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Abstract:

Numerous recent studies are emphasizing the existence of different stock
price behaviors, namely long random walk sub periods alternating with short
ones characterized by strong linear and/or nonlinear correlations. All these
studies suggest that these serial dependencies have an episodic nature. In this
paper we investigate the profitability of an optimum moving average strategy
selected from 15,000 combinations on the main European capital markets
considering the episodic character of linear and/or nonlinear dependencies, the
period under study being 1997-2008. The empirical results are consistent the
assumptions made by the Adaptive Markets Hypothesis (AMH) of Lo (2004)
regarding the fact that profit opportunities do exist from time to time. More than
that, the paper proves that the profitability of those strategies is mainly due to
nonlinear episodic dependencies.
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1. Introduction

The main characteristic of classical studies tgstime capital markets’
informational efficiency hypothesis is that theydrinferences on the level of the
aggregate investigated sample. In that sensekiias/n that classical tests of the
random walk hypothesis are being appreciated antiemgnost popular tests of
the weak form efficiency, their objective beingwerify the unpredictability of
security returns using past price changes. Durimg last decade, a series of
studies highlighted the fact that the rejectiontloé random walk hypothesis
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(henceforth RWH) for the whole sample could be eduby strong linear and
nonlinear correlations manifested in short subggerof time. For example, Lim
and Hinich (2005) in Asian Stock Markets, Bonilla @. (2006) in Latin
American Stock Markets, Thalassinos (2006 and 20@8)European Stock
Markets and Todea or Zoigéenciu (2007) in Central and Eastern Europe stock
markets are emphasizing the existence of diffestmtk price behaviors with an
episodic nature, namely long random walk sub peralternating with short ones
characterized by strong linear and/or nonlinearetations.

The identification of such behaviors was achievsihg the “windowed”
methodology of Hinich and Patterson (1995). The ho@tlogy requires a
division of the sample in sub periods (windows)same size in which are run
portmanteau tests of linear and nonlinear coraatiThe existence of the
episodic behavior over the evolutionary procesthefstock market prices being a
reality, a series of very recent studies investigé&t ground. Lim, Brooks and
Hinich (2007) found that the cross-country diffezes in nonlinear departure
from market efficiency can be explained by markes sind trading activity, while
the transient burst of nonlinear periods in eachketacan be attributed to the
occurrence of significant economic and politica¢ets. The high potential of this
methodology is reflected by its use in differerda@ch areas. Lim, Brooks and
Kim (2007) investigated the effects of the Asiamaficial crisis on the efficiency
of eight Asian markets, while Lim (2007) developmadrket rankings using the
percentage of windows in which RWH is rejectece@hhique based on the notion
of relative market efficiency defined in Campbeilad. (1997). Using a similar
tackling, Cajueiro and Tabak (2006) employed ainmgllsample approach to
compute the Hurst exponent, for testing the presentong-term predictability in
Asian equity markets using the medians of thedangoHurst exponents.

It is important to stress the fact that the randealk test of the stock
market prices is not a direct test of the weak fafficiency hypothesis but an
associated one. Under these circumstances, thgtance of the RWH implies
the informational efficiency, but its rejectionnst synonymous to informational
inefficiency because only the successful explorataf the dependencies is
equivalent with the inefficiency. For this reasaandom walk tests are often
followed by direct informational efficiency testssually technical analysis’ tests.
Even if generally these tests are applied sepgratetre are exceptions like the
study of Lagoarde-Segot and Lucey (2006) which aoesbthem by developing
an index of efficiency in order to evaluate theatiwle market efficiency for seven
emerging Middle-Eastern North African stock markets

By its topics and findings this article contributesthe existing literature
in two ways. Firstly, considering the episodic degencies of linear and
nonlinear dependencies it develops a methodologl dhows the evaluation of
the profitability of the technical analysis stragsgin sub periods of acceptance
and rejection of the RWH. Intuitively, we expectaththe technical analysis
strategies to be more profitable in the sub periadshich the RWH is rejected
compared to the ones in which is accepted. More that, it is interesting to
study which are dependencies that generate thegiibty of these strategies: the
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linear or the nonlinear ones? Secondly, this &tdntributes by highlighting the
findings related to the informational efficiencysiime European stock markets.
The remainder of the paper is structured as follogextion 2 discusses the
methodology; section 3 provides a short descriptbrihe data and section 4
analyses the empirical results and assesses thaircfal significance. Finally,
section 5 succinctly clarifies the results’ imptioas and the paper contribution in
the research area.

