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Abstract

The concept of price trends in speculative markets has been
knownandused by market practitioners for more than a century.
It appears, however, that trends and their existence have not yet
been subject to scientific scrutiny, and are not accepted as facts
by science. Thispaperisanattempt at objective investigationof
one particulartrendinsharepricesofanactual company.

The hypothesisisthatifsystematicelementssuchastrendsdo in
fact influence the otherwise stochastic price movements in the
market, this will have to be reflected in the statistic frequencies
of market price movements.

Theanalysisconfirmsthe hypothesis with unexpected clarity. A
Kolmogorov-Smirnov test is significant on the 10%, 5% and 1%
levels. It is thus strongly probable that the investigated trend
doesinfactexist,andthatit hasa tangibleeffecton price.

The findings may indicate a resolution of the apparent contradic-
tion between the trend concept and the “random walk” hypothe-
Sis.



Do Price Trends in Speculative Markets Exist?
A Case Study

The Question at Issue

Price movements in financial markets are closely watched. A
question of special interest is whether current price movements
cangivecluesasto futureprice behavior.

More than one hundred years ago Charles H Dow introduced the
trend as a key forecasting instrument, based upon the conviction
thata price movementin a certain direction would tend to persist
inthe samedirectionuntil demonstrably broken. There is consid-
erable empirical material to indicate that this might be true.
However, this conception lacks scientific legitimacy. It seems
that so far there has been no serious attempt made to scientifi-
cally ascertain whether such trends are objective facts, and not
merely optical illusions. The present working paper is an at-
temptto approach this question analytically, based upon a com-
pany case.

Appendix 1 shows price fluctuations for the Volvo B share in a
”high-low-close” chart, month by month, from January 1984 til
now, October 2001. As shown we can draw a line A that with
considerable accuracy touches a number of extreme values, indi-
catedon thechart. From1984to 1993 the price stays below this
line,and at one occasionseemsto be turned down by the line. In
January 1994 the trendline is demonstrably broken. Thereafter,
on several occasionsand with considerable accuracy, the same line
againturns the price back up. Inrecent monthsthe lineis again
penetrated, now on the downside.

To the observer it might appear as if this line, trendline as it
might be called, has a curious power of influencing price move-
ments. Thereare more such lines with the same apparent power,



cisely parallell to line A. And, - as such trendlines appear to
stretchoveryears - may they also extend their influence into the
future?

Is this the case of an optical illusion, or do such systematic ele-
mentsinprice movementsin fact exist?

Method

This phenomenon, the curious precision with which lines can be
drawn through extreme points in charts, seems not to have been
objectto scientificscrutiny.

The curious precisionis briefly mentioned by Edwards & Magee
(1948, 16" reprint 1997, p.235), and it is indicated by a great
number of empirical examples. The reasonwhy it has not so far
arousedscientificinterestmay be that it is hard to see any intui-
tive/logic explanation for the phenomenon. But, if all initially
inexplicable phenomenahad beendisregarded on such grounds, we
would have missed many new insights.

There is, however, an abundance of studies on price movements
generally. Theresearchfollows two main directions. In the first
place there are studies based upon the serial correlation of price
movements, such as Alexander (1961 and 64), Kendall (1953),
Osborne (1959), Roberts (1959), Working (1934) and others.
Thenthereareinvestigationsof the efficiency of different trading
strategies, such as Allen & Karjalainen (1999), Blume, Easley &
O’Hara (1994), Brock, Lakonishok & LeBaron (1992), Jegadeesh
& Titman (1993), Neely, Weller & Dittmar (1997), Neftci (1991)
andrecently Lo, Mamaysky & Wang (2000), and others.

It appears that none of the methods used in the past are well
suited for the task at hand. The question under study requires a
new and differentapproach. The one |l useis very much an engi-
neer’sway of concretizing abstractions. It might be termed the
projection method:

The point of departure is the line A,”the master trendline”, ap-
pendix 1% All “high” and “low” points®, are given coordinates in
time (month number M) and value (Swedish crowns K). These

"Heremustbe distinguished between "trend” and “trendline”. A trendis
solely defined by itsinclination. Foreachtrendtherearenormally several
trendlines with the same inclination.



pointsareprojectedon a baselinewhichruns perpendicular to the
master trendline. This means that all points on the masterline
will have the same projected value. This also goes for all points
onany line parallell to the masterline.

It is expected that the distribution of the original price data ap-
proximate some known probability function according to the
“random walk” hypothesis. And if so, the projected values will
alsobe randomlydistributed accordingto some known probability
distribution. We will thus have instrument for calculating the
theoretical cumulative distributionforany pointon the baseline.

