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Evolino Recurrent Neural Network Ensemble for 
Speculation in Exchange Market in Time of Anomalies
Nijolė Maknickienėa and Algirdas Maknickasb

aDepartment of Finance Engineering, Vilnius Gediminas Technical University, Vilnius, Lithuania; 
bLaboratory of Numerical Simulation, Institute of Mechanics, Vilnius Gediminas Technical University, 
Vilnius, Lithuania

ABSTRACT
Sharp falls or explosive growths in exchange markets, whether 
expected or not, generates new challenges for investors who 
want to protect their investments or achieve an optimum ben-
efit during and after the turmoil. An anomaly of the exchange 
market, instigated by the Swiss National Bank, occurred when 
the Swiss Franc decoupled from the euro unexpectedly. The 
United Kingdom (UK) vote to withdraw from the European 
Union (Brexit), in contrast, was feared but expected. 
A comparison of the consequences of the anomalies gives us 
an unprecedented opportunity to investigate prediction cap-
abilities of the EVOLINO Recurrent Neural Network Ensemble 
(ERNN) model following an anomaly. By introducing this new 
information to the ERNN model and analyzing its response, we 
increase investor resources during large exchange rate fluctua-
tions; this will provide them with additional information that will 
help them construct different portfolios. Reaction to the anom-
aly was visible only after the anomaly occurred, this is when the 
model began to acquire data influenced by the extreme change. 
Comparing different strategies which are related or unrelated to 
the anomaly and orthogonal or not orthogonal for conservative, 
moderate, or aggressive trading shows that in order to profit 
from the anomaly, speculation depends on prediction-accuracy 
and on the sets of exchange-rate associated with the anomaly.

Introduction

A sudden change in the financial market that conflicts with the effective market 
hypothesis and other patterns of consistent markets is called a financial market 
anomaly. A currency market anomaly is often a sharp fall in the exchange rate or 
sometimes – its explosive growth. Investors are interested in anomalies for two 
reasons: to save an investment or to benefit from the sharp fluctuations in 
exchange rates. Therefore, it is important to recognize anomalies in chaotic 
currency fluctuations and to prepare for any possible surprises.

Anomalies in the finance market can be expected or unexpected. Schwert 
(2003) investigated different effects of finance market anomalies: size, value, 
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weekend, day-of-week, dividend-yield, and small-firm turn-of-the-year effects. 
Lamont and Thaler (2003) investigated the effects of low price in a financial 
market. Avramov and Chordia (2006) investigated asset pricing models in 
order to explain the size, value, and momentum anomalies. Stock market 
anomalies were later investigated in more detail. The most significant anomaly 
in economics is the “quality anomaly”; this occurs when stocks with high 
profitability ratios tend to outperform on a risk-adjusted basis (Novy-Marx 
2013).

Investor behavior is an important variable in trading. Developing trading 
strategies and adhering to them, despite hope and fear, is often shaped by 
investor opinions about possible finance market changes. These predictions 
form the basis of investor expectations and their subsequent decisions. Ter 
Ellen, Verschoor, and Zwinkels (2013) tested three different strategies on the 
disaggregated expectations primarily, momentum trading, Private Placement 
Programs (PPP) trading and interest rate trading strategies. The study by 
Stambaugh, Yu, and Yuan (2012) explores the role of investor outlook for 
a broad set of anomalies in cross-sectional stock returns. They investigated 
three statements: the first, that the anomalies should be stronger following 
periods of optimistic investor outlook; the second, that the short-leg of each 
long-short anomaly strategy should have lower returns (greater profits) fol-
lowing optimistic outlooks than following negative outlooks, and finally, that 
sentiment exhibits no relation to returns on the long-leg of the strategies.

Finance market anomalies are closely related to changes in the economy. 
Kontonikas and Kostakis (2013) investigated the impact of United States 
monetary politics on stock market anomalies. Authors show that value, 
small capitalization and past loser stocks are more exposed to monetary policy 
shocks in comparison to growth, big capitalization and past winner stocks. 
The dynamic nature of stock prices are used like leading indicators in eco-
nomic forecasting. Cella, Ellul, and Giannetti (2013) investigated 
a quantitative link between some market anomalies and investor behavioral 
biases. Research into endogenous growth examines the positive correlations 
between: stock returns and aggregate economic activity; stock returns and 
investment (Subrahmanyam and Titman 2013). Maghrebi, Holmes, and Oya 
(2014) investigated the short-term dynamics of volatility expectations during 
periods of financial instability. Shu and Chang (2015) investigated models that 
can adequately interpret prominent financial market anomalies, such as: high 
volatility; bubble and crash formation; the relationship between investor out-
look and asset prices; the relationship between investor outlook and expected 
returns.