2. Methodology

The methodology applied in this paper implies algtof the profitability
of the moving average strategy over linear andineal correlation windows, as
well as over non-correlation windows. These windaavs identified using an
improved version of the “windowed” methodology ofinldh and Patterson
(1995), which is the rolling sample approach. Sadhfferent approach was used
by Lim (2007) in ranking market efficiency for stomarkets or by Lim, Brooks
and Kim (2007) in investigating the effects of th@97 financial crisis on the
Asian stock markets. As a matter of fact, TodeaAmidss-lenciu (2007) showed
that the original Hinich-Patterson methodology dmn suspected of inaccurate
identification of sub-periods exhibiting linear/nimear dependencies, because the
test results depend on how the first day of thepdams chosen.

Correlations identification is made using the pamteau test ¢) for
linear correlations and the bi-correlation tebt )(for the nonlinear ones. In the
rolling sample approactC and H statistics are computed for the first window of
a specified lengthr{), and then the sample is rolled forward elimingtihe first
observation and including the next one for a r@¥egton of C and H statistics.
The procedure is repeated until the last obsemvaifcsample is used. The return
sample{R(t)} is considered to be the realization of a stocbasticess, where t

(integer) is the time unit. In each window the data standardized to have a
sample mean of zero and a sample standard devitmme, as follows:

z( -0k (1)
ORr

where t takes values from 1 ton and my, o, are the mean and standard
deviation within each window. The null hypothesighiat{Z(t)} is the realization
of a white noise process with null correlations &maorrelations, described by
Ce(r) = E[R()R(t +1)] andCos(r,s) = E[R{t)R(t+1)R(t + )], wherer and s
are integers satisfying<r <s<L with L being the number of the lags. The
correlations and bi-correlations are then given by:

Crr(r) = (n—r)*“zniZ(t)Z(tH) 2)
Crrr(r.9) = (n—s)‘lf Z(t)Z(t+r)Z(t+s) for0O<r<s (3)

t=1
C and H statistics are distributed according tgyd law of probability with L
respectively (L-1)(L/2) degrees of freedom, having the following formulas:
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C=) [Ca(N] ) (4
r=1
H =i§62(r,s),where6(r,s) =(N-9)"?Crr(r,s) (5)

s=2 r=1

Lim, Brooks and Hinich (2007) draw the attentiomamding the fact that the
determination of the H bi-correlation statisticguges a prior filtration of the
linear component, reason for which, this study dilléers out the autocorrelation
structure by an autoregressive AR(it. The AR fitting is employed as a pre-
whitening operation, and not to obtain a model e$thfit. Thep order of the
AR(p) model is chosen between 1 and 10 as the smaitdiseé for which the
Ljung-Box Q(10) statistic is insignificant at the 10% leveltoBks and Hinich
(2001) showed that it is not necessary to filter tbturns through an AR-GARCH
model in order to determine the statistics of thedorelation test, because the
presence of GARCH effects will not cause a rejectd the null hypothesis of
pure white noise. C statistics are being computedthe basis of unfiltered
returns, while H statistics are computed usinglteréd residuum resulted after
the linear component filtration. The null hypotleesf linear/nonlinear correlation
is accepted or rejected in each window at a rigé&llef 1%.

The number of lagsl() is specified ak = n°, withO<b < 05. Based on

Monte-Carlo simulations, Hinich and Patterson ()9@&ommends the usage of
b= 04 in order to maximize the power of the test asgurmthe same time a

good asymptotical approximation. In addition, th@dow’s length must be long
enough to offer a robust statistical power but seoough for the test to be able to
identify the arrival and disappearance of transtependencies, as changes in the
variables behavior. Despite the fact that in thevimusly mentioned studies the
window’s volume was of 50 or even 35 trading session this study we use
windows of 200 observations, volume that is recomuee by Patterson and
Ashley (2000) as a result of the Monte Carlo satiahs achieved for six popular
nonlinearity tests including the bi-correlationttes

The use of the moving average strategy is basetiefact that financial
series are volatile and contain certain trends.crbsesing of the price line or short
term moving average line over the long term mowangrage line may be a sign
that a trend has been initiated. Following thisedassn, a buying signal is
generated when the short term moving average iatgrahan the long term
moving average, and the selling signal is genenatezh the inequality is reverse.
Around the long term moving average a percentagelepe has been introduced
in order to eliminate contingertnoisy » signals. The majority of studies are
limited to different moving average combinationsogwsed by Brock etl.
(1992), but taking into account that this variantirestrictive one, we developed
an informatics application which allows in the cadeeach market, the selection
of the strategy for which the return in excess g buy-and-hold strategy is
maximum. This strategy is selected from 15000 fdsstrategies resulted from
the combination of all short term moving averagesteen 1 to 10 days) with all
variants of long term moving average (between 5200 days) and of 10 size of
envelopes comprised between 0,1% and 1% (integkiptewf 0,1%).
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The commission fee differs across markets, arglgbnsidered every time
a selling or buying signal appears. In this studly inhvestor is considered to be
always on the market in a long or short position.

