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Abstract: To a degree the financial crisis influenced all dggan countries but the

most affected are the PIGS (Portugal, Ireland, Gread Spain). We investigated the
effect of the financial crisis on the predictiorcaacy of artificial neural networks on

the Portuguese, Irish, Athens and Madrid Stock Brgk. We applied three-layered
feed-forward neural networks with backpropagatitwodthm to forecast the next day

prices and we compared the paper returns achiesfedeband after the recent financial
crisis. This method failed in forecasting the diil@t of the next day price movement
but performed well in absolute price changes. H®xeit achieved better results than
the strategy based on technical analysis in thegdrefore the crisis. On the other
hand, technical analysis performed better duriegctisis.
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Introduction

Lane and Milesi-Ferretti O probed possible diffexes across European economies in
their vulnerability to shift in global imbalanceShere is a bi-modal distribution of
account balances within the European economy. Wbile group runs sizeable
surpluses, Portugal, Ireland, Greece, Spain antt&lemd Eastern European countries
have deficits of a magnitude similar to the US defiThe correction of global
imbalances involves an increase in global interat&s with a positive impact on the
financial terms of trade of countries with a postinet debt and position and a
corresponding negative impact on countries withegative net debt position. This
analysis was confirmed in the recent financialienghere Portugal, Ireland, Greece,
and Spain (hereinafter PIGS) became the most effdetiropean countries. According
to the study executed by Rose and Spiegel 0, thdithe evidence that the intensity of
the crisis across countries can be easily modekéty quantitative techniques. Hence
we tried to undertake research focused primarilytlos prediction of stock price
indexes using artificial neural networks.

The prediction of complex stock market data reguirenlinear techniques 0. Artificial
neural networks (ANNSs) are a significant tool fohgng classification and prediction
problems and therefore attract a great attentiom fthe field of financial markets.
ANNs mimic the human brain in two aspects: inforimais collected in ANNs during

learning and connections between neurons (synapdights) are used to store
knowledge. ANNs are able to supplement or substithtistical estimations and
technigues of Moving Averages 0 used in techninalysis.

Halbert White 0 was the first to apply ANNSs to thrediction of stock prices in 1988.
He employed the feed-forward network to analyzedhiy stock returns of IBM. He
did not find any predictive rules but his resegoointed out the prediction potential of
ANNs on stock markets. Recently there is an aburelaf studies attempting to
forecast the price levels of international stockrkat indices 0000. Researchers
suggest utilizing ANNsfor a trading strategy to encourage higher retutren
alternative strategies 00. Our goal was to setrudNIN model with a good prediction
performance in price changes to create a profitalzlding strategy on analyzed
markets.

Aim and methodology

The objective of our research was to build a preaticsystem with a capability to
forecast closing prices of Portugal PSI GeneratePhndex, Ireland SE Overall Price
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Index, ATHEX Composite Price Index, and Madrid SEn@&ral Price Index. As an
alternative strategy for paper return comparisdrading strategy based on technical
analysis was built.

Analysis of price indexes

The descriptive statistic for daily returns of grindexes (Fig. 1) shows differences in
logarithmic return during the analysed periods. Vaeance in returns is higher during
the crisis for each index, which confirms the highelatility on stock markets during

unstable phases of economic cycles. The analysednsehave negative relative

skewness which implies frequent small gains and dgtkeme losses except Portugal
PSI General and Madrid SE General during the cpsisod. The excess kurtosis is
leptokurtic for each of analysed stock return altiio for the period during the crisis
the frequency of extremely large deviations fromamds higher than a normal

distribution. The lowest kurtosis during the crigiscomparison to period before the
crisis is observable only in returns of ATHEX Corsjte Price Index.

Fig. 1 The descriptive statistic of logarithmic returns on price indexes of PIGS
countries before and during the financial crisis

PORTUGAL  IRELAND SE ATHEX MADRID SE

PSIGENERAL  OVERALL COMPOSITE GENERAL
Mean 1E-05 (8E-05) 2E-04 (-4E-05) -5E-04 (7E-05) -9E-05  (10E-05)
Mean Error  2E-04 (8E-05) 3E-04 (1E-04) 4E-04 (1E-04) 3E-04  (1E-04)
Median 2E-04 (2E-04) 0.000 (9E-05) 0.000 (3E-05) 1E-04  (2E-04)
St. Dev. 0.007 (0.004) 0.009 (0.005) 0.010 (0.005) 0.009  (0.005)

Variance 4E-05 (1E-05) 8E-05 (3E-05) OE-05 (2E-05) 7E-05  (2E-05)
Kurtosis 10.458 (5.641) 5.601 (4.626) 1.792 (3.367) 6.657  (3.703)
Skewness 0.155(-0.866) -0.646 (-0.224) -0.121 (-0.124) 0.420  (-0.170)
Minimum  -0.046 (-0.026) -0.061 (-0.029) -0.044 (-0.028) -0.042  (-0.032)

Maximum 0.044 (0.015) 0.042 (0.033) 0.040 (0.033) 0.060 (0.027)
Note: Entries in brackets correspond to the vahafere the crisis.