Portfolio construction is also an effective tool for trading in the stock 
market as it protects investments against unexpected changes in stock, 
exchange rate, or capital market. Israel and Moskowitz (2013) investigated 
different portfolios with different impact predictions of market anomalies. 
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Chu, Hirshleifer, and Ma (2015) find that anomalies become substantially 
weaker on portfolios constructed with pilot stocks during the pilot period. 
This effect comes about from short periods of trading by anomaly portfolios. 
Bouchaud et al. (2016) proposed and tested a model that predicts that the 
quality (or “profitability”) anomaly arises if market participants update expec-
tations of the future profits too slowly or if the level of profits can be predicted 
by persistent publicly observable signals. Novy-Marx and Velikov (2016) 
analyzed 23 of the best known, and strongest performing, anomaly strategies. 
The authors also quantify how much new capital could be devoted to trading 
each strategy before marginal traders and whether or not they would find the 
strategies profitable. Marginal traders are defined as those who trade the latest. 
The January effect and short-term autocorrelations of market returns were 
investigated by Jones and Pomorski (2016). The accounting for decay has 
a substantial impact on portfolio choice and allows anomalous returns to 
shrink over time. Predictive return models may be an important component 
of active investment strategies once those models allow for the possibility of 
decay.

Exchange markets anomalies are related to market inefficiency. Results of Li 
and Miller (2015) imply that the existence of forex market inefficiency is 
consistent with many puzzling facts about exchange rates. Market rationality 
is the dominant paradigm in order to organize and rule the markets. Yalcin 
(2016) investigated the possible reasons of observed market anomalies and 
whether they are the powerful sign for inefficiency of the market. Impact of 
anomalies of finance market to economic growth, solving financial fraud 
detection problems, an attempt to understand the irrationality of financial 
markets require the innovative tools for predicting and pattern recognition. 
Ahmed, Mahmood, and Islam (2016) present an in-depth survey of various 
clustering based anomaly detection technique and compares them from dif-
ferent perspectives.

Accurate prediction and financial anomaly identification using artificial 
intelligence tools are the important tasks for investors and speculators. 
Namazi, Shokrolahi, and Maharluie (2016) investigated the possibility of 
identification and ranking of significant factors that affect the free cash flow 
risks through artificial neural networks.

Unexpected events, anomalies are found not only in the financial markets; 
they are also found in: volatile climate changes like temperature, rainfall, 
extreme flooding, and spring snow; and catastrophes like earthquakes, tsu-
nami, and many others. Scientists’ experience in predicting and recognizing 
anomalies has great value. Malhotra et al. (2015) use stacked Long Sort Time 
Memory (LSTM) networks for anomaly/fault detection in time series. 
A network is trained on non-anomalous data and used as a predictor over 
a number of time steps. Acharya et al. (2014) used the concept and the 
implementation strategy of extreme learning machine (ELM) and developed 
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multi-model ensemble (MME) by implementing ELM approach to predict 
rainfall. The results of the paper depicted that the MME can efficiently predict 
extremes in rainfall. Zafari et al. (2014), Gupta, Kumar, and Kumar (2016) 
investigated the differential evolutionary and genetic algorithms used in 
finance market prediction. Prediction models, based on an ensemble of evolu-
tionary neural networks, developed by physical scientists provide additional 
resources for financial analysts. In fact, the main component of Evolino is 
LSTM memory cell.

The aim of the paper is to investigate the anomalies of exchange market 
created by the unexpected Swiss National Bank (SNB) intervention and the 
expected the United Kingdom (UK) vote to withdraw from the European 
Union (EU) or Brexit. Our research investigated how the EVOLINO 
Recurrent Neural Network Ensemble (ERNN) model forecast reactions to 
anomalies. The next task was to examine the investors’ ability to save invest-
ments or make profit from large exchange rate fluctuations by constructing 
different portfolios.

Examples of Exchange Market Anomalies

The reasons for anomalies in exchange market can be very different: from 
natural disasters, wars, geopolitical events, banking interventions, and others. 
We observed some of them in a period of 5 years. Unfortunately, anomalies 
come on suddenly and so it is difficult to properly prepare for its investigation.

