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Abstract. For successful trading on stock exchanges, it is important to use
trading tools that will ensure success in trading operations and provide com-
petitive advantages. The purpose of the article is to develop an algorithm for the
creation of a trading system and selecting a research object whose shares may
subsequently become the object of real trade. The basis of the developed trading
system is the consolidated mathematical model based on several models (mul-
tipliers, neural network and discounted cash flows). Two forecasting models
were created. The first consolidated model estimates share prices with lower
deviation from the actual prices than the prices predicted by other mathematical
models. For the second consolidated model, TakeProfit at the forecasted level
was set. It allows closing the position as soon as a targeted price is reached. The
results of the work identified directions for improving trading algorithms by use
of the elements of fundamental analysis, namely, by forecasting the impact of
macroeconomic factors and an evaluation of market indices.

Keywords: Stock exchange - Trading system - Forecast - Consolidated
mathematical model

1 Introduction

Nowadays forecasting is being considered as one of the most important branches of
research in the economic and business fields and has been developing rapidly. Forecasting
stock exchange prices by considering its dynamic factors is an important part of a business
investment plan. The confidence of investors in these markets has declined and many
negative problems in the world economy are present. This clearly shows the strong
relationship between uncertainty in financial markets and investor confidence. Financial
asset prices are influenced by numerous factors including people behavior, political,
economic, competition or other factors, so price forecasting can be a difficult process.
Due to the development of stock trading, opportunities to receive a stock invest-
ment return exist. However, this is possible only with a properly selected trading
strategy and efficient trading system. Many traders diversify risks and increase profits

© Springer Nature Switzerland AG 2020
V. Ermolayev et al. (Eds.): ICTERI 2019, CCIS 1175, pp. 1-28, 2020.
https://doi.org/10.1007/978-3-030-39459-2_17


http://orcid.org/0000-0002-1403-9454
http://orcid.org/0000-0002-2962-308X
http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-39459-2_17&amp;domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-39459-2_17&amp;domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-39459-2_17&amp;domain=pdf
https://doi.org/10.1007/978-3-030-39459-2_17

2 L. Pankratova et al.

using several types of trading systems, which number more than a thousand today.
However, every trader or investor is trying to develop a unique trading system which
will allow anybody to successfully invest money by trading stocks with a correct price
forecast.

Forecasting prices allows not only individual financial asset price information to be
considered, but also financial and economic systems, and financial crises to be assessed
as to their possible scale in order to make appropriate economic decisions. At the same
time, the lack of a unified theory that would explain price fluctuations in stock markets
and a unified methodology for predicting prices for them determines the expediency
and necessity of further development of the methodology of forecasting prices on stock
exchanges.

The purpose of the article is to develop an algorithm for the creation of a trading
system and selection of a research object whose shares may subsequently become the
object of real trade. The paper is organized as follows. The next section explores the
theoretical background of forecasting prices in stock exchange. The third part describes
the methodology of the research. The fourth part is divided into four subsections. The
first part analyzes the financial performance of the NIKE corporation and shows cor-
relations between the economic and financial indicators of this corporation. The second
part gives an assessment of the effectiveness of the developed forecasting model. In the
third part the forecast of stock prices is made with the help of the developed model. In
the fourth part, the consolidated model was improved and TakeProfit criterium was
included at the predicted value. Stock prices were forecasted for five companies.

The study has several limitations. The first is the time period for forecasting.
Secondly, the elements of fundamental analysis were not used.

2 Theoretical Background

Forecasting prices in stock markets is a matter of great interest both in the academic
field and in business. The forecasting of stock prices and stock returns is possible using
various techniques and methods. Many researchers study price trends in stock markets
with the help of artificial neural networks [1, 2] or fuzzy-trends [3, 4]. The application
of artificial neural networks has become the most popular machine learning method,
and it has been proven that such an approach can outperform most conventional
methods. The most popular neural network algorithm for financial forecasting is the
back-propagation algorithm. However, many articles have shown that the artificial
neural networks model, based on the back-propagation algorithm, has some limitations
in forecasting, and it can easily converge to the local minimum because of the noise and
complex dimensionality of the stock market data.

Many researchers use time-series models or other types of regressions [5—7]. Stock
market time series forecasting is an interesting and open research area. Artificial
intelligence algorithms are now mostly used to forecast time series. However, a highly
efficient stock exchange prediction model has not been designed yet.

Hybrid models have become more and more popular recently [8, 9]. Kannan, Sekar,
Sathik and Arumugam in [10] used data mining technology to discover the hidden
patterns from the historic data that have probable predictive capability in their
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investment decisions. Usually, the rise or fall in an international stock market is caused
by some external factors. This means that stock exchange forecasting depends upon
local factors and international stock exchange markets. The robustness of forecasting
models remains an open research area that creates many approaches to design trading
systems for stock markets.

The trading system is based on a clear algorithm or, in other words, a clear set of
rules for generating trade signals (that is, the conditions for opening or closing a
position). The main difference between one trading system and another is its author’s
approach to the rules of trading signal generation [11]. Trading systems are based on
one or a limited number of algorithms. Fundamental and technical analyses are used the
most often in trading systems [12—15]. Also, genetic algorithms [16] and neural net-
works and neuro-fuzzy computing [17] have become popular too. However, as
Kaufman mentioned, “most modeling methods are modifying cations of developments
in econometrics and basic probability and statistical theory. They are precise because
they are based entirely on numerical data; however, they need trading rules to make
them operational. The proper assessment of the price trend is critical to most trading
systems” [18, p. 6].

Many researchers have considered human behavior in their models. For instance,
Zhuge studied stock price dynamics by taking into account an emotional analysis of
them [19, 20]. A similar approach was used by Zhang, Aggarwal, and Qi [21]. They
tried to discover multi-frequency trading patterns. Behavioral pattern research can
improve the predictive capabilities of a model, but it should be noted that behavioral
patterns can drive short-term market fluctuations, which in turn cause disconnects
between the price and true value of a company’s shares.

