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This paper teété«the seﬁi—sﬁrong form of the Efficient .
Market Hypothesis (EMH) using the daily return series of the

value-weighted Standard and Poor 500 Index (SP500 series). If

the SP500 series is efficient ‘in its%éemifstrOng form, its o

=

. series values cannot be forecasted by the use .of any "publicly.

available sgeries. Thf%'rmeéns' that, at any time t, the SP500
series has fully and instantaneously adjusted to" information
embedded in "all"™ series which are publicly available af that

time.

In testing the null hypothesis of inability to forecast the

SP500 series, the 'Box-Jenkins Transfer Function (TF) approach is__

employed. .§§ecifically,' the pubficly availablejidaily return -~ -

- . - - . . - . - :Ei- ',i, I ,v', - [
series of the value-weighted New York and American Stock .

Exchange Combined Index (NYAM series) is ﬁsgd as input series .

for the TF in an attempt to.forecast‘ﬁhe output SPgoo-segies. In
addition, the martingale property ogéggék returdkis us;d'as>a
supplement to the TF in“§ééting thg EMH, Thé écggptance of the
mér;ingale hypothesis for the SP500 Series may ipdicate that the

Standard and Poor 500 Indexiis efficient.

‘>Our ~conclusion 1is that the semi-strong form efficiency of
the SP500 series is not rejected. The identification of a ;ero,
order TF with no input lead does not éllév éhe rejection of the
null hypothesis of “inability to forecast". The identificatiop

of a white noise process, with slight evidence of a Thursday
: ' iii : '
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effect, for the $P500 series leads to fhe rejection of the

i

martingalefﬁypotheﬁis.'Sincevthe fejectiéh-.bff thé”ﬁﬁartipgalg

R

hypothesis may not necessarily impiyfﬁhrket inefficiency;ﬁi;
- ' -

proviaﬁg us with consistent results to support our previous

concldsiqn; The 'semi-strong form of the EMH is not rejected,

however, it does not necessarily .imply its unambiguous

.

acceptance. -
-
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. Introduction

‘The Eff1c1ent Market Hypothe51s (hereafter, EMH), accord1ng “‘

to Fama 741970), cons1sts of three forms. These three forms of

e

EMH are conéééhéa with whether prlces fully reflect partlcuiari

subsets of avallable 1nformatlon. We §ammarxz cher s follows-‘
. Strong form. prxces will ~adjust’ ruliy and
| 1nstantaneously to all available
'fﬁformation}. e
" Semi-strong form: prices will adjust fully and
,instantaneously to all 'publicly'
» :evailable inrormatibh. |
" Weak ferm:,pricee will adjuSt fully according
: - to information on past prices.

The categorization of the EMH into weak, semi-strong and strong

form will serve the purpoee of allowing us to identifg the IeVelr |

of ihformatién subset at which the hypetheSie holds true. or:

breake down.

Previous tests have employed equilibrium models  as an
indication' of market efficiency.'Fama,‘Fisher, Jensen and Roll
(1969) used the Market Model ' in an attempt to ‘test . the

semi-strong form of EMH. sbecificalfg, they studied the

adjustment of stock returns ‘to information concerning stockv

splits by searching for unusual behavior of the Market HG?Ei‘; -

residuals of the split securities. They claimed that their

'For a descr1pt1on of the Market Model . see'eppendix A

;

N
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results were consistent with thé hypotheéis that the stock

 market is efficient in its seni-s}ronﬁ form. Pama (1965) tested

the veak form of market efficiency by employing the 'Cpnstantv

Bxpected Return Model? and concluded that the weak form of EMH

ig a reasonablé description of the world. Jaffe {1974) used the

two Parameters CapilaIFAsset Priciﬁgwnodei (CAPH) } to study the

returns on ingider trading in an attempt to test the strong form

of EMH. He concluded with the rejection of the strong form.

- Because of the employment of équiiibrium models, Famg
(f970) biaimgd that, a test of markétih;ificiency is) a
simultaneous'test of market equilibbiuq. Since,iany anémaious -
;videnccv regarding -market gfficienéy resulting from the use of

these models will violate the iﬁplicitly assumed equilibrium

- conditions and signal a disequilibrium market as well. Hofé0ver,

it is also a joint test of the hypbthesis, that the underlying

s . .
model employed by the test is not a valid description of the =~ =~

process for securities’ equilibrium expected return formation.

Y T ST e S -

IThe Constant Expected Return Model assumes that the expected
return from holding securities is constant over time. i.e.
E(Ry¢|®¢-1)=B(Rj) where E(R'tl’t-l) is the expected return of .
secOrity ) at tzne t given gn ormation at time t-1, E(R;) is the
expected return of security j which is a constant over 11 time
t. If the expected return on a security is constant, then any
serial correlation in past data on returns is an indication of
market failure. The hypothesis that expected returns are '
gonstant can also be written as follows: B{Ri.~K|s¢_|])=0 where
Rypis the sctual return of Security j at timé t, R is the :
agsulc§ constant expected return and #,., is the information set
availsble at time t-1., If this model correctly specifies the

- process that generated expected return, it reguires that the

difference between actual and expected returns be uncorrelated
with sny past information in order to achieve market efficiency.

. 1f this is not the case, it would be possible to exploit past

inforsation to earn economic profits,
JFor s description of Sharpe (1964)-Lintnen (1965) version of
the tvd Parameters Capital Asset Pricing Model, see Appendix B
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.Hence, when a particular test fails jto 3upport the EMH, the

°

& true vibiation of\maryet efficiency, poor assumptions about
the nature of market equilibrium and/or misspetificatioﬁ>6£ the

testing model.

7

" Grossman' {(1976:;1978) shows’that if informa:ionvis costly,
then markets cannot be informationally -efficient. In reality, T
*all® information cannot be costiessly available, it follow |
that, ﬁt ieast, the strong form of BHH.villis:eak down assumin
Grossman's view. Note that, it may also be’true that some public
information cannot be available in. a costless fashion. The cost
of. processing and manipulgting of public information in the
desired manner may well be non—tfivial.‘This leads us to suspect

the validity of the semi-strong form of EMH. We, thereby, focus

on the testing of the semi-strong form. , ,

s

This papefr proposes a test of the EMH by a transfer
function approach (hereafter, TF). We attempt to forecast - the
daily return series ofithe value:véightedVStandafd and Poor 500
Index (hereafter,SP500 sgries) by using the publicly available
daily return series of the value-weighted New York and American
Stock Exchange Combined Index (ﬁgﬁéafter, NYAM series)rps input
series to the TF. If the SP500 series is efficient in its
semi-strong form, its se}ies values cannot be forecasted by the
use of any publicly available series inczuding the N¥Aﬁfseries. N —
This ﬁeans'that,tat any time t, the SP500 series has ’fully and

instantaneously adjusted to information embedded in "all” series
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which are publicly available at that time. Since the TF is a

forecasting~model and does not assume equilibrium in  markets,

an independent test of market “efficiency capable
of rejecting EMH unambiguously. As a regu;t,fambiquity will®
h&t arise the TF fails to support»the EMH beé#use'thié
indicates ‘unambigﬁous~ viclation of market - efficiency. In
adéition,r a univariate time seri?s model is identified for the
SPSOO:series in order to testrtﬁé martihgaleAhypothesis‘of stock
return which ‘is used as a supplem;ntary test to the TF.
Samuelhon'é (1965) martingale property claims that if the stock
market is efjicient; fhin the rates of return on stock§ will
foliov a financial martingale --- i.e. that thewexpected‘rate of
return on stock conditional on past re#liiéd rates of return is
alwvays eqdal to its unconditional expectation which, in turn, is
a corstant.  Although the conclusion that can be Af&wn from the
financial martingale about market efficiency is rather wveak, it

provides us with implications about the TF results.

Like the methodclogies employed by previous tests of the
EMH, the T? is not—capablé ef-accepting any one of the three
forms of EMH unambiguously unless the corresponéing information
set is exhausted by the test. An explanation of this phenomenon,
an interpretation of the LeRoy (1973) and Ohlson (1977) papers
abcut the financial martingale, together with a description of
the ?recise relat;onship between the TF and marketbf{fficiency

vill be discussed in the 'Prbblem Statement™ section." A :eview

of some selected researches dealing with the veak, the

~semi-strong as well as the strong forms of EMH are highlighted




'in the ©®Literature Review"™ section. The "Research Statement"
section is concerned with the particuiar' methods, namely, the
Box-Jenkins TF procedures and the Intervention Model,'usedito

test the semi-strong form of EMH via the SP500 §eries. A

discussion of the data, their analysis and the results of our
research will be ~given in the "Procedure”™ and "Results"
sections. The "Conclusion” section gives the implications of our

finding.
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- - Problem statement

I1f traders have diverse information about the returns on
risky assets, then the competitive egquilibrium' prices will

aggregate their information., Grossman (1976) considers an

economy with one risky and one risk free asset where consumers

have constant absolutfe risk aversion utility functiens. It is

v

~shown that, in this economy where traders have diverse

ihformafion soufces, the equilibrium Erice prgdﬁces allocations
és if éachvtfader had all the econOmy‘s\iﬁformation, -i.e., tﬁg
equilibrium price will fully reflect all the economy's
information., This wés demonstrated for a market with two types.
of traders, "informed" and:funi;formed'. The'“infqrmea' tré@érs
obtain information ﬁbout the true | underlying probability
distribution whiéhﬁ generates a future price, based on this
information theg< take a pésitisn in the market. When all
"informed" traders take the same action, currentfmarke;&prices

are affected. The "uninformed” traders who do not collect the"

information know that current prices reflect the information of

bl

the "informed" traderé. By observing the current pri;Es,, they
can form a belief about a fgture price. GrossmanA(}978) obtains
similar xgsultsrwhén he extéﬁds his analysis by .considering an
economy with 'many. risky assets where no special assumption is

made about trader utility functions.

It follows that when information is costly and'the price

system still reveals all the information in the ceconomy, each
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trader can-do as well by just observing the mirket prices and

infofmation collectors - cannot earn a return on theif~,vﬁ
information. It, therefore, eliminates all private i.ncentive for ’ﬁl'gﬁ
infbr@atién gathering. If no one collectéxinformaffbn, the price -
system will convey no information and an} eqﬁiiibrium iwill not '
eiist, Grossman and Stiélitz (1976) argue that only markets with
noise® will exist in equilibfium when information is costly. The - -
market never fully adjusts. Prices névenniully reflécf all the
information possessed bj/ the informed individuals. The pr{cé
system can be maintained only when it is noisy enough so that
traders who colleé% information can hidevit from othér traders. .
Grossman and Stiglitz (1976) suggests that this caﬁital market
inefficiency existé in order to provide the revenue required to
pompenSaje‘thé informed for purchasing the information. Thus, it
is impossible to have an informationally efficient market in an
economy vhere iniofﬁatien is costly; Gnly . an imperﬁect
_ —
information equilibrium would exist.

Aésuming'Grossman's (1976;19755 view about. capital market
efficienéy, it follows that, at least, the strong'&ersion of the
EMH wiliAbreak down since, in reality, "all" ihformation ?annot

be costlessly available. It may also be true that some subsets

of publi¢ inEormation may not be free in a strict sense. The
COSt of précessing and manipulating these subsets‘ﬁf public
information may Vbe hon-trivial. ‘We, therefore, suspect the
validity of the semi-strong form of EMH. We are intefested to

® Market where prices are not perfect. aggregators of diverse
information
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see whether prices do in fact fully reflect all publicly
available informatjon énd, thereby, conduct a test on the

semi-strong form.

"Denote by I, II and 111 the strong fofp, semi-strong form
and weak form of BEMH respectively. Let éIr GIIvand 111 be
respectively the information get associated with I, II and‘inI.
Note that #6y71 ¢ 9§I c BI; We now offer the following comments
relating to any single test of L,Vor 11, or 1III, wusing some
components of information ih 61, or 677 or éIII'
al A test using some components of information in 6;-671 ° and

refecting I..does not ihply rejection of Iiggf I111.

b) A test using some components of information in 811-6£}I and
rejectingvrl does not imply rejectionrof IT1, but it does
imply rejection of 1I.

c)r A te;t using some components df information in fry; and
rejecting III implies rejection of I ana I1 as well,

d) If a test, using some components of inférmation in 61-611,
does not reject I, it does not prevent dother tests using
other gomponents of information in 67-6;7 from rejecting 1I.
Thus, accepting I reguires non-rejection of I based upon all
components of " 6;. It follows -that aécepting I implies
acceptance of I1I and III.

e) If a test,AQsiﬁg sqme'components of information in 671-6111,
does not reject Ii, it does not prevent other tests using .

other components of information in €;;-6;7; from rejecting

- - - - = ome m

*61-671 denotes information contained in 61 but not in f;; where -
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1I. Thus, accepting II requirfes nen-rejection of 11 based

[

upon all components of 8171. I; follows that accepting 11
implies acceptance of III; but it does not imply accepténée

of I, | | :
£) If a test, using some components of' information in 0111,
does not reject III1, it does not preve;; other tests usihg
| other components of information in 6117 from rejecting III.
Tﬁus,;aécepting III‘:equi;es non-rejection of III‘£ased upon
all c;mponents of 6177. Note that accepting 111 does not

imply acceptance of either II or I.

From condition'(d), (e) and (f), acceptanée of the Various
V'forms of EMH requires tkea ‘exhaustion of <theif associated
information sets. Previous researches can be singled out as
event studies (e.g. earnings announceménts, infori&tion contents
of stock split etc.) and do not satisfy conditions ‘(d) through -
{f£). It follows that non-rejection of'I, 11 or IIIkresulting
from previous tests do not lead to unambiguous acceptance of 1,
II or IIi. Conducting a research methodology that.is capable of
exhausting 6y, BII.or 61711 in the testing of I, 1II .o; 111
respectively will be difficult anaftiﬁely, if not impossible. It
folldws that a methodology that is capable of rejecting i, 11 or

IIT unambiguously would provide unambiguous implication about

market efficiency.’

4

Ball (1978) examines the evidence contained in 20 previous
studies regarding stock price reaction to earnings

announcemqus. He finds that the post-announcenment risk
b :
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’adjusted ‘abnormal returns are sysiematically non-zero in the

period following earnings announcements -in  a fashion
inconsistent with market efficiency. ‘Ball ‘offers several
explanations concerning these anomalies which - include i)
systematic experimental errbr, ii) market imperfections and iii)
- the failure of the two parameter CAPM, |

©

1. Systématic experiﬁental error

Ball (1978) suggests the following possible sources of
 systematic eiperimental error. |
a, Failure to collect the actual date of - securities
earnings announcements in the studies would result in
inciuding some  securities pré-announéement and
at-announcement excess return. This introduces Sias in
‘the directibh of the cited anomalyi However, he ‘argues .
that ‘'this bias is substantially smaller than the -
anomaly, and could not be the. source. | |
b. If securities' relative risks are not independent\ of
earning or dividend yields, then, risk cbntrolling would
be difficult when earninés vor dividend yields vary
across time or across securities. Ball suggests that it
is implausible for any systematic bias in estiﬁating
relative risks to cause large under-predictions of
securities’ average returns tb result in a largé eécess
return. - |
c. The effect of errors in estimating securities' relative.
risks, . which can arise from sémple variation in

securities returns or from wusing a mean-variance
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inefficient market portfolioi as a proxy for aggregate

wealth®. However, Ball argues that errors in estimating

'risks‘Cannot explain the large post-announcements‘excess

return. | |
Market imperfectionS"

One explanation of the anomaly is’ that the security

market 1s slow in adjustlng to earnings announcements since

.transactions cost 1nh1b1ts the market in the process of

restdtlng equ111br1um after earnlngs announcements. However,

#

Koo

market 1mperfectlon does not seem to be in 11ne with the
anomaly. If the slow market reaction is explained in terms
of trahsactions costs, the post-announcement excess return

should persist up to, but not beyond, the level of marginal

_transactions cost. The cross-sectional.variation. in excess

return is not consistent with this source of market
imperfectidn. o -
r . t

Failure of the two-parameters model

The observed anomalies of the 20 studies cited by Ball
(192&3 may be due to the failure of the tvo parameter CAPM
used 1in _those tests. The two parameter model when applied
to portfolios of cqmmon stools, misspecifies the process
generating securities' e;pected returns,and allows earnings

and dividends variables to proxy for the underlYing

: N /
determinants of eguilibrium expected returns. The market

portfolio proxy used in these experiments may not be.

o ———— —— —— -

%See Roll (1977) and the assumptlon embedded in the CAMP from
Appendix B
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mean-vgfiénce efficient or they do not pgpfgggn;wwthe “true
composition 6fAthe market poftfolio.’ 35117(1978)'coﬁsiders
the effect of omitted variqglgf in a model in which
securities’ expected retu_:ns~ are a function> of vﬁri?us
‘indepenéent parameters of their return 'distributions; The -
. earnings variables will have a tendency. to proxy for those
omitted variablgs (vhen they are“not iﬁdépendent ) and
explain the‘diffefénces in securities' rate ofAretUrn,whicb
are not predicted by the misspecified model used. 'Bﬁll
(1978) argues that the'misspeCificatidn of the model used in

previous studies is more ~consistent with the observed

anomalies than the-ofhe: two sources of errors.

‘Systematic experimental error and transactions costs can

explain the sign but not the magnitude of postannouncement

excess return. Failure of the two-parameter model is ‘consig;éﬁf o

with both the sign qnd magnitude of the observed anomalies (i.e.
earnings acting as ’a proxy _for gmitted variabie‘ orl_othéé
ﬁisspecification effects). Because a perfect modei;‘of the
determination of secufities’ equilibrium,e;pected returns is not
available, we cannot verify Ball's claims éirettly.‘Giving
alternative explanations of,tﬁe anomaly rather _than rejecting
the notion- of market efficiency Tdisplaysl a commonly held
allegiance within the finance cbﬁmunity to the EMH. n
Previous tests of the EMH hévefall,employed equilibrium

. * : _ ,
models of one form or another (the most widely used-model is the

’see Roll (1977), P148-157
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two parameters CAPQ) and a,mo&el that describe tﬁé process —of
secufities" equilibriumlv expécted ‘return férmatibb ‘maf be
aniisspecified It follows that prev1ous tests of EHH are actually
a joint tests of a) market efficiency, b) market equilibrium c)
'the,va11d1ty'of the model Vin‘ dete:m1n1ng assets' equilibrium
expected return _ formation. Any anomalous. evidence ‘regarding
(ﬁarket efficienCy*:esulting fr6m the use of these mbdels would
imély market imefficiency, market d1sequ111br1um and/or model
v-ﬁgéséeciffcatidn. Thué, prgﬁious tests cannot reject the éMH
unambiéuouglyQ Qoreover,' they cannot accept EMH free of

ambiguity (due to non-exhaustion of. the information set). A

methodology that is capable of rejecting the EMH has to be .

devised.

'We propose a test of-the semi-strong form of the EMH by a

transfer funct1on approach.- The TF is a fbredasting model and

"does not assume equ111br1um markets. If the TF fails to support
the EMH, it indicates an unambiguous v1olat;on of 1matket

efficiency independent of market equ111br1um., Note “that),

o

7 misspecification of the TF cannot be used to explain aromalous

results regarding'marketveffic{encyz The‘neéesSary:condition'to
rejectﬂthe EMH 1is one wheré the TF parameters afé highly
significanﬁ.b A highly significant TF parameier‘ suggests a
highér likelihood for a causal relationship.to exist between the

¥
input and the output series. Although the TP identified may not

be the best one ayailable, a causal relationship 1mp11es a

rejection of the as v1ll be seen later. Houever, 1f such a

- —— - ——— -~ ————
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‘test does not 'cbntradict the EMH, we facef the problem of

determlnlng vhether the market is truly eff1c1ent or whether the

test has failed to identify a~nelevant input series.

—

The TF has the following general form:

Ye=f (X, Xpp 000 Eng)*Ng - “(P1)
where Y. is the output series,
Znt is the nth publicly avaiable input
(or causor) series, ’ B
ﬁt is the noise component which requires

~an appropriate fitting of the ARIMA Model

to transform it into.white noise?®

The most commonly encountered TF for socio-economic time
series are the 0 and;?st order TF while higher order TF are rare
anqmge;égg_jdentifiea. For the 0 and 15t order TF, we write Egn.

R

(P2) and Egn.(P3) as follows: .

Yp=WoZe -p+N¢ (P2) F
where b denotes the no. of period(s) the 1nput
series X; is leading the output ser1es £

Wy is the 0O-order TF parameter.

Yt’Wo/(1‘51B) xtl-b"'Nt (P3)
where Wo&d; are the 15t order TF parameters.

 a white noise series a, consists of a series of random shocks,
each distributed normally 3nd independently about a zero mean
with constant varlsnce, a¢, i.e. E(ay) =0, E(a;,at+3)=0 for all
i#0 and E(ay)2= oa . '

W
]
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B is the backward shift operator. '°

4 -

.

: < L
| Egn. (P2) corresponds to a D-O;Ger TF‘thle Eqﬁat}oﬁ (93),;
cofrespands to a 15;;order TF. If b>Q; ihe ;odéls'postulatérthat”
ihe‘pgblicly available input'series leads the 6utput sérieé bj'bﬂ 47
days, which implies thaty,/at_ time t, i‘nbf»o’rniat;ion embedded in the'
input éeries ? days earliet has. a correlation with the output
- series. This, in turn;“vouid'impiy that there is a "possible”
transifion periods of“b_d;ys'for the output seri?s to refleég
publicly available information. As a resglt, the output series

wziij not be considered efficient in its semi-strong form.

HOQEVBffithe identification of a leading inpu£ sefies alone
‘cannot serve as a sufficient basis for the‘rejectiop o%'thé semi
strong form of ‘EHH because ' most socio—ecohbmié tiﬁevseries,
including the stock prices (or returns) series, i*exhibit
Vcorrelation between Series that is due to bther exogenous for?es;
Ain the e onomy rather than a causai Eelationship.; Hente,j a
leading series does not necessarily imply a causal relationshxb,:'
whereas, the s1gn1f1cance of the TF parameter: may indicate the
presence of a causal relat1onsh1p. Therefore, the condiiidn to
reject the semi-stro form of EMH is for W, inqun{ (P2) n;f to

equal zero (with statistical significance) and b21, '‘i.e., the

. '°The backward shift operator allows us to move backward in time
by applying it to a time series, such that, B{Y{)=Y;.,. This
expression does not mean "B multiplies Yt" but rat er means
that "B operates on Yy to shift it backward one point in time~
Hence, BM(¥.)= ¥ and BP"B®(Yy)=Yy_n_n. The backward shift

: operator obeys ail the laws of egponents that are routinely used
TT——inm polynomial algebra.
11in th1s case b is the set of positive 1nteger {1 2.000.4}
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input series leads the output series by at least 1 day.'?

. . However, failure to identify a relevant leading input series,
vhen one does exist, will result in W,=0 and/or b=0 for Eqn.
,.;“;;5492)., In such an event, it would still be incorrect to conclude

that the output series is efficient (semi -strong form).

