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ABSTRACT. In this article, a search for a calculation method and an analysis of performance
indicators of mutual investment funds is carried out. Many factors can influence the return on investments
in portfolio investments, which makes the choice of the fund incredibly difficult. However, in addition to the
fact that it is difficult to determine which indicators should be given more attention and which should be
omitted, it is not so easy to get these data. Some of them are publicly available on the Internet, while others
can only be found in trading systems that are not accessible to people outside of this area.

The article proves that a well-trained neural network can easily find existing patterns between risk
and expected return on investment. It is a well-trained neural network that provides the ability to use the
"what-if" function to justify your choice on real factors, as well as the ability to download available data and
calculate the estimated income and its changes. This makes it much easier to choose a Fund, especially for
inexperienced investors.

The article also presents the results of a study of the dependence of estimated income on
correlation, standard deviation, and volatility using a trained neural network. According to the theory, higher
values of these three factors correspond to a higher amount of income. The obtained graphs of the calculated
income dependence on correlation, standard deviation, and volatility confirmed the correctness of the neural
network training and compliance with the relations described in the theory. The paper presents graphs of the
dependence of the estimated income on the beta and alpha coefficients. The higher the beta and alpha
indicators, the higher the expected return on investment. This corresponds to the dependency accepted in
the model. When the values of the beta and alpha coefficients increase, the income also increases, which is
completely consistent with the theory.

Keywords: Efficiency of mutual funds, a deep crisis in the economy, efficiency forecast, model formation,
financial investments, estimated income, mutual funds, CAPM, neural networks

1. INTRODUCTION

The financial crisis that began in 2007 resulted in significant losses and bankruptcies in
several European banks. As the United States began to rebuild its economy from the crisis,
Europe found itself embroiled in a new debt crisis. During economic changes, people began to
look for alternatives to bank deposits that could ensure both the safety of money and its possible
growth. In Europe, this type of service is offered by various investment funds such as mutual
funds, hedge funds, pension funds, and insurance funds. According to research agencies, over
the past 10 years, there has been a steady growth in popularity and, as a result, an increase in the
number of mutual funds in Europe (Fig. 1).
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Fig. (1). European market opens mutual funds (until June 2019)
Source: oekom (2019). "Market data sustainability mutual funds."

In the Russian market of PIFs, there was also a noticeable increase in the number of funds,
especially during the crisis (Figure 2).

This is due to investors' preference for these funds over less profitable Bank deposits and
the entry of many of the largest Russian enterprises into financial markets,

Undoubtedly, the low "entry threshold” in mutual funds, which is kept at about 5,000
rubles, also played a crucial role in the popularity of mutual funds, allowing not only professional
investors to invest in well-diversified portfolios of securities, but also people who do not have
enough experience and funds.
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Fig. (2). Dynamics of the number of Russian funds operating. Source: National League of Managers
(NLU).
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To choose a Fund to invest in, an investor must consider several factors: the field of
activity in which they want to invest, the strategy and category of the Fund depending on
expectations, ratings of investment funds, risk indicators, and indicators of return and investment
performance that reflect how the Fund operates in the market.

According to professional investment portfolio managers, the most important factors in
evaluating funds are the "beta™ and "alpha™ coefficients [1], while the model for evaluating
financial assets (the CAPM model, hereinafter referred to as CAPM), which is directly related to
them, can be considered quite informative.

The purpose of this work is to study the factors that significantly affect the risk
assessment of financial investments and to predict their effectiveness using neural networks.

To achieve this goal, it was necessary to solve the following tasks:

* Identify factors that have a significant impact on the future profitability of financial
investments in mutual funds.

* Identify the available risk indicators.

* Determine the model of the capital asset pricing CAPM.

* Analyzing risk indicators and predicting the expected return on investment in mutual
funds using neural networks.

Due to several advantages, the analytical neural network platform Deductor Studio,
developed in the Russian Federation by BASE GROUP, was chosen as the carrier of the neural
network [2].

In the future, the structure of the work is determined taking into account the degree of
development of the topic, based on the purpose and objectives of the study.

2. NEURAL NETWORKS IN EVALUATING THE EFFECTIVENESS OF A
MUTUAL FUND. BRIEF OVERVIEW LITERATURE

During economic changes, individuals began to look for alternatives to bank deposits that
could provide both the safety of money and its possible growth. In Europe, this type of service
is offered by various investment funds such as mutual funds, hedge funds, pension funds, and
insurance funds. According to research agencies, over the past 10 years, there has been a steady
rise in popularity and therefore an increase in the number of mutual funds in Europe.
Accordingly, there is a growing need to find ways to select profitable investment funds.
Interesting results have been obtained by various authors in studies based on artificial neural
networks.

It is shown in [3] that artificial neural networks have certain characteristics that make
them useful in the development of controllers at different control levels, which micro nets must
include to be economical, efficient, and able to meet the quality and quantity of energy
requirements. The goal of this work is to draw attention to the promising applicability of artificial
neural networks for controlling the distributed generation of microgrid sources, as well as for
planning, power distribution, control, and optimization.

In [4], neural networks are considered that can process multidimensional data. It is shown
that such neural networks overcome the problem of crosstalk, they are suitable for the
implementation of associative memory and provide greater resistance to noise.

The paper [5] examines the impact of culture on mutual funds around the world. It
explores how culture affects mutual funds around the world. It is shown how the values of the
main performance indicators of the Fund affect the choice of an investment Fund in many
countries.

