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ABSRACT

InJune2016, the majority of UKitizens voted to leave the EU (Brexit). Téferendum outcome

took both citizens and policymakers by surprise. No other member statevexrdeft theEU. As
aresult theglobalstock and currency markets collaps& he impacbf uncertainty on financial
marketshasbeen studied for decades (Garfink&b99). Studies show that political instability
has a significant impact on economic performance. In addition to the market fluctuation, it has
been found to increasthe unemploynent rate anddecreaseconsumer§€andO 2 Y LJ- wilk S & Q
ingness to invest. Thus, prolonged political instability may lead to a scenario in which the capital
moves less, the quality of public servidesreass, and economic growth slows dowrCémi-

gnani, 2003;CanesWrone et al., 203).

Exchange rate forecasting an important area of fiancial research that has recently received
more popularity due to itglynamicnonlinear features. In the past, exchange rates have been
analyzel using traditimal financial models. However, recendgademicshave started to use
artificiallearning approachealongsidehe traditional ones. In particular, neural networks have
beenusedin time series modkng, and thus exchange rates have been modeled with neura
networks.Machine learningims to improve efficiency and make financial forecasting more au-
tomated.

The empirical part of thianalysis is carried out usingrecurrentneural network architecture
known aghe Long Short Term Memory (LSTM). The LSOikerenables the analysis of nonlin-
ear data as well as th@etectionof diverse caus@and-effect relations. Therefore, itis reasonable
to believethat accurate results cangbobtained using this approachheresults areanalyze by
comparingtwo different error values the MeanSjuaredb&ror and theAbsoluteMeanEror.

The results prove that the LSTM modeeapable of modeling ekange rate values even in times
of high volatility.As the Brexielated uncertainty is higher, the predictability of tiR®undto
EuroandDollar decrease This finding is consistent with previous studileat have shown that
political instability reduces the predictability of exchangées.On the contraryas the uncer-
tainty surrounding Brexit increased, the predictétigibf the Poundto Yen improved.This result
can partly be explained by the Safe Haedfect, according to which the value of thénrises
as the values of other delapedO 2 dzy cuxdnSies €ll. Finalljt,can be stated thagéxchange
rates are corplex financial instruments whose volatilityitdluencedby avariety of factorsand
this study is able to produce neperspectivedor further research.

KEYWORD@®olitical uncertainty, foreign exchange rates, machine learning;ah@etworks
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Kesakuussa 20 Ehemmistdlso-Britannian kansastaéianestiEU:steeroamisen puolestéBrexit).
Kansanaénestyksen tulos yllatti niin kansalaiset kuin vatigégkin. Mikd&n muu jasenvaltio ei
ole aikaisemmin eronnut EU:stB&amé& seurauksensaluutta- sekdosakemarkkinatomahtivat
globaalsti. Epavarmuuden vaikutusta rahoitusmarkkinoihin on tutkittu jo vuosikausien ajan
(Garfinke] 1999). Tutkimukset todistavat, etta pitlisella epdvakaudella on merkittava vaikutus
taloudelliseen suorituskykyyrRahoitusmarkkinoiden heilunnan lisdkgin on todettuliséavan
tyottomyyttd sekavahentavarkuluttajien ja yritysten investointihalukkuutta. Taten pitkittynyt
poliittinen epavalkus voi johtadilanteeseen jossa paaoma liikkubitaammin julkisten palve-
lujen laatu heikentyy seka talouskasvu hidast@argnignani, 2003aneswWrone ym., 204).

Valuuttakurssien ennustaminen on tarkeshoituksen tutkimusala, joka on kasvattanubsio-

taan sen haastden ja epalineaaristerpiirteiden vuolsi. Aikaisemmin valuuttakursseja on tut-
kittu perinteisilla rahoituksen menetelmill@nutta lahivuosinautkijat ovat alkaneet hy6dynta-
maan yha enemmakoneoppimista perinteisten mallien rinnallaritigisesti neuroverkkoja on
hytdynnetty aikasarjojen malliamisessa ja tdten my6s valuuttakursseja on mallinnettu neuro-
verkoilla. Koneoppimisen malleilla pyritddn tekemaan rahoitusmarkkinoiden ennustamisesta te-
hokkaampaa jitseohjautuvampaa

Tama tutkimushyoddyntaa empiirisessa osuudessa takaisinkytketyn nearkmn arkkitehtuuria
nimelta pitkakestoinen lyhytkestomuisti (Long Short Term Memory, LSTM).-&&Kitehtuuri
mahdollistaaepélineaariserdatan analysoinnin sekiéonipuolistensyyseurausketjuja hah-
mottamisen Nain ollen on perusteellista uskoa, etta télla metodilla on mahdolks@vuttaa
tarkkoja tuloksia valuuttakursseja analysoitaeSgdosten analysointi toteutetaan vertailemalla
eri valuutoilla saatavia virhearvofreskihajonta seka abfiuttinenkeskivrhe).

