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T
he R

andom
 W

alk H
ypothesis

C
urrent

N
ext period

Stock price is an unbiased 
estim

ate of the value of the 
stock.

Inform
ation

P
rice 

A
ssessm

ent

Im
plications for 

Investors
N

o approach or m
odel w

ill allow
 us to 

identif y under or over valued assets.

N
ew

 inform
ation com

es out about the 
firm

. 
A

ll inform
ation about the firm

 is 
publicly available and traded on.

T
he price changes in accordance w

ith the 
inform

ation. If it contains good (bad) 
new

s, relative to expectations, the stock 
price w

ill increase (decrease).

R
eflecting the 50/50 chance of the new

s 
being good or bad, there is an equal 
probability of a price increase and a price 
decrease.

M
arket 

E
xpectations

Investors form
 unbiased 

expectations about the 
future

Since expectations are unbiased, 
there is a 50%

 chance of good or 
bad new

s.
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T
he B

asis for P
rice P

atterns

1.
Investors are not alw

ays rational in the w
ay they set expectations.

T
hese irrationalities m

ay lead to expectations being set too low
 for

som
e assets at som

e tim
es and too high for other assets at other tim

es.
T

hus, the next piece of inform
ation is m

ore likely to contain good
new

s for the first asset and bad new
s for the second.

2.
Price changes them

selves m
ay provide inform

ation to m
arkets. T

hus,
the fact that a stock has gone up strongly the last four days m

ay be
view

ed as good new
s by investors, m

aking it m
ore likely that the price

w
ill go up today then dow

n.
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T
he E

m
pirical E

vidence on P
rice P

atterns

Investors have used price charts and price patterns as tools for
predicting future price m

ovem
ents for as long as there have been

financial m
arkets.

T
he first studies of m

arket efficiency focused on the relationship
betw

een price changes over tim
e, to see if in fact such predictions

w
ere feasible.

E
vidence can be classified into tw

o classes
•

studies that focus on short-term
 (intraday, daily and w

eekly price
m

ovem
ents) price behavior and

research that exam
ines long-term

 (annual and five-year returns) price
m

ovem
ents.
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I. S
erial correlation

Serial correlation m
easures the correlation betw

een price changes
in consecutive tim

e periods
M

easure of how
 m

uch price change in any period depends upon price
change over prior tim

e period.
0: im

ply that price changes in consecutive tim
e periods are

uncorrelated w
ith each other

 >0: evidence of price m
om

entum
 in m

arkets
 <0: E

vidence of price reversals
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S
erial C

orrelation and E
xcess R

eturns

From
 view

point of investm
ent strategy, serial correlations can be

exploited
 to earn excess returns.

•
A

 positive serial correlation
 w

ould be exploited by a strategy of buying
after periods w

ith positive returns and selling after periods w
ith negative

returns.

•
A

 negative serial correlation
 w

ould suggest a strategy of buying after
periods w

ith negative returns and selling after periods w
ith positive

returns.

•
T

he correlations m
ust be large enough

 for investors to generate profits to
cover transactions costs.
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S
erial C

orrelation in S
hort-period R

eturns

A
uthor

D
ata

V
ariables

T
im

e Interval
C

orrelation
K

endall &
 A

lexander(28
19 indices - U

K
price

1 w
eeks

0.131

2 w
eeks

0.134

4 w
eeks

0.006
M

oore (28)
30 com

panies - U
S

log prices
1 w

eek
-0.056

C
ootner (28)

45 com
panies U

S
log prices

1 w
eek

-0.047
Fam

a (46)
30 com

panies - U
S

log prices
1 day

0.026

4 days
-0.039

9 days
-0.053

K
ing (28)

63 com
panies - U

S
log prices

1 m
onth

0.018
N

iarchos (119)
15 com

panies - G
reece

log prices
1 m

onth
0.036

Praetz (128)
16 indices

 log prices
1 w

eek
0.000

20 com
panies

log prices
1 w

eek
-0.118

G
riffiths (73)