The paper [6] considers the issues of pricing taking into account several stock market
anomalies, examines the parameters of the indicators of mutual investment funds that affect
pricing. Collectively, mutual funds are shown to have more weight than overvalued stocks and
less weight than undervalued stocks compared to the passive benchmark. Also, it is proved that
mutual funds with the largest share of undervalued shares outperform mutual funds with the
largest share of overvalued shares.
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It is recognized in the literature [7] that there is a negative relationship between the return
on the fund and the exit from it. This article analyzes the performance of 6,600 US mutual funds
that left the market between 2000 and 2014 and nearly double the number of US mutual funds
that continued to operate, to provide evidence of whether there was a negative exit versus
performance relationship during the financial crisis. The 2008 year. The authors of the article
show that the load on the fund's yield increased during the crisis.

It is shown in [8] that the growth in the number of passive institutional investors in the
US stock market raises questions about the impact of corporate governance on their portfolio
companies. Although the existing literature documents positive changes in governance, with
passive institutional ownership crowding out retail ownership, it remains unclear how passive
institutional ownership approaches corporate governance differently from their active
counterparts. This article compares proxy voting behavior between passive and active mutual
funds of the same family with identical investing styles.

Mutual investment funds of corporate bonds are engaged in the transformation of
liquidity [9]. This is causing concern among academics and policymakers. They argue that large
repayment payments will result in a sell-off of assets. However, the article's authors argue that
there is little evidence that bond fund redemption is causing selling price pressure.

The current research in [10] is mainly focused on developing a quantitative forecasting
model that can determine the future performance of Pakistani mutual funds at the investment
policy level. For this purpose, the stochastic modeling method was considered, which is mainly
based on the Monte Carlo simulation method, as a result of which the averages and variances of
the observed means of the corresponding scenarios in the future are obtained with accuracy. The
combination of the effects of the proposed scenarios led the authors to conclude that there is an
impulse effect for all categories of mutual funds, except for "other funds". This research
facilitates timely assessment of mutual fund classes.

The main purpose of the article [11] is to analyze the financial indicators of energy and
renewable energy mutual funds using conditional and unconditional models.

The article [12] examines the welfare properties of mutual funds in the Diamond-Dybvig
economy with two sources of aggregate risk: a shock for long-term investment returns and a
shock for aggregate demand for liquidity. It is shown that mutual funds are ineffective when
long-term investments are associated with risk. Using data from 2009 to 2016, the authors of
[13] showed that Chinese mutual fund managers were pumping and dumping some of their core
assets around the end of the quarter. The data suggest that fund managers are involved in
manipulation to either create a stellar fund for a family of funds or directly increase their
compensation.

The paper [14] explores the motivation and consequences of a deliberate change in the
style of Fund management exclusively within a company in China. Because of the style drift,
Fund investors are faced with an investment portfolio that goes beyond their risk and returns
preferences but are generally unaware that their risk and return expectations are disrupted and
the functioning of the stock market is compromised. Research by the authors shows for the first
time the incentive that motivates the behavior of style drift, that style drift increases the
subsequent net capital inflow of the Fund, that larger funds have more incentives to leave, that
style drift hinders the selection of quality stocks to ensure the return of the Fund for investors.

In [15], a new approach to analyzing data coverage in neural network diversification is
presented, which divides the overall efficiency of a mutual fund over the entire investment
interval into efficiency in separate periods. In most models of diversification, the Analysis of the
coverage of the data is nonlinear.

The empirical results presented in [16] show that the proposed models over the efficiency
of diversification can distinguish well between effective funds, and a linear combination of
effective funds can be ineffective. Moreover, the results of testing on a history show that the
proposed models of super diversification efficiency usually have value for effective practice
when choosing a portfolio. The goals of the authors of article [17] are to identify evidence of
institutional investor behavior and to study their role in managing mutual funds. This behavior
is explored in this paper by examining the variance over time of the beta version of UK open and
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closed funds. The study provides evidence of fund managers' behavior, suggesting that they tend
to behave cooperatively based on a market portfolio, size, and value factors.

In [18], an equilibrium model is developed to explain why few mutual fund managers
consistently outperform, although many have strong informational advantages. The key point is
that managers receive investment ideas through the exchange of ideas. The exchange of ideas
improves the statistical significance of the alpha by increasing the informative value of the price.
But it also encourages more informed managers to take on larger positions, which makes their
alphas noisier, even though a significant proportion of managers create strong informational
advantages, statistical significance, and alpha consistency in underperforming funds.

In papers [19], [20], [21], methods are considered that are typical for complex studies of
neural networks. Neural network technologies have been applied to analyze the characteristics
of investment styles and similarities in Italian pension funds. The results of the study showed
that the network structure of Italian pension funds contains sufficient information to identify
similarities in investment styles.

The main goal of the authors of works [22], [23] the goal was to divide the EU countries
into groups that are similar in terms of emissions of individual gases and dust into the
atmosphere. The results of the grouping were considered as additional information, which was
then used in the preparation of specific action plans to improve the state of the environment. The
developed methodology and the conducted research allowed the authors to solve a significant
research problem, and the results obtained can be successfully used in practice. Identification of
groups of similar countries in the structure of emissions of harmful substances required the
development of both an appropriate methodology and relevant research. This methodology is
presented in the works under consideration, namely the Kohonen artificial neural network model.
The main goal of the developed methodology was to divide the EU countries into groups that are
similar in terms of emissions of individual gases and dust into the atmosphere using neural
network technologies.