On 11 Mar 2011, Japan was shaken by a 9.0 magnitude earthquake that was 
followed by a tsunami. The tsunami caused nuclear accidents in the 
Fukushima Daiichi Nuclear Power Plant complex. Figure 1 shows reaction 
of exchange market to this natural disaster. The anomaly is labeled with a dash 
ellipse.

At the moment of disaster (vertical dash line), exchange rates did not react 
strongly: EUR/JPY maximal-minimal day values fell 2.082 points, open-close – 
0.703, USD/JPY fell 1.642 and 1, respectively. The Bank of Japan offered 15 
trillion (US 183 billion) to the banking system on 14 March in an effort to 
normalize market conditions. Problems with three reactors in the Fukushima 
Daiichi Nuclear Power Plant complex caused even greater market reactions: 
EUR/JPY daily max-min fell by 6,653 on 16 March, open-close – 2.915, on 
17 March the max-min fluctuated 5.809 points, open-close growth was 5.188. 
USD/JPY daily max-min fell down 4,466 at 16 March, open-close 1.842, at 
17 March max-min fluctuated 3.584 points, open-close growth 2.824. The 
Bank of Japan managed to stabilize the market and the currency market 
fluctuations and was normal by the end of March. Natural disasters and 
their effects on the country’s economy are hardly predictable. Investors, in 
this case, did not have big losses because the exchange rate quickly recovered 
or a “stop loss” was used.
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On 15 January 2015, the Swiss National Bank (SNB) suddenly announced 
that it would no longer hold the Swiss franc at a fixed exchange rate with 
the euro. Investors like the Swiss franc as it is a safe asset with low risk. The 
Swiss government runs a balanced budget with low inflation in the country. In 
addition, large foreign-exchange reserves and other reasons make the Swiss 
franc stable and strong. So this banking intervention generated big losses for 
investors and a number of hedge funds across the world. Figure 2 displays the 
reaction of EUR/CHF and USD/CHF to the SNB action.

At the moment of banking intervention, on 15 of January 2015, the 
exchange market reacted very strongly: EUR/CHF fell 0.18805 points (max- 
min 0.23029), USD/CHF – 0.14917 points (max-min 0.18729). This was 
followed by a small rise, a fall again, and finally the exchange rates began to 
slowly stabilize. USD/CHF rebounded only in the middle of March, and the 
EUR/CHF remained approximately 0.13–0.14 points below the value at the 
time of the banking intervention.

Prediction of anomalies based on banking interventions depends on accu-
rate and timely information. Informed investors who outsource can see a big 
benefit. Uninformed investors can be helped by luck or using “stop loss.” 
Losses can be reduced by diversifying risk via an orthogonal portfolio. 
Kvietkauskienė and Maknickienė (2015) compared losses at the moment of 
described anomaly using orthogonal and not orthogonal portfolios.

Figure 1. The reaction of EUR/JPY and USD/JPY to tsunami in Japan on 11 Mar 2011.
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The third anomaly observed in the foreign exchange market is a political. 
The British exit from the European Union, or Brexit is an example of this. On 
23 June 2016, British citizens voted for the UK exit from the EU. It was 
possible to expect and anticipate that the market would react, whatever the 
outcome of the vote. Figure 3 shows the reaction of EUR/GBP and GBP/USD 
due to voting.

Reaction of exchange rates related to this anomaly was very strong: EUR/ 
GBP growth 0.04650 points (max-min 0.07128), GBP/USD fall 0.1218 points 
(max-min 0.1659) in first day after voting; this trend continued for 9 days and 
then stabilized but did not return to previous levels even after 2 months.

The example cases indicate that the main reasons for the abnormalities in 
the currency market were natural or man-made: natural disasters, banking 
interventions, and geopolitical changes are only a few examples. Investors and 
speculators at the time, faced with the need to preserve investment, found ways 
to reduce losses or benefit from the huge fluctuations.