5 com
panies - U

K
prices

9 days
-0.026

1 m
onth

0.011
Jennergren (90)

15 com
panies - U

K
log prices

1 day
0.068

2 days
-0.070

5 days
-0.004

Jennergren &
 K

osvold (91)
30 com

panies -Sw
eden

log prices
1 day

0.102

3 days
-0.021

5 days
-0.016
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S
um

m
ary of F

indings

Serial correlations in m
ost m

arkets is sm
all. W

hile there m
ay be statistical

significance associated w
ith these correlations, it is unlikely that there is

enough correlation to generate excess returns.
T

he serial correlation in short period returns is also affected by price
m

easurem
ent issues and the m

arket m
icro-structure characteristics.

N
on-trading in som

e of the com
ponents of the index can create a carry-over

effect from
 the prior tim

e period, this can result in positive serial correlation
in the index returns.
T

he bid-ask spread
 creates a bias in the opposite direction, if transactions

prices are used to com
pute returns, since prices have a equal chance of ending

up at the bid or the ask price. T
he bounce that this induces in prices w

ill result
in negative serial correlations in returns.
B

id-A
sk Spread =

 -√2 (Serial C
ovariance in returns)

w
here the serial covariance in returns m

easures the covariance betw
een return

changes in consecutive tim
e periods.
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II. F
ilter R

ules

In a filter rule, an investor buys an investm
ent if the price rises X

%
from

 a previous low
 and holds the investm

ent until the price drops
X

%
 from

 a previous high
. T

he m
agnitude of the change (X

%
) that

triggers the trades can vary from
 filter rule to filter rule. w

ith sm
aller

changes resulting in m
ore transactions per period and higher

transactions costs.
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Illustration of F
ilter R

ule

B
uy

S
ell

U
p X

%

D
ow

n X
%

P
rice

T
im

e
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A
ssum

ptions underlying strategy

T
his strategy is based upon the assum

ption that price changes are
serially correlated

 and that there is price m
om

entum
, i.e., stocks

w
hich have gone up strongly in the past are m

ore likely to keep going
up than go dow

n.

T
he follow

ing table sum
m

arizes results from
 a study on returns,

before and after transactions costs, on a trading strategy based upon
filter rules ranging from

 0.5%
 to 20%

. ( A
 0.5%

 rule im
plies that a

stock is bought w
hen it rises 0.5%

 from
 a previous low

 and sold w
hen

it falls 0.5%
 from

 a prior high.)
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R
eturns on F

ilter R
ule S

trategies

V
alue of X

R
eturn w

ith 
R

eturn w
ith 

N
o of 

R
eturn 

Strategy
B

uy &
 H

old
T

rades
after costs

0.5%
11.5%

10.4%
12,514

-103.6%
1.0%

5.5%
10.3%

8,660
-74.9%

2.0%
0..2%

10.3%
4,764

-45.2%
3.0%

-1.7%
10.1%

2,994
-30.5%

4.0%
0.1%

10.1%
2,013

-19.5%
5.0%

-1.9%
10.0%

1,484
-16.6%

6.0%
1.3%

9.7%
1,071

-9.4%
8.0%

1.7%
9.6%

   653
-5.0%

10.0%
3.0%

9.6%
   435

-1.4%
12.0%

5.3%
9.4%

   289
2.3%

14.0%
3.9%

10.3%
   224

1.4%
16.0%

4.2%
10.3%

   172
2.3%

18.0%
3.6%

10.0%
   139

2.0%
20.0%

4.3%
9.8%

   110
3.0%
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R
esults of S

tudy

T
he only filter rule that beats the returns from

 the buy and hold
strategy is the 0.5%

 rule, but it does so before transactions costs.
T

his strategy creates 12,514 trades during the period w
hich generate

enough transactions costs to w
ipe out the principal invested by the

investor.

