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ANALYSIS OF PROBLEMS OF
FORECASTING OF FINANCIAL
INSTRUMENTS IN STOCK MARKETS

06’exmom docaiAHCenHsL € NPOYUECU NPOZHOYEANHS PIHAHCOBUX THCMPYMEHMIE HA POHOOBUX PUHKAX 8 YMOBAX
negusnauenocmi. Bucoxuil cmynins neeusnauenocmi na honoosux puHKax 3Hauo yckiaoHioe npouec npozHo3yeais
ounamixu Qinancosux incmpymenmis. /lana npobiema mMae 3nauenns, sx s 0epicas, max i Ons iHeecmuyiinux
KOMNAHitl. A maxodtc Ons IHUUX YUACHUKIS PUHKY, IKUM HeOOXIOHO nputimamu 00820CMpoKo6i iH8ecmulyitini piuleHHsl,
3ACHOBANT HA NPEEEHMUBHUX 3AX00AX U000 SHUNICCHHS NAUBY PUSUKIE PIHANCOBUX KPU3 HA iX disivricmb. Y daniil
pobomi asmopu ananizyiomv psaod nPoZHOCTUUHUX MOOCACH, SKI 3ACTOCOBYIOMBCS 8 Cepi PO3PAXYHKIE UUCLOBUX
padie. B xoumexcmi npozinosyeaniis yirn na Qondosux PUHKAX GULEACHT CULLHI T CAAOKT CMOPOHI NONYIAPHUX HA
npaxmuyi moodenei. Hasedeno ix mamemamuuni Qpynxyii, noscHeni anzopummu po3paxymuky ma 0ani agmopcoKi
BUCHOBKU NPO CMYNiHb ePeKMUBHOCTNT 3ACMOCYBAHHS OKPEMUX MOOeNell 6 chepi inancosux incmpymenmis.

B x00i docnidvcenis asmopu susuuiu psio PisHUX HAYKOBUX NPALL 3 0aH0i npobaeMu T NPOGELU AHANL3 OMPUMA-
Hux gidomocmeil. Ompumanuil pesyiomam anaiisy noKa3as, wo nPouecu NPUILHAMmMS piuleis npu npozHo3Yy6anii
SMiN (pinancosux incmpymenmis O6yoymv YckaaoHeni HaA6HiCMIO 308HIUHIX YUNHUKIS, ale MAKONC Ui 306HIULHT
YUHHUKU € Pe3YTbMamom OISIbHOCIE OKpeMux yuachuxie punxy. Ile noé’ssano 3 mum, wo npu npoznosyeanii
pinancosux incmpymenmis na QGoHO0BUX PUHKAX MONCHA HIGEII06AMU NCeA0-6UNAOK06E NOOI 306HiUNDOZ0 Ce-
pedosuwa. Bazamo iciuyouux piwens npozo3yeanis 0ONYCKAoms HU3bKY MOYHICMb NPU MOOEI08AHHI NPOZHO3Y,
momy payionanviiue BUKOPUCMOBYBAMU MYAbMUAZEHMIT MeXHoL02ii. 3a60aKu Hum 3ade3neuyemvpes Giivula
MOUHIC® NOKA3HUKIE, 8 NOPIGHANHT 3 ANALOZIUHUMU METOOAMU, MAKUMU SK eKOHOMempuuni mooeni (nailbitvu
gidomi 3 nux : ARCH, GARCH, VAR).

Ompumani y pobomi pesyivmamu 00CHIONCeHD MONCHA BUKOPUCTOBYBAMU Ol NPOZHO3YCANHS (IHANCOBUX
Kpu3, a maxodxc s po3pooxu memodie npomudii Hum.

