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Abstract

In the battery of existing statistical techniques for the testing of the predictive
power of trading rules of technical analysis and, in extension, for the testing
of the hypothesis of efficiency in financial markets, this work proposes one
more for inclusion. The proposed technique is a modification of the Box-Tiao
stochastic models for the assessment of the impact of external events on time
series. The potential advantages of the proposed methodology over the exist-
ing ones (e.g. simple #tests, bootstrapping techniques) are discussed. Appli-
cation of the proposed statistical technique to the returns of the FT30 Index of
the London Stock Exchange, in conjunction with the moving average technical
trading rule, shows good agreement with the empirical findings of other meth-
ods.
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1. Introduction

The concept of market efficiency is very important in modern financial theory.
Although market efficiency is defined differently by different authors (e.g. Beaver
[1]; Malkiel [2]; Milionis [3]; Rubinstein [4]), it is the definition due to Fama
(1970) that has become the established one, according to which a market is effi-
cient if “prices ‘fully reflect all available information.” The classic categorization
of available information, introduced by Roberts [5] and adopted by Fama [6], clas-
sifies efficiency as weak-form, when the information set includes past prices, semi-

strong, when the information set includes all publicly available information, and
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strong-form, when the information set includes all publicly or privately available
information. In the so-called tests for return predictability (Fama [7]), the infor-
mation set available, in addition to past prices (which is the information set in the
tests for weak-form market efficiency) may also include firm-specific characteris-
tics (e.g., the firm size, the price-earnings ratio, the book-to-market value and the
dividend yield), macroeconomic variables (e.g., variables related to the term struc-
ture of interest rates and unexpected inflation) or even calendar effects (Fama [7]).
In an efficient market, the results from tests of return predictability should not
reject the null hypothesis of no predictability (Efficient Markets Hypothesis).!

Notwithstanding the beliefs of many academics about the validity of the Effi-
cient Markets Hypothesis, at least for its less strict versions, the so-called technical
analysis (Ze., the study of market action for the purpose of forecasting future price
trends (Murphy [8])) has been a thriving activity of market participants for more
than a century. Indeed, relevant surveys revealed that most market analysts in all
kinds of speculative markets (stock markets, futures markets, FOREX, crypto) em-
ploy technical trading rules (Taylor and Allen [9]; Billingsley and Chance [10];
Cheung and Chinn [11]).

Although until late 1980s most empirical testing was suggestive of non-rejec-
tion of the efficiency hypothesis in its weak and semi-strong versions, during the
1990s, there was an abundance of counterevidence, mainly from examining the
predictive power of trading rules of technical analysis. Amongst others, this may
be attributed to the enhanced statistical testing methodologies introduced in early
1990s. As Park and Irwin [12] in their review about the tests for the predictive
power of technical analysis suggest, the relevant statistical testing procedures may
be discriminated as “early” (before early 1990s) and “modern” using as criterion
the extent of rigorousness and sophistication of the employed statistical method-
ology. Furthermore, an additional advantage of this approach is that, to an extent,
it overcomes the so-called joint hypothesis problem when testing for weak-form
market efficiency using more traditional methods (for details see Milionis and
Papanagiotou [13]). There is little doubt that among the most influential “mod-
ern” studies was the work of Brock et al. [14]. Indeed, Brock et al. [14], using daily
data of the Dow Jones Index of the New York Stock Exchange for nearly a century,
showed that many trading rules have predictive power. This conclusion was then
generalized for both developed and emerging capital markets (for example, Bes-
sembinder and Chan [15]; Cai et al [16]; Gengay [17]; Hudson et al. [18]; Wong
etal [19]).

The statistical tests for the predictability of technical trading rules were cer-
tainly facilitated by the development of automated computer-guided trading sys-
tems and the use of mathematically well-defined, in the sense of Neftci [20], tech-

nical trading rules, which can generate precise trading signals.

'Tt must be noted that in the above discussion market efficiency is perceived as static. Allowing effi-
ciency to evolve over time a new version of the hypothesis of efficient markets, the so-called Adaptive
Markets Hypothesis has been introduced and the framework for its testing has been extended (Lim
and Brooks [45]; Patil and Rastogi [42]; Milionis [43], Milionis [44]).
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Among such trading rules used by researchers to test market efficiency the one
employed most frequently is the so-called moving average (henceforth MA) rule
and it is the one which will be used in this work. It is noted that although technical
analysis stresses that a buy or a sell decision is best to be a composite one, being
based on as many conducive signals as possible (e.g., volume of trade, conver-
gence-divergence indicators, etc., Murphy [8]), quite often the MA rule, due to
the precise signals it generates, is used as a stand-alone method, particularly in the
automated trend-following trading systems. In that way, it becomes a purely “me-
chanical”, rather than technical, trading rule. Even in its “mechanical” use, how-
ever, the MA trading rule may have several versions (for instance Pring [21]). In
one of its simplest versions, two non-centred, moving averages of different lengths
are created from the time series of stock prices:

LN
MAL == 6B'R
N i%

MAS, :ileei B'P, with N>M
M %

where MAL, represents the relatively longer MA with length N, calculated at
time t, MAS, represents the relatively shorter MA with length M, B is the
stock price at time t, 6, are non-time varying parameters, and B is the back-
ward shift operator, .e. B'P_, . Buy (sell) signals are then generated when the
relatively shorter moving average penetrates the longer moving average from be-
low (above).

A usual way of measuring the predictive power of the trading rule is to test for
the statistical significance of the difference between: the mean return of individual
trading periods characterized as “buy” (trading periods during which according
to the MA trading rule the investor’s capital should remain invested in the market)
and the mean return of the whole investment period; the mean return of individ-
ual trading periods characterized as “sell” (trading periods during which the in-
vestment capital should be liquidated or sold short) and the mean return of “buy”
trading periods; or the mean return of “sell” periods and either the mean return
of the whole investment period or zero (Brock et al [14]).

