
Upcoming Courses 
 
üForecasting  

Financial Markets 
Feb 7-9, 2001 New York  
Apr 25-27, 2001 London 
 
üYield Curve &  

Interest Rate Modeling 
Feb 21-23, 2001 New York 
Mar 14-16, 2001 London 
 
üAdvanced Risk Management 

Mar 28-30, 2001 London 
Apr 4-6, 2001 New York  
 

See web site for details:  
http://www.iisec.com 

Internet  Internat ional  Secur i t ies  Educat ion Corporat ion 

Our understanding of the way 
financial markets work has 
changed radically over the last 
fifteen years.  In the mid-
1980’s, when  CAPM and the 
EMH held sway, economic the-
ory was based on three funda-
mental principles: 
 
1. CAPM is a good model of CAPM is a good model of 

asset returns.  asset returns.  Higher aver-
age returns are achievable 
at the “cost” of higher beta, 
which measures the ten-
dency of an asset to covary 
with the overall market. 
 

2. Returns are unpredictable.  Returns are unpredictable.  
Asset returns follow a ran-
dom walk.  Markets are 
“memory-less” and ex-
pected future returns re-
main approximately the 
same regardless of histori-
cal performance.  Technical 
analysis and any other fore-
casting techniques based 
on an analysis of past (or 
current) data will prove use-

less as a method of pre-
dicting future outcomes.  
Any apparent predictability 
will fail to generalize out of 
sample and will quickly 
vanish or be swallowed up 
in transaction costs.   
In fixed income markets, 
an upwards sloping yield 
curve implies that short-
term rates are expected to 
rise. This will ensure that 
the return on long term 
bonds is limited by the rise 
in interest rates to approxi-
mately the same level of 
return as for short term 
bonds. 
In currency markets, while 
you may achieve higher 
rates of interest in a for-
eign currency, the expected 
depreciation in the cur-
rency will be such that , in 
dollar terms, you end up 
earning no more that you 
would if you had invested 
in domestic bonds. 
 

3. Portfolio managers are iPortfolio managers are in-n-
ccaapable of consistently gepable of consistently gen-n-
erating abnormal returns.  erating abnormal returns.  
Funds that do better in one 
year are no more likely to 
do better than average in 
future.  The average actively 
managed fund under-
performs the market index 
by an amount equivalent to 
the management charges in 
the fund.  The more actively 
the fund trades, the lower 
the return to investors. 
 

In his article New Facts in Fi-
nance, Prof. John Cochrane 
reviews the new findings that  
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Hamesh Pesaran and Allan 
Timmerman have been at the 
forefront of the debate over 
return prediction.  In their 
seminal study in 1995 the 
researchers demonstrated the 
predictability of excess equity 
returns using simple 
(recursive) multiple regression 
models employing  ex-ante  
variables, showing how these 
models could apparently be 
used to develop market timing 

strategies capable of generating 
significant abnormal returns, 
even in the presence of substan-
tial transaction costs.  In their 
latest research they return to the 
theme of return prediction, but 
this time addressing the issue of 
time-variant forecasting models.  
This is a neglected, but highly 
important, issue: a common ex-
periences of many financial fore 

 
(Continued on page 3) 



(Continued from page 1)
are now emerging from more 
recent empirical research: 
 
1. CAPM no longer works.CAPM no longer works. 

There are assets whose 
average returns cannot be 
explained by their beta 
alone.  Additional risk fac-
tors have a role in explain-
ing high average returns. 
 

2. Returns are predictable.  Returns are predictable.  
Ex-ante variables such are 
the dividend/price (d/p) 
ratio and term premium 
can explain a sizeable 
amount of the total varia-
tion in equity returns.   
 
Bond returns are predict-
able.  While the expecta-
tions theory works well in 
the long term, spot rates 
consistent fail to move to 
the level anticipated by 
the forward curve.  In a 
steeply upward sloping 
yield curve environment 
expected returns on long 
term bonds exceed that 
on short term bonds over 
the next year.  
 
In currency markets, you 
can expect to receive a 

higher return in high-interest 
currencies, even after convert-
ing back to US dollars. 
 