Kmouosi crosa: vodeni npoziosysanns, ¢ondosutl punox, ranuioz Mapxosa, doszocmpoxogi ineecmuitini
pluenms, MYavbmuazenmui mexnoozii.
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1. Introduction

Thanks to the rapid development of information tech-
nologies, it became possible in a matter of seconds to
analyze a large amount of information, build complex
mathematical models, and solve multicriteria optimization
problems. Scientists involved in the cyclical development
of the economy began to develop theories, believing that
tracking trends in a number of economic variables would
clarify and predict periods of ups and downs. One of the
objects for study is the stock market. Multiple attempts
have been made to build such a mathematical model that
would successfully solve the problem of forecasting the
price of financial instruments [1]. In particular, «techni-
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cal analysis» has become widespread. The relevance of
this study lies in the fact that at the moment, with the
pace of development of the world economy, stock and
foreign exchange markets, many forecasting methods have
appeared. In this work, the author identifies the most
accurate of them on the basis of a number of studied
works and constructed analytical models.

2. The ohject of research
and its technological audit

The object of research is the forecasting processes of
financial instruments in stock markets in the face of uncer-
tainty. A high degree of uncertainty in the stock markets
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significantly complicates the process of forecasting the dy-
namics of financial instruments. This problem is important
both for states and investment companies, as well as other
market participants who need to make long-term invest-
ment decisions based on preventive measures to reduce
the impact of financial crisis risks on their activities.

One of the most problematic places in forecasting is
the poor predictive ability of models. Seasonality, trend-
ing and non-stationary forecasting process, which leads
to incorrect results.

3. The aim and ohjectives of research

The aim of research is identification of the existing prob-
lems of forecasting financial instruments in stock markets.

To achieve this aim it is necessary to perform the fol-
lowing objectives:

1. To analyze the existing forecasting methods and
identify what problems are present in them.

2. To suggest solutions to these problems.

4. Research of existing solutions
of the prohlem

Different authors offer numerous, different from each
other, models for forecasting number series. However, many
of the proposed instruments are unsuitable for predict-
ing the dynamics of financial instruments due to the
non-stationary nature of this process according to the
Dickey-Fuller test. In this vein, it is worth highlight-
ing regression forecasting models [1], autoregressive and
other derivatives from them [2]. The key problem of these
methods is as follows: the mentioned models are based
on the assumption that the prediction elements do not
correlate and are normally distributed. If this assumption
is actually incorrect, then the risk of forecast error is
significantly increased.

Some methods (models on Markov chains [3] and
models of exponential smoothing [1]) are able to give an
adequate forecast only at small time intervals, which makes
them ineffective in long-term forecasting. They are also
unsuitable for forecasting for long periods of time, since
they do not take into account such important indicators
as trends and seasonality.

Such a method as a model on a sample of maximum
similarity [3], as well as some others similar to it, is in
principle not suitable for forecasting financial instruments.

The main problem of neural network forecasting, ac-
cording to [4, 5], is that assumptions change very quickly
over a short time period, and this turns potentially good
prognostic models into useless ones. The fundamental
reasons for this transformation are: retraining of neural
networks, variable impact indicators, and, in particular,
ignoring neural networks of non-stationary characteristics
in data on a financial instrument.

To solve this problem, economics suggests using sto-
chastic atomic [1] and quantum [6] systems, which are
able to predict the combined effect of individual bidders
on pricing, considering them as particles. Modeling and
predicting the behavior of market participants as individual
agents can minimize the bias in assessing the dynamics
of a financial instrument and improve existing prognostic
models and methodologies. So, in the study [7], multi-
agent technologies are used to predict the dynamics of

stock prices. However, the authors of these studies do not
use neural network technology, so it seems impossible to
increase the complexity of agent trading strategies. They,
as in [4, 8], use this technology as a signaling system to
help stock market participants.

In [4, 5], genetic algorithms are used to formulate
strategies of individual agents. However, their approach
consists mainly in selecting the most fit individuals, based
on the profitability of strategies, replacing the original
population with a population of more fit agents. Further,
let’s assume the necessity of modeling unprofitable strate-
gies as well, since all bidders cannot simultaneously earn
money and it is necessary to take into account negative
selection.