Although on several occasions simple #tests have been used to test for the sta-
tistical significance of such differences (e.g., Hudson et al. [18]); Wong et al. [19] ),
strictly speaking the application of the #test which assumes normal, stationary,
and time-independent distributions is not legitimate since one or more of these
assumptions is very often violated in asset returns (see for example Mills [22]). To
overcome this problem, bootstrapping techniques have been suggested initially by
Brock et al [14] and this approach has been recognized as the established one and
is used by most researchers and for many capital, exchange rate, and cryptocur-
rency markets (e.g., Brock et al [14]; Hudson et al. [18]; Ohnishi et al [23]; Olson
[24]; Cai et al [16]; Papailias and Thomakos [25]; Luukka ef al [26]; Corbeta et
al. [27]; Miralles-Quiros et al. [28]).

Regarding the predictive power of the MA trading rule per se, more recent stud-
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ies have shown a gradual attenuation over time, especially for the most developed
stock markets (Park and Irwin [12]; Milionis and Papanagiotou [29]), For the New
York Stock Exchange for instance, some empirical studies show that the predictive
power of the MA trading rule has been lost completely (e.g., Milionis and
Papanagiotou [30]).

This is reasonable given the self-destructive nature of the trading rules: once
they are revealed publicly, they lose their predictive power.?

In this paper, an alternative statistical procedure for assessing the predictive
performance of technical trading rules is suggested and it is argued that it has
some advantages over the existing ones. While in this work the MA trading rule
will be exclusively employed, the method can be applied using trading signals pro-
duced by any trading rule. More specifically, the trading signals generated by the
MA trading rule will serve as interventions acting discontinuously in time on the
stochastic process assumed to generate asset returns. In principle, the proposed
approach allows for the concurrent estimation of measures of the predictive power
of the MA trading rule, such as the ones mentioned above, and at the same time
taking into consideration linear interdependencies in asset returns.

The rest of the paper is structured as follows: in Section 2, the proposed statis-
tical methodology is explained; in Section 3, the results of the empirical analysis
for daily data of the FT-30 Index of the London Stock Exchange are presented,
discussed, and compared with those of other studies; Section 4 summarizes and

concludes the paper.

2. Methodology and Data

The intended statistical testing procedure is a modification of the so-called impact
assessment models originally developed by Box and Tiao [31]. By the term impact
assessment is meant a test of the null hypothesis that an event caused a change in
a stochastic process measured by a time series. Events (also called “interventions”
in the time series literature) may be represented by binary variables. However, the
standard parametric or non-parametric statistical tests which are used to test dif-
ferences in levels (e.g., the -test, ANOVA, etc.) cannot be used in serially corre-
lated data, as the fundamental assumption of independence among observations
is violated. Moreover, a change in level may not take place instantaneously but
gradually. For the inadequacy of the #test for such cases see for instance Abraham
[32]. A method of impact assessment which takes into account serial correlation,
as well as gradual level shifts is that of Box and Tiao [31] and allows for simulta-
neous maximum likelihood estimation of the parameters related to the change as
well as those related to the serial correlation. Hence, it can be considered as a gen-
eralization of the #test.

The original Box-Tiao methodology, which will be briefly reviewed here, con-

*However, there is empirical evidence that modified versions of the standard MA trading rules may
substantially improve their predictive power especially in less developed markets and in lower capi-
talization (Ohnishi et al [23]; Papailias and Thomakos [25]; Miralles-Quiros et al. [28]).
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sists of the following steps:

i) Definition of the event and exact identification of its onset.

ii) Univariate ARIMA model-building for the pre-intervention section of the
time series under consideration.

iii) Inclusion of (an) intervention component(s), and re-estimation of the full
model.

If the time series under consideration is represented by W, , impact assessment

models are of the following general form:

Y= f(k1,)+N, (1)

where,

Y, =W, itself, or some transformation of W, to ensure variance stationarity
(see Milionis (2004) [41]);

f (k, Iit) measures the effect(s) of the external event(s);

k is the vector of intervention parameters,

I, i=1,2 is the vector of intervention variables with I, binary variables
and |, the first differences of a binary variable (ie. 1, =VI,, where V isthe
difference operator); in other words | 1t Trepresents a step function (Ze. equals
zero before t=T and one for t greater or equal to T, where T is the time
that the intervention occurs) and |,, represents a pulse function (Ze. equals one
at t=T and zero elsewhere);

N, is the generally coloured, noise component.

The noise component is described by an ARIMA model (Box and Jenkins, 1976)

in the following form:
CD(B) N, = C+®(B)0{t

where:

o, is white noise,

C isa constant,

B is the backward shift operator,

®(B)=1-¢B—---—¢,B" is the autoregressive polynomial of order p in
B,

@1 ¢y, @, are constant coefficients,

©(B)=1-6B—----—6,B" is the moving average polynomial of order q in
B,
6,.,0,, -, Hq are constant coefficients.
Ifthe process N, isintegrated oforder d,then @ ( B) can be made station-
ary by differencing d times so that:

¢(B)=V'®(B)
with all the roots of (p( B) outside the unit circle.

The vector of intervention parameters K can be expressed in terms of vectors

®, O ,assuming a single external intervention, as follows (Box and Tiao [31]):
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k1) = r(1) - SN, ®

)

where:
Q(B)=w, +wB+---+w,B",
5(B)=1-6,B-----6,B° and

Wy, @y, 0,,0,0,, ++,0, are constant parameters following certain restrictions
(Box and Tiao, 1975).

The Q( B) polynomial reflects the total change in the level of the series caused
by the intervention, while the &(B) polynomial expresses the rate at which the
series approach the new equilibrium level.

The intervention parameter estimates @,, J, and the stochastic parameter
estimates ¢,, 6, are asymptotically independent of each other (Box and Tiao
[31]; Box et al [33]), hence, the information matrix is block-diagonal. The inverse
of the information matrix can be used as an estimator of the asymptotic covari-
ance matrix of the parameter estimates. The estimates of both the intervention
and the noise parameters can be obtained simultaneously by maximum likelihood
(details in Box and Tiao [31]).

