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A p p l ic a t io n  o f  N e u r a l  N e t w o r k s  
in  E c o n o m ic  F o r e c a s t in g

The complexity of economic processes is reflected in the time series which register 
their State. Not all the aspects of the economic process can be registered. In order to 
obtain the uscful information from statistical data, it is necessary to apply many labor- 
consuming and sophisticated procedures. Economic conditions are represented by 
objective processes, such as industrial production, product prices, export and import, 
employment and unemploymcnt, job vacancics, etc. on the one hand, and behavioural 
modes of businessmen and consumers, their assessments and expectations as regards 
prices, sales, employment, and other economic indexes on the other hand. So we are 
dealing with objective facts (quantitative data) and subjective facts (qualitative data). 
Moreovcr, the analysed processes are all interdependent. Such a situation reąuircs 
extreme methodological flexibility -  a sort of methodological eclecticism. In view of 
the multidimensional object, the use of merely one method may yield a distorted 
image. That is why several different methods have been used in this study: the naive 
no-change method, simplc lincar regression, auto-regressive (integrated) moving- 
average model (ARMA and ARIMA), and artificial neuronal networks.

1. Introduction

The Polish economy is still struggling with the past problems of the “centrally 
planned” economy. Current transformations in the market often make it difficult for 
analysts to prccisely explain their origins. Yet, larger difficulties appear when making 
forecasts of basie macroeconomic variables. This is partly related to structural changes 
and the shortness of time series covering the transition period. In the face of the 
mentioned situation it seems appropriate to look for different methods of analysis and 
prognosis. This paper brings an attempt to supplement the traditional economic 
forecasting methods by the use of neuronal networks.

The purpose of this paper is a short-term prognosis of the dynamics of industrial 
production on the basis of its anticipatory indexes, reflccting expectations and 
assessments of the economic situation in processing industry and construction. In order
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to forecast the dynamics of industrial production we use both quantitative and 
qualitative data, the latter obtained from business surveys. Time series were grouped 
according to the strength of relationships and the type of the information rendered. 
This allowed us to reduce the number of variables while maintaining the most essential 
information.

All time series have been put through a number of tests for seasonality, stationarity, 
causality, lag and leads analysis, autocorrelation, adjustment for seasonal and irregular 
(random walk) components, discrete wavelets and fast Fourier transformation, power 
spectrum (pcriodogram), and spectral analysis. In order to reduce the dimensions of 
data processing we have applied principal components analysis.

The lag analysis was carried out in two stages. First, the relationships between 
independent variables and the dependent variable were examined using mutual 
correlation. Because of imperfection related to correlation measurement we did not 
confine ourselves merely to this way of analysis. In the second stage, Granger’s 
causality test was used.

Time series chosen in such a way were incorporated as entry data in artifical neural 
networks for forecasting the dynamics of industrial production.

Neural networks techniques applied in the study use one of the best simulators on 
the market nowadays. At least two kinds of neural networks have been constructed in 
the modelling process: linę networks and multilayer perceptrons. The First will be the 
referring point at the estimation of morę sophisticated models. At the entrance of the 
neural network there are determining variables, which were processed before with lag 
analysis. Time series of dependent variable appear at the exit.

During the leaming process the authors apply two methods widely used: backward 
error propagation and Levenberg-Marquadt. The aim of the leaming process is to 
obtain exit values that resemble real prognosis values. This gives the possibility of 
forecasting a given variable using lagged time series which describe the current State of 
the economy.

2. The data and their transformation

The following variables were analysed in this study:
• electric energy production, in GWh (ele3);
• sold production of processing industry, in 1995 prices (pr_przem3);
• registered unemployment, in thousands (bezrobot3);
• average employment in the corporate sector, in thousands (zatrudn2);
• export volume, previous month = 100, in 1995 prices (exp3);
• import volume, previous month = 100, in 1995 prices (imp3);
• assessment of generał economic situation in processing industry (og_przem2);
• prognosis of generał economic situation in industry (pog_przem2);
• prognosis of sales prices in processing industry (pr_cen2);
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• generał economic climate1 in processing industry (klim_przem2);
• assessment of generał economic situation in construction (og_bud2);
• prognosis of generał economic situation in construction (prog_bud2).

