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Preface to this Edition

Since Channel Analysis was first published in 1989 the technique is now
widely used by private and institutional investors. It has become
recognised as an excellent method for improving the timing of investments,
thereby reducing risk to a minimum. It appeals to the small private investor
who does not use a computer, but is content to draw charts and channels
manually. It also appeals to the computerised investor, since software
programs are available to carry out the channel calculations automatically.

Whichever method, manual or computer, is used by the investor, stress is
once again placed on a totally disciplined approach as being the only way
to make and hold on to profits. It is only through discipline that the
investor ignores the inner voice that says that a falling share price will turn
around if only more time is allowed. It is only through discipline that an
investor avoids jumping in too early before a buying signal is confirmed. It
is only through discipline that an investor ignores the torrent of investment
advice in the press.

The availability of software programs has made it easy to investigate the
various cycles present in share price data, and this topic is addressed
rather more fully than in the first edition. Finally, it is shown how the
powerful technique of probability analysis greatly improves the estimation
of channel turning points, thereby increasing the profit potential
considerably.

Brian J. Millard, Bramhall



Preface to the First Edition

In my previous book Stocks and Shares Simplified I just touched on the
underlying principles by which the future course of share prices could be
estimated by means of boundaries based on long-term moving averages. I
then became aware of the work of J. M. Hurst in the United States, and
came to realise that we were both heading in the same direction by slightly
different routes. These two approaches have been combined in the
technique of Channel Analysis, and readers of this book will soon begin to
see that this is the most powerful technique available for predicting the
direction of share prices over the near future.

The book does not claim 100% success in predicting price movement,
since a considerable proportion of price movement is random and
therefore not predictable. Where the book does claim success is in
determining the status of the various cycles present in share price data.
This knowledge is of paramount importance in identifying buying and
selling points only a short time after they occur. This reduces the risk to the
investor while giving him a large proportion of the subsequent gain made
by the share price.

The book also shows that the policy of buying a share and then holding on
to it through thick and thin is a flawed one, and that much greater profits
can be made by trading on a short-term basis even when dealing costs are
taken into account.

Finally the importance of a disciplined approach to investment is stressed,
enabling the investor to hold on to the profits which he has made.

October 1989

Brian J. Millard, Bramhall



Chapter 1. Buy and Hold?

There has always been a difference of opinion between those investors
who believe that the best policy is to buy a share and then virtually forget
it and those investors who believe that better profits can be made by
constant forays in and out of the market. Market professionals obviously
belong to the latter category, since they appear to spend their whole day
engaged in buying and selling operations. During the privatisations of
British Telecom, British Gas, the water and electricity companies, etc.,
many amateur investors came to the conclusion that the best profit was the
quick profit that could be made by selling the shares within a few days of
issue, and therefore they took the same view as the professionals.
However, if we look at the vast majority of investors in the privatisation
issues, we find that they have no clear objective. They firmly believe that
the share price will rise consistently over the foreseeable future, and have
no inclination to sell unless sudden demands for capital are made on them.
In other words, for most of these investors, their selling action will be
dictated by personal circumstances and not the behaviour of the share
price itself.

This view of buying shares and then holding on to them for long periods of
time has much to commend it: it makes no demands on the investor in terms
of having to manage the various shares that go to make up the investor’s
portfolio, and it has resulted in good profits for most of the quality shares
over the last 15 years or so. Looking at this statement more closely will
lead to the conclusion that this buy and hold policy makes no demands on
the investor simply because good profits have been made in most shares. If
shares had been much more mixed in their long-term performance then it
would have been necessary for investors to have taken a much more active
stance. The fallacy in most investors’ reasoning is therefore that share
prices will inexorably rise in the future if a long-term, say 10- or I5-year
view, is taken. This long-term view can even accommodate drastic crashes
in the market such as occurred in October 1987. On this long-term view,
most falls in the market can be accepted merely as blips in the steady



upwards progress, the October crash being just a slightly larger blip than
has been the norm since 1929. We shall see later in the discussion on
cycles in the market that the rise we have seen over the last 15 years
cannot continue forever, and that once the very long-term cycles start to
reach their peaks, then the long-term rise will turn into a long-term fall.

GAINS AND COMPOUND GAINS
Before we can proceed any further with a discussion of the merits of
different investment strategies, we have to get clear in our minds the
various ways in which we can calculate and compare gains (or losses) in
investment capital. The most common way of calculating a gain is to
express it as a percentage change from the starting value. Thus if an
investor starts with £1000 and turns it into £2000 over a certain period of
time then quite obviously he has made a gain of 100%. A different way of
expressing the gain is to consider it as a factor by which the starting
amount has to be multiplied. In this present example the investor has
doubled his money, and therefore the gain factor is 2. If we deal with
numbers that are not so round, then for example an investor turning £1000
into £1450 over a period of time will have made a gain of 45%, while the
gain factor is 1.45. In this chapter we will be using both gain factors and
percentage gains. It is easy to convert from percentages to gain factors and
vice versa by the simple formulas:

Gain factor = (100 + percentage gain)/100

and

percentage gain = 100 x (gain factor - 1)

Now, of course, a gain in capital becomes meaningless without a timescale
attached to it. An investor A who makes 100% on his starting capital over
five years has not done as well as an investor B who makes the same gain
in four years. The best way of comparing the two performances is to
express them as gains (either gain factors or percentage gains will do)
over the same time period, which in this case would conveniently be a



year. One simple way of doing this would be to divide the total gain by the
number of years. We would then find that investor A who doubled his
money over five years would have made a gain of 20% per annum and
investor B who took four years to do this would have made a gain of 25%
per annum. The disadvantage of calculating gains in this way is that it
ignores the ability to compound gains, i.e. to plough back into the next
investment the total proceeds from the previous investment, both the
original stake and any gain made from it. Throughout this chapter we will
be adopting this approach of calculating gains as compound gains, i.e. as if
they were made annually and reinvested.

Although such compound gains can be calculated from the percentage gain
made each year, it is much easier to calculate them if we use gain factors,
since we simply multiply the gain factors together to get the overall gain.

As an example, if we make a gain of 11% per annum, then this is the same
as a gain factor of 1.11. To compute the gain over a number of years, say
five, we simply multiply the gain factors together the number of times that
we have years.

Thus 1.11 compounded for five years = 1.11 x 1.11 x 1.11 x 1.11 x 1.11

= (1.11)5

= 1.685

By our formula above, a gain factor of 1.685 is a percentage gain of 68.5%
over five years. Note the difficulty of calculating the above if we tried to
use percentages instead of gain factors. Scientific and financial calculators
have a key which is usually labelled x y which makes this calculation
easier than multiplying the numbers together the requisite number of times.
In this case x is the gain factor, e.g. 1.11, and y is the number of years.

If the gains differ for each of the five years, then we still use the above
method, but replace the value of 1.11 for that year by the appropriate gain
factor. We cannot then use the x y key on the calculator, of course, since the
x values are not all the same.



On a computer using BASIC, the line which gives the compounded gain,
say G, from the annual gain, say A, is:

G=A^Y

where Y is the number of years.

Having shown how to compute an annual gain into a five-year gain, for
example, we have to do the reverse of this to express the five-year gains of
investors A and B as annual gains. Each of them made gains of 100%, i.e.
gain factors of 2.0. Thus,

annual gain = 5th root of 2.0 for investor A

= 1.149

annual gain = 4th root of 2.00 for investor B

= 1.189

Thus if the gain is known for an n-year period, the annual gain is the nth
root of this n-year gain. The problem with reducing a gain to a gain over a
shorter time period is that most simple calculators only have square roots,
and not nth roots. Some financial and all scientific calculators will have
this facility, which is performed by a key which is usually labelled x 1/y. In
this case, x is the overall gain factor and y would be the number of years,
or whichever period it is desired to reduce the gain to. With a computer, to
get the annual gain A from a gain of G which has been obtained over a
period of Y years there is a oneline program in BASIC using the EXP and
LOG functions:

A = EXP(LOG(G)/Y)



BUY AND HOLD FOR A LONG TERM
The correctness of the buy and hold strategy can appear to be confirmed by
a chart of just about all shares that have been quoted for a 15-year period
on the London stock market. As just one example, the chart of Grand
Metropolitan is shown in Figure 1.1. Taking the extremes of the chart, an
investor could have bought Grand Met shares at 52p on 6th January 1978
and sold them on 31st January 1995 at 464p. If dealing costs are ignored,
this represents a profit of 412p per share, i.e. a profit of 792% on the
initial price.

Figure 1.1 The Grand Metropolitan share price since 1978

Unfortunately, dealing costs cannot be ignored, and the small investor
suffers more than most as far as the level of costs is concerned. For the
sake of argument, if we assume that a parcel of 1000 shares was purchased
at 52p, then the dealing costs on such an amount would be approximately
2.5%. The selling costs would be approximately 1.5%. These percentages



increase rapidly as the value of the deal falls below £1000 and decrease
only slowly as the deal moves into the tens of thousands of pounds.

Thus the dealing costs of buying 1000 shares at 52p would be about £13
and the selling costs of selling at 464p would be about £69. Now we can
calculate a more realistic profit for the entire deal than the 792% we noted
above:

Buy 1000 shares at 52p Outlay = £520 + £13 = £533

Sell 1000 shares at 464p Receipts = £4640 - £69 = £4571

Actual gain = £4038

This represents a gain of 757% on the outlay of £533. Therefore the
dealing costs of this transaction have reduced the overall gain by some
35% over the 18-year period.

If we are going to make this a realistic exercise, then there is one
important aspect that is missing from this calculation. This concerns the
dividends that would have been paid during the 18-year period for which
the shares would have been held. To simplify matters, we can consider
that Grand Metropolitan consistently paid a 5% dividend, year in and year
out over this period.

Since the average share price was halfway between 52p and 464p, i.e.
258p, we can estimate the cumulative dividend as:

18 x 1000 x 258p x 5% = £2322

This increases the actual gain from £4250 as calculated without dividends
to £6572 with dividends. This now gives a gain of 1233% on the initial
outlay of £533.

Since we require some standard timescale over which to compare the gain
from one situation with the gain from another, it is best to state this gain
from investment in Grand Metropolitan shares as a percentage gain per



annum. As we discussed above, it is not correct simply to divide the
1233% by 18 and use this as the annual gain. The annual gain has to be
such that it compounds into a gain of 1233% over the 18-year period, so
that we could compare it with that made by an investor who leaves his
money and the accumulated interest in an interest-bearing account. If we
do this, we find that the gain of 1233% equates to a gain of 15.5% per
annum. This is superior to any gain that could have been made by
depositing the money in the money market for one-year periods, year in
and year out, and so appears to verify that long-term investment in shares
is an excellent strategy.

The profit from the position is made because the share price has risen
more than sufficiently to offset the buying and selling costs and we have
had the advantage of a number of dividends over the time period.

MULTIPLE TRANSACTIONS OVER A LONG
TERM
The alternative to buying shares and holding them for long periods of time
is to buy and sell them over shorter time periods. We still have to satisfy
the above criterion, i.e. that the price rise over the shorter timescale will
be more than sufficient to offset the buying and selling costs. Whether we
will still have the advantage of any dividends will depend upon the time
period over which we hold the shares. If we are lucky, then holding the
shares for just one day could capture a dividend.

It is interesting to view Grand Met shares in terms of their yearly
performance since the beginning of 1978, i.e. look at the gain or loss that
occurred over each calendar year since that time. These annual changes
are shown in Table 1.1.

Table 1.1 Yearly starting values, ending values and gains/losses made in the Grand
Metropolitan share price from 1978 to 1995



We can see that out of these 18 yearly changes, seven were either losses,
or gains of only 2.2%. Thus, there is no question that if we had not been
invested in Grand Met during those seven years, but had found a better
home in the money market for our funds, then even taking into account the
dealing costs involved in selling and buying back a year later we would
have made a much better return over the whole 18-year period.

Ignoring the price movement in the shares themselves over any particular
time period, the major disadvantages of such a strategy of buying and
selling frequently would appear to be:

We have to carry buying costs of 2.5% and selling costs of 1.5% with
each buying and selling transaction. Switching from one share to
another therefore is an expensive operation.
We have to spend time managing our portfolio.

The second of these disadvantages should be ignored by any serious
investor. If the reward becomes high enough through the application of a
successful investment strategy, then the time spent is worthwhile. The only



negative aspect therefore is the high dealing cost of carrying out a strategy
of buying and selling at frequent intervals.

The success of such a strategy now depends upon the answers to just three
questions:

. Do prices rise sufficiently over the investment term to offset the
transaction costs and generate profit?

. Since profits will be compounded, and bearing in mind the transaction
costs, what is the shortest practicable time period over which to hold a
share in order to maximise profits?

. How difficult is it to capture good price rises and avoid bad price falls in
a given time period?

In this chapter we will look at these first two questions. The objective of
this book as a whole is to answer the third question.

Before any transaction can generate a profit, the price rise over the period
of that transaction has to be considerably in excess of 5% in order to
comfortably clear the dealing costs. A logical approach to this question of
multiple transactions is to investigate shorter and shorter time periods
over which the shares are held in order to decide at what point the average
gain per transaction falls below that necessary to make a profit, i.e. falls
below say 5%. There will come a point at which no profit will be made,
and so we can say that shortening the timescale would appear to be
working against us as far as the level of profit is concerned.

On the other hand, as we fit more and more transactions into a certain time
period and reinvest the total proceeds of one transaction into the next, the
compounding effect will move in our favour, increasing profits
dramatically. Thus we expect that:

. Reducing the transaction time reduces the real gain per transaction.

. Reducing the transaction time increases the compound gain of multiple
transactions.



The exercise therefore comes down to an investigation of the combined
effect of these two factors which are acting in opposite directions. A
staged approach to this question is valuable in helping us to gain an insight
into the relationship between these two factors for a typical share such as
Grand Metropolitan.

There is a third point to be made here, and that concerns the rate of gain.
Thus although the reduced transaction time should reduce the gain made
per transaction, since this occurs over a shorter timescale the rate of gain
expressed, say, as a rate per week may be much better than that made from
an investment with a longer transaction period. This is apart from any
advantage to be obtained by compounding successive gains.

Figure 1.2 Medium-term trends in the Grand Metropolitan share price since 1978.
These are represented by a centred 41-week moving average

Looking at the Grand Met share price in Figure 1.1 again, we can see some
upward surges in share price which make good gains over time periods of
up to about two years. These trends are displayed in Figure 1.2, and have



been isolated by using a centred 41-week moving average as discussed in
Chapter 3. Taking the rising part of the trends only, there are 13 such
uptrends in the figure. In this chapter we are concerned only with the share
prices at the time the trends started and when they finished. The beginning
and end of a trend is signified by the changes in direction of the average.

The share prices at the turning points in these 13 uptrends are given in
Table 1.2.

Table 1.2 Starting values, ending values and gains made in 13 upward trends in the
Grand Metropolitan share price from 1978 to 1995

The timescale of these trends varies from 16 weeks up to 84 weeks with
an average time of 45 weeks, i.e. nearly one year from the beginning to the
end of the average trend. Note that the longest trend, 84 weeks, gave the
largest gain, but one of the two shortest trends of 16 weeks did not give the
smallest gain. In other words there is no obvious direct relationship
between the length of time of an uptrend and the rise that occurs during it.
The average gain for these 13 trends was 43.6%, corresponding to a gain
factor of 1.436. We are, in the present exercise, trying to compare the
performance of an investor who bought and held Grand Met shares for 18
years with one who took advantage of these 13 trends, buying at the start of



each trend and selling at the end of that trend. In order to do this we have
to adjust the performance of each investor to the same time period.

This can be done in several ways:

. Adjust the gain from the seven transactions over 45 weeks to a gain over
18 years, i.e. 936 weeks.

. Adjust the gain from the one transaction over 936 weeks down to a gain
over 45 weeks.

. Adjust both gains to some other common time period, e.g. one week.

Although at this point option 3 gives us twice as much work to do as
options 1 or 2, adjusting the gains from both types of investment to an
equivalent gain over one week will have the advantage that we will be
able to compare other transactions over other time periods to this same
common standard, giving a more realistic comparison between them.

Taking the long-term investor first, the gain factor of 8.92 over 18 years
(936 weeks) will reduce down to an annual gain of the 18th root of 8.92,
which is a gain factor of 1.129271 per annum. This is a gain in percentage
terms of 12.9% per annum.

Brought to a weekly basis, the weekly gain is the 936th root of 8.92, which
is 1.002341 over one week. In percentage terms, this is equivalent to
0.2341% per week. This is the gain that, if reinvested each year, would
compound to a gain factor of 8.92, or 792%, over 936 weeks.

Carrying out the same calculation for the investor who buys and sells with
the 13 trends with an average gain of 1.436 over 45 weeks, we have to
raise 1.436 to the power (52/45) which gives an annual gain factor of
1.519. In percentage terms this is equivalent to 51.9% per annum. This is
the gain that if reinvested each year for 18 years will give an ultimate gain
of 1.436, i.e. 43.6%.

Compared on an annual basis, therefore, and with the important proviso
that dealing costs are ignored, the gain from taking advantage of 13



upward surges in the share price over the 18-year period rather than one
such surge lasting 18 years improves the gain on an annual basis from
12.9% to 51.9%, i.e. by a factor of about four.

Because dealing costs are high, they will have a considerable influence on
profit as we increase the number of transactions that take place in a given
time period, and therefore we have to take them into account when
computing the various possibilities which we wish to compare. The
buying and selling prices given in Table 1.1 have to be adjusted for these
costs if we are to get a realistic idea of the gains which would be made
from these seven transactions. To do this we adjust the buying price
upwards by the typical amount of a buying cost, say 2.5%, and adjust the
selling price downwards by the amount of these selling costs, say 1.5%.
These details are given in Table 1.3. The effect of these costs is to reduce
the average gain per transaction from 43.6% down to 38.05%.