Complex consolidated models were created by Kim and Won [22]. Sharma,
Sharma and Singh, used procedures in their research that allowed different decisions to
be taken into account when a situation in the market has changed [23]. Wei used hybrid
models based on ANFIS to forecast prices in stock markets [24]. It should be noted that
stock market price forecasting is very complex, which is why some complex models
work only in certain conditions. This situation generally happens because they were
tested only for a certain market or were developed using a limited selection of com-
panies whose activities were the same or similar in nature.

Nguyen implemented the Hidden Markov Model into the technology of price
forecasting [25, 26]. The Hidden Markov Model can help recognize patterns and
classify them. In our opinion, recognizing patterns can be helpful in a situation where
we want to avoid including behavioral factors in a trading system developed for dif-
ferent markets.

A trading system, in the process of its operation, requires constant debugging and
analysis of completed transactions within a specified interval, changing parameters for
the following operations in order to maximally optimize the intended trading strategy.
Therefore, forecasting prices on the stock exchange with the help of trading system of a
trader will be a wide area for future research for a long time.
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3 Methodology

All trading systems operate according to their logic, that is, an algorithm that reports to
the system how to behave in different situations. The algorithms of trading systems are
developed based on the data obtained about events that previously occurred on the
stock market. The algorithm of creating a trading system includes the following stages.

The first stage in the construction of a trading algorithm is the definition of a
strategy that will achieve a desired goal. The rules that formulate the strategy should be
set out consistently. The main rules are the rules surrounding entering and exiting
markets, that is, the terms of purchase and sale of stock commodities. Typically, a
trading strategy involves risk management by limiting the amount of risk capital.
A typical approach is to install a stop loss order that limits the maximum damage that is
allowed under the agreement. A trading strategy can also include revenue management
that protects the untapped profits generated during a lifetime position. A typical
approach to managing long-run profits is to establish a retractable stop-loss for a fixed
dollar value relative to the maximum of non-actualized profits. The purpose of our
strategy is to verify the correctness of the forecast of prices, and not real bargains, so
the stop-loss order was not used in our algorithm.

The best solution for the stock market is a strategy based on fundamental analysis,
which involves an analysis of the work of business entities, as well as external market
conditions. Two traditional forecasting models were used: Multiplier (M) and Dis-
counted Cash Flow (DCF). These are classic models that do not require complex
calculations or a large number of steps to calculate, although automation of calculations
of these models will save several days. Since it is impossible to fully evaluate the
effectiveness of stages such as testing or optimization, another model for forecasting
stock market prices, the mechanical neural network (NN), which is based on economic
indicators of the enterprise, was used. Thus, our consolidated model for predicting
stock market prices (W) includes three models: multiplier, discounted cash flows and a
mechanical neural network. For comparison, the traditional linear regression model
(LM) is used.

The second stage is to write an algorithm of action in the trading system in the
programming language R, using C++ to extract data, to automate all processes and
calculations. Using R, data sets were created with a fragment of code, as shown in
Fig. 1. For data processing, we used packages xts, DMwR2, quantmod, TTR, per-
formanceEstimation, nnet, e1071, kernlab, earth, and randomForest. The fragment of
code is shown in Fig. 2. The fragment of R code for share price forecasting is shown in
Fig. 3. The fragment of R code for the performance estimation is shown in Fig. 4.

14 pervaya_faza <- matrix(c(1:5, EPS_2017 *(1+Temp_rosta) Al,EPS_2017 *(1l+Temp_rosta) A2,

15 EPS_2017 *(1+Temp_rosta) A3,EPS_2017 *(l+Temp_rosta) A4,

16 EPS_2017 *(1+Temp_rosta) A5) ,nrow = 5, ncol = 2)

17 pervaya_faza <- cbind( pervaya_faza, ... = c(EPS_2017 *(1+Temp_rosta) Al* Koef.vip.divident,

18 EPS_2017 *(1+Temp_rosta) A2 * Koef.vip.divident,

19 EPS_2017 *(1+Temp_rosta) A3* Koef.vip.divident,EPS_2017
20

21 pervaya_faza <- cbind( pervaya_faza, ... = c((EPS_2017 *(1+Temp_rosta) A1* Koef.vip.divident)/(1+WAC
22 pervaya_faza <- rbind(pervaya_faza, c ('Bcboro’,colSums (pervaya_faza)[2],colSums (pervaya_faza)[3],cols
23

24 pervaya_faza_data <- data.frame (pervaya_faza)

Fig. 1. Fragment of R code for creating a dataset
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d <- NROW(market)

orders <- NULL

nOs <- NROW(opened.pos)

if (!n0s && signals[d] == "h') return(orders)

if (signals[d] == 'b" & !n0s) {
quant <- round(bet*money/market[d, 'NKE.Close'],0)
if (quant > 0)
orders <- rbind(orders,
data.frame(order=c(1,-1,-1),order.type=c(1,2,3),
val = c(quant,
market[d, 'NKE.Close']*(1+exp.prof),
market[d, '"NKE.Close']*(1-max.loss)
),
action = c('open’','close’, 'close’),
posID = c(NA,NA,NA)
)

Fig. 2. Fragment of R code for data processing

predSigs <- trading.signals(preds,b.t,s.t)
tgtName <- all.vars(form)[1]
trueSigs <- trading.signals(test[,tgtName],b.t,s.t)

date <- rownames (test)[1]

market <- get(quotes)[paste(date,"/",sep="")][1:length(preds),]

tradeRec <- trading.simulator(market,predSigs,
policy.func=policy,policy.pars=policy.pars,
trans.cost=trans.cost,init.cap=init.cap)

return(list(trueSigs=trueSigs,predSigs=predSigs, tradeRec=tradeRec))

Fig. 3. The fragment of R code for share price forecasting

mc.res <- performanceEstimation(PredTask(Tform,Tdata.train), workflowvariants('tradingwr’,
quotes="NKE',Tlearner="
b.t=c(0.01,0.05), s.t=

EstimationTask (method=MonteCarlo(nReps=5,szTrain=0.5,szTest=0.2,seed
mc.res2 <- subset(mc.res, metrics=c("PercProf”, "Ret", "MaxDD"), partial=FALSE)
topPerformers (mc.res2, maxs=c(TRUE,TRUE,FALSE))
plot(subset(mc.res2,metrics="Ret"))

getWorkflow("tradingwF.v5",mc.res)
summary (subset(mc.res2, workflows="tradingwr.v5"))

Fig. 4. The fragment of R code for performance estimation

The third step in constructing the algorithm is testing the trading system. The
testing stage has two goals: the first one is to determine if the system performs the
specified functions; the second one is to check the possibility of obtaining profits and
the risk of losses. The model should be moderately profitable with different price trends
and over several different time periods. Not necessarily every test should show profit,
but if each test is going to cause loss, then this system should be discarded.
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Testing in various sectors of the economy has been used, which is necessary for the
possibility of wider uses of the algorithm. For testing, the sample was limited to 10% of
quarters, and at some periods of time it allows a better comparison of their reliability.
Periods were chosen randomly, by the algorithm, but in a way that the trend of stock
quotes and indices was versatile (downward, growing, lateral). This is necessary for a
better understanding of the efficiency of the algorithm in all types of market.