In the case of 15t order TP (Egn. 93) the significance of
the W, parameter, '’ regardlesa ot, vhether the input s§;ies-
possesses a lead or not, will be ngd to reject the semi -gtroﬁg

’ tor# of EMH. Since the ist order TF indicates that the
information of the input series has an exponéntially decaying
effect -on tﬁc output series for all . future | peri;ds,
identification of a 15 order TF with highly significant wo
ﬁatancté: .(even though with no lead) suggests "a higher
likelihood for a causal relationship to exist, thus, it can be
used to reject the semi-strong form of EMH. To see this pp?qt
clearly, note 'fhit'!/(i-B‘B) is the convergence of an infinite
series (106130612§?+61’B30...), revritiné Eqn. (P3) using thig
-;;ct, and with b=0 (no lead), we have Egn. (P4):
Yy =W (148,B+5,2B2+. . )X +N, o (P4)
Since the back-shift operator, h,,obeys all the laws of

. exponents that are routinely used in polynomial algebra, Egn.

(P4) becoues aqn (PS):

. D - - e wh e N O ——

'¥Note that, significance of the W, paraaeter may be a
statistical aberration,i.e., there is alvays the chance of
making a Type ! error. Thus, the higher is the significance
level of the Wy parameter, the higher vou;d be the 11ke11hood
for a cqu:al relationship to exist,

t2 for a 1%t order TP, the & parameter must be sxgnxfxcant. 1t
this is not the tase, Bqn.(?%) vill be reduced to a 0-order TF
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VoW Xy 46 W Xe o *

52WoRe_o+...*Ny  (P5) o
‘It is clear from Eqn.l(PS) that, at time t, ptevioﬁs

values of the publicly available input series can be used to

forecast the current value of the output series. Thus, current

value of the outpuf series does not reflect all the ianrmation
- embedded in Vprevious values of the publicly available input
series, when the information set is 'increaéiﬁg tﬁfough. time,
i.e., Ip-y c Iy, which’captgres the concept of 'learniﬁg without
forgetting”. As a result, the output §eries is not considered
efficient in its semi-strong form. Eveﬁ though the input series
does not possess a lead, the identification of a 7155 ordef‘ TF
with significaﬁt W, parameter behaves as if it were a zero order

s

" TF with input leads.

In testing the null hypothesis of inability to forecast the

outpuf series, with any publicly available input series; if it

o - -
is éfficient in its semi-strong form, we use H! and H2 as

‘follpvs: %

H1 :'Parametertio and/or time lag b
of Eqn. (P2) are/is

statistically insignificant.

ws

H2 : Parameter W, of Egn.(P3)
’ is statistically insignificant.

Our goal is to ideﬁtify at least one publicly available
input seriesrwi;h significant W, parameter that leads ﬁﬁe output
series for at least | day for a O-order TF, or to identify at

least one publicly available input series w{tﬂ'significant
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=

Wo paraméteri (vith or without 1lead) for a 15t order TP. If

successful, the semi-strong form of EMH can be rejected

unaabiguouslg.'

" The financial martingale property 1e Qf“stoék returns is
used as a supplementary test to the TF. éamuglsoh (1965) derives
the martingaie,property for future prices- by 1ignoring risk
aversion and the interest factor. His fundamental assumption is
that a future price is to berset by competitive bidding ;E the -
now exéeétediriével of terminal spot price which can be written'

as Bgn. (P6):.
Y(T,t)=BlXpep|le] - (P6)
vhere Y(T,t) is;the future price that will prevail T

periods’from time t and quoted at time t.

Xy 47 is the actual spot price that will
prevail T periods from time t.
it'is the information set which contains all
present and previous periods values of spot
price, i.e} X¢, 3t-3v Xe-2, ovns
It follows from Egn. (P6) that
BIT(T-1,t+1) |1y J=E[E(Xparp|Tpaq) [14]
'E{xt+T‘It]>
=Y(T,t) } (P7)

Thus, the seguence of future prices, [¥(T,t),

. - —

'* Note that the financial martingale property considered here
should not be mistaken as the mathematical martingale. Let X[
denotes a random variable at time n and I, denotes an
information set at time n, The mathematical martingale states
. that B[X,,,]I,]=X, alongside with the conditions that (i) F, c
FPn+y (ii) X, is measurable P, and (iii) E(]xnl)is less than =,
Interested readers should_re?er to Malliaris (1982), p.16-21

o
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T(T-1,841),....,  ¥(1,t+T-1), ¥{(0,t+T)] - is said to be a

martingale in the seﬁse of'havingfuhbiased'price changes. Note
th?t'ﬂqn.(??) can be‘rewritten as: , -
X1, t21)-7(T, t) =AY (T, t) " (p8)
and E[AY(T,t)]=0 | (P9)

From (BEgn. 9), successiQE beriods,grice difference, i.e.,
AY(T,t), are Shoyn to be uhcor:elated. This means that there is .
no way of making an expected profit by ’extrapplatiﬁé past
changes in the futures price. The market guotation Y(T,t)

- already contains all that can be known about the future. This
ﬁartingéle property of zero expected capital‘ gain is then>
expanded into a more general case of a constant mean perceniage‘
gain per wunit time. If money has to beutied up in holding the
¥Y(T,t) contract and assuming a positive riskless rate of
interest, the martingale property of zero expected gain does not -
stand té earn evern tﬁe vopportunity cost of foregone safe~;
interest. Therefore, Samuelson (1965) replaces the simple axiom
of zero expected gain by a slightly more gengral axioms =-- the
axiom of Present-Discounted Expected Value vhiéh posits thap
(T, )= TE (R yp ) (P10)

where ) is the assumed constant'gisk-free

discount factor {or interest rate).

If the sequence of future price follows Egn. (P10),
Samuéison’s {%96%} ?ﬁeorem‘oftuean Percentage'?fice Drift states
thgt '

BlY{T-n,t+n) |1, ]=20¥(T,¢) (P11)

BEgn.. {P11] denotes that expected successive future price
5

-



20

- change uould amount to a pogitive rate equal to A-1 (A is one

plus the assumed constant riskless interest rate) which is just

enough to.c6;E;ﬁsate for the foregone safe interest by tying up

. money in holding the future cqntract._Eqn. (Pt1)f»implies_ that
the market has  already aiscounted all knowable future
information. so that the present discounted futures pfice

sequence is a martingale.

Although - Samuelson's (1965) - paper establishes the

martingale property for futures pricing rather than for an

equity asset, a share‘cf*afsteék may be regarded as a sequence

of f@ture claims due to mature at successive intervais. Thﬁs:the
martingale property applied to stock prices may be used as a
meaégre of capital market efﬁiciency. Since Samuelson derives
his martinéale property by‘assﬁming a constant and exogenously

'given riskless rate of interest, holding a future contract for

-——-~—e€e—pe;iod_sheuldm_eptitle an expected return equal to the

riskless rate of interest, Hhich\ig a constant. When applying

- .

Samuelson's;martingale property to stock priceé, it implies that

the‘ expected single period holding return of stocks would be a

constant, if the stock market is efficient. Thereby, in testing

the martingale property, we usé Eqn. (P12)¢
Ty=Wyly, ¢ *WplT, e Wuly, t*
Wrnlth,t*Wplp,y+NOISE (P12)
vhere Y, is the returns series
vhose efficiency is to be

examined, it is the output

—

series used in the TF models,
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IM,t=‘ for Monday and‘O otherwi#e,
IT,;=1 for Tuesday and 0/otherwise,

Iw';;1 for Wednesday a&g/o otherwise,
ITh;t=1.for Thursday and 0 othe}wise,
Ip,¢=1 for Friday and 0 otherwiée,r |

WM, Wp, Wy, Wpp & Wp

are parameters associated
with Monday, Tuesday, ...,

& Friday respectively. )

ﬁobe that, Egn.(P12) is an intervention Model (th Afintervention

models will be discussed in the "Research Statemeng“ seétion),

and ¥, is a martingale if either oée of the following two
conditions ‘is mét;

a) There is no significant difference amongst ihe~estiﬁated
values of the Wj's parameters in Egr. (P12) and all the Wj's
parameters ;re statisﬁical%y significant, where i=M,T,W Th,,
and F, and thé resulting residuals of Bgqn. (P12) 1is white
noise. 'In this case, the expected value,of-the Yy seFies a
would be constant at W, where W is the estimated values of
the Wi's parameters when there is no éignificant difference
amongst them. The residuals of Egn. (P12) must be whiteﬂ
noise since when taking expeétation on both'sides,'Eqn;
(P12) becomes: . |

E(Y,)=E(WI,)+E(ay) = = (P13)
"where I; is a séries of one's, i.e:, kﬂ”’
1;=1 for Monday through |

Friday,
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W is the estimated value

for all the W;'s

parameters which is the same

under condition (a). '
thus, E(Yy)=W+0

- =W which is a constant. (P14)

When the residuals of Eqn. (P12) is not white noise,
E(Y,) ¥ constant. | |
b)‘vAil the estimated parameters of;éqn. (P12) are insignificant
~and the residuals of Egn. (sz) ig white noise. Under this
‘ﬁondition, .
. E(Y4)=Elay)=0, (P15)

i.e., the expected value of Y, is

~ constant at 0.
Therefore, we state the martingale hypothesis, H3, as
"follows:
) H3:The univariate ARIMA model for the Y,
g e series satisfies either condition (a)

or (b) concerning the martingale

R " property.

In testiﬁg the martingale hypothesis of H3, we employ the

univarite ARIMA time series modelling strategies. '° Note that

L4

rejection  of the martingale hgpothésis does not necessarily .
imply the rejection of market efficiency. With risk aversion and

'5The univariate ARIMA Model will be discussed in the Research
Statement. Section ) =
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a stochastié rate of 1aterest, LeRoy (1873} shews—that~uﬂderda~—————
specific set of assumptzons concernlog investor utlllty functlon
(risk aversion) and the dividends process, the martingale
propé:ty does not hold, z.e., the expected retufn ofv stocks is
not - a constant. Ohlson (1977) shows that the martingale property
holds when investofg have constant relative risk ‘dversion and
the percentage change in dividends 1is stationary. Thus;
rejection of H3 may be due to other factors in the economy (e.q.
investors' risk attitudes, leldends payout strategles etc.)
rather than market inefficiency. Although the concluﬂ;on that
can be drawn from the financial martingale property about market

efficiency is rather weak, it can provide us with implications

and consistency about the TP resolts(
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Literature Review

- Tests of the weak form of EMH have been conducted by both

Alexander (1961;1964) and Fama & Blume (1966) via the filter

rules. The filter rules state that if price of a security moves

up at least Y percent, buy and hold the securityvuntil'itéfprice

moves down at least Y percent from a subsequent high, at which

time simultaneously sell and go short. The short position is

maintained until price Trises at least Y percent above a
subseguent = low, at which time one covers the short position and

goes long. Moves less than Y percent in either directions are

vignored (a Y percent filter).

If the capital market 1is efficient 1in 1its weak form

(security prices cannot be predicted by the trend embedded in

its "past" prices) and if the market sets price so-that expectéd

°

‘returns are positive (the positive expected return model.is the

equilibrium model assumed), excess profit cannot be extracted by
employing the filter rules, since the filter rules implicitly
claim that upward price movements tend. to persist and to be

followed by downward movements, which also tend to persist and

to be. followed by upward movements and so on. This implies that

current security prices do not full} reflect past information

(past security prices) and that their current prices are
predictable  from bpeir past trend. I1f the market correctlf uses
past available ingiimation and if it set prices so that expected

returns are positive, then, the best rule would be to buy and

-hold,
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« Alexander (1961;1964) reports extensive tests of filter

rules using daiiy data'bn'pricg indexes from 1§9§7£;:1959 and
filters from 1 to 50%. He concludes that the buy and hold
strategy copsistently' outperforms the filter rules when
transaction costs are taken intogconsideration. Further evidence -
is provided by f Fama & Blume (1966), who compare the
profitability of various filtefs.td a buy and hold strategy fér

daily . data “on the individual stock of the Dow-Jones Industrial

'Average that run from about the end of 1957 to September 26,

1962. They conclude that. for the most part their evidence is in

favor of buy and hold, and they reject the hypothesis that there

is any important information in past prices that the markct

neglects in setting current prices.

Fama (1965) has conducted another piece of research

‘concerning the weak form of EMH. He studies the sample

autocorrelation of daily returns for each of the 30 Doh;Joﬁesv
Industrial series, for time pefiodé ‘that wvary slightly from
stock to sioc} but wusually run from about the end of i957 to
September‘26,1962. Fama claims that, market efficien;y— (weak
form), 1in combination with the assumption that equilibrium
expected returns are constant tarough time, implies "that the
autocorrelations of the returns on any security are zero for all
values of — the autocorrelation  lags. When the true
- ~ - e
autocorrelation is zero, the sampling distribution of the sample
autocorrelation with 1lag r, is approximately normal, vitﬂ.

approximate mean and standard deviation depicted by Egn. .(R1)

and Bgn. (R2) respectively. ” -
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vhere 7{Rjt.Rj,t-7) is the sample autocorrelation
of security j return with lag r.-

T is the number of returns data in the sample.

Famaycalculates the sample autocorrelations of returné, for each

of the thirty stocks in the Dow-Jones Industrial, with lags from
one to ten days. é&ﬁjﬁth) and (R2) are used to-estimate the

‘t-values for the calculated autocorrelations. Of the 30 ‘sample

autocorrelations between successive daily returns, 11 have

t-values that are greater than 2 and 9 of these 11 are positive{

Overall, 22 of the 30 sample autocorfelations between successive
daily returns aré Vpositive. There seems to be ~ positive
autocorrelation between successive daily returns. Fama argues
that the 11 stocks with t-value greater than 2 may be 'fegarded
as extreme in the sense that they ére low probability évents if
the true autocorrelations are zero. The 22 positive éample
autbéorrelations are regarded as close in“absolute values to
zero, Fama cohcludes that even_though the . true autoéorrelation
may be non-zero, it would be close*enbugh,to zero so that market
efficiency in its weak form is a reasonable description of the

world.

Fama, Fisher, Jensen & Roll (hereafter, FFJR) (1969)

-attempt to test the semi-strong form of EMH by employing the
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market model to study the eajustmegt_gogi;5£0ck _prices to

?{nformation concerning stock spIite.rThe’ FFJR, sample includes

all 940 stock spl1ts ‘involving 622 different common stocks on’

the New York Stock Exchange from 1927 1959 when the sp11t was at
least 5 new shares for 4 old shares, and where the security was

listed for at least 12 months before and’ after the split. Since

any 1n£ormatzon in”la Spllt 1s.11ke1y to be company-specific,‘,ﬂw

they search for unusual behavior of the market - model's'f[Eqn.(

W .
(R3)] residuals for each of the 622 different'éecurities in the

sample. » ' . : ' - o
Ryt = ay * Bijt + €5t (R3) _' - ' !

where ﬁjt is security jrreturn at time t,

Emt is the market return at time t,
-

aj & 4 are the model parametersfor'security"j
and assumed to caoture the market;wide factor
that affects.security!f's returns.
° :jt is the model'resiaual of security j at time
t which is assumed to be company specific |
~ (specific to security j). | |
To estimate a4 ana ﬁj of Eqn..(RB), FFJR use all;ofrthe monthly

. return data available for sescurity j during the 1926-1960

—

period. They compute the market  model residuals for each

security for the perlod from 29 months before to 30 months after
any split of the securlty. For a given split, they deflne month
0 as the month in which the effective date of a split occurs,

month 1 and month -1 as respectively the month immediately
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following nndfprgéqding;the<split month, and so on. The average

‘residual for month s, with s measured relative to the .split

month, is defined as

N
s
Z ejs

g =1 R -
eg = —-—-——- -- (R4) : o

. .

jwhere éjs isjﬁhe sample Marke't'Modelr——.residualj
for security j in month s,
Ng is the number of split in month s.
-29<5<30 (60 months surroundlng the spl;t month)

They'alsoaexamine the cumulative .effects of abnormal . return

behavior fgr the,same 60 months“surrounding the split month by

‘studying the cumulative average residual according toAEqn. (R5).

: =3
Ue = z ;k (R5)
®  k=-29 ,

The average residual €g is interﬁreted as tne averagd deviation,
in month s rélative to the spljtrmonth, of the returns of split
stocks from their normal relationships with the market; The
cumul;tive average residual Ug is interpreted as the cumulative
deviation from month - 29 to month s; it shows the cumulative
effects of the returns of split stocks from their normal
relationships with the market. FFJR furfher subdivide—the split
stocks into the 'dividend, jncrease" and "dividend ddéreasé"
categories. The rformér cétegory includes all”split stocks that

experience a dividend increase after the split, while the latter

1ncludes spllt stocks - associated with dividend decrease. The

—~

Wh
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incféaseiﬁor ”aecrease of dividend ig justified Sy compqring to
tie dividendprﬁa}.rme’nts of the New York Stbck"’l!xchangc"s;riwrei )
Therefore, w3, w=; and Ug; Ug™ are defined as the a;é?agélaﬁa.
cumulative average Fesiduals‘forAsplits followed by 'intrgaéed'
aﬁd “deéreaséd" dividends"rgspeCtively. FFJR find thdt4;he
average residuals in the 29 ﬁdnghs _pfiqr to therrspiitr are;'
ﬁniformly positive for all spéitsJ;nd fog'botq'dividend qlaSées.
They arng that the split itself cannot accéunt for,thé:behaviér
of the residuals as far as 2 years in advanée'?f the splif‘dafg;
Rather, they suggest that splits tend to occurﬁwhen firms have
exbeqienced unusu&l increaSes in earning ‘durihg the yea:s:
immediately preceding a -split, which accounts for tﬁe 'pqsitive__
average residuals Dof splitting shares in mAnths preceding.the 
split. When all splits are examined ‘together, the lafgegt
avérage‘/residuals occur ih the three or"fouf months immediately
prﬁceaing the'splif,'butvafter the split, the aGerége ‘residuals
are brandomiy distributed about 0. Equivalently, tﬁ; cumulative
average residuals rise up to the splif'mbnt@ ;qd experience: no
further systematic movement théreafter. Evidenée also suggests
that during the firsf year after the split, ;he cumulative
average residual changes’by less than 0.001 and that the total
changeaduring the 2'/, years following the spiit is less than
0.01. FFJR sﬁggest that the informational effects of aétual and
aﬁticipated dividend increasés may be uéed tgf explain the
 behavior of common stock returns in the y6ﬂ?ﬁs‘i§mediat§ly
surrounding a split. A split is normaily expecfed to A;;bogjéfé

with increases in- future dividends, the evidence that the
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cusulastive average residusl for both dividend classes rises
sharply in the fav months before the split (the -earliest time -
information about a splitting stock may zeéchkthe*market befpre
‘the effective date of the split) is consistent with the,
hypothesis that the. garket recoghiies,that splits are usually v'
associated vwith higher dividend payments. However, tetﬁrns4
béhaviér Subsequent to the split voﬁld be substantiallf
different in cases vhere dividend increases materialize and .in =
cises wvhere it does nét. By examining the stocks in‘;he
'decré#sé' divi&end ‘class;d FFJR find that thé_ average and
_cusulative average residﬁals rise in the few month? before the - '
split but then decrease shatﬁly in the few montﬁ afterv the
:plit; :hen the anticipated dividen¢ 4increa§e"is not
rntorthconing. When a year has passed after the split, the
cumulative average rresiazil falls back to about wherz it‘éas
five months prior to the aplit, which is probably about the
earliest time reljable information concerning a possible ;plit
may reach the market. Hﬁen .a dividend iﬁcfease 7is» not
forthcoming, the effects of the split are completely wiped away
and the split stocks return to their normal telationship vith
thé market. Por the stocks in the "increage” dividend ciass,
there exists no further systematic moveaenés in thé7 cumulative
avdrage resi@uals‘ for the year after the split ;nd the average
residuals are randomly distributed<;§out;zero. FFJR suggest that

once the information effects of associateé,dividend changes are

T

properly considered, a split has no net effect on  common stock

returns. Thus, the -arket'appérentiy_hakes an unbiased forecast
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of - the iéplication of a split for future dividends, and these

forecasts are fully reflected in'theupiice‘o£ 7€h§;7§;cutity by

:he end of the split month. The results of FFJR are consistent -

. . - Py , ' A
with the hypothesis that the stock market is efficient in its -
semi-strong form, at least, with respect to its ability to

adjust to the»informatioh implicit in a split.

Charest (1978 a) investigates the behavior of the New York
Stock Bxéhange (hereafter, NYSE) stocks around split informatidh'
;venpé ‘from the 1947-67 period. These inciude 606 split
proposals;$;3$‘split approv#ls and 1252 split Pealizations. From
the CRSP monthly file for the'1947-67 period, Cha;esi saﬁples
all NYSE stocksplit realizations invoivihg at least a 5:4 ratio
and five years of presplit guotations, The split proposalg and
approvals informati;n follows from the Wall Street Journal
Dividend News Columns &rhere the announcement date of ‘the
proposalﬂor approv?I is ;ssumed to be the date of, the Journal.
Charest -assumes Egn. (R65 as the return generating process that

describeS‘NYsé stocks ‘in the 1947-67 period.

Rjt = 70t * 71ehje * ¢3¢ (R6)

vhere ijt is the r;turn of stock j in month,t{
Byt is the’systematic risk or beta for stock j
in month t, o
:jt is the disturbance term of security j in
month t which has a zero mean and independent of
Tot and 7q¢,

70+ iS the return on the minimum variance
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zero-beta portfolio, o ' - - 3

;It is the return premium per unit of beta.

He estimates the residual of stock j in period t by Egn. (R7).

~

~a

&

;jt = Ry¢ ~ (;Ot + ;Itajt)A {57)

The Fisher's Arithmetic Index is used as a proxy for the -market
rates of return, Rpy., that is used for direct estimation of

stock j's beta according to Eqn. (R8).
ﬁjt E —-—eemeSesooo—— (r8)

wvhere COV(Rjy,Ryt) is the sample covariance between the
return of stock ) &'the Pisherjs Index at time t..
a’(Rﬁt) is the'samplé variance ofAthe marké;
pfoiy's return (the Pisher's Index). L

Egn. (R8) is applied to a series of 61 successive Ry and

corresponding Ry, .in such a way to obtain, for stock j and month

t relative to split& event month zero, two competing beta
estimates: B;jt énd 32jt' Method: 1 "uses past data -- the
61-month series of stock and market returns ending with month t.
Method 2 uses symmetrical data, 30 months on each side of month
t. Two corresponding vectors of residuals, ;lji and  ep4¢ are
obtained using Bgn. V(RT) with Method 1! and Method 2
respeétively. Charggggi;bélsfzqﬁ. (R9) as the 'sanple's average

residual for month t relative to month zero (the split event

month) .
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ARt = == 2 ;jt (Rg)
N 3j=1

vhere N is the number offsplitting stocks in the samble.
The average reéiduals' (hereafter, AR) is used to measure éhe
average percent abnormal return experienced by the ‘saﬁpled
stocks in any month t relative to the split event. The'sample;sv
" cumulative average residual over m months (say t+1 to t+m) is
given by Egn. (R10).
T=t+m

CAR = z AR
ret+}

, (R10) ' . % L

The ;uﬁulative average residuals (hereafter, CAR) is used to
measure ‘the average percent abnormal returns experienced by the
sample stocks over a number of months relative to informat}on
event moath zero. <Charest’'s results  “for spli£ realizations
conform to those of FFJR in spite of differences in residual
assessment methods and limited overlapping of test Aperiods. AR
in the pre—sélit realization month ére positive and increasing.
By month zero, the CAR is about 30% and thé largest AR éccursrin
month -2, -3 and -4, the most likely months of split proposal
énnouncement. ‘The %djustmen; of .sfock returns to split
realization apbears to have essentially ended by month zero.
Tven}y-four months after the split realization, the CAR
corresponding to method t is 30.86%, hardly 0.5% above the CAR
for month zero., Charest suggeétsmihgt such small changes in CAR
appears to be consistent with the.ggmi-strong form of EMH. In

order to determine whether the abnormal returns from systematic

monthly investments in split stocks over the 1947-1967 period

»
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'would have been statistically different from 2zero, Charest

Constructé both an equaily weigﬁted"and’ a " value weighted
-portfolzt consists of st&cks correspond1ng to his five trading
rules. His trading rules are outl1ned as follbws._
A : all stocks whose information event date occurs -
- in month t. | ,h
B : all stocks whose information event date‘OCCuré
in month t, t-1, t-2. 7 e
C : all stocks whose information‘evgnt date occurs
in month t; t-1, t-2, t—ﬁ, t-4 and t45.