W
hile this test is dated, it also illustrates a basic problem

 w
ith

strategies that require frequent short term
 trading. E

ven though
these strategies m

ay earn excess returns prior to transactions costs,
adjusting for these costs can w

ipe out the excess returns.
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III. R
elative S

trength R
ules

A
 variant on the filter rule is the relative strength m

easure, w
hich

relates recent prices on stocks or other investm
ents to either average

prices over a specified period, say over six m
onths, or to the price at

the beginning of the period.

Stocks w
hich score high on the relative strength

 m
easure are

considered good investm
ents.

T
his investm

ent strategy is also based upon the assum
ption of price

m
om

entum
.
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IV
. R

uns T
ests

A
 runs test is a non-param

etric variation on the serial correlation
,

and it is based upon a count of the num
ber of runs, i.e., sequences of

price increases or decreases, in the price changes. T
hus, the follow

ing
price changes, w

here U
 is an increase and D

 a decrease w
ould result in

the follow
ing runs:

U
U

U
 D

D
 U

 D
D

D
 U

U
 D

D
 U

 D
 U

U
 D

D
 U

 D
D

 U
U

U
 D

D
 U

U
 D

 U
U

 D
T

here w
ere 18 runs in this price series of 33 periods.

T
he actual num

ber of runs in the price series is com
pared against

the num
ber that can be expected

 in a series of this length, assum
ing

that price changes are random
.

T
here are statistical tables that sum

m
arize the expected num

ber of
runs, assum

ing random
ness, in a series of any length.

•
 If the actual num

ber of runs is greater than the expected num
ber, there is

evidence of negative correlation
 in price changes.

•
If it is low

er, there is evidence of positive correlation
.
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S
tudies of P

rice R
uns

A
 study of price changes in the D

ow
 30 stocks, assum

ing daily, four-
day, nine-day and sixteen day return intervals provided the follow

ing
results -

D
ifferencing Interval

D
aily

Four-day
N

ine-day
Sixteen-day

A
ctual runs

735.1
175.7

74.6
41.6

E
xpected runs759.8

175.8
75.3

41.7

B
ased upon these results, there is evidence of positive correlation in

daily returns but no evidence of deviations from
 norm

ality for longer
return intervals.

L
ong strings of positive and negative changes are, by them

selves,
insufficient evidence that m

arkets are not random
, since such

behavior is consistent w
ith price changes follow

ing a random
 w

alk. It
is the recurrence of these strings that can be view

ed as evidence
against random

ness in price behavior.
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Long T
erm

 S
erial C

orrelation

In contrast to the studies of short term
 correlation, there is evidence of

strong correlation in long term
 returns.

W
hen long term

 is defined as m
onths, there is positive correlation - a

m
om

entum
 effect.

W
hen long term

 is defined as years, there is negative correlation -
reversal in prices. T

he effect is m
uch stronger for sm

aller com
panies.
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E
vidence of long term

 correlation

Sm
allest

2
3

4
5

6
7

8
9

L
argest

1-year

5-year

-0.60

-0.50

-0.40

-0.30

-0.20

-0.10

0.00
Correlation in returns

M
arket V

alue C
lass

F
igure 7.2: O

ne year and F
ive year C

orrelations: M
arket V

alue C
lass: 1941- 1985
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S
easonal and T

em
poral E

ffects on P
rices

E
m

pirical studies indicate a variety of seasonal and tem
poral

irregularities in stock prices. A
m

ong them
 are:

•
T

he January E
ffect: Stocks, on average, tend to do m

uch better in January
than in any other m

onth of the year.

•
T

he W
eekend E

ffect: Stocks, on average, seem
 to do m

uch w
orse on

M
ondays than on any other day of the w

eek.

•
T

he M
id-day Sw

oon: Stocks, on average, tend to do m
uch w

orse in the
m

iddle of the trading day than at the beginning and end of the day.

W
hile these em

pirical irregularities provide for interesting
conversation, it is not clear that any of them

 can be exploited to
earn excess returns.
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A
.T

he January E
ffect

Studies of returns in the U
nited States and other m

ajor financial
m

arkets consistently reveal strong differences in return behavior across
the m

onths of the year.