Table 1.3 Buying prices, selling prices and gains in the 13 major trends in the Grand
Metropolitan share price adjusted for dealing costs

Taking the long-term investor first, the adjusted gain factor of 8.57 over 18
years (936 weeks) will reduce down to an annual gain of the 18th root of
8.57, which is a gain factor of 1.126762 per annum. This is a gain in
percentage terms of 12.67% per annum.



Brought to a weekly basis, the weekly gain is the 936th root of 8.57, which
is 1.002298 over one week. In percentage terms, this is equivalent to
0.2298% per week. This is the gain that, if reinvested each year, would
compound to a gain factor of 8.57, or 757%, over 936 weeks.

Carrying out the same calculation for the investor who buys and sells with
the 13 trends with an average adjusted gain of 1.381 over 45 weeks, we
have to raise 1.381 to the power (52/45) which gives an annual gain factor
of 1.452. In percentage terms this is equivalent to 45.2% per annum. This
is the gain that if reinvested each year for 18 years will give an ultimate
gain of 1.381, i.e. 38.1%.

Compared on an annual basis, therefore, and with dealing costs now
being taken into account, the gain from taking advantage of 13 upward
surges in the share price over the 18-year period rather than one such
surge lasting 18 years improves the gain on an annual basis from
12.67% to 45.2%, i.e. by a factor of about three and a half.

The clear message so far is that the theoretical annual rate of gain made
from shorter-term transactions is vastly superior to the rate of gain made
by buying and holding.

The reason we use the word theoretical is because we have made the
assumption that we buy at the exact beginning of a trend and sell at the
exact end. We shall take a more realistic view of where an investor might
have got on board a rising trend, and where he would get off it, later in this
chapter. At the moment we are simply trying to evaluate the theoretical
effect of increasing the number of transactions over a certain time period.
The reason, of course, that these 13 transactions give a superior gain is
because the perfect timing of our theoretical investor takes him out of the
market while the price is falling, whereas the buy and hold investor has to
cope with the ups and downs of the 18-year period.

Figure 1.3 Short-term trends in the Grand Metropolitan share price since 1978. These
are represented by a centred five-week moving average



Looking at Figure 1.1 more clearly, we can see that as well as the medium-
term trends we have been analysing so far, there are trends of a shorter
timescale. These trends are isolated by means of a five-week average,
shown in Figure 1.3. The share prices at the turning points can be extracted
just as in Figure 1.2 in order to analyse the price changes caused by these
short-term trends. There are 41 such short-term uptrends, and the price
data for these are given in Table 1.4. These trends lasted for an average of
12 weeks, as opposed to the 45 weeks of the longer-term trends. The
average rise of each of these 12-week trends was 22.7%.

Table 1.4 Gains made in short-term trends in the Grand Metropolitan share price



Table 1.5 Buying prices, selling prices and gains in short-term trends in the Grand
Metropolitan share price adjusted for dealing costs



Just as in the case of the 13 longer-term trends, we have to adjust the
buying and selling points of the trends to allow for buying and selling
costs. This is done in Table 1.5. We find that the average gain per
transaction now falls to 17.94%. In order to compare this gain over a 12-



week period with the previous values for 18 years and 45 weeks, we have
to recalculate the gain as if it occurred over one year. We find that the gain
factor of 1.1794 over 12 weeks is equivalent to a gain factor of 2.044 per
annum, i.e. 104.4% per annum. This value supports our view that the rate
of gain increases as we shorten the transaction time, even though of course
the gain per transaction is less.

Figure 1.4 Very short-term trends in the Grand Metropolitan share price between July
1984 and September 1987. These are represented by the share prices themselves

Since we have this rate of gain moving so positively in our favour, the
natural next step is to look for even shorter uptrends to take advantage of
in this way. In Figure 1.4 we show an expanded portion of the Grand Met
chart between July 1984 and September 1987. The very short-term
movements which could not be seen clearly in Figure 1.1 can now be seen
easily. In this time period there are 34 such trends. The actual price
movements for these 34 trends are given in Table 1.6. Many of these trends
last for only one week, and the longest for eight weeks. The average length
of time for which these very short-term trends persist is 2.6 weeks. The



average gain of these 34 transactions is 7.9% compared with the 22.7% in
Table 1.4. We now appear to be coming to the shortest possible trends
which will give us a profit, since we still have to adjust these for the
dealing costs.

Table 1.6 Gains made in very short-term trends in the Grand Metropolitan share price



This is done in Table 1.7, once again by increasing the buying prices by
2.5% and decreasing the selling prices by 1.5%. Now we can see that the
average gain per transaction has fallen to 3.7%. Once again, in order to
compare with the previous calculations, we have to express this gain as if
it occurred over one year.

Table 1.7 Buying prices, selling prices and gains in very short-term trends in the
Grand Metropolitan share price adjusted for dealing costs



As before, we have to upgrade this gain to the equivalent gain over a one-
year period, and this works out as a gain factor of 2.068, or 106.8% per
annum. Since this is only marginally higher than the rate of 104.4% per
annum obtained with the 41 short-term trends of Tables 1.4 and 1.5, it
would appear that we are at about the optimum number of trades over the
18-year period in terms of rate of gain per week. However, bearing in



mind the additional effort required for these very short-term transactions,
we can consider that using the short-term trends rather than the very short-
term trends represents the optimum, and its annual gain of 104.4% is a vast
improvement over the annual gain of 12.67% made by the buy and hold
investor.

The four situations we have examined so far are summarised in Table 1.8.
Dividends have been omitted from each of the transactions in order to
simplify the comparison.

Table 1.8 Length of trend, percentage gain and annual rate of gain for transactions in
Grand Metropolitan shares

Two major points are illustrated by Table 1.8. The first of these is that as
we take advantage of trends of shorter and shorter timescale, the gain
made during the course of the trend falls lower and lower. This is a direct
consequence of the properties of cyclical movements, and we shall see
quite clearly later in this book that the longer the period of the cycle, the
larger is the gain from the trough to the peak. Conversely, of course, very
short-term cycles make small gains. The second important point is that the
rate of gain, expressed as an annual gain for comparison purposes,
increases as we move from one very long-term transaction of 18 years’
duration to 13 transactions of lesser duration. As active investors it is this
rate of gain that we have to maximise, since we will be continually
ploughing gains back into subsequent investments. The rate of gain
increases again as we move to transactions of a shorter timescale,
averaging 12 weeks per transaction, but then only marginally improves as
we move to even shorter time periods of 2.6 weeks.



The reason for this is the effect of the dealing costs which really start to
bite once we are down to lower gains per transaction. Thus there is a
critical value of gain and a critical time period over which this gain is
made, below which there appears to be no advantage to the investor. This
time period lies between 12 weeks’ and 2.6 weeks’ duration for Grand
Metropolitan shares. For other shares, the investor can determine this time
period by going through the same exercise that we have in this chapter, but
the results should be broadly comparable to those in Table 1.8.

Table 1.9 The percentage gain per investment needed to double the original
investment assuming proceeeds are reinvested

Figure 1.5 The percentage gain per investment required to double the starting capital
for various numbers of consecutive investments



COMPOUNDING SMALL GAINS INTO LARGE
PROFITS
Now we move to the other important aspect of investment in shorter-term
trends compared with a buy and hold policy, and that is the question of the
compounding effect on the gain of continually reinvesting the proceeds of
each transaction into the next one. We will see that this compounding effect
will totally transform the profit levels we have been discussing so far into
rates of gain that will turn modest amounts of starting capital into fortunes.

One way of illustrating the effect of compounding is to take the case of an
investor who, like the rest of us, would like to double his money, starting
with say £1000. To double this from just one buying and selling operation
would require a 100% gain in the share price (for simplicity we assume
no dealing costs). If he is relaxed about making more than one successive
investment, reinvesting the proceeds from each one into the next in order to
achieve his aim, then the gain he has to make from each investment is
shown in Table 1.9 and Figure 1.5.



Thus with just two investments with which to double his money, he needs
not 50% from each, but 41.4% from each, since the total proceeds of
£1414 from his first investment are put into the second (he requires a 50%
gain from each investment only if he intends to withdraw the gain each
time, reinvesting only £1000 on each occasion). By the time he gets to five
transactions over which to make the 100% gain, he needs to make only just
under 15% from each of the five investments.

Taking the example of the gains made, after dealing costs, from the 13
upward trends in Grand Metropolitan, the compounding effect is best
illustrated by expressing gains as factors rather than percentages. The
cumulative data are shown in Table 1.10. The final column shows the
increasing gain, expressed as a factor as each transaction is compounded.
This gain is obtained by multiplying together all of the gain factors to that
date. The net result is that after 13 such transactions, the starting capital
has been multiplied by a factor of over 51. In percentage terms this gives a
gain of 5000%. The advantage of this compounding effect has therefore
turned what would have been a gain of 757% from buying and holding into
almost seven times as much.

Table 1.10 The cumulative gain obtained by reinvestment of proceeds of 13
successive transactions in Grand Metropolitan shares. Gains are adjusted for dealing
costs



Table 1.11 Length of trend, percentage gain, annual rate of gain and cummulative gain
for transactions in Grand Metropolitan shares

We can now begin to appreciate that although the gain per transaction
starts to fall as we carry out more transactions within a time period such
as 18 years, as was shown in Table 1.8, the magic of this compounding
effect may well greatly outweigh this fall. To test this we can look at the
situation where we carried out 41 transactions in the time period. Using
the same method of multiplying together all of the gain factors, the final
gain is a factor of 552, i.e. 55,100%. Similarly, for the sequence of very
short-term transactions, the final gain obtained by multiplying together all
of the 34 individual gain factors is 3.352, which in percentage terms is
equal to 235% over the 3.1-year period.

The overall compounded gains for the various transactions we have
discussed in the chapter are shown in Table 1.11. We showed earlier that
the equivalent annual gain for the transactions increased dramatically as
we shortened the length of time for the transaction down to 12 weeks, but
that it increased only marginally as we moved to transactions which lasted
only 2.6 weeks. The same effect appears to carry through when we
compound the gains by reinvestment into the succeeding transaction, since
the final column where these values are displayed shows a fall-off from
55,100% for the 12-week transactions to 235% for the 2.6-week
transactions. However, these two figures are not directly comparable,
since the last one applies to a period of only 3.1 years, and not 18 years as
do all the previous figures.

To bring the 3.352 gain factor over 3.1 years to one over 18 years we first
bring it to an annual gain of 1.4772 by using the method we discussed at
the beginning of this chapter. By raising this value to the power 18, we get



the equivalent gain over 18 years, which is 1122. In percentage terms this
is 112,100%.

Note that this theoretical gain of 112,100% has been obtained with our
money working for us only part of the time. Taking Grand Metropolitan
shares as an example, we can work out how much of the time we were
invested by multiplying the average length of the particular trend, i.e. 45
weeks, 12 weeks and 2.6 weeks respectively, by the number of such trends
that occurred over the 936-week period. Taking the 12-week trends as an
example, there were 41 of these in the 936-week period. This means we
were invested for 41 x 12 = 492 weeks out of the possible 936. During the
rest of the time we would have been earning at the rate of what now
appears to be the positively miserly 6% per annum, or thereabouts, that
could have been obtained in the money market over this period since 1978.
Quite obviously, therefore, we have to try to reach the position where our
money is invested in rising shares 100% of the time, or as close to that as
possible. If we can do that then we will obviously improve the gain made
over an extended series of transactions enormously.



FROM THE THEORETICAL TO THE ACTUAL
So far in this chapter we have made two basic assumptions that we have
not yet qualified: firstly, that we achieve perfect timing of our buying and
selling operations, and secondly that none of the investments go wrong and
lose us money. We ignored this aspect simply to develop the argument that
the gains which can be made from successive short-term investment
outweigh by tens, hundreds or even perhaps thousands of times the gain
which is made by a simple buy and hold strategy. These astronomical
gains must therefore be considered to be theoretical in nature. It will be
totally impossible, whatever method we use, to buy in at the bottom
and sell at the top of these trends consistently, year in and year out.
We might do it once or twice over the course of say a dozen transactions,
but even that would be lucky. Furthermore, it is impossible to predict with
100% certainty that a trend will continue to rise so as to give us a
guaranteed profit from every transaction. There will be occasions when
random influences will cut short a trend, reversing its direction at such a
speed that we cannot avoid a loss.

Table 1.12 Compounded gains made from 20 consecutive transactions for different
gain levels per transaction. It is assumed that there are 16 winners and 4 losers. The
loss for the losers is the same as the gain for the winners



Being realistic, therefore, we have to downgrade our expectations for
profit from the levels we have been using for the calculations in the
previous tables. Firstly, we will make the assumption that the maximum
gain per transaction after dealing costs will be 20%, i.e. using a round
number slightly higher than the 17.94% which we showed previously
would follow from perfect timing. Secondly, we will make the assumption
that we are correct eight times out of ten, and for simplicity, when we are
wrong, we will lose the same percentage that we make when we are
correct. Thirdly, we will assume that the investor makes ten consecutive
transactions, reinvesting the proceeds each time. Table 1.12 shows the
resulting gains for such a series of investments where the gain (and loss),
after dealing costs are taken into account, varies from 20% down to 1%
per transaction.

These compounded gains run from 657%, i.e. multiplying our starting
capital by 7.57 when we achieve a 20% gain per winning transaction and
a 20% loss for losing transactions, down to 12.6% where we only achieve
a 1% gain or loss. To double our capital over these 20 transactions we



need to reach the level of just over 6% per transaction. Note the
improvement made for each additional 1% that can be squeezed out. Thus
the investor reaching 7% per transaction will do 20% better overall than
the investor reaching 6%.

Most of this book is dedicated towards improving the timing of buying and
selling operations to such an extent that we should be able to capture gains
of around 8 to 10% (after dealing costs) from each of those transactions
which we have correctly forecast, while restricting our losses to similar
levels from each of those transactions where the forecast goes wrong.
From Table 1.12 it can be seen that this means that our capital will
increase by a factor of two and a half to three times after 20 such
transactions. The remainder of this book is dedicated towards improving
the performance of investors so that they can make these extra few
percentage points out of each rise. Investors will be able to concentrate on
the shorter-term trends such as the 12-week trends we have been
discussing for Grand Metropolitan. Techniques will be shown that enable
the best shares to be selected to take advantage of these short-term trends.
Techniques will also be shown that enable the investor to buy in very early
in the life of the uptrend and sell not too far down from the end of the
trend. It is suggested that investors develop a five-year horizon. In this
time period, there will be between 20 and 25 transactions in just one
share if trends of the order of 12 weeks are used. The investor who
wishes to become more deeply involved can be invested simultaneously in
a number of shares, subject to the restrictions mentioned in the final
chapter.

In summary we can make the following points:

Share prices consist of upward and downward trends of varying
lengths of time.
These trends fall into various categories, including those that last on
average less than three weeks, those that last on average about 12
weeks and those that last on average just under one year.
Average investors should make gains of about 10% out of trends
which last on average for 12 weeks.



By compounding such gains, average investors should be able to
multiply their capital by about three over a series of 20 such
transactions.
Channel analysis will improve performance so that gains of many
tens of times are possible over a long term if a full investment
strategy is pursued as far as is practicable.



Chapter 2. The Nature of Share Price
Movement

INTRODUCTION
There has always been controversy over the way in which share prices
move over the course of time, with chartists maintaining that prices can be
predicted to a certain extent because historical patterns in the charts of
share prices tend to recur from time to time. These methods of analysis
rest heavily on the recognition of the start of a pattern formation so that the
subsequent movement can be anticipated. On the other hand, the
fundamentalists believe that the key to investment success lies in such
factors as the way in which a company is managed, the quality and appeal
of its products, and the strength or weakness of its balance sheet.

They believe for the most part that chartist techniques are just mumbo-
jumbo and that the past history of share price plays no part in the future
movement. If pressed about the nature of share price movement, many
fundamentalists would state that they believe that share prices move on a
random basis and therefore cannot be predicted. In doing this, they ignore
the obvious corollary: if prices move randomly, there is no advantage in
studying the fundamentals of any company since the random share price
will bear no relationship to these fundamentals.

While fundamentalists are for the most part hostile to chartists, the reverse
is not true. Chartists will agree that there should be some relationship
between the way in which a company is run and its future share price.
Certainly it would be unreasonable to expect that a company that is
continually making losses will show a strong share price. Chartists are of
the opinion that all the positive aspects of a company’s performance are
reflected in the share price, and therefore an analyst can take a shortcut by
looking at the share price and not the fundamentals. This author stands with
the chartists on this point about the relationship between the share price



and the fundamentals, believing that what moves a share price upwards is
not the quality of the management or the products or the balance sheet, but
investors’ views about the company’s potential. Some investors’ views
may indeed be influenced strongly by the fact that they have carried out an
analysis of the company’s balance sheet or market strengths. Other
investors may simply have read comments in the press. Yet others may
have applied some technical analysis of the share price chart and come to
a conclusion about the future movement of the share price. It is the sum
total of these different views, many of which will be contradictory, that
will add up to the pressure in the marketplace that will cause the share
price to move. When all views are the same, the price will move rapidly,
while if they are nearly in balance, the price will drift more or less
sideways. Grafted on to all of this will be the views of the market makers,
since they have to balance their books also. There will be some shares
which attract no comment and attract no technical analysis because they
have generated no excitement in the past. In such cases, therefore, it is
unreasonable, however strong the fundamentals are, to expect the share
price to move upwards.