Asset volatility changes over 
time.  Past volatility is a good 
indicator of future volatility.  
Volatility is asymmetric—it in-
crease after large falls by 
more than it does after 
equivalent price rises.  Bond 
volatility increase when rates 
are higher, in line  with infla-
tion expectations and, possi-
bly, when yield spreads are 
higher too. 
 

3. Fund returns are somewhat Fund returns are somewhat 
predicable.predicable. 
Past winning funds do better 
than average in future and 
past losing funds do worse.  
However, fund manager skill 
is not the explanation:  funds 
earn persistent returns by fol-
lowing fairly mechanical styles 
rather than by stock selection. 

 
A Multifactor WorldA Multifactor World  
As Cochrane explains, financial 
economists have accepted since 
Merton (1973, 1971) the theoreti-
cal possibility of relevant factors 
beyond market volatility.  One rea-
son is that, contrary to the simpli-
fying assumptions made by the 

CAPM, the average investor is 
not reliant solely on his invest-
ment portfolio to generate an 
income—he has a job.  Conse-
quently we may expect that he 
will pay a premium to hold 
counter-cyclical stocks, which 
offset the risk to his income at 
times of economic slowdown.  
As a result, these stocks will 
earn lower average returns 
when compared to procyclical 
stocks with the same market 
beta.   
 
There are a number of such 
additional factors which are 
represented in the more recent 
extensions to CAPM, so-called 
“state-variables” such as the p/
d ratio, yield curve slope or 
forecast returns.  The justifica-
tion for their inclusion is that 
they relate to average con-
sumption:  for example, if the 
market as a whole declines 
investors lose wealth and will 
cut back on consumption (the 
celebrated “wealth effect”, op-
erating in reverse).  Recessions 
and lower returns forecasts will 
likewise lead to lower consump-
tion. 
Over the past decade empirical 
researchers have found a num-(Continued on page 4) 
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“These views are not 

ideological or doctrinaire 

beliefs.  Rather, they 

summarize the findings of 

a quarter of a century of 

careful empirical work.  

However, every one of 

them has now been 

extensively revised by a 

new generation of 

empirical research.” 
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CAPM relates the expected excess 
return on an asset to the expected 
excess return on the market: 
 

E(Ra—Rf) = ββE(Rm—Rf) 
 
Where the asset beta quantifies the 
asset’s tendency to move with the 
market as a whole: 
 

ββ = ρρa,m σσa / σσm   
  
ρρa,m  being the correlation between 
the asset and the market and σσa and 
σσm  being, respectively, the volatility 

of the asset and the market 
 
Multifactor models extend this theory in 
a simple way, using multiple regression 
to estimate an asset’s tendency to move 
with multiple risk factors F1, F2 , etc., as 
follows: 
 
E(Ra—Rf) = ββE(Rm—Rf) +  ΣβΣβiFi 
 
 
The residual, unexplained average 
return is the stock alpha: 
 
αα  = E(Ra—Rf) - {ββE(Rm—Rf) +  ΣβΣβiFi} 

 



Market Timing Test 

Pesaran and Timmermann 
(1992) developed a non-
parametric test of sign 
predictability which is 

asymptotically equivalent 
to the test originally de-

veloped by Henriksson and 
Merton (1981) but is more 
convenient to work with.  
This can be written as: 

Where H is the “hit rate” 
and F is the “false alarm 

rate”, which are defined as: 

 

The hit minus false alarm 
rate is zero for all fore-
casts that do not have 
any information about the 
sign of returns, so this 
statistic must be strictly 
positive to demonstrate 
market timing ability. 

Investment  Research Report   

bubbles, or regime switches in 
monetary of fiscal policy.  Fore-
casting under such conditions 
requires the ability to monitor 
for breaks as they occur, and 
select an appropriate size of 
observation window for estima-
tion and forecasting.  To ad-
dress this problem the authors 
introduce a new “reversed or-
dered Cusum” (ROC) approach 
which applies Cusum tests to 
observations reversed in time. 
When adopted recursively 
through time, the ROC proce-
dure yields a sequence of win-
dow sizes that effectively indi-
cate the ‘memory’ of the return 
model under consideration.   
Compared to the traditional 
method of handling structural 
shifts, in which for example the 
window size is varied as a de-
terministic function of time, the 
ROC approach produces signifi-
cant gains in market timing 
results. 
 

