERAGE DURATION OF UNPROFITABLE POSITIONS: .5 DAYS
AVERAGE RETURN FROM UNPROFITABLE POSITIONS: -.29
AVERAGE RETURN FROM UNPROFITABLE POSITIONS PER DAY: -.61
SINGLE RATES OF RETURN:

MEAN: .07

MEDIAN: -13

STANDARD DEVIATION: .66

SKEWNESG: 2.13

KURTOSIG: 9.97

MINIMUM: -1.41

MAXIMUM: .94

T-STATISTIC: 1.69

DEGREE OF FREEDOM: 250

ANNUAL RATE OF RETURN FROM BUYING AND HOLDING: 18.9%



Table Al4

TECHUNICAL TRADING MODETLS
FILTER

BUY AND SELL SIGHALS AND RATES OF RETURN ON CAPITAL AT RISK

PRICE SERIEGS : STANDARD & POOR"S / HOURLY DATA (8)

PERIOD: 1/ 1/ 4/1986 - 8/30/ 9/1986
TRADING RULE: FILTER

i = L1 00%
Y = .100%
TOTAL RATE CF RETURN PER YEAR: 60.8

NUMBER OF TRADING SIGNALS: 306

NUMBER COF BUY SIGNALS: 16573
NUMBER OF SELL SIGNALS: 153
AVERAGE DURATION OF OPEN POSITIONG: .6 DAYS
AVERAGE DURATION OF LONG POSITIONS: .7 DAYS
AVERAGE DURATION OF SHORT POSITIONS: .5 DAYGS

SUM OF PROFITG: 82.0 CENTS
NUMBER OF PROFITS: 110

AVERAGE DURATION OF PROFITABLE POSITIONS: .Q DAYS
AVERAGE RETURN FROM PROFITABLE POSITIONS: .15
AVERAGE RETURN FROM PROFITABLE POSITIONS PER DAY: .19

SUM OF LOSSE3: -51.5 CENTS
NUMBER OF LOSSES: 195

AVERAGE DURATION OF UNPROFITABLE POSITIONS: .4 DAYS
AVERAGE RETURN FROM UNPROFITABLE POSITIONS: -.26
AVERAGE RETURN FROM UNPROFITABLE POSITIONS PER DAY: -.65
SINGLE RATES OF RETURN:

MEAN: .10

MEDIAN: -.12

STANDARD DEVIATION: .70

SKEWNESS: 2.59

KURTOSIS: 13.62

MINIMUM: -1.32

MAXIMUM: 4.98

T-STATISTIC: 2.50

DEGREE OF FREEDOM: 304

ANNUAL RATE OF RETURN FROM BUYING AND HOLDING: -6.2%



Table Al5

TECHNICAL TRADING MODELS:
OSCILLATOR

BUY AND SELL SIGNALS AND RATES OF RETURN ON CAPITAL AT RISK
PRICE SFRIES :  STANDARD & POOR’S / HOURLY DATA (6)

PERIOD: 1/ 1/ 4/1971 ~ 6/30/ 9/19M
TRADING RULE: OSCILLATCR
SHORT TERM MOVING AVERAGE:

LENGTH: 1

LAG: 0

LONG TERM MOVING AVERAGE:

LENGTH: 5

LAG: 4

TOTAL RATE OF RETURN FER YEAR: 0.0

NUMBER OF TRADING SIGNALS: 95

NUMBER OF BUY SIGNAIS: 47
NUMBER OF SELL SIGNAL3: 48
AVERAGE DURATION OF OPEN POSITIONS: 1.9 DAYS
AVERAGE DURATION OF IONG POSITIONS: 1.8 DAYS
AVERAGE DURATION OF SHORT POSITIONS: 2.1 DAYS

5UM OF PROFITS:  37.2 CENTS

NUMBER OF PROFITS: 42

AVERAGE DURATICN OF PROFITABLE POSITIONS: 3.1 DAYS
AVERAGE RETURN FROM PROPITABLE POSITIONS: .88
AVERAGE RETURN FROM PROFITABLE POSITIONS PER DAY: .28