Thus far the method of Box-Tiao has been used to study the impact of events
which occur on continuouslags. However, the method may be extended to cover
the impact of events which occur discontinuously in time, on the condition that
the effect of such events is assumed to be transient. The assumption about the
transient character of an event which acts discontinuously is necessary to justify
the use of the same ARIMA model for the whole series.* Under such circum-
stances, for the case of discontinuous impacts, the values of the parameter vectors
®, 0 will reflect the average effect of the factor which acts discontinuously on
a time series.

Another methodological point which should be discussed is that of the specifi-
cation of the polynomials Q(B) and &(B). Although in their seminal paper
Box and Tiao [31] provide several examples of intervention models, they are not
suggestive about the methodology for the identification of the proper specification
of Q( B) and & ( B) . That makes it difficult to specify the intervention compo-
nent in those cases for which the form of this component cannot be specified a-
priori, on the basis of an existing theory. The only methodological approach for
the selection of the proper intervention component that exists in the literature is
the three-stage procedure due to McCleary and Hay [34], which will be adopted
in this work. In principle this approach is indirectly based on the fact that although
in theory the order of Q(B) and &(B) polynomials can be arbitrarily high,
both the general principle of time series analysis for parsimonious models (see

Box and Jenkins [35]) and practical experience suggest that for most of the cases

*That means that the proposed method cannot be applied for events for which the character of their
impact is either abrupt permanent or gradient permanent in the terminology of Liu [36], and
McCleary and Hay [34].
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one wand one ¢ parameters suffice to fit most intervention effects. Based on this
argumentation, in the first stage, McCleary and Hay [34] suggest the following
model for the intervention component (see also Liu [36]):

)y I = )y
2t T

1-4,B 1_58(1_B)|1t with |51|<1 3)
! 1

Such a specification represents a “sudden-temporary” effect (see McCleary and
Hay [34], as well as Liu [36] for a more detailed discussion). If ¢, is not statisti-
cally significant, or if it is close to unity this specification is ruled out.

In the second stage, the following specification for the intervention component
is estimated, representing a “gradual permanent” effect:

@y

mln with |51|<1 (4)
1

If &, is not statistically significant, in the third and final stage a “sudden per-

manent” effect is assumed:
@yl 5)

In this work the old Box and Tiao [31] methodology, with the modifications
and enhancements described above, will be applied to examine whether or not,
the technical trading rule of moving average has predictive power for the FT-30
Index of the London Stock Exchange using daily closing prices for the period
1935-1994. This can be performed in the following way: as explained in the previ-
ous section, the role of the MA trading rule is to classify each individual trading
period (in this case each individual day) as “buy” or “sell”. The “buy” days will be
considered as the discontinuous interventions. Therefore, the intervention varia-
ble I, will be a binary series of “1” and “0” corresponding to the “buy” and “sell”
days respectively. It is noted that the time origin for which the intervention vari-
able will be assigned its first value (Ze, a “1” or a “0”) is the period (day) at which
the MA trading rule generates its first signal, which is apparently equal to the
length of the long moving average considered each time. It is important to note
that, in contrast to the existing testing methodologies for which the effect of the
trading rule on asset returns is restricted to be constant, the proposed methodol-
ogy is capable to allow more general patterns for that effect (e.g., the intervention
models (3) and (4) discussed previously). This enhanced flexibility that the pro-
posed methodology offers is consistent with the principles of technical analysis
(see Pring [21]). Furthermore, it has potentially important implications, as it may
result in improved testing procedures and assessment regarding the existence and
the extent of the predictive power of trading rules of technical analysis.

The total time period that the data cover in this work was purposely selected,
so as to approximately coincide with that of previous studies of other scholars,
who examined the predictive performance of the MA trading rule for the same
stock exchange index but using different techniques (Markellos [37]; Mills [22]).
This will make it possible to directly compare the results derived following the

statistical approach suggested above with those of the previous aforementioned
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studies. Moreover, the total time period stops at 1994, ie. roughly at the end of
the so-called “early” period, as defined by Park and Irwin [12], as from the second
half of the 90ies the predictive power of the MA trading rule almost disappeared.
The total time will be divided into three 20-year sub-periods: 1935-1954, 1955-
1974 and 1975-1994 and each sub-period will also be examined. The particular
combinations of long and short moving averages for the application of the mov-
ing average trading rules which will be employed, are deliberately taken to co-
incide with those of the previously mentioned studies and are the following: 1-
50, 1-150, 5-150, 1-200 and 2-200, where the first number indicates the length of
the short moving average and the second number, the length of the long moving

average.™*

3. Empirical Analysis

First, it is useful to present and comment on some summary descriptive statistics
relating to the dataset. Such statistics are shown in Table 1, which refer to the daily
returns of the FT-30 Index expressed as logarithmic differences of successive clos-
ing prices of the Index. From the results of Table 1, it is evident that over the
whole period, as well as in any sub-period, index returns are non-normal, asym-
metric (negatively skewed) and leptokurtic, as is also found in Mills [22]. Further,
the first order autocorrelation coefficient for index returns (p(1)) is significant at
5% level for the whole period, as well as for all sub-periods (it is noted, however,
that significance testing for autocorrelations should be taken as indicative but not
exact, for index returns are not normal, as documented above. In addition, the
Ljung-Box statistic (denoted as LBQ), which is a portmanteau statistic for the test
of significance of more than one autocorrelation coefficient jointly (Ljung and Box
[38]) was used on the residuals of an AR(1) model of index returns. Again higher-
than-first-order autocorrelation significant at the 5% level exists for all time peri-
ods. Moreover, there is strong evidence of substantial interdependence in the
squares of index returns, as the last two columns of Table 1 reveal. The existence
of such interdependence in higher moments of index returns is also conducive to

the existence of trading rule abnormal returns (Neftci [20]).

*It must be noted that the whole approach of using the same data and the same selective trading rules
as in Mills [22] inevitably makes our results susceptible to data snooping. This entails overstated sig-
nificance levels for hypothesis testing hence, overoptimistic conclusions about the predictive power of
trading rules. The problem may be tackled by using the so-called “data snooping adjusted p-values”
provided by White’s bootstrap reality check methodology (White [46]). Indeed, results in similar stud-
ies in which only popular trading rules were used selectively (e.g. Brock et al. [14]) have been shown
to suffer by data snooping. However, the whole matter is still controversial as under certain conditions
even the “data snooping adjusted p-values” may also be biased (Hansen [47] [48]). As one of our main
goals in this work was the direct comparison of the results from the proposed methodology with those
of the existing traditional methods, the issue of data snooping was of lesser importance, and we have
not dealt with it any further.