R
eturns in January are significantly higher than returns in any

other m
onth of the year. T

his phenom
enon is called the year-end or

January effect, and it can be traced to the first tw
o w

eeks in January.

T
he January effect is m

uch m
ore accentuated for sm

all firm
s than

for larger firm
s, and roughly half of the sm

all firm
 prem

ium
, described

in the prior section, is earned in the first tw
o days of January.
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R
eturns in January

-1.00%

-0.50%

0.00%

0.50%

1.00%

1.50%

2.00%

2.50%

3.00%

3.50%

4.00%

Average Monthly Return

January
M

arch
M

ay
July

Septem
ber

N
ovem

ber
M

onth

F
igure 7.3: R

eturns by M
onth of the year - 1927 - 2001
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E
xplanations for the January E

ffect

A
 num

ber of explanations have been advanced for the January effect,
but few

 hold up to serious scrutiny.
•

T
ax loss selling by investors at the end of the year on stocks w

hich have
'lost m

oney' to capture the capital gain, driving prices dow
n, presum

ably
below

 true value, in D
ecem

ber, and a buying back of the sam
e stocks in

January, resulting in the high returns.Since w
ash sales rules w

ould prevent
an investor from

 selling and buying back the sam
e stock w

ithin 45 days,
there has to be som

e substitution am
ong the stocks. T

hus investor 1 sells
stock A

 and investor 2 sells stock B
, but w

hen it com
es tim

e to buy back
the stock, investor 1 buys stock B

 and investor 2 buys stock A
.

•
A

 second rationale is that the January effect is related to institutional
trading behavior around the turn of the years. It has been noted, for
instance, that ratio of buys to sells for institutions drops significantly
below

 average in the days before the turn of the year and picks to above
average in the m

onths that follow
.
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T
he S

ize E
ffect in January

Sm
allest

2
3

4
L

argest

Safest

2

3

R
iskiest

0.00%

2.00%

4.00%

6.00%

8.00%

10.00%

12.00%
Return in January

Size C
lass

R
isk C

lass

F
igure 7.4: R

eturns in January by Size and R
isk C

lass
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Institutional B
uying/S

elling around Y
ear-end
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R
eturns in January vs O

ther M
onths - M

ajor
F

inancial M
arkets

Australia

Austria

Belgium

Canada

Denmark

France

Germany

Italy

Japan

Netherlands

Norway

Singapore

Spain

Sweden

Switzerland

United Kingdom

United States

O
ther M

onths

0.00%

0.50%

1.00%

1.50%

2.00%

2.50%

3.00%

3.50%

4.00%

4.50%
Average Monthly Return

F
igure 7.5: T

he International January E
ffect
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B
. T

he W
eekend E

ffect

T
he w

eekend effect is another phenom
enon that has persisted over

long periods and over a num
ber of international m

arkets. It refers to
the differences in returns betw

een M
ondays and other days of the

w
eek.

O
ver the years, returns on M

ondays have been consistently low
er than

returns on other days of the w
eek.
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R
eturns by W

eekday

F
igure 7.6: R

eturns by D
ay of the W

eek - 1927-2001

-0.15%

-0.10%

-0.05%

0.00%

0.05%

0.10%

0.15%

M
onday

T
uesday

W
ednesday

T
hursday

Friday

D
ay of the W

eek

Average Daily Return

42%

44%

46%

48%

50%

52%

54%

56%

% of Days with positive returns

A
verage D

aily R
eturn

Percent of days w
ith negative returns
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T
he W

eekend E
ffect: E

xplanations

First, the M
onday effect is really a w

eekend effect since the bulk of
the negative returns is m

anifested in the F
riday close to M

onday
open returns. T

he returns from
 intraday returns on M

onday are not
the culprits in creating the negative returns.