SUM OF LOSGES: -12.1 CENTS
NUMBER OF IOSSES: 52
AVERAGE DURATION OF UNPROFITABLE POSITIONS: 1.0 DAYS

AVERAGE RETURN FROM UNPROFITABLE POSITIONS: -.23
AVERAGE RETURN FROM UNPROFITABLE POSITIONS PER DAY: - 24
SINGLE RATES OF RETURN:

MEAN: 27

MEDIAN: -.05

STANDARD DEVIATION: 1e

SKEWNESS: .9z

KURTOSIS: 5.40

MINIMIM: ~2.39

MAXIWIH: 3-%

T-STATISTIC: 3.28

DEGREE OF FREEDOM: 93

ANNUAL RATE OF RETURN FROM BUYING AND HOLDING: -3.8%



Table Al6

TECHNICAL TRADING MODELS:

OSCILLATOR
BUY AND SELL SIGNALS AND RATES OF RETURN ON CAPITAL AT RISK
PRICE SERIES : STANDARD & POOR™S / HOURLY DATA (6)

PERIOD: 1/ 1/ 4/1974 - 6/30/ 9/1974
TRADING RULE: OSCILLATCR

SHORT TERM MOVING AVERAGE:

LENGTH: 1
LAG: 0
TONG TERM MOVING AVERAGE:
LENGTH: B
LAG: 4

TOTAL RATE OF RETURN PER YEAR: 126.9

NUMBER OF TRADING SIGNALS: 86

NUMBER OF BUY SIGNALS: 4%
NUMBER OF SELL SIGNALS: 43
AVERAGE DURATION OF OPEN POSITIONS: 2.2 DAYS
AVERAGE DURATION OF LONG POSITIONS: 1.5 DAYS
AVERAGE DURATION OF SHORT POSITIONS: 2.8 DAYS

SUM QF PROFITS: 82.4 CENIS

NUMBER OF PROFITS: 42

AVERAGE DURATION OF PROFITARLE IOuITIONS 3,7 DAYS
AVERAGE RETURN FROM PROFITABLE POSITIONS: 1.9
AVERAGE RETURN FROM PROFITABLE POSITIONS PER DAY: .53

SUM OF L0SSES: -18.8 CENTS

NUMBER OF IOSSES: 43

AVERAGE DURATION OF UNFROFITABLE POSITIONS: 7 DAYS
AVERAGE RETURN FROM UMPROFITABLE POSITIONS: -.44
AVERAGE RETURN FROM UNPROFITABLE POSITIONS PER DAY:  -.66

SINGLE RATES CF RETURN:

MEAN: . T
MEDIAN: -.04
STANDARD DEVIATION: 1.83
SKEWNESS: 1.93
KURTOSIS: 6.92
MINIMUM: —1.47%
MAXIMUM: B8.29
T-STATISTIC: 3.7
DEGREE OF FREEDOM: 84

ANNUAL RATE OF RETURN FROM BUYING AND HOLDING: -54.3%



Table Al7

TECHNICAL TRADING MODELGS:

OSCILLATOR
BUY AND SELL SIGNALS AND RATES OF RETURN ON CAPITAL AT RISK
PRICE SERIES : GTANDARD & POOR™S ./ HOURLY DATA (6)

PERIOD: 1/ 1/ 4/197T - 6/30/ 9/197T7
TRADING RULE: OSCILLATOR
SHORT TERM MOVING AVERAGE:

LFNGTH: 1

LAG: 0

LONG TERM MOVING AVIRAGE:

LENGTH: 8

LAG: 4

TOTAL RATE OF RETURN PER YEAR: 51.4

NUMBER OF TRADING SIGNALS: &4
NUMBER OF BUY SIGNALS: 47
NUMBER OF SELL SIGNALS: 47

AVERAGE DURATION OF OPEN POSITIONG: 2.0 DAYS
AVERAGE DURATION OF LONG POSITIONS: 2.0 DAYS
AVERAGE DURATION OF SHCRT POSITIONS: 1.9 DAIS

