NEW H1gNh-Frobability Indicators Combining Statistics
with Technical Analysis

By CYNTHIA KASE

uring the past 15 years,

great progress has been

made in the field of

financial engineering,

supported by similar
advancements in personal computer
technology.

Physical scientists and engi-
neers, as well as mathematicians,
have begun to penetrate the trading
community. These professionals
have brought with them a high leve]
of understanding of mathematics,
statistics, and physics which can,
and are, being applied to the market.

Despite these advancements,
most market professionals are sti]]
using technical analysis techniques
that often date back to the early part
of the century, or, at best, were
designed using hand-held calcula-
tors. While the Stochastic indicator,
moving averages, the moving aver-
age-convergence-divergence indica-
tor (MACD), and relative strength
index (RSI), all developed between
1957 and 1978, have been of value,
they have been based on simplistic
mathematics. This was necessary
back in the days when the hand-held
programmable calculator was state-
of-the-art.

For many years, technical analy-
sis was frozen in its late 1970s state
because the first charting packages
developed for the PC in the early
1980s were programmed with com-
plicated, cumbersome code lan-
guages which were difficult, if not
impossible, to modify. From a com-
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mercial standpoint, creators of chart-
Ing software had no incentive to pro-
gram new indicators, especially
those which were complex, unless
they were in high demand. This led
to a classic “chicken and the egg”
situation where new techniques
could not be popularized because
they were not found on standard
charting packages, while the vendors
were only willing to consider pro-
gramming highly popular tech-
niques.

This began to change in the
early 1990s with the introduction of
expert language systems which
allowed technical analysis software
developers to devise new indicators
which could then be imported direct-
ly into a charting package. In this
article, we will examine three new
indicators which are based on a sub-
category of statistics called stochas-
tic theory. We will look at the ran-

dom walk theory and see how a rig-
orous mathematical and statistica]
approach to the market based on this
theory has led to the development of
€W, more accurate, and increasingly
reliable indicators.

Going back to the term “sto-
chastic,” the well-known Stochastic
indicator got its name by accident.
When the developer of this indicator
first presented it, he had written in
the margin of his notes “a stochastic
process” to remind himself to dis-
cuss the subject with a colleague. A
reporter, who was covering the pre-
sentation, saw the note and named
the indicator now known as the
Stochastic.

In practice, stochastic theory
involves the study of random motion
in which all the variables are inde-
pendent and more or less normaily
distributed. In market terms, this

means that price would always revert
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Five-minute March 1996 Crude Oil with Standard Deviation Bands
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Figure 2 ] | standard deviation of price change
On an annualized basis. Thus, a sim-
Distribution for Price After One-Day Random Market ple volatility model assumes a bell
curve or a log-normal curve with the
0.16 current price as the mean and one
o1t 4+ ) /\ staqdard deviation of price change

ol e equivalent to volatility.
/ In the shorter term, we can find
L o4 / the standard deviation for one day
?:5 wos | by dividing the annualized volatility
3 g by the square root of the number of
< o054+ / trading days in the year (normally
ooe L /f gssumed to be 255). At 40% annual-
o L /,/ 1zed volatility, daily volatility is
g L roughly 2.5%. Taking this a step fur-
L e S MR — ther, volatility of a five-minute peri-

1713 1730 1746 17.63 1780 1796 1813 1829 1846 1863 od is roughly 0.3%,

S/bbl - The difference between a ran-

dom and non-random market can be
illustrated by evaluating the results
of two Latin-Hypercube simulations.
This is a mode] which chooses

to a mean in random markets, hence in Figure | (Five-minute March
the term “mean reverting market.” [t light, sweet crude oil) showing short-
Is interesting to note that first nearby term crude oil price activity in a

contracts often do not appear to be down trend. On moves against the |

mean reverting, but in many mar- | trend, price tends to be contained | Cremental price changes randomly
kets, such as energy, if one takes an within the two-standard-deviation | [fom a data-set. While similar to the
average of all of the contracts traded band. On moves with the trend, the | Detter-known Monte Carlo simula.

tion, often used for scenario-testing,
the Hypercube selects data in a more
evenly distributed manner.

First, we will generate the
expected price after one day, with
the percentage price change over

every day, the resultant average two standard deviation band is con-
price, called the “forward strip stantly broken in the direction of the
price,” is both mean reverting and trend. We can see specifically, on the
more or less normally distributed morning of the 29th, 3 penetration of
over the medium term, generally the upper band by a move which

considered a four- or five-year peri- appears corrective against the trend, . .
od. which then turns price behavior back | €ach five-minute period averagzing

It stands to reason, then, that one in the direction of the trend. zero, but with a standard deviation
way to tell whether a market is ran- Let us take a more complex of0.3%. The result shown in Figure
dom is to determine whether it is example. Volatility is defined as one ' 2 iS that the mean is $18.00 and the
reverting to a mean. This is the prin- Figure 3 1
ciple behind the use of standard
deviation bands of price as a trading Distribution for Price After One-Day Upward Biased Market
technique. In a normal bell curve,
95% of the data is held within plus 012
and minus two standard deviations
above and below the mean. When 0.10 |
the market is in a trading range,
exhibiting purely random motion, N 0.08 1
price is held within two standard ::
deviations of the mean. In trending ~§ 006 1
markets, the price continues to break &