Industrial production (production sold in processing industry) is the variable to be 
explained and predicted while the remaining variables are meant as cxplanatory 
variables.

Figurę 1. Production sold of processing industry (previous period = 100)

The time series include monthly data from the period of July 1993 -  Decembcr 
2001, published by the Central Statistical Office. The first six series rcpresent 
quantitative data, and the remaining five are based on business surveys. Fig. 1 shows 
the rates of growth of industrial production (preceding period = 100).

In the preliminary processing all the quantitative data have been transformed into 
chain indexes based on the previous period = 100. Prior to the calculation of indexes 
seasonal fluctuations were cleared. For this purpose we used the XI1/Y2K (Census2) 
procedurę. Only the series of average employment in the corporatc sector (zatrudni) 
did not feature the seasonal component, thus in this case seasonal adjustment was not 
applied.

Adjustment of individual variables to normal distribution was examined as well. In 
each case we compared the adjustment of raw values with the values after the 
transformation (see Fig. 2 as an example).

In order to verify the hypothesis of normal distribution of raw and transformed data 
we used the Shapiro-Wilk’s W test. The results are presented in Table 1.

1 The average of current assessment and expected change in generał economic situation in 
industry.
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Figurę 2. Histograms: production of processing industry, 
raw and transformed data

y = 102 • 5000 ‘  normal (x: 22448 35. 8073.317) y  = 102 * 5 * normal (x; 100,4736. 4.326806)
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Table 1. Results of Shapiro-Wilk’s W7 test
Variable N W P
elel 108 0.948 0.0004

pr_przem 1 108 0.947 0.0003

og przeml 108 0 .9 6 8 0.0114

pogprzem 1 108 0 .9 6 8 0.0120

p rc e n 1 108 0 .9 8 9 0.5554

klim_przeml 108 0.938 0.0001

o g b u d 1 102 0 .9 5 8 0.0029

progbud1 102 0 .9 6 4 0.0078

bezrobot 1 108 0.923 0.0000

zatrudni 108 0.728 0.0000

expl 108 0 .9 6 2 0.0040

impl 108 0.931 0.0000

ele3 107 0 .9 8 5 0.3012

pr_przem3 108 0 .9 6 1 0.0035

og_przem2 108 0.943 0.0002
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p°g_przem2 108 0.933 0.0000
pr_cen2 108 0.980 0.1139
klim_przem2 108 0.931 0.0000
og_bud2 102 0.971 0.0241
prog_bud2 102 0.935 0.0001
bezrobot3 107 0.969 0.0135
zatrudn2 107 0.749 0.0000
exp3 107 0.981 0.1404
imp3 107 0.921 0.0000

The results obtained permit us to accept the normal distribution hypothesis only in 
the case of the assessment of generał economic situation in processing industry (raw 
data), prognosis of generał economic situation in processing industry (raw data), 
expected prices (raw data), assessment of generał economic situation in construction 
(raw and seasonally adjusted data), export (raw and seasonally adj.), clectric energy 
production (seasonally adj.), sold production of processing industry (seasonally adj.), 
and registered unemployment (seasonally adj.). In generał, the applied transformations 
of time series, notably seasonal adjustments, did not bring thcm closer to the normal 
distribution.

Table 2. Augmented Dickey-Fuller unit root test
Variable Independent variable /-statistic

elel elel(-l) -0.429

pr_przeml pr_przem 1 (-1), trend -2.704

og_przeml og_przem 1 (-1) -1.428

pogprzem 1 pogórzem l(-l) -2.726

p rce n 1 pi cenl(-l) -1.907

klimprzeml klim_przeml(-l) -2.503

ogbudl ogbudl(-l) -4.781

progbud1 progbud 1 (-1) -4.550

bezrobotl bezrobot 1 (-1) 0.292

zatrudn 1 zatrudn 1(-1) -2.021

expl expl(-l), trend -6.392

impl impl(-l), trend -4.485

ele3 ele3 0.056
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pr_przem3 pr_przem3 -0.259
og_przem2 °g_przem2 -1.570
p°g_przem2 p°g_przem2 -1.119
pr_cen2 pr_cen2 -1.537
klim_przem2 klim_przem2 -1.953

og_bud2 og_bud2 -1.931

prog_bud2 prog_bud2 -0.988
bezrobot3 bezrobot3 -0.097
zatrudn2 zatrudn2 -0.329
exp3 exp3 -0.663
imp3 imp3 -0.532

Another important feature of time series is their stationarity, which we examined 
using the unit root test. The augmented Dickey-Fuller’s test was applied, in which the 
zero hypothesis proves the unit root existence. Table 2 presents the results.