SUM OF PROFITS:  35.9 CENTS

NUMBER OF PROFITS: 50

AVERAGE DURATION OF PROFITABLE POSITIONS: 3.0 DAYS
AVERAGE RETURN FROM PROFITAELE POSITIONS: 72
AVERAGE RETURN FRCM PROFITABLE POSITIONS PER DAY: .24

SUM OF LOSSES: -10.1 CENTS
NUMBER OF LOSSES: 453

AVERAGE DURATION OF UNPROFITARLE POSITICNS: .7 DAYS
AVERAGE RETURN FROM UNPROFITABLE POSITIONS: -.23
AVERAGE RETURN FROM UNPROFITABLE POSITICONS PER DAY: -.33
SINGLE RATES OF RETURN:

MEAN : .28

MEDIAN: .06

STANDARD DEVIATION: .69

SKEWNESS: 1.53

KURTOSIS: 5.26

MINIMUM: -.T

MAXIMUM: 2.69

T-STATISTIC: 3.83%

DEGREE OF FREEDCM: 92

ANNUAL RATE OF RETURN FROM BUYING AND HOLDING: —4.8%



Table AlS8

TECHNICAL TRADING MODELS:

OSCILLATOR
BUY AND SELL SIGHALS AND RATES OF RETURN ON CAPITAL AT RISK
PRICE SERIES :  STANDARD & POOR™S / HOURLY DATA (6)

PERIOD: 1/ %/ 4/1980 - 6/30/ 9/1980
TRADING RULE: XCILLATOR

SHCHT TERM MOVING AVERAGE:

LENGTH: 1

LAG: 0

IONG TERM MOVING AVERAGE:

LENGTH: 8

LAt : 4

TOTAL RATE OF RETURN PER YEAR: 64.4

NUMBER OF TRADING SIGNALS: 108

NUMBER OF BUY SIGNALS: 54
NUMBER OF SELL SIGNALS: 54
AVERAGE DURATION OF OPEN POSITIONS: 1.7 DAYS
AVERAGE DURATICN OF LONG POSITIONS: 2.0 DAYS
AVFRAGE DURATION OF SHORT POSITIONS: 1.4 DAYS

SUM OF PROFIT3:  56.4 CENIS

NUMBER OF PRCFITS: 40

AVERAGE DURATICN OF PROFITABLE POSITIONS: 3.2 DAYIS
AVIRAGE RETURN FROM PROFITABLE POSITIONS: 1.4t

AVFIRAGE RETURN FRCOM PROFITABLE POSITIONS PER DAY: .44

SUM OF LOS3ES: -24.1 CENTS

NUMBER OF LOSSES: 67

AVERAGE DURATION OF UNPROFITAELE POSITIONS: .8 DAYS
AVERAGE RETURN FROM UNPROFITABLE POSITICNS: -.36
AVERAGE RETURN FROM UNPROFITABLE POSITIONS PER DAY: -.44

SINGLE RATES OF RETURN:

MEAN : .30
MEDIAN: -.15
STANDARD DEVIATION: 1.07
SKEWNESS: 1.38
KURTOSIS: 4.40
MINIMUM: -1.27
MAXIMUM: 4.17
T-OTATI3TIC: 2.0
DEGREE OF FREEDOM: 106

ANNUAL RATE OF RETURN FROM BUYING AND HOIDING: 49.1%



Table Al9

TECHNICAL TRADING MODELS:
OSCILLATOR

BUY AND SELL SIGNALS AND RATES OF RETURN ON CAPITAL AT RISK
FRICE SERIES : STANDARD & POOR’S / HOURLY DATA (6)

PERICD: 1/ 4/ 4/1983 - 6/30/ 9/1983
TRADING RULE: OSCILLATOR

SHORT TERM MOVING AVERAGE:

LENGTH: 1

LAG: 0

LONG TERM MOVING AVERAGE:

LENGTH: B

LAG: 4

TOTAL RATE OF RETURN PER YEAR: 44.3

NUMBER OF TRADING SIGNALS: 124
NUMBER OF BUY SIGNALS: - 62
NUMBER OF SELL SIGNALS: b2

AVERAGE DURATICN OF OPEN POSITIONS: 1.5
AVFRAGE DURATION OF LONG POSITIONG: 1.7 DAYS
AVERAGE DURATION OF SHORT POSITIONS: 1.2 DAYS

SUM OF PROFITS: 48.2 CENTS

NUMBER OF PROFITS: 42

AVERAGE DURATION OF PROFITAELE POSITIONS: 2.8 DAYS
AVERAGE RETURN FROM PROFITABLE POSITIONS: 1.15
AVERAGE RETURN FROM PROFITABLE POSITIONS PER DAY: .41

SUM OF LCSSES: -26.4 CENTS
NUMBER OF LOSSES: 81
AVERAGE DURATION OF UNPROFITABLE POSITIONS: .8 DAYS

AVERAGE RETURN FROM UNPROFITABLE POSITIONS: -.33
AVERAGE RETURN FROM UNPROFITABLE POSITIONS PER DAY: -.42
SINGLE RATE3S OF RETURN:

MEAN: 18

MEDIAN: =14

STANDARD DEVIATION: .93

SKEWNESS : 1.83

KURTOSIS: 6.67

MINIMUM: -1,15

MAXIMUM: 4.18

T~-STATISTIC: 2.11

DEGREE OF FREEDOM: 122

ANNUAL RATE OF RETURN FROM BUYING AND HOLDING: 18.9%



Table A20

TECHNICAL TRADING MODELS:
OCSCILLATOR

BUY AND GELL SIGNALS AND RATES OF RETURN ON CaPITAL AT RISK

PRICE SERIE3 :  STANDARD & POOR™S / HOURLY DATA (&)

FERIOD: 1/ 1/ 4/1986 - 8/30/ 9/1986
TRADING RULE: OSCILLATOR

SHORT TERM MOVING AVERAGE:

LENGTH: 1

LAG: 0]

LCHG TERM MOVING AVERAGE:

LENGTH: B

LAG: 4

TOTAL RATE OF RETURN PER YEAR: 55.8

NUMBER OF TRADING SIGNALS: 173

NUMBER OF BUY SIGNALS: 86
NUMBER OF SELL SIGNALS: g7
AVERAGE DURATION OF OPEN PCSITIONS: 1.1 DAYS
AVERAGE DURATION OF LCNG POSITIONS: 1.1 DAYS
AVFRAGE DURATION OF SHORT POSITIONS: 1.0 DAYS

SUM OF PROFITS:  61.7 CENTS

NUMBER OF FROFITS: 58

AVERAGE DURATION OF PROFITABLE POSITIONS: 2.1 DAYS
AVERAGE RETURN FROM PROFITABLE POSITIONS: 1.06
AVEHAGE RETURN FROM PROFITABLE POSITIONS PER DAY: .51

SUM OF LOGSES: -3*3.7 CENTS
NUMBER OF LOSGEG: 114

AVERAGE DURATION OF UNPROFITABRLE POSITIONS: .5 DAYS
AVERAGE RETURN FROM UNPROFITABLE POSITIONS: - 30
AVERAGE RETURN FROM UNPROFITABLE POSITIONS PER DAY: -.55
SINGLE RATES OF RETURN:

MEAN: .16

MEDIAN: -.14

STANDARD DEVIATION: .86

SKEWNESS: 2.78

KURTOSIS: 12.94

MINIMUM: -1.01

MAXTIMUM: 5.90

T-STATISTIC: 2.22

DEGREE OF FREEDOM: 17

ANNUAL RATE OF RETURN FROM BUYING AND HOLDING: —6.2%



Table A2l

TECHNICAL TRADING MODELGS:
MOMENTUM

BUY AND SELL SIGNALS AND RATES OF RETURN ON CAPITAL AT RISK
PRICE SERIES :  STANDARD & POOR™S / HOURLY DATA (6)