“Caution is needed on how trading rules’ results are linked to market efficiency testing. As Milionis
and Papanagiotou [49] note the existence of predictive power in an MA trading rule with specific
combinations of log and short moving averages does not necessarily mean a rejection of the weak-
form market efficiency hypothesis.
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Table 1. Summary statistics for daily index returns.

autocorrelation
- Returns Squared Returns
Time mean*10* std skewness kurtosis KS-test
period LBQ(10) LBQ(10)
p(1) (in res. of AR(1) £A(1) (in res. of AR(1)
model) model)
2.1912 (**)
1935-1994 (2.67) 0.0104 -0.1438 11.5320 0.4816 (**) 0.0983 (**) 72.44 (**) 0.4202 (**) 431.06 (**)
1.3056
1935-1954 (1.52) 0.0060 -0.4332 17.1266 0.4879 (**) 0.3441 (**) 47.24 (**) 0.2921 (**) 437.39 (**)
0.1103
1955-1974 (0.07) 0.0102 —0.1844 10.3541 0.4826 (**) 0.0953 (**)  30.13 (**)  0.3886 (**) 88.44 (**)
52711 (**)
1975-1995 (2.94) 0.0126 -0.0956  7.4298 0.4794 (**) 0.0464 (**) 45.12 (**) 0.4324 (**) 169.20 (**)

The Kolmogorov-Smirnov (KS-test) critical value is 0.0110 (5%). ng critical values (for LBQ-statistic): 14.68 (10%), 16.91 (5%).

One asterisk (*) indicates significance at 10% level. Two asterisks (**) indicate significance at 5% level.

As will become evident below, it is to the methodological benefit of the empir-
ical analysis if any linear dependencies in index returns are initially ignored, ie.,
if it is assumed that the logarithmic differences of index prices are white noise. It
will be further assumed that in Equation (2) above r=s=0, so that Q(B) = o,
and &6(B)=1.

Combining Equation (1) and Equation (2) and taking the above assumption
into consideration it is easily seen that index returns may be described by the fol-
lowing model:

R =c+a,l, +3, (6)

In Equation (6), which will be called the “benchmark model” hereafter, a; is
temporarily assumed to be white noise, the parameter @, represents the relative
average increase (if any) on returns during the “buy” periods, as compared to the
“sell” periods, while the parameter C represents the average return of “sell” days.
Therefore, it makes sense to compare the results on the statistical significance of
the parameter @, with the results from an ordinary #test for the mean difference
of “buy-sell” for index returns and results on the statistical significance of param-
eter C to those of the ordinary #test for the statistical significance of the mean
return of “sell” days. This comparison aims to serve one more purpose: to show
the advantage in terms of statistical efficiency of the proposed methodology
(“benchmark” model) as compared to the #test for some cases. Indeed, with the
benchmark model more efficient use of the available data is made, as the whole
data set is used for the concurrent estimation of both ¢ and @, usingequation
(6), in contrast to the use of two distinct #tests, in which only a subset of the data
is used for the “sell” days. It is noted that the “benchmark” model is simply a linear
regression model with a dummy explanatory variable and it is stressed that for the
present case this model will only be used for the sake of comparisons with the #
test, as from the results of autocorrelation in Table 1 it is evident that the residuals

of this model are expected to be autocorrelated and, hence, strictly speaking, any
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significance testing of model parameters is not valid under such circumstances.
The effect of linear dependencies on index returns, which does exist as evi-
denced by the results of Table 1, as well as non-constant effects of the trading rule,
may be taken into account by considering the model:
©(8)

ﬁat (7)

R =c+f (a6, 1)+

In model (7), the specification (3) will be initially used for f (a)o,51, |it) and,
if necessary, the specifications (4) and (5) will be used subsequently. Model (7)
will be called the “full” model henceforth and the estimates of ¢, @, and &
will be purified from the effect of linear interdependencies in index returns. It is
noted that for the intervention components specifications (3) and (4) both inter-
vention parameters should be significant.

Another building block of our analysis is the univariate ARMA models that
have to be created for index returns and for each case. This task is useful because
ARMA models can be used as a first step in the model building of an impact as-
sessment model. Moreover, in that way, it will be possible to assess the improve-
ment in the explanatory power of the “full” models, which will include the inter-
vention parameters, in comparison to that of the univariate models. The model
building procedure followed for the creation of the univariate models for each
time period is the classical one suggested by Box and Jenkins [35]. Both the pattern
of the autocorrelation function, as well as that of the partial autocorrelation func-
tion, in all cases were suggestive of clearly stationary index returns. Moreover,
pure moving average processes of order greater than one were preferable to purely
autoregressive, or mixed processes (further details are available from the authors
on request). This is in accordance with the empirical findings of other studies (e.g.,
Milionis et al. [39]; Milionis and Moschos [40]). It differs, however, from the em-
pirical finding of Mills [22] who fits AR(2) or even AR(1) models to almost iden-
tical data. In the course of the empirical analysis of this study, AR(2) models did
not render white noise residuals. It is also noted that autoregressive conditional het-
eroscedasticity (ARCH), which according to the results of Table 1 may be present
in the data, has not been taken into consideration in this initial stage of our research.

The results of the empirical analysis, based on the parameter estimates using
the “benchmark” model as well as the “full” models, for the total time period and
each sub-period, for all trading rules are presented in Table 2 to Table 5. Together
with the values and the associated #statistics for the parameters c, % and 2 R
the results from ordinary #tests are also quoted in these tables.” Additional pieces
of information also included in each of the Table 2 to Table 5 are the values of
the coefficient of determination (&2) for the univariate models as well as for the
“full” models selected after following the three stage procedure proposed by
McCleary and Hay [34]. The value of this coefficient is directly related to the de-

*Computationally wise for the estimation of model parameters an old, specialized routine of maximum
likelihood estimation for multivariate time series models, included in sub-programme BMDP2T of
the BMDP statistical software, was used.
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gree of linear interdependencies in the index returns series; hence it may be taken
as a measure of the departure from randomness; the latter is among the funda-
mental assumptions for the application of the #test. Moreover, the value of & will
also be useful in assessing the improvement in the explanatory power of the mod-
els describing index returns due to the separation of returns into “buy” and “sell”
returns, as a result of the application of the MA trading rule.

