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Abstract. Directional forecasting of a future market price development of liquid investment instruments is the focus of interest
of investment companies, individual investors, banks and other financial market participants. This problematic has still not
been fully answered because the market price development is a process which is very close to a random walk and appropriate
models are still under the discussion. The opportunities can be used for the better prediction, their usage for profit making,
quantification and also their discussion according to the current financial market models (models with the direction or the
volatility dependence) is the core of the paper. The purpose of this research is also to simplify the whole situation for the
practitioners due to the complicated theoretical background of this financial market topic.
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Introduction

The main contribution of this financial engineering study
is to complexly assess opportunities of the market price
directional forecasting of liquid investment instruments
and also discuss how to use the possible forecasting im-
provement for a financial profit making. In this context
we identify and discuss the price directional dependency
on the past, which is the core of each forecasting, discuss
its quantification and also complexly describe the econo-
mic situations offering the better directional forecasting.
Consequently we discuss and try to quantify the profit re-
alizing opportunities which are logically arising from the
directional dependence which has been possibly found.
The purpose of this research is also to simplify the dif-
ficulties for practitioners due to the complicated theo-
retical background of this financial market topic. Some
effects within the financial markets which are related to
the directional dependence can be explained using both

the directional and the volatility dependence models. As
these models has the different impact on forecasting we also
discuss the validity of the models which use the volatility
dependence on one hand and the models using the mar-
ket price directional dependence on the other hand. For
such purpose we do the complex simulation of empirically
measured financial markets distributions of returns with
the usage of the volatility dependence and then study its
possible economic interpretation.

While many papers focusing on the construction of opti-
mal portfolio (Markowitz 1952; Sharpe 1963) in this study
we try to resolve the problematic of market price directional
forecasting of the individual asset. There are many studies on
the topic of future price directional dependence. We meet
many interesting detailed works, case studies or forecasting
tools in the area of the development direction dependence
(Fama 1966; Henriksson, Merton 1981; Anatolyev, Gerko
2005; study of the connection ofliquidity and market crashes

http://www.btp.vgtu.lt/en



Verslas: teorija ir praktika, 2013, 14(2): 166-176

167

done by Huang, Wang 2010; Tresl, Blatnd 2007). Some works
are connected to the prediction of business cycles (Pesaran,
Timmermann 1995; Birchenhall, Osborn, Sensier 2001;
Lillo, Farmer 2004; “Predicting UK Business Cycle Regimes”;
Dzikevicius, Vetrov 2012; etc.) or direction of change ideas
(Rydberg, Shephard 1999). Market price directional depen-
dence is the base for Technical Analysis which is trying to
predict future market price development using geometric
shapes inside the historical price charts. We can consider
Technical Analysis to be the prediction tool, but its benefit is
still under the discussion. Some works indicates that several
technical indicators do provide a little forecasting improve-
ment and may have some practical value (Lo, Mamaysky,
Wang 2000). The price directional dependence is also taking
place in the primary feedback process according to beha-
vioral finance concept where upward trend is more likely to
be followed by another upward movement (Schiller, “From
Efficient Markets Theory to Behavioral Finance” 2003) or in
some other researches like for example momentum studies
(Stankeviciené, Gembickaja 2012, etc.), short term trend
trading strategy in futures market based on chart pattern
recognition (Masteika, Rutkauskas 2012), forecasting models
(Wei, Yoshiteru, Shou-Yang 2005), development of the deci-
sions strategy in capital and money markets (Rutkauskas,
Miecinskiene, Stasytyte 2008). We have to mention also
works of Larrain (1991), who states that long term memory
exists inside the financial market or other similar works of
Hsieh (1991), Peters (1989) which are focusing mainly on
measurement of probability diversions from normality, also
using Hurst coefficient, but these theories are not solving
in details their economic explanation using processes and
elements existed within the real financial market.