Tulokset todistavat, ettd LSTMalli on kykeneva mallintamaan valuuttakurssemwoja myos
epavakaina aikoina. Euron ja dollarin ennustettavuus heikemtyituilla ajanjaksoilla, kun Bre-
xitiin liittyva epavarmuus lisaantyfamatutkimustulos onjohdonmukainen aikaisemman tut-
kimuksen kanssa, jonka perusteella on todettu, etté valuuttakurssien ennustettavuus heikentyy
poliittisen epavarmuuden seurauksenkenin ennustettavuus taas painvastoin paranee ajanjak-
solla, kun Brexitiiniltyva epavarmuudisaanty. Tama tulos voidaan osittain perustetlava-
satamailmidlla jonka mukaanenin arvo nousee, kun muidekurssien arvot laskevatopuksi
todetaan, etta valuuttakurssit ovat monimutkaisia rahoitusinstrumentteja, joiden heilabtelu
vaikuttaa usdn eri tekijoii. Tasta huolimatta, tima ty6 onnistuu tarjoamaarsia nakokulmia
tulevaisuuden tutkimukselle.

AVAINSANATPoliittinen epavarmuus, valuuttakurssit, koneoppiminaeuroverkot
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1 Introduction

G¢KS @I ftdS 27F a&dyeatiowohBurrantydndrké&Rndivads || o w
on course for its biggest ortlay loss in history as panicking investors contem-

plated the prospects ofavotetoS I @S G KS 9dzNRBLISI Y | YA2Y ®é
¢ The Guardiar2019

On the 23rd of Jun2016 the United Kingdom decided to leave the European Union
(Brexit). The announcement of Brexit started a chain of eventisichled to hugetur-

moil inthe foreignexchange and globatock marketsThe outcomeof the referendum

took many observers by surprisdoother member statédhadever decided to withdraw

from the EU. As the vote outcome became clear, shack marketdell and theBritish
Pounddepreciated sharply. (Hobolt, 261Plakandaras et al., 201 Duringthe last dec-

ade, political events have been shaking the financial markets. Ever since the failure of
Lehman Brothers and the financial crisis of 2008, the financial markets have been
sharply fluctuating. Events like tiieuropean Debt Criithe election ofDonaldTrump

as the president ofthe USin 2016as well aghe Europearimmigration Crisis i2014

2015have causedncertaintyamong market participants

Uncertainty is a broad concept. From the economic point efvyiuncertainty reflect
consumerffirmsQand policymakei@oncerns about the future. Uncertainty may also
be defined agnacroeconomic uncertaintyndicating concernabout the growth of GDP

or microeconomic concernabout the growth rate of dirm. Inaddition to economic
uncertainty, also social and other n@tonomic uncertainties may have a significant
impact on the economic situatigisuch as warsr natural disasters. (Bloon2014).An
extensive amount of literaturdas studied the impact of uncéainty and surprising
shocks on the financial markets. Most of the previous literature has found a correlation
between financial asset valuations and the degree of economic uncertainty. (Garfinkel,

1999; Bernhard et al., 2002; Blop2009; Beckmann et aR017).



Political uncertainty haalreadybeenlong recognized as a key determinant in the finan-
cial markets. Commonly, political uncertainty is understood as the uncertainty of future
government policies and actionBoliticalinstability may also beeen assocal conflicts

or overall dissatisfaction in the quality of institutions. (PIMCO, 2021gchallengewith
political instability is itainiquenatureas itis not a standardized measure or factor that
could besimplyincludedin the traditional pricing modés. Thus,it is challengingo de-
termine how political uncertainty affects different financial markets in different situa-

tions.

Nevertheless, economacholarshave been creating models and metrics whattempt

to provide accurate results of thenpact d political uncertainty.Pastor et al. (2012)
presented a risk premiurtinat indicates thathe markets tend to be more volatilduring
politically unstable timesTherefore, the stock prices tend to demand compensation for
the taken risk. This kspremiumhasalso been found from the option and currency mar-
kets Bernhard et al., 200XKelly et al., 2016)n addition to these risk premiums, differ-
ent kinds of indexes have been created to measure the magnitude of political shocks
and events (Bakeet al., 216).Forinstance,a studyconductedby Plakandaras et al.
(2017)usedTheEuropearPolicy Uncertainty (EPWdex to measuréf the depreciation

of the Poundafter the Brexit referendum could have been predicted. Their study pro-
vides evidence tht most of the depreciatiomf the Poundwas caused by political un-

certainty caused bthe Brexit referendum.

Inspired bythe sharp depreciation of the Britidhound this thess will studythe role of
political uncertainty on the foreign exchange marketéore preciselythis paper will
study whether theforecasting accuracy @& neural network (NN) modalaries during
stable and politically unstable timeAccuratepredictions of currencyreturns provide
valuable msightfor not only investors but alscmnisumers and policymakerdeural net-
worksare one of the subsets of machine learning (ML) methods. Artificial intelligence
and ML have begun to replace the traditional finanamadels which require data to be

linear and stationaryMachine larning straegies aim tanake models more accurate
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and efficient. In machine learning, the modebnprocessdynamicnonlineardata, op-

erate independentlyand find patterndrom historical data.