The final (Ze. after the inclusion of the intervention component) model speci-
fication for the noise component for each case, the estimates of model parameters,

as well as the corresponding #statistics, are presented in Table 6.

Table 2. Results for the 1935-1994 time period (#-statistics in parentheses; ### denotes absolute values of #statistics > 100).

“Full” model
Univariate Intervention Component
o “Benchmark” model Ordinary #test ~ ARIMA
3
& Model % _(1-B)I - o)
1t 1t
E 1-5B 1-5B ol
3
s M
2 Mean o o s
¢10°  @-10° “sell” Y R c-10° @-10° 8 ¢10° @100 & 100 @107
_, difference-
10 o
10

1111  —0.437 1.393
Q —0.437 (%) ) ) LT o oormo “217 () ol 0.993 (**) —0.234 0.763 (**) —0.440 —0.241 0.778 (**)
- -3.40 6.64 ’ ’ 2.32 92.66 -1.63 2.47 -0.80 -1.64 4.00
= ) (6.64) (~3.06) (6.64) (2.32) (4.85) ( ) ( ) (247) ) ( ) (4.00)

0.611 0.960
R  -0.164 —0.164 0.612 (**) 0.214 (**) 0.976 (**) 0.030  0.453  —0.393 —0.038 0.346 (**)
o (-1.23) ) (-1.08)  (3.60) 0.0161 0.0169 (2.19) ) (71.43)  (0.19) (1.32) (-0.39) (-0.02) (2.81)

0.434 0.930
R -0.054 —0.054 0.435 (**) 0.214 (**) 0.988 (**)  0.059 0.237 0.266 0.054 0.309 (**)
o (=0.41) ¢ (-0.36)  (2.55) 0.0161  0.0169 (2.17) ) (82.02) (0.37)  (0.74)  (0.30) (0.34) (2.47)
b . (2.55) . . . (2.14) . . . . . .

0.611 1.375 -0.970
S -0.170 —0.170 0.611 (**) 0.213 (**) 0.989 (**) —0.023 0.668 (**) —0.026 0.362 (**)
X (~1.25) ) (-1.11)  (3.56) 0.0165  0.0174 (2.17) ) (85.13) (-0.17)  (3.21) ) (-0.17)  (2.96)
- ’ (3.57) : ’ : (2.99) ' : : (-70.60) © :

0.538 1.533
S -0.123 —-0.123 0.538 (**) 0.213 (**) 0.969 (**) 0.016 0.316 0.099  -0.019 0.373 (**)
3 (-0.91) ) (-0.81) (3.14) 0.0165 0.0174 (2.17) ) (67.78)  (0.10) (0.87) (0.10) (-0.12) (2.83)

1 2 3 4 5 6 7 8 9 10 11 12 13 14

One asterisk (*) indicates significance at 10% level. Two asterisks (**) indicate significance at 5% level.

Table 3. Results for the 1935-1954 time period (#-statistics in parentheses; ### denotes absolute values of £statistics > 100).

“Full” model
Univariate Intervention Component

« “Benchmark” model Ordinary £test ~ ARIMA
I @, ,
o Model 1—§OB (-8l 1—§B i @0l
g 1 1
3
s M
= Mean “ eanll” r

c-10°  @,-10° “gell”. uy-se R c-10°  @,-10° 6 ¢.10° @100 6 ¢.10° @,-107

_, difference:
10 S
10

o ~0.619 1.219 (**) ~0.619 1.219 (**) —0.045 0844 -0.182 -0.353 0.000 0.993 —0.208 0.331 (**)
A0 ey () gsey OB 013 oy ) ) (159 040) O (cLon) (219)