—

all stocks whose information event date occurs

0

"in month t, t-1, t-2, el te11.
E : all stocks whose inrormation event date occur§

in month t, t-1, t=2, .... t-23.
Charest finds that 4 out of 5Atrading rules and 9 out of 10
portfol{o tests produce t-values of less than 2. only rule E
iyields a significant t-ralue of 2.15 when method 2 reriduals
under an équal—weighted portfolio strategy are cons1dered but
the 51gn1f1cance disappears under a value-weighted strategy, or’
whtn method 1 residual are used. The average morithly abnormal
gain' is less than 1/4% per month. Charest concludes that his
results are generally consistent with the semi-strong form “of

EMH 1in that trading based on split realization events seems to

offer no significaht excess returns. 1In. determ1n1ng whether
significant excess returns are more likely to arise when trading
is based on earlier split information (i.e., split proposal and -

approval) rather than on split realization, Charest examines the
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AR and CAR of the‘606 split proposal and 435 approval events

- respectively. For bothvthe“épprbval and propééai :ééééles, "the -
abnormal return adjustment up to month zero which is in line
with the Tresults for thé éplit realization sample. However,',the
20 t-values corresponding ‘to - abnormal excess return based on
split approvals, with both methods, all 5 trading rules and both
the equal.:and value weightgd ihvestment strategies, aré‘all
within thelbound of\iz and are ofherwise insigmificant. On the
other hand, the tests based on split proposals indicate some
degree of apparent market inefficiency. It 1is “especially tﬁe~
case witﬁ~ tfading.ru;e B where splitfing stbcks‘are heldvfof 3
months beyond the proposal month. Its t-values exceed 2 for all
méthods and portfolio iﬁvestmen; strgtegies, fanging from 2.25
to 3.08. Rule E, with a 24-month stock holding period, shows
conflicting gviﬁeﬁce. ;§s t-values exceed 2 for both fhe equai
and value weighted,stratégies with method 2 but fail to show
significanF evidence when method 1.is used. Charest suggests
thét the stock market appears on average not to have fﬁlly
~anticipated, by the end of split propoSél month the implications
of split’information for future stock returns. The market' does
not ‘take for granfed that a split proposal will eventually be
approved while experience‘indicates_it should. The market does
not seem to have learned from expefience, this would imbly'that
the market does not "see” far ahead and does’not realize what a
"proposal” means for thé future. Charest concludes that there is-
no significant excess return for trading systems triggered in

split approval or realization methods. But investing monthly in
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stocks for 3 months beyond split proposals (Rule B) produces

significant  excess returnqi:z;:ss all calculation methods and
The

.market acts as if it needs approval
: , . ® -
information, two or three months away, to complete its

investment strategies. .

adjustment. In this case, the market would not beiseﬁi-stronh““j

form efficient.

Watts (1978) studies the éemi-strong form of EMH by
determining yhethér ,significance abnormal returns can be
observed after public announcéments.oi qguarterly earnings when:
valid Significance tests are used and the proxy bias is reduced
uging the .steps Ball (1978)'¢ outlines. Watts suggests that
ifformation in Quarterly earnings announcements could be
measuréd by the difference between the actual quarterly earnings
and é measure of quarterly expected e;rnings: If the market is
‘effipient' in its seni-strong form, stock prices changés should
simultaneously reflect /the information of pubiic earnings

announcements. In ordef_ to test the efficiency of the market

Twith respect to quarterly earnings announcements, an estimation

¥4

of the unexpected eérnings and abnormal returns are requiredf
Wattsvestimateﬁ the unexpected earnings as the forecast errors
_ corresponding to three time-series models which cnn be used to-
de;éribe the behavior of quarterly earnings. These three

time~-series models are outlined as follows: - 3

'# refer to Ball (1978), p. 115-116
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1. The Watts-Griffin Model

- E(Zy) = Zpq * (2t % Zt-5) - Bag-q ~ 7ap-4 *
Byar-5 + & (R11) . ’
where Z, is the earning of quarter t,
E is an expectation 6perator}
f is a mbving average parameter,
vy is a seasonal moving average p&fametgr,

6 is a constant,

ay is a serially uncorrelated error term.

In this model, quarterly earﬁings have both seasonal
and quarter to quarter ‘dependency.

2. The Brown-Rozeff Model

E(Zt) = Zt—4 + ¢(Zt'f - Zt-s)v‘ 7dt-4 + § (R12)

where ¢ is an autoregressive parameter.

This model incorporates both .a seasonal and an adjacent
quarter component.

3. The Foster Model -

E(2¢) = Zy-g *+ ¢(2p-q - Zy-g) + & (R13)

The Foster Model incorporates seasconality and dependency 1in
. . . . P
adjacent quarterly earnings, . it constrains the seasonal

moving average parameter in the Browanozeff Model, ¥, to be

zero.,
In order to estimate abnormal returns, for each qguarter and each
forecast model, Watts splits the firms under investigation into

twe portfolios: the firms with positive forecast errors for the
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. guarter and-those vwith negative forecast errors. The weights

applied to ‘the securities in each portfolio are calculated to
make B (the systematic risk) of each portfolio equal to 1+ Since
both portfoiios have ‘“equal risk, Watts suggésts that abnormal
returns can be measﬁfedfas the difference in return between the
two portfolios. In order to &eight the secu;ities within the
portfolios, the Market Model is estimated for each fﬁgm in the
sample using the 60 monthly rates _of' return imme&jately
éreceding éach guarter. The market rate of return used is an

T

arithmetic average of monthly rates of return of firms listed on
%g.

the NYSE. With the estimations of beta for each vsecurity using

‘the Market Model, each quarter, the securities in the .positive

and‘negative portfolios are further subdivided equally into low
beta and high beta ‘portfolios; The mean beta for each of the
resulting 4 portfolios is calculated and the weights A and 1-A
that applies to thé low and high portfolios in order to produce
portfolios with unity beta are calculated as followg for both
the positive and negative portfoiiosi

Miow * (1M Bhjgh = ! (R14) .

The rates=< of return on the portfolios are calculated for weeks
subsequent to the announcement of the firm's earnings to

determine whether abnormal returns are earned after an earnings

_-announcement. In so doing, Watts defines Rjty as the rate of

return. on the shares of firm j in week w relative to the
announcement of earning of firm j for calendar quarter t. The
rate of return for week w on each of the 4 portfolios are

calculated according to Egn. (R15)::

o it~
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1 Ngp . o .
: Rks)tw = -;1;—5 _21 Rjtw,f"xy (R15)
— b .-37 )

‘where Ngp, is'the number of securities in the
"portfolio for.quarter t,
b represents high or low beta 'portfolio,

s represents positive or negative portfolio.

The rates of return on the positive and négative‘forecést>.error
portfolios for gquarter t are determined by applyiné the
correéponding weights calculated according to Eqﬁ. (R14) to the
correspoqging returns of the high and 1low beta portfolio
calc&latéd according to Egn. (R15). The measure of abnormal
returns in week w relative to the announcement of the earning of
quarger t (DR¢y) is defined as:
DRty = Rapy - Royy  (R16)
wheré R4ty 1s the feturn of the positive portfolio,

Ry is—the return of the negative portfolio.

Watts posits that DRty is the average rate of return on a
trading strategy that involves no outlay and has a‘zegé beta. If
the market is efficient and the Capital Asset Pricing Model is
correct, E(DRyy,) = 0 for all perioas for which the strategy is
feasible (i.e. long in the positive portfolio and short.sale the
negat;ve portfolio). . The abnormal returns for éach quarter q
after the earning'announcement, defined as DRtq, 1is calculated
by summing the corresponding 13 weeks that makeVUp the quafter;

The estimate of the abnormal returns in quarter q relative to
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the earning announcement is calculated as the mean of the time

=)
B

series of DRyq according to Egn. (R17) :

_ T DR :
DRy = Z S N (R17)
te=1 T

While the estimate of the standard error of abnormal retufns in

quarter q relative to the earnings announcement is depicted by

" Egn. (R18).
s(big) ® —me——efo- (R18)

- where S(Dth) is the estimated Standard‘deviation

of the time series Dth.

Watts tests the null hypothesis of no abnormal return in qQuarter
g relative to the earnings announcement, i.e. ﬁﬁq = 0, by using

the t statistic labels by Egn.. (R19).
£(BRq) = ---==Z---- ~ (R19)

The sample employed by Watts conéists of 73.firms which meet the

following criteria: - |

-a) All the firm's quarterly anﬁ annual earnings per share
number are avaiiable in ﬁoodys' over the period January,
1950 to December, 1957 and all the firm's quarterly and.
annual earniﬁgs pé; share announcements are available in the
Wall Street Journal Index (WSJI) in the period &énuary, 1950
through December 1969. f

b} The firm's shares are listed on the NYSE for the period July
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2,1962 through September 27,1968,

c) The firm's share price relatives are available on the Wells
Eargo,'Bani, daily file for the period July 2, 1962'through
July 11, 1969, | .

d}r The:fifﬁ*S*fiscal-year is constant in period January, 1958

g through Decesiber, 1969, )

All of the earnings per share numbers are adjusted for .stock

éﬁffis and stock dividénds; Watts uses the earnings for the 75

guarters from«}anuary, 18950 through September, 1868 in - his

study. The first 51 quarters of earnings data are used to
estimate the BrownrRozeff, Foster and Watts-Griffin modéls for
each .of the 73 firms. The;e'estimafed models are jthen used to
forecast‘ﬁhgkearnings of the next 3 quarters, 52-54. E of the
models is re-estimated using‘observations 1-54 and earnings are
forecasted for the followihg 3 quarters, 5-57. This procedure is.
continued ﬁntil fozecasts are obtained for guarters 52-75.‘These:

fofecasts and the actual earnings a;e then used. to obtain 24§

earnings forecast erfors<'for each firm under.each'oﬁ the 3

forec;;t models. Abnormal returns (DRtw) are calculated for each

week in the period from 25 weeks before the earnings

announcement through 65 weeks after the announcement for all 24

quarters for all three sets of forecast:grrors. The abnofmal

returns for quarters relative to the veek of the earnin§é
announcement (DRq) and the related t Stafistics are calculated,

BSr the quarter of the earnings ahnbuncement (g=0), it is found -

that the estimated EEO ranges from 0.04 for the ﬁatngGriffin,

model to 0.053 for the Foster Model. Watts suggests that if the
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quarterly earnings at the beginning of each.quarter during the

sampls’ period 1is known, an abhormal»reiﬁ}nvof;4 to 5 percent-
could have been sarned over thé qQuarter. The ¢t ‘stétisticsA for
the estimated DR, “are significant at 0.1% level for all 3
models, Watts also finds evidence suggestingt»abnonmsl returns
after quarterly earnings announcement. The hypothesis that
abnormal returns are zero in  the first rquartér after
announcement can be rejected at 0.1%. level using the Foster
)model and at 5% level using the Brown-Rozeff and -Watts-Griffin
models. The estimated abnormal returns for that quarter are
0.021, 0.0180 and 0.012 for .the Foster, Watts-Griffin and
Brown-Rozeff model respectively. The hypothesis that abnsrmal
returns;are zeros in the second quarter is also rejecied at the
5§ levél for the ﬁrown—hozeff Model but cannot be fefected af
any reasonable level for the other 2 models. After the second
'quarter, the estimated abnofmal returns are effeétiVely‘zerd..
Watés afguesvthat his results could not bs aue to measurement
error in sstimating . the securities ‘beta or to change in the
securities, siﬁce the abnormal returns are tob large to be
- explained by measurement error. HoweQ;r, he suggests t?af‘not
evefyone could have earned abnormal returns by following the
strategy implicit in the abnormal returns measure, since Ehe
transactions costs involved are more than sufficient' to .
eliminate those profits. The only individual who could earn
abnorma%\returns by using the trading rule are. brokérs* since
they -can- avoid some of theA direct transaction costs. Watts

Y

concludes that " while the abnormal returns do not represent a
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'gross inefficiency, theyv do represent:’a profit opportunity.

foregone, an inefficiency" '?

Mishkin (1981 b) tests whether information" on .the ,past‘

listing of short-term inferegt;}rates and'inflaticn rates are.

used efficiently in the market for long term bonds. The tests

involved examining whether the stochastic process that bond -

market participants believe these variables to follow 1is the

same as the true stochastic process for the variables. Letting

z

(Ry - R") denote the excess return on long term bonds, Mishkin

.argues that the excess return could be expressed as a funétion‘

5

of the unanticipatedféﬁgage-(xt - xtGS in a va;jable' according

to Eqn. (R20). . | |
Ry - R = 8 + (X -Lx:!)a + e (R20)

- wherelévis the constant liquidity premium,

= a is the coefficient on the unanticipated
movement of a prespecified variable,'

ey is the independent error term,

R* is the short termrinterest‘raté at time
t-1,ri.e. Yt-1, which is assumed tc¢ be a
rational expectatioﬁ—of a 1-period ahéad long

-

term rate. ' :

Ry is the long term interest rate, at time t.

TN
-~

Assuming that the stochastic process -for Xt can be written as:
Co . '

n ) \ ‘ ,

z bixt"i +oup (R21) : : ~

i=1 ' ™ .

£y
-

Xt=b°+

""Watts (1978),p142 )

a
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' uhcxeqﬁ;,is the random error term. -
fheﬁ the éxpectation df'xt, denoted as X.® which is a one-beriéd
;h:ad optinaITffafiéizt baseh upon all past available
information, can be written as Eqn. (R22).
%% = bo + I DbiXey . (R22) e

Substituting Bqn. (R21) and (R22) into Egn. (R20), gives the

observable éqaatioﬂzl . , -
Rt'7t-1'(xt‘bo'%b§xﬁ~i)“‘5;‘t (R23) o

Eqn. (R23) is labelled as the efficient markets model {or Vthe
long term intereste rate R,. Mishkin suggests that Eqn. (R23)
and (R21) can be stacked into one regression Eystem and.’be
estimated by nonlinear least squares methods‘rimposing the

restrictions that the S} coefficients in_Eqn. (R21) and (RZZ)

'are equal for all i. The data employed by Mishkin in testing the

efficient natk?t'system of;Eqn. (R23) and (R21) comes from the

following sources:

1. Quarterly 1long term U.S. governﬁgnt bond taté‘ (Ry) is
obt#iﬁed from the CRSP file. | '-

2. 90 days Treasury bill rate {y,) is obtained from .the Board

of Governors of the FPederal Reserve System.

3. The gqGuarterly rate of the Consumer Price Index is collected

from Business Statistics and Survey of Current Business.

Using thirty gquarterly obsgrvatidns from September 1969 to

»
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December 1976,,'the bond ret@rn and Treasury bill rate data are

uged to estimate BEqn.. (R21) and (R23) system in ordér to

determine whether - the short term interest rate is wused f

efficiently in the long-term bond market. Substithte.xt in ’Bqn.
(R21) and (R23) by 9y (the guarterly T-bill ratg),AHishkdn

estimates the fdlloving system of equations:

-

. 6 o ,
Rt - Rt‘? = § + a(‘yt - bo - z bl'yt-l) + Gt (R24)
: ’ i=}
PO S ]
Te = b * I bjve-i * M (R25)

1=

Mishkin finds that the coefficients on the -unanticipated

movement of the ?fil rate (a) is significantly different from

“Zeroc at the 1% level, thus indicating that movements in the .

short-term interest rate embody relevant information to the

pricing of 1long term bonds. Moreover, the sign of this

coefficient is negative, indicating that an unanticipated rise

in the bill rate is accompanied by higher long term rates with a
resulting lower bond return. The like}ihood ratio statistic also
indicates that there is very little evidence in the bond market

data supporting irrationality of 1interest rate forecasts. In

order to test whether imformation about inflation 1is used

"efficiently by the bond market, Mishkin substitutes X in Egn.

(R21) and (R23) by »,, where 7, is the quarterly Consumer Price

Index inflation rate calculated from the change in the log of
the Index (seasonally adjusted) from the last month of .the
'previous quarter to the laéi month of the current quarter t. The

following system of equation is obtained:

k!
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Ry = ¥g-1 = 82 alxy - bo = I bime_j) + ¢ (R26) ° |
t t ﬁj\\d e i¥e-i ‘
- 6 . .
‘®¢ = by + I Dbimp-i * ug (R27)
. i=1 .

It is found that thé,efficient market model—system; [Bgqn. (R26)
and (RZ?)]_with dgta‘rUnnindafrom 1959-1969, yieldg ghe expected
result that an unanticipated rise in inflation is associated
with higherAlong rates and lower bond returns (sign‘ of a s

negative) but the a coefficient on unanticipated inflation;is:
not as signifi;ggg;ggkﬁhb coefficient Zgrynantiﬁipated interest
rate movements. The likelihood ratio test ‘rejects the
ritiohélity restrictions at the 1% level. Mishkin.suggests that
this ‘rejéction is due to the evidence that the Sﬁg of the
coefficients on the lagged inf}ggﬁgg rates (yYe-q,c00ee,Yp~g) in_
the autoregression model of inflatidﬁb[Eqn; (R27)]) is positive
and greater than one, ﬁndicating that a rise in inflation vbdi&
persist.‘This'evidencé'suggests that information about inflation
over the period 1959—1969 was ndt used efficiently. Hoveﬁer;
‘Mishkin argues that this is an unusual historical period, with
ihflation‘starting at a low level and"persistently rising. 'By
repeating the analysis using a 1longer -time horizon (froﬁ
.1954-1976),ﬁ;£e inefficiency disappears. Mishkin suggests that
the bond market may have had rational inflation forecast when a
longer time horizon is takeﬁ into account. He conclﬁdes that the
bond market does exhibit rational forecasting,beha§ior and ig

efficiently exploiting publicly available information.
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Frenkel (18977} examines the efficiency cf*’tﬁé”fforeign
exchange market to see whether the forward market for foreign

exchange 1is efficient . during the German Hyperinflation.

According to the generally accepted theory, an efficient forward

- _
market for foreign exchange requires that the forward rate be an

9nbiasedi predictor of future spot rates. In examining the

efficiency of the market, Prenkel regfesses the logatithh of the

current spot exchange rate, 1log S;, on the logarithm of the
one-month forward exchangév rate prevailing at the previohs
month, log Fy_;. 7
log S = a + b logFs_y + & ’ (§28) 7

Frenkel demonstrates that, if the German foreiyn exchange market
is efficient; the constant term (a) of Egn. (R28) should not
_Qiffer significantly from zero, and that the slope éoeff;cient
'éb) should not differ significantly ffom unity. The error ‘term,

u, should be serially uncorrelated. Egn. (R28) is estimated over

the period February 1921 to August 1923 (3y months), since data’

on the German Mark-Pound Sterling forward exchange rate are
available only from Pebruary 1921. Frenkel finds that the
constant term does not differ significantly from zero at the 95%
confidence level, however, the slope coefficient is somewhat
above unity -- 1.09, at the 95% level. The Durbin-Watson
statistic, with a value of 1.89, indicatgs that the residuals
are not serially correlated. Frenkel suggests that transacFions
costs may be used to explain the evidence that the s

coefficient is slightly above unity. He further posits that In

an efficient market F..; summarizes all the information
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t-1. One of ther items of 1nformatzon available at t-1 is the

stock of information available at t-2, and if the market is
~efficient, that information will be contained in Fi_3. If Fy_q
summarizes all available informat&on ihcluding those contained
in Fy-, then, adding Fy., as an expianatory variable to .
equaﬁion (R28) will not affect the R? and will have. a
coefficient that is not sig;ificantly different from zero. As a
—— —result, Frenkel reéresses log §S¢ én log F¢-3y and log Fi-p
according to th. {R29): A

log S¢ = a + b logFyy + ¢ logFy_5 + g (R29)

The regression results support the EMH. The constant term is not
significant Qith t-value of 1.7, the slope coeffiqient
associated  with Ft_i, vhich is slightly above unity (1.1), iﬁ
fignifiﬂant with t-value ‘of 13.8. However, the "coefficient
associated with Py., 1is not sigqif}pant. The D.W. statisticé,.
with a value of 1.91, indicafeé that ,tg; "residuals are not
serialiy .correlated. Moreover, the coefficient of determinatibn
(R?) remains. the . same. Frenkel suggests that during the
hyperinflation, expectations may have behaved rationally and
thgt‘one may use data from the foreign exchange market to
~ measure expectations, He Vconcludes that even during the

_turbulent periodé ¢f the German hyperinflation, .the foreign

exchange market remains remarkably efficient.

e

Hansen & Hodrick (1980) conduct tests of the efficiency of

the foreign exchange market vith flexible exchange which began

P



49

essentially in March 1973, and for the period of generalized

floating rates following World War 1I. Théyr'sﬁééest that the
results obtained by Frenkel (1977) may not literally be true
since they are able to find several currencies whose past
forecast errofs mayv”help' to pfedict current forecast_errogé{
. Letting str= In(sy) ard fy g=1n(Fy x) where S; and Fy y are "the
levels of :h; spot exchange' rate and the k~period forward
exchange ratevdetermined at time t. Hansen and Hodrick suggest
that St;k - f¢ x is an approzimate measﬁfe of the rate of return
to Speculaiion in the foreign exchange market, it follows that"
‘their sihple efficient mérkets hybothgses“is that : | »_x,.#_.
fe,k = Elsgag|T¢) (R30)

where E(»]Iﬁ) signifies the mathematical expectation

U conditioned on the information set available at

time t.

They' indicate that rejection of Eqn. (R30) does not necessarily
imply the rejection of the efficiency or rationality of the
foreign exchange market, since risk aversion in équilibrium
would imply that the forward exchange rate equals the
conditional expectation of the Vfuture spot rate plus a‘risk
premium. The data for flexible exchange rates are obtained from
the Board of Governors of the Federal Reserve System for Qéven
currencies: the Canadian dollar, the deutsche mark, the French
franc, the U.K. pound, the Swiss franc, the Japanesé yen and the
AItalian lira. While the floating ;ates following World War I are
taken from Einzing (1937) Qhere veekly obsegyg;iqnéron the spot

—_—

exchange rates and the 1-month forward rates are available after
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"November, 1821, All exchange rates are expressed in U.S. cents

~}

per unit of foreign curfeﬁéx. ‘The . hypothesis that £tk =
E(st+x}I¢) implies that forecast error (sgsx .- £t k) is

uncorrelated with information available at time t. As a result,

past forecast errors cannot help to predict 'current' forecast
error, Thelr tests employ a new and asymptotlcally more powerful
technigue to estlmate various periods' forecast errors to be
used in testing the null hypothesis. In orderrto test their
claiﬁ that past forecast errors cannot be wused to predict
current forecast error, they regress the forecast error on a'
coﬁstant.and two laggéd~forecast errors, using'weekly data and a
3-mbpth’or 13-wéek forward rate: ‘

sirz - £} = al + by (si-fiy3) + blz(S%-1 ~£i-14) + u% (R31)

where 1 = 1 ceey 7~currenc1es.