The Dynamic Financial Model (Stadnik 2011) is solving
completely the problematic of the direction dependence.
The model is the comprehensive one, putting great emphasis
on the realistic economic interpretation and we are going to
use mainly this model for answering “forecasting” questions
in this research. The initial part of this study is the defini-
tion and explanation of a prediction possibility during an
investment process and its quantification. The next part of
the paper is a discussion of logic conclusions for the pre-
diction possibilities that we can deduce from financial mar-
ket returns distributions characteristics, we have obtained
from the empirical measurements. As the distribution is
not a Gaussian one, it means the process behind is not one
independent random walk with certain average length of
step, but we have also reason to expect some rules inside the
system, for example in a choosing of the price development
direction. Then we do the detail analysis of the sequence
of processes from which is the market price development
compounded. The sequence involves processes like the next
future step direction probability determination, the time
delay and the step creation. In the fourth part we define

situations with better prediction possibilities according to
expected causalities and the time delays in the sequence
of the processes. We also discuss them according to the
Dynamic Financial Market Model and the models with
volatility dependence.

1. Quantification of a Forecasting Advantage

Quantification of a forecasting advantage is resulting from
the following example. If we do the sequence of investments
(for example on one day basis ~-when each day in the mor-
ning we open the long or the short speculative position and
in the evening we close the position) and the probability of
each day profit = 52%, loss = 48% then our profit/loss (P/L)
development is the non-symmetric binomial process with
the probability of the next step direction = 52% for the up
direction and 48% for the down direction. Our forecasting
advantage, which we are in this case also able to use for
profit making, is defined to be 2% above 50% (52% — 50% =
2%). The question is then: “Has such advantage its practical
value?” From the theory of probability it is obvious that
even if the forecasting advantage is positive, we cannot be
sure about the positive aggregate profit in the future. There
is an example of a case of possible negative development
with 2% forecasting advantage in the figure 1.
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Fig. 1. Possible negative profit/loss development for an inves-
tor with a forecasting advantage 2%

With an increasing number of investments the percentage
deviation from its average value is decreasing according to
the law of large numbers (the average of the results obtained
from a large number of trials should tend to the expected
value while more trials are performed). By the way of exam-
ple: if the number of particular investments is 100 and the
probability of profit/loss is 60/40 then 60% of investments
will be of the positive P/L (in average) and the average devia-
tion from the value is +/—2.4%. While increasing the number
of investments to 1000 then the average deviation is decrea-
sing to +/—0.76%. If we increase the number of investments
to 10 000 the average deviation is +/— 0.24%.
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2. Logic of Assessment of Forecasting Possibilities
According to the Returns Distributions

In the case of the market price development of many liquid
financial instruments we observe not Gaussian distribution
of returns with a positive kurtosis which is characterized
by the fat tails at the borders and the sharpness in the mid-
area of the distribution. These distributions also exhibit
skewness and extreme values. Good example is the daily
returns probability distribution of S&P 500 in the figure
2. As the distribution is not the Gaussian one, the process
behind cannot be an independent random walk but we
have also reason to expect some rule inside the market,
for example in a choose of the direction of a price develo-
pment. Summary of the logical conclusion we obtain from
the shape of the distribution:

- If a market price development process is an indepen-
dent random walk (probability of each step direction
is independent on the past, length of each step is also
independent and it has certain average step length)
probability distribution is of a Gaussian type.

— If the process is not an independent random walk, pro-
bability may or does not have to be Gaussian. Some
causal processes can simulate Gaussian distribution.

- If a probability distribution is Gaussian then the pro-
cess behind may be an independent random walk
but may be also some causal process which simulates
Gaussian distribution.

— If the probability distribution is not Gaussian then
the process behind cannot be an independent random
walk.

Fig. 2. Daily returns (1970-2010) of S&P500 (dots), normal
curve (line)

3. Market Price Development Process Details

According to the all accepted financial markets models the
market price development is compounded from a set of
steps. The smallest step is the minimum price tick, which is

given by the certain market rule to the each traded inves-
tment instrument. According to the efficient market theory
we recognize “economic news” steps which are generated by
incoming relevant economic news. As the economic news
is unpredictable and independent (in this theory), we assu-
me Gaussian character of these steps. The sequence of more
steps creates an independent random walk with the certain
average step length and thus its probability distribution is of
a Gaussian type. According to the Dynamic Financial Market
model (Stadnik 2011) we recognize the “economic news” steps
and also the “primary” steps with the length equals to the
minimum price tick. “Primary” development is active also
in the time period without incoming of any economic news.
A sequence of “primary” steps is a Gaussian type random
process if there is not any feedback process triggered. If there
is a feedback process active, probability distribution does not
have to be Gaussian.

