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Abstract. International trade is an important factor of economic growth.
While foreign trade has existed throughout the history, its political,
economic and social importance has grown significantly in the last centuries.
The objective of the contribution is to use machine learning forecasting for
predicting the balance of trade of the Czech Republic (CR) and the People´s
Republic of China (PRC) through analysing and machine learning
forecasting of the CR import from the PRC and the CR export to the PRC.
The data set includes monthly trade balance intervals from January 2000 to
June 2019. The contribution investigates and subsequently smooths two time
series: the CR import from the PRC; the CR export to the PRC. The balance
of trade of both countries in the entire monitored period is negative from the
perspective of the CR. A total of 10,000 neural networks are generated. 5
neural structures with the best characteristics are retained. Neural networks
are able to capture both the trend of the entire time series and its seasonal
fluctuations, but it is necessary to work with time series lag. The CR import
from the PRC is growing and it is expected to grow in the future. The CR
export to the PRC is growing and it is expected to grow in the future, but its
increase in absolute values will be slower than the increase of the CR import
from the PRC.
Key words: international trade, artificial neural networks, prediction, trade
balance, seasonal fluctuations, turbulent relations

1 Introduction
According to Jánošová [1], international trade is an important factor of economic growth.
The definition of international trade in the study of Fürst and Pleschová [2] is that the term
“international trade” refers to exchange of goods, services and capital across international
borders. The authors believe that carrying out this type of trade is much more complicated
process than at the national level. Bernard [3] states that in most countries, international trade
constitutes a significant share of gross domestic product. While foreign trade has existed
throughout the history, its political, economic and social importance has grown significantly
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in the last centuries. International trade has always been considered very important and has
been given great attention to [4]. Drábek, Lipková a Gress [5] claim that balance of payment
is considered a tool that provides one of the best analyses of eternal economic relations of a
given country, thus serving as a monetary expression of economic transactions between the
given country and its foreign partners over a specific period of time. Li et al. [6] state that
international trade is a very important part of regional economic development. It can be said
that the regions with faster developing international trade are also the regions showing the
highest level of economic development. The reasons why given countries decide to open up
to international trade vary depending on their national resources and conditions, as well as
on the very different consumer tastes [7].
According to Sheikhan and Mohammadi [8], time series are characterized as a sequence
of spatially and factually comparable observations arranged in time. De Baets and Harvey
[9] define time series as arranged sequence of variables values at the same time intervals.
León-Álvarez et al. [10] believe, time series analysis is a technique that involves the study of
groups or individuals observed in consecutive moments. These are certain series of data
points arranged in time order. Using time series analysis, it is possible to obtain very
important statistics and other necessary data characteristics. Through time series forecast, it
is possible to predict future values based on previously observed values [11]. An accurate
and clear time series forecast is important for many areas, such as economics, transport,
finance, energy, etc. [12]. Therefore, the most significant task of the time series analysis is
forecasting. The main step in forecasting time series is to specify a concrete forecasting
problem. According to Rostan and Rostan [13], when forecasting, it is necessary to determine
the method, time horizon, and to have the most accurate data on the variables, data
accessibility and characteristic. Pesaran and Smith [14] claim that the method of time series
regression is a statistical method that enables to forecast future responses, and it is based on
the response history and transmission of dynamics from relevant predictors. Using this
method, it is possible to understand and forecast the behaviour of dynamic systems from
experimental or observational data. Time series regression is often used for forecasting and
modelling economic, financial, and biological systems [15].
Klieštik [16] states in his work that standard statistical methods are not suitable for
forecasting the development of trade (or general predicting of macroeconomic indicators)
due to the fact that most of them cannot capture both hidden and non-linear dependencies.
On the contrary, neural networks (ANNs) could be used for this. According to [8], ANNs try
to capture the behaviour of time series and best forecast individual data points. In order to
forecast the outputs of systems as fast and as accurately as possible, it is possible to design
models of time series based on the ANNs processes. Hu and Hwang [17] state that ANNs
need to be trained properly to be able to work with time series correctly. According to Chen,
Yang and Dong [18], the effectiveness of the designed time series and learning process
appears to be a most suitable tool for forecasting a complex non-linear time series.
According to Sánchez and Melin [19], ANNs can be widely applied in various fields.
Time series analysis is the field where ANNs can be applied a lot. As Rowland and Vrbka
[20] say, the advantage of using time series compared to other methods consists in the
precision of results and their ability to work with big data. Vrbka and Rowland [21] see
another ANNs in a relatively easy application for solving complex problems and predictions.
Santin [22] adds that in terms of application, ANNs are really flexible. However, Hossain et
al. [23] see their disadvantage in the method of creating individual ANNs models or the
requirement for big sample data. Tealab [24] states that ANNs models can be used for
functions approximation with high precision, and contain a hidden layer of neurons, which
uses non-linear activation for forecasting financial trends. Sloboda [25] claims that in using