Neural networks have been widely utilized as a promising approacbrecdstingcom-

plex timeseries datgGradojevic et al., 2006; Panda 2007; Khashei et al., 2010; Dunis et
al., 20R). Thus, a recurrent neural neork architecture called Lon§hortTerm
Memory(LSTM) will be implemented in this study. LSTM praade=ffective technique

that canmodel nonlinear data anthake future predictions according to historical input
values(Hochreiter et al., 1997 he uilization of neural networks is n@new innova-

tion, yet surprisingly little researdmasfocusedon neural netvorks and how they per-

form with volatile currency data.

1.1 Brexit

The European Union (EU}p currently composed of 27 member states and its founda-
tions lie in the European EcononGommunity(ECC)Themain aimof ECQvas tocreate
a closer union and econamintegration among the European countries. ECCeastab-
lishedalready in 1957but in 1993 asthe European Union was established, ECC inte-
grated into the EUEU isa political and economic uniotl K | law® d@nd policiegaim to
create common rules thagtilitate trade, investing and enswgbetter living conditions.

(European Union2021).

Originallythe UK became a member of tHeECCnowadays known athe BJ, in 1973.

Even though not being a founding membiie UK has historically haah important roé

as a leading member in the communéayd UKhas beendevelopingsomeof the key
FSIFGdzNBa 2F G2RI&3aQ 9 Hawevérdd& Kevdr dccepted sam8 I A 2 y |
EU regulationsand they for instance declined to join the Schengen Area ejdcted

the common currencyEura During 47 years of membership, UK had two referendums

of whether Britain should remain or leave the EU. The iiirstut referendum was held

merelytwo years after joining the community in June 19@h8d he second was held in

June D16. Thelatter resultingin the withdrawal of the Eleven thoughthe prevaiing



11

Prime Minister Davi€Cameronhad campaigned for the continuation of the member-
ship. The Leave campaign turned out to be more succeskfuhe 2016 referendum
majority of 519% voted irfavorof leave and the rest 48,1% voted to rem&iBecker et
al., 2017; Menon et al., 2016).

Therewere several reasons behind the increased dissatisfactioth@fEU that led to
the! YQ& RS OA thdrefefendud. UKshwihst as a coutry seceded fronthe
EU, theywould have a better chance to improve their global trade agreemehése
more selective immigratiomoliciesand they would be able tesecuretheir national
economy TheUKnow has anndependent seat at the World Trade Orggation (WTO)
and they have more control of their laws and regulatitimsn as a member statef the
EU.Additionally,EU membership is extremely expensarelnow Britain can contribute

billions ofPounds directlyto their own countryinstead of EU feeglG, 202).

Despite these disadvantages, there are also benefits oBhenembership.Thelaws
and policies othe EU are designed to ensuaewider union with better internal markets
that enable free movement gfeople, goods, serviceand capital. Fre trade union re-
duces barriers between countries and enables companies to .ghalditionally,Euro-
pean businesses invest billions other EUcompaniesand the EU contributes to its
member stateSIGDP. Lastlythe EU tries to achieve high employment ratesd contin-
uously improve living and working conditions. Ebor law ensures certain human
rights, includingdiscrimination against age, gender, religion, ramesexual orientation.

(European Union, 2021).

Many researchers have been keen to understtmel difference between Leave and Re-
main voters.Studies show that different soceconomic characteristics like education,
age and ethnic diversityhad an impact on votindehavior Skepticisntowards immi-
gration and multiculturalism appeared stronger witbters that had lower levels of ed-
ucation and felt themselves threatened in tlaormarket. Studies showhat there was

also a correlatiorbetween the Leave vote anthe geographical locatim People living
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in the Englishcountryside were more likely taote deavet, whereas people living in
multicultural cities such as London voted fwemairg. Highly educated young adults

most likely voted fogremaire. (Becker et al., 2017; Hobolt, 2016).

The day after the referendunprevailingPrime Minister Dad Camerorpromptly re-
signed and thé>oundcollapsed to its lowest since 198Hhenthe Poundwas worth just
1,09 dollars During one trading day, th@e BRPUSD exchange rate logimost10 percent

of its valug(Plakandaras et al., 20L7C 2 f f 2 ¢ A y Jresighaifos iIN2OYETharese
May became the leader of the Conservative Pamygithe! YQ&a &SO2y R FSYI S
minister. May started to work with the withdrawal and triggered Article 50 iardh
2017. This started the negotiationstife ! Y Q& ¢ A (okRNEIEWIhitially, ThislJ
withdrawal was supposed to occur March 2019, but the negotiations finally ended
January 2020. Officially Britain left the European Union cha3Danuary 20. The of-
ficial resignation was the deadline for Article 50 atatted the transitionperiod which
wasdue on 315t of December 2020The purpose of this periogiasto help citizens and
businesses to adapt to the new situation. During this periodMaknot allowed to be
present in EU institutions butontinued to applythe EU lawThe mostrelevantBrexit
related events, starting from June 20&ndingto December 2020, are summarized in