According to the empirical evidence we can resolve a
step creation process into a certain sequence. The sequence
is the same for the both “primary” and “economic news”
steps and it can be resolved in the following: direction
probability determination >time delay > step creation
finish. Value of the determined probability of up or down
direction of the next “primary” step can be 50% in the
case of the symmetric independent random walk of “pri-
mary” steps or can differ from 50% due to for example the
feedbacks. The probability value is not usually commonly
known value, its finding can be difficult but it is built inside
the development process. We can divide probabilities into
two groups:

- primary independent random process with the cons-
tant up/down probability,
- dynamically changing probability.

If the probability of the next price step direction is
dynamically changing we can expect its dependency on
factors preceding probability determination. Between the
time when the probability is set and the time when the step
is done there is a certain time delay. Value of determined
probability of the next direction of an “economic news” step
is given by content of incoming relevant economic news.
The delay has variable length which for “economic news”
depends on how quickly the market reacts. We recognize:

- Quick step (short or minimal time delay) without si-
gnificant trading volumes, probability of next price
step direction up/down is much higher than 50%. This
step has usually the form of a price gap between its
beginning and end.

- Slow step (longer time delay) with significant trading
volumes, probability of the next price step direction
is not significantly higher than 50%. Final step is one
step or the sequence of primary steps, where each has
probability higher than 50%.
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4. Situations with a Better Forecasting and Hidden
Rule

If we are able to determine the probability of a future price
step direction according to some dependence and its value
is higher than 50% then the arising question is if we are
able to use such advantage for financial profit realizing.
According to the chapter 2 we can state that the certain
forecasting advantage allows realizing profit during the
sequence of repeating investments with the positive avera-
ge value and with the P/L deviation which is decreasing in
percentage while number of the repetitions is increasing.
The other question is if we are technically able to open
long/short speculative position (to start an investment).
If the determined probability is hidden for some other
market participants we are probably able to open the po-
sition. However if the determined probability is common-
ly known we can logically expect immediate adjustment
of the market price without trading volumes (price gap)
and thus the chances to open position are low. The special
case is the situation when the determined probability is
commonly known but there is a certain delay between the
determination and the moment when the step creation is
finished (low efficiency market). We can summarize the
conditions necessary to increase our profit realizing pro-
bability above 50%:

— the value of a probability must be higher than 50%

- the rule or mechanism which determines its value
must be hidden or partly hidden for other market
participants or there must be certain delay between
the moment of the probability determination and the
moment when the step creation has been finished

- the value of probability must cover transaction costs
Within the meaning of the chapter 2 and the law of large
numbers it is also important if we can repeat the inves-
tments. According to the conditions above we are able to
define better forecasting and profit realizing situations:

»

- “primary” step direction dependency on the past has
been found,

- “economic news” step direction dependency on the
past has been found,

- low market efficiency has been found,

- chance to make the better estimation for future eco-
nomic news content than an average expectation is,
has been found,

- “volatility” dependence has been found,

- price manipulations are used for pushing of market
price,

- insider trading is used to predict the future price de-
velopment.

5. “Primary steps” Dependency -, the Direction and
the Volatility dependence Comparison

Let’s discuss now the possibilities to simulate mentioned
departures from normality (chapter 3) to asses if the devia-
tions from normality are caused by the volatility or by the
directional dependence. Our aim is to create probability
distribution according to the figure 2 and assess economic
interpretation of such simulation. Required distribution
exhibits leptokurtic feature (characterized by fat tails at the
borders and sharpness in the central area), extreme values
and also skewness (required distribution). Adequate nor-
mal distribution is displayed with the line in the figure 2.
To be consistent with the chapter 3 we can use directional
dependence, volatility dependence or the combination of
both for the simulation.

For the directional dependence we consider usage
of the Dynamic Financial Market model, which expects
possibility of dependence of future price development on
the past. The model uses system of feedbacks (including
technical analysis, trend stabilizing, price inertia, trading
techniques, different up/down movements dynamic, mar-
ket price manipulations, market regulations) which helps
to create abnormalities (using dynamical changes of next
“primary” step direction probability) in the distribution
and basically assumes that directional dependency exists.
Idea of feedback processes is based on the observations
that traders, investors and other market participants don’t
only watch present or historical data but according to them
they are also placing buy or sell orders and thus influence
future development. There is a feedback in the financial
markets which also influences a future price development
and cause the future direction dependence. The most usu-
al examples are traders who use technical analysis. In the
model we work with the feedback processes regardless if
they help to realize profit or not. The Model also expects
mix of random processes (“primary steps” and “information
steps”) as a final result. Both effects cause not Gaussian (nor-
mal) observations in probability distributions. Dynamic
Financial Market Model offers market price dependence
which is readable from returns probability distribution. One
of the key factors is price inertia feedback. The price inertia
is a basic negative feedback which helps to keep price to
be unchanged and which is responsible for sharpness in
the distribution. Feedback works in all periods of time as
a minute, hour or day. If there is not any economic news,
primary random walk is forced by traders towards the level
which is adequate to the previous economic news level or
to the other levels. Simulated realistic distribution using
Dynamic Financial Market Model is in the figure 3.