regression for forecasting, he considers time series, thus trying to forecast the future.
According to Horák and Krulický [26] there can be a number of problems with time series
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data. When using regression models with time series data, it is necessary to distinguish
between two types of forecast, that is, ex ante and ex post. Ex-ante forecasts are those that
are only made using data available in advance, and ex-post forecasts are those using later
predictor data [27]. Yu, Wang and Lai [28] in their study report that the difficulty of
forecasting the volume of foreign trade is often due to the limitations of many conventional
forecasting models. To improve forecasting performance, it is necessary to propose an
approach that would hybridize artificial intelligence models and econometric models.
According to Cai, Chen and Fang [29], CNY exchange rates can be considered financial
time series characterized by high non-linearity, uncertainty and behaviour changing over
time. Liu et al. [30] made exchange rates forecasts using ANNs RBF (radial basis function).
Their results have shown that the efficiency of ANNs RBF in forecasting CNY exchange
rates if acceptable. Chang and Vochozka [31] deal with ANNs, decision trees, and hybrid
model of ANNs. They compare the models of stock prices forecasting models created by
means of these three methods. Their study also found that compared to other two methods,
ANNs is a more stable forecasting method. Weijin and Yuhui [32] present a model used for
forecasting import and export within a single sector. The authors have found that non-linear
forecasts can deal not only with the combination of data and improving the accuracy but can
also reflect non-linear characteristics of the forecasting system.
De Souza, Freitas and De Almeida [33] introduced a new predictor of neural time series
weight, which uses virtual generalized ANN weighting with a random approach to forecasts
of future incomes from shares. The predictor was evaluated based on predicting future weekly
returns on 46 shares from Brazilian stock market. The results have shown that the predictors
of weighted ANN with a random-access weight generate forecasts of future revenues with
the same error level and characteristics of autoregressive ANNs basic predictors 5,000 times
faster. Dongdong and Wenhong [34] note that financial time series are non-linear, nonstationary, and stochastic, which can be seen as difficult. In their work, the authors used a
specific method based on wavelet analysis and artificial intelligence for forecasting the A300
index in China and NASDAQ index in the USA. Their model shows superiority in
performance forecasting. The results show that these methods are suitable only for short-term
forecasting. The prediction difference between A300 and NASDAQ indicates that the
Chinese stock market is less efficient than the US market. The aim of Tkacz [35] is to improve
the accuracy of financial forecasting of Canadian production growth using the most
significant models of artificial neural networks (ANNs). In his study, the author has found
that ANNs show statistically smaller forecasting errors in terms of year-on-year growth of
real GDP compared to linear and univariate models. However, such forecasting
improvements are less significant in forecasting quarterly growth of real GDP.
Copper prices in international trade markets are volatile. Accurate forecasting of copper
price can result in commodity trading and fixed profits in the copper industry. For predicting
copper prices, Wang et al. [36] developed a hybrid forecasting techniques combining
complex networks and traditional ANNs techniques. This technique consists in
transformation of the original price time series into price volatility network (PVN) and
extracts the volatility characteristics from the PVN topological structure. For original data
reconstruction, three ANNs techniques are widely used for future copper prices forecasting:
BPNN, RBFNN and ELM. For investigating forecasting performance of proposed PVNANNs techniques, published data on copper spot prices from the New York Commodity
Exchange (COMEX) are used. Empirical results show that the proposed hybrid PVN-ANNs
techniques can achieve favourable forecasting effect compared to traditional ANNs
techniques. This result clearly indicates the efficiency of the proposed hybrid forecasting
techniques in detecting non-linear patterns of international copper prices. Vochozka and
Horák [37] in their work aim to carry out a regression analysis of the copper price
development on New York Stock Exchange using non-linear regression and ANNs. First,
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linear regression is carried out. Subsequently, ANNs are used for regression analysis. From
linear regression, the curve obtained by means of spline function appears to be the most
suitable one. All ANNs have proven applicable in practice.
Vijayalakshmi and Girish [38] provide an overview of literature dealing with short-term
forecasting of spot electricity prices in deregulated competitive energy markets using ANNs.
Accurate prices forecasts enable the participants in energy markets to maximize their profit
and meet their commitments in the area of energy using the right combination of energy
purchase agreements, bilateral trade, and purchase/sale of electricity through energy
exchanges in a reasonable, efficient, and effective manner. ANNs models have proven to be
the tool for short-term forecasts of spot electricity prices.
The foreign exchange market is one of the most invested markets in the world, with an
average daily volume of trade of USD 1.8 trillion. Due to extreme volatility and uncertainty
associated with foreign currency fluctuations, exchange rate forecasting is one of the most
demanding and difficult tasks both for researchers and experts from practice. Traditionally,
exchange rate is forecast for some technical indicators which just followed past price trends
without considering a number of other factors. However, if the foreign exchange market is
influenced by an accidental event, these indictors will provide misleading forecasts. This
means that traditional forecasting techniques, such as linear trend analysis, would not work
for forecasting future foreign currency fluctuations. To overcome this lack of traditional
forecasting techniques, Emam and Min [39] propose ANN, which have proven useful for
forecasting volatile financial time series, such as exchange rates. After applying ANN to
actual data, the authors have found that the proposed ANN is very effective for forecasting
daily fluctuations of exchange rates.