In the process of testing, an important step is to check the stability of the trading
system. A robust trading system will provide profits across a wide range of variables,
market segments, and market conditions. In other words, a sustainable model will
continue to show profitable results and in changing market conditions, which is an
extremely important result of trade. Thus, testing consists of two parts:

(1) Selective manual check of various computer calculations of rules and formulas.
(2) Investigation of the tested transactions and checking them for deviation from the
theory.

The first trading system test is the calculation of profit and loss on a segment of
price history of significant duration, for example, on an annual basis. This first test
gives a preliminary idea of profit and risk. The main rule is to proceed from the
expectations of annual profits at the level necessary for trading in this market.

The fourth stage of work is the choice of the subject of testing and the definition of
the study period. The best market for research is the US stock market, as it is liquid and
has a long history that is needed for analysis. The main criterion for selecting com-
panies is the availability of electronic reporting and more than 20 years of quotations
on the stock exchange. Seven companies were selected by sectors of the economy and
their financial performance for 95 quarters (30.11.1994-30.08.2018) was analyzed.
These are the following companies:

(1) AT&T Inc. (technology);

(2) WALMART Inc. (wholesale and retail trade);

(3) ECOLAB Inc. (means for water, hygiene, health, etc.)
(4) BIOGEN Inc. (health care)

(5) WELLS FARGO & COMPANY (finance)

(6) NIKE Inc. (consumer goods)

(7) CATERPILLAR Inc. (production goods).

To demonstrate the results of the analysis, NIKE Inc. was selected. The company’s
revenue structure is simple in scope, but difficult in geography, that is, its financial
performance is influenced not only by the situation in the US but also in the world.

The fifth stage is the optimization of the trading system, which is carried out on the
same principles as testing, but the main task is to make the use of the trading system
most effective. In a practical sense, optimization is a process of calculating the indi-
cators of many different tests of this trading system on the same segment of price data.
According to certain criteria, the best test results, which provide maximum profit
potential in real trade, are selected, and they will be the basis for the optimization of the
trading system. The object of optimization is the coefficient of reliability of the model,
with which it is possible to achieve the best consolidated forecast.
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The optimization has five components: (1) selection of model parameters; (2) set-
ting the ranges of their scanning; (3) determination of the sample size; (4) determina-
tion of criteria for evaluation, selection of a better model; (5) determine the criteria for
evaluating the test forecast as a whole. In the process of optimization, we should use
the model parameters that have the most impact on its effectiveness. If the parameter
has a small effect on efficiency, there are no reasons to make it a candidate for opti-
mization. Instead, it should be assigned a fixed value (constant) for optimization time.

If optimization shows improved results, it is time to move to the final step of the
testing process, namely, forward analysis. Forward analysis evaluates the effectiveness
of the trading system solely on the basis of post-optimization trading or test data that
are not part of the optimization sample. This level of testing answers two of the most
important questions about our trading system: (1) the correctness of the forecast of
prices (2) the possibility of profit after optimization.

The sixth stage is an assessment of the ratio of real trade indicators with projected
indicators. If the real figures differ much from the test ones for no clear reasons, then a
need to return to step number three is warranted.

The mathematical formalization of the processes embedded in the trading system
algorithm and designations used in the study are as follows:

1. On the basis of the current financial report, forecasts are made for three models
(NN, DCF, M)
2. The consolidated forecast price is based on formula (1):

Prprice = Knn X Pryy + Kpcr X Prpcr + Ky X Pry (1)

Prpce - 1s the consolidated forecasted price,
K - coefficient of reliability of the model,
Pr_ - forecasted price by model

NN - model of mechanical neural network,
DCF - Discounted Cash Flow Model

M - model of multipliers.

3. Determination of projected income by formula 2:

Pryice — Now_Price

Pr, =
Prof Now_Price

Prp,of is a projected income,
Prpce 1s the consolidated forecasted price,
Now_Price is the actual current price.
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4. The decision to enter the market based on the assessment of the appropriateness of
investment, which is calculated by the formula 3:

Prpry — Ky — Slip > RFgyre /4 3)

Ky - commission for the opening and closing of a position,
RFR.e - without a risky interest rate

Slip - slippage

RFR, is a risk-free investment rate.

5. Closing a position on the day on which the forecast was made.

The concept of exit from the market implies the absence of StopLoss and Take-
Profit, since the receipt of real profit is not the main goal, but only one of the indicators
for checking the efficiency of the trading system. The main goal is to determine the
price trend and price value for the planned closing date of the position.

Next, it is necessary to detail the information on one of the models, namely the
model of the mechanical neural network, which entered the consolidated model and
contains the largest number of economic indicators. Indicators that will be analyzed in
the neural network were selected based on the main indicators of financial reporting,
namely:

From the report on financial results:

(1) Rev (Revenue) - Revenue;

(2) Inc (Net Income) - net profit;

(3) Div (Dividends declared per share (in dollars per share)) - dividends on ordinary
shares (in dollars per share).

From the balance:

(1) Ast (Total assets) - aggregate assets;

(2) Ldbt (Long-term debt) - long-term liabilities;

(3) Sheq (Total shareholders’ equity) - share capital;
(4) Curl (Total current liabilities) - current liabilities.

From the Cash Flow Statement

(1) Cash_op (Cash provided by operations) - cash flow from operating activities;

(2) Cash_inv (Cash used by investing activities) - cash used in investment activities;

(3) Cash_fin (Cash used by financing activities) - cash flow used in financial
activities.