MacKinnon’s critical values for the rejection of zero hypothesis about the existence 
of unit root are the following:
• 1% critical value-2.5852,
• 5% critical value -1.9431,
• 10% critical value-1.6173.
Critical values change in regard to the trend in the ADF test and they are:
• 1% critical value-4.0468,
• 5% critical value-3.4523,
• 10% critical value-3.1514.

After the transformation of raw series, the zero hypothesis about the existence of 
unit root could be rejected only in the case of two variables: generał climate in 
processing industry and generał economic situation in construction. It can be therefore 
stated that the mentioned variables are stationary. In other cases, stationarity can be 
assured by the calculation of First differences of the series.

3. The relationships between the variables

In order to examine the relationships between the variables we used First the Pearson’s 
coefFicicnt of linear correlation. The results should be interpreted with caution. In the 
case of non-linear dependencies the sum of sąuared deviations from the regression linę 
increases, even if the given relationship is true and precise. In order to exclude possible 
mistakes, a simultaneous analysis of dispersion graphs was carried out.

The analysis of dispersion did not provide any sign of a elear non-linear 
relationship. This makes it possible to accept the correlation results. The seasonally
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adjustcd time series and the calculated chain indexes are not correlated in any essential 
way with the index of sold production of processing industry. Yital relationships 
appear only in case of three variables: electric energy production, volumc of export, 
and volume of import. However, only the correlation coefficient for import can be 
treated as significant.

In the next stage we applied the Granger’s causality test. Granger’s causality 
definition can be formulated in the following way: variable x is a cause ofy, if current 
values of y  can be predicted morę accurately using the past values of x, rather then 
omitting them, with no change of the remaining information. Under such 
circumstances, the ąuestion whether i  is a cause of y  comes down to the question 
whether x can be omitted in the model which describes y. The zero hypothesis in this 
test is tantamount to the hypothesis about the lack of causality. The testing procedurę is 
repeated with subsequent lags until the received statistics make it possible to rejcct the 
zero hypothesis.

The results can be summarised as follows:
• electric energy production is a cause of the observed changes in the sold production 

of processing industry at lag 14;
• generał economic situation of processing industry is a cause at lags: 4-15;
• expccted sales prices in processing industry are a cause at lags: 9-14;
• generał climate in processing industry is a cause at lags: 6, 9-11, and 13-15;
• import is a cause at lag 5.

4. Regression analysis

Variables with significant lags were subject to multiple regression analysis, using the 
method of progressive regression. In this method independent variables are introduced 
into the equation separately, or removed from it until the best equation is achieved.

In the first stage of the procedurę the analysis concemed only two variables: 
dependent variable (production sold in processing industry) and the independent 
variable lagged appropriately.

The most significant results include the following:
• generał economic situation in processing industry — the best fit with R2 = 0.387, 

significant lags: 2, 4-6, 8-9;
• generał economic climate in processing industry -  the best fit with R2 = 0.442, 

significant lags: 1-2, 4-6, 8-10;
• prognosis of sales prices in processing industry -  the best fit with R2 = 0.163, 

significant lag: 10;
• import -  the best fit with i?2= 0.45, significant lags: 0, 3, 5.

The results of multiple regression suggest that the most important explanatory 
variables are: generał economic climate in processing industry, generał economic 
situation in processing industry, and imports. The consideration of each selected 
variable allowed us to construct the following model:
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Pr_przem3 = 56.89 + 0.24 imp3(lagl4) + 0.15 imp3(lagl5) -  0.44 og_przem2(lagl) 
+ 0.45 og_przem2(lag2) -  0.29 og_przem2(lag3)
+ 0.28 klim_przem2(lagl 1) -  0.21 klim_przem2(lagl2).