The developments referred to by the authors of many
scientific papers are either not published, or published with-
out source code, or have significant structural limitations,
which does not allow their further development [9, 10].

Thus, the results of literary analysis allow to conclude
that this problem is not fully understood, and therefore
the authors of the work decided to study this problem
in more detail, based on existing works.

5. Methods of research

The following scientific methods are used:

— analysis method in the study of a number of scien-
tific papers and articles on the problems of forecasting
financial instruments in stock markets;

— classification method in the study of forecasting
methods.

6. Research results

Regression-type prediction methods are required to
investigate the correlation between more than two vari-
ables. Famous regressive models include the following.

Simple linear regression. The model is based on the
hypothesis that there is a certain discrete external factor (¢),
under the dominant influence of which is the entire ana-
lyzed process (t), with a linear type of connection. The
following equation describes this relationship [10]:

Z(t) =00+ 1 X(0)+et,

where 00 and o1 are the regression coefficients; €t is the
model error.

To get the forecast values (¢) for the time interval ¢,
it is necessary to have the value X(¢) for the same time
interval ¢, but in reality this is not common.

Multiple regression. In fact, the numerous discrete ex-
ternal factors X1(¢), ..., Xs(¢) significantly affect the pro-
cess Z(t). Then the equation of the model will be like this:

Z(t)=00+alX1(t)+a2X2(t)+...+osXs(t)+et.

However, this method also has a significant weakness.
Namely, the future value of the process (¢) can be calcu-
lated only after determining the future values of all factors
X1(¢), ..., Xs(t), which is rarely possible to do in reality.

Nonlinear regression. The foundation of this model is
the hypothesis that there is a function that confirms the
existence of a correlation between the initial process (¢)
and some external factor X(¢).
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The function of this model is:
2(t)=F(X(¢), A).

To build this type of model, first of all, it is necessary
to calculate the parameters of the function A. Then let’s
make the assumption that:

Z(t)=alcos(X(t))+a0.

Based on this, let’s set the parameters A=[al, a0].
Real processes can be called very rare, according to which
the type of connection that combines the process (¢) and
the external factor X(¢) has already been determined in
advance. It is precisely because of this fact that the use
of nonlinear regression models is extremely limited, and
such methods are used relatively infrequently in stock
market practice.

The most widely used are fairly Dickey-Fuller tests [1].
The time series estimation method for integrability is rep-
resented by the formula:

Yt=al-Yi—1+et.

The main idea of this method is as follows: it is ne-
cessary to verify the fact that the process is stationary,
that is, confirm or refute the corresponding hypothesis,
and also check its difference in order, with a rising trend,
in turn.

Tests such as the DF test contain a significant draw-
back, namely: they do not provide for probable residual
autocorrelation. However, if autocorrelation is still traced
in the residuals, the results of the least squares method
may become unreliable [11]. It is seen in [12] that the
right half of the equation is equipped with new variables,
namely, lag values, transferring them from the left half.
Then the equation will look like:

k
AYt=al-Yt—1- ai+1-AYt —t +et.

i=1

This test is called the augmented Dickey-Fuller test
(ADF test). It is important to emphasize that this is the
most productive and most common of simple integrabi-
lity tests [13].

Autoregressive forecasting models. In work [1] it is proved
that the form of autoregression is considered extremely
useful in order to determine the time series existing in
reality. Modification assigns the key role of the process to
the finite linear set of previous values of the process and
momentum, which is called «white noise». The equation
of such a function is represented as:

Z(t) = C+o1Z(t-1)+2Z(t-2) +...opZ(t—1) +¢t,

where the autoregression process of order p, denoted by
AR(p), while C is a real constant, 1, .., ep are coef-
ficients, et is a model error. To determine @i and C, it
is advisable to apply the maximum likelihood method or
the standard least squares method. The general model is
often referred to as ARMA.