Second, the M
onday effect is w

orse for sm
all stocks than for larger

stocks.
T

hird, the M
onday effect is no w

orse follow
ing three-day w

eekends
than tw

o-day w
eekends.

T
here are som

e w
ho have argued that the w

eekend effect is the result
of bad new

s being revealed after the close of trading on Friday and
during the w

eekend. E
ven if this w

ere a w
idespread phenom

enon, the
return behavior w

ould be inconsistent w
ith a rational m

arket, since
rational investors w

ould build in the expectation of the bad new
s over

the w
eekend into the price before the w

eekend, leading to an
elim

ination of the w
eekend effect.
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T
he W

eekend E
ffect in International M

arkets

F
igure 7.7: W

eekend E
ffect in International M

arkets

-0.20%

-0.10%

0.00%

0.10%

0.20%

0.30%

0.40%

Australia

Hong Kong

Canada

Japan

France

Malaysia

Phillipines

Singapore

United
Kingdom

United
States

M
onday

R
est of the W

eek
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F
urther N

otes on the W
eekend E

ffect

T
he presence of a strong w

eekend effect in Japan
, w

hich allow
ed

Saturday trading for a portion of the period studies here indicates that
there m

ight be a m
ore direct reason for negative returns on M

ondays
than bad inform

ation over the w
eekend.

A
s a final note, the negative returns on M

ondays cannot be just
attributed

 to the absence of trading over the w
eekend. T

he returns
on days follow

ing trading holidays, in general, are characterized by
positive, not negative, returns.
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T
he H

oliday E
ffect: Is there one?

-0.05%

0.00%

0.05%

0.10%

0.15%

0.20%

0.25%

0.30%

0.35%

0.40%

Average return on day after

A
ll holidays

C
hristm

as
T

hanksgiving
L

abor D
ay

Fourth of July
M

em
orial D

ay
G

ood Friday
President's

D
ay

N
ew

 Y
ear's

D
ay

H
oliday

F
igure 7.8: R

eturn on first trading day after
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V
olum

e and P
rice: T

he E
vidence

L
ow

 V
olum

e
A

verage V
olum

e
H

igh V
olum

e

L
osers A

verage

W
inners

0.00%

0.20%

0.40%

0.60%

0.80%

1.00%

1.20%

1.40%

1.60%

1.80%

Average Monthly return in following 6 months F
igure 7.9: V

olum
e and P

rice Intreaction- N
Y

SE
 and A

M
E

X
 stocks - 1965-95

S
ource: L

ee and Sw
am

inathan



A
sw

ath D
am

odaran
33

F
oundations of T

echnical A
nalysis: W

hat are
the assum

ptions?

(1) P
rice is determ

ined solely by the interaction of supply &
 dem

and
(2) Supply and dem

and are governed by num
erous factors both

rational and irrational. T
he m

arket continually and autom
atically

w
eighs all these factors. (A

 random
 w

alker w
ould have no qualm

s
about this assum

ption either. H
e w

ould point out that any irrational
factors are just as likely to be one side of the m

arket as on the other.)

(3) D
isregarding m

inor fluctuations in the m
arket, stock prices tend

to m
ove in trends w

hich persist for an appreciable length of tim
e. (

R
andom

 w
alker w

ould disagree w
ith this statem

ent. For any trend to
persist there has to be som

e collective  'irrationality')

(4) C
hanges in trend are caused by shifts in dem

and and supply.
T

hese shifts no m
atter w

hy they occur, can be detected sooner or
later in the action of the m

arket itself. (In the financial econom
ist's

view
 the m

arket (through the price) w
ill instantaneously reflect any

shifts in the dem
and and supply.
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O
n w

hy technical analysts think it is futile to
estim

ate intrinsic values

"It is futile to assign an intrinsic value to a stock certificate. O
ne share

of U
S Steel , for exam

ple, w
as w

orth $261 in the early fall of 1929, but
you could buy it for only $22 in June 1932. B

y M
arch 1937 it w

as
selling for $126 and just one year later for $38. ... T

his sort of thing,
this w

ide deivergence betw
een presum

ed value and intrinsic value, is
not the exception; it is the rule; it is going on all the tim

e. T
he fact is

that the real value of U
S Steel is determ

ined at any give tim
e

solely, definitely and inexorably by supply and dem
and, w

hich are
accurately reflected in the transactions consum

m
ated on the floor

of the exchange.” (From
 M

agee on T
echnical A

nalysis)