Table1 (UK Parliament, 2021; The European Council, 2021)
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TaHe 1. Brexittimeline ¢ key events in the procs

June 23, 20168JK votes to leave the EU

March 29, 2017Prime Minister Theresa Mayiggers Article 50

June 19, 201Brexit negotiations begin

December, 2017 ! |y R !'Y [3aINBS 2y GKS GSN¥a 2F . NAGIAYQ
March 19, 2018:The UK and EU agree oarisition phase

October, 2018EU Council, Brexit deal is moved to European leaders

November 25, 2018Draft withdrawal deal agreed

March 29, 2019UK leaves thelEEbut remains signed up to many of its rules for a transition period

October 29, 2019EU aproves posting the Brexit date

January 31, 2020JK officially left the European Union

December 31, 202C(he transition period ends

The withdrawal of a member state frothe EU is unforeseef.he eferendum surprised

the media, politiciansand the fnancial market even though the speculation and polls
AYRAOFGSR F2NJ I aftSIFH@S¢e¢d ''a GKS Q2@ 2dzi 02Y
the Pounddepreciated sharply against thEBuro and the US dollar. (Hobolt, 2016;

Plakandaras et al., 2017). Alsther international markets reacted to the outcome as

the stock markets dropped by lfier centin France and by per centin German. The

worst average declines were measured in countries with higher debt like Italy, Greece

and Spain, where the stock mk&t declined by 14 per cent on average. (Burdekin et al.,

2018).

A lot of questions arose after the Brexit referendum aesearchers have been curious
to study this topicThere is an extensive amount of papers studying the impact of Brexit
on differert financial variables such #ise impacton stock prices and their volatilitgti

et al., 2016; Sita, 2017Also,the impad of Brexiton UK companielsasreceived a lot of
attention (Hill et al., 2016; Oehler et al., 201 However, theexchange rates he re-
ceived less attention even though the one suffering the mbsts been the British

Pound Despite the fluctuation in the financial markeBs;tish Sterling has been seen as
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a relatively strong currency. Even though the British Sterling has beeget @drsignif-
icant turmoil since the Brexit referendum, it still has one of the highest tradohgmes

in the foreign exchange (FX) market.

However, the future ofhe Poundis still unknown. Economists aresce@l@ ¥ A G SNI Ay 3 Q
future. Sterling fell & F NLJ @ Ay WdzyS Hnmc YR S@SNJI aAyoOS
f26éd | 2¢S QO ShdtBrexit il nothAviedas bad outcome as the current

exchange rate predict. TheBritish governmenand the Elsucceeed in negotiations

andin December 2P0, UK and EU agreed on thiede and cooperationagreement

However, the trade agreement do@st remove the facBritain is no longer a member

of the EU. Thus, most likellye bureaucracy wilincreaseandthe clearance obligations

will be applied taBritish productsTherefore, it is hard tsaywhatthe longterm impact

of Brexit will be S far, the only fact is that the outcome of the referendum did have

dramatic consequences on the stock and currency markets. (Broadbent, 2017).

1.2 Purpose of the study

The UK voted to leave tHeuropean Uniomn the 23 of June 2016. This led to disarray
in the exchange and global stock markets. Therefttre purpose of this study is tan-
alyzethe impact of political uncertainty on foreign exchange rafése foreigrexchange
market is one of the most complex finanamarkets due to its characteristics of nonlin-
earity and high volatilityThus, foreign exchange rates hateeadyfor decadesdeenin
the interest of economists and policymakers. With accurate forecaists possible to
reduce uncertainty and make dems-making moreefficient. Furthermore exchange

rates are one of the most prominent variables for forecasgngnomicgrowth.

Already for decades, several economists and scholars have been creaiilngsshat
provide evidence that machine learning rhetls such as neural networkgend to out-
perform the traditional finanial models such as random walk and ARI{Aang et al.,
1998; Gradojevic et al., 2006; Ni et al., 20E)rthermore, the motivatia for the use

of neural networks lies in a study conducted by Dunis et al. (2012). They provided
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evidence that neural networks are a superior method for forecasting exchange rates.
Even during the financial crisis when the voigtilvas extremely high, #8a NN models
outperformed traditional modelsAs a resultsit is reasonable to believe thateural
networks can provideignificant resulteven during politically unstable time$here-

fore, this study willsea recurrent neurahetwork model called LSTid see how fore-
casting accuracy differs before and after the Brexit referendlihe forecasting accu-
racy is evaluated wittwo different error valueg; the mean squared error and the mean

absolute error.

Brexitrelated eventgprovideauniqgueframework snceno other member state hasver
decided toleavethe European UniorBesides most of the financial literature studying
the impact of political uncertainty focus on major political events like the national elec-
tions (Pantzaliet al., 20@; Goodell et &, 2013).There has been surprisingly little re-
search studying novglhenomenalike Brexitrelated eventsthat do not countas the
usual political uncertainty caused by election cgclEhus,Britain leaving the EU pro-
vides an ideal setting to examittee impact of political uncertainty on foreign exchange

rates.