Using the Bai and Perron 
(1998) recursive procedure 
for estimation of multiple 
break points (see table below) 
and the Akaike Information 
criterion,  the researchers find 
three break points: 
01/1954—10/1962 
11/1962—01/1969 
02/1969—12/1990 
01/1991—12/1997 
 
In the first three sub-periods 
the form of the regression 
model is similar:  excess re-
turns are positively related to 
the dividend yield and the de-
fault premium, and negatively 
related to short term interest 
rates.  Post 1990, that rela-
tionship breaks down:  the 
regression coefficient of the 
dividend yield is negative, but 
no longer significant.  The co-
efficient of the interest rate is 
also no longer significant after 
1990.  This is important since 

(Continued on page 5) 
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BB enchmark Modelenchmark Model 
The full sample covers the period from 01/1954 to 12/1997.  A benchmark model is fitted to the full 
sample, which does not allow for any breaks. 

Here the variable Yield is the dividend/price ratio, I is the one-month T-Bill rate and Def is the yield 
spread of Baa rates bonds over Aaa rated bonds. 
 
Estimating Break PointsEstimating Break Points 
Suppose that the excess return yt is related to a set of state variables xt-1, but that relationship has 
been subject to q breaks up until time T: 

 
Where T is the sample size and et are disturbances. 
 
The Bai and Perron procedure enables consistent 
estimation of the number and location of the break-
points (T1, T2, . . . Tq) and the corresponding regres-
sion parameters. It also provides confidence inter-
vals for the times of the breaks. 

(Continued from page 1) 
casters is that good historical 
forecasting models quickly 
break down once implemented 
in a live trading context.  The 
authors investigate the stability 
of a standard prediction model 
that relates US stock returns to 
lagged values of the dividend 
yield, short term interest rate 
and default premium.  Evi-
dence is found of breaks in the 
regression coefficients at three 
points in the post war period. 
After the most recent break, 
estimated to have occurred in 
1990, they find the regression 
relationship breaks down alto-
gether.  These results are con-
sistent with findings in Bos-
saerts and Hilton (1999) and 
Sullivan, Timmermann and 
White (1999) of breakdowns in 
predictive relations for  US 
stock returns.  Breaks or jumps 
in parameter values could 
arise from major changes in 
market sentiment, speculative 
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(Continued from page 2) 
ber of specific factors that are 
helpful in explaining variation in 
average returns across assets. 
Cochrane reviews the landmark 
studies by Fama and French 
(1996, 1993) which identified 
firm size and book/market value 
as important factors. Small-cap 
value (high book/market) stocks 
have relatively high average re-
turns when compared to large 
growth stocks, even after ac-
counting for market beta.  As 
figure 1 illustrates, the highest 

portfolios have three times the 
average excess return of the 
lowest portfolios, and the varia-
tion has nothing to do with mar-

ket betas.  Fama and French 
describe  a multifactor model 
which explains these results, 
using the market return, the 
return of small less big stocks 
(SMB), and the return of high 
book/market less low book/
market stocks (HML) as the 
three factors.  Their results, 
summarized in figure 2, clearly 
indicate the importance of the 
role that the additional factors 
play in explaining return varia-
tion.  And the relationships are 
strong:  the R2 values of the 
regression relationships are all 
in the 90% - 95% range.  Ac-
cording to the Ross (1976) arbi-
trage pricing theory, this means 
that there would be a near-
certain statistical arbitrage op-
portunity  if value and small 
stocks failed to move together 
as predicted by the model.  De-
spite the model’s success, how-
ever, there are concerns.  The 
size and value premiums ap-
pear to have diminished sub-
stantially in recent years.  The 
worry is that they may turn out 
to be temporary anomalies.   
  
Return Prediction,Return Prediction,  
The body of current empirical 
evidence indicates very clearly 

that average returns are pre-
dictable, certainly over long 
horizons, and are related to 
business cycles and financial 
distress.  Shiller (1981) and 
LeRoy and Porter (1981) use 
volatility tests to establish 
that stock prices fluctuated 
too much to be accounted for 
by changing expectations of 
future cash flows, and must 
instead be due to changes in 
discount rates or expected 
returns.  It turns out that, 
while monthly or annual re-
turns are only slightly predict-
able, predictability increases 
with the time horizon (see 
Cochran’s Table 1 in Predict-
ing Market Returns, page 5).  
Fama and French (1996) find 
that a simple reversal strategy 
to exploit this effect, in which 
you buy previous losers and 
sell the winners, would earn a 
useful 0.74% monthly average 
return.  There also appear to 
be significant momentum ef-
fects, in which short term los-
ers continue to do poorly, 
while short term winners con-
tinue to make gains.  Cahart
( 1997) concludes, however, 
that momentum is not exploit-(Continued on page 6) 
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Figure 1 

Figure 2 

“Since the average fund 

underperrforms the 

market, and fund 

returns are not 

predictable, we conclude 

that active fund 

management does not 

generate superior 

performance . . . 