A
sw

ath D
am

odaran
35

T
he C

ounter R
esponse

O
f course, the statistics w

hich the fundam
entalists study play a part in

the supply and dem
and equation- that is freely adm

itted. B
ut there are

m
any other factors affecting it. T

he m
arket price reflects not only the

differing fears and guesses and m
oods, rational and irrational, of

hundreds of potential buyers and sellers.. as w
ell as their needs

and resources- in total, factors w
hich defy analysis and for w

hich no
statistics are obtainable but w

hich nevertheless are all synthesized,
w

eighted and finally expressed in the one precise figure at w
hich a

buyer and seller get together and m
ake a deal. T

his is the only figure
that counts.
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A
re investors rational?

H
istorians w

ho have exam
ined the behavior of financial m

arkets over
tim

e have challenged the assum
ption of rationality that underlies

m
uch of efficient m

arket theory.

T
hey point out to the frequency w

ith speculative bubbles have
form

ed in financial m
arkers, as investors buy into fads or get-rich-

quick schem
es, and the crashes w

ith these bubbles have ended, and
suggest that there is nothing to prevent the recurrence of this
phenom

enon in today's financial m
arkets. T

here is som
e evidence in

the literature of irrationality on the part of m
arket players.
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A
 S

obering T
hought for B

elievers in R
ationality
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a. E
xperim

ental S
tudies of R

ationality

W
hile m

ost experim
ental studies suggest that traders are rational,

there are som
e exam

ples of irrational behavior in som
e of these

studies.

O
ne such study w

as done at the U
niversity of A

rizona. In an
experim

ental study, traders w
ere told that a payout w

ould be declared
after each trading day, determ

ined random
ly from

 four possibilities -
zero, eight, 28 or 60 cents. T

he average payout w
as 24 cents. T

hus
the share's expected value on the first trading day of a fifteen day
experim

ent w
as $3.60 (24*15), the second day w

as $3.36 .... T
he

traders w
ere allow

ed to trade each day. T
he results of 60 such

experim
ents is sum

m
arized in the follow

ing graph.
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T
rading P

rice by T
rading D

ay
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R
esults of E

xperim
ental S

tudy

T
here is clear evidence here of a 'speculative bubble' form

ing during
periods 3 to 5, w

here prices exceed expected values significantly,

T
he bubble ultim

ately bursts, and prices approach expected value by
the end of the period.

If this is feasible in a sim
ple m

arket, w
here every investor obtains the

sam
e inform

ation, it is clearly feasible in real financial m
arkets,

w
here there is m

uch m
ore differential inform

ation and m
uch greater

uncertainty about expected value.

Som
e of the experim

ents w
ere run w

ith students, and som
e w

ith
T

ucson businessm
en

, w
ith 'real w

orld' experience. T
he results w

ere
sim

ilar for both groups.

Furtherm
ore, w

hen price curbs of 15 cents w
ere introduced, the

boom
s lasted even longer because traders knew

 that prices w
ould not

fall by m
ore than 15 cents in a period. T

hus, the notion that price lim
its

can control speculative bubbles seem
s m

isguided.
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b. A
 R

eal B
ubble?

F
igure 7.11: P

rice of a T
ulip B

ulb (Sw
itser) - January - F

ebruary 1637
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W
hat about this bubble?

F
igure 7.12: T

he T
ech B

oom
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O
r this one?