Source: Authors

We tested the null hypothesis of equal mean retwitisin two periods (before and
during the crisis) to test the weak form efficiermy selected markets (Fig. 2). The
rejection of null hypothesis indicated a specifisservable pattern in the Greece stock
market returns and a possibility to build a prdfigatrading strategy.
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Fig. 2 T-statistic for distribution comparison of logarithmic returns on priceindexes
of PIGS countries before and during the financial crisis

Logarithmic returns before crisis Logarithmic returns during crisis

p-value t-statistic
PORTUGAL PSI GENERAL 0.554 0.592
IRELAND SE OVERALL 0.134 1.498
ATHEX COMPOSITE 0.018 2.364*
MADRID SE GENERAL 0.326 0.983

* rejection at significance level = 0.05

Note: The table represents t-statistic for diffeesin forecasting errors measured as absolute
differences between the real and the forecastedesalOnly ANNs with the best prediction
accuracy for each price index and different gronfgsputs were used for final comparison.

Source: Authors

Artificial Neural Network for stock market forecasting

Artificial neural networks are composed of simpleneents operating in parallel. Like
in a biological nervous system, the function of AN determined mostly by the
connections between elements. With the explicittkedge about target values the
network is able to “learn” by adjusting the valuestween connections (weights
between elements).

The feed-forward neural network (FFNN) is one of thost applied ANNs for one-
step ahead stock return forecasting. The topolddgyFNN is designed as a network
with one input layer, one or more hidden layers and output layer (a three-layered
network). Each neuron from the input layer is catee with each neuron in the
hidden layers and each neuron from hidden layelimked with each neuron in the
output layer.

FENN is used to process information from one latgeithe next by an activation
function. Theth node in the hidden layer is defined as

gj = fj(aoj +Xisj Wijxi)v (1)

wherex; is the value of théh input nodefj(.) is a logistic activation function
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f](Z) _ exp(z) (2)

1+ex p(z)’

agjis called the bias, the summatierj means summing over all input nodes feeding
to j, andw; are the weights.

For the output layer the node is defined as

0=/, (%o +Ys0 Wjogj)' (3)
where the activation functidiis linear.

0 =0y, t+ Zfﬂ WioJj» 4)

wherek is the number of nodes in the hidden layer. Comigitthe layers in one also
allows for a direct connection from the input layerthe output layer, the output of
FFENN can be written as

0=f,+ [%o 2ji-1Wjodj (Ofoj + Xinj wij xi)], ®)

where the first summation is summing over the inpoides 0. There is no
transformation in the output unitg (§ an identity function).

The application of ANN involves two steps. Theffistep is to train the network (in-
sample analysis) and the second step is to exdhetdorecasting (out-of-sample
analysis). The available data for network trainsmdefined as

{re.x |t =1....T}, (6)

Pt

= In——y (7)

Pty

wherex, denotes the vector of inputsis the logarithmic stock return in a given period,
P, is a stock price in timg ando, is the output of the network.

Fitting criterion of the least squares can be uiethg the network training. To ensure

the smoothness of the fitted function the Levenidéegquardt back propagation
learning algorithm can be applied

S2=3YT_ (r, — 0,2 9
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The data used for the analysis employing ANWse 5,901 daily closing prices for the
period of 9/30/1988 to 5/13/2011. Daily normalizddsing prices were used as inputs
into ANNs. Normalization was used to reduce the range ofdhkaset to values
appropriate for inputs (the range between 0 ardkfiped as

_ y-min
x= max—min’ (9)
wherex is the normalized variablg, is the variable before normalizationin is the
minimum value andnax is the maximum value of variable during the refeeeperiod.

The 90% of the entire dataset was used to traiméftvwork (in-sample analysis). The
rest of the data were used in the second stepdouex the forecast (out-of-sample
analysis) and to calculate the profitability of tsteategy. The data were divided into
two non-overlapping subsamples in the trainingestadne first 90% subsample of the
training dataset was used to estimate the parasnefea given FFNNTo prevent
overtraining the remaining 10% of the training sarbple was used as a validation set.
These data were used to test the generalisatitity atbithe network.