This author takes the position that everything an investor needs to know
about a company is stated in its share price movement. It will be simpler
and quicker for an investor to discover how to analyse share price
movement than to study the company itself, and the result of this price
analysis will tell the investor the most important fact: how other
investors feel about that company.

Where this author does not stand with the chartists is in their simplistic
approach to share price analysis. In its most trivial form chartism depends
upon sets of rules which have to be followed without any other
understanding. Thus the chartists will make statements such as “buy when
the share price moves above the x-day moving average,” where x depends
upon the chartist you are speaking to, or “sell when the ten-day average
falls below the twenty-day average.” Such a set of blind rules should play
no part in the thinking man’s investment armamentarium. The human race
has always striven to understand the reasons for the behaviour of the
physical world, and share price movement should be no exception. A



Pavlovian response to a set of circumstances will ultimately lead to
disaster, since the stock market is always ready with the unexpected.
Experienced chartists can probably correctly predict whether a share price
will move up or down about 55% of the time, but this means they are
wrong about 45% of the time. The dangers of a set of rules which work
only just over half of the time are obvious. Investor psychology is such that
the investor is always trying to avoid selling a holding in the belief that an
adverse movement is only a minor aberration in the expected upward
trend, and will surely correct itself before too long. Nearly all investors
have seen a good paper profit from a good buying decision evaporate
because of this reluctance to sell. If we are going to work to any set of
rules, the reasoning behind them must be perfectly clear, so that those
occasions when the share price does not seem to be following the rules
can be understood for what they are – times when we have to be more
flexible about our interpretation of the rules.

By this more logical approach of trying to understand why share prices
move as they do, we should be able to improve our predictive techniques
so that we can almost always recognise the start of a new upward or
downward trend. We will be able to recognise when we have made a
mistake about the start of a new upward trend, and be able to act quickly to
close the losing position before the loss is anything other than a trivial one.
We will be able to follow the old stock market rule: “let your profits run
and cut your losses”. This will be a great advance for most investors, who
seem to do exactly the opposite, selling the share when there is still plenty
of profit to come, but staying with a share which is falling rapidly, because
they are convinced that it will soon change direction.



ARE SHARE PRICES RANDOM?
The simple response to this question would be to point out that the world’s
stock exchanges depend upon prices not being random. If they were
random, then one might as well pick shares for investment with a pin, or
forgo the stock market altogether and leave one’s money in the money
market, earning the best rate of interest available. The vast array of stock
market analysts employed by various institutions would be totally
superfluous and investment writers like myself would have to turn to other
activities.

The existence of investment commentators, besides indicating that the
movement of share prices may not be random, also raises an interesting
philosophical point. Their existence may be the reason that share prices
are not random, in the sense that their comments in newspapers may distort
what would otherwise be a random process. Just suppose, for example,
that Guinness shares were moving in a random fashion until one day the
investment columns of two or three newspapers suggested that Guinness
shares represented a good buy. Many of their readership will take their
advice and start buying these shares. The inevitable logic of supply and
demand dictates that the price of Guinness shares will then start to rise. If
these same newspapers continue to push Guinness shares as a good buy,
then more and more readers will begin to take notice, and the share price
will continue to rise. The rise will not continue forever, but at some point
will reverse itself. This is because an increasing number of these new
holders of Guinness shares will decide that they have now made sufficient
profit to have satisfied their objectives, or will decide that all good things
must come to an end, and will now act in a contrary way to the advice
being offered and will sell their shares. This selling pressure will
increase, thereby causing the Guinness share price to fall. Eventually we
can conclude that the Guinness share price has reverted back to its original
random movement.

This example serves to show quite clearly that even if we accept the
premise that some or most of the time a share price is behaving randomly,
then there will be occasions when because of press comment the price



will move in a non-random manner. This can be illustrated by the type of
movement shown in Figure 2.1.

Figure 2.1 Random price movement becoming non-random for a period of time due to
favourable press comment

Just to restate the position so far: we assumed that the Guinness share
price was moving randomly until a random event (comments in
newspapers) caused the price to move in a non-random fashion for a
period of time. The non-random movement was caused by a bandwagon
effect of investors reading and acting on comment in their newspapers.

A closer inspection of Figure 2.1 shows that the day-to-day fluctuations,
when viewed in isolation, are still apparent even when the underlying
long-term trend is rising.

Since we can accept that a random event such as a newspaper article was
the trigger to an upward and then a downward price movement, it is but a
short step to an improved model of share price movement:

. Share prices contain random day-to-day movement.

. Share prices contain upward and downward trends.

. The start and end of a particular trend is a random event.



By the word “trend” we mean an underlying price movement that lasts for
more than a few days, and may last as long as many years.

To determine that prices are or are not random is difficult, and would take
us into a realm of mathematics that would be out of place in a book of this
nature. However, we can make some progress by taking a simpler
approach. To do this it is necessary to take a close look at daily price
changes in a share such as Guinness. In Figure 2.2 are plotted the daily
changes in closing price, over a 1000-day period up to September 1996.

Figure 2.2 The daily price changes in Guinness over a 1000-day period are plotted as
relative frequency of occurrence of a change versus that change

The plot shows the relative frequency of occurrence of various price
changes, with the most frequent change being zero, i.e. the price on one
day is the same as that on the previous day. For comparison with Figure
2.3, the most frequent occurrence is given a frequency of 1. The largest
changes shown in the figure are a rise of 21p and a fall of 21p.



The important feature of Figure 2.2 is its shape, rather than specific
values.

If daily price changes in Guinness over the period of time in question were
totally random, then the shape of the curve in Figure 2.2 would be
identical with that shown in Figure 2.3, the classical probability shape. It
can be seen that the general shape of Figure 2.2 approximates to the
probability shape, with the main distortion being that the central value,
corresponding to zero daily change, is too large. If this value is reduced,
then the shape gets closer to the ideal, with most frequencies not too far
away from the value predicted for total randomness. Thus a simple
deduction from the shape of the curve in Figure 2.2 is that there is a great
deal of random behaviour in the daily change in the Guinness share price,
and that the major departure from total random behaviour lies in the
greater than expected incidence of no-change days. Thus we can say that
random and non-random daily behaviour are co-existing.

Figure 2.3 A totally random distribution of daily price changes would have the shape of
this curve



A moment’s thought would lead us to the proper conclusion that since there
is an indeterminate amount of random behaviour in daily price movements,
and that the majority of daily movements lie within the range of plus or
minus 10p (Figure 2.2), there is no profit to be made in an investment
made solely on the basis of a prediction of the price movement on a
particular day. We need to move from daily movements to longer-term
trends where the price movement is much larger.

The first, inescapable conclusion is that since daily movements exhibit a
high degree of randomness, then price trends over a succession of days
built up from these individual movements must also show a high degree of
randomness. This can be addressed in an unusual way.

In Figure 2.4 we show the chart of the Guinness share price covering the
period since 1983. The data are weekly in this case in order to present a
long price history. It can be seen that a long-term uptrend was sustained
from September 1988 to mid-1992, before the price retreated somewhat
and then stayed within a trading range.



Figure 2.4 The price movement in Guinness shares since 1983. The data are plotted
weekly

Except for the fact that the timescale is very much longer, the chart
resembles Figure 2.1, where we took the example of a random movement
that then became transformed into a non-random movement by press
comment. In Figure 2.4 we appear to have a random price movement
occurring, which then develops quite obviously into a non-random
movement for reasons which are not obvious. Unlike Figure 2.1, the price
has not yet returned to its levels at the beginning of the chart period.

It is interesting to see what a randomly created share price looks like when
plotted. This is done by taking a starting value, such as 200p, and then
randomly setting a value for the change over the following week. The
change is added or subtracted from the previous day’s calculated closing
price. Such a chart is shown in Figure 2.5. The price is random in the
sense that it can move upwards or downwards from the previous value,
but we have put a 10% limit on the movement in either direction. This is
done to come as close as possible to real life, since we know by



experience that prices do not move in huge jumps from day to day. The
purists might argue that in doing this we have moved away from a
completely random model, but this is not a significant restriction in terms
of what we are trying to achieve.

Figure 2.5 A reconstructed chart of Guinness shares made by randomly calculating the
change from the previous week. The starting value is 200p

There are many similarities between the random movement in Figure 2.5
and the movement of the Guinness share price in Figure 2.4 in the sense
that underlying trends can be observed with random variations
superimposed upon them. It could be argued that the only thing that really
distinguishes the two types of chart is the much stronger upward trend
observed in the Guinness share price, but that in general the chart could be
that of any share. Chartists could draw trend lines and the like on this
random chart just as on any other chart of a share price. While the
similarities to share charts would lead to the conclusion that share price
movement is totally random, simply looking at the chart in Figure 2.5 is not
a rigorous mathematical test of random behaviour.



Fortunately for us, the model of share price movement that we put forward
earlier in this chapter is a better reflection of how share prices move than
is a model in which we take all price movement to be totally random.
Even so, our model is not perfect, being only partly true. It is true that
share prices contain random day-to-day and week-to-week movement, but
what is not true is the statement that the start and end of a price trend is
itself a random event. Share prices are essentially driven by these trends,
but the beginning and end of a trend is not a totally random event. It is this
fact that makes the methods used in this book workable, since if day-to-day
price movement is random and the start and end of the trends are random,
then the share price is totally unpredictable.

Without getting into the realms of probability theory, it is possible to
demonstrate that while individual daily or weekly price changes can be
accepted as having a great deal of random content, trends are much less
random. For this purpose we can define a trend as being a succession of
upward movements or downward movements on a daily or weekly basis.

The procedure is to take the Guinness share weekly price movements since
1983 and note all of the weekly changes. These are put into a pool. The
same starting price of 54.5p on 7th January 1983, is used. The change over
the following week is determined by randomly selecting from all of the
changes which have now been put into the pool. From this change the
following week’s price can of course be determined. The following week
another change is taken from the pool. The procedure is repeated until a
reconstructed price has been obtained for Guinness over the same period
as the real price change occurred. Thus we have used the actual price
changes which occurred in Guinness, but randomly changed the order in
which they occurred. The result of this is shown in the chart in Figure 2.6.
As with the previous random chart, there is nothing unusual about it, and it
could be the chart of a real share price.

Since the chart has been reconstructed by randomly selecting price
changes from the pool, then by using a computer, this process can be
repeated as many times as required, with the result being different in each
case.



Figure 2.6 The reconstructed weekly price movement in Guinness shares since 1983.
From the same starting value of 54.5p, the order of weekly price changes has been
randomly changed

The usefulness of this experiment lies not in the appearance of the charts
themselves, but in a calculation of the number of times the price changes
direction over the timescale used. In virtually every case, there are
considerably more changes of direction in the reconstructed prices than in
the real ones. Since there are fewer changes of direction in real prices, the
sequences of upward or downward price movements must last longer.
Thus there are more upward or downward trends in real prices, i.e. trends
are more persistent in the real prices. Since the reconstructed prices have
been generated by a totally random selection from the pool, this means that
trends are subject to less random behaviour in share prices than would be
predicted on the basis that the daily or weekly changes which go to make
up the trends have a high random content. It is this increased persistence of
trends that will enable us to make profits out of investment in shares.



Because of this increased persistence in the trends, and because of the fact
that daily and weekly price movements, although having a high random
content, do not have a 100% random content, then probably 70% of share
price movement is not random, and is therefore predictable if the correct
techniques are applied. The analysis of cycles in share price data,
discussed in Chapter 6, also confirms this as a ball-park figure for
nonrandom behaviour.

The technique of channel analysis, especially when used in conjunction
with moving averages of various types, is able to extract most of this
predictable movement from the share price data, thus giving the investor
the most powerful prediction technique currently available.

We can predict the start and end of these price trends with a fair measure
of success by adopting a realistic approach of developing “prediction
boxes”. This means we do not say “the price will be 285p on 17th
November 1997”. We do say “the price will enter the prediction area at
the beginning of November where the downward trend will have an
increasing probability of reversing direction, with the lowest price being
in the range of 280p to 290p”. The difference between these two
statements is the fact that in the first case we would be totally positive
about a situation that it is impossible to be positive about, whereas in the
second case we are taking into account the partially random nature of
trends. Another important point is that the further into the future we try to
predict, the greater will be the error involved in this prediction. The fact
of the matter is that we do not need to know approximate price movements
more than about three months ahead. This will be perfectly adequate for
making substantial profits, as was discussed in the last chapter.

It is interesting to see how seriously some sections of the press take the
idea of long-term prediction of share prices by some of the gurus of the
industry. Just prior to the start of each new year the business sections of
the quality newspapers always poll a number of analysts for their
predictions of where the FTSE100 Index will be at the end of the year. Be
assured this is not done as a little bit of Christmas fun, since both the
columnist and the guru being polled seriously believe that this is a



worthwhile exercise. They are saying between them that they know exactly
what you out there will be doing on the investment scene in a year’s time!
Just keep cuttings of these predictions and have your own bit of fun
reading them in the future.

At some points in share price histories different trends will be featured
particularly strongly, while at other times the price just seems to meander
along with no apparent direction. Quite obviously, shares that move in the
latter fashion will be useless to us as investors, since we will not be able
to predict any future price movement. On the other hand, shares where the
trends are readily observable offer the possibility of using predictive
techniques in order to determine the best buying and selling times for those
shares. Since there are so many shares quoted on the stock market, there
will be no shortage of shares which fall into this category. We will show
in this book that such is the diversity of shares that it will be possible to
remain virtually fully invested, since when the time comes to sell one
share, another will present itself as a good buying opportunity. It will not
even be necessary to keep track of large numbers of shares. The 100
shares which comprise the FTSE100 Index, plus the shares which form the
mid-250 Index, will provide plenty of opportunity. A further advantage to
the investor in staying with these 350 shares is that the spread of prices,
i.e. the difference between the buying and selling price of a share at a
particular point in time, is much less than is the case with the shares of
companies which have smaller capitalisations.



Chapter 3. Trends in Share Prices

In the last chapter we arrived at the conclusion that prices consist of
random day-to-day movement plus trends which by definition were
nonrandom. We also came to the conclusion that the beginning and end of
trends were random. In this chapter we will examine the concept of trends
much more clearly, and show that the beginning and end of trends are not
quite as random as we first thought.

What do we mean by a trend in share prices? A trend is a movement that
lasts for a certain period of time. What makes trends difficult to visualise
in share prices is that upon any trend can be superimposed many other
trends of differing time periods. The object of this book is to look at
methods of isolating particular trends and develop a better method of
doing this. Once we have isolated a trend we can then make use of it for
investment purposes, buying a share that is just entering an uptrend, and
selling that share when it enters a downtrend. We will find that trends of
very short time periods will be of little use to us, since the price
movement they cause will be too little to cover even the costs of the
buying and selling transactions, let alone make any considerable profit. On
the other hand, trends of very long periods, say many years, will already
be under way when we wish to invest in the market, and we will probably
not wish to wait until they change to a favourable direction. We therefore
will have to accept these, if they are moving downwards, as a negative
influence on our profit potential. Because of this aspect we will have to
base our investment decisions mainly on trends of medium timescale, say
from about five weeks’ up to one or two years’ duration.

Since all of these trends are mixed up together, it is easier to start the
discussion by looking at the shortest possible trend, and working outwards
from that point.

If we take the completely open view that we have no idea whether the
trend is a straight line or acurve, then this will give us a starting point for



the shortest possible trend. A straight line requires only two points to
define it, whereas the simplest curve – a circle – requires at least three
points to define it. Since we have decided that the trend may be a curve,
then the minimum number of share prices which will define a trend will be
three. The finest detail which it is sensible to work on will be daily share
prices, but for those investors who have so far used weekly prices, the
same conclusions about trends will be drawn. The only difference is that
weekly prices can only define weekly trends, while daily prices can
define daily trends. Thus daily prices will highlight trends of shorter
timespan than three weeks (three weekly points are the minimum to define
a weekly trend). The availability of daily prices will also be an advantage
for highlighting trends which may not be a whole number of weeks, e.g. a
trend of five and a half weeks. In this book we will analyse both daily and
weekly prices.

THE SHORTEST POSSIBLE TREND
The shortest possible trend, as we have seen, is based on three share
prices. Although in a sense we could say that a sideways movement in
prices is not a trend, and that the chances of a trend being exactly sideways
are not high, it is best for this discussion to categorise trends as being
sideways, upwards or downwards.

As a starting point we can consider that there is no random aspect to this
three-point trend and that the trend is a linear one. The three possible trend
directions are then shown in Figure 3.1. A, B and C are the three
consecutive price values, and they fall exactly on the trend lines which are
drawn as dashed lines.

Figure 3.1 Three-point linear trends: (a) sideways trend, A = B = C; (b) uptrend, C > B >
A; (c) downtrend, C < B < A



These three points which lie on a straight line may be the first three points
of a trend which continues for tens or maybe hundreds of points, all lying
on the same straight line. In such cases the trend can be considered to be a
medium or long-term trend. However, the heading for this section is “The
Shortest Possible Trend”. Implicit in this heading is the fact that after three
points, the trend has come to an end. It can come to an end by entering a
region where the price just moves totally randomly on a day-to-day basis
or it can come to an end by becoming a new trend moving in a different
direction and at a different slope from the original. We can only determine
this fact by having more prices than these three upon which to base the
analysis. The completion of one trend and the transformation into a new
trend is illustrated by the example in Figure 3.2.

Figure 3.2 The transformation of a three-point uptrend into a new downtrend



Later in this book we will take a differing view from that taken by
chartists, who consider most trends as being straight lines. We will take
the view that trends are curved, and that those occasions where they
appear to be straight lines are the special cases where the radius of the
curve is so large that it is virtually a straight line. In mathematics a straight
line is a curve of infinite radius, but in share price analysis we can
consider that a straight line trend is one which is based on cycles of tens of
years of duration.

