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The article is devoted to the comparative analysis to forecast models of exchange-
traded investment funds dynamics. The exchange traded investment fund was chosen
for the study as a modern investment instrument, which managed to combine the best
features of stocks and mutual investment funds. However, despite the advantages of
this financial instrument, the main task of the investor is the ability to predict its
dynamics. To date, there are many forecast models, but the ability to create a reliable
and accurate forecast remains extremely important.

Two exchange traded funds were selected for forecasting: SPDR S&P 500 ETF
TRUST (the stock ticker is SPY) and VanEck Vectors Gold Miners (the stock ticker
is GDX). Based on daily prices for the period from January 2016 to January 2020,
forecast models of two types were built: linear and nonlinear. Namely, linear models
of moving average and exponential smoothing (Holt model) were selected. The
neural network model was chosen as a nonlinear model. It turned out that the quality
assessment of all models is quite high. However, the constructed forecasts showed
that despite the high quality of the obtained statistical models of moving average and
exponential smoothing, forecasting with their help is possible only for the forecast
horizon, which is one trading day. The neural network model, conversely, shows a
worse forecast for the first forecast value, but captures the dynamics and direction of
price changes in both the exchange-traded investment fund SPY and GDX. That is,
with the help of training, the neural network is able to establish hidden nonlinear
patterns of price dynamics. But the horizon of the neural network forecast is also
limited: in research it is established that the forecast on the basis of a neural network
model it is exnedient to build no more than for one exchanae week.
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Kurouogi ciioBa:

OipKOBUIT IHBECTULIHHIIA (OHI, HEHPOHHA
Mepexa, 4acoBi s, IPOTHO3HA MOJIEIb,
TOPHU30HT MIPOTHO3Y.

CraTTs TpHUCBSYEHA TIOPIBHSJIGHOMY aHAJ3y MNPOTHO3HMX MOJENeH THHAMIKH
OipxoBuX iHBecTHLiHHMX (oHmiB. s mociimkeHHs Oyino oOpaHO OipyKoBHMi
IHBECTULIMHMI (OHN SK CydacHHil IHBECTHLIHHMI IHCTPYMEHT, SKOMY BJIAlOCS
MOEIHATH B OOl HAMKpAIIl pUCH aKIiid Ta MaioBUX iHBECTHUMIHHNX (oHMIIB. OqHAK,
HE3Ba)KAIOUM Ha TepeBard 1boro (HiHAHCOBOTO iHCTPYMEHTA, OCHOBHOIO 3a/aucio
iHBECTOpa 3IMIIAECTECS MOXJIMBICTH MPOTHO3YBaHHS iforo jauHamikk. Ha
CBHOTOJHIMIHIN JIeHB iCHy€ 0araTo MpOrHO3HUX MOJICTICH, ajle MOKIIMBICTh CTBOPSHHS
JIOCTOBIPHOT'O Ta TOYHOTO MPOTHO3Y 3AJIUIIAETHCS BKpall aKTyalbHUM.

Jlns mporso3yBaHHs Oys10 0OpaHo JBa OipxoBuii iHBecTHLiitHUX Gonmu: SPDR S&P
500 ETF TRUST (6ip»xoBwit Tikep SPY) Ta VanEck Vectors Gold Miners (6ip>x<oBuit
tikep GDX). Ha nixcrasi mofeHHux 1iH 3a nepiox 3 ciuns 2016 poky o ciunst 2020
POKy TOOYJOBaHO MPOTHO3HI MOIEN ABOX THIIIB: JiHIiiHI Ta HemiHiliHy. A came,
JHHIHHI MOJIET — KOB3HOTO CEPETHBOTO Ta €KCIIOHEHIIIHOTO 3I71a/KyBaHHs (MOJIEITh
XonbTa). B sikocTi HeniHilHOT Mozeni oOpaHa HeifpomepexeBa Moenb. BusBuiocs,
[0 TMOKA3HUKM OLIHKHM SIKOCTI yCiX MoJeNell € JOCTaTtHbo BHCOKMMHU. OmHak
noOyI0BaHi MPOTHO3H MOKa3aiH, IO, HE3BAKAIOYM HA BUCOKY SIKICTH OTPHUMAaHHX
CTaTHCTHYHMX MOJIEJICH, 3/IIiCHEHHSI IIPOTHO3Y 3a X JOMOMOT0I0 MOKITHBE JIUILIE JUIST
TOPU30HTY IPOTHO3Y, 11I0 CTAHOBUTH OAMH OIp>KOBH 1IeHb. Mozieib, o0yioBaHa Ha
OCHOBI HEHpOHHOI Mepexi, HaBIAKW, IOKa3ye TipMUi INPOTrHO3 I IEpIIOro
MPOTHO3HOTO 3HAYEHHs, OJHAK BJIOBIIIOE JMHAMIKY I HAmlpsM 3MiHH I[iHH 5K IO
6ip>xoBomy iHBectuiiiHomy ¢ouxy SPY, tak i mo GDX. To6ro, 3a momnomoror
HABUAaHHS, HEHpOHHa Mepe)ka 37aTHAa BCTAHOBIIIOBAaTH IIPUXOBaHI HENiHIiHHI
3aKOHOMIPHOCTI AMHAMIKH IiHU. AJIe TOPU30HT MPOTHO3y HEUPOHHOI MEPEKi TeX €
OOMEXKEHHM: B JIOCII/DKEHH] BCTAHOBIICHO, 1[0 MPOTHO3 Ha 0a3i Moaeni HeHpOoHHOI
Menexi TOTHITRAO GVITVRATY He BIMkITie HiK HA OTTHH GIMKORWA THXTEHE.
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Statement of the problem