2 Data and methods
The current world trade is significantly affected by the trade policy of the United States of
America (the USA), which gradually imposed sanctions on the Russian Federation, Turkey,
and other states. They started trade war with the PRC, the European Union, and other
countries, thus creating a new framework of the trade relationships between countries directly
involved in the international politics game, but also the countries which are not directly
affected, threatened or influenced by the US trade policy.
It can thus be stated that the new relations will definitely be hard to forecast (also due to the
way the USA changes them. Stability on international markets is also derived from the
prediction of the future development of the key macroeconomic indicators. The question
therefore is, whether at present, to a certain extent turbulent time, it is possible to forecast the
key macroeconomic indicators using standard statistical methods. As the research suggests,
artificial neural networks are supposed to be successful in solving such tasks. Some authors
already proved that the artificial multilayer perceptron neural networks are able to find the
correlation even between very non-linear variables. At the same time, they are also able to
find certain trend in year-on-year, month-on-month and week-on-week development of time
series. They can therefore identify seasonal fluctuations quite accurately.
The aim of the contribution is to investigate and subsequently smooth two time series:
1. The CR import from the PRC.
2. The CR export to the PRC.
On the basis of the results obtained, it will be possible to predict the future development of
the balance of trade of two trade partners.
The data set shows the course of the time series at monthly intervals starting from January
2000 to June 2019. The course of both time series is shown in Figure 1.
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Fig. 1. Development of the USA and the PRC balance of trade between January 2000 and June 2019
Note: The values are given in American dollars (USD).
Source: [40], edited by authors

The figure does not show seasonal fluctuations in the time series development within the
individual years of the monitored period. However, there is a clear increase in import to
almost 20-time higher volume since 2000. There was also an increase in the CR export to the
PRC during the monitored period (more than 50 times higher), but the difference between
import and export is almost five times in favour of the CR import from China. Nevertheless,
it can be assumed that the time series development is not random but subject to seasonal
fluctuations, although they are not obvious at first sight. As evident from the figure, the
balance of trade of both countries in the entire monitored period is negative from the
perspective of the CR. The shape of the curve is very similar to the inverse curve of the
import. The export development is less noticeable on the curve of the balance of trade. Table
1 shows the basic statistical characteristics of the data set.
Table 1. Basic statistical characteristics of monitored data set
Date
(Input
variable)
Minimum (Training)
36556.00
Maximum (Training)
43646.00
Average (Training)
40050.47
Standard deviation (Training)
2001.16
Minimum (Testing)
36585.00
Maximum (Testing)
43677.00
Average (Testing)
40130.09
Standard deviation (Testing)
2418.96
Minimum (Validation)
36646.00
Maximum (Validation)
43373.00
Average (Validation)
40412.86
Standard deviation (Validation) 3403.28
Minimum (Overall)
36556.00
Maximum (Overall)
43677.00
Average (Overall)
40116.30
Standard deviation (Overall)
2069.19
Source: Authors.
Statistics

Month
(Input
variable)
1.00000
12.00000
6.45455
3.50688
1.00000
12.00000
6.00000
3.38683
1.00000
12.00000
6.71429
3.44159
1.00000
12.00000
6.42553
3.45140

5

Year
(Input
variable)
2000.000
2019.000
2009.115
5.473
2000.000
2019.000
2009.371
6.691
2000.000
2018.000
2010.086
9.284
2000.000
2019.000
2009.298
5.669

Import
(Output
(target))
6375.60
48127.80
27572.76
12039.78
6584.40
52202.30
26146.36
12282.23
7070.50
50015.00
29966.20
21320.19
6375.60
52202.30
27716.79
12057.45

Export
(Output
(target))
863.10
13147.80
6415.19
3382.42
972.70
12382.10
5918.11
3492.76
1227.50
13644.80
7025.04
5528.71
863.10
13644.80
6431.99
3429.19
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Regression will be carried out using multilayer perceptron networks. Smoothing of the
time series will be performed separately for import and export time series. The balance of
trade will be the difference between the two variables over time. The procedure chosen
corresponds to the situation where the two time series seasonal fluctuations are different.
Smoothing the time series separately and subsequent calculation of the forecast development
of balance of trade using the most successful neural networks help achieve more accurate
results.
Multilayer perceptron networks (MLP) will be generated. The time series lag will be 5
months. This means that the target (forecast) variable will be calculated using the data from
the 5 previous months. This way a possible time series fluctuation caused by the latest data
(in this case, this refers to the time series of the USA import from the PRC). A smaller lag
can thus result in extreme fluctuations of smoothed time series, which would be a significant
decrease in the case of import and increase in the case of export. Larger time series lag can
mean averaging of the values. However, each time series lag brings higher demands on the
complexity of the artificial neural structure, more specifically the neurons in the input layer
(in the case of this calculation, it will be 15 neurons I the input layer of the artificial neural
structure).
The independent continuous variable will time. Seasonal fluctuations will be represented
by categorical variable in the form of the month and the year in which the value was
measured. We will thus work with possible monthly seasonal fluctuations of the time series.
However, it should also be possible to capture the overall trend of the time series. They will
be entered as continuous variables in the “Integer” regime. The dependent variable will be
the CR import from the PRC or the export from the CR to the PRC.
The time series will be divided into three sets – Training, Testing, and Validation. The
first group will contain 70% of the input data. The training data set will be used for generating
neural structures. The remaining two sets will contain 15% of the input data each. Both sets
will be used for verifying the reliability of the neural structure or the model found. A total of
10,000 neural networks will be generated, out of which 5 with the best characteristics† will
be retained. The hidden layer will contain at least 2 and at most 9 neurons. The following
distribution functions in the hidden layer and the output layer will be considered: Linear,
Logistic, Atanh, Exponential, Sinus.
Other settings will be default (according to the ANN tool – automated neural networks).
Finally, the prediction of both time series until December 2020 will be carried out. At the
same time, the balance of trade will be calculated through the export and import difference.
However, this implies that from the retained networks, the neural network able to forecast
the concrete time series development most accurately.