It may now be madeuse of the fact that a concentration of points
on the baseline will signal the possible existence of a trendline.
Such concentrationsshould emerge as irregularities to the “pure”
probability distribution.

Thetestdescribedinthispaperisbasedon the classical trendline
definition, that at leastthree extreme points should touch the line.
Identical calculations have also been made for alternative trendline
definitions’.

The Data

Therawdata, plussomeofthe computations carried out on these
data, are collected in a separate appendix. The data are referred
tobycolumnsA toP.

According to appendix 1 there are monthly price data for 214
months, numbered from 1 to 214. For each month we have two
extreme values,one “high”and one “low”. That makes alltogether
428 points. Each point is given coordinates in time (M, month
number, column B) and value (K, Swedish crowns, kolumn C).
Kolumn D showsthe InK, the logarithmicvalueof K.

Thelistissortedby “projected price” InK”, whichis definedin a
separate chapter. Column A numbersthe pointsinthe same order
and represents the cumulative frequency distribution. These
numbersalsoserveas the identificationof eachpoint.



The Trend

The trend is given by the inclination of the masterline, line A,
appendix 1. Thislinein turnis definedby two points, (ml,lnkl)

and (mz,lnkz) Trend inclination is expressed as the trend multi-

plier T, that is the factor by which a trendline value has to be
multipliedin orderto obtainthe trendline value one year hence:

meom oy s 1 Kk,

) )
1) T 2 =_2 whichgives T:expgi*ln_
kl m, - m, klié

Giventhe points (71, 107,285) and (202, 138) from appendix 1,
the calculationgivesa trend multiplier T=1,02315,0r roughly 2%
peryear.

The Projected Price K*

The high/low points are defined by their coordinates in time and
value, columns B and C in the data appendix. For reasons that
will later become apparent, the values are also expressed in their
logarithmic form, columnD.

These pointswillbe projectedon a baseline, perpendicular to the
masterline A. The frequencies of the projected values are inde-
pendent of the location of the baseline, which may therefore be
arbitrarily positioned. This also means that the projected values
as such do not have any absolute interpretation. The baseline
locationis definedby an arbitrarily chosenpoint (mo, In ko), inthis

case (50, In240).

We have now three points as basis for computing projected val-
ues, (m.Ink,) (m,,Ink,) defining the trend, and (m,,Ink,) defining

the location of the baseline. Appendix 2 shows a geometric con-
siderationoftwo congruenttriangles with sides A, B, C and a, b,
c respectively. Wenow define the projected position of the first
two points on the InK'-axis (the baseline) as Ink” =Ink, +a

where we have a=b§ . The expressions may be simplified by

. . . . Ink, - Ink
interpreting o as a physicalanglewith tangent tana :ﬁ.
2 -

We then obtain:



Ink; = Ink, + ((tanc.(m, - m,)+(Ink, - Ink,))cosa.)
Forthei-thpoint (mi,lnki) we get:
2) Ink; =Ink, +((tana:(m, - m,)+(Ink, - Ink,))cosa)

The valuesfor k; and Ink; arerecorded in the data appendix, col-

umns F and G for the total of all 428 points. The points are
sorted and identified by their consecutive number in order of in-
creasing Ink” value®. Column E shows the cumulative relative
frequenciesof Ink* in percent

The Distribution Functions.

What mathematical distribution functions may now prove appro-
priateto our data?

The lognormal distribution offers an obvious first choice. This
distribution describes elementary deviations combined in a multi-
plicative process, whereas the straight normal distribution com-
bines elementary deviations in a corresponding additive process.
The underlying processes that create growth and change in eco-
nomic matters appear to be of an overwhelmingly multiplicative
kind. Aitchison & Brown pointedout this as a factin their stan-
dardworkonthe subject (1957). Lawrence has an excellentsum-
mary of its application in business and economics in Crow &
Shimizu (1988,p.229). Onerelevantexampleisthat the Black &
Scholes algoritm for option calculation is based upon just this
distribution.

A normally distributed stochastic variable Y with mean w and
standard deviation o hasthe frequency function:

fN(YlM ,0):0-\/:[%

I (y- ) : :
exp|'-(y pzt)o for - <y<+
] ?