Additional indicators were also used such as:

(1) Price_l is a stock price at the time of the report’s release;

(2) S&P 500 is the stock index in which Nike is located;

(3) Qw_1/2/3/4 - quarters of the marketing year of Nike;

(4) Price_2 is a stock price for three days before payment of dividends for the
forecasted quarter.
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Additional indicators are needed to better understand the environment:

“Price_1" is required for the neural network to be able to track the price change and
understand what indicators have influenced it more,
“The S&P 500 Index” is needed to understand the situation in the economy and the

US stock market.

Quarters as indicators needed to understand the cyclicity algorithm present in this
market, as established by research. The above indicators are independent variables, the
only dependent variable in this model will be Price_2.

Coefficients

Consolidated model

Discounting models

Technical models

A NANIAN

EV/EBITDA

P/E

Discounted free cash
flows

Dividend discount
model

Support Vector
Machine

Multivariate
adaptive regression
splines (MARS)

Mechanical Neural
Network

Fig. 5. Components of forecasting methods in the modernized consolidated model
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At the seventh stage the consolidated model was improved. New consolidated
model of stock market (W) price forecasting has also been updated to include the
following components: Coefficients, Discounting Models, Technical Models (Fig. 5).
The Coefficients model did not change, but the Dividend discount model was added to
the Discounting Models because all of the companies selected for analysis pay divi-
dends to their shareholders and, therefore, it is important to forecast the share price in
accordance with these payments.

The mathematical formalization of processes embedded in the trading system
algorithm is presented below.

The consolidated forecast price is calculated using the following, Formula 4.

Prprice = Kyy X Proy + Kpcr X Prper + Ky X Pry 4)

Prp;ice — consolidated forecasted price,
K — model reliability ratio,

Pr_ — forecasted price in model,

TM - Technical models,

DM - Discounting models,

M - Coefficients.

Calculation of forecasted profit was done using Formula 5.

_ |PrPrice - NOWPrice|
Pr, Prof —

Now_Price

Prp,o¢ — forecasted profit,
Prp;ice — consolidated forecasted price,
Now_Price — actual current price.

4 Efficiency Estimation Procedure

4.1 NIKE Inc. Financial and Economic Indicators Analysis

According to the New York Stock Exchange (NYSE), the shares of the company grew
more than 33 times (Fig. 6) over the past twenty-four years, that is, the rate of growth -
an average of 16% annually. However, the highest growth rates have been since 2009,
when the company’s products have gained popularity and spread around the world.
Interaction of Financial Results Indicators with NIKE Inc. depicted in Fig. 7.
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Fig. 6. The price dynamics of NIKE Inc., 11.1994-03.2018, USD. US/share

As can be seen from the scatter plot, the revenues are positively interdependent
with net profit and stock price, with the profit being a linear dependence of dispro-
portionate growth. On the contrary, with the price of the stock, the interdependence is
nonlinear, and the more accelerated rate of growth of prices from the growth of rev-
enue. The net profit also correlates positively with the company’s price, this depen-
dence is also nonlinear and has hyperbolic acceleration function.

The Pearson correlation coefficients show that the largest share price correlates with
income (0.94), less correlated with net profit (0.7) and has a slight correlation with
dividends. In general, dividends moderately correlate with all indicators and are placed
on the chart rather chaotic. A distribution histogram is located on the central diagonal.
Here it is necessary to note the full asymmetry on the right side (net profit and share
price of the company) due to the long-term presence of the company in the medium-
sized business, dividends and earnings are asymmetrical to the right, but they are more
evenly arranged.

Next to be considered is how interrelated indicators balance with the predicted price
in Fig. 8.
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dividends and share price of NIKE Inc.

The aggregate assets have a strong proportional relationship with all the analyzed
indicators; this is evident in the plot of scattering of the sample elements, as well as by
the coefficient of correlation, which is higher than 0.8. Scattering in almost all cases is
based on a linear function. There is a very interesting scatter plot between long-term
capital and equity capital; initially the values take hyperbolic acceleration, then after
70% of the sample changes to the function of the hyperbolic cosine region, that is, the
inverse hyperbola, which in our opinion is associated with an increase in the interest
rate by the Fed of 2%. This influenced the decision on how to raise funds for financing
the range; the absence of less costly loans prompted companies to find investors in the
stock market.
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As in the figures in Fig. 5, distribution histograms have right-side asymmetry
(Fig. 6), which indicate that the company is growing.

Spearman’s correlation calculations (Table 1) showed a close correlation between
the price of a company’s shares and independent variables, in particular the S&P 500
market index. This suggests that external factors are also influenced by the price of
NIKE shares.

Table 1. Spearman correlation coefficient between the investigated parameters

REV | INC Div AST | Ldbt | Sheq | CurL | Price_1 | S.P.500 | Cash_op | Cash_inv | Cash_fin | Price_2
REV 1.00 | 090 | 046| 098 | 096| 097| 097 096 0.74 0.32 0.01 —0.38 0.95
INC 090| 1.00| 050| 0.89| 085| 090, 0.87| 0.88 0.67 0.26 —-0.06 —-0.30 0.88
Div 046 | 050 1.00| 047 | 043| 050, 046 | 045 0.13 0.22 0.01 -0.27 0.47
AST 098 | 089 047 | 1.00| 097| 098 098 | 096 0.76 0.38 —-0.02 —0.40 0.95
Ldbt 096 | 085| 043 | 097 | 1.00| 095, 094 | 093 0.73 0.40 —-0.07 —0.40 0.92
Sheq 097 | 090| 050| 098 | 095| 100, 095| 095 0.72 0.40 —0.06 —0.42 0.95
CurL 097 | 087 046 | 098 | 094| 095 1.00| 093 0.78 0.32 0.00 —-0.35 0.93
Price_1 096 | 0.88| 045| 096| 093| 095, 093 | 1.00 0.73 0.37 —0.04 —-0.39 0.98
S.P.500 0.74| 0.67| 0.13| 076 | 0.73| 0.72| 0.78 | 0.73 1.00 0.32 0.02 —-0.30 0.71
Cash_op 032| 026 022| 038| 040| 040 032| 037 0.32 1.00 —-0.25 —-0.78 0.38
Cash_inv | 0.01 | —0.06 | 0.01 | —0.02 | —0.07 | —0.06 | 0.00 | —0.04 0.02 | -0.25 1.00 —0.01 0.00
Cash_fin | —0.38 | —0.30 | —0.27 | —0.40 | —0.40 | —0.42 | —0.35 | —0.39 | —-0.30 | —0.78 —0.01 1.00 —-0.40
Price_2 095| 088 047 | 095| 092| 095 093 | 098 0.71 0.38 0.00 —0.40 1.00

4.2 Estimation of Efficiency of the Developed Model of the Forecast
of Prices

One of the objectives of the study is to evaluate the effectiveness of the model, and one
of the best methods of evaluation is a comparison with the traditional model. The
classic method of forecasting, which is widely used in many spheres, is linear
regression. Therefore, a regression model of stock price forecast was constructed.