Table 3. Parameters of the regression model
Variable Parameter p-statistic /-statistic
X(l) = lag 14 (imp3) 0.2497 0.0000 5.0230
X(2) = lag 15 (imp3) 0.1562 0.0017 3.2332
A(3) = lagi (og_przem2) -0.4458 0.0004 -3.6737
X(4) = lag2 (og_przem2) 0.4572 0.0000 5.1728
2f(5) = lag3 (og_przem2) -0.2968 0.0004 -3.6606
X{6) = lagi 1 (klim_przem2) 0.2837 0.0036 2.9924
X(l) = lag 12 (klim_przem2) -0.2155 0.1399 -2.5079
m  - 1 56.8900 0.0000 9.1998

As can be seen from Table 3, the incorporation of all significant variables into the 
multiple regression model has yielded satisfactory results. R2 increased considerably 
(0.625), and all the parameters are significant as regards /-statistics.

In order to estimate the quality of the model, normal distribution of the random 
component was examined using the Shapiro-Wilk W test. The critical value for n = 92 
and p = 0.1 is W0A = 0.968. The statistical value of the test for the examined variable is 
Wp = 0.977. As W0.i < Wr, there are no grounds for the rejection of the hypothesis about 
normal distribution. Fig. 3 shows the distribution of the residuals.

Figurę 3. Histogram of the residuals
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In order to determine the accuracy of prediction the root rnean sąuared error 
(RMSE) was used. In order to compare the ąuality of models we applied TheiFs 
coefficient, or rather its second variant (Ul), wherc:

Ul = RMSE (prognosis with the use of the given method) / RMSE (naive method 
prognosis).

If Ul assumes values greater than 1, one should give up a morę complex method 
and replace it with the naive prognosis. The closer to zero is the Ul value, the better 
the model.

The naive model assumes that nothing would ehange in the futurę -  the observed 
variable in the period t will take the same value as in the period t - 1.

For evaluating the forecast accuracy, we have divided the available data into two 
parts: all the data under the analysis (within-sample: VII. 1993 -  IV.2001) and the eight 
newest observations (ex-post: V.2001 -  XII.2001). RMSE for the naive model is: 
7.586 within-sample, and 4.585 ex-post.

Using the regression model outlined above an ex-post prognosis was generated, 
which was compared with the actual dynamics of sold industrial production. The 
empirical and theoretical values are shown in Fig. 4.

Figurę 4. Index of industrial production 
and theoretical values of the regression model

The eiTors in the regression model are respectively: 4.586 within-sample, and 6.353 
ex-post. TheiEs coefficient Ul is 0.60 within sample and 1.38 ex-post. In the first case 
the superiority of the regression model over the naive model was evidenced. Yet, in the 
second case the prognosis obtained from regression is worse.

The construction of the neuronal model was the next step in our analysis. The 
information on the relationships between variables obtained so far played an essential 
part in the preliminary stage of the model construction.



The use of neuronal networks often brings considerably better results than the 
traditional statistical and econometric methods. It is possible to pick up morę complex 
dependencies, otherwise unobservable with the use of traditional methods.

5. Neural model

The neuronal modelling techniąue is based on the structure and working of the nervous 
systems of a living organism. Neuronal network is an arrangement of elements called 
neurons. An artificial neuron is a model of its biological counterpart. The mentioned 
elements, combined in a specific way (determined by the researcher) constitute a 
network structure. Its main purpose is to process the input information into output 
information. An additional thing is the neuron’s input weight. Every neuron is marked 
with a single threshold value, which determines the strength of stimulation necessary to 
activate it.

The neurons constituting the network are set in layers, the first of which is called 
the entrance layer, and the last the exit layer. All the layers between the two are called 
hidden layers. Information in the fonu of one or many time series introduced on the 
network entrance is processed in the hidden layers (if such exist) and then projected 
onto the exit. The ąuantities obtained this way are then confronted with real values.