If we now move to curved three-point trends, we have the picture shown
in Figure 3.3. The sideways trend puts us in some difficulty, since the
sideways movement has to be a straight line. We cannot therefore have a
curved sideways trend of only three-point duration, but only uptrends and
downtrends.

Figure 3.3 Curved three-point trendlines: (a) uptrend; (b) downtrend



The end of a linear trend was fairly easy to envisage, since the straight line
simply changed direction or moved into a random area of movement as we
showed by the examples in Figure 3.2. Curved trends based on circular
curves have another dimension to them, and that is the radius of curvature
of the circle. The important fact here is that if we know the radius of the
circle, we know when the trend will change direction from being an
uptrend to a downtrend, and vice versa. We stated earlier that a circle is
defined by only three points. If our up trends are segments of a circle we
can see how the highest points can be predicted by the two cases shown in
Figure 3.4. Similarly, if our downtrends are segments of a circle, we can
see how the lowest points can be predicted by the two cases shown in
Figure 3.5.

Figure 3.4 Curved uptrends of different radius



Since the circles of smallest radius are those where the trend peaks out or
bottoms out much sooner than in the case where the circles have a large
radius, this leads to the important fact that short-term trends are based on
curves of small radius, while long-term trends are based on curves of
large radius. If a trend is a segment of a circle, and if we can determine the
radius of that segment, then we can predict future prices that lie on that
trend.

Figure 3.5 Curved downtrends of different radius



TRENDS ARE CYCLICAL
It has been useful to consider trends as segments of circles in order to
develop the discussion clearly. Now we can move to the major theme of
this book, which is that trends are cyclical in nature, i.e. that they have
peaks and troughs which recur at intervals. True cycles have peaks and
troughs that recur at fixed intervals, but we shall see that cycles in the
share prices suffer from the application of the old saying that nothing is
certain in the stock market. Cycles in the stock market suffer from a
random variation so that not only is there some uncertainty as to when the
next peak or trough in a particular cycle will occur, but there is also
uncertainty as to the importance of the next peak, so that it might make
virtually no contribution to the share price itself.

Cycles in stock market prices are sine waves, and it is necessary to spend
some time discussing the properties of sine waves at a fairly superficial
level in order to gain more understanding about how we can use the
properties of sine waves to predict future share price movement.

Properties of Sine Waves

A sine wave such as that shown in Figure 3.6 is completely described if
we know three quantities. These are:

Wavelength or frequency
Amplitude
Phase

Figure 3.6 A sine wave showing the meaning of amplitude and wavelength



As shown in Figure 3.6, the wavelength is the distance between one peak
and the next peak, or one trough and the next trough. The units in which the
wavelength is measured depend on the field of study, thus radio waves are
measured in metres. For the stock market, we are concerned with daily or
weekly price movements, and therefore our wavelengths will be measured
in days, weeks or, for long-term movements, years. Although we will not
be using frequency as a measurement, it is defined as the inverse of the
wavelength, so for a cycle in a share price which has a wavelength of 13
weeks, i.e. 0.25 years, there would be 1/0.25 = 4 cycles per year. The
frequency is therefore 4 per year.

Figure 3.7 Upper: two sine waves exactly in phase; lower: two sine waves out of phase



The amplitude is the vertical distance from trough to peak, and in the case
of stock market cycles this will be measured in a unit of currency such as
pence, or for an index such as the Financial Times Index in points. Both
wavelength and amplitude are illustrated in Figure 3.6.

The phase of a sine wave is a slightly more difficult concept, but it
represents how far along from some arbitrary starting point the sine wave
is. It is best illustrated by showing two sine waves, which are identical in
amplitude and wavelength, that are in phase, and the same two sine waves
when they are out of phase, as shown in Figure 3.7. When two sine waves
are in phase, their peaks and troughs occur at exactly the same point in
time.

For the mathematically minded, the equation for a sine wave of relevance
to the stock market is:

price at time t = amplitude x sin(F + Wt)

where



W = 2 x [pi]/N

N is the wavelength in days, weeks or years

[pi] = 3.142

t is a time in the same units as N, i.e. days, weeks or years

F is a measurement of phase and is simply the number of days, weeks or
years along the sine wave from the zero point where the wave is on a
rising trend. Note that all the time units must be the same.

For a cycle of any wavelength, this equation will enable us to calculate the
share price at any time.

Before we move on, we have to correlate the trends we discussed in
Chapter 1 with these sine waves. We talked in Chapter 1 about uptrends
where the average trend lasted for say 12 weeks or 48.8 weeks. Now an
uptrend is simply one half of a sine wave, since the other half will be a
downtrend. Therefore the 12-week trends are derived from cycles which
have an average wavelength of 24 weeks, and the 48.8-week trends are
derived from cycles which have an average wavelength of just under two
years.



The Real World
So far we have come to the conclusion that share prices contain random
movement and underlying trends, and that the basic form of an underlying
trend is a cyclical wave. In the real world, a share price chart consists of a
complex mixture of random movements and cyclical trends of differing
wavelengths from a few days up to tens of years from peak to peak. We
have already defined what we mean by the amplitude of such waves, and
we shortly show that the amplitude of waves of long wavelength is greater
than that of waves of shorter wavelength. A four-year cycle will cause the
share price to rise from trough to peak in two years, and this rise from
trough to peak will be several times as large as that caused by, say, a four-
week cycle in the share price.

The Effect of Random Movement on a Trend

Since share price movement is composed of a number of trends plus a
random price movement, it is best to start from the simplest case and show
the effect of adding some random price movement to just one cycle. This is
shown in Figure 3.8. The final result is close in appearance to parts of
almost any chart of stock market share prices. The process of adding
together the random data and the trend is exactly what it says – we take
two sets of values and add them together to get the final result. To
illustrate this point, the actual data for the random movement and the cyclic
trend are given in Table 3.1. By adding corresponding values together we
get the final result, which when plotted gives the combined trace shown in
the lower part of Figure 3.8.

Figure 3.8 How a cyclical trend (upper trace) and random price movement (middle
trace) combine to give the final observed price movement (lower trace)



The data for the random movement and the trend were calculated by using
a computer. If you wish to try the same exercise of adding together various
sets of random data and cyclic trends you can calculate values for the
cyclic trend by using the equation for a sine wave given previously. If you
do not have a computer you can use a scientific calculator to work out the
sine values for you, or you can use a graphical method. Just draw the
smoothest approximation to a sine wave that you can on a sheet of graph
paper and read off the vertical values from the graph at constant intervals
across the paper, say every centimetre or every two millimetres. Draw a
portion of random price movement and read off those values at the same
intervals across the page. The two sets of values can be added and
replotted to give the final result.

Table 3.1 How a cyclical trend and random movement are additive. The values if
plotted will give one section of the traces in Figure 3.8





Adding Cyclical Trends Together

The above exercise of adding together a random movement to just one
cyclical trend is relatively simple, and as we saw in Figure 3.8 gives a
result which is very similar to some portions of real share price charts. It
is also fairly easy to add together two different cycles, i.e. of two different
wavelengths, since once again we just add together the numerical values of
each cycle at the same points in time and replot the result. As a start we
can add together two cycles, one of which has twice the wavelength and
twice the amplitude of the other. Where the difficulty comes in is in
deciding on the phase of the cycles, i.e. how far along each cycle we are
when we start the addition process. If we start with the two cycles exactly
in phase, e.g. we start each one halfway up the rising portion, we get the
picture shown in Figure 3.9, i.e. both cycles are rising at the start of the
exercise and therefore the cycles are additive for this first part of the trace.

Figure 3.9 The addition of two cycles, one having twice the wavelength and amplitude
of the other. The starting points are in phase

If we carry out the process with one cycle out of phase with the other, we
get a different result which will depend on how far out of phase the two
cycles are. In Figure 3.10 we start the upper cycle in the same position as
before, but the lower cycle, instead of starting halfway up the rising side,
starts halfway down the falling side. This means that at the start of the



exercise one cycle is rising and one cycle is falling and so the cycles are
subtractive for this first part of the trace.

One point that is not obvious is that if we look at a long enough time
period, encompassing enough peaks and troughs, we pass through all
possible combinations of the two cycles provided that cycles are not
related to each other by powers of two. In the latter case the relationship
between the cycles remains constant. In all other cases one cycle will
catch up and overtake the other so that all combinations eventually occur.
Thus patterns similar to those in Figures 3.9 and 3.10 will be present
within the same trace, and will recur at intervals. This is an important
point that will be discussed soon when we consider chart patterns and
how they sometimes fail, but it can be illustrated quite readily by starting
off the combination of the two cycles we used in Figures 3.9 and 3.10 in
yet another relationship, where they are both on a rising trend at the start of
the traces. The result of adding these two cycles for a longer time period is
shown in Figure 3.11. We can see readily that both of the patterns we saw
in Figures 3.9 and 3.10 occur at different points in this longer time period.

Figure 3.10: The addition of the two cycles from Figure 3.9 where starting points are
out of phase

Figures 3.9 and 3.10 can be used to illustrate a very useful point besides
the obvious one that the result of adding the two cycles depends on where



they stand relatively to each other. This is that the cycle of longer
wavelength, which also has the larger amplitude, is the cycle that
dominates the share price movement and is the one which we can call the
major cycle. The cycle of shorter wavelength and lesser amplitude, which
we can call the minor cycle, causes fluctuations in this major underlying
trend. Note that where the trough of the minor cycle corresponds to the
trough of the major cycle the price is carried lower than on any other
occasion, and conversely, where the peak of the minor cycle coincides
with the peak of the major cycle the price is carried higher than on any
other occasion. Note also that the rate of rise from such very low points is
very high, and their equivalent in share price movements, i.e. points where
several cycles each reach a low point simultaneously, offer outstanding
profit potential.

Figure 3.11 How patterns reappear in combinations of cycles irrespective of their
starting points if a long enough timescale is taken, provided the cycles are not related
to each other by powers of two. The dotted rectangles show patterns similar to those
that were displayed in Figures 3.9 and 3.10



CHART PATTERNS AND CYCLES
Chartists rely on the identification of various chart patterns in order to be
able to predict the future movement of share prices, on the basis that a
pattern behaved in a certain way in the past and therefore should continue
to do so in the future. Thus the important aspect to a chartist is the
development of a formation that can be recognised as the start of one of
these patterns. We mentioned in an earlier chapter that expert chartists are
right about 55% of the time and wrong about 45% of the time. The reason
is their failure to understand why such chart patterns are formed. If they
could understand why such patterns exist then they would also understand
why such patterns do not always develop the way that the chartist thinks
they will, in other words why they sometimes fail, causing losses where
there should have been profits.

Chief amongst the patterns dear to the chartists we can find support lines,
resistance lines, uptrend lines, downtrend lines, double tops and double
bottoms, head and shoulders and inverse head and shoulders. We will
show that all of these patterns can be explained quite simply by the
combination of numbers of cycles of different wavelengths and amplitudes.
A particular pattern appears because these cycles have at that particular
time the correct relationship of their phases. As we pointed out above, the
particular relationship between phases recurs at constant intervals in time,
although for complex combinations of cycles this may well happen many
years apart. The fact that certain formations fail to complete the expected
total pattern is easily explained on the basis that not all the cycles are in
the correct relationship at the start of the pattern.

This reason for the failure of patterns can be developed slightly further.
We stated in the last section that the major component, i.e. the component
of longest wavelength and amplitude, was the dominant one, and the minor
component added some finer detail to this dominant movement. The gross
appearance of a pattern in the chart depends upon the major component,
but the formation will not develop to the expected pattern if some of the
minor components are moving contrariwise to the way they moved when



the pattern was formed in the previous history of the share price or if they
are shifted slightly in their phases.

The following figures show how the combination of different cycles at
certain points in time can lead to recognisable patterns and the
circumstances under which the pattern can fail.

1. Support and Resistance Lines (Figure 3.12 (a) and (b))
Figure 3.12 (a) support line; (b) resistance line

These are formed by the combination of very short-term cycles and a very
long-term cycle which is at its trough or peak. Very long-term cycles of say
eight years’ wavelength appear to be horizontal for a considerable period
at their peaks and troughs. The price finally bounces back up from a
support line or down from a resistance line, or penetrates the
support/resistance line, because of the intervention of an intermediate term
cycle. If this is just sweeping up from its trough, it will take the share price
with it, which means a bounce back up from a support line (the pattern
continues) or a penetration up through a resistance line (pattern ends, but a
good buying signal). On the other hand, if the intermediate cycle is just
bending down from its peak, it will carry the share price down, which
means a bounce back from a resistance line (pattern continues) or a
penetration of a resistance line (pattern ends, take as a selling signal).

2. Uptrend and Downtrend (Figure 3. 13 (a) and (b))
Figure 3.13 (a) uptrend; (b) downtrend



These two cases are formed for the same reasons as the above
support/resistance lines from a combination of very short-term cycles and
a long-term cycle which is not at its peak or trough as above, but in an
uptrend or downtrend. Again, very long-term cycles of more than say eight
years’ wavelength will have rising and falling sides that appear as almost
straight lines for a period of time. The price breaks away from these by the
intervention of an intermediate term cycle. If the latter is just passing its
trough it will cause the share price to surge upwards. For an uptrend,
therefore, the effect is to cause the uptrend to steepen sharply, while for a
downtrend it signals that the downtrend is coming to an end. Conversely if
this intermediate cycle is just passing its peak, it will cause the uptrend to
terminate, while for a downtrend the price fall becomes even steeper.



3. Head and Shoulders (Figure 3.14)

This pattern, which indicates that the share price has passed its peak, is
formed by a combination of two cycles, one of which is about three times
the wavelength of the other. The long-term cycle is at or near its peak. The
pattern is most symmetrical when the peak of the longer-term cycle
coincides with a peak in the shorter-term cycle. The pattern becomes
distorted as we move from this coincidence. A failure of the pattern occurs
when the final leg does not turn down but turns up, i.e. the share price turns
out not to have passed its peak. This would be caused by the intervention
of another cycle which has just passed its trough as we approach the
righthand neckline of the formation. In a symmetrical pattern which does
not fail, this intermediate cycle is either not present at that particular point
in time, or is, like the major cycle, also at its peak.

Figure 3.14 How a head and shoulders pattern is formed

4. Inverse Head and Shoulders (Figure 3.15)
Figure 3.15 How an inverse head and shoulders pattern is formed



This pattern, which indicates that a share price has passed its bottom, is
formed by a similar combination of cycles as the above head and
shoulders pattern, i.e. the major cycle is about three times the wavelength
of the minor cycle. This time the long-term cycle is at or near its trough
rather than its peak. The pattern is most symmetrical when the trough of the
long-term cycle coincides with a trough in the shorter-term cycle and, as
above, the pattern becomes distorted as we move away from this ideal
position. A failure of the pattern occurs when the right-hand leg does not
turn up but turns down, so that the signal that the share price fall had come
to an end was false. This failure would be caused by the intervention of
another intermediate wavelength cycle which had just passed its peak as
we pass the right-hand of the two inverse head and shoulders peaks. In an
inverse pattern which does not fail, this intermediate cycle is either not
present at that particular point in time, or is passing through its trough at
the same time as the major cycle.

5. Double Top (Figure 3.16)
Figure 3.16 Double top formation



This is caused by the combination of two cycles, one of which has about
twice the wavelength of the other. For perfect symmetry the peak of the
long-term cycle must coincide with the trough in the shorter-term cycle.
The pattern fails if the price does not continue to fall after the right-hand
peak is passed. As with other patterns that fail, the failure is caused by the
intervention of an intermediate cycle which is just passing its trough, so
that the upward surge in this causes the price to rise rather than fall. With a
pattern which does not fail, the intermediate cycle is either not present, or
is also passing through its peak at the same time as the major cycle, thus
giving an added impetus to the fall of the price once the second peak is
passed.

6. Double Bottom (Figure 3.17)

This is due to the same combination of cycles as the double top formation,
except that the long-term cycle is now at its trough. Again for perfect
symmetry the trough of the long-term cycle must coincide with the peak in
the short-term cycle. The pattern fails if the price does not continue to rise
once the second bottom is passed. This failure is caused by the presence of
an intermediate cycle which is just passing its peak, so that it then causes a
downward surge in the price. The pattern does not fail if this intermediate
cycle is either absent, or is passing through its trough at the same time as
the major cycle.

We can see quite clearly from these examples that all of the favourite
patterns that chartists use in their analyses can be explained simply by a
combination of two cyclical trends that are in the right relative position to



each other. It is the relative position of a third, intermediate cycle that is
the major factor that decides whether the pattern will fail or not. If the
intermediate cycle is not present the pattern will always succeed. If an
intermediate cycle is present, the failure or otherwise of the pattern
depends upon whether it is passing through a peak or a trough at the centre
point of the pattern.

Figure 3.17 Double bottom formation



Chapter 4. Isolating Trends from Complex
Movements

In the last chapter we saw how trends of various periodicities or
wavelengths could be combined together and combined with random
movement to give composite movements. These movements are very
similar to the movements shown by real share prices such as those shown
in the charts in later chapters. Patterns that chartists rely on could be
explained quite readily by the combination of two or more trends that had
reached the correct relationship to each other, and those occasions where
the patterns failed to complete their movement as predicted by the chartists
could be explained either by the various cycles being only partly in the
correct relationship to each other at the start of the particular pattern or by
the intervention of another cycle.

The crucial question now is how far can we carry out the exact opposite to
the procedures of the last chapter, i.e. from a historical sequence of a
complex movement, can we firstly remove the random movement, and
secondly isolate the particular cycles from which the complex movement
has been composed? Of course this begs another question, and that is why
should we need to do this in the first place? For share prices, the answer
is that if we know the current state of important cycles in their movement,
we will know at what point in their cycles the shares will be in the near
future.