No study has so far taken a comprehensive approacioiopare he forecasting accu-

racy of exchnge rategpre and post a unexpectedoliticalevent This papeaddresses

this gg by examiningthe forecasting accuracy éfie LSTM model before and aftdre

Brexit referendum. Therefor&s I OK O dzNNB y O& belspht MiId fivo el | & S
periods.The chosen currency pairs will be timain currencies against the BritiBlound

namely the US ddl, the Eurg and the Japanese Yehhe purpose is to highlight the
strengths of neural networks in exchange rate predictaod examinethe impact of

political uncertaintyon differentexchange rates.

Therefore the main purpose of this study is to exiau® how political uncertainty affects
the behaviorof foreign exchange rate®revious studies have shown that uncertainty

and surprising shocks tend to fluctuate the financial markets (Bloom et al., 2009; Bloom
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2014). Furthermore, studies have shown aretation between political uncertainty and

the accuracy of currency forecasts. Surprising political events and the overall uncertainty
are associated with forecasting errors. (Garfinkel, 1999; Bernhard et al2; B¥rk-
mann et al., 2017)Therefore, he first researchhypothesisof this paper believethat

the political uncertainty caused by Brexdlated eventdoeshave a significanimpact

onthe forecasting accuraagyf the LSTM model

H1: The forecasting awracy othe neural network modetlecreaseduring

politically uncertain times.

The purpose is also to investigate how the accuracy of the LSTM model varies between
different currenciesPrevious studies show that political events and policy shocks tend
to cause a global effect (Colomli2013) Also,in this case, it can beoted that all the
currencies (GBP/USD, GBP/EaiRl GBP/JPYgll sharply in June 2016 when the out-
come of the Brexit referendurbecame clearThus, it ilear that the referendum out-
come caused an immediate reaction amangrket participants. However, itisterest-

ing to studywhether the overall political uncertainty related to the Brexit process im-
pacted each currency paaqually. Therefore, the secondesearchhypothesis of this

study states that there are no signéiat differences in the accuracy of lossas be-

tween different currency pairs

H2: The forecasting accuracy of the modeledmot vary among different currency

pairs.

In summary, tis study aimgo gain knowledge of how neural networks can be utilized
in financial research. In additiopglitical uncertainty and its impact on currency move-
ments will be studied. The purpose of the results is to broaden and clarify the overall
picture of exchangeate forecasting using the LSTM model and then comparethew

uncertainty caused by Brexitasreflected to different exchange rates.
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1.3 Structure of the study

The remainler of this study istructured as follows: the next section provides an insight
on the concept of political uncertainty and how thisbeen sudied in the previous
financial literature. The third section discusses exchange rates, their main feadacks
how exchange rates have been forecasted in the previous literature. Thus, theehbird s
tion provides the basis for the empirical part of tlsgidy. The fourth section, on the
other hand, briefly reviews the basic principles of neural networks and proegideter
understanding of different types of neural networks and how these have l¢iéred

in the financial literature. The fifth sectiantroduces the collected data and explains
the methodology which is used to evaluate the impact of Brexit events on the forecast-
ing accuracy of neural networks. The performance measutesh will beused to eval-
uate the forecasting accuracy wallsobe discussed in sectiofive. The results arpre-
sentedin the sixth section. Lastly, the conclusion seciammarizeshis study and pro-

vides recommendations and ideas for further studies.
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2 Political urcertainty

It is generally accepted that the actions agetisions of governments can produce eco-
nomic and political uncertainty. Political uncertainty and instability are generally defined
as the uncertainty of future government policies aactions. Political uncertainty may
be a consequence of (PIMCO, 2021):

A Government instability and changes in the political leadership
A Social conflicts (in the most extreme forms e.g. wars, terrorism)
A Policy decisions such as trade tariffs, taxes, and laboditions

A Dissatisfaction in the quality of institutions (e.g. prst®and strikes)

Political uncertainty is not necessarily restricted to coun@yel conflicts and changes
NG 2RIFeQa At 260t SYPANRYYSylGas Yh®edsigO2y Tt AC

nificant impact ora national level.

Often literature that studies political uncertainty also discusses the concept of policy
related uncertainty. This concept is mostly describing the uncertainty related to fiscal,
tax, and regulatory policy. Policglated uncertainty is a significant factwhen it comes

to political instability since tax and foreign trade policies do have an impact on political
uncertainty. However, political uncertainty is more a combination of peaktgted un-
certainty and an unstable political environment. This indighbin the politial field may

lead to a scenario in which capital moves less, the quality of public services decreases,

and the economic growth slows dowfAlesina et al., 199&armignani, 2003).

Political instability is one of the biggest impedimeimd economic growt. Most people

do not enjoy uncertainty so when investors are skeptical about the future, they tend to
postpone their investment decisions. This faskersebehaviorcan also be seen in the
consumption of certain commodities such as neauses and cars. €hefore, during

unstable times capital moves less as consumers tend to reduce unnecessary expenses.
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Moreover, consumers tend to continue saving until the times are less unce(dody

et al., 2012 CanesNrone et al., 204).