Stock markets are an integral part of any modern economic
system, without which the efficient allocation of resources is
impossible. With the development of information technology
in the stock market, new modern financial instruments that
meet modern requirements and demands of investors. One
such tool is exchange traded funds. Exchange traded funds
managed to combine the best features of stocks and mutual
funds. The main advantages of exchange traded funds as a
portfolio investment instrument are low commission costs,
wide choice of funds by portfolio composition, low entry
threshold with high diversification of the portfolio and high
liquidity (investor can buy or sell the fund's shares during the
exchange day). However, despite the advantages of this
financial instrument, the main task of the investor is the
ability to predict its dynamics.

Today, existing forecasting models can be divided into
two types: linear, based on statistical methods, and
nonlinear. Nonlinear models include: tree-based models,
genetic algorithms, neural network models, and so on. The
quality of the forecast and the investor's profit directly
depend on the choice of the model type, so the assessment
of the forecast quality of different types models and their
comparison is an important practical task.

Analysis of recent studies and publications

Financial markets (including stock markets as their
segment) in modern conditions are characterized by non-
stationary, stochastic, crisis phenomena of various nature.
Therefore, the question of predicting the prices movement
for financial instruments in stock markets and forecasting
their profitability has long been of interest to theorists and
practitioners of the capital market and is relevant today.

A universal type of financial instrument such as ETF
(Exchange Traded Funds) has recently appeared on the
market. ETFs are a type of securities traded on an
exchange and act as a certificate for a portfolio of stocks,
bonds, exchange goods.

The history of ETFs began in the 1990s with the creation
of a fund based on the Standard & Poor’s 500 stock index,
and in 30 years they have gained considerable popularity
among investors: as of 2019, there were 6,970 ETFs in the
world, valued at 6.18 trillion dollars USA [1].

Currently, there are a large number of exchange traded funds
that form portfolios of stocks, bonds, both in certain sectors
of the economy and on regional grounds. There are even
investment funds for real goods. Analysis and classification
of existing exchange traded funds is given in [2]. However,
there is a critique of the ETF, which is presented in [3].

Despite this, ETFs today are a universal type of investment
with a low entry threshold, constant investment
diversification, different directions, and so on. This type
of investment is open to investors of any level and in any
direction.

It should be noted that although currently this type of
investment is not available in Ukraine (there is no legal
regulation of ETF), but for Ukrainian investors there is an
opportunity to invest in foreign ETF (open an account with
a foreign broker, get a tax permit to transfer investments
abroad, open a bank account for this).

The analysis of the existing methodological approaches
and time series forecasting tools [4] revealed that its
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application for time series of price dynamics in financial
markets is very limited. This is due to the fact that the
hypothesis of an efficient market (corresponding to a
linear paradigm) is not fulfilled for the corresponding
dynamics, but such properties as fractality, persistence,
presence of long-term memory corresponding to a
nonlinear paradigm are revealed [5] and confirmed by the
authors [6-11] and other scientists [12-13].

Therefore, the dynamics of exchange traded funds in
conditions of instability requires the application of new
scientifically sound forecasting tools that would take into
account its features. Such studies were initiated by the
authors, in particular, in [14-15] for other segments of the
financial and commodity markets. This article is devoted
to the study of the quality to forecasting the dynamics of
exchange traded investment funds.