0.0¢

above or below the two-standard-
deviation mark, showing that the 0.02
market is, at least in the short-term,
exhibiting serial dependency or 0 O o e e e ey et S A
trending. 18.02 1817 18.32 1848 18.63 1879 1894 19.09 1925 19490

Look at a simple example of this 3/bbl
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Figure 4

" Random Walk Measure Shown ag Line Chart and as Color Coding

NYMEX Division March 19
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standard deviation is 24¢. This
means that prices between $17.52
and $18.48 would be considered
within the probability for a purely
random market.

The same simulation with an
average rate of change of 0.2% to
the upside, shown in Figure 3 shows
an expectation of, after a day of trad-
ing, with a resultant mean of $18.73,
clearly outside of the random expec-
tation two-standard deviation range.

The Random Walk Index

Studies of random motion have
been recently popularized in trading
applications by Mike Poulous and
Alex Saitta in the form of the
Random Walk Index (RWI), where:
RWI =  actual price movement/
expected random walk

RWhlgh = higho - IOW,,
ATR xVn

RW o = high, —low,

ATR x ¥n

and ATR = average true range. and
n = number of bars in the look back.
This index measures the degree to

random expectation.

These measures of statistical
deviation from purely random
motion can be used in place of mov-
ing averages. The index is evaluated
over a number of different look-back
lengths, and the largest value cho-
sen.

The RWI (modified somewhat
from the Saitta and Poulous version
to improve the math) is shown in the
subgraph below the five-minute
March crude oil data in Figure 4. A

crossover of the RWIL s shown in
black over the RWI ;.. in red is a
buy signal and vice-versa. For sim-
plicity, the bars are also color-coded.
The bars with the red dot on the top
are bearish with propensity to move
down. Those with the blue at the
bottom are bullish with the propen-
sity to move up.

This technique is superior to the
moving average crossovers in that
the most significant value among
many cycle lengths is chosen, an
automatically self-optimizing func-
tion. The indicator is, as one would
expect, subject to the drawbacks of
any trending indicator system in that
it tends to lag and whipsaw.
Nevertheless, the technique is more
highly accurate, less lagging, and
causes fewer late whipsaws than a
standard moving average Crossover
system. Whipsaws can also be elimi-
nated to a great degree by combin-
ing the indicator with a filtering
technique.

The PeakOscillator

Now, we apply stochastic theory
to momentum by taking the first and
second derivative of price relative to
time. In this way, momentum indica-

[?gure 5
PeakOscillator Catches Turns Other Indicators Miss
65-minute April 1996 Crude Qil
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W LdIT DC designed pased:-on mar-
ket velocity and market acceleration
which are superior to those generally
used in the market place such as the
Stochastic and RSI momentum indi-
cators or the MACD. which in a
sense 1s an acceleration indicator.

Just as velocity is the rate of
change of distance relative to time,
momentum indicators generally
measure the rate of change of price
relative to time. Some of the earliest
momentum indicators were oscilla-
tors. An oscillator is simply the dif-
ference between two moving aver-
ages.

The Kase PeakOscillator simply
substitutes a statistical measure of a
trend for the moving average, using
longer look-back lengths than used
for a trending or crossover system.
This technique has a number of
advantages over the traditional
momentum indicators such as the
Stochastic.

First. the Stochastic is normal-
ized for local conditions (near-term
price activity). Therefore. one can-
not compare the vajue of 2
Stochastic in a highly volatile mar-
ket with the value of a Stochastic in
a quiet market. Similarly, sne cannot
compare a crude oil five-minute
Stochastic with a natural gas 60-
minute for example.

The PeakOscillator is normal-
ized for range and thus. for volatility
(range is proportional to volatility).
So, we have a universal indicator
that measures momentum on a leve]
playing field, allowing us to com-
pare momentum across markets and
across time frames.

This has allowed us to determine
the 90th percentile of momentum as
measured by our PeakOscillator. We
measured the absolute value of the
oscillator over 80 years of commodi-
ty history and selected the 90th per-
centile. We then display the
PeakOscillator along with a PeakOut
line which is the higher of the 90th
percentile over 80 years of commod-
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Advancements in personal computer technology supported and contributed to the progress in financial cngi-

neering.

ity history or the 98th percentile of
local data. By definition, if momen-
tum peaks through the PeakOut line
and then pulls back, we have a situa-
tion where it is highly unlikely that
momentum will continue in that
direction.