Gaining the knowledge about the dependencies and construction of the model is 
achieved through the process of education of the network. It consists of multiple 
demonstrations of the analysed cases to the network, the result of which are modified 
weights on the entry of neurons. The aim of this process is a precise determination of 
the dependencies and of specific features of the examined variable. When the learning 
process is completed the net is ready to use. A well-constructed neuronal network can 
be used to solve numerous types of problems. One of them is a prognosis of time 
series.

On the network entry we placed the following information in the form of time 
series:
• imp3(lagl4),
• imp3(lag 15),
• °g_przem2(lagl),
• og_przem2(lag2),
• og_przem2(lag3),
• klim_przem2(lag 11),
• klim_przem2(lagl2).

On the network exit the indexes of sold industrial production will appear. In the 
leaming process possible dependencies were established among given variables. On 
the basis of this information the model generates theoretical exit values, which are then 
compared with the actual values of the industrial production index in last eight months. 
The schcme of the network is illustrated by Fig. 5.
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Figurę 5. Scheme of the designed net

To solve this assignment we chose the multi-layered perceptron. For maximum 
simplification of the model we decided to assume one hidden layer with 21 neurons, 
the entrance and exit layer consisting of 42 and 1 neurons respectively. As the 
activation function we chose one of the most freąuently applied and simple: minimax. 
The function marks the minimum and maximum of the calibrated variable and makes a 
linear value transfomiation in order to adjust the value of this variable to the reąuired 
interwal.

Figurę 6. Index of industrial production and theoretical values 
of the neural model

The data have been divided in the learning process into the education set (40 cases), 
test set (20 cases) and validation set (18 cases), which were all then mixed.

The minimization of working error of the network was assigned to the algorithm of 
backward error propagation. The minimum error of the network was established at the 
number of eras: 6000. The ąuantity in consideration is the RMS error -  the pooled



388

ciTor madę by the network on a given data set (education, test or validation). It is 
calculated as a sum of squares of individual errors, divided by the number of the 
considered values, upon determination of the sąuare root from the obtained ąuotient.

The RMS for education set is 4.95, and for validation set 2.73. A smaller error for 
the validation set is a good feature of the constructed network. The large difference 
between the two values is, to a certain extent, accidental. The within-sample exit values 
and a 8-month prognosis are presented in Fig. 6.

Wiesław Łuczyński, Jacek Jankiewicz

Table 4. Statistics of regression of the constructed net
Uc. PROD Va. PROD Te. PROD

Mean 100.6156 100.5633 100.9727
Standard deviation 4.3088 3.5993 5.1558
Mean error -0.1713 -0.1688 -2.6145
Deviation error 3.1448 2.7968 4.4255
Mean error 2.0395 2.0658 3.7455
Deviation ąuotient 0.7298 0.7770 0.8583
Correlation 0.6878 0.6480 0.5229

The statistics of regression of the constructed net are shown in Table 4. The 
deviation ąuotient, i.e. the deviation error divided by standard deviation is one of the 
most important statistics for the evaluation of a neuronal model. Using the model is 
groundless when this statistic takes values greater than 1. According to this statistic, 
the analysed net is usable, but it is not the best model. However, the type of data under 
analysis and a smali number of cases within individual time series impose serious 
difficulties in finding a net with better parameters. In such a case the researcher faces a 
choice: a net with good proprieties of the education and yalidation sets but with faint 
generalization abilities, or worse regression statistics but greater usefulness in 
forecasting.

Correlation coefficient between the rcal and model-determined values of the 
explaincd variable remains on a satisfactory level. Differences between the values of 
individual indexes for the education and test sets confirm the network’s generalization 
ability with reference to the newly-input cases. The RMSE values for individual data 
intervals are: 3.566 and 2.968 ex-post. The value of Theifs coefficient U2 is 0.47 and 
0.64 respectively.

On the basis of the obtained statistics, we can affirm that the neuronal model is 
better than the traditional regression model. Both as regards adjustment to the existing 
information and the ąuality of forecast, the neuronal model tops the results of previous 
tests.

For the purpose of a wider use of the neuronal network in forecasting a much 
smaller model was constructed, based on auto-regression. For comparison, a VAR 
model was also estimated using the traditional method.

Firstly, significant lags of the variable “sold production of processing industry” 
were specified. From among all the significant lags, we have chosen for the model
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construction those characterized by the largest correlation coefficient. These are: 1, 3, 
10 and 13.