In additon, political insability and sudden changes in the political field may disrupt

02 Y LI y M&dapbudiess. In worsiase scenarios, unexpected changes can even

disrupt companies performance and decrease its profitability. One of companies core

business functions is rksmanagement. One part of risk management is political risk

analysis in which the purpose is to calculate probabilities of how likely a political change
AAIYATAOLYyGEte AYLI OGa O2YLIl yeQa odamal ySaa 2N
decisions¥ R adzZRRSy LRt AOe aKAFGa Yle KIS | aiil
mance since governments can make new policies that are less busileestly - for

instance increases the amount of corporate taxation. Even small changesafapkx

theincreas@ ¥ YA YA Ydzy ¢3S YI & KIFI@S | aA3IYyATFAO yi

and international competitivenes¢Berkman et al., 2011; Huang et al., 2015).

l RRAGAZ2Yy I ffes O2YLIYyASAQ Ay@SadaySyd FyR NB
with the magnitudeof uncertainty. Uncertainty makes companies less reluctant to new
investments andhusthey have a tendency to delay unnecessary projects. When prices

remain stable, it is easier to plan future investment decisions without the fearithat

vestments will Ise their value. Stable prices are the basis for sustainable economic
ANRPGgUGKD® LY GAYSA 2F KAIK dzy OSNIlFAyides O2YLJ
may also decrease. Companies tend to continue this kirmkb&vioruntil uncertainty

related to poliical issues has been resolved (Julio et al., 2012; GAnese et al., 204).

As described, political instability is a factor that should not be underestimated. Studies
show that it has a significant impact on several different sedtotie economy. Case-
guently, the negative effects of political instability in the economy have arisen the inter-
est of several economists. Also, researchers and investors have been keen to understand
the impact of political instability on different finarmtimarkets. As welis other unex-

pected changes, sudden political changes may have a significant impact on the
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performance of an individual asset or even the whole financial market. (PIMCO, 2021).
An extensive amount of literature covers political uncartgifrom the perspetive of

how the value and volatility of stocks, bonds, and exchange rates fluctuate during un-
stable times (Pastor et al., 2012; Goodell et al., 2013; Ulrich, 2013). Moreover, deriva-

tives and commodities have received a lot of interé&lly et al., 2016)

From the perspective of an individual asset, sudden political change might cause an un-
expected decline in the share price. This might be due to a policy change that concerns
certain industry so only particular companies suffer from thhange. On the ber hand,

wider political instability may increase anxiety among investors and could cause a de-
cline in the market as a whole. (PIMCO, 2021). A market reaction like this was seen in

2016 when surprisingly, against all the odds, the &hitiitizens votedad leave the EU.

This study will empirically examine the impactBréxitrelated uncertainty on foreign
exchange rates. Therefore, later in this section, it will be discussed how the previous
literature has studied the political unceitay caused by Bréix However, before that,
table 2 provides a summary of the previous research related to different political events
or policy shifts and their impact on different financial markets. This summary of previous
literature related to politich uncertainty andts impact on different financial markets

can provide a useful perspective for this paper.

Table2. Summaryof previous literature Political uncertainty and financial markets

Authors Purpose Market Methods Results

Goodellet The role of political Stock market  VIX volatilityin- Positive relation between implied

al. (2013) uncertainty (US presi- dex stock market volatility and the
dential elections) and election probability

implied volatility

Liet al. The impact of presi-  Stock market Polling data (can- Stock prices tend to increase
(2006) dertial election uncer- didate prefer- when the outcome of the election
tainty on stock returns ence) on US pres is unclear

idential elections
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Pantzalis et Behaviomf stock mar- Stock market Behaviorof stock Asset valuations tend tmcrease
al. (2000) kets around plitical markets around  two weeks prior to the election
elections elections due to the decreased amount of
political uncertainty

Liu et al. The impact of Bo Xilai Stock market Bo Xilai poltical ~ An increase ipolitical uncer-

(2017) political scandal oms- scandal/shock as tainty causes a drop in the value
set prices a measure of stock prices

Kellyet al. The impact of national Option mar-  Political risk pre- Political uncertainty caused by ne

(2016) elections and global ket mium tional elections andjlobal sum-
summits on option mits are priced in the option mar-
markets ket

Voth (2002) Political instability Stock market Panel data set on Positive relation between stock
during the interwar politicalunrest, volatility and political instability
period and stock mar- demonstrations  during the interwar period
ket volatility etc.