 

Most troubling, funds 

who say they follow 

value strategies don’t 

outperform the market 

either . . .  

 

These results imply 

that value funds are 

not really following a 

value strategy, since 

their returns correlate 

with the market 

portfolio and not the 

value portfolio.  



stock momentum, although 
statistically significant, is large 
enough to be exploitable in 
practise, taking account of the 
transaction cost of high-
frequency trading.   

(Continued from page 3) 
much of the predictability of 
post-war stock returns has 
been driven by this variable.  
By contrast the coefficient of 
the default premium is signifi-
cant only after 1969 and its 
value  is four times bigger post 
1991 as compared to the pe-
riod prior to 1962. 
The in-sample R2 values also 
vary significantly between the 
different break points:  for the 
period up to 1962 it takes the 
value 0.11.  In the long period 
from 1960 to 1990 it is much 
higher at 0.33.  After 1991 it 
declines to only 0.09.  These 
findings suggest that most of 
the evidence of predictability is 
confined to the 1970’s and 

1980’s.  The researchers con-
sider the problem of how to de-
termine in real time how much 
historical information to use 
when estimating a forecasting 
model.  Two current popular 
methods are using a fixed win-
dow size of data (‘rolling win-
dow’) or exponentially smoothing 
the data either by means of a 
predetermined discount factor 
(discounted least squares) or 
through a time-varying parame-
ter model.  The problem with the 
rolling window approach is that 
after a break the window will 
tend to be too long, while before 
a break it will be too short. 
Time-varying parameter models 
tend to assume that underlying 
parameters evolve slowly and 
are therefore unable to accom-
modate sudden large changes 

such  as those frequently ob-
served in return regressions.  
In discounted least squares, 
again the problem tends to be 
that too much weight is 
placed on return data prior to 
the break. 
Pesaran and Timmerman 
tackle these difficulties by 
applying an optimal stopping 
rule based on the Cusum 
squared procedure of Brown 
et al. (1975).  The innovative 
twist is that they reverse the 
observations in time before 
proceeding with the test pro-
cedure.  This overcomes the 
difficulty which the standard 
forward procedure has in 
dealing with multiple break 
points in the series.  After re-
versing the order of the se-

(Continued on page 7) 

Cochrane uses a simple re-
gression model, relating ex-
cess returns to the price/
dividend ratio.  The regression 
coefficient of determination 
rises with time horizon, re-
flecting the fact that daily pre-
dictability, although slight, is 
cumulative over long hori-
zons. 
Research by Fama and 
French (1996), DeBont and 
Thaler (1985) and Jegadeesh 
and Titman (1993) confirm 
the findings about a reversal 
effect:  stocks that do well for 
a long time tend to do poorly 
subsequently; stocks that do 
poorly for a long time 
(reaching a low price or mar-
ket/book ratio) tend to come 
back and do well later on. 
 
Fama and French also find 
evidence of a short term mo-
mentum effect:  Losers in the 
past year continue to lose, 
while winners continue to 
gain.  This effect is not expli-

cable by the 3-factor model, 
which predicts that past losers 
should have low prices and 
hence tend to move with 
higher-yielding value stocks.  It 
remains to be seen whether 
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“This regression has 

powerful implications: . . . 

Many stock investors see a 

string of good past returns 

and become elated . . .

concluding future stock 

returns will be good as 

well.  The regression 

reveals the opposite:  A 

string of good past returns 

which drives up stock 

prices is bad news for 

subsequent stock returns, 

as it is for bonds.” 

“The findings suggest 
that most of the evidence 
of predictability is 
confined to the 1970’s 
and 1980’s .  .  .   
 