3 Results
Import
Table 2 shows the overview of the neural networks retained in smoothing the import time
series at the time series lag of 5 months.

Least squares method will be used. Generating of networks will be finished if there is no improvement,
that is, if there is no reduction in the sum of the squares. We will thus retain the neural networks whose
sum of the residuals squares to the actual CR import from the PRC or the CR export to the PRC is as
low as possible (zero in ideal case).
†
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Table 2. Retained neural networks for import time series smoothing
Index Network
1
2
3
4
5

MLP
15-5-1
MLP
15-7-1
MLP
15-3-1
MLP
15-4-1
MLP
15-10-1

Training Testing Validation Training Testing Validation
perform. perform. perform.
error
error
error
0.944810 0.93110
9
0.950087 0.94168
1
0.951657 0.95137
4
0.948516 0.94928
2
0.970359 0.95355
8

0.940005

5.380788
E+15
4.880342
E+15
4.734524
E+15
5.025787
E+15
2.920810
E+15

0.941613
0.941369
0.940584
0.942601

8.664971
E+15
7.504740
E+15
6.118437
E+15
6.288411
E+15
5.761694
E+15

6.583494E
+15
6.307628E
+15
6.399299E
+15
5.796231E
+15
5.662860E
+15

Training
algorithm
BFGS (QuasiNewton) 59
BFGS (QuasiNewton) 59
BFGS (QuasiNewton) 86
BFGS (QuasiNewton) 73
BFGS (QuasiNewton) 182

Activ. of Output
Error
hidden activation
function
layer
function
Sum of Tanh
Tanh
squares
Sum of Tanh
Identity
squares
Sum of Tanh
Exponential
squares
Sum of Logistic Identity
squares
Sum of Tanh
Exponential
squares

Source: Authors.

Due to the time series lag, the input layer contains 15 neurons. The table shows that the
neural networks with 4-10 neurons in the hidden layer were retained. For the activation of
the hidden layer, the function of hyperbolic tangent and logistic function are used. For the
activation of the output layer, exponential, identity, and hyperbolic tangent functions are
used. The correlation coefficient of all neural networks data sets achieves very high values,
always from more than 0.93 to more than 0.97, which indicates high degree of direct
dependence. The retained neural networks thus shall be able to forecast the future
development of the CR import from the PRC very accurately. The error was set by means of
the sum of the least squares. The error is approximately the same as the error calculated in
the first experiment. The error is rather large but acceptable with regard to the high values of
the variable (in all data sets and networks).
Figure 2 shows the comparison of the actual course of the time series and the smoothed
time series.

Import (Output variable)

Time series prediction for Import
5 steps used as input, 1 step ahead predicted
Samples: Training, Testing, Validation
1,8E9
1,7E9
1,6E9
1,5E9
1,4E9
1,3E9
1,2E9
1,1E9
1E9
9E8
8E8
7E8
6E8
5E8
4E8
3E8
2E8
1E8
0
-1E8
-2E8
-40 -20

0

20

40

60

80 100 120 140 160 180 200 220 240 260
Case number

Import
[1.MLP 15-5-1]
[2.MLP 15-7-1]
[3.MLP 15-3-1]
[4.MLP 15-4-1]
[5.MLP 15-10-1]

Fig. 2. Smoothed import time series
Source: Authors.

When comparing with Figure 2 (Experiment 1, it can be stated that it shows better results.
Neural networks retained in Experiment 2 are more accurate in smoothing the time series.
The only significant deviation is identified around the case No. 190, where there is a huge
jump increase, then slight decrease, a further increase in the volume of import and
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subsequently a significant decrease in the CR import (this was between September 2015 and
December 2015. The value is not stabilized until January 2016).
In order to determine whether the networks are applicable, we will deal with their
application for forecasting. The development of the CR import from the PRC for the period
of July 2019-December 2020 will be forecast. Concrete data is shown in Table 3.
Table 3. Development of predictions for the period August 2019-January 2020 by networks retained
for smoothing import time series
Date
31 July 2019
31 August 2019
30 September 2019
31 October 2019
30 November 2019
31December 2019
31 January 2020
29 February 2020
31 March 2020
30 April 2020
31 May 2020
30 June 2020
31 July 2020
31 August 2020
30 September 2020
31 October 2020
30 November 2020
31 December 2020
Source: Authors.