They test the joint hypothesis that aj, bj, and bjs in Egn.
(R31) are all zero.'Evidence suggests that the joint hypothesis
is fejected for the deutsche ﬁafk;U;S. dollar exchange rate.
Although the constant term is insignificant, the two lagged
forecast  errors have siénificant levels smaller than 0.02. For
-the Swiss franc and Italian lira, they- findr individual
coefficient estimates that have significant levels less than
0.1, Tﬁe other four currencies provide no strong gvidence’
against the null hypothesis. By regressingrthe forecgst error of
a currency on lagged values of its own forecast error and four
other currenciés’ laggéd forecastrerrors, as in Bgn. (R32), 7

- . 5 |
Si+13 - ff =a; + I blg(SE £i- 13) + u (R32)

™ 3=
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where i = 1, ..., 5 currencies. , T -

the nuli hypothesis that all coefficients in the regrésgion aré
zero is rejected for the panadién dollar, the deutsche mark, and
‘the Swiss franc at all significance{levels ‘smaller than 0.06.
~ Hansen and Hodfick suggests that the multicountry test appeﬁrs
to be'avmore powerful test of the efficiency hypothesis because
they are able to reject the hypothesis for two other countries
except at very low significant levels. Their results indicate
thatAlaggéd forecast errors for some Eurrencies have explén#tory
power in predicting the currenf forecast errors and the - foreign
exchange market may rndt be efficient. They re-estimate Eqgn.
(R32) for a period running from June 25, 1974 to January 16,
1979, In the—joint test of all six coefficients, only the
Canadian dollar hés a marginal significant level belbw 0.1, and
it 1is below 0.01. In the déutsche mark, the U.K. pound and the
Swiss franc regressions, there are individual cpefficients' with
significance levels less than 0.1, This suggest evidence in
favor of the null hypothesis. When the multicountry test is
- expanded to include the Japanese yen and the Italian lira; the
null hypothesis is reieéted for the Canadian »dollar ‘exéépf ‘aF
extremely ‘low significance 1levels., However, the significancel
~level for the duetsche mark has fallen to-v0.001 and for. the
- 8wiss franc to 0.0Q. The coefficient for the lagged Japanese yen
Ais significantly different from zero in four countries at the
| 0.04 level and in the fifth at the 0.08 level. Hansen & Hodrick

suggest that failure of the efficiency hypothesis is also
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manifest in relative high szstatistic-for the Canadian dollar

and the deutsche mark. In examining the fioating rates which
occurred after world War I, tests of the efficiency hypothesis

for three currencies relative to the U.K. pound are conducted
accordlng to Egn. (R33): |
s%+4r- £f = a; + byy(si-£i_ 4) + blz(sé 1 f% 5) + ué (R33)

The forecast interval is. four rather than 13 as,in Edh. ‘(R31)t

The results indicate that the constant term is‘signﬁtﬁcantly
l\/ )
different from zero at the 0.01 level for the entire . sample.

Hansen & Hodrick conclude that the logarithm of the forward
exchange rate is an underestimate \of"the logarithm of the

subsequently observed spot rate, it is not an optimal predictor
. ) ' . -
of the future rate for some currencies. This evidence is

inconsistent with the efficiency hypothesie. However, they

emphasize that they are testing a joint' hypothesis involving

efficient use of information-along with a particular model of
market equilibrium and suggest that an alternative model of

- market equilibrium ‘may ‘be consistent with their empirical

results.

Lorie & Niederhoffer (1968) analyze data on insider'?
tradmgs and study their subsequent effects or’ stock prlces’
which is essentlally a test on the strong fcrmr of EMH. Their
study 1is based on data‘publlshed by the Securities and Exchange

Commission for all listed compehies in its Official Summary of
'%according to Lorie and Niederhoffer (i968)} insiders are
officers, directors, and owners of 10% or more of the common
stock of the companies listed on the New York and American Stock
Exchanges.
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‘Stock Transactions. The Summary _is 2 comé;ege _record  of
transactions of at. least 100 shares in the stock of the1r own
companies by the dlrectors, offlcers and owners of 10% or more
of the outstanding shares. By analyzlng data of 1n51der trades
from January, 1950 to December, 1960 of a stratlfled random
sample of 105 NYSE companies, Lorie & Niederhoffer (hereafter, L
& N) deduce thetstatistical properties of insider tradihg. ‘Prom
frequency distribution of the number of net buyers or sellers, L
& N find that there are three or more net’ buyers in
apprdximateiy 5-9% of all months when there are non-option and
non-gift transactions and there are three or more net sellers
approximately 4% of the time. These numbers allow them to
construct control bands that filter out wunusual instances,lofv
insider trading for further scrutiny. Invtheir‘entire/sample ef
3973. purchases and 3277 sales, the odds in favour of a purchase
followed by a purchase 1is found to be 3 times as great as a =
purchase followed by a sale. Furthermore, the odds in‘favor of a
sale after a sale-is twice as great as after a purchase. L & N
suggest that a purchaseAis more'iikely after a -purchase Athah
after a sale. One purchase indicates that other}purchases are
likely to follow and that the first purchase tells more ‘theh
subsequent ones. A change in direction from selling to buying;
indfCates the new fact that future purchases are to be expected,
ﬁhereas a sale followed byva sale merely confirms the preeeding
expectations concerning the direction of insider eetiuities.
Therefore, the change in‘ girectiqn of activity is seem to be

important in deducing insiders' expectation concerning their ¥
A]



N .
54 N -

- stocks. In order to determine whether insiders possess special

7___'_,——. Co. - . o . . R i
~ information, i.e., buy before the announcement of good news and

‘sell before bad news, L & N analyze insider transactions before’
large price change" in three ways. First, they analyze the last
transaction in the six months hefore a large change. If the .last
rtransaction was a purchase, the chance of a large increase is 71
out of 100. If the last transaction sold stock the chance of a
large decrease is W53 out of 100. The odds 1n favor of a large
increase is 2. 5/1 after a purchase and 1.1/1 after a sale. The
second kind of analysis concerns the number of purchases and
sales in the 6 months prior to the large price change. The odds'
in favor of a large increase is found to be 2.2 times as great
when the number of purchases is greater. The third analysis
deals with the volume of purchases and sales in the six'months
prior to the large price changes. This evidence is - much weaker
than the other two rkindsrof analysis, but againjthe skill of
.insiders in forecasting large price_changes is demonstrated. L &
N further suggest that if insiders do possess special kinds: of
information, then, the number of different insider purchasers or
sellers in a vmpnth would sérve as a measure of the extent of
interest by insiders im-a stock. In order to test this clainm,
they study the relationship between intensive insider trading
and subsequent price movements in Stocks. L & N choose 30 stocks
. at random that satisfy the fpllowing criteria:
1. Thef are purchased by 3 or more insiders within one month{

2. They are sold by no insiders in a month of intensive

"The large price change is defined as changes of 8% or more.
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purchasing.

3. At least 2 purchasers increase thei; ﬁoiéings by mofe'tgan
10% |
Calculation of month-end prices from January 1961 to Juné 1964‘
}are made for ;%ese stoéks and for the Doﬁrdones Industrials on
all 315 occasions where there are 2 or more inside:s buying or
selling. During this period, intensive buying and sélling are .
not useful predictors of stock performance in the subsequent six
monthé. L & N then study a sample of stocks for a period for
which the exact date of purchase and salggggrérayailable. For
eéchvtrahsaction, the price on the exact-day of the tfansacfion
and the price 6 trading days into the next'month are determined.
20 perQentage chahges in pficgﬂare computed over thgr‘next 6
months. These changes are then compared to changes in the Dow
Jones Industrial Average over the same period. L & N find that
data based on this procedure indica;e a strong'relatiOnship,w,”
between insider trading and price movements. There éppeafs to be
an opportunity for investors to profit from knowledde of insidef
'tradingl When the number of buyers exceeds the number of sellers
by' at least twoN\Jit is found that the probability is about 0.6
that the stock w;:::\;ggperform the Dow Jones Industrial “during
the six months after the Qixthlﬁrading‘day following the end of
the t-ading month, and when seliefs exceed buyers by 2 or more,
the probability is about 0.64 that the stock would perform wér;e‘

than the Dow Jones Industrials in the following 6 month. L & N

about insider trading is assumed to be 6 tradirig days after the
end of the month.
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arguég that,‘ if intensive inéidef- buyingﬁﬁgggw+§glling are

~ independent of future price movements, the_probability that such
relative frequencies would occur by chance is sﬁbstaniiélif less
than 1/10@,000. Insider '7transactions : atei élightly more
guccessfulrwhén measured from the actual dat§ of the tr;ﬁsaction
than :vhen measured - from 6 tradingé days after the-end 6f the
month. L & N further suggest that during ;1963 and 1964,  the
stock market rose substantially and more Qolatile combahies
would be expected to perform better than the average duringJ a
rising market. It is possible that the companies associated with
intenéive inside trading -in the study are more volatile than
other cémpanies. To test- this theory; L & N measure the
volatility of each stock im which there‘was,;ntensive trading in
1963 ‘or 1964. The measure of volatility fhey choose is the beta
coefficient of the Market Model, using the Fisher Index as a.
proxy for the mgrket. The median beta coefficient for éll‘
ccmpaﬁies on ﬁhe'stockbexchange islapproximétely 0.95. L & N
argue that /if  the ’;pmpanies in which insiders made intensive
gransac:ions are more volatile than the market, more than half
of the beta:qoeffigients for these companies should be greater
than 0.95. The results show that during 1963, 41 have beta
coefficient greater than 0.95 and 43 have coefficient less than
0.95. L & N conclude that the higher rates of return for those
companies with i;tensive insider trading apparently are not
attributable to their volatility. Proper and prompt analysis .of-

data on insider trading can be profitable. When insiders

accumulate a stock intensively, the stock can be expected to




outperform the market during the next six months+~InsideLS—etesd—;;——f

to'buy'mOre often then dsual before large price rncreases eﬁdrtb
sell more than usual before price decreases. These ‘eridentes
indicate -the p0551b111ty of special 1nformation possessed by
insiders so that stock prices do dot fully reflectAqll availablev

information. .
- v +

Séhples“(197g) investigates secondary offerinés,_ meny of
which are 1issued by insiders, td determine whether insiders
possesses inside intormatign of an adverse nature. Secondéryf
distributions 2' are chosen instead of primary distributions
because Scholes suggests that many of the variables that éffect

-the firq's. prospectaeould be held constant, so that, secondary

distributions are thejresult of decisions that" are independent
of the factors affecting cdhpahy operation. Daily price data of

345 secondary distributions for listed NYSE firms from July 1961

to December 1965 is used by Scholes in conducting the analysis.
Monthly data fér the period.1947-1965, whiéh consists of 1,207 -
secondary distributions, is used to confirm the analysis of the

daily data sample. To isolate the movement in__s security prices_
21Secondary distributions are initiated not by the company but
by one or more shareholders to whom the future proceeds from the
““sale of the secondary distribution will accrue. The

distributions are underwritten on a principal or agenty basis by
an investment banking group that buys the entire block of stock
from the selling shareholders. The shares are then sold to
subscribers after normal trading hours at the ‘subscription
price', set at or near the closing price of the shares in the
open market on the day of the sale. There are two types of
secondary distributions, registered and unregistered.. The
Securities and Exchange Commission requires that a distribution
be registered if the shares involved in the sale represent ‘a
control relationship to the user. If a distribution is
registered there is a waiting period of 20 days, from the- day

of registration, before actual sale can take place .
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_ associated with market-wide information from possible insider

information, Scholes employs the Market Model:
Rit = aj *+ BiRge *+ Kit (R34)

vhere R1t 15 the return for period t on the 1th security,
Rnt is the average return on.a market portfol1o,

- a; & p; are the Market Hodel s parameters to be
= estxnated :

“1t is the tandom olsturbance term for perxod t.
. L
Scholes estimates the parameters of the7Market'MOdgl ﬁsing 106'
days-of return data on each security in the sample around the
day of the -secondary but excludxng the 6 observat1ons prior to,
and 7 observatxons including and subsequent to the day -of the
secopdary. An estimated prediction error, Ext' 'is comguted for a

period of 25 days pficr to and 14 days 'subquuent* to . the
. /.

distribution according to Eqn. (R35):
- [aj; + bjRge]  (R35)
vﬁere th is the actual return for security i on day t,
is the return on the Standard & Poor Compos1t
Ingex for day t, . ‘
a; & b; are the estimated coefficients of Egn. (R34).
Bach security’'s prediction é;}orémg;érthen used to compute an
average predictidn error for each day relative to the '

distribution day accordxng to Eqn. (836) where the distribution

day is defined as day 0 (d=0):

. 1 N ' ' .
By = ———-- 'L Big (R36) o
N 1=1 ’ ~—.
vhere i= 1, ..., the number of securxtxes )

in the sannle.
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VThe average error measures the average ggtimqted'perceﬁtagé;

deviation of the returns of ‘the securities in the sémple from
their normal relationship to the market. Scholes suggests that
uéing the average error and its standard error, the“siénificance_~
of the effects of secondaries on market prices can be.estima;ed.
An abnormal performance index (API) is also constructed and is

labelled as Egn. (R37).-

1 N D -
APIp = ----- Z [x(1 + E;.)] (R37)
N i=1 r=d

This index traces out the valueftof €1.00 igéegggd in equél
amounts'in'each of the N securities in the,sampl; at tiﬁé;r and
held until tgi end of period D, after abstracting from general
market egfectgiop retufns.l In the absence of any abnormal
returns, Scholes deuonstratgs that APIp would be approximately
egqual to 1.0, Prom the abnormal performance index, the marginal
rate of return from hcl&iﬁg a portfolio from period D to period
D+r,cal;ulated as ' [APIps+,/APIpl-1, and this caﬁ enable the
calculation. of ‘returns on this portfolio for various holdin

periods.,Scholes suggests that the methodology déscribgd- can
provide a means of estimating the'average éffectkof the sale of
large-block disg;igutions on secufity prices. The lestimatéd<
prediction errofﬁ are abnormal rétﬁrns not accounted for by the
security's normal relationship to the market aé.described by the
Market Model. By taking the average of the prediction errors for
each day‘relative to the distribﬁtizn day, the abnormal return

on each day associated with the sale of . the large block

distributions can be estimated. The abnormal performance index



.
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further enables the estimation of the cumulat:ve abnormal

perforuance, ~throUgh time, of ‘a portfo11o of secondarxes
purchased at the start of the period' of interest and held
through the end of the perxod of interest. By apply1ng the
-methodology to the daily sample of 345 secondary d13tr1but1ons
an?. assuming that §1.00 is 1nvested in the portfo11o of
° secondaries 25 days prior to the d1str1but1on day, Scholes f1nds.
- that the abnormal performance index falls from an initial level
of 1.0 to a final value of 0.977, 14 days subsequent to. the
distribution, a decline of 2;2%.' The absolute value of the
. average error is greater on each of the "6 days including and
subsequent. to day 0 than on any other single day.‘On the dsy of
the secondary tne’average error is found to be equqi to -0.5%.
Scholes demonstrates that the cause of the observed abnormal .
return cannot be attributed to either the price ’effect or - the
size of . the distribution.‘rln order to confirm therresuitsv
obtained from daily sampies,f,SCholes uses monthlyéwssnples
covering the period, 1947-1964 during ’which tiere are 1,207
-distributions. The average prediction error is found to be
-2.15% 1in the month of the secondary. The value of - the abnormal
performance index is 1.01 at the end of the month of the
secondary, and at the end of month}1 and month 5. It stands at
1.00 at the end of month 18 after the secondary. No  inducement
in the form of an abnormal return is realxzed over the IB-montni
period subseguent to the d:strxbutxon. Scholes concludes. thet S
the examination of abnormal return on both’ a dsily and month; T

basis shows a permanent average 2% loss associated with the sale
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- of a secondary distribution. Scholes further suggests that the

likelihood that "a sale éontained adverse information is véry,

, , . »
different among the vendor categories due to the degree of

contact of their day to day operations with the operations of

the firms they sell. Scholes ranks the 5 vendors categories, in

decreasing order concerning their possession of possible adverse

information, as follows: 1)  corporations, 2) investment

companies, 3) banks and insurance companies, 4) estates and .

trusts, 5) individuals.
On the day of the secondary, the vendor is not generally known.
I1f the announcement of a secondary distribution conveys

information to the market, then, on the day of the sales, all

the average errors will be expected to be negative and of - about -

the same magnitude. 1f the value of the information eiceeds the
expected value of information contained in secondaries, " the
price will fall further to a new.e;uilibrium price. Scholes
computes the abnétmal performaﬁce. index and the ~ average
predicting errors for each of the 5 vendor categories. It is
found that the average errors at 'day 0 are ’indeed of
approx{mately the same order of magnitude for all groups. After
the distribution, the aBsbIﬁte”magnitude of the abnormal return

is largest for corporations, followed by ﬁutual_funds, and
. : )

smallest for banks, estatés, and individuals, which 1§ " what he

has expected on the basis of a priotf classification for

likelihood of adverse information, Scholes finds that, from the

analysis of the category of corporations, the sale of a

corporate officer does contain information of significant value.
¢

-
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They sell when the security has experienced éositive abnormal

returns and is considered to be overvalued in the market. He
concludes that thgre’appears to be significant differences by

vendor and information.

In order toy@etermine the éffe&f on the return of stock
betveen registered “and non-registered disEribution, Scholes
computes'the abnormal peréormancé index and aQerage' erfor for
both groups of distributions by employing his daily sample which
consists of 73 registered secondary distribution out of a total
Qfmm345; He finds that the average abnormal return on the day of
the distribution is -0.6% for nén-negistefedvand the performance -
index falls from a le;el of 0.989 on the day of the secondary to
0.975 10 days subseguent to day 0, a return of -1.4%. For the
registered sebondaries the average error on day 0 is -0;099%,
and the performance indei\£3%§s from a level of 0,992 oﬂr day O
to 0.988 on déy 10, a fetufn of ~0.4%. The average errors are.
the largest on day -20 and -19 which are 70{26% and -0.41%
respectively. Scholes suggests tth this is the anﬁouncemént
date 6f the registered secondafy. Fro;ﬁzo days to 1IBBY prior to
thg secondary the perfgﬁpance index drops f;ém,a level of 1.005
to 0.99, a return of -1.3%. However, for the same period, the
performanse index éf the non—regist;red secondaries félls only
by -0.4%. Scholes Suggests that this provides evidence that - the
market conveys information efficiently wBichvcauses the largest
drop of the abnormal: performance index at different time
intervais; relative to éay '0, for the registered and

non-registered secondaries. He rejects the hypothesis that the
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residuals fall becauses of selling pressure and concludes that

the drop in residual 1is due to the market's belief that the

. . P
issuer possesses inside information of an adi;§se nature.

__Jaffe (1974) attempts to estimate the prbfitabilitykof
insider trades by examining the performance of a secyrity

subsequent to specific types of insider trades in that security,

which he calls insidér ~trading events. His, 6 initial sample -

consists of the 200 largest securities on the Chicago Research
F{h Security Pfices (ChSP) tape. Insiders' transactions }ofi each
-of the 200 securities are obsef;édrin 5 separate montlfs during
the period from 1962 to 1968. While insiders may transact
without special information, Jaffé ;uggests ghat their large
transactions would morevlikely be based on inside }nformatibn.
Thus a sample of large -transactions is constructed'by including
all transactions from the initial sample with values greater
than SZ0,000. This subséhple contains 370 trades, representing
39% of the initial sample of 952, Finally, 4 intensive trading

samples are constructed by including companies with at least 3,

4, 5, and 6 respectively more purchasers then sellers (or. more

sellers than purchasers) for each month. These samples include
all intensive trading companies listed on the CRSP tape du;{ng
fhe month 'from’ April to Odtober 1961; from Deqember 196i to
November 1962; froﬁ January 1964 to March 1965; from May ;o
December 1965; and from September 1966 to March 1967. First of
all,” Jaffe uses Egn. (R38), which is consistent with the two
-parameter CAPM of Sharpe and Lintner, to meaéurevthe abnormal

performance of a security.

g ———
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Rjt = 70t * 71tB5 * €4t (R38)
COV(R;¢, Ryt )
where ﬂJ -------------- .
= Var(Rmt)

- Jt = rate of return on security j dur1ng per1od t,

~

Ryt = rate of ‘return on the marketvgortfol1o

iqrperiod t,

COV(RJt,Rmt) = covar1ance between Rjt & Rmtr
Var(Rmt) = Variance of Rmt'

70t & 71t = market determingd paramefersL

~

ejt = the disturbance of the jth security

at time t. _» ‘
" The distufbance in Eén. (R38) éerves as 'a measufe of the
abnormal performance of a schrity.ASince~ i; is assumed that
inéiders pdsseésv more special information concerping their own
security than concerning the market as a whole, Jaffe studies

the residuals of securities subsequent to insider trading

events. He defines Uy as the mean residual over all = securities .
— .

in the sample for month m:

N

)2 U

3'1 -

(R39)

vhere N=number of securities in the sample.

Ujm = estimated residual for secur1ty j in ‘month m
according to Egn. (R38)
(month 0 in Egn. (R39) is the event month,
month 1 is the follow1ng month, and so on),
Hj = 1 if the event of the j security is a purchase
i or set of purchases, ’
= -1 if the event is a sale..
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Next, Jaffe defines the cumulative average residual, CUp, as:
- L m ’
CUp = I Uy (R40)
==15 .
For each sample, Jaffe constructs 3 portfolios including the
securities of all companies with events representing 1, 2 and 8
months  holding periods respectively. The perf&rmance of

portfolio t in the month from t to t+1 is defined as follows: .

S -~ _ o
z (ei,t+1 Hj) T

A - (R41)

where et t+1 = residual of portfo io-t—-in month t +1,
ej, t+1 = residual of the it security of portfollo
t in month t+1;
/ S = number of securities ﬁn portfollo t; :
. Hi 1 if event of the itP security is a purchase,
-1 if event is a sale. ,

A measure of the variability of the performance of portfolio ﬁ,
callgd'gbt, is defined as the computed standard deviation of the
residual of portfolio t, using'daté.during the period from‘month -
(t-49) to month t: '

1 50 1 50

SDy = v ==== I (ep, t-q+1 = —=== I € g-j+1? (re2)
49 =1 - 37 50  i=1 '~ °

The standardized residual for portfolio t at time t+1 is defined

as éet,t;1:
'get,t+1 T TEEITEES ° (R43)

As a different portfolio is formed for each calendar month, for
a given holding iperiod, portfolio’ t is just one of many
portfolios. The average standardized residual écross‘ all of -

these portfolioé, ST is defined as:
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8f = -==== L sey t+1D¢ (Ra4) f e
n t=51 . v

;,where Dt = 1 when there is at least one security in
portfolio t,
"= 0 when there is no security, .
n = number of months in which the portfollo has
at least one security. :
Jétfe uses data from ‘January 1935 to June 1968 (month 1 is
January 1935 and month 402 is June 1968) to estimate gy and 7t
of Egn. (R38). In Egn. (R44), t begins at 51 because 50 months
of past data are required to estimate a boftfolio's "residual
QE;TEHE;uﬁiEqn. (R42)]. Jaffes tests whether sr is significantly

different from zero by the folloﬁing t-statistic:

t = mm—m—m- (R45)

there s = estimate of the standard deviatidn of each
standardized portfolio.