In the studies, the results of which are described in [24], [25], a neural network model is
analyzed that predicts the Sharpe ratio. The developed neural network model makes it possible
to predict the position of an investor who will be rewarded with an additional risk premium on
debt securities at the same level of portfolio risk or a higher risk premium than the proportional
growth risk. The main goal of the study is to predict the highest Sharpe ratio in the future. The
study grouped data on the yield of debt instruments in the periods before, during, and after the
global crisis. The results show that neural networks successfully predict nonlinear time series
with 82% accuracy on test cases to predict the dynamics of the Sharpe ratio in the future and the
position of the investor's portfolio.

The studies described in [26], [27] present the results of big data management. The papers
show that one of the current challenges is accurate data validation and increasing the value of
validated data for the organization and its stakeholders. Therefore, the goal of these papers is to
develop an understanding of how authors can strategically tackle today's challenges in strategic
big data management related to data validity and value.

3. THEORETICAL ASPECTS OF THE DEVELOPED THEME

Let us consider the factors that have a significant impact on the profitability and,
therefore, the choice of the fund. These include types of funds, their categories, and their impact
on future income, as well as risk indicators and models for evaluating financial assets.

Mutual funds are mutual funds that allow the investor to own a stake in a well-diversified
portfolio of securities. The simplest mutual fund uses the main cost savings for individual
investors, in both administrative and transaction costs, to maintain a liquid, diversified position.

There are two types of mutual funds: public and private investment companies. Public
investment companies sell shares to clients and are required to redeem them on demand, with
the ability to continuously issue new shares. Thus, shares of public companies are bought and
sold directly from the fund at their net worth, which is set once a day, and are not traded on stock
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exchanges. Closed-end investment companies operate according to a different scheme, issuing a
certain number of shares when the fund is established and selling them to clients. The company
uses the proceeds to buy and sell securities traded on the stock exchange. Closed-end investment
companies are not entitled to an additional issue of their shares. Elton et al. [28] compare
investing in such funds with buying shares in any corporation, given that its assets are different
securities.

When choosing a Fund, the strategy used in managing the investment portfolio is of key
importance. There are two strategies for managing mutual funds: active and passive. Active
management of a mutual Fund involves choosing stocks and bonds by the portfolio Manager and
performing more frequent trading operations. This type of asset management involves involving
large risks, and, consequently, obtaining largely expected revenues. This strategy makes sense
in target market areas, such as emerging markets, where the Manager performs operations based
on the results of a thorough technical and fundamental analysis of securities. Active Fund
management often implies outperforming market indicators of profitability by getting rid of
unprofitable assets, but a study conducted by Petahisto [29] shows that on average, mutual funds
using the strategy of active portfolio management lose to reference portfolios.

The strategy of passive portfolio management is considered less risky, since it involves
full or partial copying of the index, due to which mutual funds that use this type of management
are also called index funds. In index funds, there is almost no trading, only in rare cases changes
in the index structure, due to which the Fund's costs for a passive strategy are extremely small.
Elton and co-authors [28] noted that although index funds are expected to lose on average
compared to market dynamics, many low-cost funds exceed market performance because some
stocks are sold at a higher price than expected when calculating the expected return on the index.
No Fund with a passive management strategy matches the index in terms of returns calculated
on a monthly or annual basis.

Before investing money in this or that fund, you should determine the expectations of an
individual from investments. Various categories of funds offer the opportunity to increase their
investments in the short or long term, or to ensure the safety of investments. An individual bears
a different degree of risk depending on the category. Gitman et al. [30] distinguish the following
categories of funds:

» growth funds,

* high-risk equity funds,

 value equity funds,

* income-oriented funds,

 funds focused on growth and income,
* balanced funds.

According to Gitman and co-authors [30], growth funds provide long-term growth and
capital income by increasing the valuation of capital. The main range of companies considered
by these funds includes small, medium, and large companies with the potential for further growth
and a tendency to a high price/profit ratio, which makes it possible to expect that the profit will
correspond to the high valuation of the company. Growing companies and growth funds can
cover all levels of capitalization. Barras and co-authors [31] and Gitman and co-authors [30]
argue that these types of funds do not provide for payment of dividends and current income.
Despite the high level of risk exposure, Barras and co-authors note that the indicators of
profitability of growth funds are close to the General indicators of the market for shared funds.

High-risk equity funds, according to Barras et al., Have better returns. Gitman and co-
authors also refer to them as performance funds due to their tendency to grow during the market
recovery. High-risk equity funds focus on relatively small companies with high price/earnings
ratios and volatility. Due to their high level of risk and strong dependence on market conditions,
high-risk equity funds are considered less stable than growth funds. While these two categories
of funds show the best rates of return, they also carry high costs.

Value equity funds, unlike growth funds, focus on undervalued companies with expected
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growth, quite reliable, but unnoticed by investors. Barras et al. note that the high risk of such
funds is offset by historically higher returns.

In contrast to the categories of funds described above, income-oriented funds do not set
themselves the goal of increasing the valuation of the cost of capital, they focus on capital gains
and, as a result, capital preservation. Gitman et al., Barras et al., And Brown and Reilly [32]
describe income-oriented funds as funds that put money in companies that consistently generate
high dividends, which makes such funds quite conservative. This category is considered a low
risk due to the tendency to own high-quality securities with less volatility than the entire market.

Balanced funds are intermediate between income-oriented funds and growth funds.
They invest in both stocks and bonds, providing both current income and long-term capital
income. Gitman et al note that they are very similar to income-based funds in structure, but that
they invest more in fixed-income securities.