Empirical tests of the price inertia feedback on US Stock
Market according to the model have supported its existence
(Stadnik 2012). Empirically obtained probability of a future
price development direction varies approximately from 50%
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to 52% (50.04-51.99%). Back tests were done on approxi-
mately 2500 US stocks over 10 years time period. These
values of a deformed probability of future market price
development direction due to the price inertia feedback
are in good accordance with the values obtained from the
simulation. Similar tests were done on Euro Bund Future
on daily basis (1980-2012) and measured probability of
the direction to the previous closing price is approximately
51.29%. We can conclude that the short-term dependency
has been confirmed.
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Fig. 3. S&P500 distribution simulation-probability of a step
direction changes from 50.00 to 50.76% in the border area,
from 50.00 to 50.24% in the mid area of the distribution

Dynamic Financial Market Model offers also other
feedbacks connected for example with momentum of the
development and which is represented by trend stabilizer
feedback in the model. In this case we can consider that
determined probability is hidden which allows us to open
appropriate speculative position. The question is about
covering of transaction costs as the determined probability
is not significantly higher than 50%.

The volatility dependence is covered by a wide range
of models. Buckley has used in his study (Buckley et al.
2008) the Gaussian mixture distribution. Gaussian mixture
has acceptable interpretation: financial market performs in
two regimes with high and low volatility. Gaussian mixture
can model many departured distributions which depend on
the probability of both regimes and their parameters. If the
latent regimes have a Markov law of motion, the mixture is
then a hidden Markov model (Baum, Petrie 1966), which is
also known as the Markov regime switching model. There
are many extensions of Markov switching model (Krolzig
1997; etc.) Other famous works in this area were done by
Bollerslev (1986), GARCH process; Campbell, Hentschel
(1992); Engle (1990, 1995), ARCH process; Diebold, Lopez
(1995); Jondeau, Rockinger (2003) some new research by
Witzany (2013). While GARCH, ARCH and others sto-
chastic volatility models propose statistical constructions
based on volatility clustering in financial time series, they
do not provide any economic explanation. The economic

explanation of volatility clustering is not easy. The initial
idea was the competition between numerous trading stra-
tegies but complex simulation does not allow confirming
this mechanism as being responsible for volatility clus-
tering (Cont 2005). Some economic works contains also
examples where switching of economic agents between two
behavioral patterns leads to large volatility. In the context
of financial markets, these patterns can be recognized as
trading rules and the resulting fluctuations as large move-
ments in the market price (supporting heavy tails). Lux and
Marchesi (2000), study an agent-based model in which hea-
vy tails of asset returns and volatility clustering can arise
from switching of market participants between fundamen-
talist and chartist behavior. Fundamentalists expect that the
price follows the fundamental value. Traders using technical
analysis try to identify price trends or other patterns and
evaluate their investments using historical development,
while fundamentalists evaluate their investment opportu-
nity according to the difference between the market price
and the fundamental valuation. According to Lux-Marchesi
model the market price development follows Gaussian ran-
dom walk till the moment when some chart trades using
certain techniques surpasses a certain critical value. At this
moment a volatility outbreak appears. This process finally
leads to volatility clustering. According to Cont (2005) the
origin of volatility clustering can be also caused by threshold
response of investors to news arrivals.

6. Volatility Dependence - Simulation and Its
Economic Explanation

In this chapter we try to identify problems with economic
explanation while using models with volatility dependence
and so try to contribute to the discussion above (chapter 6).

Models with a changing volatility can be divided accor-
ding to the reason of volatility change:

- changing of a price step length,
- changing of an activity during a trading period,

— combination of both reasons.