In any -month an individualitrader is classifieﬁvas a purchaser
~'if the number of days during the month in which he buys 'stock is
greater than the number of days in which he sells. If the
‘re§erse'is_true, he is classified as a séiler. For each company
in‘ the initial sample, a month is classified as a month of net
purchaseré or a month of nétiséllers dépending on whether the
number of purchasers is greater or less than the number of
sellers. Months of net purchasers and net sellers ar; defined by
Jaffe as insidef ‘t;adiné éveﬁts. Events are e?cluded‘ if
companies aré not listed on the CRSP tape for 50 months before

~and, 10 months after the event. This. restriction assures

sufficient data to form portfolios and to calculate residual
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variances. For the initial sample, Jaffe f1nds that the

cumulative average residuals actually fall by approxlmately 2%

in the 15 mqnths prior to events. Cummulatlve average residuals .

'rlse approx1ma;e1y one—ha;f of 1% in the 15 months followihg
trading. The most rapid rise occurs in the‘.few months after
trading( suggesting that insiders can forecast residuals in the
near future better than residuals in .thel distant future. The

t-values corresponding to the hypothesis that the expected value

of the standardized residuals equals zero are 1.93, 2.24 ahd'

1.32 for 1, 2 and 8 month holding periods respectively:. Though
these results suggest that insiders do possess~ and exploit
special information, Jaffe further examines the sample of large
transactions to confirm rheseAresu;rs. However, the results .do

not suggest that large transactions contain more information

"~ than small transact1ons. The result1ng t-values are 1.99, 2.09

and 1.14 for a 1, 2 and 8 month hold1ng per1od respectively.

Jaffe then studies the 4 1ntens1ve trading samples  and the -

resulting high t-values suggest that insiders trade - -

successfully. The t-values are respectively 3.65, 4.73 and 5.23

for 1, 2 and 8 month holding periods corresponding to the event

when there are at least 3 more buyers (sellers). than seIlersl

(buyers) in a month. Average residuals are large, .rising 0;0507‘

in 8 months. The events corresponding to at least 4 more :bdyers

(sellers) than sellers (buyers) have resulting t—values of 3.06,

3.16 and 4.69 for a 1, 2, and B8 month holding ~period -

respectively. The. cumulative average residuals again rise over

5% in B8 months, suggesting that insiders possess special

I



68

information. When the event is 5 more buyers (sellers) than

sellers (buyers), the t-values are fespectively 2.97, 2.76 and

3.18 for a 1,‘2 and 8 month holding period. The cumulative

average residuals are of similar magnitude than the p;eviq;s
event (4). When the event is 6 more bufe;s (sellers) - than
sellers>(buyers), the t-valueS are 1.5;70.77 and 1.05 for a 1, 2
and 8 month holding ‘periodr respectively. The 'cumulafives
residuals and the t-value are small. These findings indicate
successful trading by ifsiders but do not suggest that profit to

insiders is an increasing function of the intenéiﬁy of trading.

‘UnQer the Securities and Exchange Act of 1933-34, insjderS‘ must

return all profit from a purchase and subsequent sale ( or vice
versa) occurring within 6 months of each  other. Therefore, an
insider must be prepared to retain his new acquisition for at

lest 6 months in order to profit from his inside information. as

'a result, with consideration given to transactions cost (assume.

to be 2% for a round lot transactions), Jaffe studies the first

3 intensive trading samples corresponding to an 8-month holding

~period. The results indicate that the t-values for 8-month

periods are statis%ically large (3.26, 2.92 and 1.84 for the 3

intensively trading sample respectively -in order of increasing’

intensity). Jaffe suggests that insiders earnrapproximately 3%

profit in  the B8 months after transacfion, indipatihg that -
transaction costs only diminish profit by 40%. Jaffe concludes:

that insiders do possess special infofmation, after adjustment

" for transactions cost, the intensive trading samples with

8-month holding periods are still earning statistically large
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returns. This evidence is not consistent. with the strong form of

[

EMH.

Chiras and Manaster (1978) exaﬁine the informational
content of option prices and the efficiency‘of the options‘
exchange markét by employing'.the_ Black-Scholes-Merton optioh
pricing model [Egn. (R46)]i to calculate the iﬁplied stenderd

deviation (I1SD) 2?2

W= e YtxN(d,) - e TteN(d,) (R46)
1In(Z/C) + (r - y + 1/2v2)t
vwhere d, = -=----------mmmmm e ,

. ) yt1/2

| 7'62 = d1 - Vt1/2,

W = the current option price for a single share

of stock,
X = the current stock pride;
C = the exercise price of the optiep,
e = the base of natural logarithms,
t = the time remaining until expiration of the B
S option,
77 r = the continuousvrisk-free rate of interest
- ‘ - for the period t, ‘ 
| v = the standard deviation of returns
Co ~ on the stock daring the period t,

N(-) = cummulative normal deneity function of (:.),

y = the contlnuous dividend y1eld on the stock.
&
Chxras and Manaster (hereafter, C & M) suggest that dividend on

_zzAn implied standard deviation equates an observed option pr1ce
with the price calculated from a partlcular option pr1c1ng
formula. -

/

7
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some stocks may be substant1al aqd can have a s1gn1f1cant ﬂffect

on the valuation of opt1ons whose stocks make such payments
during the life of the options. S1nce the Black-Scholes model
assumes no such dividend payment, Egn. (R46) which assumes

dividend payments to 'be cdntinuous over time, _is' used to

calculate the ISD. Dur1ng the per1od ‘encompassed by their study, .

there 1s an average of 6.3 opt1on prices recorded per stock for

each observation date. Each of these options had a different

ISD, C-& M .suggest that the ISDs muet be combined; in order to
produce a singie estimate of future standard deviatioh of
‘returns for each stock. The equation used to obtain the# weight
~ implied 'standard deviation (WISD) of the options on one stock

for each observation date is as follows:

N oW v
z ISDj -3 --2-.
=1 BVj WJ
WISD.= -—-———=—- ittt (R47)
- N oW K -
.Z -3 --2‘.

 'where N = the number of options recorded on a particular
stock for the observation date, - |
I8Py = the implied standard deviation of
option j for the stock,
——-3. _230 L the price elasticity of option j with
j W5 respect to its implied - -
standard deviation », -

C & M posit that in an ‘efficient market prices will fully

reflect all available infofmation,‘ Thus, estimated variances

.calculated from option prices should reflect not only the

informational content of stock price history but also any other
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variable information. They suspect that thé ‘WISD values would

reflect future .standard deviations more pccuratély than ‘do the

historic sample standard deviations. As -a result, they state’.

their 'hypothesis as: "Standard deviations inferred from‘option

prices have been better pred1ctors, of standard deviations bf

future stock returns than -standard dev1atlons obtained from .

historical stock returns.” In testing their hypothe51s, they run

the following 3 regression equations:

SDFUT; ¢ = ap *+ By SDHIST; (R48) ’
SDFUT; + = ag + Bg WISDj ¢ (R49) '
SDFUTj ¢ = ac .+ Bcp SDHIST;  + BogWISD; ¢ (R50)

where WISD; ¢ = the weighted implied standard deviation
of returns for stock i at time t,
:SDHISTi't =;thé sample standard deviation of returns
for stock i from time t-20 to time't,
SDFUT1 £ = tﬁe sample standard deviation of returns
for stock i from t1me t to time t+20

an, By, ag, Bg, ac, Beps Beg = regression coefficignts. '

The SDHISTg and the WISDg are compared to determine which

predicébf‘is'superior during the test period. The combination of

SDHISTg and WISDg are also comparedrio determine whether each

predictor provides - unigque. information or- contains only

information already captpredrby‘fhe&others. Their testing period

begins two months after the start of the listed option trading

L)

and lasts for 22 months, i.e. with 23 méhthlyf observations -

begiﬁning June 19723 and ending Aprxl 1975. Data are recorded

for the last trading day of each" month for each option on stocks

~—

i
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vhose optzons are ttaded on the Chacago Board Optlons ‘Ex¢hange

. (CBOE) as of June 29 ' 1973 All the necessary daté~ or Eqn.

‘(R46) are taken dzrectly from the Wall Street Jou . and the
Hoody 5 Hﬁédhook of Common Stocks. The monthly price ratxos of
each underlyxng stocks are taken from the CRSP tapes for each of

the 23 stocks in the sample. By employlng the1r procedure to

tHeir sample, the. results -indicate that hzstorxcai standard

devi;tions gxplainl apptoximately 26% of the fUtu:e standérd
deviatfoﬁs of stdck returns and the cqrresbonding R?* for the
veighted dmﬁlied standard deviations obtained from option ptices’

is 0.32. The increase is 23%. From June 1973 to February 1974,

. evidence indicates that there is little difference between the -

VAT
R\\

predictive characteristics -of the‘WISD‘and the SﬁHIST values.

Beginning in March 1§74,, less than a year after the start of
listed bption trading; the option implied - standard deviations

shov a sudden increase in predictive ability and begin to

.explain more of the future standard deviation of stock returns.

.

The average value £ R? ih this é@tiod'in;reases td 0.39 as
compared -to 0.2t in the previous period. Tte” regression using
SDHIST does _not indicate aﬁy ttedd in ﬁtedictive dbiiity-bvet
time. Evidence suggests thal the pred1ct1ve ab111t1es of optzon'
;np11ed standard dev1atlons are contlnu1ng to improve. dut1ng the
entire per1od under study and that the opt1qn market becomes
more efficient as tzaders ga{d more expetience. The rﬁﬂil
hypothes:s that the reg:esszon coeffzcxent -equals zero is
re]ected ‘at the 5% level in each zonth for both Egn. (R48) and

Eqn. (R49). The t-value shows a tendency to increase over time.

.

[

"[fj
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When considetiﬁgyaqn. (R50), C & M find that the R? values are

sub;tahtially highér than corresponding values associated with
Egn. QR49) for only 3.h?nths (July, August and 'Octeber' 1973).
) After October ° i973, the multiple regréssion model does not
produce substantially better ﬁz values than those obtaiﬁed' by
use of the option 1mp11ed standard deV1at10ns. The t- values for
the coeff1c1ents of WISD are at a subgtaptlally fhlgher value
<than' those of 'SDHIST. After February 1974.77the‘,t-values
associated with the coefficients of‘SDHiSTg deteriorate sharply
‘relative to those of 'QISDS suggesting that the use ot SDHIST

value add no 1nformat10n that is not already contained in‘ the -

values of:- WISD The analys1s 1nd1cates that - the ue1ghted 1mpl1ed |

standard dev1at1on is a better predictor ’for future standard
deviation of stock returns. C & M argue¥thatfaithough the
t-statistic ,for ‘the ecoefticient of historical - ’standard
deviationa is significant, aay aaditional~iﬁformation containeé‘
does not apbe%r'to_adequatelyrreeard‘tﬁe extra  effort required
te include them in the analysis. They cdnclude that‘tﬁerweightedt
implied standard deviations have been substantially bette:.
_predictors of ‘future standard deviations than have the

historical cnes. C & M then develop a trading' strateé& vhich

uses WISDS to test the efficiency oi,ihe CBOE and the accuracyirrﬂ

of the evaluation model. They suggest that 1f the assumptions of
the option model are correct and the option market is efficient,
then all options on the same stock at a given tipe fyouid be
expected to have identical ISD vé&ues; However, the ISDa*values
are‘found to differ widely. They explag; the differences in

-
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terms of non-simultaneous data, improper model ‘8§ecification

[T

and/or market inefficiency.. To 7déterﬁine'iﬁ;£het the CBOE is

inefficient, their trading strategy examines whether atﬁitggfz;

profit can be ‘@exploited from the.CBOE'by creating'a riék-free

portfolio of hedges which eliminates the effect of stockvfpgicq, o
| movements. Hedges are constructed between options on the same |
underlying. stock such that a. riskless trading 'process is

obtained. of the 118 hedges 93 are profitable ‘qnd the

antici

anticipated gain is 17.45% per month. The portidn of the

Z;téa gain vhich . is realized is 57%, leaving 43%
' attributab;e‘tq modei error. The gain on ghé‘shoft positions is-
1343 - of their anticipated returns and the gaih on the loné
positions ig -24% of their anticipated feturn{ o ﬁ show that
the gains are positive for 78.8% of the hedgés and for 95% of
the monthly portfolios. They conclude that duri;g'éthe ‘period
covered by ‘their data, June 1973 to April 1975, the prices of
options on the CBOE provide the opportunity to earn economic

profits; and therefore, the CBOE market is inefficient.

Gibbons & Hess (1981) studies the day of the wveek effects
by conduétiﬁg tests on the S & P500 index, the value and equaliy
veighted CRSP type indexes.,Their overall sample periods ruqningv
from July 2, 1962--December 28, 1978. To test the day of the |
‘week effect, Gibbons & Hess (hereafter, G & H)fxse the following

equation: - o .

"Rit = ayiDy¢ * a2iDa¢ * a3iD3¢ +°

a4iDgt * @5iDsy + P (R51)

/ﬂ
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_ ;here'Rit = the return of index {or security) i in period t,

»iy = the disturbance term for index (or security) i in
: period t,
Dy = 1 for Monday and 0 othervise (a dummy variable),
+ Dzt = 1 for Tuesday and 0 otherwise,

Dgy = 1 for Friday and 0 otherwise.

o

Vit is assumed to be independently and identically éieﬁributed"*

with meen O_en§ constaﬁt ,varience. G & H suggest ethaf‘ the

coeff1c1ents of Eqn. (R51) are ‘the mean rerurns’for Monday.
through Frzday For all sample periods, except the November 29,
- 1974 ‘to Deceqher 28, 1978 per1od, the hypothesis of eqguality
across all the regression coefficient is rejected for each of
the 3 indexes employed. *The resuits indicate that Mohday'
‘consistenglz‘qffers a negative returh, while Tuesaay's returh
appeare to -be slightly low. ﬁoreover;'the returns en WedneSday
and Priday appear ‘to be somewhat ;igher than Tuesday 6r’
'Thursday. For the overall sample, the average ennual return on
Monday range$ from -33.5% (the § and :PSOO) to -26.8%A (the
equally weighted index). The estimatedyautoeorrelgtion at lag 1

for the S & PSOO an§ the value-veighted indexes are abouf .0;2
" and theéfgfor the egqgually-weighted index is about 0.4. G L H
suggest that these autocorrelations may be explained 'sy
non-trading of securities, 1In prder to overcome the possible
problem of nontrading, individual securities are tested with
BEgn. (R51) serving as the underlfing Stat}stical model. G&H
select the firms of the Dow Jones 30 for the tests since theee'

securities are actively traded. The sample means for each day of
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the week are obtaihed»for periods running,ﬁtqy,gy;x 3, 1962 to
December 28, 1978, from July 3, 1962 to October 27, 1976 and
from Octdber 30, 1970 to December 28,.1978. They find ihat
Monday effects are not limited to a few se;urities,wqurv the
overall period ané the first subperiod, all 30 securities hévéra
negative mean on Monda;% In order to,eﬁsure_that ~these results
rare, nét due to inappropriate statistical assumptiéns concerniﬂg
the underlying modei of ﬁqn. (R51), i.e.,~ the aésumpéion that
tﬁe covariance matrix is the same for all da§5‘of.the‘veek, the
data is adjusted for heteroécedasticity. G& H find that the
‘heté;oscgdasticity"édjustmeﬁt has no iﬁportgnt impact on the
previdus results. They suggest'that one possiblé intefpretation
of their findings'may be market inefficiency. Such a‘conclusion
‘assumes that tﬁe market attempts to price securities 'tov“yield
the gamé expected return for all days of the week. However, thék
constant bxpectgd return model may not be a valid description of
capital markeé equilibrium and conclusion bésed on this model
_may be misleading. Thus, G & H -conclude that their resulfs’
provide strong ’évidence of varying equlibrium returns across
days of the week which may = be independent . of market

" inefficiency.

. In_ summary, the weak form Lofv the AEM%' is | generally
consideréd to be a reasonabie deééripgibn of capital marke;
efficiency. 7Alexander(1961;1§64),» Fama & Biume(1966) ~and
Pama(1965) have all suggested that securities are priqéd
e:ficiently with respect to ‘the weak form inforﬁation set.

However, their researches still face the - problem of



\capital market eff1c1ency. Examples are the researches conducted

stock splits and by Charest(1978a) concerning °capita1r market

77 H

non-exhaustion of* the set of 1nformat1on concern1ng past pr1ces

across secur1t1es. On the other hand the strong form of the EMH

is generally considered to be an 1ncorrect descr1pt1on of

4b§\ L&N(1968) . and Jaffe(1974) concerning insider trad1ngs. L&N
and\Jgffe have all concluded with the fejeCti°“ of the strong

form; Khowever; L&N have assumed the Market Model dur1ng some

point of the1r study and - Jaffe has assumed the CAPM. Thus,
rejection of the strong form may be due to market d15equ111br1um

and/or model m1sspec1f1catlon, and may be independent of market-

ine £1c1ency.-

The most contrad€Cting results follow from the;.researches
dealing with the semi*strong form of the EMH. Conéidering the
semi-strong form alone, one half of the studies cited in the
section suggest its rejection, while the'remaining half hold an

- ' .vQ °

opposite viewpoint. Examples are the two independent studies -

conducted by FFJR(1969) }concerning the information content of

efficiency with respect to stock spiit proposals, approvals and
realizaticns. FFJR provide evidence to support the sem1-strongﬂ‘\RR
‘form while Charest suggests that fthe ‘stock market is not
semi-strong farn ~efficient with resbeCt to the information
contents of ~ split ,propoeaie. 'However, note that FFJR's*study

does not exhaust the information -set corresponding to the.

semi-strong form. Thus, non-rejection of the semi-strong form

does not neceeearily imply its unambiguous acceptance. On the

other hand, Charest has assumed the two parameters CAPM in his .
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study; thus, rejection of the semi-strong form may be due.to

market disequilibrium, misspecification of the. CAPM and/or

market inefficiency. It follows EHEYWéBérést's'study does not

suggest unambiguous violation of the semi-strong form.

Since UnambiguOUS rejection or acceptance of the

3

semi-sfrong form"of ‘the EMH is noﬁ provided by previous

researches, it motivates wus to devise a‘methoddlogy that is,

capable of ;ejectingAthe'EMH unambiguouély via the TF., A study

concerning the ‘day of "the week' effect is also cited in the .

4 o

section to justify the inclusion of this effect in our study.
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Res;érchStgtement‘

The objective of this resea}cyy’a; indicates previdusiy,‘is
to test the sémi—si}ong form of :the ‘EMH'Zbyr a TF approﬁch,,
Specifically, “the efficiency-of‘thé Standard and Poor 500'Iﬁdex 
will_be'examined, The data emplofed are the most tecént;yi
available daily returns data of the value-weighted New ¥ork &
American Stock Ekcﬂange Cpmbined.Index (the {nput sefies)r éndi
those of the Standard &‘)?oor 500 Iﬁdex (the output seriés),
" which run from January 3,‘1984 to December 21, 1984. The daily
returns data, which inCludé all'distributions,_i.e., dividend
payments and stock spiits: are taken from the computer tépes.

available from the Center for Research in Security Prices at the

Uhiversity of Chicago (CRSP tapes).

Previous research indicates that smali stocks nbrmaliy shbf,
a higher risk adjusted a&eragé return. Thus, it hay be ipossible
that sméli.sﬁocksvaré more re§ponsiv¢ to some public information
than thé iafger stocks in the S&P500 Index,:’sinéeh speculators
may move more quickly to buy or sell the‘éﬁaller stocks than the
less risky stocks in the S&P500 Index. It,ifollows that it is
possiblé for the existence ofva transition period before the
information can be ‘transmitted"‘to. the SP500 series. ‘Thﬁg,
information Effec;ing tbe‘fNYAM series(including smglitstocks)
may be used to fbrécast the SP500 Iséries. As a result, we
attempt to use the NYAM seriéS’as input to predict the output

SP500 éerie;.




Infordef fo identify'é TF medel for_pherqgtpuEkSPSOO series
accurately, the time"series,oficohcerhimUSt be continuous. 1f
this is not the case, and the output~ and/or the input series

exhibit(s) seasonal variations, 1naccurate univariate time

re

series model(s) for the 1nput and/or output series may arise
durlng the- initial steps of the TF‘modelling process. This, in
turn, may bias the subsequent 'Identification' process andﬁ
result ’in an inappropriate or inadequate TF médel.” Thus;

~conc1u51ons ~regarding market 'efficiency based on this

3

1nappropr1ate TF model may be m151ead1ng and 1ncorrect.

- The problem of discontinuity is not concerned with the
» 'five-day work-week' of the stock market. Rather, it has'to'do

with the public holiday(s), i.e., we are interested in
‘cdhtinuity of 'trading' days rether than 'calender' days.

Fortunately, the problem of unavailability ef data due to public

holiday(s) canr be overcome by the introduction of -an -
intervention model to both series priofrto the identifieation of
the',subsequént TF component. The most rcommonly en;ountered
intervention models are the zero order and first order models
which are analogous to ﬁén. (P2) and Eqn. (P3) 2* that describe

the =zero order and first order TF. The only difference is that}

#3170 gee this point clearly, consider an output series which
possesses a 5-day(or weekly) seasonal.cycles. If there is-one
missing observation per week during the model building period, a
5-day cycle may be identified wrongly as a 4-day cycle during
the univariate analy51s. Thus, the subsequent CCF analysis may
be biased since the incorrect univariate model would be applied.
This, in turn, may lead to the identification of an incorrect TF
component and the subseguent noise component. It follows ‘that
the TF identified may be biased and inappropriate.

i'Ref=- to p.14.

Yy
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in attempting to estimafé the series levels for the periods of

m1551ng observatxons, the input serles of the intervention modele-
e

takes on;ea—~vaiue~'of 1 for perlods of unavallable data and 0

otherwise. For the zero and first order Intervention Models, we

write'Eqn. (1) and Eqn.i(2)’respectively»as:,

Yy = WI; + NOISE S
Wl T
Yo = —-------- + NOISE (2)
(3'613) '

where Y is the time series to be modelled.
I is the intervention time series (1nput ser1es)
of the intervention model » -
I+=1 for periods of missing observat1ons ‘
_ _ =0 otherwvise.
i B = the backward shift operator.
’ NOISE is the no1se residuals of the ¥ ser1es.

The zero-order»1ntervent1on_model posits that the series level
' subsequent to the periods of wunavailable data will not be
d1storted while the first-order 1ntervent1on model assumes that'
the series level subsequent to: per1ods of unavailable data w111
change gradually»and permanentlylw1th the total change in ther

:th

j subséquent period -amounted to .2 woa,i, i.e., the net

i=1
change in each jth subsequent period is ﬁoa,j. Depending on: the
series levels subseqguent to ‘periods of missing observations,

Egn.. (1) or (2) may be used to estimate the missing data.

In order to build-a more reliable univariate model for both
the input and output series in the initial step of the TF
L, =3

modelling process, we isolate the effects 'Of

possible .
-differences in returns associated with each day of the veek by a

zero-order . intervention model before analyzing the series
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re51duals. A zero-order intervention model is justified becauSe

there is no a priori reason that the returns ser1es wlll' behave»*

e

abnormally, SaY. after avMonday, Tuesday, coe etc. This same
univariate model associated with the SPSOO series will be used

to test the martingale hypothesis‘ that expected returns are

constant for Monday through Friday.