Further work was aimed at constructing, testing, optimizing, testing the reliability
of the consolidated model, which included several models: neural, multiplicative and
discounted cash flows with the help of computer equipment. In Table 2, projected
prices for different models and the actual price at the end of the projection period can be
compared. The date of forecasting is chosen independently by the program.

The final step in optimization is to determine the weight of each model in the
consolidated forecast model, that is, at the forecasted price. The values of the mean-
square deviation are as follows: for the neural network - 0.778; for multipliers - 0.134;
for discounted cash flows - 0.088. This indicates the greatest impact of the neural
model on the consolidated weighted price. This model, after optimization, gave the
most accurate forecast.

Figure 9 illustrates the deviation of the consolidated forecast price (Pr_Price) and the
price calculated by the linear model (Pr_P_ LM) from the actual price (Now_Price). As can
be seen from Fig. 5 and Table 2, the forecasted prices for the model we have developed are
deviating less from the actual price line than the forecasted prices constructed according to
the linear model, which indicates the undeniable advantages of the first model.
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Table 2. Actual and forecasted stock price figures for NIKE Inc. during test periods, US $/share

Data Pr P NN |Pr_ P M | Pr_ P DCF |PR_P_LM | Pr_Price | Now_Price
31.05.2001 | 5,175 5,358 6,403 4,553 5,307 16,313
31.05.2002 | 6,186 6,555 8,241 6,036 6,416 | 5,719
28.02.2003 | 7,180 5,679 6,548 6,051 6,923 6,498
31.05.2007 | 13,366 12,797 | 14,820 11,208 13,417 |13,53
30.11.2007 | 15,731 14,777 | 18,244 17,081 15,824 | 15,175
29.02.2008 | 16,753 13,561 | 15,816 15,965 16,243 |16,23
30.11.2009 | 15,830 14,847 | 16,230 15,729 15,733 | 16,143
30.11.2010 | 20,236 21,092 {21,269 21,346 20,442 22,073
30.11.2015 | 63,028 66,428 | 66,328 67,843 63,774 | 62,46

A trading system based on a weighted model correctly identified the direction of
price movement in 44% of cases, while 22% of trade signals differed from real price
dynamics directly opposite, and 34% of trading signals differed slightly from the real
price movement. It should also be noted that 66% of the predicted values indicated the
presence of a bear market, while the actual values in only 33% of observations in the
next period showed a falling trend.

For comparison, the trading system based on a linear model correctly predicted the
direction of prices only in 33% of the cases, another 33% of trading signals differed
directly opposite from the real price dynamics, and the remaining 34% had a slight
deviation from the real movement of prices. In one case, the trading system recommended

-30.00

-20.00

-10.00

0.00

10.00

Deviation Pr_Price from Now_Price

B Deviation Pr_P_ LM from Now_Price

20.00

Fig. 9. Comparison of forecasted prices based on the consolidated model and the linear model
with respect to actual prices for shares of NIKE Inc., %.
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not entering the market while during this period there was a bullish trend, so earnings
opportunities would have been lost, and in two cases the system recommended taking a
short position, when in fact the market during the quarter was in a side movement.

4.3 Forecast of Prices Using the Developed Trading Model

Since the testing did not give a precise assurance of the efficiency of the model, a
forward test had to be carried out, that is, an analysis of the forecasted price within the
actual time period that was not investigated nor considered. This is best done on the
broker’s demo account using the whole sample of data (95 quarters) to predict, not the
10% as used during testing.

For the forecast, a period was chosen that was not used in the model (31.08.2018-
30.11.2018) and a quarterly forecast of stock prices of NIKE Inc. was made (Fig. 10,
Table 3).

Pr P_LM
PN

90.427 \
N\ Pr_P_DCF

85.587
75.12 I ‘

/ 83.979
78.928 /

Now_Price

Pr_P_NN Pr_P_M

Pr_Price

Fig. 10. Estimated price models and actual share price for NIKE Inc. as of 30.11.2018, USD
US/share

Thus, the biggest difference between the forecast and actual price as calculated
based on linear regression model was $15.31 per share. The smallest deviation from the
projected price from the actual demonstration was the model based on the neural
network at $3.81 per share. This model has the greatest impact on the consolidated
weighted price, so the deviation from the actual price was $5.07 per share.

Both the neural network model and the consolidated model predicted lower prices
at the end of the examined quarters than at the beginning. However, all other models
predicted a bullish trend, which proved to be false. The joint impact of model multi-
pliers (M) and the discounted cash flow model (DCF) had a negligible effect on the
consolidated model.



Using Trading System Consolidated Models in Stock Exchange 17

Table 3. Comparison of NIKE Inc.’s forecasted price models and actual prices as of
30.11.2018, USD US/share

Designation Actual price Estimated Actual price Rejection of
of models (Now_price) as price as of (Now_price) as projected prices
of 31.08.2018 30.11.2018 of 30.11.2018 from actual

Pr_P_DCF 82,20 85,59 75,12 10,47

Pr_P.M 82,20 83,98 75,12 8,86
Pr_P_NN 82,20 78,93 75,12 3,81

Pr_Price 82,20 80,19 75,12 5,07

Pr_ P_LM 82,20 90,43 75,12 15,31

During the period in which the forward analysis was conducted there were no
significant changes in the company’s policy nor strategy, and the projected figures for
the following year were not revised. However, there was a negative marketing impact
when the company’s major advertising face, Cristiano Ronaldo, was accused of per-
sonal income tax evasion. This news alone could have provoked a downward trend in
prices that we could predict using a trading system based on our consolidated model,
which showed better results than the linear regression model, and the two models,
neural network and discounted cash flows, which had been tested separately.