(-4.49) ’ (-3.40) ’ ’ (-2.13) ’ ’ ’ (###) ’ ’
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Continued
-0.329 -0.329 -1.065
? 0.708 (**) 0.708(**) 0.112 -0.217 -0.017  0.168  0.484 —0.180 0.278 (**)
DR (3.96) ¢ (3.96) 01356 0.1367 (1.03) ¢ (-0.48) (-0.11)  (0.55)  (0.53) (=1.00) (2.00)
™ (-2.33) ’ (-1.75) ) ’ (-1.97) ’ ’ ’ ’ ’ ’
0.992
R -0.172 0.456 () —0.171 0.455(**) 0.113 0372 -0.396 -0.254  0.000 —0.258 0.322 (**)
a 0.1356  0.1370 ()
& (-122)  (2.55) (=0.92) (2.54) (1.04)  (-0.76) (=0.56) (-0.96)  (0.20) (#49) (-1.43) (2.32)
-0.322 -0.322 0.996
S 0.688 (**) 0.688 (*¥) 0.111  -0.768 0.142 -0.370  0.000 —0.201 0.287 (**)
8 ™ (3.82) ® (3.81) 01371 0.1383 (1.01)  (-1.30) (0.18) (-1.51) (0.75) ) (1.11)  (2.08)
~  (=2.25) ’ (-1.67) ) ’ ’ ) ) ’ (#4#) ’ ’
991 -0.952 0.2
S -0.303 (*) 0.660 (**) —0.304 0.660 (**) 01371 oqsss 00014 0.580 (%) 0(??) 0272 0.620 (**) (()j)s 0(*)80 0.313 (**)
N . .
& (-1.85)  (3.67) (-157) (3.67) (=0.01)  (1.98) (#49) (-1.52)  (2.74) ) (-166) (2.06)
1 2 3 4 5 6 7 8 9 10 11 12 13 14
One asterisk (*) indicates significance at 10% level. Two asterisks (**) indicate significance at 5% level.
Table 4. Results for the 1955-1974 time period (#-statistics in parentheses; ### denotes absolute values of #statistics > 100).
“Full” model
Univariate Intervention Component
o “Benchmark” model Ordinary #test ~ ARIMA
E Model wo wo
) (1-B)1 20 w,
P 1-5,B " 1-68 " o
4
& Mean Mean R
“buy-sell”
c-10°  @,-10°  “sell diflflzr:;ce R c-10° @107 & c10° @100 & c10° ©,10°
10° 102
—0.519 -0.517 -0.422 —0.445
2 (v 1.058 (**) ) 1.057 (*¥) 00219  oo230 0022 1059 5838 *) 1.203(**)  —0.493 “) 0.834 (*¥)
: .62 61 ’ ’ 1 1. 1 1. -0. 2.51
— (-2.62) (3.62) (=2.28) (3.61) (0.13) (1.57) (0.10) (-1.73) (1.97) (-0.73) (-1.84) (2.51)
-0. -0. -0. -0.41 —0.912 —0.441
2 0503 55 (™) 0503 995 ) 0.006  0.722 0700 0415, .\, *) 09 0 0.786 (**)
D) (3.14) € (3.14) 0.0211  0.0224 (0.04) (1.08) ) ) (1.76) ) ) (2.38)
™ (-2.30) ’ (-2.03) ’ ’ ’ (~1.90) (-1.78) ’ (-38.04) (-1.96) ’
—0.458 -0.458 -0.450 —0.445
% 0.843 (**) 0.843 (*¥) -0.019 1.858  0.153 0.455  —0.208 0.783 (**)
A (2.86) ® (2.86) 0.0211 0.0224 (-0.12)  (1.54) (0.24) ) 0.72)  (=0.13) ) (2.36)
' (=2.10) ’ (-1.86) ) : ) : (-1.86) ) -1sy) T
g 9927 9gs ) 0528 985 ** 0005 0816 0074 °*3 1449 ** 0900 ~0.476 ) oo, **
§ ™ .(3 33) ) .(3 33) 00210 0.0220 ((; 02) ((; 80) (6 06) ) .(2 89) ) ) .(2 77)
~ (-241) ) (-2.15) ) : ’ : (-1.96) : (-32.19) (-2.00)
—0.489 —0.489 ~0.462 —0.462
= 0.913 (*¥) 0.913 (*¥) 0.006  1.039  0.223 1.156  —0.334 0.868 (*¥)
R (3.08) ) (3.08) 00210 0.0220 (0.04)  (0.87)  (0.19) ) (1.21)  (-0.31) ) (2.68)
N (-2.23) ‘ (-1.99) ‘ : ’ : (-1.94) <Y (-196) T
1 2 3 4 5 6 7 8 9 10 11 12 13 14

One asterisk (*) indicates significance at 10% level. Two asterisks (**) indicate significance at 5% level.

DOI: 10.4236/jmf.2025.153021

525

Journal of Mathematical Finance


https://doi.org/10.4236/jmf.2025.153021

A. E. Milionis

Table 5. Results for the 1975-1994 time period (#-statistics in parentheses; ### denotes absolute values of #statistics > 100).

“Full” model

Univariate R
« » . Intervention Component
o Benchmark” model Ordinary #test ~ ARIMA
3 Model 23 _ Wy
&, 1-B)I |
o0 1—515( ) 1B ™ Dol
% M
ean
a Mean o y-sell” o
c10°  ael0?  Csell”. Y c-10° @,-10° 5 c-10° @,-107° 6 ¢-10° @,-10°
10- difference-
1073
-0.715
g -0.011 0958 (%) -0.011 0.958 (**) 00106 0.0117 0.565 (**) 1.617 (**)0.996 (**) 0.268 1.195(**) *) 0.341 0.705 (**)
o (=0.04)  (2.62) (-0.04) (2.61) ’ ’ (2.67)  (2.57) (74.60) (0.90)  (2.90) (<2.77) (1.02)  (2.61)
0.483 -0.992 —-0.259
& 0.388 0.054 0389  0.053 0.428 (**) 1.175 0.969 (**) -0.167 0.602
i (1.21) (0.15)  (1.17)  (0.15) 0.0047°0.0050 (2.30)  (1.52) (70.45) ) (-0.85) ) (1.45) (-064)
- .. . . . . . 0 (2'45) . (###) .
1430 -0.032
& 0517 -0.135 0517 -0.135 0.429 (**)  0.9938 0.987 (**) 0.978 (**) 0.682 —0.376
] 0.0047  0.0051 (**) *) #54)  (162) (-0.94)
L (154 -0.38 1.59 -0.37 2.31 1.25 73.61 . -0.
W (154) ) (159 ( ) (231)  (1.25) ( ) 227) (-1.78)
-0.970
8 0481 —-0.030 0.481  —0.030 0.461 (**) 1.882 (**)0.986 (**) 0.280 0.909 (**) 0.571 —0.158
& 0.0054  0.0055 )
A (1.49)  (-0.08) (1.38) (-0.08) (2.64) (2.65) (72.11) (1.10) (2.59) (#54) (1.56)  (-0.41)
0.552 1.556 -0.034  0.978  0.641
8 0.552(*) -0.132 -0.132 0.460 (**) 1.678 (**)0.988 (**) —-0.259
o (1.73)  (=0.37) ) (-0.37) 0.0054 00055 (2.64)  (2.23) (73.71) ) ) ) ) (-0.67)
a ' (1.66) : ‘ i ‘ (277)  (=2.01)  (###)  (1.88) ‘
1 2 3 4 5 6 7 8 9 10 11 12 13 14

One asterisk (*) indicates significance at 10% level. Two asterisks (**) indicate significance at 5% level.