Prediction Model Based on Evolino RNN Ensemble

Prediction of exchange rates involves two different paradigms. The first 
paradigm states that future information is a continuation of past informa-
tion. Many econometric techniques, such as moving averages and regression, 
are based on this approach. Can they predict the exchange rate variation 

Figure 2. The reaction of USD/CHF and EUR/CHF to banking intervention 15 Jan2015.
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anomalies? It is hardly possible. Furthermore, data anomalies affect the 
subsequent forecasts, even if the exchange rate quickly recovered. 
The second paradigm states, that future data can be chosen from 
a distribution of possibilities. We aim to combine these two approaches 
and to identify opportunities to recognize the upcoming anomaly, predict 
behavior of exchange rate during and after the time of anomaly, and reduce 
the risk of investment. The solution to this problem may be complex, 
combining forecasting based on artificial intelligence and the creation of 
portfolio using modern portfolio theory. The support system for the investor 
is shown in Figure 4. It consists of five steps:

First step. Preparation of historical data. For the first input, we use historical 
data of exchange rates. What we want predict is: GBP/AUD, NZD/CAD, EUR/ 
JPY, USD/CHF, EUR/USD, GBP/USD, USD/JPY. For the second input, we 
use historical data of gold prices in USD. The selection of which ranges of 
historical data to choose for this input was investigated by Maknickienė and 
Maknickas 2013). Prices of gold had not any anomalies when exchange rates 
had anomalies. The second input, like a “teacher” of neural networks, can not 
help to predict anomalies but can stabilize the accuracy of the prediction after 
the anomaly.

Figure 3. The reaction of GBP/USD and EUR/GBP to voting for “brexit” on 23 June 2016.
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Second step. Forecasting. The model is based on EVolution of recurrent 
systems with Optimal LINear Output (Evolino), proposed by researchers 
Wierstra, Gomez, and Schmidhuber (2005) and Schmidhuber, Wierstra, 
and Gomez (2005). Our constructed forecasting model is an ensemble of 
176 Evolino recurrent neural networks (ERNN). Each Evolino RNN uses 
two inputs, different historical data sets and predicts in one time, in 
parallel. Investigation of the prediction model is presented in papers by 
Maknickienė and Maknickas (2013); Maknickienė and Maknickas (2016). 
The result of the prediction is the distribution of the expected values.

Third step. Evaluation of the prediction. A multimodal distribution has 
a shape, mode value, and standard deviation. Calculation of profit and loss 
probabilities is generated according to the last known value or closing value of 
previous day. Some methods of evaluation of this combination of distributions 
were investigated in previous work: high-low strategy (Stankevičienė, 
Maknickienė, and Maknickas 2014); and UK-New York time zones 
(Maknickiene and Maknickas 2016). Investigation of distribution parameters 
before, at moment and after anomaly will be presented on the next section of 
the paper.

Fourth step. Portfolio constructing. The investment portfolio is composed 
in proportion to the probabilities of predicting profit.

Fifth step. Testing. Development of the support system, evaluation of pre-
dictions methods, and trading strategies are al examined via a real-time plat-
form. This means that the efficiency, rationality of market, and psychology of 
investor are included in the testing of the prediction model. Support systems 
provide the additional information needed for decision-making in the finance 
market. Solutions of informed speculators have an advantage compared to the 
uninformed market participants.

Figure 4. Scheme of support system for investor based on ERNN ensemble.
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Investigation of Exchange Market Anomalies

Our research compares two anomalies: the unexpected Swiss National Bank 
(SNB) intervention on 15 January 2015th and the expected vote of the British 
exit from the European Union (Brexit) on 23 June 2016. We prepared to 
explore the possible abnormality in two ways. First, do parameters of predic-
tion by our support system reflect the foreign exchange market anomaly? 
Distribution of expected values has a shape of multimodal distribution. The 
most common mode is one, rarely two modes, even more rarely three or more 
modes. The standard deviation describes the riskiness of the decision. When 
standard deviation rises to 20% of its value, the trading decision is “too risky to 
trade.” Skewness and excess kurtosis indicate the closeness of the predicted 
distribution to a normal distribution. Mode I is the most likely predicted 
exchange rate value. Real max and min values help determine the predictive 
accuracy. Investigation of accuracy of prediction prior, during, and after an 
anomaly determines the dynamics of forecasting and the change in the 
reliability of the prediction. The second task investigates different portfolios. 
Which trading strategy is better for saving the investment during the signifi-
cant changes of exchange rates? What opportunities arise for speculators due 
to the high exchange rate fluctuations?

Prediction by ERNN Ensemble

Our model, based on an ERNN ensemble, gives the distribution of expected 
values for the next day in New York time. It uses 2 years of historical data for 
calculating the prediction.