The correspondingdistribution functionis:

3) Fu(fu.o)=P(Y £y)= _é)fN (.o )y




A non-negative stochastic variable X is said to be lognormally
distributed with parameters (u,o) if its natural logarithm Y=InX

isnormally distributed with parameters (M,G). Consequently the
distribution functionfor X is:

Inx

4) F.quo)=P(r £inx)= of (uody  for x>0

Derivationwithrespectto X gives:

T 2% 5

i -uyu
5) fL(>1M ,o):%( fN(Inxlu ,o):%#expp M? for x>0
Data may be graphically fitted to the normal and the lognormal
distributions. A perfectly normally distributed empirical set of
figures will appear as a straight line in a diagram with one axis
with Gaussianscaleand the other with a linear scale. Deviations
from this straight line is a measure of the quality of the fit.
Similarly, a perfectly lognormally distributed empirical set of fig-
ureswillappearasa straight line in a diagram with one axis with
Gaussianscale,and the other with a logarithmicscale.

The raw data (K och InK, columns C and D, the data appendix)
have been graphically tested both against the normal distribution
(appendix 3) and the lognormal distribution (appendix 4). Evi-
dently the lognormal fitisthe betterofthetwo. The fitis rather
good in the interval 10% to 90%. |In the tail areas <10% and
>90%, however, the extreme values are strongly underrepre-
sented®.

Appendix 5 shows the same test for lognormality performed on
projected data (columns F and G, the data appendix). For some
reason the fitis considerably better than for the raw data, with
parameters uw =484 and 0 =0,49. The dispersion of the distribu-
tion is also lower, with a standard deviation decreasing from
0 =061to 0 =049. Measured by the variance, which is a more
relevant comparison, the reductionis more than one third. It is
hardto see the reason for this remarkable improvementin fit and
dispersion. Itcouldbethatevenwitha trend multiplieraslow as

® Truncations of this sort have been observed as a rather common nhenome-



102% it is a result of the better fit to the tendency of the data®
As forthetailsofthe distributionwe find that extreme values are
underrepresented, inthe sameway as fortheraw data.

Trend Analysis

The analysis so far indicates that price movements are mainly
stochastic and lognormally distributed. The question is whether
there is a trend effect that may cause deviations from a purely
stochastic behavior.

A first visual indication is obtained by drawing a simple histo-
gramfor the projected valuesin logarithmic form (Ink™, column F,
the data appendix). Such a histogramis drawn in appendix 6 for
the total of all of the 428 points. Instead of obtaining an even
curve,we getacurvebrokenby a great number of steps of differ-
ent depth. Appendix 7 shows an enlarged part of the curve,
wherethese steps emerge more clearly.

The steps implies a condensation of points around certain Ink*-
values,inotherwords, possibletrends. Thus these steps give an
initial visual indication in favour of our hypothesis. The biggest
step, appendix 7, we find around Ink*=5 which is the location of
our masterline

The classical definitionof a trendline, three points on a line, cor-

responds to the requirement that three consecutive k*-values

(column G, the dataappendix) should be equal or close to equal”:
D=k -k ,EO

Now, because K* is a stochastic variable, the interval D will also

be a stochastic variable. By the same token this holds true also
forthe expected number of points (B) withinthe interval:

5
b=n* Pl , £ K £k |w,0)=n §f, (nk'Jw.o Hink’
k'-2

® This demonstratesthat option prices computed considering price tenden-
cies (trends) give betterresults, quite differentfrom the ones obtainedby
computations based upon raw data alone.

"Infactthe difference can hardlv ever be exactlv zero. because K is a dis-



b‘n 1 I'a:epf’;ﬁ(lnk -u) %“( - 1epz{4(nk -u)z%jk

Where n is the total number of points (428-2), with w=484 and
o =0,49 according to appendix 5. The value of the variable B
computed forall ki isrecordedincolumnH inthe dataappendix.

Being a stochastic variable, B will have a corresponding distribu-
tion function:

by 2
7) P(b £ bylu.0) = —— & xpe (Inb- w2

i e

My hypothesisnow says that if we have a trend effect, this will
manifest itself in the form of a deviation from this “pure” sto-
chastic distribution. If we have a condensation of points around
certain constant values (steps), the corresponding intervals will
be narrower (with lower B values) than predicted by the distribu-
tion function,and we will thus expectto find an overrepresenta-
tionof low expected B values.

Inthe dataappendix, columnsl,J, K, L and M, the intervals have
beensortedin order of increasing B value, together with their ac-
cumulated relative frequency. Appendix 8 shows the resulting
lognormal diagram.

As expected, thereis a clearoverrepresentatonoflow B values.