MLP 15-5-1
1.028362E+09
1.118063E+09
1.196789E+09
1.261490E+09
1.312878E+09
1.351882E+09
1.380977E+09
1.000428E+09
1.332371E+09
1.263561E+09
1.300011E+09
1.195967E+09
1.289576E+09
1.357345E+09
1.403060E+09
1.432786E+09
1.451778E+09
1.463856E+09

MLP 15-7-1
1.123861E+09
1.202537E+09
1.301656E+09
1.415406E+09
1.524919E+09
1.611339E+09
1.659723E+09
1.330634E+09
1.577977E+09
1.470854E+09
1.500345E+09
1.523270E+09
1.626052E+09
1.737773E+09
1.861599E+09
1.995227E+09
2.127699E+09
2.241309E+09

MLP 15-3-1
1.329162E+09
1.326695E+09
2.406627E+09
1.466920E+09
1.239474E+08
1.239474E+08
1.239474E+08
1.239474E+08
1.239474E+08
1.239474E+08
1.239474E+08
1.239474E+08
1.239474E+08
1.239474E+08
1.239474E+08
1.239474E+08
1.239474E+08
1.239474E+08

MLP 15-4-1
1.092625E+09
1.227136E+09
1.357579E+09
1.463281E+09
1.568247E+09
1.761729E+09
2.089505E+09
1.189211E+09
1.731316E+09
1.641207E+09
1.752477E+09
1.709404E+09
2.023368E+09
2.277100E+09
2.459162E+09
2.647926E+09
2.882422E+09
3.123546E+09

MLP 15-10-1
1.221804E+09
1.340655E+09
1.449726E+09
1.621533E+09
1.929219E+09
2.516401E+09
3.692948E+09
1.070819E+09
1.178964E+09
8.136747E+09
1.246006E+09
5.236437E+09
8.511753E+09
1.187036E+10
1.497943E+10
1.737552E+10
1.899166E+10
1.999224E+10

The results shown in the table represent a possible development of the time series. I tis
evident that the network 3. MLP 15-31 will not be considered for the application, since it
achieves very low values during the monitored period, and the network 5. MLP 15-10-1,
which achieves extremely high values. The detailed course of predictions can be seen in
Figure 3.

2000-01-01
2000-12-01
2001-11-01
2002-10-01
2003-09-01
2004-08-01
2005-07-01
2006-06-01
2007-05-01
2008-04-01
2009-03-01
2010-02-01
2011-01-01
2011-12-01
2012-11-01
2013-10-01
2014-09-01
2015-08-01
2016-07-01
2017-06-01
2018-05-01
2019-04-01
2020-03-01

2,5E+10
2E+10
1,5E+10
1E+10
5E+09
0

Import

MLP 15-5-1

MLP 15-7-1

MLP 15-3-1

MLP 15-4-1

MLP 15-10-1

Fig. 3. Development of CR import from PRC and predictions until December 2020
Source: Authors.
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Comparing the actual development of the CR import from the PRC and the forecast
development of the variable over time forecast using artificial neural networks retained in
Experiment 2, it can be concluded (namely with regard to the table of statistics in Annex 2)
that the network 1. MLP 15-5-1 can be seen as the best artificial neural network with a
potential of forecasting further development of the CR import from the PRC. The network is
also able to capture the seasonal fluctuations and the overall trend of the time series.
Export
Also in the case of smoothing the export time series, 10,000 artificial neural networks
were generated, out of which 5 with the best characteristics were retained (see Table 4).
Table 4. Retained neural networks for export time series
Index Network
1
2
3
4
5

MLP
15-4-1
MLP
15-10-1
MLP
15-6-1
MLP
15-7-1
MLP
15-8-1

Training Testing Validation Training Testing Validation
perform. perform. perform.
error
error
error
0.978543 0.989979 0.983787
0.977797 0.991030 0.983598
0.976574 0.988310 0.983421
0.973193 0.986142 0.983858
0.978088 0.987068 0.983508

7.177847
E+13
7.848493
E+13
8.178466
E+13
8.913029
E+13
7.363016
E+13

3.906779
E+13
4.622919
E+13
5.142567
E+13
5.477165
E+13
5.048309
E+13

5.464654E
+13
5.225459E
+13
5.367858E
+13
5.132736E
+13
5.231443E
+13

Training
algorithm
BFGS (QuasiNewton) 12
BFGS (QuasiNewton) 25
BFGS (QuasiNewton) 33
BFGS (QuasiNewton) 49
BFGS (QuasiNewton) 32

Activat.
Output
Error
of hidden activation
function
layer
function
Sum of
Tanh
Exponent.
squares
Sum of
Sinus
Exponent.
squares
Sum of
Sinus
Sinus
squares
Sum of
Sinus
Sinus
squares
Sum of
Sinus
Identity
squares

Source: Authors.