The Swiss National Bank (SNB) intervention, the Swiss francs decou-
pling from euro on 15 January, was an unexpected event for traders. Our 
daily trading in the exchange market allows for an assessment of the 
ERNN ensemble forecasting. The investigation interval is from 
12 January 2015 to 23 January 2015. This includes 3 days before banking 
intervention, the day of SNB action, 2 days of maximal reaction, and 3 
days after reaction. The exchange rates selected for the investigation are: 
USD/CHF; like rate of Switzerland and EUR/JPY; like rate related to the 
Euro. Table 1 presents the reaction of prediction of USD/CHF to SNB 
anomaly.

The forecast of 21 January was not used as the data exceeded the limits. 
Standard deviation from 20 to 23 January exceeds the exchange rate value 
threshold by 20% and trading using the ERNN ensemble becomes very 
risky. Losses in trading within the line of accuracy, labeled with a “minus” 
sign, began the first day of intervention. Accuracies of predictions signifi-
cantly worsened from 16 of January and returned to the previous level only 
after 5 weeks. Prediction of EUR/JPY is presented in Table 2.
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The extreme change in the exchange rate on 15th January impaired histor-
ical data and prediction such that data from 21 of January could not be used. 
Standard deviation arising from the first day of SNB intervention resulted in 
risky trading. The accuracy of prediction worsened 1 day before intervention.

The vote on the United Kingdom withdrawal from the European Union was 
not unexpected; therefore, it was possible to presume that the financial mar-
kets would react. As a result, we prepared to explore every possible abnorm-
ality carefully.

The investigation interval is from 20 June 2016 to 1 July 2016: 3 days before 
Brexit, voting day, day of maximal reaction, second day of reaction, and 3 days 
after reaction. Exchange rates, selected for investigation, are GBP/USD, GBP/ 
AUD, like rates of UK and EUR/USD, and EUR/JPY like rates related to 
European Union (EU).

Table 3 presents predictions of GBP/USD by the ERNN ensemble to 
anomaly names Brexit. Parameters of the prediction distribution do not 
predict the anomaly on 24 June 2016. Differences in the shape of distribution 
were visible only on 27 June for 4 significant modes. The reaction, seen on data 
that showed big fluctuations, was influenced by the standard deviation of the 
original prediction from 27 June to 1 June and the accuracy of the prediction 
from 27 to 29 June. Table 3 presents predictions of GBP/USD by ERNN 
ensemble to anomaly names Brexit.

Prediction distribution parameters do not predict anomalies on 
24 June 2016. Differences in the shape of distribution were visible only on 
27 June for 4 significant modes. The reaction, seen on data that showed big 
fluctuations, was influenced by the standard deviation of the original predic-
tion from 27 June to 1 June and the accuracy of the prediction from 27 to 
29 June.

Table 4 presents data of GBP/AUD predictions for 20 June–1 July. Standard 
deviation changed only after Brexit fluctuations from 27 June. The accuracy of 
prediction fell from 24 June.

EUR/USD prediction parameters are presented in Table 5. Reaction of 
EUR/USD to the Brexit anomaly is minimal: only standard deviation and 
accuracy on 27 June is extremely more than usual.

Table 6 presents predictions of EUR/JPY before, during, and after the Brexit 
anomaly. The shape of the distribution of expected values was extremely 
different on the day of voting for Brexit (24 June). Reaction of prediction 
parameters was also delayed. Standard deviation increased and accuracy fell 
beginning 27 June.

Predictions by the ERNN ensemble before Brexit are like the usual predic-
tions during normal trading. Only one very high excess kurtosis value was 
observed on 21 June, GBP/USD. On the day before the vote, for the British exit 
from EU, had no reaction in market or in predicting. The market had an 
extreme reaction as a result of the vote, but our predictions by ERNN 
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ensemble were without reaction. Accuracy fell only for GBP/AUD prediction, 
but direction of change of exchange rate was predicted correctly, so profits 
were made, although not as large as in the exchange rate fell down. 
Fluctuations of exchange rates on the next day (27 June) were large. 
Predictions by the ERNN ensemble show extreme changes in standard devia-
tion, accuracy of prediction, and excess kurtosis. This reaction was influenced 
by the extreme change of data (24 June), used for prediction, and remained 
long after the anomaly: GBP/USD, GBP/AUD, EUR/JPY from 27 June to 
26 July, EUR/USD did not react.