F
igure 7.13: G

old P
rices: 1970-86
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I. M
arkets overreact: T

he C
ontrarian Indicators

B
asis: R

esearch in experim
ental psychology suggests that people tend to

overreact to unexpected and dram
atic new

s events. In revising their
beliefs, individuals tend to overw

eight recent inform
ation and

underw
eight prior data.

E
m

pirical evidence: If m
arkets overreact then

(1) E
xtrem

e m
ovem

ents in stock prices w
ill be follow

ed by subsequent
price m

ovem
ents in the opposite direction.

(2) T
he m

ore extrem
e the price adjustm

ent, the greater w
ill be the

subsequent adjustm
ent
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E
vidence that M

arkets O
verreact
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Issues in U
sing C

ontrarian Indicators

(1) W
hy, if this is true, is is that contrarian investors are so few

 in num
ber

or m
arket pow

er that the overreaction to new
 inform

ation is allow
ed to

continue for so long?

(2) In w
hat sense does this phenom

enon justify th accusation that the
m

arket is inefficient?

(3) Is the m
arket m

ore efficient about incorporating som
e types of

inform
ation than others?
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T
echnical trading rules: C

ontrarian O
pinion

1. O
dd-lot trading: T

he odd-lot rule gives us an indication of w
hat the

m
an on the street thinks about the stock (A

s he gets m
ore enthusiastic

about a stock this ratio w
ill increase).

2. M
utual Fund C

ash positions: H
istorically, the argum

ent goes, m
utual

fund cash positions have been greatest at the bottom
 of a bear m

arket
and low

est at the peak of a bull m
arket. H

ence investing against this
statistic m

ay be profitable.

3. Investm
ent A

dvisory opinion: T
his is the ratio of advisory services that

are bearish. W
hen this ratio reaches the threshold (eg 60%

) the
contrarian starts buying.
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II. D
etecting shifts in D

em
and &

 S
upply: T

he
Lessons in P

rice P
atterns
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1. B
readth of the m

arket

M
easure: T

his is a m
easure of the num

ber of stocks in the m
arket w

hich
have advanced relative to those that have declined. T

he broader the
m

arket, the stronger the dem
and.

R
elated m

easures:

(1) D
ivergence betw

een different m
arket indices (D

ow
 30 vs N

Y
SE

com
posite)

(2) A
dvance/D

ecline lines
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2. S
upport and R

esistance Lines

A
 com

m
on explanation given by technicians for m

arket m
ovem

ents is that
m

arkets have support and resistance lines. If either is broken, the
m

arket is poised for a m
ajor m

ove.
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P
ossible R

ationale

(1) Institutional buy/sell program
s w

hich can be triggered by
breakthrough of certain w

ell defined price levels (eg. D
ow

 1300)

(2) Self fulfilling prophecies: M
oney m

anagers use technical analysis for
w

indow
 dressing.
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3. M
oving A

verages

A
 num

ber of indicators are built on looking at m
oving averages of

stock prices over tim
e. A

 m
oving average line sm

ooths out fluctuations
and enables the chartist to see trends in the stock price. H

ow
 that trend

is interpreted then depends upon the chartist.
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4. V
olum

e Indicators

Som
e technical analysts believe that there is inform

ation about future
price changes in trading volum

e shifts.
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5. P
oint and F

igure C
harts
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III. M
arket learn slow

ly: T
he M

om
entum

Investors

B
asis: T

he argum
ent here is that m

arkets learn slow
ly. T

hus, investors
w

ho are a little quicker than the m
arket in assim

ilating and
understanding inform

ation w
ill earn excess returns. In addition, if

m
arkets learn slow

ly, there w
ill be price drifts (i.e., prices w

ill m
ove

up or dow
n over extended periods) and technical analysis can detect

these drifts and take advantage of them
.