In the case of export, the input layer also contains 15 neurons. It results from the table
that the neural networks with 4-10 neurons in the hidden layer were retained. For the
activation of the hidden layer, the neural networks use the functions of hyperbolic tangent
and sinus. The output layer of neurons is activated by means of the exponential, sinus, and
identity functions. The performance of the artificial neural networks measured by correlation
coefficient achieves the values of more than 0.97 in the training data set, more than 0.98 in
the testing data set (above 0.99 in the case of the 2. MLP 15-10-1) and more than 0.98 in the
validation data set. This indicates direct dependence in almost all cases. Based on this
parameter, it can be stated that the networks (if not suffering from overfitting) are able to
forecast the further development of the CR export in the PRC very accurately (since they
were smoothing the time series in the past very accurately). For the calculation of the error,
the least squares method was used. In the case of export, the error calculated achieves quite
high values; however, since we work with the parameter given in USD and with regard to the
individual values, the error is acceptable.
Figure 4 shows comparison of the actual course of the time series and smoothed time
series.
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Time series prediction for Export
5 steps used as input, 1 step ahead predicted
Samples: Training, Testing, Validation
2,4E8
2,2E8
2E8

Export (Output variable)

1,8E8
1,6E8
1,4E8
1,2E8
1E8
8E7
6E7
4E7
2E7
0
-2E7
-4E7
-40 -20

0

20

40

60

80 100 120 140 160 180 200 220 240 260
Case number

Export
[1.MLP 15-4-1]
[2.MLP 15-10-1]
[3.MLP 15-6-1]
[4.MLP 15-7-1]
[5.MLP 15-8-1]

Fig. 4. Smoothed time series of CR export in PRC
Source: Authors.

It results from Figure 4 that all smoothed time series are able to follow the actual
development of the CR export to the PRC relatively well. However, the actual time series is
so disordered that the models are not able to capture all local extremes, especially in the last
quarter of the monitored period, which shows extreme fluctuations. Nevertheless, the
parameters of the neural structures acquired provide a precondition of quality monitored time
series forecasting (although they are not able to fully capture the local extremes of the time
series, they react to the fluctuations of the neural network). Also in the case of export, we
will deal with forecasting the further development of the variable monitored, predicting the
development of the CR export to the PRC for the period of July 2019-December 2020.
Concrete data is shown in Table 5.
Table 5. Export forecast for July 2019-January 2020 according to retained artificial neural networks
Date
31 July 2019
31 August 2019
30 September 2019
31 October 2019
30 November 2019
31 December 2019
31 January 2020
29 February 2020
31 March 2020
30 April 2020
31 May 2020
30June 2020
31 July 2020
31 August 2020
30 September 2020
31 October 2020
30 November 2020
31 December 2020
Source: Authors.

MLP 15-4-1
172085976
178610635
184708986
189833524
194080437
197630682
200919286
201436611
201813408
190548337
182585752
173288416
178624641
185180396
192538221
199952841
206647795
212125976

MLP 15-10-1
173383947
177220223
180211843
182393335
183239438
182220837
179080078
172425100
181984192
182061308
195542912
194206056
195832010
195075557
191880039
186343273
178666616
169174861

10

MLP 15-6-1
177267045
179445382
181876699
184437226
187140812
189870505
192458079
192800101
192941279
193436480
193308065
194780316
196514700
197926020
199046611
199917499
200579953
201064563

MLP 15-7-1
171188690
178547110
183572486
186118002
186030035
182858384
175808449
186519165
190441065
184962130
176301596
167197955
177553626
183973610
186790961
186322552
182496166
174926978

MLP 15-8-1
184032463
188236320
192644763
197281886
202122082
207156320
212219314
210530052
206889928
209417703
211552152
199586766
205811991
211240797
215823010
219518769
222296204
224137215
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2020-08-01

2019-07-01

2018-06-01

2017-05-01

2016-04-01

2015-03-01

2014-02-01

2013-01-01

2011-12-01

2010-11-01

2009-10-01

2008-09-01

2007-08-01

2006-07-01

2005-06-01

2004-05-01

2003-04-01

2002-03-01

2001-02-01

250000000
200000000
150000000
100000000
50000000
0

2000-01-01

USD

The data in the table indicate that none of the neural networks suffer from overfitting.
Predictions made using the retained neural networks shall thus be applicable. To choose the
most suitable structure for forecasting the CR export to the PRC, the graphical illustration of
the course of predictions will be used (for more details, see the graph in Figure 5).

Date
Export

MLP 15-4-1

MLP 15-10-1

MLP 15-6-1

MLP 15-7-1

MLP 15-8-1

Fig. 5. Development of export time series and predictions using retained artificial neural networks
Source: Authors.

Comparing the actual development of the CR export to the PRC with the forecast
development of the variable over time forecast for the period of July 2019-December 2020
using artificial neural networks retained in smoothing the export time series, it can be
concluded (especially with regard to the table of statistics in Annex 2) that the network 1.
MLP 15-4-1 shows the best predictions.