Comparison of two anomalies shows that the prediction model based on 
ERNN ensemble is balanced for daily and weekly trade in the currency market 
and does not alert the investor about the anomalies which occurs very rarely. 
On the day of the anomaly can be very unprofitable for long time investors but 
not extremely dangerous for daily speculators, if they use the protections. 
Period after anomaly is very risky, because historical data, using by ERNN 
ensemble, are messed up.

Comparison of Trading Strategies

SNB intervention was an unexpected anomaly. We had daily trading in real- 
time demo trading platform by four exchange rates: GBP/AUD, NZD/CAD, 
EUR/JPY, and USD/CHF. Three strategies were tested: conservative, where 

Figure 5. Trading in time of SNB intervention by tree different strategies.
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assets are divided equally, moderate, where assets are distributed in proportion 
to the probability of profit, determined from the prediction distribution, and 
aggressive strategy, where asset is allocating only in two exchange rate with 
maximal predicted profit. The results of trading in period from 12th 
January 2015 to 26 January 2015 are shown in Figure 6.

All three trading strategies had losses induced by the anomaly named SNB 
intervention. After intervention, conservative and aggressive strategies contin-
ued to generate losses during trading. The moderate strategy had stable losses. 
Any continuation of losses, after intervention, was determined by abnormal 
historical data used in the calculation of prediction by the ERNN ensemble. The 
forecast, with a standard deviation that exceeded 20% of the exchange rate value, 
is not reliable. A real market speculator who would not trade for some time and 
wait until the forecasts became credible once again is sensible.

The investigation of an investor’s ability to save investments or profit from 
large exchange rate fluctuations is made by constructing different portfolios 
and testing them. The first portfolio is constructed from exchange rates related 
to GBP end EUR, its name is “related.” The second portfolio is called “not 
related” and it is constructed without GBP and EUR. The anomaly can be 
unexpected, so orthogonal and not orthogonal portfolios will be investigated 
as a result. Roll (1980) first introduced the term “orthogonal portfolio.” An 
orthogonal portfolio satisfies the equation: Σσiσjρij = 0 where σ is standard 
deviation (STDEV) of i or j exchange rate, ρij is correlation coefficient of i and 
j exchange rates. Correlation coefficients and standard deviations are shown in 
Table 7.

Since zero in the calculation of orthogonality is hard to reach, Σσiσjρij = ε is 
calculated as a measure of the proximity to orthogonality (Table 8).

The four portfolios were tested in a demo market. Three days before the 
Brexit vote were simple days for trading. Next, we use the voting day without 
market reaction and the two second days with highest fluctuations. The next 3 
days had lower fluctuations, but historical data used for calculating the pre-
diction reacted to anomalies of the exchange rates, as a result, the prediction is 
not accurate. “Take profit” is the label for the mode of distribution of expected 
values; profit depends on the prediction. “Stop loss” is the label for the STDEV 

Table 7. Correlations and STDEV of exchange rates.
GBP/AUD NZD/CAD EUR/JPY USD/CHF EUR/USD GBP/USD USD/JPY

GBP/AUD 1 −0.465 0.07 0.34 −0.6 −0.01 0.72
NZD/CAD −0.465 1 −0.26 −0.02 0.006 −0.24 −0.25
EUR/JPY 0.07 −0.26 1 −0.3 0.52 0.81 0.43
USD/CHF 0.34 −0.02 −0.3 1 −0.52 −0.54 0.26
EUR/USD −0.6 0.006 0.52 −0.52 1 0.68 −0.54
GBP/USD −0.01 −0.24 0.81 −0.54 0.68 1 0.1
USD/JPY 0.72 −0.25 0.43 0.26 −0.54 0.1 1
STDEV 0.123 0.03 751 0.03 0.02 0.08 6.72
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of the exchange rate; the risk of losing all assets as a result of an anomaly is not 
high.

The first strategy for comparing the four portfolios is conservative; asset 
allocation is equal for each currency pair. The second strategy is moderate; 
assets are distributed in proportion to the probabilities defined by the dis-
tributions of expected values. The third strategy is aggressive and is therefore 
more risky; assets are distributed only in the two exchange rates with the 
highest expectations.