In this chapter we will be looking at simple methods in which trends can
be isolated, as well as methods which are only readily carried out by a
computer. The simple methods use either simple moving averages or
graphical analysis.

It is much more informative to develop methods initially for artificial data,
since the cyclicalities and amplitudes in the composite data are known.
The wavelength of each component present will remain constant, and so



will the amplitude. This means that it will be easy to verify if a method of
resolving the various components is giving sensible results. We shall see
in later chapters that share price data behave somewhat differently, since
both the wavelength and the amplitude of a cycle can vary over the course
of time. Even so, the techniques we develop using artificial cycles are
valid for share price data, and the thorough understanding we gain by this
approach will be invaluable for the real world of investment. We will be
able to carry out procedures such as those discussed in the last chapter to
predict how the composite movement of share price cycles will fluctuate
over the near future. The many examples used later in this book will show
how powerful these methods will be in determining the optimum buying
and selling points for particular shares.

There are several ways of highlighting the cycles present in a complex
movement, from simply drawing the smoothest line we can through the
noisy data to the use of various mathematical techniques. The simplest and
most easily understood of such mathematical techniques is the moving
average method, which requires no more mathematics than the ability to
add or subtract a few numbers, and we shall go into considerable detail on
the effect of using moving averages on complex data.

A good starting point for developing a method of removing the random
movement from complex cyclical data is to take a simple sine wave and
random price movement combination similar to the one that we used in the
last chapter. This was constructed from a simple addition of data which
represented a random movement to data which represented just over half a
cycle of a sine wave with a wavelength of 21 days. A period amounting to
40 days of this movement is plotted in Figure 4.1. The question is,
therefore, that if we did not know that the underlying cyclical movement
was one of a 21-day periodicity, can we still extract it from the data
plotted in Figure 4.1? We can do this quite easily by the graphical method
of drawing the smoothest curve we can through the noisy data, as is shown
at the right-hand side of Figure 4.1. The smoothest line that we can draw
freehand is fairly close in height and shape to the original sine wave that
we started with. Therefore, quite clearly, the use of a freehand graphical
method for extracting cycles from noisy data does hold out promise as a



technique for analysing share price data, and this will be taken further later
in this book.

The problem with a graphical method is that it is very subjective, and two
investors may well come to different conclusions from the same set of
data. A mathematical method, even a simple one, which takes the
numerical data itself rather than depending on the graphical representation
of the data, will avoid this problem, since the result of mathematical
addition, subtraction, use of sines or cosines, etc., will always be the
same.

Figure 4.1 Left panel: a portion of a sine wave of 21-days’ wavelength with random
movement superimposed. Right panel: the same wave with the smoothest curve
drawn freehand through it

The use of such processes also holds out the possibility of developing an
automatic microcomputer-based system where it is only necessary to feed
in the daily or weekly closing prices of a particular share and the analysis
then proceeds without the drudgery associated with extensive use of a
calculator.

The easiest method for the investor to apply is the moving average method.
Unfortunately, although many thousands of investors in this country
routinely use moving averages as part of their investment, they have no



understanding of what moving averages do to share price data, and simply
use them in the outdated way used by the chartists for the last 50 years.
They usually follow a set of rules such as “if the 10-day average rises
above the 20-day average, it is time to buy”, or “sell when the price falls
below the 40-week average”. We shall be showing in this book that such
an approach to the use of moving averages probably throws away 90% of
their power and only has an application as a selling or buying signal long
after the actual peak or trough has passed. Using moving averages in the
sense that we use them in this book puts the investor in the position of
being able to anticipate buying and selling points, so that he is able to take
action within days of the turn, many weeks before his rulefollowing
counterpart above. Our investor will already be considerably in profit
before his old-fashioned colleague can make up his mind.

CALCULATING A MOVING AVERAGE
Any average is calculated by adding together the values that have to be
averaged and dividing by the number of such values. A moving average is
calculated in exactly the same way, except that we have many more items
in total than the number which we wish to average. In the case of the stock
market we could average five consecutive weekly closing values to give a
five-week average.

However, we may have available hundreds of weekly closing prices going
back many years, and these will be added to constantly by the new closing
value at the end of each current week. Taking the first five values from the
set of data and averaging these gives the first average, but we can then
move to the five values which start with the second data point in the
sequence and calculate another average. We can proceed this way along
the series until we run out of data. Since the operation moves through the
data, the reason for calling such averages “moving averages” is obvious.
The process can be illustrated for the data which gave the waveform
plotted in Figure 4.1. The values in Table 4.1 represent 25 successive
points in this randomised sine wave. The process can be somewhat
simplified, since it is not necessary to keep adding five successive points
and dividing by five to get each value for the average. A running total can



be kept, and to compute the next average it is only necessary to add in the
next point, and subtract the sixth point back (in the case of a five-week
average), and finally divide this total by five.

If longer averages are used, such as 31 weeks, for example, then the first
31 points are added and divided by 31 to give the average, and for the next
value of the average the next point (the thirty-second) is added in to the
total and the thirty-second point back (the first point in the sequence in this
case) is subtracted from the total before again dividing by 31 to get the
next value for the average. The obvious place where the calculation can go
wrong is in which value should be subtracted next from the running total.
This is easily overcome by keeping a column where we tick off the last
point which was subtracted so that we can keep track of what we are
doing. It is suggested that you try the process of calculating a moving
average on the data in Table 4.1 to satisfy yourself that you get the same
results.

Now we come to a very important point about averages, and that is to
determine with which data point a particular value of the average should
be associated. The answer to this is that it has to be associated with the
central point of the data which has been used to calculate the average.
Taking the first five points which were averaged, then the resulting five-
week average should be placed alongside the third point and not as we
show it in Table 4.1. As far as calculating the average is concerned, this
placement of the averages in the correct position does not matter since it
does not affect the actual values in any way, but it does matter when we
come to plot the average, and it will matter when we come to calculate the
differences between the data and the average. We will see that all of our
plots of moving averages superimposed upon data will be centralised in
this way. By doing this, we will end up with similar plots to the freehand
smoothing process we showed in the right-hand part of Figure 4.1.

Table 4.1 The calculation of a five-week moving average



This point is clarified in the two plots in Figure 4.2 of the five-week
average which we have just calculated in Table 4.1. The left-hand plot
shows the average incorrectly superimposed, i.e. with the last calculated
average value being plotted in the same time position as the last data point.
The right-hand plot shows the data correctly superimposed so that any
five-week average point is plotted in the same time position as the central
point of the five values from which it has been calculated. The right-hand
plot is obviously a “better” version of the noisy data from which it has
been derived, while the left-hand plot has lost its time-based relationship
with the original data. Note that the chartists, since they have no interest in
the fundamental nature of moving averages or its relationship to the
original data, plot them incorrectly as we have done in the left-hand part of
Figure 4.2. If we look at moving averages as a smoothing device to
remove random movement and highlight underlying cycles, then there is no
question as to which of these two ways of displaying them has to be used.



In general for an n-week average, which is better referred to as an average
with a span of n weeks, we have to plot the average 1 + 0.5 x (n - 1) points
back in time, e.g. for a five-day average three days back, for a 13-week
average seven weeks back, and for a three-year average one year back in
time. Of course this formula only works properly with spans with an odd
number, since for an even number we would have to plot the average so
that its points lie between the original data points. Although this can be
done, it is best to avoid the problem by using moving averages with an odd
number of days, weeks or years in their spans. This restriction has no
effect on our accuracy of prediction of share price movement.

Figure 4.2 Left panel: five-week average incorrectly superimposed on the data. Right
panel: five-week average correctly superimposed on the data

A consequence of plotting the moving average centrally is that we are
missing some points at the beginning and end of the plot. In the case of a
five-point average, we lose two points at either end. This is the penalty we
have to pay for achieving a smoother (or “better”) trace than the original,
and of course means that with averages of very long spans, such as 51
weeks for example, we would be losing 25 points at either end. The
mathematical reason we lose these points can be explained by looking at
the calculation of the very first averaged point: we take five points, add
them together and end up with just one averaged point. Therefore we have



had to throwaway four points in achieving this one average result, and we
never recover these.

We will see later that this loss of data points leads to increasing
uncertainty when we try to predict the current position of a cycle in stock
market data as the periodicity of the cycles gets larger. Thus we will know
fairly accurately where a five-week cycle is this week, less accurately
where a 13-week cycle is, and even less accurately where a 51-week
cycle is this week, but even so these predictions are accurate enough for
our purposes.

Note how successful a five-week moving average has been in removing
random price movement and highlighting the underlying cyclical
movement, since the original “noisy” data were composed of
approximately equal amounts of a cycle of 21-week periodicity and
random movement. The moving average method is able to cope with even
larger amounts of random movement than that in this present set of data and
so appears to offer a powerful method for highlighting cycles in stock
market data, yielding smoothed data which has fewer fluctuations than the
original.

THE EFFECT OF DIFFERENT AVERAGES
Before we can take this use of moving averages much further as a tool in
cleaning up stock market data, we have to investigate the relationship
between the span of the average in days or weeks and the cycles in the
data which the moving average will highlight. After all, if we have say
250 weekly closing values of share prices, we can use any average from
two weeks to 250 weeks, i.e. 249 different averages. It is important
therefore to be able to know the grounds upon which we select any
particular average and what we are trying to achieve by its use.

There are several mathematical consequences of applying moving
averages to cycles of various periodicities, and these can be examined by
using specific examples. Foremost of these consequences are:



A moving average will completely eliminate cycles of the same
periodicity as the span of the average.
Cycles of lesser periodicity than the span of the average will be
greatly reduced in amplitude, and may be out of step with the original
cycles.
The smoothed cycles will be of lesser amplitude than the original.
Cycles of slightly longer periodicity than the span of the average will
come through reduced in amplitude. The greater the difference
between the periodicity and the span of the average, the less will be
the reduction in amplitude.
The greater the span of the average, the lesser will be the amplitude
of the smoothed data.

To illustrate these above points, we can use the example of the 21-week
cyclical data that we have been using previously. It will be necessary to
use more than the 25 points used so far to show the effect of various
moving averages. The pure waveform is shown in Figure 4.3, and this
contains nine complete cycles of 21 weeks’ wavelength. According to the
first rule above, the application of a 21-week moving average to these
cycles of 21-week wavelength should remove them altogether, leaving of
course just a straight line.

Figure 4.3 A waveform of 21-weeks’ wavelength from peak to peak



That this is indeed the case is shown in Figure 4.4, where the data after
applying a 21-week average to the waveform are plotted.

Figure 4.4 A 21-week moving average (horizontal straight line) superimposed on the
21-week cyclical waveform



Figure 4.5 A 31-week moving average superimposed on the 21-week cyclical
waveform. Note that, besides being greatly reduced in amplitude, the average is
shifted to the right compared with the original waveform



According to the second rule above, cycles of less periodicity than the
span of the average should be greatly diminished and might end up shifted
in time compared with the original cycles. To check this point on cyclical
data of 21 weeks’ periodicity it is necessary to use a moving average of
span more than 21 weeks, for example 31 weeks. The data after applying a
31-week moving average are shown in Figure 4.5. The most obvious point
is that the smoothed data have about one-fifth of the amplitude of the
original data, while perhaps not so obvious is the fact that the smoothed
cycles are indeed shifted in time from the original ones, so that the troughs
of the smoothed data coincide with the peaks of the original data, i.e. the
smoothed data have been shifted by half a wavelength.

Taking an even longer span for the average, for example 51 weeks, we get
the result shown in Figure 4.6. The smoothed data are now even less in
amplitude than was the result of using the 31-week average, but note that
the original data and the smoothed data are now back in phase again, so
that the peaks coincide.



Figure 4.6 A 51-week moving average superimposed on the 21-week cyclical
waveform. Note that, although greatly reduced in amplitude, the average is aligned in
time with the original data

We can look at two more examples of the effect of a moving average on
these data, and that is to use spans of less than 21 weeks. The 13-week
average of the cyclical data is shown in Figure 4.7. The smoothed data are
once again of lesser amplitude than the original, and the peaks coincide in
time. For comparison, a five-week average of the data is shown in Figure
4.8. Once again the peaks coincide in time, but now, as predicted in our
rules, because the difference between the cycle periodicity and the span of
the average is much greater than in the previous example, the smoothed
data are much closer in amplitude to the original than was the case with
the 13-week average.

Figure 4.7 A 13-week average superimposed on the 21-week cyclical data



These few examples help to clarify our ideas about what we can and
cannot achieve by the use of moving averages. We have seen that by
choosing an average with a span equal to that of the cyclical data, we
remove this cycle altogether and end up with a straight line. We have seen
also that the larger we make the span of the average, the smaller does the
amplitude of the resulting output become, and finally we have seen that we
get unpredictable shifting effects on the cyclical data if we use averages of
larger span than the periodicity of the cycles being analysed. Our
conclusion should be from this that we should use moving averages of
shorter span than the periodicity of the cycles in which we may be
interested, so that to study say cycles of one year periodicity we should
use a moving average with a span of say 31 weeks. There may also be
occasions when we wish to suppress a cycle of a certain periodicity, and
therefore we should use a moving average with span equal to this
periodicity.

Figure 4.8 A five-week average superimposed on the 21-week cyclical data



Figure 4.9 A 21-week cyclical waveform with about an equal amount of random
movement added



The more common cycles present in stock market data and the best
averages to use to study them are discussed in detail in Chapter 6. Now
that we have explained in reasonable detail the effect of various moving
averages on clean cyclical data, i.e. data which contain no random
movement, we need to see what effect various moving averages will have
on removing random movement such as that in the example plotted in
Figure 4.1. As in the discussion above, we need to take a much longer
timescale so that we see several recurring cycles within the data. Such a
situation is shown in Figure 4.9, which represents once again data of 21-
week periodicity with about an equal amount of random movement added
in. The object of the exercise is of course to find the most appropriate
moving average that will remove the random movement and leave the
cyclical movement highlighted and looking as close to the original “clean”
waveform as possible, from the point of view of its amplitude, and with no
shift in the time position of the peaks and troughs.

Figure 4.10 The five-week moving average of the data from Figure 4.9



One restriction that we have already decided will be necessary is to avoid using an
average with a span greater than 21 weeks, since the position of the resulting
waveform is then not certain. The result of using five-, nine- and 15-week averages is
shown in Figures 4.10, 4.11 and 4.12 respectively.

The trace in Figure 4.10, where a five-week average has been employed,
while being closest to the original data in terms of the amplitude of the
waves, still shows a considerable bumpiness. The 15-week average
shown in Figure 4.12, while being much smoother, now has a greatly
reduced amplitude compared with the original data. The best compromise
is shown in Figure 4.11, where a nine-week average was used. The end
result has only a little bumpiness on some of the peaks, but the amplitude
is still about three-quarters of what it was in the original cyclical data.

Figure 4.11 The nine-week moving average of the data from Figure 4.9

From the above exercises on the application of moving averages to the
analysis of cyclical data, with or without the presence of random
movement, we can come to the following conclusion. The most



appropriate average to apply to a particular cycle is one whose span is
about half that of the periodicity (wavelength) of that cycle.

Now we can move to yet another complication, and that is how moving
averages can deal with a situation where say two different cycles are
present. If we can find out how to deal with such a position then we will
be much better placed to apply moving averages to real stock market data.
If we add in to the 21-week cycle we have been studying previously a
longer-term cycle, say of 51 weeks’ cyclicality, then the trace shown in
Figure 4.13 is produced. The challenge is to try by means of moving
averages to isolate each of the two individual cycles, of 21-week and 51-
week periodicity, from this compound data.

Figure 4.12 The 15-week moving average of the data from Figure 4.9

We have already stated that a cycle can be completely eliminated if we use
the same span for the average as the periodicity of the cycle. It follows that
if we use a 21-week moving average we should leave just the 51-week
cycle in evidence, and if we use a 51-week average we will leave just the



21-week cycle, although in the latter case we run in to the problem that we
may shift the position of the resulting output because of the effect we
discussed earlier when the span of the average is greater than the
periodicity of the cycles. We will also expect that the amplitude of the 21-
week cycle will be drastically reduced. The result of applying each of
these two averages is shown in Figures 4.14 and 4.15. The use of moving
averages does therefore appear to work because in the two figures we can
see quite clearly the two cycles in question, although they are diminished
in amplitude from the original combination.

Figure 4.13 The effect of combining 21-week and 51-week cycles

Figure 4.14 The 21-week moving average of the combined 21-week and 51-week cycles
superimposed on the original data. The 21-week cycle is completely removed



It is interesting to see the effect of an intermediate span average, say of 31
weeks, on the same data. From the rules we deduced earlier, we would
expect to see that the 51-week cycle would be the dominant feature, since
this would not be removed by an average whose span was less than 51
weeks. We would also expect that the 21-week cycle would be
considerably reduced in amplitude, and may have suffered a shift from its
original position. We would expect to see the total picture as a 51-week
cycle of rather lumpy appearance due to these remnants of the 21-week
cycle coming through. Figure 4.16 shows that this is indeed what happens.

Figure 4.15 The 51-week average of the combined 21-week and 51-week cycles
superimposed on the original data. the 51-week cycle is completely removed



We should now have come to the conclusion that moving averages are an
extremely useful tool for highlighting various cycles in data, although they
are by no means ideal. An ideal mathematical process would eliminate
everything except the cycle of interest, provided of course such a cycle
was present in the data. Different cycles could then be studied by changing
some parameters in the mathematical process. It is possible to get close to
this ideal by the use of sophisticated digital filters, but the calculations
involved are fairly heavy, and therefore only suitable for application
where a microcomputer is available. The beauty of the moving average
approach is that it is simple to use and requires no more than a calculator
to work out the averages, although of course a computer does take the
drudgery out of the process.