The ARIMA (p,d,q) model has several modifications,
one of which is ARIMAX (p,d,q), the equation of which
is presented as [1]:

Z(t)=AR(p)+talX1(t)+...asXs(t),

where al, ..., as are the coefficients of external factors
X1(¢), ..., Xs(t). Often, Z(¢) is defined as the result of
a calculation using the MA(g) model. After that, the fur-
ther predicted value of (¢) is determined by the auto-
regressive model. It also contains regressors of external
factors X1(t), ..., Xs(t), as a clarifying addition.

The autoregressive model with conditional heteroskedas-
ticity of T. P. Borreslev is essentially a residual model for
the AR(p) method [12]. First, let’s determine the AR(p)
model for the required series. Then let’s refer to the as-
sumption that the model error et has the components:

et=ot-0t,

where ot is the standard deviation, depending on the time
indicator; 9¢ is a random variable with a normal distri-
bution, the average value is 0 (zero), and the standard
deviation is 1 (one).

The value of the standard deviation is calculated by
the formula:

ot2=P0+B1et—12+..+Bget—q2+ylot—1+...+ypot—p,

where B0, ..., Bg and Y0, ..., yp are coefficients.

The GARCH (p, q) model includes 2 indicators: p is
the order of autoregression of the squares of residues;
q is the number of previous residual estimates. The use
of this method is especially common in the field of fi-
nance, since it is successfully used in case of the need to
simulate volatility. There are many modifications of the
GARCH method — these are both the NGARCH model,
and EGARCH, etc. All of them include the assumption
that the normal distribution of residues is uncorrelated. If
at least one of these assumptions is incorrect, then there
is a risk that the forecast intervals will be erroneous.

Exponential Smoothing (ES) Models Prajakta S. K. This
is to a certain extent the filter model through which the
members of the original series pass, and as a result, the
current values of the exponential average are obtained,
which is given by the equation:

Z()=S(t)+et-S(t) = Z(t-1)+(1-0) -S(t-1),

where S(t) is the value of the exponential average at
time z; €t is the white noise; o is the smoothing parame-
ter in which 0<o<1.

The model shows adequate results on a small fore-
casting horizon, since it overlooks the trend and seasonal
changes. On the other hand, these factors can be taken
into account using:

— Holt model, which is based on a linear trend;

— Holt-Winters model, which takes into account both

seasonality and the multiplicative exponential trend;

— Theil-Wage model using these additive linear trend

and seasonality.

The advantages of these models are the relative sim-
plicity of design and analysis, as well as uniformity, which
allows to streamline the calculation process and make
comparisons. The key disadvantage of this class of models
is inflexibility [14]. And yet, it is this class of forecasting
models that is most prevalent in the case when it becomes
necessary to calculate for the long term [15].

;12
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Maximum Similarity Sampling Model (MMSP). This
model can really be effective, but only in a limited range
of applications. It is important to clarify that it is im-
practical to apply to a number of exchanges, including
FOREX, because, in this case, according to studies, it
works inefficiently [16].

A neural network model (ANN) implies that 2 func-
tions are needed to describe a neuron model:

U(t)=Zi- Z(t—i)+bmi=1,
Z()=o(U(2)),

where o1, ..., @wm are the synaptic weights of the neuron;
Z(t—1), ..., Z(t—m) are the input signals; (U(¢)) is the ac-
tivation function; b is the threshold.

Neurons use different types of connections, therefore,
in the scientific literature it is customary to distinguish
three types of networks: recurrent networks, single-layer
networks and multilayer networks [17].

The main advantage of such models is the lack of lineari-
ty, since they can connect current and future indicators
with a nonlinear dependence. The advantages of neural
networks traditionally include high adaptability, scala-
bility (because the ANN structure, built on the principle
of parallelism, allows to speed up the calculations) and
uniformity [18].