Objective of the article

The aim of the work is to conduct a comparative analysis
to forecast models of different types (linear and nonlinear)
for the dynamics of exchange-traded investment funds
SPDR S&P 500 and VanEck Vectors Gold Miners.

The main material of the research

One of the largest and the most famous investment funds
is SPDR S&P 500 ETF Trust (the stock ticker is SPY). By
purchasing shares of this fund, the investor receives a
balanced portfolio that replicates the set of shares and their
proportions in the S&P 500 index. The SPY structure
includes the 505 largest American corporations. In order
to form a similar portfolio, an individual investor will need
a much larger amount of initial investment: for example,
the price of one share of SPDR S&P 500 ETF at the
beginning of 2020 was approximately 325 USD, although
one share of Facebook, part of the ETF portfolio, was $
200 USD, Microsoft share - 170 USD. And by becoming
the owner of even one share of SPY, the investor has the
opportunity to participate in the income from the
movement of the entire American stock market.

The second exchange traded fund selected for analysis and
forecasting is VanEck Vectors Gold Miners (the stock
ticker is GDX). The investment portfolio of this fund
consists of companies shares engaged in gold mining. The
basic is the Gold Miners Index, and the shares dynamics
of the exchange fund follows the dynamics of gold, but
may differ due to the fact that gold mining companies are
often engaged in several areas of precious metals, for
instance silver or platinum. In addition, the advantage of
this ETF is the ability to receive dividend income, which
is excluded when trading directly in the gold market.

Gold is one of the oldest investment instruments and in
times of crisis is always a "quiet haven" for investment.
And with the growth of the underlying asset, the shares
dynamics of gold mining companies shows outpacing
growth. In addition, the exchange traded fund, in contrast
to its underlying asset - gold, is characterized by high
liquidity and much lower management costs (0.51%).
Besides, by acquiring shares of the GDX fund, the investor
receives a high diversification for the portfolio.

The main characteristics of SPDR S&P 500 ETF TRUST
and VanEck Vectors Gold Miners are given in table 1.
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Table 1 - Main characteristics of exchange traded funds SPDR S&P 500 ETF TRUST and VanEck Vectors Gold Miners

beginning of 2020

ETF SPDR S&P 500 ETF TRUST VanEck Vectors Gold Miners
Ticker SPY GDX
Management company SPDR State Street Global Advisors | VanEck
Object of investment shares shares
Geography of investing USA Global
Sector Global shares
Benchmark S&P 500 Index Gold Miners Index
Fund currency uUsD uUsD
Date of foundation 22.01.1993 16.05.2006
Total cost ratio 0,0945% 0,51%
Market capitalization at the 296,5 billions USD 8,2 billions USD

The analysis period for forecasting two exchange traded
funds selected the study period: the last five years, from
2015 to January 2020. Data for analysis were obtained
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from the information platform for stock trading
investing.com [1]. A graphical representation of the
dynamics for the selected ETFs is shown in Fig. 1.
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Figure 1 - Dynamics of exchange traded investment funds for the period from 2015 to January 2020:
a) SPDR S&P 500 ETF TRUST (SPY); 6) VanEck Vectors Gold Miners ETF (GDX)

In order to predict, the models of time series dynamics are
built. Consider and compare standard statistical forecasting
methods with the method of data mining, namely the neural
network model. The most common and simple method of
constructing a short-term forecast is the method of
exponential smoothing and moving average.

Moving average (MA). To obtain a forecast by this method,
the average values of previous events for a certain period
must be found. The gist of this method is to assume that future
events are approximately equal to the average value of past
events. The main task facing the analyst is to determine the
width of the window (T), ie to determine how many previous
periods will be taken into account in the calculation.
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A model of the moving average for the time series SPDR
S&P 500 using different window widths are built. A
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comparison of the quality indicators of each of them are
shown in table 2.

Table 2 - Quality indicators of the moving average model for the time series SPDR S&P 500 ETF TRUST (SPY) when

changing the width of the window T

Window width Mean absolute deviation (MAD) Mean absolute error (MAPE)
T=15 3,36 1,36%
T=5 2,10 0,86%
T=3 1,77 0,72%
T=2 1,59 0,65%

The table 2 shows that when reducing the width of the
window, the quality of the model improves, so for further
use, determine the width of the window T = 2.

Exponential smoothing and Holt model. One of the most
popular methods of short-term forecasting is the method
of exponential smoothing. The gist of this method is that
each element (level) of the time series is smoothed with a
weighted average, and its weight decreases during the
distance from the end of the series.