Growth and income-oriented funds serve the same goals as balanced funds but invest
more in stocks and focus on capital gains rather than recurring income. This category tends to
focus more on high-quality earning stocks and growth-oriented blue chips. Because growth and
income funds focus more on capital income, they are more exposed to risk.

Daniel et al. [33] found that growth funds and high-risk equity funds outperform income-
oriented or growth-and-income funds in terms of performance that is consistent with the goals
and objectives of the funds.

The basis for choosing a fund is determining the goals of the investor. Depending on the
focus on preserving capital or its growth and the desired level of risk, the investor chooses
between the available strategies and categories of the fund. Upon further consideration, an
individual can choose between funds subject to commission payments and not. Since the latter
types of funds do not have a strong influence on the fund's performance indicators, their role in
choosing an investment company is not as important as the role of strategies and categories of
funds.

The choice between a public and private company depends on both the availability of
circulation and the preferences of the investor. While the lower the investor's risk by
guaranteeing to buy back their shares, shares of a closed company can provide additional income
for the investor when they speculate on the stock exchange.

At the same time, the central factors in choosing a fund are the risks that the investor
bears and the profitability that can guarantee the effectiveness of investments.

An analysis of the works of the above authors showed that the main attention should be
paid to the following indicators of the risk of investment efficiency:

e standard deviation,

* volatility,

e correlation,

e "Beta" coefficient,

e "Alpha" coefficient,

e CAPM financial asset pricing model.

Standard deviation is a risk indicator associated with fluctuations in the price of an asset
(stock, bond, property, etc.), or the risk of a securities portfolio or fund. This indicator provides
a mathematical estimate of the uncertainty of future earnings. Like many other risk metrics, a
higher standard deviation is considered to correspond to a higher return on investment. The
sample standard deviation is used to calculate another indicator - volatility.

Volatility is a statistical financial indicator, also associated with price fluctuations, but
in contrast to the standard deviation, it directly shows the frequency of price changes. It is the
most important financial indicator and concept in financial risk management, where it is a
measure of the risk of using a financial instrument for a given period. It is assumed that the higher
the volatility value, the more risk the investor bears when investing.

Another indicator that can be attributed to risk is a correlation. In this case, we mean the
correlation between the investment portfolio and the securities market.
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Correlation shows the relationship between income from a portfolio of securities and
market returns. The correlation coefficient changes in the interval [-1; +1]. If the correlation is
equal to 1, the income from the investment portfolio will change in the same direction as the
market income. Presumably, this is characteristic of index funds, that is, portfolios with a passive
management strategy. Accordingly, with a correlation equal to -1, portfolio income moves in the
opposite direction relative to market income.

According to publications, much attention is paid to the beta and alpha indicators.

The beta coefficient "is a measure of systematic risk, that is, the risk arising from the
impact of macroeconomic and political factors on the company's activities and the stock market"
[34]. This indicator has similarities to correlation. It also shows the relationship between earnings
per share and average market earnings. "From the theory, it follows that B = 1 means that the
profitability of a particular stock and the market changes in the same way. If B> 1, the
profitability of the stock grows faster than the market profitability, which indicates the riskiness
of this stock. Security with B <1 is characterized as secure and remains less risky than the market.
From this, we can conclude that the lower the beta, the less risky the investment. And
accordingly, the greater 3, the higher the investor's risk "[30]. The beta coefficient is used as the
main risk indicator when calculating the estimated income using the CAPM model.

Alpha coefficient - shows how much of the income to the shareholders was brought by
the skill of the manager, and not by the growth of the market.

The higher the alpha value, the greater the profitability the manager was able to get on a
conventional unit of relative risk assumed. The ratio shows whether the fund has managed to
exceed the rate of return that can be expected based on its Beta level. A high value of the alpha
coefficient indicates the skill of a manager, a negative value indicates a low efficiency of
management, taking into account the ratio of the portfolio to market risks.

The Capital Asset Pricing Model (CAPM) is used to determine the required level of
return on an asset, which is supposed to be added to an existing well-diversified portfolio, taking
into account the market risk of this asset. CAPM predicts the expected return on investment
depending on three indicators: the risk-free interest rate, the expected return on the market, and
the beta of the investment.

The financial asset pricing model aims to explain the behavior of stock prices. Portfolio
Risk and return are considered together with the impact of stocks on them through a financial
asset pricing model. CAPM predicts the expected return on investments depending on three
indicators: the risk-free interest rate, the expected return on the market, and the beta coefficient
on investments (1).

1= Rp + [B; * (Rme — RP)| (1)
Where 7; = expected return on investment j, with risks expressed as a beta coefficient,
R = risk-free interest rate of return; income that can be received on risk-free
securities,
p; = beta coefficient or index of non-diversified risk on investments j,

R,,; = expected market return; average return for all stocks (usually measured as the
the average return for all stocks in the Standard & poor's 500 — Stock Composite
Index or some other major stock market index).

The discovery of the financial asset pricing model led to the development of a series of
indicators that calculate investment efficiency: Sharpe ratio, Trainor ratio, and Jensen's alpha
coefficient.

Jensen’s alpha measures excess income expressed as the amount of deviation of real
return on investment from expected. If Jensen's alpha is negative, then

investments did not bring the expected income, with a positive coefficient, investments
bring more than the expected income, and with alpha equal to zero, the income received is exactly
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equal to the expected one. The indicator is calculated as the difference between the risk premium
and the market premium multiplied by the beta coefficient (2).

a, =1, — [RF + [ﬁp * (Rt — RF)]] (2)

Where o, = above the standard return on price error above and below the level of
income expected for the CAPM,
rp, = expected return on investments,

Rr = the interest rate of return-free from risk; income that can be received on
securities free from risk,
Bp = beta coefficient or index of non-diversified risk on investments,

Rt = expected market return.