4 Results discussion
Within the research, smoothing of time series of the CR import from the PRC and the CR
export to the PRC was carried out. Time series lag was set for 5 months in both cases. This
eliminated potential extraordinary fluctuations caused by fluctuations of the time series in
the individual months. First, it was observed how multilayer perceptron neural networks are
able to smooth time series. For both time series, 10,000 artificial neural networks were
generated, out of which five best structures were retained. In forecasting the future
development of import, two neural structures had to be excluded since they apparently
suffered from overfitting. In graphical comparison, another network suffering from
overfitting had to be excluded. The two remaining networks were compared in terms of their
basic statistical parameters and with regard to the current development of the time series.
Subsequently, a network for calculating the balance of trade of both monitored countries was
chosen. Also, artificial neural networks smoothing the time series of the CR export to the
PRC were analysed. For this, all retained networks appeared to be applicable, but one of the
captures the future development more accurately than others. It was thus used for calculating
the CR and PRC balance of trade. It shall also be stated that the error identified is acceptable.
The difference of predictions calculated using the most successful neural structures was used
for calculating the balance of trade from the perspective of the Czech Republic (for more
details, see Table 6).
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Table 6. Comparison of most successful neural structures from all experiments
Date
31 July 2019
31 August 2019
30 September 2019
31 October 2019
30 November 2019
31 December 2019
31 January 2020
29 February 2020
31 March 2020
30 April 2020
31 May 2020
30 June 2020
31 July 2020
31 August 2020
30 September 2020
31 October 2020
30 November 2020
31 December 2020
Source: Authors.

CR import from PRC CR export to PRC
1. MLP 15-5-1
1. MLP 15-4-1
1.028362E+09
172085976
1.118063E+09
178610635
1.196789E+09
184708986
1.261490E+09
189833524
1.312878E+09
194080437
1.351882E+09
197630682
1.380977E+09
200919286
1.000428E+09
201436611
1.332371E+09
201813408
1.263561E+09
190548337
1.300011E+09
182585752
1.195967E+09
173288416
1.289576E+09
178624641
1.357345E+09
185180396
1.403060E+09
192538221
1.432786E+09
199952841
1.451778E+09
206647795
1.463856E+09
212125976

Balance of trade
-8.562758E+08
-9.394527E+08
-1.012080E+09
-1.071657E+09
-1.118797E+09
-1.154251E+09
-1.180058E+09
-7.989909E+08
-1.130558E+09
-1.073013E+09
-1.117425E+09
-1.022678E+09
-1.110951E+09
-1.172164E+09
-1.210522E+09
-1.232833E+09
-1.245130E+09
-1.251730E+09

Table 6 demonstrates the potential development of the monitored variables and mainly
the target variable – balance of trade. It assumes the growth in the CR import from the PRC,
slight growth in the CR export to the PRC and the growth in negative balance of trade of the
CR and the PRC. This situation is even better illustrated in Figure 6.
2E+09

Prediction from
July 2019

1,5E+09
1E+09

2020-01-01

2019-01-01

2018-01-01

2017-01-01

2016-01-01

2015-01-01

2014-01-01

2013-01-01

2012-01-01

2011-01-01

2010-01-01

2009-01-01

2008-01-01

2007-01-01

2006-01-01

2005-01-01

2004-01-01

2003-01-01

-1E+09

2002-01-01

-5E+08

2001-01-01

0

2000-01-01

USD

500000000

-1,5E+09
-2E+09

Date
Import

Export

Trade bilance

Fig. 6. Comparison of most successful neural structures of all experiments
Source: Authors.

The figure clearly shows that the actual course of all three time series and their predictions
is very similar. It also better illustrates what is indicated in the table. It is very probable that
the difference between the CR import from the PRC and the CR export to the PRC will
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increase. From the perspective of the Czech Republic, the balance of trade of both countries
will be even more negative than now.

5 Conclusion
The objective of the contribution was to predict the development of the Czech Republic (the
CR) and the People´s Republic of China (the PRC) balance of trade in analysing and machine
learning forecasting of the CR import from the PRC and the CR export to the PRC.
Both monitored time series were smoothed. In both cases, the most successful neural
network was chosen. From the difference of the CR export to the PRC and the CR import to
the PRC, the balance of trade of both countries was calculated.
It can be stated that the objective of the contribution was achieved:
1. Multilayer perceptron networks are a suitable tool for forecasting the development
of the time series with extraordinary fluctuations.
2. MLP networks are able to capture both the trend of the entire time series and its
seasonal fluctuations.
3. It is necessary to work with time series lag.
4. Turbulent relations in the world trade currently do not significantly affect the result
of machine learning forecasting.
5. The CR import from the PRC is growing and it is expected to grow in the future.
6. The CR export to the PRC is growing and it is expected to grow in the future, but
its increase in absolute values will be slower than the increase of the CR import from
the PRC.
7. By December 2020, the deficit in the balance of trade of both countries will grow if
there are no interventions in terms of the state regulation of the mutual trade.
Further research shall be focused on an experiment that would help to identify what time
series lag would be the most suitable for this type of tasks and variables. This can be different
for each variable and also within the sub-intervals of the monitored time series. In any case,
when identifying the most suitable time series lag, it should be possible to achieve better
results in forecasting.
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Annex 1
Basic statistics of smoothed import time series with 5-month lag
Statistics

1.MLP 15-5-1

2.MLP 15-7-1

3.MLP 15-3-1

4.MLP 15-4-1

5.MLP 15-10-1

Minimal prediction (Training)