In the unrestricted VAR equation an intercept was added. The equation describing 
the industrial production index is:
Pr_przem3 = 153.93 -  0.42 pr__przem3(lag 1) + 0.22 pr_przem3(lag 3)

-  0.14 pr_przem3(lag 10) -  0.19 pr_przem3(lag 13).
Figurę 7. Histogram of the residuals

Upper limit (x<=limit)

Figurę 8. Index of industrial production and VAR prognosis

The R2 statistics took the value of 0.42, which means that only 42% of the 
variability of the sold production of processing industry were explained by the VAR 
model, while 58% remained unexplained.
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Testing the remainder with the Shapiro-Wilk’s method permits us to accept the 
hypothesis about its normal distribution. The critical value for n -  96 and p = 0.1 is 
W0A = 0.968. The value of the test statistics for the examined variable equals Wp = 
0.974. W0A < Wp, which means that there is no basis for rejection of the hypothesis 
about normal distribution.

Realizations of the theoretical values of the prognosed variable are shown in Fig. 8.
The evaluation of the model and comparison with naive method gave the following 

results: RMSE within sample: 3.19, ex-post: 3.15. The value of TheiFs coefficient U2 
for the within-sample data is 0.42 and for ex-post prognosis 0.69.

Figurę 9. Scheme of the designed net

Figurę 10. Adjustment of linear network responses and a prognosis

This time a linear network was applied in the neuronal model (see Fig. 9). This 
simple type of network, devoid of hidden layers, proved most suitable in the case of 
one entrance variable. The exit layer neurons are all linear (they possess a linear 
activation function). The entrance layer consists of 13 neurons. The education process
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of the network was carried out using the algorithm of backward error propagation. The 
results are shown in Fig. 10.

Table 5. Ex- 3ost prognosis of sold production of processing industry
Datę pr_przeml Naive no-change 

model
Linear
regression

Network
1

VAR Network 2

01.05 100.58 97.08 103.53 101.68 102.77 102.38
01.06 97.46 97.08 102.77 96.65 99.62 99.57
01.07 102.06 97.08 107.21 99.07 101.15 99.82
01.08 102.03 97.08 105.33 97.07 100.86 98.99
01.09 94.81 97.08 103.42 94.66 98.83 96.76
01.10 106.96 97.08 104.39 101.28 103.50 102.05
01.11 96.47 97.08 105.97 97.72 98.30 96.78
01.12 95.23 97.08 104.053 96.30 101.27 100.06
RMSE (1) 7.5862 4.5860 3.5663 3.1907 3.3464
y m i 1 0.6045 0.4701 0.4205 0.4411
RMSE (2) 4.5854 6.3539 2.9686 3.1569 3.0289
U2 (2) 1 1.3856 0.6474 0.6884 0.6605
Network 1 - multiplayer perceptron, educated by backward error propagation method, 7 
entrances, 21 neurons in hidden layer. Network 2 - linear, educated by backward error 
propagation method, 1 entrance, without hidden layer.
RMSE (1) - theoretical values (1993.07-2001.04); RMSE (2) - prognosis (2001.05-2001.12); 
U 2 (1) - TheiFs coefficient (1993.07-2001.04); U2 (2) - Theifs coefficient (2001.05- 
2001.12).

Figurę 10. Real values of indexes of sold production of processing industry
and their ex-post prognosis

-o- realv.
-o- naive nochange 
-o- linear regresion 

network_n1 
VAR

- *  network_n2
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The values of errors were: RMSE within-sample 3.34, ex-post 3.02. The value of 
Theifs coefficient was 0.44 for the within-sample data and 0.66 for prognosis ex-post.

The estimation of errors of ex-post prognoses and the value of Theifs Ul 
coefficients give evidence of the superiority of neuronal models over the other ones. 
The best prognosis results were achieved with the use of the multi-layered perceptron, 
which approximated the values of sold production of the processing industry on the 
basis of a set of macroeconomic information. Another remarkable network is the one 
with only one entry-exit variable, having a slight advantage over the VAR model. 
What is most important, the worst prognostic features, according to our assumptions, 
are represented by the linear regression model.
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