6.1. Volatility Dependence - Models with Changing Step
Length and Their Interpretation

If we model abnormalities in a probability distribution
using volatility dependence, we can logically assume mix
of more particular processes (more periods with a different
volatility, volatility clustering). We consider that the price
development consists from many different steps, but the
steps with similar length always appear in one sequence.
Thus we have different sequences of steps, whereas each
sequence consists from steps with very similar length.
There are two different sequences of steps in the figure 4
which are involved in the time period for which is the pro-
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bability distribution constructed. Resulting distribution is
then the mix of two probability distributions. Each of them
can be in the first point of view considered to be a Gaussian
one and the steps inside the period follow an independent
symmetric random walk process.

time period for the distribution time period for the distribution

Fig. 4. Model with changing step length

In the figure 5 there is a development which does not
consist of two different sequences, but both sequences are
the same. Resulting probability distribution with a Gaussian
property is compounded from two different steps and the
process is not the same as the mix of the distributions.

e /',/\-\\‘
—

time period for the distribution time period for the distribution

Fig. 5. Model with changing step length

If we simulate (using Monte Carlo approach) the deve-
lopment style in the figure 4 we can obtain, under the cer-
tain conditions, the required distribution (figure 2) but the
development according to the figure 5 does not allow this.
Certain conditions coming-out from the fact, that if we
modeling required distribution from the two sequences of
different steps size, we can obtain distribution according to
figure 6 or 7 which are not required.

Fig. 6. Simulated probability distribution in the model with
changing step length

Distribution/ Function

Fig. 7. Simulated probability distribution in the model with
changing step length

We have to use such two sequences when longer step
from the first one can be compounded of the shorter steps
of the second sequence. Then we can create the required
distribution as it is shown in the figure 8 and which is in
accordance with the empirical distribution in the figure 2.

Distribution Function

Fig. 8. Simulated probability distribution in the model with
changing step length

In case of a mix of great number of different sequences
we may obtain probability distribution according to figure
9, which is also not required.

Distrivution Function

Fig. 9. Simulated probability distribution in the model with
changing step length

Figures 6-10 are also the results of Monte Carlo simu-
lations of the described financial market situations. Each
simulation is based on 100 000 simulated developments
and the each development is consisted of 900 price steps,
which is in accordance with the financial market empi-
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rical observations. Remarkable is that the distributions
according to figures 6, 7,9 are not commonly observed but
we have to suppose that in the case of empirical distribu-
tions according to figure 2 (mainly in the case of the mid-
area of the distribution) is possible to consider such mix
of sequences where longer steps cannot be compounded
from shorter ones.

Possible economic interpretation of the process accor-
ding to the figure 4 which leads to the distribution in the
figure 8 is alternation of the two different sequences when
the first sequence is primary random walk (as we conside-
ring only volatility dependency primary random walk is
without feedbacks). Primary random walk is consisted of
the steps with the minimum possible size which is given
by certain financial market regulations. For example in
case of EUREX Euro Bund Future the minimum size of a
price increment is 0.01 of a percentage point. Let’s say that
minimum size of a price increment is 1 market tick. The
second sequence could be a sequence of “economic news”
steps. “Economic news” steps are always compounded from
the minimum size market ticks. Compounding of “econo-
mic news” steps from more minimum market ticks avoids
obtaining unrealistic probability distributions according to
figures 6, 7, 9 where we do a mix of distributions of shor-
ter steps and longer steps which cannot be compounded.
The economic explanation problem is that in this case the
“economic news” steps should be approximately of the same
step length, other vice we simulate cases in the figures 6,
7, 9. The other problem is that on real financial market we
usually observe not a mix of these two processes but com-
pounding which is adequate to the situation in the figure 5
and not to the figure 4 and thus we obtain a Gaussian dis-
tribution which is not required. In the first point of view we
can model required probability distribution using changing
step length, but under the certain conditions:

— The size of steps cannot be in independently distribu-
ted but we have to consider more regimes with lower
and higher volatility (volatility clustering) and longer
steps must be always compounded from shorter steps.
In economic explanation we have to deal with following

problems:

- It seems to be very unlikely that the volatility (size of
price steps) of each regime can be compounded from
volatility (size of price steps) of other regimes.

- Volatility clustering has difficult economic explanation
(chapter 6).

- We have economic reason to expect that inside each of
the regimes the steps are independently distributed but
during empirical measurements we cannot separate
more Gaussian distributions to do a mix. All the me-
asured distributions on daily bases on different groups
of days are not Gaussian.