F )

 After the effects of unavailable data and possible returns
differencesihaxe"EEen properly isolated by an appropriate
interVention. 'model," e can -proceed with the Box-Jenkins -
procedures for the identification of the TF for the output SPSOO

series. The Box-Jenkins . procedure for time series model

building, as suggested hy Box & Jenkins (1976), involves seven

steps which can be outlined as follows:

1. Preliminary,Univariate Analysis -- Univariate models must be
builtlfor the output and input eeries. If'modeling indicates
that either series is non-stationary, the ‘series must be
differenced Aappropriately to eliminate between-serles'
correlations due only to drift or trend. \

2. Transfer Function 'Identification -- The Integrated
Autoregreesive Moving Average (ARIMA) model for the input— -
‘series is 1nverted and applied to prewhiten both’ the 1nput
and output series. The Cross. Correlation Function 7(CCF)’5
lbetyeen theéb prewh1tened series is wused to.identify a
transfer function model for the relationship between the

input and output series. Prewhitening is necessary to ensure

that the CCF 9£ta1ned is not contaminated by within-series

- e - — - —— - -

% For a descrfgtlon of the CCF, see appendix C.
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correlation. By prewhitening,,ﬁe mean that the””ﬁnivariate

ARIMA' model for the input series,Eantified°in'step (1) is

inverted and applied to both series.

Noise Component Identification -- Parameters for the -

trané%er function component are estimated. Residuals from

this estimation are used to identify.an ARIMA mo@elZEOr"thé
noise component. - ‘

Estimation -- Paraméters for the fully ideﬁtifiéd tengative
model are estimated. If the parametérs'of either componeﬁt,b

i.e., the TF or noise component,, are not §§i:is§ically
po

ent,; must
A

be identified, i.e., retufn' to step 2. By otherwise

significant and otherwige acceptable, a new ‘com

acceptable, we mean that noise component parameters must lie
within bounds of stationarity-invertibility, i.e., w}thin -1
and 1; TF parameters muétrlie"within the bounds of system

stability, e.g., &; for first-brder TF such that -1<8,< 1.

Noise Component Diagnosis -- If rgiiguaisnbf the tentative

model are not white noise, a new noise component must be

‘identified, i.e., return to step 3.

Transfer Function Diagnosis -- If residuals of the tentative

model are correlated with the prewhitenéd input series,' a

new TF component must be "identified, estimated and

diagndsed, i.e., return to step 2. The TF cdmponent has been

specified - to account for all pfbcess variance common to the

d +

input and output series. 1If the TF component ris

statistically inadequate, a large portion of thekoutput

variance will shew up as model residuals. . Thus, - a
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étatisfiFalIy adeqbate TF c%wpo?eﬂtwillgeindependen;of'g.,
the noise qomponent{. The CCF estimated between the :
prevhitened input series and the ﬁodel residual can serve as
an “indication of the independénéy. If the TF and noise
rcomponenfs are not iﬁdependent, thére will Be spikes at ithe
low-order lags of thg CCF. | ) - i

7. -Interpretation of the Final Adeguate 'Modél - The final

adequate TF - model identified must have pré@ﬁgcal

interpretation depending on its form.

Since a univariate time series model must be identified for
both  the input and“outpﬁt seriésvinAthe initial step ZStep(1))f
of the procedure, ané the univariate model identified Ec: tﬁe
output SP500 séries 'will also be used to test the martingaie
hypotheéis (H3), we outline the uniﬁariate mcdelliﬁg process as L
f&f&ows: | - . ;J‘,,
1; IdentificatiéH T The estimated autocorrelation function

(ACF)?® of the time series is ﬁsed to'determine whether the =~
—vseriés is: stationary, if noh4stationarity is indicated,

e.g., by aﬂ‘ACF which fails to'die out guickly, it will be

necessary to difference and/or transform "the series

appropriately prior to'identifying'a fentati?e model. If the

time sefies isx‘itself’(or after appropriate differeﬁcingf

stationary, then, the ACF ahd PACF (Partial Autocorrelat109/f;§\\\

Function)?” can be used to identify an ARIMA  (p,d,q) mo@el”",ﬂ%;

~for it. E.g., autoregressive processes are characterized by

- o —— -

7% For a description of the\ACF, see appendix C.
7 Por a description of the PACF, see appendix C.

!

;e



deéafihé ACFsr$nd spiking PACPs. An xniuafép;&;ﬂ}ﬂproce§s4ffwg*?*
expecfed to have exactly p non-zero spikes in the first ps
lags of° its 'PACF, all succeésigg :lags of the PACF are
expecfed to mbe ,zéro. Moving averag? — processes aée,
'Ehifiééerized ~byv'spiking ACFs and decaying PACFs. S 9., an

'.ARIMA (0,0,q) process is expected to have exactly q non-zero

‘ prkes 5ih~ the first g lags of its ACF, all successive lags
of the ACF are expected to be zero. An ARIMA (p,0, q) process
?;s expected to have both decaying ACF and PACF.

2. BEstimation -- Parameter estimates must be stdtisticaiif
significant and must lie within the bounds of
statiénarity-invertibility, i.e., between -1 and 1. Any
parameter .wlose estimated value is noi significantly
different than zero should b; dropped from the tentative

~model. If the estimated parameters of the tenggfiVQ model do
not satisfy the étationafityéinvertibility conditions, then
the tentative model musﬁ be rejected and a new model must be
identifjed]gf.e., return to step 1. 7 :

3. Diagnosis -- Thé’model residuals of the tentative model must

be white noise. i) It must be independenti at a girsti and

second lag, thus, the ACF for the ﬁodgl residugls must - have

no statistically significant values (or spikes) at the tirs} 7

2 lags. ii) The residuals.must be distributed as white noise

as shown by a statistically insignificant Q-st:tistic". 1f
r;:;;;-azgz;;;;;;;fis given by the formula:

Q= N‘;_ [ACP(i) ]2,
The Q-statlgzlc is distributed approximately ch: square with
degree of freedom equal to k-p-q-P-Q, vhere k = § pf lags in the
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;he tentative model meets the white noise requzrements, it

e

is accepted, it not, a new model must be 1dent1f1ed i.e.,

return to step (1).

;5;The final form ot the TF model identified for the SP500
serles v1ll be used to test agalnst the null hypothe51s (H1) or
(H2): ) - ' S
H1: Parameter W, and/or time lag b of the’final O-order TF model

aré/is statiéricallf ihéignificant.
H2: Parameter W, of the-  final 15t order TF model is

Statistically insignificant.

The univariate ARIMA model identified for the SP500 series

will be used to test against the martingale hypothé%is, (H3):

H3: The"’expected value of the SPSOO series is a constant, i.e.,

‘the univariate ARIMA model built for the SPS00 series

~ [

satisfies either condjtion (a) or (b)  concerning the

martingale property.?’

=

.I1f (H1) or (H2) is rejécred, the semi-strong form éf EMH is
rejected while rejection of (H3) would’imply the rejéctién-off
the martingale property. Note that,. noh-rejection of (H1) or
(H2)_ does not necessarilé imply the ;cceprance of the
seﬁi-strong form of EMH, since it is possible that vsomé other
input serieﬁ)' QZQEaes the NYAM series,_in the set of publicly

available information, which have not beenyusea by the ’market,
2%(cont'd) ACP, p & g are respectively the order of the -
autoregressive and moving average process 1dent1f1ed P & Q are
respectively the -order of the seasonal autoregressive .and mowving
average procCess 1dent1£1ed.

3%Refer to p.21-22 of the 'Problem Statement’ Section.

—
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e ~  Procedure

The first 538 daily returns data of the value- welghted

~ Standard & Poor SUGQIndex (SP500 series) and that of the New ~

York & American Stock Exchange Comblned Index (NYAM ser1es) from
January 3,-1984 to December 21, 1984 are used to bu1ld the TF
modell _yhile the' last 10 ‘observations of each serie§ are
reserved for comparison between exf%%st~forecasts generated from

™~

the best model chosen and the actual alues of the SP500 series.
] B 7

The t1me serles plots for the SP500 and NYAM./Eer1es, frcm
January 3 to December 7, 1984 are shown respectlvely in Figq. ta
& 1b. From January 3, 1984 to December 7, 1984 (the model
building'period), there are 6 missing observations due to pubiic
holidays, iFeb..;ijipril 20, May 28, July 4, Sept. 3 & Nowv.
22). 1f there exiats a seasonality component for one or bcth,qf'
the univariate time series and/or the final‘TF model identified,
these nissing observations need to be properly’accounteq;for by
some estimation'teChnique. This technique should also'be Capabie
of isolating the effects- of possible difference of returne
betveen”eachiday of the veekrby the wunivariate series Dbefore

proceeding with the identification procedure. The estimation

technigue employed is the Intervention Model.
AY

""Egn. (3) and (4) are the zero:prder“intervention'models

used for the estimation of the 6 missing observations for the

NYAM and SP500 series respectively.?®- “

3%pgn. (2) is also used to estimate the series level -
corresponding with the 6 missing observations. For Egn. (2), the
estimated value of the W parameter and its associated t- value
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_NYAM; = WI; '+ NOISE - 3 R

SP500y = WIy + NOISE (4) .
 where I, =1 for period t vitg\missing'observétion,
=0 otherwvise. |

B

W = estimated value for the missing series

e 1
;

levgls.

-

" NOISE = unmodelled noise residuals corresponding td

3 . the univariate time series indicated.

In'ongr to employ Bqn.(3)r-and Egn.(4), thé 6 missing

" observations are initially assumed to be zeros. The
justification of iﬁitially assigning zero values for the missing
observations follows from the inherent éssumptign-of the CRSP
tape in calculgting daily returns. Let Pt-q bév thé "price ' (or

index level)ﬂ*é£_thg\§YAH series at the end of &g t+1, Py 4 ~be
— e ,

the price of the NYAM series at the end of day t+f§: t+1 be the

&

dividend payment received on day t+! and let~daynéébeva,publipﬂ\‘

Y

holiday. The CRSP tape assumes that the return of day t+1° is
equal to (Py4y + Dg4y ~ Py-y)/Py-y, however, the actual return:

on day t+1 is (Py4+y + Dysy - P¢)}/P¢, Pr {§ not observable (or

available) and is approximated by Py.; and D; is equal to 0

- ——— - ———— -

3%(cont'd) for the NYAM series are respectively -0.0002 and 0.09
wvhile those for the SP500 series are respectively -0.0006 and
0.28. The estimated value .of the §, parameter and its associated
t-value are respectively 0.1967 and 0.05 for the NYAM series,
vhile thosé for the SP500 series are respectively -0.0153 and
-4 0080. Note that, the insignificant of the §, parameter implies
ghat Egn. (2) is reduced to a O-order intervention model which
justifies our use of the O-order models labelled by Egn. (3) and :
- (4). The insignificance of all the estimated parameters, for -
‘both the NYAM and SP500 series, .corresponding to the use of Egn.
{2) imply identical results with the use of Bgn. (3) and (4),
i.e., the migsing series levels are estimated to be 0.
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since there is pzesumabfy no dividend‘fpéymenf“*on“u*public

.

ﬂoliday. As a consequence, .the implicit return on’day t is éqUa;
to (Py + Dy - Py_y)/Py_y which is ggﬁal to 0 since Py is assumed
to be egual to Py-y and Dy = 6. Thus, if the W parameter in Egn.
(3) or ~{(4) 1is significant, it means that the 6 missing
observations are statlstlcally different from O. :Evidenge
sugégsts, that the W parameter corresponding to Eqn. (3)Aé;d (4)

are not significant. The missing obseérvations are estimated to

_be -0.006 for the NYAM series with associated tjvalgpy= 0.2,

while those for the SP500 series are estimated to be -0.0003
§ e

with t-value = 0.09. Thus, all the missing observations are

assumed to be 0. They are not excluded from the data set because

of the possibility for a seasonal variation.

1

In attempting to igsolate the 'day. of the week' effect

before proceeding with the- prewhitening and identification
process, we examine Egn. (5) and Egn. (6) corresponding _to' the

output SP500 series and the input NYAM series respectively, with
* ¥

missing series levels estxmated to be zero:

sp§qgt = Wylm,t -+ Wplp, ¢ * Wely,p * WThITh e * WFIF £ ¥ NO}SEi;,

7* , -7 A5)

~

NYAMp = Wylm,¢ * Wplp ¢ + Wyly,p * Wrhlrh,t + Wplp,t + NOISE (6)

where i = 1 for Monday & D otherwise,
M, t J
Ip ¢ = 1 for Tuesday & 0 otherwise,
Iy ¢ = 1 for Wednesday & 0 otherwise,

Ith,t = ! for Thursday & 0 otherwise,
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‘IF’tv- 1 for Fr1day & 0 otherw1se,»

W, W, W, Wop & WP are the parameters to be S
estimated wh1ch correspond to the estlmated serfes
‘levels %or Monday, Tuesday) Wednesday, Thursday &

Priday respectlvely. N —_

- e

The estimated parameter values andsthEirvesSOciated t-vélues for
‘Eqn.. (5® and Egn. (6) are shown respectlvely in Table ! and
Table 2 From Table 1 & 2, ‘'we notice that all the yw””‘ rameters
jare statistgcally 1n51gn1f1cant, except foﬂngh which shovs a
-~ slight evidence of a Thursday effect with t-y&ioes equal to 1.78
—and ‘1,61 respeé¢tively for Eqgn. (5) and (6). Tﬁe residuals of
Eqn~ (5) are stat1onary and are not d1fferent than white noise
as shown by the ACF ; ‘PACF in' Pig. 2a & Zﬁ, ﬁagi:g\no
significant spike at any lag. The ACF & PACF (Fig., 3a é ‘3b)
the residuals correspondind to Eqn. (6) indicate that the NYAM:
series, considering the 'day of the week’ effect, - are
stationery: However, they are not'a white noise process.since
'significaht spikes show at lag 1 of both the ACF & PACF. Siaoe

the prewhitening process requ1res the 1nputﬁser1es to be vﬁ?te

noise, we mode{\}he non-wh1te residuals of Eqgn. 5(6) as Egn. (7).

(1-¢,B)NYAM, = +a, (7)
0. 2034AHt Ehogh ¢ t
(3.25) .B4)

Note that only the Wy parameter is reteined in Eqn.(7) _because
of a "slight' Thursday effect shovn by Bqn (6). The estimated
values for the Wpp and ¢, parameters are shoun d1rect1;7 below
~ Bqgn, (7) with t-values in parentheses. The residuals of Egn.(7)

as indiceted by its ACP & PACP.(Pig. 4a & 4b) are not different
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than vhzte no1se thh Q—stat=}9 2 Thus, th¢ output SP500 series

is prevh1tened as Eqgn.(8):
| (1"¢1B)SP500£ = wThITh,t + ay 5 ) . (8)
The CCF between the noise componenfgqpf'Eqn (7) & Bgn.(8) is

.4 w

examiped in order to 1dent1£y£a TF model for "the -SP500 series.
The CCF, as shown by Fig. 4c, has a sigle 51gn1f1cant‘5p1ke at
lag 0. This signifies the appropr1ateness of a Ojorder TF-- with
no input lead, thus, Egn.(9) i;yrun:

-

SP500 = WoNYAMy + Weplpp, ¢ + NOISE (9) T -

The . residuals of Eqn.(9),'§éiindicated by its ACF & PACF
(Fig.5a &ISb) aT® not white noise with significant spike at lag

2, Many different models have been examined. The best model

obtained is an AR(1) model, thus,, the residuals of Egn.(9) is .

~

modelled as Egn.(10): _ ‘
SP500y = WoNYAM; + WyplIqp, ¢ + ap/(1-¢,B) (10) ;

. N .S V".k \H.
whe®e a; indicates that the residuals are white noise.

°
*-

o~ .

The ¢, paraﬁeter associated with Egn.(10) is highly
significant - with t-value of 9.9 and estimated value of -0.0678.
The residuals of Egn.(10), as shown by their ACF & PACF (Fig.6a

& 6b), are not different than white noise with Q-stat=20,1

However, Fig.6c shows that the CCF between the white noise

residuals and the prewhitened input series of Egn.(10) shows a -

significant spike at lag 3- indicating that the residuals of

. Bgn.{10) at time t are dependent upon the input series at time

t-3, This implies that the iriput series at time t-3 may help

forecasting the -output series at time t. Thus, Egn.(10) is not




93 =~

<

‘adequate, we examlne*zan(lll. ' L e
SP500; = womwt + W. nxmt 3 + WThITh £+ at/(1 ¢,B) (11)

s E
- e

The re51duals of" Egg. (11),"as_5hown by its:ACF & PACF
i(F1g. 737& 7b), -are not d1f§erent than white noise with ro
's1gn1f1cant spikes Vat any lag and anQ-étatistic value of 19.2.
The CCF (Fig. ?C}'betVeen thevwhite'noise residuals of Eqn.A(i#);,
‘ang Eqn. (7) (the prewhitened inpu: series) 1ndlcates that Eqn.
-(1{) ;;y be an appropriate TF model for the SP500 series due 7t6
the absence of any significant sp1ke at lower order lags.
However, the eétimatedvparamete} values of Eqn.i (11) together
with  their corresbondiné t-Qalues, as, shown in Table 3,
indicates that the Wry paramefe; ;s not statisticall;.
significant"while all other parameters ate highly‘significant‘
with the estimated value of ¢, (-0.0673) being well Qithin the
bound of system stability. So, the Thursday effect is ruléd out
and assumed to Have no gignificant:effect on the TF médel_ (Eqnf'

(11)), at leaéf, for bivariate -analysis duriﬁg: the moﬁél
building period. This evidence, coupled with the absence of a
seasonal component  in Egn. (11), suggests the use of the
original 'rav' data series free of any estimation for “the
missing obsergations and possible 'éay of ﬁhe week"effeéQs.
Thus, the Box-Jenkins procedure is re-iterated by ignorihg the

>

missing data and the Thursday effect.

- Once again, the 'raw' SP500 series is stationary and is not
different than whité noise, as shown by its ACF & PACF in Figq.

8a & B8b, with a  Q-stat wvalue of 20.0. Egn. (12) is an
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appropriate representatlon of the SP500 serles Vhlle Eqn. (13)

is the NYAM series. , ,
SPSO'Ot = ag v - g (12) - ‘ ’ o

'NYAM; = NQISE : (13) - : '

The 'ACF & PACE (Fig. Sa & Sb) of the NYAM series. (Egn.
(13)) 1nd1cates that it is ~stationary but non-white with

s1gn1f1cant spike at lag 1t oﬁrbgth figures., This iﬁdicates the

possibility of a first order;auuqfegressiﬁe process, thus, we
examine Egn.(14). §'  T : . : ; L
_ ‘(1-¢,B);}YAMt = ag | C(14) |
The residuals of Eqn.(l4)<:ﬁas indiéated by its ACF- g_-PACF
- (Fig.10a & 10b), are not different than white - noise with
Q-st$t=14 7. Thus, Egn. (12) 1s prewhitened as Egn.(15): | |
(1-¢,B)SP500t = at . (15)
The CCF between the noise components of Egn. (14) & Eqn (15) is
examined in order to indentify a TF model for the SPSOQ/agrles.
The CCF, as shown by Fig.10q, has a single significant spike at
lag 0. This indicatgs the);ppropriatepessrof a O-order TF wifhi
no input lead. Therefore, we examine Eqn.(16). |

SP500, = WoNYAM; + NOISE (16)

The residhals of Bqgn.(16), as shown by its ACF- & vPACF
(Fig;I!a & 11b), are not white noise with significant spike-at
lag 5 and a Q-stat value of 33.2. Attempting to fi; a- S-dayk”‘
seasonal‘ cycle to the residuals of Egn.(16) is not |

successful.?' Many different models have been examined, the best

__________________ AN

31 The ¢ parameter corresponding to a 5-day seasonal model is
. .not significant with t~value=0.39 and est1mated value=-0.,0032.

L | A
. _ |8



‘one obta1nl& is Egn. (17).

. ’,_'7 7‘ 4 5 ‘ 7

'

© SP500; = WoNYAM, + at/(1-¢1B) S G

.ATﬁe est1mated value of the ¢1 'parameter is -0.0687 with a

-value 0f"9.95. The residuals of Eqn.(17). as 1nd1cated by its.

T

ACP & PACF (Pig.12a & 12b), are not d1fferent than wh1te no1se
ith Q-stat=16. 9. However, ghe dé?‘iFlg 12c) between’ the white
noise re51duals‘ and the prewhltened 1nput ser;gfrof Egn.(17)
shows a significant spike at lag 3. Eqn.(17) is not ;dequate and
Eqn.(18) .is” examined. R . oo o
SP500; = WoNYAM, + W,NYAM{_3 + ay/(1-¢,B) (18)

/

4

— The ACF & PACF of the résiduals from Egn. 715)(?19.13a-§3‘
13b) show that tﬁé residuals are not different than whife noise
vith Q-stat =16.0. Thgtébsence of a significant spike at lowér
order?iﬁg:of the CCF (Fig. 13c) bet&een the rééidﬁals ~of Egn.
(18) and tﬁé prevhitened input series (Egn. (14)) §ignifié§“fhét
Egn.c (18) may be an“éppfopriate TF model for the SP500 series.
Note —that,f the two input components NYAM, and NYAM;.3 have no
significant correiationlﬂas indicated by the ACF & PACF of the
'raw' NYAM series (fig. Sa & 9b), which has né significant spike

at lagi3. Thus, no significant dependency.exists between NYAM;

‘and NYAM;_3. The ertimated parameter values for th.'(ﬁB),

together with their corresponéing t-values, are shown in Tabie
4 (page 104). The t-values for all the'esﬁimatéd/paraméters,ére
highly significant ang the estimated value for ¢, (-0.0676) lies
wgil within the bound of system stabilify. BEgn. (18) is an

-

adequate zero order TF model for the SP500 series.
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— {nﬂtestingfthe—martingaiefhypcthésiéi’we use iEﬁh; (5) by
ignoring the missing obéervations.

SP5004=WyIpy, t *+ Wrlp, ¢ * Wylw,t * Wrhlrh,t * Wplp,¢ * NOISE (5)

- The ACF & PACF of the residuals of Eqn.(S)néhow exactly the
same pattern-as thpse in Fig.?a‘& 2b-when_'m{§sin§ -observations
are not iigﬁg;;a. Thus, the- residuals of EQn.(5) are not -
different than white noise. ItS gsfiﬁated béraméter adalues and
their respéctive”t-;aiues. are shqfn‘ in- Table' 5. ;Table‘ 57
indicates that all thé estimated péraﬁeters, except for Wpp, are
insignifiéént. As a resﬁlt, the Wy, Wp, Wy and Wp parameters are |
dropped from Egn.(5). We have Egn.(19).

SP500y = Wpplpn ¢ + ap (19) | '
The\estimated value ’for the Wep, parameter is 0:6650 with

t-value=1,77. Note that this t-value 'is considered to be.
significant by a one-tail test at the 5% level and cBn serve as
slight evidencé for a Thursday effect. Eqn.(19) is a white noise

pro#ess identified for the SP500 series.