Gaoet al. US elections and the  Bonds Yields on Positive relation between munici-

(2019) municipal bond yeals municipal bonds pal band yields and US elections

Pastoret al. Uncertaintycaused by Stockmarket Equilbirum which Political uncertainty requires a

(2012) government policies includes uncer-  risk premium and stocks fluctuate
andhow that impacts tainty features aggressively during uncertain tim
the stock markets

Ulrich The impact of policy Bonds Uncertainty of Positive risk premium exists

(2013) changes on bond mar- future govern-
kets ment spending

Many studies have been able to document that political uncertainty has an ingpact
asset prices. Especially stocks are more volatile during uncertain times. (Pastor et al.,
2012; Goodell et al., 2013). Particularly during the US elections, there hasaldear
relation between political uncertainty and the performance of stock merK&oodell

et al., 2013). Pantzalis et al. (2000) conducted a study that included 33 countries and
they also found a significant relationship between the stock performancerational
elections. Their study shows that there are abnormally high stockmsttwo weeks
before national elections. Li et al. (2006), on the other hand, found that in cases where
the election does not have an obvious winner, the volatility and averaturns tend to

rise. This would indicate that in some cases political unaggtanight cause abnormal

returns.

According to Voth (2002), there is a positive relation between stock market volatility and
political instability. Their study focuses orethehaviorof stock markets during the in-

terwar period. Their study is able togure that several political uncertainty factors such
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as political unrest and demonstrations have an impact on the volatility. Also, political
shocks and scandals tend to havsignificant impact on stock prices. An ideal event to
study the impact of a pdical scandal on stock markets is the Bo Xilaio political scandal
in 2012 in China. A study conducted by Liu et al. (2017) found that there is a strong

relationship between plitical uncertainty and asset prices during the Bo Xilaio scandal.

Theoretical nedels indicate that a rise in political instability leads to a decline in the
stock prices. Especially businesses that are vulnerable to changes in government policy,
tend to suffer from political uncertainty (Liu et al., 2017). Due to political instgbilit-
@Sali2NEQ NMai LIS NsadnytmiaAhyhyer c¥sh aa dapital. Tyls) Ra&tora S
et al. (2012) suggested a political risk premium which states that politstashould be
priced to the asset prices. Especially in countries, where the enmnoonditions are
weak, there should be a risk premium which would cover the possibility of political un-
certainty. Kelly et al. (2016) used the political risk premium irrthieidy and found that
political risk is also priced in the option markets. Thaydied the impact of national

elections on option markets and found similar results astét et al. (2012).

Gao et al. (2013), as well as Ulrich (2013), have studied kmomtpolitical uncertainty.
When it comes to bonds, a rise in political uncertgitgnds to push bond yields higher.
When there is a risk, there is a demand for compensation. This typically means higher
returns. Ulrich (2013) developed a pricing model mak political uncertainty is one of

the explanatory variables. This model predithat government policies, which have an
impact on business cycles, do create a positive risk premium for investors. Additionally,
Gao et al. (2013) found consistent resufshe risk premium on bond markets as they
studied the impact of US nationaketions. Like previous studies, they also found results
that indicate an increase in bond yields around US elections. In other words, during po-

litically unstable times, theres a need for a risk premium.

As other financial markets also exchange ratestéa political uncertainty. Usually, a

rise in political uncertainty leads to a drop time exchange rates. Therefore, several
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studies have been examining whether politicakets have a systematic impact on ex-
change rates. According to the efficient markypothesis (Fama, 1970), the forward
exchange rate should quite accurately predict the future value of the spot exchange
rate. However, studies show that during politicakats, the forward rate tends to be a
biased predictor of the future exchange eafPastor et al., 2012). This bias is said to be

a consequence of the risk premium which investors demand as a compensation for hold-
ing a certain currency during politicallystable times. Moreover, political instability
and the risk premia increase thi&élihood that at least rislaverse investors will post-
pone their investment decision. During uncertain times, it is challenging to create accu-

rate forecasts. (Bernhard et aR002).
Also, the impact of Brexit on the foreign exchange rates has beenestidisome ex-

tent. Table 3will provide some examples from the previous literature which has focused

on studying the uncertainty caused by Brexit.

Table3. Summary of previous literaturePolitical uncertainty caused by Brexit

Authors Topic Market Methods Results

Plakandaras Could the depreciatior Exchange rates: Linear and nonlin- Most of the depreciation is &

et al. (2017) of thePoundpostBrexit eareconometric  consequence of the wer-
have been predicted and ML methods, tainty caused by Brexit
EPU index

Nilavongse  The relationship with Exchange rates EPU index, SVAR Brexit increased the amount ¢
et al. (2020) the UK economy ant framework political uncertainty which de-
EPU shocks creased the value ofound

against dollar

Korusetal.  The impact of Brexite- Exchange rates Event study a. R ySga KI¢

(2019) lated news on the Brit: method, Brexitre- pact on the Poundc & 3
ish Pound against the lated news news impact positively only ir
EUR and USD the shortrun

Wu et d. Evaluating market reac Exchange mar- Linear regression Results provide evidence ¢

(2021) tions to the Brexit vote kets model market inefficiency, which cai
of 2016 be explained by investorbe-

havior
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Krause et al. The impact of Brexit or Exchange mar Poll survey data  Poll results indicating a resu
(2016) the Briti Pound kets of Brexit led to thedeprecia-
tion of the GBP

Plakandaras et al. (201if)cludedthe Europen Polic¥ncertaintylndex (EPUn their

study and they found that due to Brexit the aoma of political uncertainty has in-
creased. This increased uncertainty has also caused the dapom of the Pound
against the US dollar. Nilavongse et al. (2020) conducted a similar study and included
the EPU index in their study to see how the uncertaaffected thePound This study
provided similar results which indicate that the EPU indeXdbe used to forecast the

movements of exchange rates.