FENN has been used with a different number of neuia the hidden layers. The
number of neurons in the input layer which corresieal with the length of the input
vector was stable. A 5-day delay of each inputaldei was used to set up the input
matrix. The number of neurons in the hidden layarsed from 1 to 7. The aim of the
testing was to predict one variable (next day ogsrice); therefore, the number of
neurons in the output layer was set to 1. ANNs wifferent topologies were created
and ANN of every topology was trained. The critariaf stopping training was set to
99% prediction accuracy and 250 cycles if no pregneas attained. After attaining
this goal, the training was stopped. The investidaget up is depicted in Fig. 3. The
forecast accuracy of networks with the best peréorce for each index were analyzed
beforé the financial crisis (03/22/2002 — 09/12/2008) addring the crisis
(09/15/2008 — 05/13/2011). This required dividihg testing (out-of-sample) data into
two samples. The paper returns achieved with Huirtg strategy based on the forecast
of the ANN for both periods were compared to the profitapilit the strategy based on
technical analysis.

% We considered the bankruptcy of the investmentkbashman Brothers as the critical point for
distinguishing between the periods. The period teefwisis excluded the time period used for in-damp
analysis of Neural Network during training.

4 We assumed that the slump still remains in théyaad countries.
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Fig. 3 Scheme of the prediction system using feed-forward neural networks with
stock prices and indicators of technical analysis used asinputsinto network

Input Hidden Output layer
Data layer layer
Daily closing prices | transformatio
"] nto matrix

Forecasted
closing
prices

Source: Authors

Only ANNs with the best prediction accuracy for eatock and input groups were
used for the final performance comparison. The iptieth accuracy of FFNNnodels
was compared using Square Error (RMSE), Mean Absdercentage Error (MAPE),
and Mean Absolute Error (MAE) defined as:

RMSE = /% " (e — PO (10)

MAPE =2

n

Ve—Dt
Ve

(11)

t=1
MAE =%Z7t1=1|vt_pt|v (12)

wheren is number of forecasting period,is actual time series value at timeandp;
is the predicted value of time series.
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Technical Analysis in stock market forecasting

The technical analysis is an approach of finanaoiarket prediction based on an

analysis of historical prices to predict their pabke future values. Technical analysis
uses two elementary tools — the analysis of ctigigad lines) and the analyses based
on technical indicators 0. An indicator is a mathéoal calculation that can be applied

to a security price and/or volume fields. The remub value that is used to anticipate
future changes in prices.

The Moving Average Convergence Divergence (MACDAduis our analysis is a trend
following momentum indicator. The MACD shows thdat®nship between two

moving averages of prices (26-day and 12-day exgt@alanoving averages). As the
“signal” line to show buy/sell opportunities a 9ydexponential moving average line
was utilised. The signals for long positions weemerated when MACD line crossed
above the signal line (9-day EMA of MACD) and sefossover occurred when
MACD crossed down the signal line. We applied atsttategy in the situation when
no signal was created.

Trading strategies

To compare the profitability of trading strategiesed on MACD and neural network
the paper return was considered. The initial amadinrhoney for trading was set to
10,000 EUR for both trading strategies and for batference periods, before and
during the crisis. The transaction costs were @edurom the calculations and during
the observed periods, the maximum available amotimioney was invested all the
time (depending on the price of shares). All geteglabuy/sell/hold signals were

considered (in case of neural networks the repgakiny or sell signals were

considered as a hold signal). When NN forecast® gasignal for selling at the

beginning of the period, the allowed shortage armhawas set to 10.000 EUR and was
covered by the next buy signal.

The trading strategy based on neural network fatefodowed rules:
Pes1 > v — buy (13)

Des1 < v, — Sell (14)
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If the forecasted value for the following day waghter than the actual closing price,
we bought the stocks. Reversely, if the forecastdde for the following day was
lower than the actual closing price, we sold theamt of stock which was available
according to our disposable amount of money remgifriom the previous trade. If the
buy/sell signal continued, we kept the hold poaitio

Results

Only the topologies of networks with the best perfance for each stock were used
for final comparison. The performance of ANNs witie best prediction accuracy for
each stock achieved in the two analysed perioddescted in Fig. 4. Entries in
brackets represent the forecasting error for theogebefore the crisis. Apart from
ATHEX Composite Price Index, the forecasting emocording to all error measures
was lower in period during the crisis. This resuggests that the strategy based on
neural network forecast should be more profitableéhie period during the crisis at
least for Portugal, Ireland, and Madrid Price Index

Fig. 4 Performance comparison of feed-forward artificial network on price indexes
of PIGS countries

MAE RMSE MAPE
PORTUGAL PSI GENERAL 0.067 (0.249) 0.087 (0.437) .82D (4.664)
IRELAND SE OVERALL 0.107 (0.492) 0.119 (0.786) 619 (8.028)
ATHEX COMPOSITE 0.209 (0.206) 0.268 (0.245)  2.04B.617)
MADRID SE GENERAL 0.143 (0.778) 0.188 (1.019)  §10.508)

Notes: This table reports results from varianceodgmosition for the frontier emerging markets
and the developed markets in the period before danthg the crisis. Entries in brackets
correspond to the values before the crisis period.