2.870538E+07

2.084195E+06

1.249895E+08

1.134611E+08

7.142744E+07

Maximal prediction (Training)

1.279052E+09

1.354799E+09

1.386515E+09

1.482664E+09

1.459338E+09

Minimal prediction (Testing)

9.253505E+07

9.400378E+07

1.278659E+08

1.229188E+08

1.065232E+08

Maximal prediction (Testing)

1.179155E+09

1.251712E+09

1.249326E+09

1.252984E+09

1.302836E+09

Minimal prediction (Validation)

1.019749E+08

6.793485E+07

1.272657E+08

1.183130E+08

9.380888E+07

Maximal prediction (Validation)

1.181279E+09

1.201416E+09

1.259741E+09

1.181576E+09

1.198775E+09

Minimal residuals (Training)
Maximal residuals (Training)

-3.033300E+08 -2.885160E+08 -2.702194E+08 -2.716622E+08 -2.305341E+08
4.443217E+08

4.862127E+08

4.117377E+08

4.551818E+08

4.482359E+08

Minimal residuals (Testing)
Maximal residua (Testing)

-2.821787E+08 -3.106774E+08 -2.805951E+08 -2.616854E+08 -2.627082E+08
3.845328E+08 3.119759E+08 3.143621E+08 3.107034E+08 3.160098E+08

Minimal residuals (Validation)
Maximal residuals (Validation)

-3.054264E+08 -3.255626E+08 -2.925264E+08 -2.696388E+08 -2.710663E+08
2.292086E+08 2.769787E+08 2.457431E+08 3.414572E+08 3.138268E+08

Minimal standard residua (Training)
Maximal standard residuals (Training)

-4.135161E+00 -4.129949E+00 -3.927158E+00 -3.832015E+00 -4.265633E+00
6.057237E+00 6.959870E+00 5.983875E+00 6.420707E+00 8.293826E+00

Minimal standard residuals (Testing)
Maximal standard residuals (Testing)

-3.031382E+00 -3.586261E+00 -3.587235E+00 -3.299963E+00 -3.460976E+00
4.130949E+00 3.601250E+00 4.018926E+00 3.918101E+00 4.163183E+00

Minimal standard residuals (Validation)
Maximal standard residuals (Validation)

-3.764249E+00 -4.099222E+00 -3.656780E+00 -3.541682E+00 -3.602115E+00
2.824898E+00 3.487492E+00 3.071957E+00 4.485010E+00 4.170346E+00

Annex 2
Basic statistics of smoothed export time series with 5-month lag
Statistics
Minimal prediction (Training)
Maximal prediction (Training)
Minimal prediction (Testing)
Maximal prediction (Testing)
Minimal prediction (Validation)
Maximal prediction (Validation)
Minimal residuals (Training)
Maximal residuals (Training)
Minimal residuals (Testing)
Maximal residua (Testing)
Minimal residuals (Validation)
Maximal residuals (Validation)
Minimal standard residua (Training)
Maximal standard residuals (Training)
Minimal standard residuals (Testing)
Maximal standard residuals (Testing)
Minimal standard residuals (Validation)
Maximal standard residuals (Validation)

1.MLP 30-6-1
9.581047E+07
1.143141E+09
1.275041E+08
1.142398E+09
1.274159E+08
1.124260E+09
-3.298498E+08
3.812593E+08
-2.326371E+08
4.212896E+08
-2.435260E+08
1.888672E+08
-4.469026E+00
5.165556E+00
-2.791572E+00
5.055342E+00
-3.274627E+00
2.539645E+00

2.MLP 30-3-1
8.978954E+07
1.169006E+09
1.225674E+08
1.163636E+09
1.139746E+08
1.155792E+09
-3.663393E+08
3.643545E+08
-2.291130E+08
4.000518E+08
-2.420521E+08
1.813321E+08
-4.922313E+00
4.895644E+00
-2.759282E+00
4.817954E+00
-3.307242E+00
2.477603E+00
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3.MLP 30-5-1
9.523406E+07
1.128150E+09
9.857046E+07
1.069460E+09
9.620851E+07
1.050281E+09
-4.178500E+08
5.210952E+08
-2.144975E+08
4.942276E+08
-1.957826E+08
3.057997E+08
-4.922472E+00
6.138750E+00
-2.331060E+00
5.371037E+00
-2.799055E+00
4.371944E+00

4.MLP 30-9-1
8.620605E+07
1.156245E+09
1.188153E+08
1.144003E+09
1.102632E+08
1.166400E+09
-3.515643E+08
3.813481E+08
-2.476463E+08
4.196847E+08
-2.076164E+08
1.845939E+08
-4.724518E+00
5.124770E+00
-2.998620E+00
5.081741E+00
-3.043960E+00
2.706417E+00

5.MLP 30-7-1
1.226069E+08
1.152624E+09
1.261200E+08
1.085287E+09
1.244502E+08
1.092989E+09
-4.260971E+08
4.795802E+08
-2.300545E+08
4.784008E+08
-2.164618E+08
2.816919E+08
-5.116134E+00
5.758303E+00
-2.583201E+00
5.371794E+00
-3.104309E+00
4.039783E+00