4.4 Updated Model

The forecast horizon was changed in the updated model, with the forecast period being
a year, not a quarter.

The neural network model, which was based on fundamental indicators, lost its
value due to the fact that some of the input data significantly decreased (these were
quarterly economic indicators of enterprises). But the third model in our upgraded
consolidated model was a technical model, which in turn included the Support Vector
Machine, Multivariate adaptive regression splines (MARS), and the Mechanical Neural
Network, but with fewer economic indicators.

In order to make our research more representative, several companies engaged in
different types of activities and belonging to different industries were included in the
data set (financial activities, sale of production and sports goods, supply of water,
hygienic and energy technologies and services, wholesale and retail trade). Technology
and health care companies were not included. This is due to the fact that intangible
assets, which are difficult to assess, dominate the structure of their assets. These
industries also have the largest number of acquisitions, which change the size of
companies over the year, making it difficult to predict their share prices. The list of
selected companies includes:

Bank of America (BAC)
Nike Inc. (NKE)

3M Company (MMM)
Walmart Inc. (WMT)
Ecolab Inc. (ECL)

Nk W=



18 L. Pankratova et al.

The next modernization concerned the rule of withdrawal from position. In the first
model we expected the end of the forecast period and only then closed the position. In
the improved consolidated model, we set an order to exit the position when the forecast
price was reached. Thus, our trading algorithm changed the purpose of forecasting.
Now it is the determination of the effective, fair (according to our estimates) price and
withdrawal from the position at the moment when the forecasted price level is reached
in the time interval between 05/2018 and 05/2019. During the forecast period, the fair
price changes because the market situation is constantly changing (in technical models
- every month, and in fundamental models - quarterly). Therefore, the model can
change its exit orders, which makes it more flexible and minimizes missed
opportunities.

Accordingly, there are three possible scenarios to exit the position. The first sce-
nario assumes a fair price exit during the forecast period (year). The second scenario
assumes a change in fundamental or technical conditions, a decrease in the fair price to
the current one, and at this price the position is withdrawn. The third scenario is the end
of the forecast period and a price exit at the end of the forecast period. If the forecast
price has not been reached (the third scenario), and there were no significant reasons
that influenced the price, it indicates errors in the trading algorithm and an insufficiency
in the consolidated model.

As in the first model, we assess the appropriateness of investing on the basis of
comparison with risk-free assets. In our case, these are ten-year U.S. government
bonds.

The methodology of forecasting the share price by means of classical models has
been given earlier, which is why technical models will be described using the example
of the 3M Company in the future.

Technical models build their forecasts on the basis of technical oscillators, which
analyze the price and sales volumes of shares in their algorithms. There are a number of
technical oscillators and each trader chooses only a few of the total, starting with those
understood best, followed by those assessed to give an accurate forecast.

We have applied a scientific approach to the selection of technical oscillators for
forecasting. Using the Random Forest method [26], we investigated the average
decrease in the accuracy of the forecast (% IncMse) or, in other words, the importance
of each of the oscillators, and selected the most effective ones. As a result of the study,
we selected eleven oscillators, the importance of which was greater than 30% (Fig. 11).
Those oscillators that entered the range of 0-30% do not have a significant impact on
the accuracy of forecasting, so we did not use them.

The selected oscillators are assigned a weighted coefficient, which is used to dis-
play the value of a particular oscillator in the aggregate indicator (T.ind), which in turn
will be key in price forecasting. The value of the selected eleven oscillators and the
generalizing index T.ind. are shown in Table 4. The calculations were done based on
the data of the 3M Company from 08/04 to 08/21/2008. This table shows only the
initial period of the study, which is a fragment, while the oscillator dynamics were
tracked over a ten-year period.
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Fig. 11. The degree of importance of indicators in forecasting the share price of 3M Company,
2006-2017, %

The next stage of the study was to evaluate the methods of analysis and forecasting
of the time series tendency, which can be used in the testing of the model, using the
Monte Carlo method [27].

The sliding window is a method frequently used to handle time series prediction
problems. The basic motivation is that as time goes by the data gets “old” and thus the
models should be readjusted for “fresher” data. This function implements this general
idea for any modeling technique [28].

Having investigated the impact of forecasting the use of fixed and sliding window
methods on the result, it was found that the choice of the window does not have a
significant impact, because the number of checks with a successful result (in the figure
it is the number of points inside the rectangle) almost coincided (Fig. 12). So, to save
time, a fixed window (standSVM) was chosen for model testing.

After selecting the most important technical oscillators and the time frame for
forecasting, our technical models were tested, and their effectiveness was verified.

The first one is the neural network, which was tested for the time period from 2007
to 2018. The key input data were the selected indicators of the technical oscillators.
According to the results of neural network testing, no positively implemented sell
signals were found, but more than 81% of all buy signals were correct, and 15% of
them were implemented (Table 5). Thus, a significant number of missed opportunities
were revealed. This is explained by the fact that the system sifts out signals with low
and medium probability of a positive result and buys only when there is a high
probability of a positive result.