By the formula, a linear relationship is traced_between the expected return on investment
and the alpha indicator. The higher the revenue, the higher the alpha indicator will be.

4. LEARNING THE NEURAL NETWORK

It is necessary to consider how the neural network interprets the above dependencies, to
analyze the results of training the neural network on the training set obtained using the
Bloomberg trading system used by professional investors (Table 1). Table 2 contains test data
required to test the performance of the neural network.

Table 1. The fragment of data received from the trading system Bloomberg

Return Return Return Return
Ne Last Last Last (Last Sigma | Corre .
nfn Name Category | Country | Rm,% | Rf,% cIoE:e} (%) do(se) (%) cloie} 1%) | closey 5y | B2 | Alehe S0 | tation | STEMa | CAPM
YTD 1 Year 3 Year 5 Year
1 | AS4FUNDAV | Growth  |Austria 14,58 38 1,673 3,662 1,82 2151| 0051| 0055| 0214 0312 2011| 4354
2 AHCOACCSM Growth Spain 12,59 5.3 7,849 2,049 -3,692 0,243 1,379 | -0075| 1659 | 0BB2| 29509 15,35
5 | AIAKTIVINO Growth  |Norway 14,48 3,83 -0,65 18,85 4,154 285| 096 0015 0,64| 0979| 2099| 15909
4 | AKTCAPAFH Growth  |Finland 10,93 3,57 0,167 13,652 1,893 5,208| O0876| 0002| 1313| 0,892 18,285| 10,016
5 AKTWELT:GR Growth Germany 13,02 3,35 -1,215 4,702 0,657 -0,159 0,411 0044 | 1113 0,702 | 10854| 7,325
] ALLDWAP:GR Growth Germany 13,02 3,35 -1433 6,761 2,17 -1,537 0,826 0,006| 1056| 0868 | 15851 11336
7 | ALTEOLA:SM Growth  |Spain 12,59 53 -0,476 -0,069 -3,117 -3,003| 0,967 -0,148 0,45| 0,982 | 17,116| 12,353
Growth
B | ALZHEQ):GA and Greece
income 14,29| 1284 5,581 -20,201 -20,513 -12,2594 | 0,847 | -0,009 08| 0979 | 25774 14,069
Growth
9 | APOLL34:AV and Austria
income 14,58 3.8 -1,159 -1,153 5,159 4,236 0428 | -0,002| 0,605| 0,376 3,008| B416
10 | BANBOEU:SM | Growth Spain 12,59 53 5,158 4,334 -1,893 -2,501 0,987 0,015| 0509| 0984 | 21019| 12493
11 | BANEURO:SM | Growth  |Spain 12,59 53 1,737 1,759 -5,642 -4,289| 0B859| -003| 0398| 0987 | 18,1B9| 11559
Luxemb
144). | USINTEGLX Growth ourg 12,2 3,35 2,102 11,441 7,706 4,929 09| -0008| 0364| 05989 | 1B,485| 11314
Growth
1442 | WWQSAEB:GR | and Germany
income 13,02 3,35 -0,284 1,549 -3,251 -3,6 1009 -0016| 0433 | 0985| 17666 13,102
1443 | AS4FUND:AV | Growth Austria 14,58 38 1,673 5,662 1,82 2151| 0051| 0055| 0214 0312| 2011| 4354
1444 | AHCOACC:SM Growth Spain 12,59 5.3 7,849 2,049 -3,692 0,243 1,379 | -0075| 1659 | 0BB2| 29909 15,35
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Table 2. Test data to verify the quality of networks.

Return Return Return Return
Ne N cat Count Rm.% | RE.% (Last (Last (Last (Last geta | Aloh Sigma |Corre si CAPM
ame egol oun m 1 a 1gma
n/n gory i ’ % | close) (%] |close] (%) close) (%) |dlose) (%) P SD  |lation| =
YID 1Year 3 Year 5 Year
1 |BANBOEUSM |Growth  |Spain 12,59 52 5,158) a324] 1893 2501 0987 0015 0,509] 0,98a] 21,013 12,492
2 |BANEURO:SM |Growth  |Spain 12,59 5.2 1,727 1753] 5642] -4,289] 0,859] 0,02 0,398 0,987 18,183] 11,559
3 |pRoukmin (OoTHand o g 21| e 0832 8 1611 260 o043 007 07 om37| sam|  72m
icome
Growth and N
4 |cawEuBsm | Spain 1258 53 4 0,164 582 4| 1259 0067 0552 0986 26335 1448
icome
5 |CSSPSMS:SW |Income  |Switzerland | 10,65| 1,96| -0,726] 1145 3,298 4452 112) o00a] 0,492 0975] 1592] 11,696
6 |panisteipc |CrOwthand |y k
"~ lincome i 14,08| 3,53| -3.668| 44ss| -0478] -1,118| 09| -0,042| 1,508| 0,724| 17,128| 13,028

One of the most interesting applications of neural networks in recent years has precisely
become the problem of financial activities. A huge number of universal neuro packages, which
are often used to solve technical analysis problems, and specialized expert systems and neuro
packages for solving many other, more complex and difficult to formalize problems from the
financial field, appear on the market. At present, computers and software for neuro packages and
neurocomputers designed to solve financial problems have appeared on the Russian market.