Figure 4.16 The 31-week average of the combined 21-week and 51-week cycles
superimposed on the original data



The drawback in the way we have been using averages so far is that they
work in the opposite sense to the ideal mathematical process. They do not
remove all cycles except the one of interest, but remove the one of interest
and leave all other cycles, perhaps not intact, but certainly not reduced to
zero. This means that to get information about a particular cycle in a
complex mixture of cycles such as we get in stock market data would best
be tackled by a process of elimination, trying various moving averages to
eliminate cycles other than the one of interest. This would be a time
consuming process if it was not for one particular property of moving
averages. The data which we have removed in the smoothing process are
still available. These data can be recovered by using average differences.



AVERAGE DIFFERENCES
If we look again at Figure 4.2(b), we can see that of course the original
data are scattered above and below the smooth line of the five-week
moving average. In fact the data are randomly scattered about the moving
average, and more importantly, this random scattering is identical to the
random movement that we incorporated when we constructed the pattern
from random movement and a 21-week cycle. The essence of this is
illustrated in Figure 4.17. Since the random movement is represented by
the distance above or below the smooth line of the average, then quite
simply the random movement can be obtained by taking, at each point
across the trace, the difference between the original data point and the
value of the average corresponding to that point. These are the average
differences which we will see are of great importance.

Figure 4.17 The random content of the original waveform is to be found in the vertical
distance of each data point above and below the smoother average line



We pointed out earlier that the result of calculating an average should be
associated with the point that corresponds to the middle of the span. The
data in Table 4.1 were not aligned in this way since at that time we were
simply concerned with how to calculate the values. It is imperative that the
original data and the moving averages are correctly aligned before the
differences are calculated, otherwise the results will have no meaning.
The process of calculating average differences from the averages we
calculated in Table 4.1 is shown in Table 4.2. The original column of five-
week averages is left in and a new column with the same values placed
alongside has been moved up by one less than half of a span, i.e. two
weeks in this case, in order to align the data. This is done purely for
clarity, and the investor can start off the moving average calculation by
placing the values in this correct relationship immediately rather than in
the way in which it was done in Table 4.1. The calculation then simply
involves a subtraction, one point at a time, of the average from the data
point with which it is now associated, as shown in the final column, and
therefore is much easier to perform than the original average calculation
which required an addition and a subtraction. Note that this final column
may contain negative values.

Table 4.2 Calculation of five-week average differences. Each moving average value
has to be correctly aligned with the original data, i.e. placed opposite the central point
of the span of the average. The first five-week average value is thus placed opposite
week 3 and so on. The subtraction of the aligned average point from the data point
can then proceed



Carrying out this process on the 21-week average which would have been
calculated for the compound 21- and 51-week cyclical data, we get the
plot shown in Figure 4.18. This should be compared with Figure 4.13
where we showed the 21-week average rather than its difference.

We can see in this comparison that whereas the normal 21-week average
removes the 21-week cycles and allows through the 51-week cycles, the
21-week average differences allow through the 21-week cycle and any
other cycles of shorter wavelength than 21 weeks. The reason why the plot
is not now symmetrical is that traces of the 51-week cycles are still
allowed through. The important fact, and this importance cannot be
stressed too highly, is that the presence of a particular cycle can be
confirmed by using these average differences. Thus in Figure 4.18, a check
of the peak-to-peak or trough-to-trough distances confirms that these are



exactly 21 weeks apart right across the nine complete waves that can be
seen.

Figure 4.18 The 21-week average difference of the combined 21-week and 51-week
cyclical data shows up the 21-week cycles even though their peaks and troughs are
not aligned horizontally

It is of interest to see the effect of applying a 51-week average difference
to these same data, and the result of doing this is shown in Figure 4.19. We
have now hit upon a problem, because a careful comparison with the
original data shows that this new trace appears to be simply an inverted
form of the original data, and we have had no success in highlighting one
cyclical waveform at the expense of the other. The problem is the opposite
to that which we found for normal moving averages, and can be expressed
by comparing the two:

Normal moving averages allow through all cycles of wavelength
greater than the span of the average, with the longest wavelengths
being the least reduced. They eliminate entirely those with
wavelength identical to the span of the average and greatly reduce



those with wavelength less than the span of the average. In the latter
case the waveform may be shifted in time. Moving averages eliminate
random movement.
Moving average differences remove all cycles with greater
wavelength than the span of the average, allow through completely
cycles with wavelength equal to the span of the average, and allow
through cycles with wavelength less than the span of the average. In
the latter case the amplitude will be reduced and the waveform may
be shifted in time. Moving average differences will also allow
through random movement.

Figure 4.19 The effect of applying a 51-week average difference to the combined 21-
week and 51-week cyclical data

These two techniques must therefore be seen to be complementary, and can
give extremely useful information if used together. Because this extra
information is so useful, investors should adopt the policy of moving just
this one simple level of calculation on from their normal practice of
calculating the average and tabulating the differences. As with all the



computational and display techniques discussed in this book, the
Microvest 5.0 computer program (see Appendix) carries out this
calculation rapidly and easily on daily, weekly or monthly data.

Probably the best approach to using average differences is to come to
some idea of a particular cycle that may be influencing the current
behaviour of a share price and to apply a moving average difference of
that same span to the data. If cycles of that wavelength are not present
because the peak-to-peak or trough-to-trough distances are not identical
with this wavelength, then determine the wavelength of a cycle that may be
present by measuring the distance between successive peaks and
successive troughs. Now apply this value as the span of the new average
differences to be calculated, and this newly discovered cycle should be
enhanced.

As an example we may come to the conclusion that cycles of 31-week
wavelength should be present in the combined data we have been using.
Applying a 31-week average and calculating the differences gives the plot
shown in Figure 4.20. If we measure the peak-to-peak or trough-to-trough
distances, then it is obvious that these are not 31 weeks, and therefore we
can say categorically that there are no cycles of 31-week wavelength
present in the data. The peak-to-peak measurement suggests that there is a
cycle present with a wavelength of about 20 weeks, and so it would be
logical to apply an average difference of 21 weeks (bearing in mind a
previous comment about using spans with an odd number of points). By
doing this, of course, we get the plot we have already shown in Figure
4.18.

Figure 4.20 The 31-week average differences of the combined 21-week and 51-week
cyclical data



One final exercise is necessary before we leave this discussion of the
fundamental way in which moving averages work, and that is to approach
rather more closely to the real situation in stock market data by adding in
random movement to the combined 21-week and 51-week cyclical data.
The result of doing this is shown in Figure 4.21. Although it is obvious that
there are cycles in the data, the random movement is now quite effective in
masking the exact nature of the underlying cycles. Since stock market data
will be more complex than these examples, it is essential that any
approach we make in the application of moving averages has to be able to
deal with data such as those shown in Figure 4.21. If we are not able to do
this, then moving averages will turn out to be of little use in the real world
of the stock market.

Figure 4.21 The combined effect of random movement with 21-week and 51-week
cyclical waveforms



An understanding of the following logical approach is therefore vital, and
the investor should re-read this section until he fully understands it.

Looking at Figure 4.21, we have no real idea of the underlying cycles that
may be present, although the data do look cyclical in nature with a
periodicity of more than 40 weeks or so. We should therefore try a moving
average with a span less than this 40 weeks in order to allow cycles of 40
weeks to come through. A 31-week average is a useful one to try since it
often gives good results in the case of share prices. The 31-week average
is shown to allow cycles of 40 weeks to come through. A 31-week
average is a useful one to try since it often gives good results in the case of
share prices. The 31-week average is shown in Figure 4.22, superimposed
upon the original data from which it is derived. We can see that this
average is a reasonably regular waveform, although it is a bit lumpy and
bumpy. This is due to the presence of other cycles in the data. A
measurement of the trough-to-trough and peak-to peak distances gives
values of 57, 48 and 58 weeks for the troughs and 44, 58 and 46 weeks for
the peaks. In a case like this, where the moving average is not too distorted
and its amplitude is fairly constant, it is in order to take an average of



these distances. This gives us (57 + 48 + 58 + 44 + 58 + 46)/6 = 51.8
weeks. We can take this as a strong indication that we have a cycle of 51
or 52 weeks’ periodicity present in the data, this cycle being distorted by
the presence of others of shorter wavelength. We discount the presence of
cycles of longer wavelength than 51 to 52 weeks because these would
come through the averaging process unaffected, and therefore would cause
the amplitudes of the averaged data to be distorted very much more than is
the case.

Figure 4.22 The 31-week average superimposed on the complex waveform from Figure
4.21

As far as cycles of shorter wavelength than 51 to 52 weeks are concerned,
the bumpiness of the average is fairly gentle, so that we can discount
cycles of wavelength less than say 11 weeks. Looking at Figure 4.21 again,
it is obvious that there is plenty of movement of only a few weeks’
duration present. Since there is no sign of such fluctuations, even greatly
reduced in amplitude, in the 31-week average, we come to the conclusion
that these very short-term fluctuations are random in nature, since of



course random movement is virtually completely removed by a moving
average.

Taking stock of what we have deduced so far, we can say:

The longest cyclicality present has a wavelength of 51 or 52 weeks.
Because of distortion of the periodicity but not of the amplitude of
these 51- to 52-week cycles passed by the average, there must be
cycles of shorter wavelength present in the data.
Because the 31-week average is fairly smooth, these other cycles are
not of very short wavelength.
Since short-term cycles are not present, the very short-term
fluctuations present in the data are due to random movement.

Now we can move to a consideration of the shorter-term cycles that we
deduced must be present in the data. Since we have already calculated the
31-week average, it is only one more step to calculate the 31-week
average differences. The result is shown in Figure 4.23. Previous versions
of average differences were smooth due to the examples being free of
random movement. The random movement present in this example will
come through the average difference process because all cycles of 31
weeks’ or less periodicity are allowed through. Random movement is a
special case with no periodicity. Thus the final result is seen to be noisy.
In spite of this, at least we can try to determine the peak-to-peak and
trough-to-trough distances in order to determine the wavelength of the
cycle which is allowed through. These distances average out at about 21
weeks, giving an indication of the presence of cycles of this periodicity.
This is about as far as we can go in deductions from the 31-week average
and the 31-week average difference, our conclusion being that we have
cycles of about 51 to 52 weeks’ and 21 weeks’ wavelength present in the
data together with additional random movement.

Figure 4.23 The 31-week average difference of the complex waveform from Figure 4.21



The next obvious step is to use a 21-week average, because this can be
used to eliminate the suspected 21-week cycle altogether, leaving a much
clearer picture of the suspected 51- to 52-week cycle which we think is
present. In addition, by using a 21-week average difference, we will be
able to highlight the 21-week cycle if this is indeed present.

The 21-week average of the data is shown in Figure 4.24. We can now see
how successful the moving average approach is because a clean, uniform
cycle is highlighted. Measurement of the peak-to-peak and trough-to-trough
distances shows these to be consistent at 51 weeks across the whole plot.
We have therefore been able to isolate the undistorted 51-week cycle that
was present in the original complex data.

Figure 4.24 The 21-week average superimposed on the complex waveform from Figure
4.21. A clear, undistorted 51-week cycle is now visible



It will not be quite so easy when it comes to a way of isolating the 21-
week cycle. A plot of the 21-week average difference will highlight the
21-week cycle if it is there, but unfortunately will also allow through the
random movement, so that the net result may not be as useful as one would
hope. This did not happen with the previous examples because they did not
contain random movement. That there is a problem with noise is shown by
the plot of the 21-week average difference shown in Figure 4.25. We need
a method of removing this random noise from the 21-week average
difference so that the 21-week cycle is much better defined.

Figure 4.25 The 21-week average diference of the complex waveform from Figure 4.21



The solution to this should now be apparent, since we have been using the
normal moving average to remove such random fluctuations. Therefore it
would seem that applying a normal moving average to the 21-week
average difference should do the trick. Of course, this means that we will
have to carry out another layer of calculation, but this will be a small price
to pay for solving this particular problem.

COMPUTER METHODS OF TREND
ISOLATION
Up to this point, the methods of trend isolation are ones which, although perhaps
tedious, are simple to carry out using just a calculator, and gave a great deal of
information about the underlying trends in the data.

The main disadvantage of simple moving averages is that they are not very
efficient at removing all shorter-term fluctuations from the data. By using
more intensive calculations, such as smoothing of simple averages by
using a second average and especially weighted averages, a greatly



improved performance can be achieved. Because of their intensive nature
such calculations can only realistically be carried out by computer.

As far as the noisy data in Figure 4.25 are concerned, it only remains to
decide which second moving average should be applied. One average
which we should definitely not apply is a 21-week average, since this will
eliminate entirely the 21-week cycle from the previously calculated 21-
week average difference. We noted earlier that an average of about half the
span of the cycle we are interested in is the most useful average to apply.
For smoothing the 21-week average differences, therefore, an 11-week
average would be the best. The result of applying this second average to
the data is shown in Figure 4.26. The approach has been successful in
removing the noise from the 21-week average difference.

Figure 4.26 The 21-week difference of Figure 4.25 smoothed by the further application
of an 11-week average. The 21-week cycles are now clearly observed

If we measure the peak-to-peak and trough-to-trough distances of these
highlighted cycles, we find that they are consistently 21 weeks apart.



Although there is a slight distortion in the amplitude of the peaks and
troughs due to some carrying through of the 51-week cycle, we have now
isolated the 21-week cycle.

So far, therefore, from a complex mixture of 51-week and 21-week cycles
plus added random movement, we have been able to isolate each of the
two cycles. It is of interest to see if we can put the final piece back into the
jigsaw, and that is of course to determine what the random movement is.
By definition, random movement is movement that has no periodicity and
therefore will be unaffected by the average difference process. Since the
average difference will remove cycles of longer periodicity than the span
of the average, we should use as small a span as possible to remove all
cyclical data. Since we have been using simulated weekly data, the
shortest span we can use is therefore three weeks since we have been
using averages of odd span in all our examples for reasons discussed
earlier. The result of doing this is shown in Figure 4.27. As we can see,
this figure shows an obvious random movement with fluctuations of
extremely short term being present.

Figure 4.27 The three-week average difference of the original data from Figure 4.21
removes cycles of more than three weeks’ wavelength, and leaves behind the random
movement



It is now worth outlining the various stages which were applied to the
complex mixture of 51-week, 21-week and random movement in order to
isolate each component separately:

. The 31-week moving average suggested an imperfect 51- to 52-week
cycle.

. The 31-week average difference suggested the presence of a 21-week
cycle.

. The 21-week average totally eliminated the 41-week cycle, thereby
isolating the clean 51-week cycle.

. The 21-week average difference isolated an imperfect (noisy) 21-week
cycle.

. The 11-week normal average totally eliminated the noise of the Stage 4
process, thereby isolating the clean 21-week cycle.

. The three-week moving average difference totally eliminated all cycles of
greater than three weeks’ periodicity, thereby isolating the random noise.



By such a straightforward, sequential and logical approach we will be
able to discover an enormous amount of information on the cycles which
are present in the movement of a particular share price and particularly on
the current state of those cycles.

The improvement which we saw in the average difference when a second
average was applied can be taken a stage further by applying a second
smoothing average to the original average rather than the average
difference. As an example, in Figure 4.28 is presented a plot similar to
that shown previously in Figure 4.1. Here we show the centred 31-week
average of the same data and a smoothed, centred 31-week average. The
smoothing is obtained by using a second average with about half the span
of the first, i.e. a 15-week average. The positive effect of the smoothing is
that the kinks in the simple average caused by the inefficient removal of the
short-termrandom fluctuations are removed. The negative effect is that the
smoothed average terminates a total of half of the span of the first average
plus half of the span of the second average, a total of 22 weeks, before the
last data point of the set. This can be compared with the simple average
which terminates half of the span of the first average, i.e. 15 weeks back in
time. Thus the penalty for giving a smoother and hence more predictable
average is that we have to predict the future behaviour of the average over
a longer period of time.

Figure 4.28 Comparison of a simple centred 31-week moving average and a smoothed
centred 31-week average



It is possible to improve the position shown in Figure 4.28 considerably
by using a weighted moving average. This is calculated by multiplying
each of the data points, for example 31 in this case, by a matrix of
constants whose values have been calculated as being optimum for the
particular average being used. This gives the first average point. The
whole matrix is then moved down one place in the set of data points and
the exercise repeated to give the next average, and so on until all the data
have been used. It is obvious now why a computer represents the only
realistic way in which this process can be carried out. The result of
applying such a 31-week weighted average is shown in Figure 4.29. We
can see that the result is better than that achieved with the smoothed
average in Figure 4.28, and the average now does not suffer the loss of an
additional set of points, terminating at the same point as the simple
average.

Figure 4.29 Comparison of a smoothed centred 31-week moving average and a
weighted centred 31-week average



Another method derived from the application of weighted moving
averages is the cycle highlighter. In this case cycles of a nominal
frequency, i.e. within a narrow window either side of a chosen frequency,
can be isolated. Selecting a 51-week cycle as the one to be isolated from
the complex waveform shown earlier in Figure 4.21 gives the result shown
in Figure 4.30. We can see that this is now a beautifully clear picture of the
original 51-week cycle that was present in the data. The amplitude of the
original 51-week cycle from which the data were constructed was 100,
whereas the amplitude of the extracted cycle is 80. Thus there has been a
small loss in amplitude caused by the extraction process because this
involves moving averages. The amplitude loss is a small price to pay for
the clear indication of the presence of an undistorted 51-week cycle.