Testing of the reference vector model has demonstrated the presence of certain sell
signals, but they did not have any significant success, only 18% of them being correct,
and there were also missed opportunities. According to buy signals, their accuracy was
even higher than the network neuron (84.5% of forecasts implemented) and 53.3% of



L. Pankratova et al.

20

91€8LST'T 1€9°TL | OVOTSTL | LSTS6'OF | €6E8LYT— | TSTEIITO | $0—9TIT1T98 1— S'EL— | S890TH Y | 90EEY S9— | €T6E6981T0 | #1T6IST | TTHIE0L'9E— | 12-80-800C
$98061T'1 8S9°TL | 00089 VL | TLLIS' Y | 8LILYYT— | 9LLIOITO | YO—TE01LY T— S'EL— | LSSTOV'Y | 9S8TH'S9— | 9S6ETIETI0 | 60161S°T | 60LFP889E— | 0T-80-800T
90S1650°T OLLTL | 00089'YL | 96LET 1 | SLI9TH T— | 008S91T0 | #0—RLEOOTL T— S'EL— | 6T698E Y | 00061'S9— | ISLTFEISTO | $10T1TS'T | TH19SEE8E— | 61-80-800T
T655786°0 LTSTL | YSLSYIL | TIELT Y | LSPS8ET— | 6TSSITTO | YO—OTLOSEL T— SEL— | T66TLE Y | 8650799~ | $LESIIETTO | LI90OTS'T | 9SSH890 TH— | 81-80-800T
LESTLYE'T LSSTL | €ELLT'TL | OTTTL 1Y | TLBESET— | 00EEITTO | YO—FT00FS T— SE€L— | 1THEIEY | 890LT L9~ | LL6VSYTITO | TI68IS'T | TTLTLSS TH— | ST-80-800C
0S612€S°T €TTTL | SLTLYOL | 08S8T' Y | €291TET— | LIVTIITO | YO—I€L6ETY 1— S'EL— | OLLLSEY | 60196'89— | T0SOLFTETO | 81TITS'T | TTISTST 1v— | +1-80-800T
81€L2091 8S6'IL | 89T¥S 0L | 06968 0% | ¥8788CT— | LIT8STITO | ¥0—O1TE6E9 1— SEL— | STTISE Y | 0SSLS OL— | TOPT6L6TTO | 1TSOTS'T | S8LTLSO TH— | €1-80-800T
€TITELST TOLTL | €8181°0L | LIO6T T+ | 18€¥STT— | L69ISITO | #0—210ELEY T— SEL— | LTHHYE Y | ¥SPPETL— | 9L860E0LTO | 8TH61S'T | 1€CTSTYTH— | TI-80-800C
$£9908+'1 I8F° 1L | 8906L°69 | S968L T+ | SOS61TT— | O1#SITO | Y0—201LY6T 1— S'EL— | SLITYEY | TISOS FL— | 68€0LI08T0 | $TTITS'T | €0E€606'Th— | 11-80-800T
STLESLT'T 900'IL | PLLTS'69 | 8LY9T 1 | TI9EVT'T— | 09VLSITO | #0—OTELIIS T— SEL— | TIG6EE Y | L8698°9L— | STISO9EITO | 0EETTS'T | 9ST8S000F— | 80-80-800T
L89S86L°0 €SL°0L | S9T6E 69 | 98TIE'TY | SLYIYIT— | S06091T°0 | YO—STI1608 1— S'EL— | 60VPEEY | SPL8Y'8L— | 99STLY6TI O | 9S0STIS'T | 0EPOPYE9E— | L0-80-800T
€SL816L°0 OFL'OL | €61ST°69 | 17L60'1F | 60€801°C— | 8€1891T°0 | #0—9TTOTIHT— 0°T6— | P160TE Y | SOTIL'6L— | L8THI80VT'0 | #S9STS'T | 6SEP9SL9E— | 90-80-800T
T6TT669°0 6£9°0L | #€S01°69 | ¥98E0°0F | STL690°T— | 0¥8061T0 | #0—98SESOS € — $T6— | T9080Et | $TE68°08— | 1E€89SELTI0 | 690LIS'T | €€8ET96°SE— | S0-80-800T
0£0£0$S°0 I8F°0L | $97S6'89 | SL6E6'6E | 9€S0€0°T— | 90TT6HITO | #0—2LIETHI €~ ST6— | TEG6Y6T Y | 8TTEL 18— | 9TTLS6ISO0 | 9ETEIST | 0¥S90SHTE— | $0-80-800C
WNN | WANTD | WNIN | IWININ ININIA INNIN WINN | INAIN INNIN WNN | INAIN
TO'AsSunt | uedunI | YvSAW | CLINAW | AOVINAW | le[oAKW | WININ' AWHAW | uooryAuwr | XqvAw | TNSAW ggiw | YLVAW | NN PUL'L

"800C "1T°80~0'80 10§ "PUI"L, 10JeJIPUI [EOIUYDA} PIZI[EIOUIT A} PUE SIOJI[IOSO [ENPIAIPUL Sy} JO SIOWIIPU] “p QB



Using Trading System Consolidated Models in Stock Exchange 21

Monte Carlo Performance Estimation Results
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Fig. 12. Monte Carlo fixed window and sliding window prediction results, 2006-2016

missed opportunities. However, the overall figure (s + b) was higher in the neural
network, due to fewer sales forecasts (Table 6).

Forecasting using Multivariate adaptive regression splines (MARS) are shown in
Fig. 13. The upper chart on the left shows the GRC model. This graph confirms that
almost all predictors (21 out of 22) are used in the forecast, i.e. our input data are
qualitative. The upper chart shows the cumulative distribution, as well as how the
accuracy of forecasting depends on the number of predictors (independent variables),
which will be used for forecasting. Our forecast line and model residuals (as the
difference between the actual and predicted values) that are in the chart on the lower left
demonstrate adequate accuracy of forecasting. The chart on the lower right shows the
uniformity of the residual’s distribution: the residuals follow the straight line, but there
is a slight asymmetry in the “tails”.

Table 5. The share of correct forecasts for the sale (s), purchase (b), in general (s + b) of the
shares of 3M Company through the neural network, 2007-2017, %.

Precision | Recall

S 0.0000000 | 0.0000000
b 0.8091429 | 0.8499400
s +b|0.7101304 | 0.7087087

Table 7 presents information on the effectiveness of forecasts using the MARS
model, which shows similar results as in the other two models, namely, the low weight
of correct sell signals, but a very high accuracy of buy signals and a fairly high rate of
missed opportunities.
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Table 6. The share of correct forecasts for the sale (s), purchase (b), in general (s + b) of the 3M
Company shares using the reference vector model, 2007-2017, %.

Precision | Recall

S 0.1787234 | 0.5060241
b 0.8457143{0.5330132
s + b | 0.5306533 | 0.5285285
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Fig. 13. 3M Company price forecast based on MARS model, 2007-2017

Table 7. The share of correct forecasts for the sale (s), purchase (b), in general (s + b) of shares
of the 3M Company by means of MARS, 2007-2017, %.