T
he E

vidence: T
here is evidence, albeit m

ild, that prices do drift after
significant new

s announcem
ents. For instance, follow

ing up on price
changes after large earnings surprises provides the follow

ing evidence.
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P
rice D

rifts after E
arnings A

nnouncem
ents

N
ote the price drift, especially after the m

ost extrem
e earnings

announcem
ents.
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M
om

entum
 Indicators

R
elative Strength: T

he relative strength of a stock is the ratio of its
current price to its average over a longer period (eg. six m

onths). T
he

rule suggests buying stocks w
hich have the highest relative strength

(w
hich w

ill also be the stocks that have gone up the m
ost in that

period).

T
rend L

ines: Y
ou look past the day-to-day m

ovem
ents in stock prices

at the underlying long-term
 trends. T

he sim
plest m

easure of trend is a
trend line.
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IV
. F

ollow
ing the S

m
art Investors: T

he
F

ollow
ers

T
his approach is the flip side of the contrarian approach. Instead of

assum
ing that investors, on average, are likely to be be w

rong, you
assum

e that they are right.

T
o m

ake this assum
ption m

ore palatable, you do not look at all
investors but only at the sm

artest investors, w
ho presum

ably know
m

ore than the rest of us.
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Insider B
uying and S

elling

Y
ou can look up stocks w

here insider buying or selling has increased
the m

ost.

T
he ratio of insider buying to selling is often tracked for stocks w

ith
the idea that insiders w

ho are buying m
ust have positive inform

ation
about a stock w

hereas insiders w
ho are selling are likely to have

negative inform
ation.
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S
pecialist S

hort S
ales

T
he assum

ption is that specialists have m
ore inform

ation about future
price m

ovem
ents than other investors. C

onsequently, w
hen they sell

short, they m
ust know

 that the stock is overvalued.

Investors w
ho use this indicator w

ill often sell stocks w
hen specialists

do, and buy w
hen they do.
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V
. M

arkets are controlled by external forces:
T

he M
ystics

T
he E

lliot W
ave: E

lliot's theory is that the m
arket m

oves in w
aves of

various sizes, from
 those encom

passing only individual trades to those
lasting centuries, perhaps longer. "B

y classifying these w
aves and

counting the various classifications it is possible to determ
ine the

relative positions of the m
arket at all tim

es". "T
here can be no bull of

bear m
arkets of one, seven or nine w

aves, for exam
ple.

T
he D

ow
 T

heory:" T
he m

arket is alw
ays considered as having three

m
ovem

ents, all going at the sam
e tim

e. T
he first is the narrow

m
ovem

ent (daily fluctuations) from
 day to day. T

he second is the short
sw

ing (secondary m
ovem

ents) running from
 tw

o w
eeks to a m

onth and
the third is the m

ain m
ovem

ent (prim
ary trends) covering at least four

years in its duration.
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T
he E

lliott W
ave
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T
he D

ow
 T

heory

U
pw

ard 
prim

ary trend
D

ow
nw

ard 
prim

ary trend
U

pw
ard 

prim
ary trend

Secondary 
m

ovem
ents

T
im

e
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D
eterm

inants of S
uccess at T

echnical A
nalysis

•
If you decide to use a charting pattern or technical indicator, you need to be
aw

are of the investor behavior that gives rise to its success. Y
ou can m

odify or
abandon the indicator if the underlying behavior changes.

•
It is im

portant that you back-test your indicator to ensure that it delivers the
returns that are prom

ised. In running these tests, you should pay particular
attention to the volatility in perform

ance over tim
e and how

 sensitive the
returns are to holding periods.

•
T

he excess returns on m
any of the strategies that w

e described in this chapter
seem

 to depend upon tim
ely trading. In other w

ords, to succeed at som
e of

these strategies, you m
ay need to m

onitor prices continuously, looking for the
patterns that w

ould trigger trading.
•

B
uilding on the them

e of tim
e horizons, success at charting can be very

sensitive to how
 long you hold an investm

ent.
•

T
he strategies that com

e from
 technical indicators are generally short-term

strategies that require frequent and tim
ely trading. N

ot surprisingly, these
strategies also generate large trading costs that can very quickly eat into any
excess returns you m

ay have.