Figure 4.30 Using a cycle highlighter, the upper box shows a clean extraction of the 51-
week cycle from the original data in the lower box



One slight drawback of the cycle highlighter is the fact that longer
wavelength cycles than the one being requested will still come through,
albeit greatly attenuated. This can be shown in Figure 4.31 where an
extraction of the 21-week cycle has been requested. Quite obviously, the
resulting waveform is not as pure as was the case with the 51-week cycle.
The trace is very similar to that shown in Figure 4.26, due to a residual
influence of the 51-week cycle coming through the cycle isolating process.
Even so, the presence of a 21-week cycle is very obvious, and from this
its status at the time of asking, i.e. whether it is rising or falling, is easily
determined.

This cycle highlighting method gives us a powerful means of predicting the
state of selected cycles in the near future and leads to a composite picture
of the movement of the share price itself.

Figure 4.31 Using a cycle highlighter, the upper box shows the presence of a 21-week
cycle in the original data in the lower box. There are still indications of the prescence
of a 51-week cycle



GRAPHICAL METHODS OF ANALYSING
COMPLEX DATA: CHANNEL ANALYSIS
We pointed out the advantages of the computational methods of looking at
cycles in share price data at the beginning of this chapter. These methods
lend themselves to automation and graphical presentation by
microcomputer and of course give consistent results. On the other hand,
without the availability of a computer, the task of computing averages for
large numbers of shares can be quite daunting unless the process has
already been in operation for some time. The graphical method, while
somewhat less accurate, has the advantage that once charts of the share
prices of interest are available, it can be carried out quite quickly and
some decision as to the future share price movement can be arrived at. The
method is subjective, and therefore some practitioners will get better and
more consistent results than others, but even the less expert of them will
improve their investment performance beyond recognition.



Just as the foregoing moving average methods enabled us to determine
which cycles were present in data, then so will a properly applied
graphical method. A useful starting point is to take the combined 21-week
and 51-week cycles illustrated in Figure 4.13 that we analysed using
moving averages, and see if we can arrive at a similar conclusion as to the
existence of 21-week and 51-week cycles in the data.

The method depends upon drawing a constant depth channel that will
enclose the fluctuations in the data. Troughs in the data should touch the
lower boundary of the channel while peaks in the data should touch the
upper boundary. In the case of quite irregular data, it is acceptable to have
one or two peaks or troughs penetrating the boundaries slightly.
Boundaries may be adjusted inwards or outwards to arrive at this ideal
situation. Since the combined 21-week and 51-week cycles as shown in
Figure 4.13 are smooth and the peaks and troughs fairly regular, this will
be an easier exercise than when we move to data which contain random
movement. Note the important point that will be more relevant when we
come to share price data, and that is that the vertical scale of all charts has
to be linear. A good many chartists use a logarithmic price axis, and such
an axis means that a channel of constant price difference would become
narrower vertically as we move further towards the top of the chart. This
is not acceptable for channel analysis. Logarithmic charts are used
because they can display a greater price range than linear charts because
of this compression at the higher prices, so they do have a use in share
price presentation. All the charts in this book will be of linear form.

Figure 4.32 shows how the channel should be drawn so as to enclose the
data from Figure 4.13. Several observations can be made to help in proper
placement of the channel boundaries:

The trough or peak of a channel does not have to coincide exactly
with a major trough or a major peak. In fact, in a case such as this
example, there will only be coincidence if the major peak or trough is
symmetrical, or near coincidence if the peak or trough is nearly
symmetrical, such as the major peak at 321 weeks.



A consequence of maintaining a constant depth to the channel is that
the peak of a channel will be offset to whichever side of the major
peak the nearest minor peak has occurred. In the case of the major
peak at 321 weeks, the minor peak on its left shoulder is slightly
closer to the 321-week centre than the minor peak on the right-hand
shoulder. The channel peak will therefore be at a point slightly less
than the 321-week point. Taking a more extreme example, the major
peak at 362 weeks has no minor peak on its rising left-hand side, but
it does have a minor peak on its falling right-hand side. The peak
point of the channel will therefore be quite a few weeks later than
362 weeks.
The same argument applies to troughs in the channel. Thus the trough
of the channel near the major trough at 290 weeks will occur a few
weeks later due to the occurrence of the minor trough on its rising
right-hand side. By the same token the channel trough near to the
major trough at 246 weeks will occur a few weeks earlier due to the
existence of the minor trough on its falling left-hand side.
It is not the width of the channel as measured by the shortest distance
between the boundaries, i.e. the line which would be at right angles
to each boundary, that has to be kept constant. It is the vertical
distance between the boundaries. Drawing channels in this way will
give the illusion that the boundaries are not parallel, because the
channels appear narrower at points where they rise or fall rapidly,
and wider where they move sideways. Drawing constant width
channels will be unsuccessful in isolating the cycles present in the
data.

Figure 4.32 A channel drawn so as to enclose the data from Figure 4.19



The forcing of the peaks and troughs to the right or left of the major peaks
or troughs has the result that a more symmetrical channel will be produced
than is shown by the symmetry of the underlying major peaks. We can see
by close observation of the way that the channel has been drawn in Figure
4.32 that the boundaries now have an obvious cyclicality. The channel
peak-to-peak distance and the channel trough-to-trough distance are
virtually the same, and are 51 weeks plus or minus one week deviation to
allow for measurement and drawing inaccuracy.

Thus, by graphical channel analysis, we have isolated the major 51-week
cycle that is present in the data!

It is of interest to see how accurate we are in determining the positions of
the peaks of these 51-week cycles, since we know where they are in the
original cycles which were incorporated into the complex data. From the
channel drawn in Figure 4.32, we can find that the channel peaks are at
267, 319 and 368 weeks. In the original data these peaks were at 268, 319
and 370 weeks. We have been able therefore to establish the peaks and
troughs of the underlying 51-week cycle to within two to three weeks!



We now have to discover a way of isolating the 21-week cycle which we
know to be present in the data. We might at first think that by marking the
positions of each of the troughs and measuring the distance between them
we will arrive at a value of 21 weeks for this inter-trough distance, and by
measuring the positions of each of the peaks we will arrive at the same
value for the inter-peak distance. This unfortunately is not the case, since
taking the first four troughs, for example, we will find that they occur at
246, 268, 288 and 306 weeks. These positions give inter-trough distances
of 22, 20 and 18 weeks, so we can see that they are not consistent.
However, the points at which a successive trough and peak (or peak and
trough) touch the outer channel are at a consistent distance apart. These
points are quite clearly seen in Figure 4.32, and a measurement of them
yields a constant 11 weeks, i.e. a full cycle of 22 weeks. Thus, allowing
for a one-week error in our drawing, we have also been able to find by the
same graphical analysis the 21-week cycle which is also in the data!

It is vital to establish whether the positions we have determined for the
peaks and troughs of these 21-week cycles by this method, are close to the
positions of the troughs in the original 21-week cyclical waveform which
was incorporated into the complex data. The touching points as measured
in Figure 4.32 for troughs are 246 and 288 and for peaks are 257 and 276.
In the original 21-week cycle, these troughs occurred at weeks 244 and
286 and the peaks at 255 and 276. We have been able by channel analysis
to establish the peaks and troughs of the original 21-week cycle to within
two weeks! This is astonishingly accurate for what is after all a freehand
drawing.

This one channel which we have been able to draw freehand has therefore
solved two problems in the sense that it has enabled us to discover the two
cycles which were present in the data. It is obvious that the placement of
the channel is crucial, and a small shift in either direction at any point will
cause the consistent major peak-to-peak and major trough-to-trough
distances to wander from their constant 51-week value; the same will
happen to the touching points of the minor peaks and troughs within the
channel, so that these wander from their constant 21-week value.



Applying channel analysis to the data presented earlier in Figure 4.21 is
much more challenging, as can be seen from Figure 4.33. The approach to
the channel analysis of noisy data such as these, and to actual share prices,
is to start with the channel which encloses the minor fluctuations. The
same rules apply as we outlined earlier, so that the channel must be made
as narrow in a vertical sense as possible so that the majority of minor
peaks and troughs are touching it. It is permissible to allow a few of these
to poke above or below the channel. Since the channel has to be drawn as
smoothly as possible, we may find that this restriction of limiting the
number of occasions where the channel is penetrated will also reduce the
number of points where the channel is just touched by the peaks and
troughs, leaving many more well inside the channel and not touching it. It
cannot be stressed too highly that the prime consideration is to achieve a
smooth channel.

Figure 4.33 A channel drawn so as to enclose the data from Figure 4.21

The fairly smooth channel that can be drawn by applying these rules is
shown in Figure 4.33. The vertical depth is maintained at as constant a



value as is possible by freehand drawing at a distance which corresponds
to about 25 units of the left-hand vertical scale. At this point you should
compare the shape of this channel with that of the data in Figure 4.13
which of course represented the combination of the 21-week cycle and the
51-week cycle before any random movement was added in. There is a
striking similarity between the two as regards the positions of the peaks
and troughs. This now tells us what we have achieved by drawing the
channel: we have removed the random fluctuations from the data leaving
behind only the combined 21-week and 51-week cycles. In other words
channel analysis has behaved exactly like a moving average of short span
in removing fluctuations of very short wavelength.

Figure 4.34 An outer channel drawn so as to enclose the channel from Figure 4.33

At this point of course our analysis is incomplete, since although we have
removed random fluctuations, we still have no idea of the cyclicality of the
channel that is left. The answer lies in the similarity of the shape of our
channel in Figure 4.33 and the data upon which we drew a channel in
Figure 4.32. We now have to construct an outer channel which will
enclose the channel in Figure 4.33, applying the same rule about



minimising the constant depth of this new channel and enclosing as much
of the fluctuation of the inner channel as possible. In other words we forget
about the random movements which have been eliminated, and treat the
channel in Figure 4.33 as if it is the prime movement in which we are
interested. This exercise is carried out in Figure 4.34. Note now the
similarity in shape between this outer channel and the channel which we
drew around the clean data in Figure 4.32. Because of this we will be able
to apply exactly the same arguments to determine the wavelength of the
two cycles which are present. Before we do this, there is one obvious
point of difference, and that lies in the differing depths of the channel in
Figure 4.32 and the outer channel in Figure 4.34. The reason for this is the
presence of the random movement which forces a depth on to the inner
channel. In Figure 4.32 this inner channel effectively coincides with the
data and thus has a zero depth, because it contains no random movement in
the data.

Applying the same analysis of the cyclicality as we did for the previous
example, we find that the peak-to-peak distances and the trough-to-trough
distances of the outer channel are 51 weeks, plus or minus one week to
allow for inaccuracy in drawing the channel. We have therefore
determined the wavelength of the major cycle in this complex data to be 51
weeks, which is exactly what it should be. Of course, this value of 51
weeks depends very much on the accuracy of drawing the channels. This
accuracy can only develop with practice, and the investor is urged to carry
out the above exercise himself by tracing the original data from Figure
4.21. With a badly drawn channel, the first thing that will suffer will be the
consistency of the peak-to-peak and trough-to-trough distances, so that if
you do not get these correct, look at your channel with a fresh eye to see
which part of it might be distorted. Even so, channel analysis is fairly
tolerant of drawing technique, and you will still find that although your
distances are not all the same, taking an average of all the measurements
will lead to a figure amazingly close to 51 weeks.

As with the last example, it is of interest to see how close to the real
positions of the peaks of the 51-week cycles in the original data we have
come with the channel analysis.



As far as the minor channel is concerned, again we measure the distance
between the points at which the inner channel touches the outer channel.
We will find that these distances are 21 weeks, give or take one week to
allow for drawing inaccuracies. We have now been successful in isolating
the second cycle from this complex data. The point can be made again that
if the channel is inaccurately drawn, then these distances will not be a
constant 21 weeks, but will vary somewhat depending upon how
inaccurate the channel is. Even so, they should average out at a value quite
close to 21 weeks, because as mentioned above, channel analysis is
tolerant of considerable error in the placement of the channel boundaries.
This error has much more importance when it comes to determining at
what point we are on a particular cycle at a certain point in time. Thus
although a badly drawn channel will still tell us that we have a 51-week
cycle and a 21-week cycle present in the data, it might incorrectly be
telling us that the 51-week cycle will bottom out at week 392 from the
starting point of the analysis, whereas a more accurately drawn channel
will tell us that the 51-week, cycle will bottom out at week 386 from the
starting point. As one can appreciate, a six-week error in pin-pointing the
start of the new upward phase of the 51-week cycle would allow a
considerable price rise to have occurred before our analysis told us that a
buying point had been reached.

Having determined by channel analysis that we have a 51-week cycle and
a 21-week cycle plus random price movement present in the complex data,
there is still some vital information missing. This concerns the importance
of each of these three components, i.e. their individual contributions to the
overall final complex waveform. After all, when we come to real share
price data, it will be of little use to spend a great deal of time isolating a
particular cycle to find that it accounts for only a few pence of movement
in the share price. We have to be able to determine the amplitude of the
individual components of the waveform.

We noted in the discussion of moving averages that sometimes there was a
considerable reduction in the amplitude of the cycles that came through the
averaging process and sometimes these had been shifted sideways in time.
This means that considerable care has to be taken in deducing the



amplitude of the various cycles highlighted by the moving average
process, although with this care good results can be obtained. With
channel analysis, again by a careful approach, we can also get good results
in the determination of the amplitude of the various components that are
present. It is only necessary to discuss what happens when we draw
channels in order to begin to see how this can be achieved.

The channel process is illustrated in Figure 4.35. Starting with a
consideration of the outer channel of 51 weeks’ peak-to-peak and trough-
to-trough distance, i.e. 51-week cyclicality, we have drawn a centre line
through the channel. This line represents the line that would be taken if no
components of lesser wavelength were present, i.e. it represents the
original 51-week cycle. The fact that the channel boundaries are a certain
distance – about 50 on the vertical scale above and below this centre line
– represents the additional movement forced on the 51-week cycle by the
other two components, i.e. the 21-week cycle and the random movement.
Therefore the act of just drawing this centre line has achieved two things.
Firstly, the amplitude of the centre line itself, which is about 70 units on
the vertical scale, is the amplitude of the original 51-week cycle. Compare
this with Figure 4.14 where this cycle is isolated by the application of a
21-week average and you will see that the amplitudes are more or less the
same. Secondly, the depth of this outer channel, about 100 on the vertical
scale, is the combined fluctuation of the random movement and the 21-
week cycle, free from the influence of the 51-week cycle.

Figure 4.35 The centre line of the outer channel represents the original 51-week cycle



Just as the centre of the outer channel uncoupled the fluctuations of the
cycles of lesser wavelengths than that of the outer channel itself, giving us
a value for the amplitude of the cycle corresponding to the outer channel
and a value for the combined amplitudes of the other cycles, so we can
repeat the process on the inner channel.

The line drawn through the exact centre of the inner channel represents the
line that would be taken if no components of lesser wavelength than this
inner channel were present. In this particular case, these components of
lesser wavelength are the random movement we applied to the mixture of
51- and 21-week cycles to create the example in the first place. The depth
of this inner channel is due solely to the random fluctuations. Since the
depth can be measured on the vertical scale as about 35 divisions (Figure
4.34), we now have the amplitude of the random movement.

We have now reached the following position:

. Total amplitude, measured by the distance from the lowest point to the
highest point of the outer channel = 180 divisions.



. Amplitude of the combined 21-week cycle and random movement,
measured by the depth of the outer channel = 100 divisions.

. Amplitude of the random movement, measured by the depth of the inner
channel = 35 divisions.

. Subtracting amplitude 2 from amplitude 1, we obtain the result that the
amplitude of the 51-week cycle = 180 - 100 = 80 divisions.

. Subtracting amplitude 3 from amplitude 1, we obtain the result that the
combined amplitude of the 21- and 51-week cycles = 180 - 35 = 145
divisions.

. Subtracting amplitude 3 from amplitude 2 (or 4 from 5), we obtain the
result that the amplitude of the 21-week cycle = 100 - 35 = 145 - 80 = 65
divisions.

Just to show how accurate these values are compared with the original
cycles and random movement that were added together to produce this
example, we need to know the amplitudes of these original components.
These were as follows: 51-week cycle – 100 divisions; 21-week cycle –
50 divisions; and random movement – 40 divisions. We are therefore 80%
correct with our estimation of our 51-week cycle amplitude, within 30%
of the 21-week cycle amplitude and within five divisions or about 12% of
the amplitude of the random movement. These are extremely impressive
results for a graphical method, especially when we take into account our
previous comments about the accuracy of our determination of the
positions of the various cycles in time.

This gradual introduction to channel analysis has brought home the power
of the method when applied to artificial data against which our results can
be checked. Even though share price data may frequently contain many
more cycles than the small number we have analysed in this chapter, and
cycles which will also vary in both wavelength and amplitude over the
course of time, the principles which have been discussed in the chapter are
just as valid. The investor should now see quite clearly the relationship
between the data and moving averages and the relationship between the
data and the channels which we can draw on the data. As a result, the
investor should now be in the position that he can understand which



moving average or moving average difference should be chosen to
highlight the particular cycles in which he is interested. No longer are
these magic numbers conjured up by investment writers which appear to
work most of the time. They are now fundamental values which have to be
changed according to the circumstances.

In the following chapters, the investor will see exactly how powerful
channel analysis is when applied to real stock market prices, and will also
see the close relationship between channels and moving averages.



Chapter 5.Predicting Future Movement

The last chapter was spent in the analysis of complex cyclical data and
random movement, with the prime objective being to develop methods of
separating out the various cyclical and random movements. We showed
that by using either moving averages or channel analysis we could
determine the amplitude of each waveform and where it was standing at
the present time relative to its peak or trough.