- We do not have economic explanation for volatility
clustering in very short time intervals where we also
do measure not Gaussian distributions and where is
no volatility change during the time period.

6.2. Models with Changing Activity and Their
Interpretation

Changing activity means for our purposes the situation
when we consider different total number of steps during
the time period for which we construct the probability dis-
tribution. To model required distribution we model two
different activities during a time period for the distribution.
Modeled distribution is in the figure 10. In case that num-
ber of different activities increases the model distribution
results into Gaussian distribution which is not required.

— R

Fig. 10. Simulated distribution in the model with changing
activity

We assume that higher activity on financial market ari-
sing from the higher frequency of incoming market orders
during observed time period. Higher frequency of inco-
ming orders causes higher number of steps in the deve-
lopment. In case of a real financial market we expect that
activity varies around certain average value and situation
is more close to the Gaussian distribution. This is why the
modeled distribution according to figure 10 has very dif-
ficult economic explanation. In the first point of view we
cannot consider changing activity to be a reason for required
distribution.

6.3. Conclusion on Models Using the Volatility
Dependence

If we model abnormalities in a probability distribution
using volatility dependence, we can logically assume mix
of more random processes (more periods with a different
volatility) and the volatility dependence in this case means
that price movements must respect the period volatility
and the size of price movements is not sequencing inde-
pendently. In this case we explain abnormalities without
existing directional dependency. Volatility Dependence
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basically doesn’t support possibility of a market price fore-
casting. If we prove that Dynamic Financial Market Model
is correct and models with volatility dependency are not
correct then we can be sure about existed directional depen-
dency in the development which causes departures from
normality in the distribution. The problematic question is
if the volatility clustering (marked in the figure 11 as the
areas with the higher volatility) which can be observed
on real financial markets is caused by changing activity
(approximately in two levels) or by changing of the length
of price steps (approximately in two levels of activity) or by
a pure random walk or if it is caused by a combination of
more factors. This is difficult to recognize. Anyway we can
state that models using volatility dependency have difficult
economic explanation.
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Fig. 11. Volatility clustering, source: Bloomberg

7. Other Situations Improving Directional
Forecasting

Economic News Dependency — If we consider that all the
expectations and also all the relevant economic news are
built in the market price (average expectation is built),
then the content of next economic news is unpredictable
and so the probability of caused step direction up/down is
50/50%. The question is then about independency of inco-
ming economic news. This question is still opened. Some
market participants believe that “bad” news is more likely
to be followed by another “bad news” and so the distribu-
tion of economic news is not Gaussian. In this case we can
consider that determined probability is hidden (within the
meaning of chapter 5) which allows us to open appropriate
speculative position. If the probability after the sequence of
“bad” news is determined we can expect also a certain delay
to the next expected “bad news”. The delay also supports
possibility of the speculative position opening. Clustering
of news is connected to the volatility dependency but it
doesn’t help to predict future direction.

Better Estimation for Future Economic News Content -
Some analytical methods may allow more correct prediction
of the content of the future economic news than is an ave-
rage expectation which should be built in the market price.
This is the case of for example core statistical economic
data (such as CPI, PP, etc.) We would be able then predict
more correctly the future step direction which is created
just after the economic news is released. This practice is
also similar to the situation when we know the result of
tossing a coin in advance. In this case we can consider that
determined probability is hidden and we can also expect a
certain delay. Both allow us to open appropriate speculative
position. The situation does not have to affect price/yield
probability distribution.

Volatility Dependency — This dependency helps to incre-
ase forecasting chances for instruments which market price
depends on volatility (for example options). The situation
corresponds to the models with volatility dependence and
their impact on price/yield probability distribution. In this
case we can consider that determined probability is hidden
which allows us to open appropriate speculative position.

Market price manipulations — If a manipulator use buy/
sell orders to push up/down market price then his forecas-
ting advantage is probably higher than 50%. Manipulations
are basically illegal but in some cases legal (for example
central banks currency interventions). In this case we can
consider that determined probability is hidden which allows
us to open appropriate speculative position. The situation
does not have to affect price/yield probability distribution.

Insider trading - This illegal practice helps to predict a
content of incoming economic news. The situation does not
influence probability distribution in general. In this case
we can consider that determined probability is hidden and
we can also expect certain delay between obtaining insider
information and the step creation finishing. Both allow us
to open appropriate speculative position.