Appendix 8 shows a mixture of two lognormal distributions, both
with a remarkably good fit of the empirical data®. This means
that our empirical data are drawn from two different populations,
with b=0,9asthe dividing-linebetweenthe two.

The dominant (primary) distribution b?0,9 represents 75% of
the observations, with u =0,3507 and o =0,7141. The theorethical

averageofthe B valuesfor thisdistributionis computed according
to:

® Thisexcellentfitholdstrue evenatthe utmosttailsof thedistributions.



B = (8) = E(exp(InB)) :# xplinbexpg ('“;j;y)zgd(mb)
-’ e u

_ 1€ (nb-(xﬂjz)z);'
= exply +0,5 2)ﬁ e o Ed(ln b)
8) :exp(x+0,502J

3, 28
£(B) = exptin1,42 + 0,5z/i‘n 29088 1833
% e 142 ¢ 9

The computed value of E(B) comes very close to the arithmetic
mean of 1,88 of the computed B values (columnH, row 431 and
432,the dataappendix). This would then be, or come very close
to, whatwe havetermedthe “pure” stochastic distribution.

The second (secondary) distribution b£0,9, representing 25% of
the observations, has totally different parameters:u =0,6575 - and
-0 =11342 with an average E(B)=exp(0,6575 +0,5%11342 )=3,6720.

The accumulated frequencies for this secondary distribution are
considerably higher than those that would have been obtained by
the primary distributioninthe same interval. Thisin a very clear
way demonstrates the expected overrepresentation of low B val-
ues,andthusconfirmsour hypothesis.

Identical calculations based upon stricter and even less strict
trend definitions produce similar secondary distributions, see ap-
pendix 9°

Significanceand confidence

The empirical approximations to the mathematical distributions
may be tested for significance and confidence according to the
Kolmogorov-Smirnov criteria. This is done for the N=2 case (the
traditional trend definition)

° It was expected that the trend effect would manifest itself in the statistic
frequencies of prices. This has been confirmed, and with unexpected clar-
ity. Itwasnot, however, equally expected thatthis confirmation appearsin
the form of a separate lognormal distribution. The “systematic elements”
that cause the deviation from the “pure” distribution are themselves a sto-



Thetestis based upon the maximum deviation that may be found
in an empirical sample value and the corresponding value of a
mathematical distribution F(x):

9) D, =sup|F(x)- S, (X)|
wheren is the size of the sample, and S,(X) is the empirical dis-
tributionof the sample.

As S, (x) is a function of a random sample, D, is a stochastic
variable. Suppose now that D, is known. It will then be possi-
bleto finda value Dy suchthat:

10) P(D, £D¢)=1- a

where o is the level of significance. This means that we have a
probability equal to (1- a) that the critical value Dy is equal to

or greater than D,. Critical values Dy have been computed as
functionsofnanda .

Fromthe definitionof D, followsthat:

1-a = P{sup|F(x)- S, (X)|£DS
P x ?
=P(F(X)- S,()[£Dy) forallx
11) =P(S,(x)- DY £EF(X)E£S,(x)+Dy) forallx

The latter equation shows that we have a probability (1-a) that
the unknown probability function F(x) lies within the interval
(S,(x)- Dy) and (S,(x)+D;). The breadth of this interval is a

measure forthe precisionwith which S,(x) estimates F(x).

A similar confidence interval can also be used to test the hy-
pothesis:

12) H, : F(x) = F,(x)

where F,(X) is some specified mathematical distribution function.

s = 7.\ a- - . . [ - . S



it is rejected (Hoel, Port & Allen 1971, p. 169). The Kol-
mogorov-Smirnovtest is performed for computed values of B, al-
ternative N=2, appendix 8, accordingto my hypothesis.

The hypothesis may now be formulated as the predication that
Sps(®) is an estimate of the lognormal distributions

F_(b|0,6098:11130) and F, (b|0,3507:0,7141), appendix 8. The first
functionis validforb valuesupto b=0,9 (the secondary distribu-

tion). Thesecond function (the primary distribution) is valid for
b valuesfromb= 0,9andup, seeappendix 8.

Computations of b for all ki values accordingto equation 6) and

and sorted on increasing b are recorded in column L. Corre-
sponding |F(b)- S,(b)| differencesare recordedin columnM.