The major reason for doing this, of course, is to enable us to predict where
the combination of these known cycles will take us in the future. There are
two main methods by which we can attempt this prediction. The first
method is a computational one, while the second is a graphical one. The
principle of the computational method is quite straightforward, but the
calculations, while simple, are time consuming. For this reason it is only
really practicable to use this method on a computer, and software packages
to carry out these processes are available commercially (see Appendix).

The figures displayed in the last chapter were produced by a computer,
and it is necessary to enter only three values for any particular cycle which
is required for display. These are:

The wavelength of the required cycle in days, weeks or years.
How far along in days, weeks or years from a trough we wish the
starting point to be.
The amplitude we require for the cycle. This can be expressed in
points for an index, as a simple number for an exchange rate, or in a
currency such as pence/pounds for a stock price.

Taking the examples in the last chapter, we used two cycles, of 21 weeks’
and 51 weeks’ wavelength. The amplitudes used were 50 divisions for the
21-week cycle and 100 divisions for the 51-week cycle. Finally, a random
movement of up to 40 divisions was also added in to give the complex
waveform shown in Figure 4.20.



Having determined the positions of the various cycles at a certain point in
time, and having determined their amplitudes, we can use these values in
the computational process to project the combination of cycles into the
future.

DETERMINING THE CURRENT POSITION OF
THE CYCLES BY COMPUTATION
In the last chapter we looked at two main methods of determining which
cycles were present in the data, and where the peaks and troughs occurred.
In order to develop the discussion into the predictive aspect of the
analysis, it is necessary to select some cut-off period as being the end of
the actual data. Most of the figures in the last chapter showed the time axis
in weeks, going up to about 400. It is useful, therefore, to take week 400 as
being the last week for which any data are available.

Firstly, we can look at what moving average methods tell us about the
position of the two cycles, which we know to be present, at week 400. The
slight difficulty which we encounter when we use moving averages is the
loss of data points at the beginning and end of the averaging process. As
we pointed out in the last chapter, because we adjust the position of the
average so that an average value is correctly associated with a data point,
the (n - 1) data points which are lost in calculating the average are divided
equally between the beginning and the end of the data being averaged.

The averages we used in the various examples in the last chapter were of
21-, 31- and 51-week spans, and in addition we applied an 11-week
average to the 21-week difference. The loss of points at the end of the
averaged data will be 10 for the 21-week average, 15 for the 31-week
average and 25 for the 51-week average. The effect of this loss of points
when plotting the recent values of the averages and the data up to a cut-off
point at say week 400 is illustrated in Figure 5.1. Not shown is the effect
of applying an 11-week average to the 21-week difference, but the effect is
cumulative. In calculating the 21-week difference we lose the last 10
points, and in applying a further 11-week average we lose another 5



points. This means a total loss of 15 points. Naturally the application of
further averages to already averaged data, while yielding much smoother
and perhaps much more significant results, will have a counterbalancing
disadvantage in this loss of data points. The disadvantage is minimal in the
case of these theoretical, clean sine waves we are using for the examples,
because their regularity means that it is simple to project them into the
future. With real stock market data, we will have an interesting conflict
between the much smoother curves obtained by using longer span averages
or multiple applications of an average which should make them easier to
project into the future, and the larger amount of time over which the
projection must be made.

Figure 5.1 How various weekly averages terminate half a span of the average back in
time. The loss of data points is the penalty paid for a “better” representation of the
data

Taking the 21-week average of the complex data which was shown in
Figure 4.24, and assuming a cut-off point at and including week 400, we
get the position shown in Figure 5.2. The average terminates at week 390,



i.e. 10 weeks back, but because the curve is smooth, it is easy to project it
graphically forward up to and past week 400. To do this computationally,
we simply need to determine the three items of data necessary for this
exercise, and these can easily be abstracted from Figure 5.2:

The wavelength. This is obtained by measuring from peak-to-peak
along the time axis, and is of course 51 weeks.
The amplitude. This is obtained by measuring from trough to peak
along the vertical axis, and is 75 divisions.
The current position in time of the waveform. This is determined by
measuring from the last trough to the cut-off point at week 400, and is
three weeks.

Figure 5.2 The 21-week average (which in this example highlights the 51-week cycle)
terminates 10 weeks back from the last data point at week 400. Because of the
regularity and smoothness of the average, it is easy to project it forward (dotted line)
these 10 weeks to the time of the last data point and even well into the future



Thus we have a waveform which is three weeks past its trough, has a
wavelength of 51 weeks and has an amplitude of 75 divisions. The cycle
is now totally defined, and its position at any time in the future is known.

Note an immediate source of error, and that lies in the amplitude of the
averaged data. Unlike graphical channel analysis, the application of
moving averages reduces the amplitude from its correct value. We stated
in the last chapter that the original amplitude of the 51-week cycle was
100 divisions, so that we have lost a quarter of this amplitude by applying
the 21-week moving average.

As far as the 21-week cycle is concerned, the clearest picture we have of
this cycle was achieved by using the cycle highlighter or by taking an 11-
week average of the 21-week average difference. For the reason stated
above, in the latter case this average terminates 15 weeks back from the
400-week cut-off point. In the case of the cycle highlighter, the
computation terminates 10 weeks back from week 400. Thus the cycle
highlighter gives the better information for computational purposes.

Figure 5.3 Isolating the 21-week cycle by the cycle highlighter. The random noise is
eliminated. This leaves a smooth trace which finishes 10 weeks back from the latest
data point at week 400, enabling the position of the troughs and peaks to be
determined accurately



The required three items of data to compute the 21-week cycle into the
future can be obtained from its plot in Figure 5.3:

The wavelength. This is 21 weeks peak-to-peak.
The amplitude. This is 45 divisions from trough to peak and is
obtained by taking an average of the nine waves which can be seen.
The time since the last trough. At week 400, the last trough was 31
weeks back at week 369. Since the wavelength is 21 weeks, the next
trough should be at 369 + 21 = 390 weeks. This is at the last
computed point for the cycle (due to the loss of 10 weeks in the
computation). Thus the latest trough can be estimated as being 10
weeks ago.

As was the case with the 51-week cycle, the amplitude is rather less than
it should be, being 45 divisions instead of 50, but this is an acceptable
error.

The last item we need in order to be able to reconstruct our composite
data is the amplitude of the random movement. This random movement has



no obvious wavelength, and consists of unpredictable movement on a
week-to-week basis in the case of these weekly data. A very short-term
moving average such as three weeks or five weeks should remove this.

Therefore we can display this removed random movement by charting the
three-week or five-week average differences. This is done in Figure 5.4.
The amplitude of the random movement can now be seen to be about 30
divisions.

Figure 5.4 The random movement is isolated by taking a short-term moving average
difference. In this case a three-week average difference has been used. The plot
finishes at week 399



PREDICTING THE FUTURE POSITION OF
THE CYCLES BY COMPUTATION
We now have all the values we need to reconstruct our version of the
original data by using the cycles and random movement which we have
deduced are present in these data. We have a reasonable expectation that
our reconstructed data will look something like the original, although we
also expect that the amplitude will be rather different because of the
difficulty the moving average approach encounters in determining the exact
amplitudes of cycles which are present in the data. We will, if you like,
have determined a formula by which we can predict a value for the data at
any point in the future. These reconstructed data will be obtained by
adding together these three components:

Cycles of 51-week wavelength and 75-division amplitude, starting
three weeks after a trough.
Cycles of 21-week wavelength and 45-division amplitude starting 10
weeks after a trough.
Random movement of 30-division amplitude.

The result of doing this is shown in Figure 5.5. Since the highlighter used
to compute this projected waveform terminated 10 weeks back from the
cut-off point for the data at the 400-week mark, the projection has to start
from that point, i.e. week 390 and not week 400. In other words, there is
uncertainty in filling in the gap between week 390 and the cut-off point,
and so this region has to be part of the reconstituted waveform. The most
important feature of Figure 5.5 is that the general shape of the waveform is
the same. We can take one complete wave prior to week 390 and find a
corresponding calculated wave after week 390 that is virtually identical in
shape, and differs only in its amplitude. Two such pairs of original and
calculated waves are indicated in Figure 5.5.

Figure 5.5 Actual data (up to week 390) and calculated data (after week 390) based on
analysis by moving averages and recombination of the cycles and random movement
isolated by the analysis



The amplitude of the calculated waves is about 75% of that of the original,
so we can obviously improve our prediction of the waveform by
increasing the values for the amplitudes of each component over and
above the amplitudes we deduced from the moving average analyses.
Although, of course, we could experiment by increasing the amplitude of
the 51-week cycles, the 21-week cycles and the random movement in turn,
it is simpler to adjust them all upwards by the same percentage. Increasing
them by say a third, i.e. multiplying each amplitude by 1.33, should bring
the predicted amplitude fairly close to the original. In Figure 5.6 we
compare the portion of the original waveform between weeks 300 and 390
with the predicted waveform for a future portion between weeks 550 and
640. The amplitude of the predicted waveform is now adjusted by this
factor of 1.33. It is clear that, while not quite superimposable, the two
waveforms are almost identical.

Figure 5.6 Left-hand panel: enlarged portion of Figure 5.5 showing the actual data from
week 300 to week 390. Right-hand panel: predicted data from week 550 to week 640.
The amplitude scale of the latter has been expanded to give the predicted wave the
same amplitude as the actual wave



The reason that the predicted waveform is not exactly superimposable on
the original is quite simple. It is because of the random movement that is
present. The word random means unpredictable, and therefore we are
never going to be able to predict exactly the future course of a complex
waveform in which there is an element of random movement. The greater
the amount of random movement that is present, the less accurate will be
our predicted movement, whereas the lesser the amount of random
movement, the more accurate will be our prediction. When it comes to
shares, application of the moving average or channel analysis techniques
will show us which shares are high in random content and which are low,
so that it will be much more sensible to concentrate on the latter category.

Notwithstanding this difficulty, the general principle of deducing by
various moving average calculations the cycles and random movement
present in a complex waveform, and more particularly, where these cycles
are in the overall time frame, with a view to recombining them to predict
future price movement, is therefore a valid one, and in this computer age is
ideally suited to automatic calculations with the minimum intervention
from the user.



DETERMINING THE CURRENT POSITION OF
THE CYCLES GRAPHICALLY
The above techniques are extremely powerful, and with the increasing
availability of computers at reasonable prices are open to most investors
who are prepared to spend a little time learning how to use them.
However, as we pointed out in the last chapter, almost as good results can
be obtained by the graphical technique of channel analysis. The best
results are obtained by application of both moving averages and graphical
methods to determine the best channels within which the data is
oscillating, and the power of using both of these techniques will become
obvious in subsequent chapters.

The starting point for channel analysis is where we left off in the last
chapter, illustrated by the channels we drew in Figure 4.34. We were able
to draw an outer channel which was fairly regular in shape and with the
peak-to-peak and trough-to-trough distances being 51 weeks. Within that
we drew an inner channel, and the important point was that points where
the inner channel touched the outer channel were also fairly regularly, but
not exactly, spaced in time. From this we were able to deduce the
cyclicality of the second composite wave as being about 21 weeks.

In Figure 5.7 we show this analysis repeated for the data running from
week 280 up to the cut-off point at week 400. The general approach in
channel analysis is exactly the opposite for projection into the future as it
is for establishing the channels for the historical price movement. In our
introduction in the last chapter to the method of drawing channels for noisy
data, we pointed out that we have to start with the channel that encloses the
minor fluctuations in the data. Once this channel is drawn we can draw the
next outer channel that encloses the fluctuations in the inner channel. If we
have enough data we can then draw the next outer channel that encloses the
fluctuations in this second channel.

A consideration of these historically drawn channels shows that by the
very nature of the channel process, the outermost channel will be the



smoothest, and therefore the most easily extrapolated into the future. The
next channel in from the outside will be the next best to tackle, while the
inner channel will be the least smooth and therefore the most difficult.

Figure 5.7 Once the inner channel has been drawn around the complex waveform, the
smooth outer channel can be drawn so as to contain as much of the movement of the
inner channel as possible. The greater regularity of the outer channel enables it to be
projected into the future past week 400 as a dotted line. The channel touching points
(hatched areas) are essential for predicting the future movement of the inner channel
within the outer channel

Thus historically we construct channels from the inside to the outside, but
in future projections we construct them from the outside to the inside.

Looking at Figure 5.7, we can see that since the outer channel is so regular,
both in shape and with the spacing of the peaks and troughs, it is an easy
task to dot in the future movement of the channels, maintaining the same
peak-to-peak distance, the same trough-to-trough distance and the same
amplitude.



The task of projecting the inner channel into the future is a bit more
difficult, but understanding, the approach is vital if the technique is to be
successful in the prediction of share prices.

The analysis depends on establishing for as many points as possible prior
to week 400 those places where the inner channel touches the outer
channel. In Figure 5.7 four of these points are shown as hatched areas, and
prior to these there are another four places where this happens. The
touching points that can be identifed are:

Touching upper boundary: 299, 320, 341, 362, 383
Touching lower boundary: 288, 309, 330, 351

We would expect a touching point at week 372, but in maintaining the
smoothest possible outer channel, we find that the data, while at an
obvious trough at week 372, do not descend low enough to meet the
boundary. The reason for this is that week 372 just happens to coincide
with a particularly large upward random movement, and it is this which
prevents the inner channel from touching at that point. We will find that in
the analysis of stock market data, there are many occasions where the data
do not touch the channel at the predicted point, but an attempt at touching
the channel at a strongly predicted point, as in this case, can be counted as
a positive. Because these touching points are so regularly spaced, we can
predict where future ones should come. For the upper and lower
boundaries, by continuing the regular spacing, these should be:

Upper boundary: 404, 425, 446, 467, etc.
Lower boundary: 393, 414, 435, 457, 478, etc.

Having predicted these touching points between the inner and outer
channels for future movement past week 400, we can now begin to sketch
in this inner channel to take account of this constraint which the outer
channel places on the movement of the inner channel. The result is shown
in Figure 5.8. The predicted upper and lower boundary touching points are
indicated by the arrows. These arrows provide a useful guide for the
estimated progress of the inner channel. Investors will find that the flexible



curves or curve templates sold in stationers will aid this projection of
channels enormously, giving not only a pleasingly smooth curve, but more
importantly a pretty accurate one.

Figure 5.8 Projecting an inner channel past week 400. The outer channel has already
been projected (Figure 5.7). The first stage is to predict the touching points of the
inner and outer channels by carrying forward the same spacing of touching points as
in the previous price historry. These are marked by arrows at the predicted outer
channel boundary. The inner channel is then drawn, keeping a constant depth and
aiming to touch the outer boundary at the indicated touching points.

This inner channel is, of course, the channel that we have been aiming for
in the whole process of channel analysis, because it is the channel within
which we expect the complex movement to oscillate for most of the time,
only moving outside this inner boundary on very few occasions. This is
because we drew the channels in the first place with the restriction that the
price had to stay within them with only a few excursions outside their
boundaries being allowable, and this restriction will stay with us for the
projected channel. We cannot take channel analysis of these data any
further than this inner channel, i.e. there is no inner channel to this inner
channel, because now we are at the level where the movement within the



inner channel is due totally to the random movement in the complex
waveform. Channel analysis can only highlight the movement which is due
to the presence of a particular cycle in the data.

Since the depth of this projected inner channel is about 35 divisions, and
at this point we do not know where the future data will lie at any particular
time, except that it should lie within the channel, we are able to predict a
future data point to within 35 divisions. Since the vertical scale of these
diagrams runs from zero up to 180, an accuracy of 35 divisions means, in
percentage terms, a prediction accuracy to within 20% for any future data
point. To some of you, this might sound astonishing, and to others it might
sound rather disappointing, depending on your perspective. To put it into
context, however, most investors would be unable to predict a share price
one year ahead to better than 50%. Even more importantly, the 20%
accuracy has nothing to do with the accuracy or otherwise of the channel
analysis method. It is due to the fact that there is a 20% random, i.e.
unpredictable, content in the original complex data. Putting it another way,
we are able to predict the predictable, i.e. non-random, part of the
complex movement with almost 100% accuracy! The accuracy of this
prediction is shown graphically in Figure 5.9. The inner channel we
established in Figure 5.8 is shown superimposed on the actual data, which
have been taken from Figure 4.21 in the last chapter. It can be seen that the
data do stay fairly closely within the boundaries of the predicted inner
channel.

Figure 5.9 The plot of the actual data after week 400 stays quite close to the predicted
inner channel



This prediction of future share price movement has been carried out by
using two channels, and we have seen that these two channels have been
sufficient for us to be able to determine the wavelengths and amplitudes of
two cycles present in the data as well as the amplitude of the random
movement. In stock market data there will usually be many more than two
cycles present, and we will have to draw more outer channels in order to
be able to carry out a full analysis, although there will be occasions where
we are only interested in one or two cycles. In such a case the above
procedure will be sufficient. Where we do need to analyse for more
cycles, we have to use exactly the same deductive methods above in order
to determine the touching points of each channel with the next outer
channel. Having determined these touching points, we must start with the
projection of the outermost channel into the future and indicate the
predicted touching points of the next inner channel on it. We can then
extrapolate this next inner channel so as to touch the outer at these points.
We then move in a level and indicate the touching points of the next inner
channel and carry out the same procedure. We keep doing this until we run
out of channels.



The important message from this exercise, therefore, is that channel
analysis is an extremely powerful technique for the prediction of share
price movement, being able to predict with great accuracy the future
position of the various cycles which are present in the share price data. In
predicting the actual share price at some time in the future, it will be most
successful for those shares in which the random price movement is lowest.
It will also be most successful in predicting the near future rather than the
distant future, since small inaccuracies in the graphical projections will
become magnified the further away from the present time we move.
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