Precision | Recall

S 0.1782683 | 0.6325301
b 0.8511166 | 0.4117647
s +b|0.4516129 | 0.4484484

Three technical models show almost the same percentage of buy signals, but dif-
ferent number of sell signals and their low quality. By combining these models, we can
reduce losses from incorrect sell signals because transactions are now performed only
when all three models show such a signal.

Having combined the three technical models and their forecasted values, we have
moved to the testing stage within the training period (30.05.2017-31.05.2018). The
testing was conducted based on one billion dollars (USD) of capital investment.

At the beginning of the test period we bought one thousand shares of 3M stock and
were in a long position until the end of January, then closed the position and opened an
opposite one, namely, we sold 882 shares. We were in this position until 29/01/2018,
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i.e. until the time when our technical indicators noticed a trend reversal (Fig. 14). With
the help of the Monte Carlo method, the efficiency of technical models in general
was assessed, namely, forecasting on mixed data (training period of 50% of data, test
period - 25%) was carried out several times.
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The results of the forecast show that the minimum yield was about 41%, the
maximum - about 64%, the average value was 54% (Fig. 15). So, our technical models,
which consist of three separate technical models, work quite effectively, helping to
correctly predict the price trend and the moment of position closing.

The results of the forecast are presented in the Table 8.

Table 8. Forecasted prices of shares

Indicators Company
NKE MMM | BAC | ECL WMT
Now_Price_1 as for 31.05.2018, | 71,8 197,23 129,04 | 142,61 82,54
$/share
PR_TM, $/share 78,21 198,95 | 28,42 | 179,84 86,85
PR_DM, $/share 82,18 214,3 |28,95|175,23 97,68
PR_M, $/share 76,8 202,1 29,46 169,98 96,21
PR_Price, $/share 79,06 205,12 | 28,94 | 175,00 93,58
Forecasted profitability of 10% 4% 1% |23% 13%
investments, %
Trade signal Sell Hold |Hold | Sell Sell
29.06.2018 18.03. 2019 | 16.08.2018
Now_Price_2 on the date 79,06 - - 182,18 101,11
of contract expiry, $/share
Actual profitability of 10% - - 27% 21%
investments, %

As can be seen, three sell signals and two hold signals were received. The shares of
the three companies purchased (NKE, ECL, WMT) reached the target price. They were
closed before the end of the forecast period on 31.05.2019.

Nike Inc. shares were held in position for one month and closed on 29.06.2018,
after the company’s quarterly report on activity. Closing the position at the forecasted
price allowed us to obtain a yield of 10%, as expected. In autumn, the stock exchange
quotations began to fall under the influence of macroeconomic factors, but possible
losses were avoided, as the position had already been closed. After 01.01.2019, the
price increased rapidly and had a new position been opened, an opportunity to earn
money would have occurred, but, as it had not been specified in the algorithm, this
opportunity was lost.

Shares of Walmart Inc. were held for three months and then the position was closed
on 16 August 2018. On that day a quarterly report on the company’s results was
published; the price opened in Gap up and an order was placed at an opening price of
$100.11 per share. The actual price was $7.53 higher than expected (Fig. 16). Gap up is
a gap between the closing price of a previous session and the opening price of its
current session. Gap up is a gap in price growth. The profit was 21%, against the
forecasted 13%. The chart also shows a large volume of closed positions on this day.



Using Trading System Consolidated Models in Stock Exchange 25

Wal-Mart Stores (WMT) - Barchart.com

16.08.2018 0‘ 10

L [y
|; m,‘ ml

Fa )
‘«w’am..“m.ﬂ" W f Mu "

k
l | W'V “ %000
i) Al "

I'm'. |
l ||
| ) M .~"‘w" u

i ql," i §

Fig. 16. Walmart Inc. share price quotes. (WMT) on the NYSE, 01.05.2018-30.05.2019

Ecolab Inc. shares were held for 10 months and the position closed on 18.03.2019
at a price above our estimate of $182.18 per share. The position was closed on
18.03.2019 at a price above our forecast of $182.18 per share (+7.18 per share), as the
shares were traded in Gap up on that day and our order triggered at the opening price
(Fig. 17). The yield of the deal was 27% against the planned 21%.
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Fig. 17. Ecolab Inc. share price quotes. (ECL) on NYSE, 01.05.2018-30.05.2019
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Bank of America (BAC) and 3M Company (MMM) shares were not bought nor
sold, as our upgraded consolidated model predicted that transactions with them would
not generate significant returns.

5 Conclusions

Consequently, predictions of a company’s share price are capable of being made with a
fairly high accuracy rate using the consolidated model with the created trading algo-
rithm. The largest influence on the company’s share price is made by revenue, net profit
and total assets for which the correlation coefficient is more than 0.95. When a com-
pany has a sound dividend policy, dividend changes have little effect on price
dynamics. Improving the trading system will allow more accurate forecasts and,
accordingly, more effective investments in the stock market to be made. The created
trading algorithm is effective and allows company share prices and trends to be pre-
dicted with high accuracy when using a consolidated model.

A consolidated model and has been upgraded and used for the technical analysis
methods of price forecasting, which has expanded the range of analyzed data and
forecast quality. The forecast horizon was changed, and more than one company was
selected to test the functionality of the upgraded consolidated model.

Due to the fact that TakeProfit was set at a forecasted level, positions were closed as
soon as the real level of stock prices reached the forecasted value. Thus, a profit was
made earlier and possible losses were avoided. Return on investment in Nike Inc.,
Ecolab Inc., Walmart Inc. shares was 10%, 27%, 21%, respectively, and even exceeded
the forecasted level, due to the fact that when the forecasted price level for two
companies was being approached during the trading, there was a Gap up situation. It
was not necessary to open positions for the shares of 3M Company and Bank of
America, which had been predicted by our updated consolidated model.

But even this variant of the trading algorithm is not ideal. In order to improve the
forecasting results, it is important to use the elements of fundamental analysis, namely,
the impact of macroeconomic factors need to be forecasted and market indices be
evaluated. Also, in the future, optimization of a securities portfolio using the Sharpe
model is planned, which will increase the profitability of investment activities.
Improvement of the trading system will allow more accurate forecasts to be obtained
and, accordingly, more efficient investments in a stock market to be secured.
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