L - -

AN S

-
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'Results
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A zero-order TF model with 0 lead (Eqn>18) is identified

for the SP500 series. Eqn (18) suégests that information

embeddedv in NiAMt -3 can helplforecasting the current ‘value of”

SP500 at time t. This 1ndicates a v1olation of the weak'” form.
v %

However, note that ‘although the NYAM;_3 1s past' information,

it only captures the‘ residual effect' after the 0-order TF‘ has%'

been . properly  modelled. Without the O0-order component, the

NYAM;_3 may not have any 'significant forecasting value. Note
that, as mentioned in the '?roBlem é%atement' section, a
-statistically 51gn1f1cant parameter may §§F an  aberration.
Statistical test provides only suppoﬁting ev1dence for
- causality. Although a highly 51gnificant paraﬁ%ter may 1nd1cate
a higher 1likelihood for a causal relationship, there is alneys
the possibility of mating a Type I error. Purther Jjustificatien
that ‘the NYAM;_j3 component "cennot be used to reject the null
hypothesis can -te seen from' Fig.10c. The CCF between the

prewvhitened N¥AM and SP500 series shows no significant spike at

lag 3 which might -indicate that the NYAMt_g component in

Egn.(18) is a statistical aberration.
o - &

By Eqn.(lB);tthe semi-strong form of the EMH (H1) cannot be
rejected. Egn.(18) suggests that majority of the information

embedded in the pubiicly available NYAE series at time t has

been reflected in the SP500 series. In attempting to reverse the

e

causal relationship of Eqn (18), i.e., by using the SP500 seriés

as 1nputgend the NYAM series as output “the CCF (Fig 14) between

e

o b



. . + v .
] | S R,

the white n01se “SP500 Llnput) series H&¥h44ﬁfﬁﬂﬁ*th&rﬂt&tiOﬂtrY“‘**
o
'NYAM (output) seg%gs ‘(EQqn.13) shows significant splkes at lag -1

and 0. This 1nd;cat;s “that NYAM,_, Jhas - a gotrela;xon,thh.

-

~ SP500¢, -thus, the egﬁsallty'cénnot be réﬁqrséai“The-NYAg‘ setiesv'
should be ‘used as input seLiés.v | '
>,  The ex-post féfecast*conductéd by rusingi Egn. (18), from
Dec. 10 to Dec. 21, 1984, is shown in Table 6 whiie the plot of ‘ ?
‘the ex-post forecast vs. actual values is shown in Fig. 15.°With

consideration giﬁen” to the 'day. of the week'\effectb‘theSPSOd’ 3

series is identified as a whtie noise process as indicated by -

~Egn.- (19). th. (19) does not satlsfy the~condlt10ns concern1ng ‘

-

.the martingale property?®?, thus, the mart1g§aie hypothes1s, H3,
is .rejéétég, ~‘Note that, Eqn. (19)ﬂlpd1cate;~sgg9ht evidence of
the 'day of' the ‘;éek' _effect suggesting %hat,‘ on average,
- Thursday will provide a higher rate of returﬁ.?Although tﬁis ,,:
particular effect does not have any significant impact on the TF
model, the effect  exists in the univariéie time series. The-
evidence thatvgoth input and ohtpﬁf series shoﬁ‘a highe;‘ return

on Thurs&ay may, warrant this effect to be cancelled ;ut for
‘bivariate TF analysis. ‘In any case, the 'déy of the'heek' effgct
appears to'/;xist in both the SP500 and NYAM series for the
.period from Jan. 3 to Dec. 7, 1984, althdugh’if will not bias

the TF mgdel when it is ignored; ' , -~

As previously mentioned, the rejection of 'H3 does not

necessarily imply market inefficiency. LeRoy (1973) demonstrates

- — —————— -

73’Refer to p.21-22 of the.- 'Problem Statement’ Sectlnp

)
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tﬁa ‘the uartingale propetty need not ‘hold nhen s:ochastxc r:sk

tree xnterest rate is accounf!d for. By/assuaing that investors

ezhxbxt ‘constan; absolute risk aversionvand earnings on stoct;' f*

. /o
. contorn to a first order autoregress:ve process, he shovs,ntggf

~S

expac;ed returns on stock vxll not contorn to the nattingale
I'a
'process even though the market is efticzent. Thus, H3 may be

Zregected‘because the nart:ngale m:sspec:fzes the true underly;ng
',expected returns generat:ng process. The rejection may be

T

rxndependept of market efficiency.



Conclusion

The semi-strong form of the EMH is testeé by a TF hppro#ch

and supplement with a test of the martingale property ‘concerning

stock price returns./ﬁitﬁre considering our empirical results,"
note that: AN

1.

Non-rejection of /the

semj-strong form of EMH by @he TF

approac@ﬁisAconsi tent/with either acceptance or rejection

e

- ' .
of ‘the marti le process. Non-rejection of the semi-strong

form of EMH by the TF approach implies that the output SP500
series is efficient with respect te the input NYAM series.

However, it does not prevent the SP500 series from being

inefficient with respect to other publicly‘availabie inpuf

series. Consider the case vhere the. SP500 series is not

semi-strong form efficient, i.e., other publicly available

input series besides_NYAM can be used to forecast the SP500

series. Under .. this scenario, and assuming that the

martingale process is a correct description 6\ equilibrium

expected returns, the martingale property would be rejected.

Next, consider the case where the SP500 series 1is truly

semi-strong form but not strong-form efficient.
Non-rejection of the semi-strong form by the TF approach

would result in rejection of the martingale hyp6fhe§is

because the market is not truly efficient. Thirdly, consider-

the case where the SP500 series is strong-form efficient.
This scenario would imply non-rejection of the semi-strong
form of EMH by the TP approach and acceptance of the

martingale hypothesis based on the assumption that expected




0 . {;7 -0 | : - ]
return formationr‘is correctly specified :;g Samuelson's
martingale. ~ However, this scenario may also iﬁbly rejection
of' the ﬁartingale ‘process rif.'éhe process misspecifies
equilibrium expected returns.

7 2. Rejection ‘of the ‘semi-strong form of thefgnm b;zége TF.

approach is consistent with rejection of the »mgftingale

‘hypothesis. Under this scenario, the SPSOOV-seriq§\ is

definitely/ineffitient in its semi-strong form, thus, the

martingale property 'would also be fejected even though

Samuelson's martihgale is a correct description of the

+

vorld. _

53.- Rejéction of the semi-strong form of EMH by the TF approach
is not consistent with the acceptance of the martingale
hypotheéis: Under this Scénafio,'market effiéiency in its
semi-strong form is.rejected on one hand and "the joint
hypothesi§ of market efficiency and a }corrgct‘ martingale
process’ is accepted on the other. Although there eiists the
possibility that a2 misspecified 'martingale model' couples
with market inefficiency resulting in a constant expected

return, this possibility. is unlikely. Thus, generally

speaking, this scenario is considered as inconsistent.

From Bgn.{(19), p.96, our finding for a Thursday effect
implies that the expected return from holding stock for a singleij
period 1is not a constant, Thus, the martiﬁgale hypothesis of
constant expected return(H3) is rejected. Our finding for a
Thursday effect, in the absence of a,HOnday effect, is not in

conformity with previous research findings, The studies
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conducted by Gibbén & Hess{1981) and French(1980) do not suggest
the existence of ‘a Thursday effect. However, they bbthffina a
Monday effect, i.e., Hondayrconsistently offers a . lower retu;;
on average. Thﬁs, our Thursday effect may be a statistical
aberration. Acchtance of the effect may imply a fype 1 e?rorh
particularly, since none of the other studies have found a
Thursday effect. This may warrant future research-to look more
specifically into the 'day of the week’' effect before ‘our
finding can be justified. Also note that, the't—valye associated
with _‘the Wpy  parameter éf Eqn.(yS) -is only marginally
"significant. Dropping the Wpp parameter £roh Eqgn.{(19) will
result ‘in a vhite'néise series for the SP500 series.’Under this

scenario, H3 is nbdt rejected. _

Previous research indicates that small stocks normally show
a higher risk adjusted average return. Thus, it may be :possible
- -that small stocks are more resbonsive to some public information-
thanrthe larger stock; in_the S&P500 Index, since, speculators
may move more guickly to buy or sell the smaller stocks than the
less risky stocks in the S&P500 Index. It follows that it 1is
possibie for the ‘existeﬁce of a transition period before)the
information can be ’trénsmitted' to the SP500 series: Thus,
information affecting the -NYAM serieS{éﬁE}gding small stocks)
may be used to forecast the SP300 series. As a result, we
attempt‘ to use the NYAM series as input to predict the output
SPSQ0 series by a TF approach. If &.0-order TP with input, iead
is identified, it suggests that there is a possible transition

period for information embedded in the pﬁblicly available NYAM

)

.



series to be reflected in the SP500 series. Thus, the

semi-étrong form of the EHH'is‘rejected(H1). 1f a first order TF
can be identified(with or without input lead), it suggests th;t
the SP%OO éeries does not reflect fully and instantaneously to
.the information embeéded‘ in the publicly . available NYAM
series,?? Thﬁs, the sémi?strong form of the EMH can Ibe
rejected(H2). ﬁowever, note that, the 'sighificance' of the TF
'parameter(wb) may be a statistical aberrﬁtion',and there is
always the possibility of makinz aﬁg?pe I-erfor. Thus, a highly
significant TF parameter'may suggest a higher likelihood for a

@

causal relationship.

Eqn. (18);< p.108, is the adequate TP model for the
assessment of the Standard & Poor 500 Index's daily return. It
is a O-order TF with no input lead and suggests non-rejection of
‘the semi-strong form of the EMH(H!). However, from Egn.(19), the -
idéntification of a white noiserprocess, with slfgﬁt evidence of
a Thursday effect, fbr the univariate SP500 seriés'ieads to  the
rejection of the martingale hypothesis. Samuelson (1965), when
deriving the martingéle prbperty, assﬁmes 'a constant and
exogenou;iy /given rate of interest which might not be a
‘reasonable real world assumptiqn. Thus, the rejection of the
martingale]Fggbothesis(HB) may result from the expected return
generating process being misspecified by the martingale
property. Therefore, rejection of thé martingale hypothesis

cannot be used solely to reject market efficiency. Hovever,'ﬁéte

that, one might argue that day to day interest rate fluctuations

- L G -

”Refe? to Eqn.(P5), p.17.



may be minimal so that the daily riskless interest rate is

approximately constant through time. Under this iscgﬁargo of a
constant daily intereét rate, non-conformity to the martingale
property may imply mafkét inefficiency; Howéver, without
definite knowledge of whether the daily‘;intefggf rate that
preyailé in the market isAtruly’?onsiant"through time, rejection
of the ﬁartingale property may not provide any iﬁplication about

market inefficiency.

___ The results suggest that the semi-strong form of EMH is not
rejected (H1) via the identification of a zero order TF model,

However, the martingale hypothesis (H3) is rejected. As

previously mentioned, non-rejection of the EMH by the TF is

consistent with rejection of the martingale hypothééis;AThus,
our findings do not provide us with inconsistent results. These

‘results indicate that the Standard & Poor 500 Index is efficient

with respect to the New York & American Stock Exchange Combined

Index, however, it does not prevent the SP500 series from being
inefficient with respect to ‘other publicly available input
series, 'Thus, ﬁon-rejection of the semi-strong form of the EMH

does not necessarily imply its acceptance.

2



/ Table 1
Estimated parameter values and their correéponding ‘t-values of A
Bén' (5) . i T%‘ ) had
EQn. (5): SP500, = Wyly y + Wplp p + Wyly, . + Wenlth,t *
Wplp ¢ + NOISE-

PARAMETER ESTIMATED VALUE = t~VALUE
Wy - =0.0014 , 1.28
Wp oo " 0.0005 0.42
Wi -0.0012 1,10
Wop, 0.0020 | 1.78
Wp | 0.0002 , 0.17



Table 2
Estimated parameter values and their corresponding t-values of
* =z

. (8). ‘
Egn. (6) -

Egn. (6): NYAMy = Wyly ¢ * Wplp o + WWEW,E‘+ ¥rhirh,t

WFIF, t + NOISE

4

‘PARAMETER ESTIMATED VALUE R t-VALUE

. Wy -0.0015 i - 1.47
W N 0.G004 .' 0.35
Wy “ -0.0011 ©1.04
W o 0.0016 1,61
W | 0.0005 | 0.54
‘ ¢ -
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Table 3
Estimated parameter values and their cofrésppnding t-values of

Egn. (11).

Eqn. (11): SP500, = WNYAM, + W,NYAM,_ 3 + Wrnlrh, ¢ + 2¢/(1-¢,B)

PARAMETER ESTIMATED VALUE t-VALUE
Wo 1.0996 146.43
W, -0.0222 { ' 3.06
Wopp, 0.00007 0.59

Y ~0.0673 a Rk
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Table 4

B

~ Estimated parameter values and their corresponding t-values of

Eqn.

(18).

EQn. (18): SP500, = W NYAM; + W,NYAM,_3 + a./(1-¢,B)

ESTIMATED VALUE

1.0995.
-0.0255
-0.0676

t-VALUE
146.57
3.51
.79.9



Table 5
Estimated parameter values and their corresponding t-values of .

Egn. (5) -- ignoring missing observations.

Eqn. (5): SP500y = WyIy ¢ + Wplp,¢ + Wyly ¢ + Woplop ¢ +

WFIF,t + NOISE

PARAMETER . ESTIMATED VALUE  £-VALUE
Wy ‘ ~0.0015 130
Wi | ~ 0.0005 0.41
Wy S '>;0.0012 , 1.09
Wrh | / 0.0020 1.77
Wp © 0.0002 . L0417

i
—
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Table 6
Ex-post forecast vs. actual values of the SP500 series. from Dec.

-

10 to Dec. 21, 1984 using Egn. (18).

!
, Egn. (18): SPSOOt = WQNYAMt + W1NYAMt._3 + at/(1'¢|B)

 DATE 'EX-POST FORECAST ACTUAL VALUE

DEC. 10 0.0035 : 0.0035
IR 0.0020 0.0015
12 -0.0026 . . -0.0027
13 , ~0.0041  -0.0050
14 | 0.0066 0.0054
17 —0.0060 0.0057
18 0.0260 ~ 0.0275
19 © -0.0063 ~ -0.0057

20 -0.0042 ' .~0.0047
21 . -0.0045 -0.0052 : o

———



RETURN

~ SP500 DALY RETURNY = -
~ FROM JAN. 3 TO DEC. 7,1984

0.03

0.02 -

0.01-

0.00
-0.01-
—0.02 T T T 1
0 50 100 150 200
TIME

0 DAILY RETURN |

PUDp T



. 0.03-

7 0.024

RETURN

0.00

 -0.014 .

. feB
“NYAM DAILY RETURN -
FROM JAN 3 TO DEC. 7/, 1984

0.01+

Legend

NYAM DAILY RETURN

~0:02 5 ) o 200 280 o

———



Eqn.

—
-

L I R T i, I e )
(=R RN R R N ]

WWWWRNRNRNNNN NN R
WA = OO~ O LNt B

e
n -

, 36

Lt t . -
ORIV WK -

113

FIG.2A : ACP OF THE SP500 SERIES WITH BSTIMATION POR HISSING
'~ OBSERVATIONS(EQN.(S))

(5): SP500, = wnxs N :Eiztt M PR "rhfrh;t *
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'PIG.2B : PACF OF THE SP500 SERIES WITH ESTIMATION FOR MISSING
- OBSERVATIONS(EQN.(5)) | S

\

Egn. {5): SPSOOt = HHIH t + WTIg + wwIw t + wThITh t +
: FIF t * NOISE .

-1.0 -0.8 -0.6 -0.4 -0.2 0.0 0.2 0.4 0.6 0.8 1.0
4

B R e e b e R e A tm—m——dm———
I
1 D.12 + IXXX
2 .00 , , + 1+
3 -0.00 . +. 1 +
4 -0.06 ’ T+ X1+
5 0.09 ' + I1XX+
6 -0.08 .- +XX1 +
7 -0.09 +XX1 +
8 0.03 . + 11X +
-9 -0.05 e + X1+
.10 0.03 + IX +
1B 0.06 + 1XX+
12 0.08 + IXX+
13 .0.06 . + IEX+
14 -0.06 .= 4+ XI 4+ ,
15 -0.12  xEx] 47 T
16 -0.08 ' , +XXI +
17 0.05 T + IX +
18 -0.02 + XI +
19 0.10 + IXXX
20 -0.01 + 1 4+
21 -0.11 ' XXXI &
22 -0.09 +XX1 +
23 0.00 : + 1 +
24 -0.,07. +XX1 +
25 0.01 - + 1 + T
26 0.03 o _ + IX + "
27 ,0.04 ' + 'IE +
28 0.07 : +XX1 +
28 /-0.01 | - + 1 +
3 0.03 + IX + ‘
31 0.07 4+ IXX+ ' : -
32 -0.08 +XX1 + :
33 0.06 ) + IXX+
, 34 0.05 ’ + IX + -
35 -0.04 , ‘ + X1 4 ‘
36 -0.03 + XI + ~
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3

ACF OF THE NYAM SERIES CONSIDERING THE DAY QF THE WEEK o
EFFECT(EQN. (6))

FIG.3A

L1}

%

Eqn. (6): NYAMy = Wyly ¢ * Wplp ¢ + Wgly, ¢ * Wrnlrh,t *
WFIF t * NOISE . . -

1.0 -0.8 -0.6 -0.4 -0.2 0.0 0.2 0.4 0.6 0.8 1.0

it e e i B kbl LDl Stttk et Sl bd ¢
I
1 0.20 : - + IXX+XX
2 0.05 + IX +
3 0.03 + IX +
4§ -0.02 + XI +
5 0.08 + IXX+
6 -0.05 + XI +
7 -0. XXX1 +
8 0.00 + 1 +
9 -0.05 + XI +
10 0.01 + 1 +
11 0.07 + IXX+ »
12 0.07 - + IXX+ -
13 0.09 : + IXX+ .
14 -0.03 + X1 +
15 -0.14 XXXI +
16 -0.11 , XXX1 +
17 -0.01 _ + I +
18 -0.03 + XI +
19 0.06 , + IX + N
20 -0.03 ' + XI +
21 -0.09 +XXI +
22 -0.06 ) + XI +
23 0.00 + 1 +
24 -0.04 + XI +
25 -0.02 + XI + o
26 -0.04 + XI +
27 0.01 o+ 1 +
28. -0.06 + XXI +
29 -0.01 + I +
30 0.06 + IXX + -
31 0.11 + IXXZX+
32 -0.01 + I +
33 0.03 + I +
34 8.02 + I +
- 35 -0.03 + XI- 4+ '
+ I +

36 0.00

%
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F1G.3B : PACF OF THE NYAM SERIES CONSIDERING THE DAY OF THE WEEK
EE?ECT(BQN.{S))

-

EQn. (6): NYAM, = Wyly ¢ *+ Wplp o + lew t * Wpnlph,e *
Wplp,¢ * NO1 SE |

-1.0 -0.8 -0.6 -0.4 -0.2 0.0 0.2 0.4 0.6 0.8 1.0

B e e e itk it Tt St SRS

- : : I

1 .0.20 - + IXX+XX
2 0.01 : + I 4+

3 0.02 - + IX +

4 -0.03 * » + XI 4+

5 0.09 + IXX+

& -0.08 +XX1 +

7 -0.09 - +XRI 4+

8 0.04 + IX +
9- -0.05 , + X1+
10 0.02 -4 JIR +
11 0.07 o + IXX+
12 0.07 + T IXX+

- 13 0.04 o + IX +
. 14 -0.06 +XX]  +

15 ~-0.14 Cor XXX1 +
16 =-0.08 : +XX]1 4+
17 0.04 : + IX +
18 -0.02 , + XI o+
18 0.11 + IXXX
20 -0.03 ' + X1 +
21 -0.0S +XX] +
22 -0.08 ' +XX1 +
23 0.0 + 1 +
24 -0.08 : +XX1I +
25 0.00 : , + 1 +
26  0.02 + IX +
27 0.05 - : + IX +
28 -0.07 +XXI +
25 0.01 . + 1+
30 0.02 -+ 1T+
KR 0.06 + I1XX+
32 -0.07 . +XXI + N
33 0.08 . © o+ 1XX+ B
34 0.04 : + IX +
35 -0.04 - + X1 +

36 -0.04 ‘ + X1+
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'PIG.4A : ACF OF THE RESIDUALS OF EQN.(7)

A Eqn. (7): (1-¢1B)NYAHt = wThITh,t + ag

B T - -

-1.0 =0.8 -0.6 -0.4 0.2 0.0 0.2 0.4 0.6 0.8 1.0

e s St S Sttt 3

1
1 0.00 o + 1 4+
2 0.00 o + 1 +
3 0.03 + IX +
4 -0.05 + XI + - N\
5 0.10 ' +  IXX+
6 -0.05 + XI +
7 =-0.11 - - XXXI o+
B *0.04 + 1IX +
g -0.06 + XI  + ’
10 . 0.01 o+ I+
11, 0.05 - 4+ IX + -
12 0.05 o + IX + -
13 0.08 + IXX+
14 -0.02 + XI +
15 =0.12 XXRI
16 -0.09 - +XX1I + .
17 -0.02 _ ' + 1 +
18 -0.04 . + X1 +
19  0.08 + IXX+ -
20 -0.03 s , + XI + :
21 -0.07 o ’ +XXI + |
22 -0.04 +- X1 + |
23 0.02 + I +
24 -0.04 4+ X1 o+
25 -0.01 + 1 4+
26 -0.05 + XI 4+
27 0.03 + IX %+
28 -0.06 +XX1 +
29 =-0.02 : + 1 +
30 0.05 : -+ IX +
31 0,11 + IXXX /
32 -0.05 + X1 +
33 0.03 + IX +
34 0.02 : + IX +
35 =-0.04 + X1  +
36 0.01 + 1 <+
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FIG.4B: DPACF OF THE RESIDUALS OF EOQN.(7)

EqQn.
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F1G.4C : CCF BETWEEN THE PREWHITENED INPUT SERIES(EQN 7) AND THE
OUTPUT SERIES(EQN.8) -

Egn. (7): (1-¢,B)NYAM; = Wpplpp ¢ + 2y
Egn. (8): (1-¢,B)SP505t = WTh Th t * ag
-1.0 -0.8 -0.6 -0.4 -0.2 0.0 0.2 0.4 0.6 0.8 1.0
e T e R e s s it Sttt St
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-24 -0.04 . + XI . +
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-14 -0.03 + XI +
-13 0.09 + IXX+
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0 \ 0.99 E - + IXX+EXEXXIXXXZXXRIZIZIXXRIXXX
i -0.00 + I + ‘ ' o
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5 0.09 ' + IXX+
6 -0.05 ' + X1 4+
7 -0.10 _ XXXI +
8 0.04 + IX +
g -0.05 + XI 4+
10 0.01 + I +
11 0.06 ' + IX +
12 0.04 + IX +
13 0.09 + IXX+
14 -0.02 + I 4+
15 -0.13 XXXI +
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 FIG.5A: ACF OF THE RESIDUALS OF EQN. (9)

Eqn. (9): SP500; = WoNYAM; + Wpplpy ¢ + NOISE
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FI1IG.5B: PACF OF THE RESIDUALS OF_EQN.(Q)
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. FIG.6A: ACF OF THE RESIDUALS OF EQN.(10) i e

Eqn. (10): SP500; = W NYAM; + WppIpp ¢ + a¢/(1-¢,B)
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« FIG.6B: PACF OF THE RESIDUALS OF EQN.(10)

Egn. (10): SP500, = WoNYAM; + Wyplpn ¢ + ap/(1-¢,B)
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F1G.6C: CCF BETWEEN THE PREWHITENED INPUT SERIES (EQN 7) AND
THE WHITE NOISE RESIDUALS OF EQN (10)

Egn.