The main advantages of the method are the ability to
account for the weights of the source information, the
simplicity of computational operations, the flexibility of
describing different dynamics. The basis of the method is
the choice of the weight parameter o.

When applying this method, it should be noted that the
model of exponential smoothing does not take into
account the presence of a trend in the series, which is a
significant disadvantage for predicting the dynamics of the
SPDR S&P 500 time series, which is characterized by a
pronounced upward trend. Therefore, to model the
dynamics of SPY, the model of exponential Holt
smoothing with a trend coefficient are used.

To determine the parameter a, use the function MS
EXCEL "Solver".

When constructing the Holt model, in addition to the
smoothing coefficient a , it is necessary to determine the
trend coefficient t. In this case, when searching for a

solution, we set an additional variable parameter t and an
additional constraint: t<<0.

As a result of applying the model of exponential
smoothing to the calculated data and using the tool
"Solver" it is established that for the time series:

- SPDR S&P 500 o= 0.78;
- SPDR S&P 500 (Holt model) a. = 0.94;
- VanEck Vectors Gold Miners o = 0.87.

Neural network. To create a neural network and forecast
based on the neural network model, we use Deductor
Studio Academic business intelligence software.

To build a neural network, one of the important steps is to
determine the architecture of the neural network, namely,
to justify: the number of input neurons, the number of
hidden layers of neurons, the number of neurons in each
hidden layer. It should be noted that the definition of
neural network architecture for modeling natural
processes is a topical issue, the answer to which scientists
and practitioners of the world engage in [16,17], and is one
of the crucial to create an adequate forecast model.

Given that the pre-forecast analysis of the selected time
series showed the fractal nature of the dynamics (Hurst
exponent H = 0.94 for both series), to determine the
number of input neurons that will participate in the
construction of the forecast, a sequential R / S analysis was
performed [18]. The result is a fuzzy set of memory
depth (Fig. 2).
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Figure 2 — The fuzzy set of the time series memory depth:
a) SPDR S&P 500 ETF TRUST (SPY); 6) VanEck Vectors Gold Miners ETF (GDX)

Analyzing the resulting fuzzy set of memory depths, it should
be noted that after a memory depth of | equal to 15 days for
SPY and 16 for GDX, the significance level drops sharply to
less than 0.6 (1 (1) <0.6). Based on the above, we believe
that the greatest impact on the next event is 15 previous
events for the SPY time series and 16 previous ones for GDX.
Accordingly, the number of input neurons to be used in the
prediction model is 15 and 16, respectively.

According to research [16], most processes can be modeled
using a neural network with one or two inner layers. The use
of 3 or more layers requires detailed justification. Given the
relatively small number of input neurons, one hidden layer in
creating the model is used. According to [16], a unified
mechanism for determining the number of hidden layer
neurons also does not exist, but often their number is
approximately equal to the root of the number of input
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neurons, so the number of hidden layer neurons of the model
for the exchange traded funds is defined as 4 (v 15~=4,
~16=4). To create a neural network model, the type of
sigmoid function with a steepness level of 1 is used.

For the experimental learning algorithm, we choose the
Resilient Propagation algorithm as faster (48 seconds
compared to 26 seconds according to the Back-Propagation
algorithm) and accurate. As a result, two neural network
models of the dynamics for exchange traded investment
funds were obtained.

Consider the architecture of the obtained models in Fig. 3. To
indicate the nature of the connections between neurons, a
color palette is used, according to which blue indicates the
largest feedback (with a minus sign), and red - the largest
direct connections.
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Figure 3 - Graph of the neural network: a) SPDR S&P 500 ETF TRUST (SPY);
6) VanEck Vectors Gold Miners ETF (GDX)

After analyzing the obtained graphs, we can conclude that
the greatest impact on the next value of the model is the
previous value, and for the time series GDX can be further
allocated the fourth, tenth and fifteenth day. This pattern
is explained by the five-day operation of the exchange:
that is, there is some nonlinear dependence of price on the
day of the week in which trading takes place. As a result
of the study, statistical dynamics models based on the
method of moving average, simple exponential smoothing
and Holt's exponential smoothing, as well as a model of
nonlinear dynamics based on a neural network for two
exchange traded investment funds were built: SPDR S&P
500 ETF TRUST and VanEck Vectors Gold Miners.