The use of neural network technologies as tools is promising in solving many poorly
formalized problems, in the analysis of financial activities, exchange, stock, and foreign
exchange markets associated with high risks of customer behavior patterns, etc. The forecast
accuracy, consistently achieved by neural network technologies in solving real problems, has
already exceeded 95%. In the world market, neural network technologies are widely represented
- from expensive systems on supercomputers to PCs, making them available for applications of
almost any level.

The main advantages of neural networks include:

« the ability to learn from many examples in cases where the patterns of development of
the situation and the function of dependence between the input and output data are unknown. In
such cases (up to 80% of the problems of financial analysis can be attributed to them), traditional
mathematical methods are not applicable.

« the ability to successfully solve problems based on incomplete, distorted, and internally
contradictory input information.

» the ability to operate a trained neural network with any users.

« the ability to connect neural network packages extremely easily to databases, e-mail
and automate the process of entering and primary data processing.

« internal parallelism is inherent in neural networks, which makes it possible to increase
the power of the neural system almost infinitely, an ultra-high performance due to the use of
massive parallelism of information processing.

* tolerance to errors - performance is maintained when a significant number of neurons
are damaged.

« ability to learn - programming of a computing system is replaced by learning.

« the ability to recognize patterns in conditions of strong interference and distortion.

As a research tool, due to several advantages, the analytical neural network platform
Deductor Studio, developed by BASE GROUP (Russian Federation, Ryazan), was chosen. A
few words about this software product (www.basegroup.ru). Deductor Studio provides deep data
analytics systems development covering data collection, consolidation, data cleaning, modeling,
and visualization. Deductor Studio is designed to solve a wide range of tasks related to the
processing of structured data presented in the form of tables. These tables of structured data form
the so-called training choice, designed for training a neural network, forming an expert system
of the studied subject area. At the same time, the area of application of the system can be
practically any - the mechanisms implemented in the system are successfully used in financial
markets, in insurance, trade, telecommunications, industry, medicine, in logistics and marketing
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tasks, and many others.

With the help of Deductor Studio, you can not only build models but also carry out
analysis according to the "what-if" principle, i.e. to assess how this or that indicator can change
when any influencing factor changes. To implement this easy-to-use yet powerful mechanism, a
special renderer is designed. In this case, it does not matter in what way the model was built -
the work with all algorithms is performed in the same way. The results can be viewed both in
tabular form and graphically.

Let us consider how the expected return on investment, calculated by the author using the
CAPM financial asset valuation model, depends on certain indicators. These indicators are
indicated in the header of table 1. There are 14 of them: Name of the mutual fund, Category of
the mutual fund, Country of the mutual fund, Rm (%), Rf (%), Income per day (%), Income for
the year (%), Income for 3 years (% ), Income for 5 years (%), betta, alpha, Sigma SD,
Correlation, sigma. The listed parameters form a multidimensional (14 dimensional) set. We can
conditionally say that the set under consideration has 14 dimensions. Any 14 elements, selected
one from each dimension of the multidimensional set, define (generate) one element of the one-
dimensional CAPM set (Fig. 3). A set of CAPMs, in our opinion, can be viewed as a set of facts.

MEASUREMENTS
The Name of Category of Country of
the MUTUAL || the MUTUAL || the MUTUAL Rm, (%4) Rf. (%)
FUND FUND FUND
Return (Last
FACTS
Sigma close) (%0)
\_i YID
Return (Last
Correlation close) (%o}
1 Year
Return (Last Return (Last
Sigma SD Alpha Beta close) (%o) close) (%)
5 Year 3 Year

Fig. (3). All fourteen elements, one from each dimension
define a one-element one-dimensional array CAPM

After entering and processing data, Deductor Studio forms virtual storage containing
elements of dimensions and facts. A so-called "training sample™ is formed, which includes input
data (measurements) and output data (facts). After establishing the appropriate parameters of the
network, the training itself and the formation of a multiparameter expert system are performed.
A block diagram of this process, as well as the execution of subsequent functional operations, is
shown in Fig. 4.

Sourca —
Additional data
data Tmport {export). i N The data - ) |
= Pre-treatment ¥ warehouse processing.
re-treatmen — Configuring the
network
Performing service Neural network Fﬂt’mati:‘;l
functions. tralnins, — . req1{11&s|: :
i izati . epend encies.
Vlmﬂt:: m of Solver “— vVisualization of
results

Fig. (4). The block diagram of the formation of a multi-parametric expert system
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When forming the network structure, we proceeded from the following prerequisites.
There is no exact rule on how many layers and neurons a network must-have for good learning
[1]. Many authors write that there should not be too many neurons, otherwise it will lead to poor
functioning of the network - it will remember values, instead of finding patterns. However, too
few neurons will negatively affect the network. The same authors recommend choosing from a
range of 5 to 17 neurons.

To train the neural network, two of fourteen parameters were transferred to the
“informational” category (“name” and ‘“country”, as not essential), eleven - to the “input”
category, as significant in terms of their influence on the formation of the CAPM output
parameter (Fig. 5). It should be noted that the names of the funds and the country were defined
as informational only to distinguish one fund from another, one country from another. They were
not introduced as an “input” parameter, as the names themselves cannot have any effect on the
fund's income.

Process ing ‘Wizard - Neuronet (2

Functions of columns
Configure functions of columns

’qu, 4 Colurnn name | CAPM
Pigy Return [Last close) (%] YTD Diata type "Real

.'.|Fietum [Lazt cloze] (%] 1 Year .
Pigy Fieturm [Last claze) (%] 3 Year Function |q> Output

"Il Return [Last close] [%] 5 Year [ ata kind | Continuous

." Beta i Statistics
Pigy tlpha

Pigy SigmasD Minirmur
"'| Correlation
.'I Sigma b Eirmurn 16,869

Awerage 10,4209331972733

Standard deviation 3,2790E8689581975

< Back | Mext > I Cancel |

Configuring normalization. ..