After the most recent 
break, estimated to have 
occurred in 1990, the 
regression breaks down 
completely .” 



(Continued from page 4) 
able after transaction costs, 
while Moskowitz and Grinblatt 
(1999) note that most of the 
gains come from short posi-
tions in small, illiquid stocks.   
In fixed income markets, as 
with stocks, new research has 
led to a significant modifica-
tion of the  traditional expec-
tations view.   
For bonds, empirical research 
tends to confirm the expecta-
tions theory, finding that aver-
age holding period returns 
vary only very slightly across 
maturities (any small increase 
in returns for long term bonds 
being accredited to a liquidity 
premium).  However, the 
Fama & Bliss (1987) study 
cast doubt on the expecta-
tions model by finding that , 
up to three years out, the esti-
mated slope coefficient  of a 
regression model relating for-
ward rates to subsequent 
spot rates was significantly 
less that 1, the value pre-
dicted by expectations theory. 
Short term, it  appears, for-
ward rates have little or no 
explanatory power for 
changes in spot rates.  As 
Cochrane says, than means 
there is money to be made, 
albeit as some risk.  The table 

below, taken from Cochrane’s 
paper, illustrates the idea.  In 
panel B, regressions are run 
of one-year excess returns 
against the forward-spot 
spread.  Here the expecta-
tions theory predicts a coeffi-
cient of zero.  However, the 
coefficients are all over 1.0.  A 
high forward rate does not 
indicate that interest rates 
will move higher next year; 
rather, it seems to indicate 
that investors will earn that 
much more by holding long-
term bonds.  As Cochrane 
points out, this strategy is 
risky, of course.  The regres-
sion R2 are all under 20% , so 
the strategy will often go 
wrong.  Nonetheless it will pay 
off more often than not.  Fur-
ther, the strength of the re-
gression builds with the time 
horizon, as with the d/p re-
gression on stocks. 
 
The story on currencies is 
similar.  On average the ex-
pectation theory  holds good—
higher interest rate differen-
tials are offset by greater risk 
of devaluation.  However, by 
analogy with bonds, there are 
circumstances in which, over 
the short term, one can earn 
higher returns by holding 

bonds in currencies whose 
interest rates are higher than 
usual relative to US interest 
rates.  As Engel (1996) and 
Lewis (1995) demonstrate, 
higher than usual interest 
rates appear to lead to further 
appreciation , rather than in-
creasing the likelihood of de-
preciation, as expectations 
theory predicts. 
 
ConclusionConclusion  
Our understanding is now that 
investors may earn a substan-
tial premium for taking addi-
tional risks such as recession 
or distress related risks.  They 
earn these premiums by fol-
lowing strategies such as 
value investment, market tim-
ing, and forward rate risk arbi-
trage.  The size of the premi-
ums is still in dispute, but as 
Cochrane concludes, re-
searchers are unlikely to re-
turn to the simple view that 
returns are independent over 
time and will be described 
adequately by CAPM. 
What the implications are for 
investment strategy will be 
considered in the next issue, 
when we review John Coch-
rane’s follow-on article Portfo-
lio advice for a multifactor 
world.          --  END  END --  
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“If the expectations 

hypothesis does not work 

at one-year horizons, then 

there is money to be 

made—one must be able 

to foresee years in which 

short-term bonds will 

return more than long-

terms bonds and vice 

versa . . .” 

 

“. . .  higher than usual 

interest rates appear to 

lead to further 

appreciation, rather than 

increasing the likelihood 

of depreciation, as 

expectations theory 

predicts.” 



the market 74% of the time.  
Before transaction costs, a 
simple market timing strategy 
based on the regression 
model generates average an-
nual excess returns of 9%, a 
Sharpe ratio of 0.6, and an 
excess over a buy and hold 
strategy of 120% over the 30 
year test period (see Fig. 4).  
Note that this is a recursive 
regression, and all forecasts 
are out of sample. 

Investment  Research Report   

ries, OLS estimation proceeds 
in the standard way, estimat-
ing parameter coefficients 
and estimating standardized 
residuals upon which the re-
versed squared Cusum test 
statistic is based: 

Where the vj are the standard-
ized residuals from the re-
verse regression.   
Brown et al. (1975) provide 
critical values to decide if a 
break has occurred. 
 