PERIOD: 1/ 1/ 4/1971 - 6/30/ 9/197M
TRADING RULE: MOMENTUM

TIME SPAN: 7 HOURG
TOTAL RATE OF RETURN PER YEAR: 43.6

NUMBFR OF TRADING SIGNALS: 4
NUMBER OF BUY SIGNALS: 47
NUMBER OF SELL SIGNALS: 47

AVFRAGE DURATION OF OPEN POSITIONS: 2.0
AVERAGE DURATION OF LONG POSITIONG: 1.8 DAYS
AVERAGE DURATICN OF SHORT POSITIONS: 2.1

SUM CF PROFITS:  34.1 CENTS

NUMBER OF PROFITS: 51 :
AVERAGE DURATION OF PROFITABLE POSITIONS: 2.6 DAYS
AVERAGE RETURN FROM PROFITABLE POSITIONS: .67
AVERAGE RETURN FROM PROFITABLE POSITIONS PER DAY: .26

SUM OF LOSSES: ~12.3% CENTS

NUMBER OF LOSSES: 42

AVERAGE DURATION OF UNPROFITABLE POSITIONS: 1.2 DAYS
AVERAGE RETURN FROM UNPROFITABLE POSITIONS: -.29
AVERACE RETURN FROM UNPROFITABLE POSITIONS PER DAY: -.25

SINGLE RATES OF RETURN:

MEAN: .24
MEDIAN: .0
STANDARD DEVIATION: LT
SKEWNESS: 97
KURTOSIS: 5.2
MINIMUM: -2.39
MAXTMUM: .06
T-STATISTIC: 2.9
DEGREE OF FREEDCM: g

ANNUAL RATE OF RETURN FROM BUYING AND HOLDING: -3.8%



Table A22

TECHNICAL TRADING MODELS:

MOMENTUM
BUY AND SELL SIGNAL3 AND RATES OF RETURN ON CAPITAL AT RIGK
PRICE SERIES :  GTANDARD & POOR'S. / HOURLY DATA (6)

FERIOD: 1/ 1/ 4/1974 —~ 6/30/ 9/1974
TRADING RULE: MOMENTUM
TIME SPAN: 7 HOURS

TCTAL RATE OF RETURN PER YEAR: 103.8

NUMBER OF TRADING GIGNALS: 90

o S IWHHIL, L

NUMBER OF SELL SIGNALS: 45

AVERAGE DURATION OF OPEN POSITIONS: 2.1 DAYS
AVERAGE DURATION OF IONG POSITIONS: 1.4 DAYS
AVERAGE DURATION OF SHORT POSITIONS: 2.7 DAYS

SUM OF PROFITS:  77.5 CENTS

NUMBER OF PROFITS: 45

AVERAGE DURATION OF PROFITABLE POSITIONS: 3.2 DAYS
AVERAGE RETURN FROM PROPITABLE POSITIONS: 1.7
AVERAGE RETURN FRCOM PROFITABLE POSITIONS PER DAY: 53

SUM OF LOSSES: -—<25.4 CENUS
NUMBER OF IOSSES: 44

AVERAGE DURATION OF UNFROFITABLE POSITIONS: .8 DAYS
AVERAGE RETURN FROM UNPRCFITABLE POSITIONG: -.58
AVERAGE RETURN FROM UNPROFITABLE POSITIONS PER DAY: -.69
SINGLE RATES COF RETURN:

MEAN: .58

MEDIAN: .00

STANDARD DEVIATION: 1.8

SKEWNESS; 2.