Table 6. Specification of the noise component of the “full” model and parameter estimates (t-statistics in parentheses, €, = white

noise).
Time Period Trading Rule N,

1-50 = %978786 - (27%}7 €.~ 0(.2%)0 e, + 0(.5)9%4 €., +€

- 1-150 :992%1e‘ —0 016e +O 031e s +0. 027et ot

% 5-150 N, = 9193993e - O 015e .+ 0 03le s +0. 026e, wt
2 1-200 N, = %93%3914 - (?79915)5 e, + ()(.3(%%)’)1@,9 + O(.g%G €., +€

2-200 N, = (2192%28 —9 (1)9155e + 0 032e ,+0. 026(&3t Tt

1-50 = 92232197q L+ 0 1956t ,+ 0 061e‘ 5+ 0 04let ut

- 1-150 =9321e +0203e +0 072e ,—0. 0386t at

§ 5-150 N, = 0223527)28 + 01323(7)4e + 0 073e -0. 038et st

A 1-200 N, = 92;’?227)1614 + O(L%Q)ﬂrek2 + 0(.33?)7 e ,—0. 0436t 5t

2-200 N, =(()2425)3€ +O 207e +00728 ,—0. 0371’:3t it
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Continued
50 N =931 ,~031e, , ~030e , + 09356 » +004de &
1-150 N, = ()é)g)g €1~ 0(.1%%8 €7+ 0(-2%%3 €t (:)(59)21)4 €13 T &
5
E 5-150 N, = 0('6(‘)2%9 €1~ 0(1%%8 €7+ 0('2(.)3:3)3 € o+ 0(5%%4 €13 T &
a
1-200 N, =0087e,, ~0.028e, , ~0.028e,, +0.031e,, +0.043¢, ¢
2-200 N, = 0(601%9 €4 — 0(.1%%861_4 - 0(.1%%8 €_;+ ()(.ﬂ%lel_g + 0(.3%‘11)361_13 +€,
1-50 N, = 0(.2%?)5 €1+ 0(.2(.)6:7'3)86174 + 0(.29%)9 € g+ 0(.4(.)6%6 € 10 + 0(200%9 € 14 +€
1-150 N, = 0(203%4 €4+ 0(20513)6 € o+ 0(-3%1)5‘31710 +&
<
K
E 5-150 Nt = 0(2(21:(;’)4 € _,+ 0(205%7 € g+ 0(30;)1)5 € _ 10 T €
8
120 N, =003 ~0034e.. + 0037, + 00408 e
2-200 N, = 0'0%4 €4~ ()('2(_)3:3)4914 + O(-Z(E’] €t 0(208121)0 €10 T &

(23

Based on the results presented in Table 2 to Table 6 the following interesting
remarks can be made:

a) For all time periods the values of the parameters ¢ and @, estimated by
using the “benchmark” model (columns (1), (2)) are identical to the correspond-
ing values for the mean return of “sell” days and the mean “buy-sell” difference
respectively, as is evident from the results for the ordinary #test (columns (3) and
(4) respectively).

b) Referring to the “benchmark” model, though the #statistics associated with
the @, parameter (column (2)) are identical to those reported in the results of
the rtest for the significance of the “buy-sell” difference for all time periods (col-
umn (4)), the t-statistics associated with the parameter € (column (1)) are con-
stantly higher in absolute value as compared to those of the mean return of “sell”
days with the ordinary #test (column (3)), implying more efficient estimation
(lower standard errors for C, as compared to the standard errors associated with
the ordinary #test for the significance of the mean return of “sell” days). This
enhanced estimation efficiency is due to the increased degrees of freedom (use of
the whole data set) and the concurrent estimation of both parameters obtained by
using the “benchmark” model.

c) In all cases the intervention component for the first stage (specification (3))
is ruled out as the value of ¢ is either not statistically significant or very close to
unity.

d) In all cases the intervention component for the second stage is ruled out as

the value of d, is either not statistically significant or very close to the bounds of
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model stability (+1). Therefore, it is necessary to proceed with the estimation of
the third stage (specification (5) for the intervention component).

e) It is of importance to compare the estimates as well as the associated ¢-statis-
tics of the parameters C and @, derived from the “benchmark” model (col-
umns (1) and (2)) and the 3 stage “full” model (columns (13), (14)). In all cases,
except for the last sub-period, the estimates of C are less negative with the “full”
model than with the “benchmark” model. On the other hand, the estimates of
are always less positive with the “full” model than with the “benchmark” model.
This is due to the effect of autocorrelation which is incorporated in the “full”
model, but not in the “benchmark” model. The effect is most pronounced in the
first sub-period. This can be easily confirmed by the comparison of the estimates
of ¢ and @, derived by each model for the total time period (Table 2) and the
first sub-period (Table 3). Indeed, while the estimates of C obtained using the
“benchmark” model for all trading rules are less negative for the total time period,
with the “full” model it is the other way round. Similarly, the @, estimates with
the “benchmark” model for all cases are more positive for the first sub-period, but
with the “full” model it is the other way round. This can be easily explained by
looking at the R values of the univariate model in each time period (column 5).
The first sub-period has by far the highest R value; hence, the effect of autocorre-
lation is expected to be the highest for this time period.

f) Despite the differences in the results of the “benchmark” and the “full” model,
it is apparent that in all time periods qualitatively the conclusions regarding the
predictive power of the trading rules are, by and large, the same. Of particular
importance is the fact that although for the first two sub-periods (1935-1954 and
1955-1974) the hypothesis of weak-form efficiency is rejected by most trading
rules, for the last sub-period (1975-1994) the hypothesis of weak-form efficiency
is not rejected in all, but one tests.

g) The model specification for the noise component (Table 6) in all cases is
a pure moving average model, as a result of smaller values of the Akaike crite-
rion. This is not unusual for stock index returns (see for instance Milionis et
al. [39]; Milionis and Moschos [40]. Further, in several model specifications the
inclusion of scattered MA components at relatively high lags (e.g., lags 9, 10,
13, 14) may be a reflection of the attempt of a linear stochastic model, as are
the Box-Jenkins models, to encompass non-linearities such as autoregressive
conditional heteroscedasticity (see Milionis, 2004 for a detailed discussion on
that matter).

It is also of great interest to compare the results of this study with those of other
studies, which used data for the same time period but followed different method-
ological approaches. More specifically, Mills [22] followed the established boot-
strapping approach, while Markellos (1999) suggested and used the co-integration
cumulative profit (CCP) test. To facilitate comparisons, the results for each time
period of the three different methodologies have been gathered together and are
presented in Table 7 to Table 10.
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Table 7. Comparative results for the 1935-1994 time period.