A second advantage is simply a
higher degree of reliability relative
to momentum divergences. With
traditional divergence, there is a dif-
ference in direction between price
and momentum commonly referred
to as “a higher high in price and a
lower high momentum or a lower
low in price and a higher low in
momentum.” The PeakOscillator not
only generates divergence in cases
where traditional indicators miss
them, it also has another advantage:
from time-to-time the market spikes

!

in such 4 way that a divergence sig-
naj is not possibie. In order 1o Jave a
divergence, we need two highs or
two lows. Ina spike-type formation,
where there is only one high or one
low, indicators such as the
Stochastic or RSI fail to identify
market turns. The PeakOsciHator,
generating a PeakOut signal, is not
only warning that divergence may
occur on a following high or low, but
that the market could be turning on a
spike-type turn.

Figure 5 (65-minute April crude
oil) shows three instances in which
the Kase PeakOscillator exhibited
divergences following a PeakOut
signal. In divergence 1, neither the
RSI nor the Stochastic signaled a
proper divergence — momentum
sloped upward with the price —
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Figure 6
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while the PeakOscillator sloped
downward, generating a reliable
divergence.

In case two, all three indicators
did exhibit a classic divergence sig-
nal, price sloping down and momen-
tum sloping up. However, the
PeakOscillator gave a preliminary
warning that a divergence might be
taking place with the PeakOut signal
preceding the actual divergence. In
case 3, a classic divergence is gener-
ated by the PeakOscillator following
a PeakOut signal, the RSI is not
divergent and the slow Stochastic is
flat, exhibiting what is commonly
called a class three divergence.

Thus, we can see two benefits of
the PeakOscillator that we discussed
earlier. That is, the advanced warn-
ing because of the PeakOut line and

the higher level of reliability on
divergences.

The Kase CD

As we mentioned earlier, the
MACD is a second derivative or
acceleration indicator. MACD is
the difference between an exponen-
tial moving average oscillator and
its own average:

MACD histogram =
MAQ, - average (MAO,, n)

where MAOQe is an exponential mov-
ing average oscillator (usually the
difference between a 12-period
exponential moving average and a
26-period one) and n = the average
of MAOe (usually defaulted to 9).

A new version of this indicator

that we developed, the KaseCD
(KCD), simply substitutes the
PeakOscillator for the moving aver-
age oscillator in the formula as fol-
lows.

KCD histogram =

PeakOscillator - average (PeakOscillator, 7)

While the indicator is based on
much more complex mathematics
than the MACD, the display looks
virtually identical. The major differ-
ences between the MACD and the
KCD are that the KCD generates
much more reliable divergence sig-
nals, misses false divergences that
the MACD tends to trigger, and is
much more stable around the zero
line. The MACD, when it is close to
zero, tends to generate formless.
erratic histogram lines while the
KCD generates more clear, rounded
formations.

This provides superior results
because the indices on which the
indicator is based automatically
search for the most significant trend
length and adjusts to a cycle to pro-
vide a more in-depth evaluation of
market behavior. This indicator is
not only statistically sound, but also
adaptive in the sense that it elects the
most significant cycle length among
a variety of look-back lengths for its
trend parameter.

Figure 6 shows an intraday
March natural gas chart. We see a
market turn to the upside following
what appears to be an exhaustion
gap. The PeakOscillator generates a
PeakOut signal confirmed by a
divergence on the KCD. Neither the
MACD nor RSI generate diver-
gences, instead, they slope down-
ward with price.

Next, Figures 7 and 8 show two
instances where the PeakOut signal
generated by the PeakOscillator was
confirmed by the KCD. In the case
of the short-term January 1995 crude
oil chart, neither the MACD nor the
Stochastic signaled a divergence.
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Figure 7 market technician who develops pro-

June 1995 Crude Oil, Intraday prietary trading sofiware and hedg-
ing models. She is author of the
CLFS-55 Tk By technical trading book Trading with
I 18 60 the Odds, published by Irwin
byl r“l p l h Professional Publishing. Ms. Kase
it “ 1820 began her career as a chemical
[ 1780 engineer, traded physical oil for
Chevron, and was the first commod-
-17.40 ity trader on Chemical Bank's deriv-
[ 1700 atives desk. After consulting for the
‘ Saudi Oil Ministry, she launched her
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Thus, a trader using these instru- Figure 8
ments would have failed to recognize August 1995 Natural Gas
the imminence of a turn.
Finally, we see on the short-term NGQS- 34 Tick Bars l TP -1 900
; August 1995 natural gas chart a I” l i - | 360
minor level of divergence on the I i “'ll [} 520
MACD but no divergence whatsoev- Iy it |
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difficult for a trader to properly iden- Ly, ! f L1 240
tify the market turn. H 1 700
As success in world markets
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to keep pace in order to remain com- PeakOscillator b 60,00
petitive. The algorithms displayed by 40 00
charting systems are no exception. ", ,|[|”“| ,Iﬂ\\,n, o . 000
Toward this end, many new tech- KeD I e g ®
niques, including those statistical
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Cynthia Kase, is president of a F£0.00
CTA firm offering trading advisory m—v\_\/\/_mm
services based in Albuquerque, New RSI F
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