Comparison of related and unrelated Brexit portfolios is shown in Figure 7 
using a black line and dotted line, respectively. Portfolios that are or are not 
orthogonal are shown in Figure 7 using a gray line and dotted line, respectively. 
The results show that unrelated portfolios are unable to win on the big exchange 
rate fluctuations since its profit line did not react to the anomaly. The other 
three portfolios demonstrate a huge leap caused by the significant fluctuations 

Table 8. Orthogonality of portfolios.
Portfolio Rates ε

Related GBP/AUD;GBP/USD;EUR/JPY;EUR/USD 0.63
Not related NZD/CAD;USD/CHF;EUR/USD;USD/JPY 0.05
Orthogonal NZD/CAD;USD/CHF;EUR/USD;GBP/USD −0.001
Not orthogonal EUR/JPY;USD/JPY;GBP/AUD;GBP/USD 22.90

Figure 6. Trading by conservative strategy.
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in exchange rates immediately after the vote Brexit. Later, profit slowly declined 
as forecasts become inaccurate due to the distortion of the historical data.

The comparison of four portfolios using the moderate strategy is 
presented in Figure 8. The portfolios that were unrelated to the anomaly 
had usual fluctuation of profit. Three other portfolios showed huge leaps 
on the day after voting: the highest was the orthogonal case, the next 
highest was the related case and finally the data that was not orthogonal 
showed the next highest returns. After the anomaly, three lines became 
close.

The aggressive strategy had the highest risk but also the highest opportunity 
for profit (Figure 9). Trading for the unrelated and not orthogonal portfolios 
did not react to the anomaly or profit from one exchange rate as it was 
compensated by the loss of the other. The related portfolio experienced 
a huge leap on the next day after highest fluctuation and preserved achieve-
ments for the next 3 days. Orthogonal portfolios had high leap of profit too, 
but after the line of profit declined.

The anomaly in the currency market offers great opportunities for spec-
ulators in the short run and great risk for long-term investment. Anomalies 
can be expected and unexpected. If speculator has information about oppor-
tunity of anomaly, it is appropriate to trade in foreign exchange rates related to 
the anomaly. If the anomaly is unexpected, trading success depends on the 

Figure 7. Trading by moderate strategy.
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accuracy of forecasts and on the sets of exchange rates linked with the 
anomaly.

Conclusions

An anomaly in the exchange rate market happens from time to time; as 
a result, it is important to investigate the trading strategies during those 
periods of time. The time during an anomaly is an important moment of 
market time. This happens when the future predictions are not determined 
by a sequential continuation of the past. In this case, models perform 
better if predictions are based on probabilities or distributions of possibi-
lities. The prediction model based on the ERNN ensemble is balanced for 
daily and weekly trades in the exchange market. The result of the predic-
tion is found via a distribution of expected values. Probability of extreme 
values is not zero; as a result, an investor must be ready for anomalies.

Parameters for predicting distributions do not alert the investor about the 
anomalies. Reaction to the anomaly was visible only after the anomaly, and 
only when model began to use data influenced by extreme change. Standard 
deviation increased to 6247 times. The accuracy of the prediction after the 
anomaly fell to 130 times.

An unexpected anomaly in the currency market is marked by random 
success or failure, depending on the selected exchange rate relationship 

Figure 8. Trading by aggressive strategy.

APPLIED ARTIFICIAL INTELLIGENCE 977



with the anomaly. The periods after the anomaly are very risky. This is 
because of the reliability of forecasts which are conditioned by confused 
historical data.

Investment portfolios can not only reduce risk and protect investments 
through asset allocation, but also provide additional opportunities for spec-
ulators. In this work, we compared four different portfolios: related to the 
anomaly, not related to the anomaly, orthogonal, and not orthogonal. By 
analyzing the conservative, moderate and aggressive portfolios we see that, 
in the moment of the anomaly profit, speculation depends on accuracy of 
prediction and on the sets of exchange rate linked to the anomaly.

Results show that the anomaly created by the United Kingdom (UK) vote to 
withdraw from the European Union (EU), gives the best opportunity for 
speculator. Trading using the ERNN ensemble model allows the profit to 
increase from 1.8% to 8.9% for 6 trading days, for portfolios related to 
Brexit, and 0.3–0.6%, for portfolios not related to the anomaly.

Conservative and moderate strategies yield approximately equal opportu-
nities for all related to anomaly strategies. Aggressive strategies can yield twice 
the profit for orthogonal portfolios and portfolios with a link to the anomaly. 
A non-orthogonal portfolio did not react to anomaly.
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