In each window of volume of 200 observations, tlwenclated returns
corresponding to the selected moving average giyaed to the buy-and-hold
strategy were computed, as well as the cumulatedssxreturn. By dividing these
results by 200, the daily average return/excess wasputed and grouped
together in four sub-samples depending on the tesfl the C and H tests.
Considering the addition property of the average, daily average excess was
computed for each sub-sample and then their sggmée has been tested. The
daily average returns and the daily average exadasns have been annualized
and expressed in percents, by multiplying them 89, respectively 100 in
order to offer a clearer image of the results.

3. TheData

The data consists of daily closing prices for sixdpeanstock market
indices [Austria (ATX Index), Holland (AEX GeneralFrance (CAC 40),
Germany (CAC 40), Switzerland (Swiss Market Indexidd UK (FTSE 100)]
analyzed between thé'bf July 1997 and 14 April 2008. All the closingqes
obtained fromYahoo-Finance are denominated in their respective local currency
units. The data was then transformed into a sefie®ntinuously compounded
percentage returns by taking 100 times the log eprielatives, i.e.

r, =In(p, / p,,)-100, where p, is the closing price of the index on day

4. Empirical Results

Using the informatics application we identified tls&rategy with the
maximum excess return for each market listed insé@nd column of Table 1.
The detection of the most profitable strategy welsieved by using the closing
levels of the indices over the period 1/02/1997288008, but the analysis of the
profitability of these strategies over linear/noekr correlation and non-
correlation sub-periods was made on samples oéréifit volumes depending on
the value obtained for the long term moving averdgean example, in the case
of Austria, for which the optimum strategy is ()51 0.1%), we investigate the
dependences starting with day 105 in the initialnga, so that the first
observation in the new sample corresponds to 16 1@87. In this case the short
moving average is 2, the long moving average isd@ibthe envelope around the
long moving average is 0.1%. For each market thst tlay of the sample is
presented in the third column of Table 1.
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Table 1. Optimal strategy, first date of sample and returns
Opt||ma ComMISSo | i o gate | B | Technical
n of and- analvsis Excess
Strateg (%) Hold y return
sample return
y return
* *
_ (2. 105, 0,35 0.0(1042 0.00768* 0.009348
Austria 0.1%) 6/10/1997 (19,2%)
' (10,5%) ’ (8,7%)
0,33 - R
(8, 198, 10/14/199| 0.00033+ | 0:0000914/ 0,000419
Holland 0.7%) 7 " * *
) 0, 0,
(-8.17%) (2,28%) | (10,47%)
(10, 0,26 0,00017* | 0,000582*| 0,000412*
France 127, 71811997 * * *
0.3%) (4,25%) | (14,55%) | (10,3%)
* *
(2. 200, 0,3 10/21/199 0,0(10135 0,009483 0,009349
Germany | “'gos) 7
' (3,375%) | (12,075%)| (8,725%)
*
switzerlan | (20 0,32 0,000075| () gogme | 0,000424
p 123, 71211997 9 (12.5%) *
1%) (1,898%) ~7) 1 (10,6%)
UK (8, 135, 0,38 2116/1997| 0:0004 | 0,0001* 0’0090603
0, 0, 0,
1%) (1,00%) | (2,50%) (1,508%)

Note. The annualized returns are given in brackets. Narmtmarked with * (**) are
significant at the 5% (1%) risk levels.

Using a passive strategy by the investors durireyériod under study
would have led to diminished annual returns fohemaarket with the exception of
the Austrian market where the return is of 10.5%déf the hypothesis in which
all investors had managed to adopt the best moaiegage strategy the returns
adjusted with the commission fees varies betwe289%.in the case of Holland
and 19.2% in the case of Austria. The British anatcB markets distinguish
themselves by the lowest profitability of the optim strategy, sign of a
potentially high degree of weak form informatiorefficiency. This does not
mean that other technical analysis strategies eghin these markets could not
have led to higher profits. The annualized excessrm of the optimum strategy
comparative to the buy-and-hold strategy, with theception of the British
market, lies between 8-10%, but this excess varies time depending on the
evolution process of stock market prices.