For moving average models, the width of the window
(parameter t) is selected, which best affects the quality of
the models. For exponential smoothing models, the
parameters at which it is possible to obtain the best model
are also defined. The architecture building and training of
the neural network were conduct. As a result, three types
of models (two statistical and one neural) were obtained.
From this models it is necessary to choose one that will
qualitatively and accurately forecast the dynamics of
selected exchange traded funds.

The quality of the obtained models is compare using the
following estimates:
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- MAD (Mean Absolute Deviation) - the average absolute
deviation. Measured in the same units as the elements of
the time series, in this case in dollars of USA;

- MAPE (Mean Absolute Percent Error) - the average
absolute error, measured in %. Shows how significant the
errors are compared to the values of the series. With this
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indicator comparison of different models for time series of
different investment instruments is possible.

The quality estimates calculated values of the dynamics
models for the exchange traded funds are given in the
table 3.

Table 3 — The errors in the dynamics model for exchange traded funds

The applied model MAD MAPE
SPDR S&P 500 ETF TRUST (SPY)
Exponential smoothing (0=0,78) 1,47 0,61%
Holt’s exponential smoothing (0=0,94) 1,40 0,58%
Moving average (by 2 previous values) 1,59 0,65%
Neural network (structure is 15x3x1) 1,45 0,59%
VanEck Vectors Gold Miners ETF (GDX)

Exponential smoothing (0=0,87 ) 0,36 1,68%
Moving average (by 2 previous values) 0,38 1,80%
Neural network (structure is 16x3x1) 0,34 1,58%

For the SPDR S&P 500 time series, the best values of the
model estimation (the smallest deviations of the forecast
from the actual data) were demonstrated by the Holt
exponential smoothing model, after that the neural
network model follows. By taking into account the trend
component of the SPY series, the Holt model significantly
improved the results of the exponential smoothing model.
For the VanEck Vectors Gold Miners time series, the
neural network model showed the best results. The worst
results in both cases were obtained by the moving average
model.

However, it should be noted that for both SPY and GDX
models, the differences in model errors are insignificant:
for SPY, the MAPE indicators are in the range [0.58%;
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0.65%], and for GDX [1.58%; 1.8%]. That is, all
constructed models adequately describe the dynamics of
time series.

Since all models have high quality indicators, we turn to
the forecast of price dynamics for the periods that did not
participate in the construction of the model, namely
January 2020. The forecast horizon for 15 days is
determined, which is equal to three exchange weeks. The
definition of the horizon is taken according to the input
neurons number of the neural network model: the
prediction cannot exceed the time interval set at the input
and is usually 30% of the input data.

In fig. 4 shows the forecast values of the price for
exchange traded funds.
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Figure 4 - Comparison of the forecast for price dynamics: a) SPDR S&P 500 ETF TRUST (SPY);
6) VanEck Vectors Gold Miners ETF (GDX)

As can be seen from Fig. 4 statistical forecast models do
not reflect the change in the dynamics of time series, but
repeat the last value of the price (the Holt model increases
it linearly according to the trend value). In contrast to
statistical models, the neural network model demonstrates
a change in the direction of dynamics, which copies the
dynamics of the actual price of the exchange fund.

Conclusions

The following models were used to predict the dynamics
of selected investment instruments (SPDR S&P 500 and
VanEck Vectors Gold Miners ETF): two statistical
(moving average and exponential smoothing) and one
model of nonlinear dynamics (neural network model).
Given the presence of a strong upward trend for the SPDR
S&P 500 ETF time series, in addition to the standard
model of exponential smoothing, a modified Holt model
was used, which allows to take into account the influence
of the trend on the following price values. As a result of
optimum parameters selection for the applied models, the
models of high accuracy are received. That is, all

constructed models adequately describe the dynamics of
time series.

However, the constructed forecasts showed that despite
the high quality of the obtained statistical models of
moving average and exponential smoothing, forecasting
with their help is possible only for the forecast horizon,
which is one trading day. The following forecast values do
not reflect fluctuations in the price of exchange-traded
instruments, but repeat the last actual value of price. The
neural network model, conversely, shows a worse forecast
for the first forecast value, but captures the dynamics and
direction of price changes in both the exchange-traded
investment fund SPY and GDX. That is, with the help of
training, the neural network is able to establish hidden
nonlinear patterns of price dynamics. But the horizon of
the neural network forecast is also limited and after about
5-7 values  attenuates and fluctuates, changing
insignificantly within one level. Therefore, according to
the obtained results, it is expedient to build the forecast
with the help of the constructed neural network for no
more than one exchange week.
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