Nevertheless, ANN models are filled with numerous
weaknesses: the ambiguity of the algorithm for choosing
the appropriate architecture; the opacity of the modeling
process. Separately, it is necessary to emphasize the difficulty
of meeting the requirements of the training sample, which
implies consistency, hence the difficulty in determining
the appropriateness of using one or another algorithm,
as well as the high cost and resource intensity of the
learning process [17].

Markoo chains model is an effective way to predict the
value of stocks, but to get better results, it is necessary to
create sufficiently large intervals, a short period of time.

In essence, Markov theory is only a simplified model
of a complex decision-making process. The structure of
the Markov chain and the probability of state transi-
tions are fundamental factors in determining the type of
relationship between the current and future values of the
analyzed process.

The strengths of these models are the relative sim-
plicity of analysis and modeling. The weak side of the
model on Markov chains is that they cannot be used in
modeling processes with long memory characteristics [17].

Classification Regression Tree Model (CART). This me-
thod develops a model of processes influenced by continu-
ous external and categorical factors. Given the continuity
of external factors, it is advisable to use regression trees.
Conversely, for categorical factors it is better to use the
classification type of branching. There are also mixed CART
models, which, if necessary, can take into account all the
factors mentioned.

The obvious strengths of these models are:

— high speed and transparency of the learning process

of the tree, which, for example, compares them favor-

ably with the ANN models [18];

— scalability, due to which fast processing of large data

arrays occurs and the opportunity to use categorical

external factors opens up.

Weaknesses of CART models:

— opacity of the process of forming the structure of

the tree;

— lack of uniformity;

— impossibility of a single choice of time and stage

of termination of further branching (growth) of the

tree [18].

The support vector method (SVM) is actively used in
the electric power industry to model the future dyna-
mics of the cost of electricity [19]. The model is based
on classification in such a way that the initial time se-
ries go into a high-dimensional space. As a result, at the
training phase, it becomes possible to uniquely determine
external factors, the future values of which will need to
be referenced when distributing forecasts (¢) by subclass.

The transfer function model (TF) is used in predicting
the process (¢), taking into account the external factor
X(¢) [19]. The dependence of the future value is defined as:

Z(B)=v(B)X(H)™(®),

where B is the shift operator BZ(t)=Z(t—1), ..., BRZ(t) = (t-k).
The time interval (¢) characterizes the perturbation
from the outside. Then the function (B) has the form:

Z(t)=a0+ol1X(t)+et.

The coefficients of the function vi define the relations
between the processes (¢) and X(¢) as dynamic.

All sorts of combinations (fuzzy logic + ANN, SARIMA +
+ ANN, regression + ANN, etc.) are also analyzed in a re-
view of methods for predicting the amount of energy
consumption [20].

ANN models with various combinations are effectively
used for clustering purposes. In scientific work [20], the
author mentions that combined models should be con-
sidered the most promising. Models are able to perform
primary clustering and further forecasting in the context
of a particular cluster.

The authors of [21] emphasize: clustering, as a method,
must be used to increase prognostic accuracy and reduce
the likelihood of error. Clustering is carried out accord-
ing to the methods of K-means and fuzzy C-means. The
goal of both methods is in increasing the accuracy of
the forecast, which can be achieved by extracting the
necessary information from the time series.

Models based on multi-agent systems. The agent approach
is applicable when it is necessary to analyze multicom-
ponent self-organizing processes that are characteristic of
a number of applied areas and are characterized as com-
plex. However, the development process of such a system
seems nontrivial and even difficult, since the agent has
the properties of independence and autonomy from the
general system. An agent is inclined to perform targeted
actions, to contact with other agents, to make decisions,
to adapt to the environment, to make movements, etc.

Models based on economical physics. Models based on
economical physics and their approaches differ from tradi-
tional econometric methods in the extensive use of graphic
drawings. But in practice it turns out that in some situations
this can lead to errors, since such an approach does not
make it possible to detect features of the data under study.