Fig. (5). Configure destination parameters

In the process of investigating various settings of the neural network structure, scatter
diagrams of variants were compared with each other. As a result, the choice fell on the option
shown in Figure 6 due to the relatively smaller deviation of the model's output values from the
ideal line.

Processing Wizard - Neuronet (4

Neuronel structure // >

— Mewrons in layers——— | “Activation functiorr

input: Function type ISigmnid CLMvE ;I
hidden layers: I'I > e |3'1 0 3‘
........................................
Layer Meurons | Sigmoid curve
1k 7 10

LR A s A L s A s
A0 8 6 4 2 0 2 4 & 8 10

< Back | Mest » I Cancel |

Figure 7 shows the scatter diagram of the trained neural network
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for the selected tuning option.

In our case, it can be seen (Fig. 7) that the deviations of the model output values
practically coincide with the lines of the calculated CAPM values. We can conclude the
successful training of the neural network and proceed to study the dependence of the CAPM
financial asset valuation model on the various parameters described above.

T AT442E S265 BETH G256 150D SOB8 B74) 9207 D820 10801 1023 11858 12493 13,072 13845 14,48 15078 16,689

= CAPIL_QUT o caml —Terplle  -- Upgerbnz -- Lowerime |

Fig. (7). Diagram of dispersion of trained neural network selection settings

Of interest is the neural network graph (Fig. 8). With its help, by color relationships and
weight coefficients, one can judge the significance of a factor and the degree of its influence on
the CAPM output parameter.

L
X
Rt Rast close] M YTO
Retan Rant close] (X) 1 Your

Retuan Rast close] (X)) Yeur

Retun Rast close] (X) 5 Yeu

bl e hatests

Fig. (8). Graf trained neural network selection settings

The diagram in question and all subsequent figures must be viewed and analyzed in color.
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The color of the process carries certain information. A black and white image loses this
information with all the ensuing consequences. The conclusions that can be made by analyzing
the neural network graph in our case, what is the weight of the influence of the selected essential
parameters on the formation of the value of the CAPM parameter, are contained in the color of
the communication lines of the identified input neuron with the corresponding neurons of the
middle layer. The colored bar at the bottom of the figure is followed by numerical values.

It is practically impossible to obtain exact values of the averaged weight coefficients of
the considered parameters; much depends on the analyst's color perception of communication
lines, i.e. there is a subjective factor here. And, nevertheless, by color relationships and weight
coefficients, one can judge the degree of influence of one or another input parameter on the
output CAPM parameter.

After loading the data from Table 2 into the application, they were processed by the
already trained network using the "Script" function in the Processing Wizard of the Deductor
program. The replay of the CAPM_OUT data load differs little from the original CAPM value.
The CAPM_ERR replay error can be considered insignificant (Table 3).

Table 3. Reproduction of data loading CAPM_OUT

| Table X | Statitior X |
G-lE@B-sv|n <[5 _]rn|@-
Retun Retun
Fieturn (Last |Return [Last close) (%) . e .
Hame Calegory Courly | Am, % | RLX [Laxt close) [[Lastchase)|  Beta | Alpha |SigmaSD | C Sigma CAPM | CAPM_OUT | CAPM_ERR
chne] (%) YTD 1Year 2 Yex | (215 Yem
[ 8ANED Growth Span 259 53 158 434 1833 2501 0387 05 0508 0.534 21015 12453 124530254403 0
[BANEURD:SM |Growth Span 259 53 J37 1,759 5642 4283 0859 003 03% 0.337) 18183) 11,553 11.5550263518 0
[BAGUKI:LH | Growth and i England 211 383 0852 8 4611 2 0423 007 07 837 8282 7261 7.25172545 EE-10,
CAIGEUBSH | Growth and ncome |Span 1259 53 L¥i] 0,164 5.602 4873 1.259] 0.067) 0552 ).335/ 76,335]__ 14.48] 144726350673 1.035€ 8|
CSSPSMSSW |Income 1063 1% 0725 11.45 2% 4452  1.02) 0004 D452 375 1552 1169] 116350135238 0]
[ |0ANISTP-OC_[Growth and 1408 353 3568 445 o] ang[  os[ 0o 158 724 17.128]_13028[ 130280172039 0

5. SELECTING A FUND USING A TRAINED NEURAL NETWORK

Having a small set of data about the fund, which is insufficient to calculate the indicator
of the estimated return on investment, but having a trained neural network available, you can
find out the rate of return according to the financial asset valuation model and base your choice
of the fund on it.

Numerous experiments carried out to confirm the above statement have revealed the
following:

1. It should be remembered that the input data are divided into discrete and continuous
by type.

2. For discrete elements: when forming a table for input into the trained neural network
and calculating CAPM_OUT, the values of the elements are taken from those existing in the
training set.

3. For continuous elements: when forming a table for input into the trained neural network
and calculating CAPM_OUT, the values of the elements can be any located within the
measurement boundaries of the corresponding element.

The element value of the i — th dimension must satisfy the condition:
Min; - 3*(M&Xi - Mini) / n <= Kj <= Max; +3*(M3.Xi - Min; ) /n,

Where: Ki — the value of the i — th dimension,
Mini—minimum value of the i —th measurement,
Maxi —maximum value of the i — th measurement,
n — number of elements in the dimension.