The same differencesare sorted in falling order in columnP. The
largest differences are 0,0560, 0,0558 and 0,0540 for k;, i equal
108,419 and 210 respectively. Consequently we have a maximum
difference D, =0,0560

The critical valuesare computed according to:

13) D

_ t
Jn+012+ 0’%

where n total number of events (=428-N), and t is a function of
o, with values 1,628, 1,358 and 1,224 for a =0,01 - a =0,05 and

a =010 respectively, according to Bickel & Docksum (2001, p.
220). Thatgivesus the followingcritical values:

Dy =0,0784
D&Y =0,0654
D% =0,0589

This means that with D, =0,0560 the hypothesisis accepted on

all given significance levels. Appendix 10 shows confidence lim-
its fora =0,01 and @ =010 accordingto equation 11)%.

"' Because of the construction of the test. confidence limits are snprawlina at



The conclusionis that our empirical B distributions are valid es-
timates of the FL(b|u,0) distributions, appendix 8, on 10%, 5%-

and 1% levels of significance. It is thus strongly probable that
the investigatedtrend doesin fact exist, and that it materially in-
fluencesprices.

Reflections

The core of the matter, as illustrated in appendix 8, is that we
have a dual distribution, implying that prices are emerging from
two different populations; one due to the effect of the trend, and
the otherto the random price variations.

In a wider perspective this duality may have interesting implica-
tions. Are we approaching the resolution of an old inconsis-
tency? It goes far back in time, to the beginning of the last cen-
tury:

-On one hand we have Louis Bachelier and his postulate
that “the mathematical expectation of the speculator is zero”,
brilliant in its simplicity and the foundation of the “random
walk” hypothesis.

-Onthe other hand we have Charles Dow with “Dow the-
ory” andthetrendconcept.

These two concepts are in apparent contradiction, and have gen-
erated a controversy that has persisted to this day. But if we
have two different populations, and two different probability dis-
tributions, Bachelier and Dow might both be right. Maybe we
couldseeanendto “the hundredyearswar” betweenthe two?

Annendixec



Appendix 1

Appendix 2

Appendix 3

Appendix 4

Appendix 5

Appendix 6

Appendix 7

Appendix 8

Appendix 9

Appendix 10

Volvo B, “high-low-close” monthly price chart,
from and including January 1984 to and including
October 2001.

Computationof projected prices (Ink;). Geometric
illustration.

Normal distribution, graphical test of raw price
data (k) accordingto appendix 1.

Lognormal distribution, graphical test of raw price
data (Ink) accordingto appendix 1.

Lognormal distribution, graphical test of projected
prices (Ink;) according to the data appendix, col-

umn F.

Histogram of projected prices (Ink;), points 1 to

428 ("the step curve”), according to column F, the
dataappendix.

Histogram of projected prices (Ink; ), points 201 to

300 (“the step curve”), according to column F, the
dataappendix.

The lognormal distribution, test of computed cu-
mulative expected number of points per interval,
N=2,accordingto columnL inthe dataappendix.

Alternative Trendline Definitions

Confidence intervals for the Kolmogorov-Smirnov-
test, significance levels a =0,01 and a =010, N=2.
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Data Appendix
Column Definitions

(Actual tablesin separate file Volvo-casestudy-data.pdf)

Column A

Column B
ColumncC

ColumnD
ColumnE

ColumnF

ColumnG

Column |
Columnl
Column K

ColumnL

Column M

ColumnN

I IS IRy o\

Sorted accordingto projected price

Cumulative frequency for projected prices
(Ink;, column F). Alsousedto identifyeach

separate point.
Numberof month, accordingto appendix 1.
Price (K), i.e. the extreme values ("high” or
"low”) perpermonth, accordingto appendix 1.
Pricesin logarithmic form (InK)

Cumulative relative frequencies for projected
prices (K*)in percent(=100%*(kol.A)/428
Projected price in logarithmic form an* ac-
cordingto equation2).

Projected price Q< =eXank*»

Column HExpected number of points (b) per
interval and N=2 accordingto equation 6)

Sorted according to expected number of
pointsperinterval (b), kolumn L.

Point number (as column A, but in a different
order)

Cumulative frequency for b (simple serial num-
ber).

Cumulative relative frequency for b in percent
(=100%*(kol.J)/426)

Expected number of points (b) per interval,
N=2, According to equation 6 (Same as column
H, butinorderofincreasingvalue).
Cumulative relative expected number of points
(b) per interval in percent, according to equa-
tion 7 (With uw=0,6098 and o =11130 up to
b=0,90

and with u =0,3507 and o =0,7141 for b=0,90

andup.. Seeappendix8).
"The Kolmogorov-Smirnov-difference” in deci-
mal percent (Equal to the absolute difference
betweencolumns K and M)

Sorted according to the “Kolmogorov-
Smirnov difference”, column N, in falling
order



falling order.