One of the fundamental hypotheses of technicalyarsastrategies is that the past
tends to repeat, for which reason the existencanoepisodic behavior of the
linear and nonlinear dependencies certainly infheetheir profitability over time.
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Table 2. The average excessreturn generated by the optimum strategy over
sub periods of acceptance and r g ection of the random walk hypothesis

Total C and H insignificant C or H significant
number of Number of | Excessreturn | Number of | Excessreturn
windows windows windows

Austria 2576 1554 0,000116* 1022 0,000699**
(2,90%) (17,475%)

Holland 2572 1260 0,00011** 1312 0,000715**
(2,75%) (17,875%)

France 2634 1433 0,000418** 1201 0,000404**
(10,45%) (10,10%)

Germany 2547 1331 -0,0000956* 1216 0,000835**
(-2,39%) (20,875%)

Switzerland 2603 1313 0,000126** 1290 0,000728**
(3,15%) (18,20%)

UK 2602 1159 -0,00028** 1443 0,000333**
(-7,00%) (8,325%)

Note. The annualized returns are given in brackets. Narmnarked with * (**) are
significant at the 5% (1%) risk levels

Table 2 shows that the excess return within thedaivs in which the
RWH is rejected due to linear and nonlinear coti@hs is superior to the excess
return over the sub periods of acceptance of RWHh whe exception of the
French market. The percentage of windows in whiehRWH is rejected at a risk
level of 1% varies from a market to another wittie 40-60% interval. This
percentage is significantly influenced by the wiwt length which consists in
this study of 200 trading sessions. For the sam&ets if the window’s length is
50, the percentage of windows in which the RWHeigated is less than 10%. It
may be observed that in the case of the GermarBatidh markets, during the
sub periods of acceptance of the RWH, the retumeigged by the passive
strategy is superior to the one corresponding & dptimum moving average
strategy. The highest positive excess returns @rglgenerated in the sub periods
of linear and nonlinear correlation on the marlkat#ustria, Holland, Germany
and Switzerland.
Table 3 shows that the rejection of the RWH is dspecially to the presence of
nonlinear dynamics. More than that, the profitépilof the moving average
strategy seems to be caused by these nonlinearndepages. Somehow
surprising, in the sub periods in which only linearrelation exist, the excess
return is negative for all the markets. Practicdlig confirmed once more that the
strategies of the technical analysis exploit egdlgcthe nonlinear dynamics of
stock market prices. In sub periods of simultanbouisiear and nonlinear
correlation, the results are ambiguous, these lediwas leading to profitability in
the case of the French, Swiss and Dutch marketsnagdtive excess for the
German and the British markets.
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Table 3. The aver age excessreturn generated by the optimum strategy
in sub-periods of the random walk hypothesisr g ection

C significant and H significant and C and H significant
H insignificant C insignificant
Number Excess Number of | Excessreturn | Number Excess
of return windows of return
windows windows
0,00028
. -0,00032** 0,000857** '
Austria 25 ' 050 766 ’ N 231 6**
(-7,95%) (21,425%) (7.15%)
0,00101
-0,001579* 0,000703** 3x*
Holland 5 (-39,475%) 1218 (17,575%) 89 (25,325
%)
0,00176
-0,000293* 0,000368** 8*x*
France 16 (-7,325%) 1147 (9.20%) 38 (44,20%
)
0,00062
-0,00053** 0,001033** *x
Germany 13 (-13,25%) 1070 (25,825%) 133 (-
15,575
%)
0,00200
. 0,000722** 2%*
Switzerland - - 1284 (18,05%) 6 (50,05%
)
0,00006
-0,00018 0,000497** ’
UK 48 (-4,60%) 1035 (12,425%)" 360 7(1
1,678%)

Note. The annualized returns are given in brackets. Narmtmarked with * (**) are
significant at the 5% (1%) risk levels

5. Conclusion

This article contributes to the existing literatuby validating the
hypothesis according to which the existence of agfitsdependencies increases
the predictability degree of stock market pricesisTex-post validation for several
European capital markets was achieved by runnimfiyect test of weak form
informational efficiency hypothesis, the moving eage strategy. The moving
average strategies confirm their profitability onty sub-periods in which the
RWH is rejected, and due to the episodic charaftérese correlations it may be
asserted that the degree of market efficiency sane cyclical fashion over time
and these statistical features are in line withs¢hpostulated by the Adaptive
Markets Hypothesis (AMH) of Lo (2004).
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The analysis of the profitability over linear andnfinear correlation sub-
periods confirm, with certain reserves in the ocafsithe French market, the results
obtained by Clyde and Osler (1997) and AndradaxFetlal. (2003) according to
which the profitability of the technical analysssgiven mainly by the existence of
nonlinear dynamics of stock prices and not of lin@@es. This is supplementary
evidence urging on a more exhaustive investigatadnnonlinear episodic
dependencies.
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