For some reason, a number of scientists have noted
the Laks-Marchezi model as the most effective [21].
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It presents three categories of stock market participants:

— representatives of the fundamental analysis who

acquire shares when their price falls below the level

that determines long-term factors;

— representatives of technical analysis (or «pessimists»)

who sell shares with an increase in quotes to fix income;

— representatives of technical analysis (or «optimists»)

who buy stocks exclusively when they rise.

This model is based on the concept of statistical phy-
sics about the interaction of elements under the influence
of internal conditions of the system.

The model makes the probabilities of moving repre-
sentatives of one category of market participants to other
groups, while the income from the implementation of
strategies forms the transition functions. The dynamics of
quotations depends on the ratio of demand of all three
categories of market participants. This model implies that
a strong market position can come already after significant
fluctuations, when the number of followers of technical
analysis decreases and, in turn, the ranks of supporters of
fundamental analysis are replenished. At the same time,
the Laks-Marchezi model proceeds from the stability of
the number of shares available on the market.

Since the late 1980s, many scientists have sought to
find a solution to the problem of forecasting the dynamics
of financial instruments in stock markets [16]. Despite this,
and despite the large number of works on this topic, an
extremely small number of real projects are found when
modeling the market using a multi-agent approach.

In fact, the presence of the only clearly established
approach is not observed in any of the types of analyzed
models and methods. But to develop and create multi-agent
models for each specific task is inefficient. The reason for
this is that the presented model can be controlled by
a certain number of heuristics that cannot be formally
justified or allowed to the stage of simulation run. During
the modeling process, the withdrawal methods, actions,
and the system of mutual exchange of information between
agents can be updated on a regular basis.

The solution to this problem may be the development
of simulation modeling. However, this goal is not un-
reasonably considered even more complex and costly, in
particular, in the framework of agent modeling.

According to some authors, nevertheless, optimization
methods, graph theory, and systems based on neural net-
works can be considered quite effective. But the same
neural network aspect cannot be considered fully optimal
and takes into account all the necessary factors [22].

As a result, existing solutions indicate that this problem
is either partially solved or there is no practical imple-
mentation. There is an obvious need to use neural net-
work technology to model complex strategies of individual
agents, eliminate pseudo-random, manipulative events and,
as a result, increase predictive ability.

To date, according to research [23], the main difficul-
ties in predicting number series are:

— lack of process stationarity;

— ignoring the trend and seasonality;

— small prediction interval;

— ignoring the strategies of individual market partici-

pants.

A review is made of the most practically used instru-
ments for forecasting financial instruments. The strengths
and weaknesses of each of the considered models are con-

sidered. It is noted that at the current stage of development
of dynamics assessment and forecasting of stock instruments,
the most widely used methods are neural network models,
as well as autoregressive models (ARIMA).

7. SWOT analysis of research results

Strengths. The solutions to the problems of forecasting
financial instruments in the stock markets are identified,
which will increase the prognostic ability of existing so-
lutions. And also to predict financial crises and prepare
preventive measures to eliminate or mitigate them.

Weaknesses. The solutions identified in the work do
not yet have a practical basis.

Opportunities. Forecasting can become more accurate
due to the fact that heterogeneous strategies of all bid-
ders are taken into account. This will positively affect
the economic development of stock markets.

Threats. Technological methods may fail, which will
entail further incorrect decisions, and technological methods
may also be subject to external attacks.

1. The main problems of forecasting the dynamics of
financial instruments are identified, such as: inaccuracy
of modeling and the problem of non-stationary process.
It is shown that the additional complexity of forecasting
for large time intervals is the trending and seasonality of
the process.

2. To increase prognostic ability, it is proposed to model
the dynamics of financial instruments using multi-agent
systems. This will take into account the strategies of all
bidders in the aggregate and thereby increase predictive
ability.
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