Source: Authors

We confronted the absolute difference betweendhkand the forecasted values in the
period before and during the crisis using T-statifffig. 5). We confirmed that the
difference in the prediction accuracy before andnduthe crisis is significant across
analysed indexes. The forecasting error in theogdoefore and during the crisis was
not proved as significant only for ATHEX.
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Fig. 5 T-statistic for distribution comparison of feed-forward artificial networks
applied on PI GS stock markets before and during the financial crisis

Forecasting error before crisis Forecasting error during crisis

p-value t-statistic
PORTUGAL PSI GENERAL 8.1E-39 13.268*
IRELAND SE OVERALL 2.2E-58 16.558*
ATHEX COMPOSITE 0.62300 0.492
MADRID SE GENERAL 1.7E-46 14.632*

* rejection at significance level = 0,05

Note: The table represents t-statistic for diffeesiin forecasting errors measured as absolute
differences between real and forecasted values; ®NNs with the best prediction accuracy for
each price index and different groups of inputsengsed for final comparison.

Source: Authors

The profitability of trading strategies based omnaé networks and technical analysis
are shown in Fig. 6. Trading according to MACD oator showed more optimistic
results when predicting the price during the finaherisis. All observed stocks
showed positive returns from which the Athens StBgkhange obtained the highest
percentage return of 251.01%. Portuguese Stock dfxgeh earned 89.36%, Irish
48.35%, and Madrid Stock Exchange 12.72%. Whenihgpkt the period before the
crisis, all positions ended with losses out of whibe Portuguese was the highest (-
40.76%). The trading strategy based on neural rm&svachieved generally lower
returns in comparison to the technical analysisvéie@r ANNsperformed better in the
period before the crisis except the Irish Stock Mawvhere the return was -18.24% in
comparison to -4.15% achieved by MACD. The averagern before the crisis gained
with the neural network was 5.61% in comparison-26.92% with the Technical
analysis. The strategy based on neural networks praftable both in the period
before and during the crisis for the Portuguese Madrid Stock Exchange. On the
other hand, for the Irish and Athens Stock Exchahgereturns were negative both in
the period before and during the crisis. The comiplar results within the analysed
period were expected in ATHEX Composite Price Indecause the difference
between forecasting error means was not rejected.
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Fig. 6 The comparison of paper returns achieved by trading strategy based on neural
network and technical analysis® applied on Pl GS stock markets

Neural Network MACD
PORTUGAL PSI GENERAL 36.83  (21.28) 89.36  (-40.76)
IRELAND SE OVERALL -31.83  (-18.24) 48.35 (- 4.15)
ATHEX COMPOSITE -31.28 (- 6.29) 251.01 (- 20.30)
MADRID SE GENERAL 87.91 (25.69) 12.72 (- 38.45)

Note: The table represents the paper return (inofdyading strategies with initial amount of
10,000 EUR excluding transaction costs. Entriebrackets correspond to the values before the
crisis period and only neural networks with thetbesrformance for each Price Index were
considered.

Source: Authors

We can conclude that during the crisis the strateged on MACD seems to be more
appropriate while before the crisis the neural oekw performed better. Better

performance in the period before the crisis wasciatted according to a lower

absolute error between the real and the forecastlegs in comparison to the period
during the crisis.

Conclusion

This article focused on the analysis of the predhidity of PIGS Stock Markets before
and during the financial crisis. The neural netvwgoi&led in forecasting the direction
of next day price movement but performed well irsabte price changes. When
comparing the profitability of the trading strateg)i the strategy based on the technical
analysis was more profitable during the crisis eliile strategy based &hN forecast
performed better in the period before the crisigh@dugh the ANN strategy seemed to
be more stable because of a lower variance innetuhe MACD strategy always
achieved a positive return in the period duringahsis. ANN did not perform well in
forecasting extreme changes in stock prices irpdr®d of huge bubbles appearing in
Portuguese, Irish, and Spanish stock markets.

® The table reports the percentage of paper retwiike only the Neural Networks with the highest
achieved prediction accuracy was used.
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Hence, a different trading strategy of the neuetimork should be tested and more
evidence is needed to prove the results achievéaisnstudy. The proposed analysis
undertaken on other European national stocks wdnddhelpful to provide an
exhaustive comparison of differences in returnteefand during the crisis within
Europe. Another interesting issue is also the 8doan the post crisis period.
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Attachment

Fig. 7 The prediction accuracy of neural network modelsfor price indexes
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