KURTOSIS: 7.46

MINIMUM: -2.05

MAXIMUM: 8.739

T-STATISTIC: 3.01

DEGREE OF FREEDOM: a8

ANNUAL RATE OF RETURN FROM BUYING AND HOLDING: -54.3%



Table A23

TECHNICAL TRADING MODELS:

MOMENTURNM

BUY AND SELL SIGNALS AND RATES OF RETURN CN CAPITAL AT RISK

PRICE SERIES : STANDARD & POOR™S / HOURLY DATA (6)

PERICD: 1/ 1/ 4/1977 - 6/%0/ 9/1977
TRADING RULE: MOMENTUM

TIME GPAN: 7 HOURS

TOTAL RATE COF RETURIN PER YEAR: 1.0

NUMBER OF TRADING SIGNALS: 78

NUMBER OF BUY SIGNALS: 39
NUMBER OF SELL SIGNALS: 39
AVERAGE DURATION OF OPEN POSITIONS: 2.4 DAYS
AVERAGE DURATICN COF LONG POSITIONS: 2.5 DAYS
AVERAGE DURATION CF SHORT POSITIONS: 2.3 DAYS

SUM OF PROFITS:  28.1 CENTG

ITUMBER OF PRCFIT3: 37

AVERAGE DURATION OF PROFITABLE POSITIONS: 3.6 DAYS
AVERAGE RETURN FROM PROFITABLE POSITIONS: .76
AVERAGE RETURN FROM PROFITABLE PCSITIONS PER DAY: 21

SUM OF 1OSSES: -12.6 CENTS

NUMBER QF LOSSES: 40

AVERAGE DURATION OF UNPROFITABLE POSITIONS: 1.2 DAYS
AVERAGE RETURN FROM UNPROFITABLE POSITIONS: -.31

AVERAGE RETURN FROM UNPROFITABLE POSITIONS PER DAY: -.26

SINGLE RATEG CF RETURN:

MEAN: .20
MEDIAN: -.0f
STANDARD DEVIATION: 80
SKEWNESS: 1.45%
KURTOSIS: 6.10
MINIMUM: -1.87
MAXIMUM: 3.16
T-STATISTIC: 2.20
DEGREE OF FREEDOM: T6

ANNUAL RATE OF RETURN FROM BUYING AND HOLDING: -4.8%



Table A24

TECHNICAL TRADING MODELS:
MOMENTUM

BUY AND SELL SIGNALS AND RATES CF RETURN ON CAPITAL AT RISK
PRICE SERIES :  STANDARD & POOR™S / HOURLY DATA (6)

PERIOD: 1/ 1/ 4/1980 - 6/%0/ 9/1980
TRADING RULE: MOMENTUM
TIME SPAN: 7 HOURS

TOTAL RATE COF RETURN PER YEAR: 38.7

NUMBER OF TRADING SIGNALS: 100
NUMBER OF BUY SIGNALS: 50
NUMBER OF OELL SIGNALS: 50

AVERAGE DURATION OF OPEN POSITIONS: 1.8 DAYS
AVERAGE DURATION OF LONG POSITIONS: 2.2 DAYS
AVERAGE DURATION OF SHORT POSITIONS: 1.5 DAYS

SUM OF PROFITS:  47.2 CENIS

NUMBER OF PROFITS: 36

AVFRAGE DURATION OF PROFITABLE POSITIONS: 3.5 DAYS
AVFRAGE RETURN FROM PROFITABLE POSITIONS: 1.31

AVERAGE RETURN FROM PROFITABLE POSITIONS PER DAY: .37

SUM OF LOSSES: —~£7.9 CENTS

NUMBER OF LOSSES: 63

AVERAGE DURATION 0OF UNPROFITABLE POSITIONS: .9 DAYS
AVERAGE RETURN FROM UNPROFITABLE POSITIONS: -.44

AVERAGE RETURN FROM UNPROFITABLE POSITIONS PER DAY: -.50

SINGLE RATES OF RETURN:
MEAN: .20
MEDIAN: ~-.16
STANDARD DEVIATION: 1.10
SKEWNESS: 1.55
KURTOSIS: 5.12
MINIMUM: -1.18
MAXTMUM: 4.28
T-STATISTIC: 1.77
DEGREE OF FREEDOM: g8

ANNUAL RATE OF RETURN FROM BUYING AND HOLDING: 49.1%



Table A253

TECHNICAL TRADING MODELS:

MOMENTUM
BUY AND SELL SIGNALS AND RATES OF RETURN ON CAPITAL AT RISK
PRICE SERIES :  STANDARD & POOR™S / HOURLY DATA (6)

PERIOD: 1/ 4/ 4/198% - 6/%0/ 9/1983
TRADING RULE: MOMENTUM
TIME SPAN: 7 HOURS

TCTAL RATE OF RETURN PER YEAR: 39.3

NUMBER OF TRADING SIGNALS: 108
NUMBER OF BUY SIGNALS: 54
NUMBER OF SELL SIGNALS: 54

AVERAGE DURATION OF QPEN POSITIONS: 1.7 DAYS
AVERAGE DURATICOH OF LONG POSITIONS: 2.0 DAYS
AVERAGE DURATION OF SHORT POSITIONS: 1.4 DAYS

.

SUM OF PROFITS:  45.2 CENTS

NUMBER OF PROFITS: 41

AVFRAGE DURATION OF PROFITAELE POSITIONS: 3.0 DAYS
AVERAGE RETURN FROM PROFITABLE POSITIONS: 1.10
AVERAGE RETURN FROM PROFITABLE POSITIONS PER DAY: .36

SUM COF LOGSES: -25.8 CENTS

NUMBER OF LOSSES: 66

AVIRAGE TURATION OF UNPROFITABLE POSITIONS: .8 DAYS
AVIRAGE RETURN FROM UNPROFITABLE POSITIONS: -.39

AVERAGE RETURN FROM UNPROFITABLE PCSITIONS PER DAY: - 47

SINGLE RATES OF RETURN:
MEAN: .18
MEDTAN: -.14
STANDARD DEVIATION: 1.07
SKEWNESS: 2.12
KURTOSIS: 8.%0
MINIMUM: -1.19
MAXTMUM: 5.04
T-STATISTIC: 1.73
DEGREE OF FREEDOM: 106

ANNUAL RATE OF RETURN FROM BUYING AND HOLDING: 18.9%



Table A26

TECHNICAL TRADING MODELS:
MOMENTUM

BUY AND SELL SIGNALS AND RATES OF RETURN ON CAPITAL AT RISK
PRICE SERIES :  STANDARD & POOR™S / HOURLY DATA (8)

PERIOD: 1/ 1/ 4/1986 - 8/30/ 9/1986
TRADING RULE: MOMENTUM

TIME SPAN: 7 HOURS
TOTAL RATE OF RETURN PER YEAR: 42.5

NUMBER OF TRADING SIGNALS: 167
NUMBER OF BUY SIGNALS: 83
NUMBER OF SELL SIGNALS: 84

AVERAGE DURATION OF OPEN POSITIONS: 1.1
AVERAGE DURATION OF LONG POSITIONS: 1.2 DAYS
1.0

AVERAGE DURATION OF SHORT POSITIONS:

SUM OF PROFITS:  55.4 CENTS

NUMBER OF PROFITS: 62

AVERAGE DURATION OF PRCFITABLE POSITIONS: 1.7 DAYS
AVERAGE RETURN FROM PRCFITABLE POSITIONS: .89

AVERAGE RETURN FROM PROFITABLE POSITIONSG PER DAY: .51

SUM OF LOSSE3: -34.1 CENTS

NUMBER OF LOSSES: 104

AVFRAGE DURATION OF UNPROFITABLE POSITIONS: .7 DAYS
AVERAGE RETURN FROM UNPROFITABLE POSITIONS: -.33
AVERAGE RETURN FROM UNPROFITAELE POSITIONS PER DAY:  -.45

SINGLE RATES OF RETURN:

MEAN: A3
MEDIAN: -.09
STANDARD DEVIATION: .96
SKEWNESS: 3.08
KURTOSTS: 16.70
MINIMUM: -1.10
MAXIMUM: 6.61
T-STATISTIC: 1.75
DEGREE OF FREEDOM: 165

ANNUAL RATE OF RETURN FROM BUYING AND HOLDING: -6.2%