To test the methodology, the 
researchers use a test sample 
from 01/1970—12/1997. 
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The reverse ROC method ini-
tially estimates the most re-
cent break point around 
1974, followed by a long sta-
ble period up to 1994, when 

there is a second sharp drop 
in the size of the observation 
window (see figure 3 below). 

(Continued on page 8) 
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of the recursive regression 
models reported in Pesaran & 
Timmerman (1995), in which 
monthly excess returns are 
regressed on four ex-ante vari-
ables based on the 1-month T-
Bill rate,  the index of industrial 
production, the producer price 
index and the dividend yield 
(full details are given in the 
study).  While the regression R2 

is low (9% ), the model cor-
rectly predicts the direction of 

Statistical goodness of fit 
measures often lead to very 
different interpretations from 
trading performance meas-
ures.  In financial markets, 
where regressions typically 
have low R2 - of the order of 
20% or less— the distinction 
can be marked.  This is be-
cause, as investors, predicting  
the magnitude of change is 
usually less important than the 
ability to anticipate market 
direction.  In these circum-
stances a more appropriate 
measure might be, for exam-
ple, the sign prediction statis-
tic, which measures the pro-
portion, P,  of correct (1-period 
ahead) sign changes predicted 
by the model.  For large sam-
ple size N, the test statistic: 
 

S = (PS = (P——0.5) / (0.25N)0.5) / (0.25N) 0.50.5  
 
is a standard normal variate.  
Values of S above 1.96 would 
lead us to reject the null hy-
pothesis of no predictive ability 
(P = 0.5) at the 95% level. 
 
The case study replicates one 

S&P500 Cumulative Trading Returns

-50%

0%

50%

100%

150%

200%

250%

300%

350%

1960M2    

1964M2    

1968M2    

1972M2    

1976M2    

1980M2    

1984M2    

1988M2    

1992M2    

Regression

Buy & Hold

Figure 3 

Figure 4 

Case Study: 
Pesaran-Timmermann 
recursive regression 
of S&P500 returns.  

 

You can review the 
case study on our web 

site: 

www.iisec.com/irr 

Select the case study page 
for the current issue. 

The data and analysis is 
contained in an Excel 2000 
workbook, which you can 

download . 



(Continued from page 7) 
 
 In terms of forecasting preci-
sion, the researchers make 
the point that at the end of 
the sample period the divi-
dend yield was at a historical 
low, while the average excess 
returns were unusually high, 
leading economists to specu-
late that the relationship be-
tween the dividend yield and 
stock returns had broken 
down.  Although the expand-
ing window estimate of the 
dividend yield coefficient was 
declining after 1994, it was 
still positive and large enough 
to generate negative fore-
casts of excess returns.  The 
constant coefficient model 
would therefore have led to a 
withdrawal from the market 
after 1994.  By contrast the 
ROC method predicted posi-
tive excess returns at the end 
of the sample, leading to the 
opposite asset allocation 

strategy.  As the researchers 
point out, this is a clear indi-
cation of the sensitivity of as-
set allocation to assumptions 
about model stability.  
The ROC method also com-
pares favorably with other 
methods in terms of sign pre-
diction., achieving 64.3% cor-
rect signs and the largest 
(and highly significant) PT test 
statistic value (5.23).  The 
next best method, the rolling 
window, achieved 61.3% cor-
rect signs and a PT test value 
of 3.77.  The constant coeffi-
cient model actually produces 
negative excess returns in the 
period from 1994. 
ConclusionConclusion  
Financial time series often 
undergo sudden, large 
changes reflecting major 
changes in the structure or 
operation of the market. 
These series are difficult to 
handle by traditional meth-

ods, especially where one is 
interested in direction predic-
tion for asset allocation pur-
poses. The researchers ap-
pear to have discovered a 
useful new technique which 
appears to identify  three ma-
jor breaks in the series of US 
stock returns.  They find evi-
dence that the proportion of 
correctly predicted signs of US 
stock returns can be im-
proved over unconditional 
methods that do not account 
for breaks. 
These findings bring into 
question the practice of con-
ditioning on constant coeffi-
cient forecasting models in 
asset allocation decisions.   A 
model that allows for parame-
ter shifts appears likely to 
lead to very different—and 
more profitable—asset alloca-
tion decisions as markets 
undergo structural change. 
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