Eqn.‘

(7

): (1-¢,B)NYAMt = WThITh t + at¢
(10): SP500y = WoNYAM; + WppIpp ¢ + at/(1 $,B)

-1.0 -0.8 -0.6 -0.4 -0.2° 0.0 0.2 0.4 0.6 0.8 1.0
el Sl il Sttt Dbt Sttt S L L L Lt DR E s Dl bt et et
_ 1
—0.08 + IXX+ °. °
-0.05 - + XI +
- -0.03 + XI +
-0.04 + XI +
~-0.02 + I- +-
-0.03 + XI +
-0.02 + I 4+
-0.01 - + I 4+
0.07 + IXX+
0.01 + I 4+
" 0.10 + IXXX
-0.07 +XX1 +
0.08 + IXX+
0.01 + I 4+
-0.07 +XXI +
-0.04 + X1+
~-0.09 +XXI + .
0.06 .+  IXX+
0.13 + IXXX
0.03 + IX '+
0.02 + IX +
-0.04 + XI +
0.04 +  IX +
0.11 + IXXX
-0.03 + XI +
0.03 + IX +
0.03 + IX +
0.07 + IXX+
0.05 + IX +
<« 0,07 + IXX+
-0.00 + 1 +
~-0.05 + XI +
-0.09 +XXI +
-0.05 + XI +
-0.04 + XI +
~0.06 +XXI +
0.00 + 1 +
0-02 + I -+
-D.06 +XXI +
-0.18  EK+XXI  +.



-0.10
-0.10
-0.07
0.00
-0.11
-0.07
0.06
0.02

T 0.17

0.09
-0.08
-0.02

0.01

0.12

7 0.02 .
- 0.01
0.03

-0.08
-0.03

-0.03.
0.07:,

0.11
0.06
-0.08
-0.03
-0.00
- 0.08
0.10
-0.06
-0.12
~0.06
-0.09
0.07

126

-+XXI +
XXXI +
+XX1I +
+ I 4+
XXXI +
+XXI +
+ IXX+
+ I <+
+ IXX+X
+ IXX+
+XXI +
+ I +
+ I +
+ IXXX
+ I +
+ I +
+ IX +
+XXI +
+ XI +
+ XI +
+ IXX+
+ IXXX
+ IX #
+XXI +
+ XI +
+ I +
+ IXX+
+ Ixx+
+XXI +
XXXI +

.+ XI +
+XXI +
+ IXX+



o 2

'PIG.7A: ACF OF THE RESIDUALS OF EQN.(11)

Ban. (11): SP500, = WoNYAMy + W NYAMy_3 + Wppln, ¢ + a¢/(1-4,B)
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FI1G.7B: PACF OF THE RESIDUALS OF EQN.(11)

(11): SP500, = WoNYAM, + W,NYAMi_3 + WypIpy ¢ + ap/(1-¢,B)
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F1G.7C: CCF BETWEEN THE PREWHITENED INPUT SBRIBS(EQN 7) AND .
THE WHITE NOISE RESIDUALS OF EQN.(11) :
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FIG.8A: ACF OF THE RESIDUALS OF EQN.(12)
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FIG.B8B: PACF OF THE RESIDUALS OF EQN.(12)
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FIG.9A: ACF OF THE RESIDUALS OF EQN.(13)

Eqn.(13): NYAM; = NOISE .
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FIG.9B: PACF OF THE RESIDUALS OF EQN. (13)
o

EQn.(13): NYAM, = NOISE
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FIG.10A: ACF OF THE RESIDUALS OF EQN.(14)
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 Eqn.(14): (1-,B)NYAM, = a;-
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FIG.10B: PACF OF THE RESIDUALS OF EQN.(14)

Egn.{(14): (1-¢,B)NYAM; = a;
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AND THE OUTPUT SERIES(EQN 15)
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VFIG 10C: CCF BETWEEN THE PREWHITENED INEUT SERIES(EQN 14)
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Eqn. (16): SP500, = WoNYAM, + NOISE
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FIG.11B: PACF OF THE RESIDUALS OF EQN.(16)
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F1G.12At ACP OF THE RESIDUALS OF SQN'(17)b/'
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FI1G.12B: PACP OF THE RESIDUALS OF EQN.(77)
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FIG.12C: CCF BETWEBN THE PREWHITENED INPUT SERIES(EQN714) ,

AND THE WHITE NOISE RESIDUALS OF EQN.(17)
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F1G.13A: ACF OF THE RESIDUALS OF EQN.(18)
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’FIG.13B: PACF OF THE RESIDUALS OF EQN.(18)

Egn. (18): SP500, = WoNYAM, + W,NYAM,_3 + a;/(1-¢,B)
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FIG.13C: CCF BETWEEN THE PREWHITENED INPUT SERIES(EQN 14)
-~ AND THE WHITE NOISE RESIDUALS OF EQN.(18) ‘
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FIG.14: CCF BETWEEN THE WHITE NOISE SERIES(EQN 12) AND THE OUTPUT
- SERIES(EQN 13) WHEN ATTEMPTING TO USE THE SP500 AS INPUT
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Appendix A: The Market Model

The Market Model assumes_that individual security returns
are linearly related to the returns on a market portfolio. The

model asserts. that

Rig=ai+BiRpe+air (A1)
where Eit=return for period t oﬁ the ith security,
Emt=average return on a market portfolio of all
assets on the exchange or a representative
sample of all gecurities,

e ————

a;&B;=model parameters to be estimated by

least squares regression.
ujp=the disturbance term for period t on the
ith security, with E(uj¢)=0, é(uit,ujt)=0
fof i;ﬁ j and E(uit,ujt)=gu2 for i =.

/

/

Movements  in’ Asecurity prices are ‘associated with
market-wide information that differentially affects the value of
seéurities.< In order to control for the differential gffecfs of
market wide information on indiviéual security returns, the"
Market Model presumes that the systemétic part of a security's

return can be captured by its hormal relatiénship to the returns

on the market portfolio. Any returns not acccunted for by a

security's normal relationship to the market will be impounded
in the disturbance term, uj¢, which presumably captures the
effects of company-specific influences. Thus, in studying a

security's reaction to various kinds of information, regearchers
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-search for unusual behavior of the disturbance term, ajy, which
is spec{fic to the particular security for the time period under

study.

The Market Model is usually used in conjunction with the
two parameters asset pricing model. Note that, the B;i parameter
estimated is the same under both the Market Model and the two

parameters CAPM3* and f; is estimated to be:

ﬁig m———— —_——mm e ——— . (Az )

‘where COV(EitEmt)E,Eovariance between the returns
| on security i and the market portfoiio,
VAR(Emt)= variance of the market
portfolio's’returﬁs“
The £ pérameter éstimated by the Market Model during a
particular "estimation period" is assumed " to be ;conétant'
throughout a subsequent "testing period". Thus, this estimated
f; parumeter is sometimes used as Van estimate for the §;
pacrameter of the CAPM during thgﬁ"testing period” in an attempt
“tc capture the behavior of the disturbance term.  Although tﬁe
Market Model 1is not an equilibrium model, its simplicity
facilitates portfolio analyéisfproblems without assuming away
the exigtence of4interre1ationships_among secu;ities, and there

is considerable evidence that it can capture a large part of

such interrelétionships.

34gee Appendix B
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Appendix B: The two parameters CAPM

The CAPM developed independently by Sharpe (1964), Lintner

(1965), and Mossin (1966) describes the relative prices of

securities: or how.portfolios of securities §hou1d be priced. The

earliest ; Sharpe-Lintner version ié ‘based on very Vstrong

assumptions:

1. Risk-averse investors choose portfolios based on single
period means and variances of returns.

2. There is unlimited lending and borrowing at a riskless rate
gf'interest, Rg, ana no restriction on short selling.

3. There are homogeneous expectations.

4. Markets are frictionless, competitive, and all assets are

perfectly‘divisible.

With these a;::aﬁf?ons,‘itis shown that expected returns
on assets must follow the relationship described by the Security
Market Line (SML) which is labelled as Eqn.(B?).‘

E(Ei)=RF+[E(§m)-RF]Bi (B1) “ | /
where E(Ei)=expected returns on the
ith asset,
Rp=the riskless rate of interest,
E(Em)=the expected return on a market portfolio
that includes all assets wéighted by

their market wvalues.

G
e



COV(RyRp)

PPN

" VAR(Rg) R

Bi= —~

vhich is referred as the
'sys:eaaiik risk of
secufity i,

Wwith Eqn.(B1), the actualj:andbm»returns of security i for
‘period t, Eit,caﬁ be written in terms of Egn.(B2).
Ri¢*Rpe* (Rye- RFtlﬁi;‘“it ,(32)
‘ahére yit-;anaom disturbance‘tefﬁ
for gecurity i in period t, éit is i.i.d.
with 0 mein, Owéovarian:e & constant

variance.

} .
The systematic part of a security's return is presumed to

 be 'captured by its hqrmal telationship to the returns on the
a;rket pottiolio; Emt' Any retu;ns not accounted for by a
security's normal reiationship to the market will be impcunded
in tﬁeydisthtbance, Bigs thch presumably capturés the effects
of conpaﬁ;:specific influences. Thus, researchers look for
unusual behavior of the nit‘term of Eqn.(B2) in an‘ attempt to
study whether the ith security is priced efficiently. The bésic
SML equati;;JEnplieslfhat_a security vill only earn an expected
return that exceeds the riskless rate of intetest to thelextgnf
that the return on the security-is correlated with thé return on
the market. In an efficient capital market, fluctuations in

security returns that are not correlated with the market can be

Yiversified iway' by‘holﬂing a sufficient number of assétg,.and
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the market pays no premium for diversifiable risks. Note that,
the Market Model would be identical to the CAPH if '“i in

Eqn. (A1) is equal to (1-Bj¢)Rpy, i.e., Eén.(kj) and (B2) would .

then be identical.
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Appendix C: The ACF, PACF and CCF

-y

a) The ACF . ' - . o (: |
The ACF is defined as: N o

ACF (k) =COV(Y, Yt+k5/vAR(Yt) (c1)
The ACF(k) is a measure of correlation between Yi and Yi4k,
i.e., it is the,cor;elation coefficient estimated between the
ﬁime serieé (lag-0) and its kthliag (lag-k). Bf definition, ACF
(0)=1; a time series is always perfectly correlated with itself.
Also, by defihifion; ACF(k)=ACF(-k); the ACF(k) is the same
!hethef\fthe__sefies is lagged<forward or backward. Because the
ACF is symmetrical ébout,lag:b, only the positive half of the
ACF need to be exaﬁined . When each time the series is lagged,™
'one pair of observations is lost form the estimate of ACF (k).
thus, with N observations, ACF(1) is estimated from N-1 pairs of
obgervation, ...., and ACF(k) froﬁ N-k pairs of observations. As
the value of k increases, confidence in the estimate of ACF(k)

diminishes.

In theory, each time series process has an unique ACF, and
if two proceéses have Eiégsame ACF, they are idediicél. Consider
an ARIMA (0,0,0) or white'noise'process:

 Ypmapty (c2) - o v
Eqn.(CZ) is expected to have an uni%ormly zero ACF. ?his follows
from the definition of white noise. For all k, COV(at,a£+k)=0.

,;An ARIMA (0,1,0) process written as Co

(1-B)Yy=ay+6, (c3)

is expected to have an ACF that is positive and dies out slowly
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from lag_tq lag, i.e., ACF(1)=ACF(2)=,...~ACF(k). In general, the -

ACF of a nonstationary process is expected to have a relatively
~high positive wvalue fqr ACE})3 and successive lags 6f the ACF
are expected to die out slowly. |
An ARIMA (0,0,1) process written as
¥y=(1-6,B)a; (C4)
is expected to have nonzero ACF(1). All other lags of the ACF
are-;xpected to be zero. Note that |
COV(Yy Yi41)=E(¥¢ Yiyq) (C5)
=El(ap-61a¢_1) (ap4q-61ap) ]
=E(atap+1-61a¢?-61ap-1ap+1+612agqag)
=-6,E(ay?) . '
=-f0a? -
VAR(Y,)=E(¥,?) ~ (c6)
=E[ (a¢-61ap-1)2]
=E(ay?-261apap-1+61%ap-1 %)
=E(a¢?)+612E(ap-12)
=ga?(1+6,2)
Thus, E[ACF(1)]=C0V(Yt Yi4q)/VAR(Y,) (c7)
=-@,0a%/0a?(1+642)

='91/(1+912)




159

Using the same ﬁrocedureé, )
E(Yt‘T{:}f;zi(at-81atrl)(at+2-e1at;1)} (cey - o
| "E(atat+z’91atat-x;ﬁ1at?iat+2+' l |
12ap-1at4q)
=0,
thus, E[ACF(2)]=0/0a%(1-6.,2)=0
Through the same .procédure; it can be shown that ACF(3),

ACF(4),....,ACF(k) are all expeéted to be zero.

An ARIMA (0,0,2) process written as
Y.=(1-6,B-9,B%)a; - (c9)
is expected to have nonzero values fo£/X§?(1) and ACF(2). The ‘
values of ACF(3) and all successive ACF(k) are expected to be
zero. Note that, :zk . g
E(Yy Ye41)=El(ap—61ap-1-62a¢-3) ) |
(at+§:o1at-ezat-1)i C (c10)
=E(aiap+1-61a8p-60rarap-1-
Brag-12ps1+0) g ragt
61628¢-1%-628¢-23¢41%
6,01atfzat+622at-2aﬁ_1)
=-e,E(at2)+e;e,E(at_,2)
=ga26,(6;-1)
BE(Y¢?)=E[(ay-6,at-1-628¢-2) %] (c11)
=E(at’-28,atat-1-é;atat_2+
6,32 17420,6;8¢- 1840~
G,atat_2+é22at-23)ﬁ
=pa2(1+6,%2+46,2)

Thus, E[ACF(1)]=0a26,(6,-1)/0a?(1+6,%+6,%)
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>

;“; =91(92‘1)/(1+9’12+92?)

®

For théosebond lag of the ACF,

E(Y, Yt+2)=E[(at-e,at_l-ezat_é)
(ag+2-013¢41-628¢)]1 - (C12)
~=-6,E(a?) |
=—9;oa2
J
E[ACF(Z)];-Gz&az/aaﬁ(1+61z+622)
7 =:Q;/(1+6,’+92’)
For the third lag of the ACF,
E(Yy Yt+3)=E[(at-91at-1-62at_2)1;’
(ape3-018pa0-02214;)1  (C13)
=0 » |
Thereforé, E[ACF(3)]=0. Continuing this procedure, it can be
shown fhat an ARIMA (0,0;q) process is expectea to have nonzero
values .for ACF{1), ...., ACF(g) -while ACF(q+1) Aana all

.

successive lags are expected to be zero.

Consider an ARIMA (1;0,0)@§r§éess written as
(1 - #,B)Yy=a; (c1a) -~ | _
Egn.(C14) is expected to have an ACF that decays exponenfially
beginning with lag 1. Note that, . ‘
E(Yy Yiaq)=E[(T) (8 Yi+areq)] (C15)
N

=E(¢,Yt2+Ytat+1)

=9 1 O‘YZ

Thus, E[ACF(1)] = g,0y2/0y? = 8,

For lag 2 of the ACF,
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CE(Yg Ypa2)=E[(Tg) (91T q*apap)]  (€16)
=E[(Yy) (8, (8, Tp+apsr)tagsy) ]
- . =E(9,77; 248, Tpars1+Tyapa2)
C | - =gitoy?
Thu;T\ETﬁCF(Z)]=ﬂ1’dyz/ﬂyz = 9,2
By the same proéedure, E[ACF(3)]=8,3, ...,E[ACF(k)]=¢{k.n The
expeéted ACF(Q) grows smal}er and smaller from lag to lag until
after 3 or 4 lags, ACF(k) is approximately zero.
‘An.ARIMA(Z;0,0)process written as
(1-6,B-8,87)¥;=a, (c17) |
»is expected to have an ACF that decays e#ponentially beginning
with the first lag. It can be shdwn‘that its: expected Abr is
inen by: , |
7 ACF(k5=9,ACF(k-1)+9,ACF(k-2) (c18)
In the general case, an ARIMA (p,0,0) process is expected to
have an ACF that decays from lag to lag w}th the rate of decay

determined by the values of 6,, 6,,..., Gp,.

=

I1f the estimated ACF is zero for all 1lags, it can be
"inferred that the time series is generated.by an ARIMA (0,0;0)
proceés.‘If the estimated ACF(1) is large and positive but dies
out slowly from lag to lag, the process is nonstatihary and the
series' must  be differenced. If the estimated ACF(1) is nonzero
but ACF(2) and all successive lags are zero, the time series is
denerated by an ARIMA (0,0,1) process. Finally,'if.the estimated
" ACF dies out exponentially from lag to lag, the time series

probably is generated -by an ARIMA (1,0,0) process.
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b) The PACF

- 2

PACF(k)  is a measure of correlation between time series
observations k units apart #ffervthe'correlation atjintermediaté
lags has been cbntrollgqfror "partialed out" . PACF(R) is
estimated from a solution of the Yule-Walker equationvsystem, it
is shown that the solutiomgives the.following identities:

1) PACF(1)=ACF(1) (C19)
ACF (2)-[ACF(1)]?

2) PACF(2)===mmmmmmmmmmommcomee (c20)
1-[ACF(1)]32

3) PACF(3)={ACF(3)+ACF(1)[ACF(2)]2+[ACF(1)]3-2ACF(1)ACF(2)
- [ACF(1)]2-ACF(3 )}/{1+2[ACF(1)]=ACF(2)
- [ACF(2)]2-2[ACF (1)] } (c21)

and so forth.

An ARIMA (1,0,0) process whose ACF is expected to be
ACF(k)=g,k is expected to have a nonzero PACF(1) while PACF(2)
and all successive lags are expected to be zero:

X PACF( 1'=)=¢1

PACF(2)=9¢,%-96,2/1-9,2%=0

Successive lags of PACF(k) are also.expected to be zero.




’f§§iiA

-

An ARIMA (2,0,0) process whose ACF is eipected-torbe
. ACF(1) = ¢, / 1-¢,

" ACF(2) = (8,2 / 1-8,) ;'¢zf

ACF(3) B Soormssmssmes + 9.6, ‘

is expected to have nonzero values of PACF(1) and PACF(2) while

PACF(3) and all successive lags are expected to be zero. Thus,
PACF(1) = 8, / 1-9,

(g, - 1)2 - g8
PACF(2) = -==-=--=—=-m——m= -—---
-(1'¢z)2 - 942
PACF(3) =-0 , -
Successive lags are all eibected to be zero. 1In . general, an
ARIMA (p,0,0) process 1is expected to have nonzero values for

PACF(1),';{.., PACF(p) while PACF(p+1) and all successive lags

are expected to be zero.

An ARIMA (0,0,1) process whose ACF is expected to be:

ACF(2)=.....=ACF(k)=0, |
has a decaying PACF, i.e., .all PACF(k) are expected to be

nonzero:
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: -6, .
PACF(1)=~—m—wmeemeen
140, 2
_‘.'012
PACF(2)=—~=—=m e
1+0'1291.
_913
PACF(3)=—————rmmmmeee e

146,2+6,%+6,°

Successive lags of the expected PACF grbws smaller and smaller
in absolute value. 1In génefal, the PACF of an ARIMA (0,0,q)

2 2
process: is expected to decay at a rate determined by the values

Of ’91;...’ eq. &&

Autoregressive process are characterized by decayiﬁg ACFs
and specifying PACFs. An ARIMA (p,0,0) process is expected‘to
have exactly p nonzero spikes in the first p lags of its PACF.
All successive lags of the PACF are expected to be zero. Moving
average processes are characterized by spiking ACFs and decaying
PACFs. An ARIMA ° (0,0,q) process is expected to have exactly g
nonzero spikes in the first q lags of its ACF. All successive

lags of the ACF are expected to be zero. An ARIMA (p,0,q)

process is expected to have both decaying ACF and PACF.

C) C-C.F- B

—_—

The CCF is used to identify between-series corrélation, the
patterns of between-series correlation are then used to identify
a transfer function relationship between two time series. Note

that, two nonstationary time series will always be correlated
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due to common patterns of drift or trend. To eliminate
' between-series correlations due only to drift or trend, the time
series must be made stationary by appropriate differenings prior

to estimation of the CCF.

By convention, X; is referred to as the input series, of
causor, and Z; is referred to as the output sgries, or effector.
Given two stationary time series, X, & Z;, the CCF for lags %k
is given by the formulée: |

N~k = _ _ .
Z (Xe=X) (Zp4i-2) _
CCF (+K) mmm e (C22)

N _ N _
VI (X¢-X)? I (Zp4p-2)2
t=1 t=1

N+k _ .
I (Xp-yx~X)(24-7)
t=1

CCF (~k)mmmmmmmmmmmmmmmmmmo oo (c23)

-

N - _ N . _
VI (Xp_g-X)2 L (2¢-2)°?
t=1 t=1

Eqn. (C22) and (C23) give the Pearson product-moment correlation
coefficient  between two time series separated by % k
observations. When k=0, Eqn.(C22) and (C23) are identical. When
k#O,aEqn.(sz) gives the positive half of the CCF by lagging the
Z; series forwardAin time, and.Eqn.(C23) gives the negative half
of the CCF by lagging the X series forward in time. Note that,
the CCF need not be symmetrical ab;ut lag 0, thus, in general,
CCF(+k)#CCF(-k). As a convention, it 1is .assumed that any-

estimate of CCF (+k) smaller in absolute value than 2 standard
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_error is 0.

The CCF measures not only the strength but also the
direction. When "X; cause Z..,,", evidence of the relationship is
found at CCF. (+b), in the positive half of the CCF. When the‘
reverse is true, evidence of the relationship is found ‘at  CCF

(-b) in the negative half of the CCF.
Consider the 0O-order relationship:

2y =WoXp-p*Ng (c24)
Egn.(C24) is expected to have e nonzero value of CCF (+b), all:
other lags of the CCF are expected to be zero. Defining CCF (+k).
as Egn.(C25). o *
[CCF(+k)=--=- COTIZekIE) (o)
, YVAR(X¢ )VAR (Z¢)
‘Note that,
cov((xt_kzt)=E[(xt_k)(woxt_b+ut)] (c26)
=B[ (WoX¢-kX¢-p+Xe-kNt) ]
Assuming E(Xy_gNy)=0, COV(Xy_p2¢)= WoE(Xi_pXi_p)
Now, assuming that X; is a white noise process, 3°

OV((Xt kZt) =W, 0y ? whenever b=k
=0 otherwise (Cc27)

3%5the 1nput series, Xt, must be white noise so that the CCF
estimate is not contaminated by within series correlatlons, or
autocorrelation. When the causor series is not white noise, the
CCF will reflect both between series and within-series
dependencies.



Wooy? :
CCF (k) =-—-2=3nn : ///

= W,04/0, whenever b=k | '
= 0 otherwise ~ (c28)

Consider the 15t order transfer function relationship of

Egn. (C29).

Zys———=—----- Xi-p*Ng (c29):

The CCF for a 15t order transfer function is expedted to be zero
until.CCF (b). Successive ‘positive lags, CCF(b+1), CCF(b+2),
eess; CCF(b+n), decay exponentially to zero. Since when b>k,
COV(Zy-kZ¢)=0. When b=k, COV(Xi-pZi)=Woox%. When  k=b+1,
COV(Ry-p-12¢)=Wobd 042, - In general, vhen k=b+n,
COV(Xy_p-nZs)=Hob,N0y2. Thus,

CCF(k) = 0 for k<b

CCF{k) = Woo04/0, for k=b

CCF(k) = Wob,Doy/0, for k=b+n -~ _ .o
s . ; ‘

e
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