Low Efficiency - Low efficiency can be compared to the
situation when after a toss a coin we have to wait certain time
to finish the price step. During this delay we can open the
speculative position and participate on the profit realizing.
In this case we can consider that determined probability
is not hidden but the delay allows us to open appropriate
speculative position. The reaction of a low efficient finan-
cial market is slow but in result “economic news” steps can
generate random walk with a Gaussian distribution.

Summary of all the situations with the better forecasting
opportunities is in the table 1.

Conclusion

In this financial engineering study we have defined and
summarized the primary principals of our approach to the
market price directional forecasting and its usage for the
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Table 1. Summary of profitability of financial market situations

situation determ. delay hidden cost profitable
value rule covering

primary steps dependency >50% no yes ? ?

economic news dependency >50% yes yes yes yes
low efficiency >>50% yes no yes yes
better estimation of news >50% yes yes yes yes
volatility dependency >50% no yes yes yes
market price manipulations >50% no yes yes yes
insider trading >50% yes yes yes yes
high efficiency >>50% no no yes no
random walk primary steps 50% no no no no

financial profit making. The purpose of this research is also
to simplify the difficulties for the practitioners due to the
complicated theoretical background of this financial market
topic. In the research we have resolved (chapter 4) the market
price step development to the certain sequence (direction
probability determination -> time delay -> price step creation
finish) and we have discussed the role of each part of the
sequence in the market situations which we have analyzed.
We have also quantified forecasting advantage to assess our
possible success. In the research we have recognized that not
all the situations which are allowing the better forecasting
may be simply used also for the profit making. For the con-
clusions on the profit realizing opportunities we have defined
the hidden rule inside the market. We have concluded that
if the rule is commonly known the possibility to use the
rule for a profit making is then decreasing. All the general
requirements on the profitable market situations according
to this research are summarized in the chapter 5. We have
also stated that the opportunity of making the repetitions of
particular investments could be the certain advantage within
the meaning of the chapter 2 and the law of large numbers.
From this reason we have solved the directional dependence
mainly on the short-term (daily) basis and according to this
for example the long-term buy-hold strategy is connected to
the more uncertain final result.

Instead of the long-term dependencies which are gene-
rally considered to be present within financial markets we
can conclude that the short-term dependencies have been
also confirmed and they are probably responsible for the
empirically measured shape of financial market distributions
(Dynamic Financial Market Model). The question about their
practical value is still opened. According to the results from
the simulations (Stadnik 2011) and also from the empirical
measurements (Stddnik 2012) the forecasting advantage is
not significantly above 1% in the case of for example the price
inertia feedback. Forecasting advantage of 1% is due to its
low value useful only in the case of high number of repeated
investments and with transaction costs lower than 1%. Other

possibilities may be offered by usage of technical analysis or
other tools and feedback processes.

The other opportunities applicable for the better fore-
casting are described in the chapter 8 and their summary
according to this research (within the meaning of chapter
5) is in the table 1. In the table 1 there is also analyzed the
case of an independent symmetric random walk for the
comparison. Determined value of the probability of the next
price step direction is expected to be higher than 50 % in all
the considered situations instead of an independent sym-
metric random walk. The time delay between the moment
of the probability determination and the time when the step
is done may be considered in the situations connected to
economic news (instead of high efficiency case). The hidden
rule can be found in all the situations except the low and
high efficiency cases and of course in the case of an inde-
pendent random walk steps. “Question mark” in the table
means that in the situation of primary steps dependency the
forecasting advantage is very close to 1% which probably
does not cover the transaction costs.

In this study we have also provided the detailed discus-
sion on validity of the directional dependence models on
one hand and the models with the volatility dependence on
the other hand. As we are able to explain financial markets
effects using the both, the decision between the models
about correctness should arise from the question: “Which
model has the better economic explanation?” Based on the
Monte Carlo simulations that we have done in this research
we have concluded that the volatility dependence models
are able to simulate observed departures from normality
but they have the difficulties on economic interpretation.
The economic interpretation of the models which use the
directional dependence is much easier. Discussed volati-
lity dependency can be eventually used for better market
price forecasting of investment instruments which price
depends on the volatility (for example financial options).
The research has been supported by the institutional grant
VSE IP 100040.
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