To get the values of the Mini, Max; and n should order the option "Statistics" at the stage
of determining how to display the results of the work of the master processing neural network.
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Then, the display mode of the results when the indicator of "statistics", the system will display
the required table (table 4).

Table 4. The ordered table

| Neuronet graph Xl Whatif Xl Training set Xl Table X Statistics Xl
VI1ITI+t=]=2]s|i0 | 8] & | ~
Column label Statistics: Mumber of values = 147
1 Minmum |7 Maxioum |4 Average | 1 Standard deviation | £ Sum |32 Sum.. |
1 | ab Name 7 10 9,891 0525 1454 14422
2 | ab Calegory 6 17 8694 4,746 1278 14400
3 | ab Countiy 5 13 6.456 1576 949 6489
4 |9.0Rm % 1065 15,06 12,9244897959184 |  1,18533226581189 18999 | 24760,37
5 |9.0RL% 1,96 1284 |  507170068027211 | 2,55059438139339 74554 | 47309638
6 |9.0Retun (Last close) ... 11,341 12,961 1,6138231292517 |  368538066415606 | 237,232 (365,826962
7 | 9.0Retum (Last close) |... -23.362 43345 |  344437414965986 | 8.95325049533921 | 506,323 |447,427241
8 |9.0Retum (Last close) |... -24,702 13253 | 1.12112244897959 |  6,08046595174934 | 164,805 582,689249
S |s.0Relun [Last close) ... 116,152 6.025 | -1,18346258503401 | 4,19664457387032 | 173,969 (777,212353
10 |9.0Beta 0,085 1,373 | 0,702768707482994 | 0,369323874423395 | 103,307 | 92,515345
11 |9.04lpha 0,292 0,66 |-0,00801350544217687 | 0,105750221761778 1,178 | 1642174
12 | 9.0 SigmaSD 0,103 2274 | 0889231292517007 | 0,50423267444006 | 130,717 [153,358233
13 | 9.0 Coelation 0,222 0997 | 0755476190476191 | 0,303438185858791 | 111,055 | 97.879139
14 | 9.0Sigma 0,364 31,176 15.5234693877551 |  7.47388601247578 |  2281,95 1435791909
15 |s.0CAPM 31 16,869 10,4209931972789 |  3,27906868381975 | 1531886 (753360814

In the display mode of the trained neural network, ordering the "What if" mode, we get
the following prompt to enter the generated measurement values (Fig. 9). The CAPM_OUT
result is read almost immediately (Fig. 9).

I Neuronet graph X Whatiif X| Training set X| Table XI Statistics Xl

B[@| = <[ 4t17|R e » » | Q|| & &

Field Value
E}Dg] Input: jm———-
~ -ab Category 1 Growth :
9.0 Rm, % 11093
~9.0RL,% 1357 |
9.0 Return (Last close..: 0.167 1
9.0 Relu (Last close. | 13652 : Setthe
9.0 Return (Last close..; 1,893 : <:| required
9,0 Retumn (Last close...: 3208 values of Ki
9.0 Beta 10876 |
9.0 Alpha {0002 1
9.0 SigmaSD 11313
9.0 Cortelation ! 0892 !
. 9.0 Sigma 118285
© & Ouput Pomm—mmm = Read the
9,0 CAPM | _9,-98—38_03_9554221—3_ :C:' result

Fig. (9). Enter the generated measured values and reading the result
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6. EXPERIMENTAL CONFIRMATION OF THEORETICAL RESULTS

Further, to confirm the theory, we build graphs of the dependences of the estimated
income on correlation, standard deviation, and volatility. According to theory, higher-income
values correspond to higher values of these three factors.

Figure 10 shows the graphs of the dependence of the estimated income on the correlation,
standard deviation, and volatility, identified by the neural network. They correspond to the

relationships described in theory. The obtained dependencies once again confirm that the neural
network has trained correctly.

54
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02 015 00 466 0 005 01 015 02 035 03 035 08 045 95 0S5 06 085 07 075 08 085 09 035

Fig. (10). The graphs of the expected revenue from the correlation, standard deviation and
volatility

Figure 11 shows graphs of the estimated income versus beta and alpha. The higher the
beta and alpha, the higher the expected return on investment. This corresponds to the dependency
assumed in the model. With an increase in the values of the coefficient's beta and alpha, the
income also increases, which is fully consistent with the theory.
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Fig. (11). The graphs of the expected revenue from the coefficients of beta and alpha
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7. RESEARCH RESULT. POINTS FOR DISCUSSION

Many factors can affect the return on investment in portfolio investments, which makes
choosing a fund incredibly difficult. However, in addition to being difficult to determine which
indicators should be given more attention and which should be omitted, it is not so easy to obtain
this data. Some of them are in the public domain on the Internet, others can only be found in
trading systems that are not accessible to people not associated with this field.

A trained neural network, which easily finds the existing patterns between risk and the
expected return on investment, provides an opportunity using the "What-if" function to base its
choice on real factors. It provides the ability to download existing data and calculate the
estimated income and its changes. This greatly simplifies the choice of a fund for inexperienced
investors.

For practical use, we recommend a neural network trained on public data. With its
help, it is possible to calculate the future income for any fund, which will greatly simplify
the choice of a fund for inexperienced investors and increase the motivation to invest in
mutual funds. For advanced users, we propose a neural network training technique using
our dataset to ultimately obtain the value of the CAPM financial asset pricing model.
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