Trading Rule This study Mills [22] Markellos [37]
¢ @ c @ CCP test
1-50 NS o & & ot
1-150 ns i (%) %) ok
5-150 Ns o %) & -
1-200 Ns ok o o -
2-200 ns ** %) %) ot

One asterisk (*) indicates significance at 10% level. Two asterisks (**) indicate significance at 5% level. NS denotes no statistical
significance at 10% level. & denotes no available results. CCP stands for co-integration cumulative profit test.

Table 8. Comparative results for the 1935-1954 time period.

This study Mills [22] Markellos [37]
Trading Rule
c wo c o CCP test
1-50 Ns > ot ot Ns
1_150 NS *% *x % *%
5-150 Ns ** (%) (%) i
1_200 NS *% * *x *%
2_200 * *% @ @ %%

One asterisk (*) indicates significance at 10% level. Two asterisks (**) indicate significance at 5% level. NS denotes no statistical
significance at 10% level. & denotes no available results. CCP stands for co-integration cumulative profit test.

Table 9. Comparative results for the 1955-1974 time period.

This study Mills [22] Markellos [37]
Trading Rule
c wo c wo CCP test
1_50 * X% %t >t *%
1-150 *% *% %) %) *%
5_150 * X% %t >t *%
1-200 *% *% ot ot *%
2_200 *% *% ® @ X%

One asterisk (*) indicates significance at 10% level. Two asterisks (**) indicate significance at 5% level. NS denotes no statistical
significance at 10% level. &J denotes no available results. CCP stands for co-integration cumulative profit test.

Table 10. Comparative results for the 1975-1994 time period.

This study Mills [22] Markellos [37]
Trading Rule
c wo c o CCP test
1-50 NS ** Ns * ns
1-150 Ns Ns Ns Ns **
5-150 Ns Ns (%) (%) Ns
1-200 Ns Ns ns Ns Ns
2-200 Ns ns (%) (%) ns

One asterisk (*) indicates significance at 10% level. Two asterisks (**) indicate significance at 5% level. NS denotes no statistical
significance at 10% level. & denotes no available results. CCP stands for co-integration cumulative profit test.
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Examination of Table 7 to Table 10 shows that all methodologies agree that
there is a pronounced weakening of the predictive power of the trading rule in the
last sub-period (1975-1994). This justifies our decision not to proceed with newer
data. Moreover, the results for the significance testing of the @, parameter (ie,
the “buy-sell” difference) of this study agree completely with those of Mills [22]
for all time periods and combinations of MA lengths. In addition, the results for
the significance testing of the ¢ parameter (mean return for “sell” days) of this
study are quite similar, yet not identical, with those of Mills [22], as in this study
the null hypothesis of no statistical significance of cis rejected at a lower confi-
dence level. Direct comparison regarding these parameters with the results of
Markellos [37] is not possible as the approach followed by the latter is based on a
different reasoning. Qualitatively however, it is evident that all methodologies, by
and large, agree in their conclusions regarding the predictive performance of the
MA trading rule and that the results of this study are somewhat closer to those of
Mills [22] as compared to those of Markellos [37].

4. Summary and Conclusions

In this work, a statistical technique based on modified Box-Tiao impact assess-
ment stochastic models is proposed and applied for the assessment of the predic-
tive power of trading rules of technical analysis. Although in this work, the pro-
posed statistical technique was used in stock market data in conjunction specifi-
cally with the moving average trading rule, it may be used more generally for the
testing of the predictive power of any technical trading rule which generates pre-
cise trading signals and for any speculative market. As the predictive power of the
MA trading rule almost diminishes from the second half of the 90’s and onwards,
it would not be so interesting to just confirm this fact. Therefore, a dataset prior
to that period was chosen. Furthermore, for the chosen period, there exist two
independent studies with different testing procedures with which the results of
our approach were compared.

It is important to clarify that the proposed technique is not a trading rule, but
a statistical testing procedure which can be utilized to test the predictive power of
any trading rule with some considerable advantages over the two prevailing pro-
cedures, namely the simple #test and the bootstrap. As it was documented, the
proposed methodology measures of predictive power of a trading rule, such as the
mean value of the “sell” periods and the mean “buy-sell” difference, can be con-
currently estimated and tested for their statistical significance, but at the same
time, controlling for linear dependencies in asset returns. Application of this ap-
proach to the daily closing prices of the FT-30 Index of the London Stock Ex-
change gave results very similar to those of the established methodology (boot-
strapping) and similar to other alternative methods (co-integration cumulative
profit test). In particular, the results of the proposed methodology provide evi-
dence of a pronounced weakening of the predictive power of the MA trading rule

for the last sub-period (1975-1994), which implies non-rejection of the weak-form
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market efficiency hypothesis, confirming the findings of other methods. In gen-
eral, however, with the statistical methodology proposed in this work, abnormal
returns attributed to the predictive power of the trading rule are found to be
clearly reduced as compared to those estimated by ordinary #tests and this reduc-
tion seems to be a little higher than the one found by bootstrapping.

To summarize: in comparison to the #test, the proposed technique is more ac-
curate, as not only does it use more degrees of freedom, but also it describes the
possible existence of predictive power in a generally dynamic way as compared to
the exclusively static way. The second advantage also applies to the comparison of
the proposed modified Box-Tiao impact assessment models as compared to boot-
strapping. It is also noted that the proposed technique could potentially be com-
bined with the more recent artificial intelligence approaches to market prediction.

The proposed methodology may be enhanced further, as it is susceptible to
technical improvements. As a first step, the problem with non-normal distribu-
tions in asset returns may be alleviated by considering the more general class of
GED distributions for the testing procedure. Further, second order dependencies
in asset returns, such as autoregressive conditional heteroscedasticity, may also be
taken into account by considering a general ARMA-GARCH model for the noise
component of the impact assessment model.

Hence, overall, the proposed methodology seems promising and potentially has
some advantages as compared to the established ones. Therefore, it would be of
much interest to apply the methodology proposed in this work employing differ-

ent trading rules, financial markets, and time spans.
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