Korus et al. (2019) took another perspective to their study and they studied the impact

of Brexitrelated news on foreign exchange rates. Thus, they focused on the impact of
different kinds of Brexirelated news on GBP/USD as well as GBP/EUR exchange rate.
They divided Brexitelated news intotwo groupg 4 6 F R¢ 'y R G322 Ré¢ 2y Sa
indicatethatdt 6  R¢ ySga GSyRa (2 O2NNBoundwHereasA (i K {1 K &
G322 RE VS @mide the $ajadRal thelodhdabiinst theEura Moreover, the study

by Korus et al. (2019) showed that market participants tend to react with a delay. Espe-

ciallyg KSy Al O2vySa (2 a0l Ré . NBEAG ySsad ¢KAA
that efficientas traditional EMH assumes. Wu et al. (2021) also found results that there
exissAYSTFFAOASYOASA Ay GKS TFTAYFIYOAI T thél NJ SGaad
Brexit referendum and found that when the outcome of the referendum came clear, the

marketsreacted with a significant delay. Thus, this delay would indicate that market

participants tend to behave irrationally during unexpected events.

Lastly, Krauset al. (2016) studied the impact of Brexit on the British Sterling. They used
poll survey data as a tool to forecast the impact of the Brexit referendum on foreign
exchange markets. Their study proves that poll results pointing towardsrBl#aving

the EU, caused a depreciation of tReund Thus, most of the discussed studies show

that the impact of the Brexit referendum on currency markets could have been
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predicted. However, the challenge is that the Brexit referendum is just a unigee ca

and not allpolitical shocks cause similar reactions as this referendum did.

Furthermore, a crucial challenge in determining the effect of political uncertainty is the
nature of political uncertainty. Among all the factors that might have an impac¢hen
performarce of financial markets, political uncertainty and risk might be one of the most
OKIFffSyaay3a RdzS (2 GKSANI O2YLX SE yI (dz2NB o
thoughts about the future of the economy. It is not a direct measurgaue that can

be simply included in traditional pricing models. A key challenge in examining political
uncertainty is the difficulty to isolate exogenous variation in uncertainty. In other words,

it is a factor that is dependent on other factors such ascroeconomic ocertainty.

(Kelly et al., 2016; PIMCO, 2021).

However, various indexes and variables have been developed to describe political un-
certainty as accurately as possible. Studies show that it is possible to improve the pre-
dictability of different assets by ading political factors. As already stated earlier, Pastor

et al. (2012) found that uncertainty commands a risk premium as stocks tend to be more
volatile. Also, Kelly et al. (2016) and Bernhard et al. (2002) found that during politically
uncetain periods,the option and currency markets tend to demand a risk premium. In
addition to these risk premiums, for instance Baker et al. (2016) have developed a pop-
ular indicator that has been used as a measure of political instabilitg. EPUndex
developed by Badr et al. (2016) reflects the frequency of certain topics in newspapers.
These topics can be anything related to economy, policy, or uncertainty. Thus, as the

amount of these words increase, the value of the index increases as well.

Overal] it is cleathat political uncertainty plays a crucial role when it comes to the vol-
atility and performance of financial assets. In an unstable political environment, the de-
termination of the net value of an asset is difficult. In most cases, the matmatiun-
certainty is hard to determine which again makes it difficult to calculate accurate rate of

returns. Different index have been able to measure political uncertainty, however, the
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impact of different events remains still unsolved. The importangeotifical uncetainty
will likely continue to be a significant factor in the global financial markets. The best way
to hedge against political uncertainty is to ensure that the investment portfolio is suffi-

ciently diversified, not only geographically bus@to different industries and assets.

To conclude, political uncertainty is a broad concept that is usually defined as uncer-
tainty caused by changes in the political system or as public dissatisfaction towards the
prevailing government. Dissatisfactioften appearsas unrest, strikes, and political pro-
tests. It is clear, that the impact of political uncertainty should not be ignored by con-
sumers, businesses, or governments. Governments should address its root causes and
seek to mitigate its impact thrggh economic plicies and their implementation. This

way, governments are able to build more sustainable societies as well as economic pol-

icies that can lead to faster economic growth. (Aisen et al., 2013).
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3 Exchange rates

Already since theublicationof the pioneeringstudy by Meese and Rogoff (1983), there
has beera continuous debate of the predictability of exchange rates. A vast variety of
studies have suggested several methods to forecast exchange $atas of these have
found resuls in favor othe random walkmodel,whereasothers have found economic
models that outperform the traditional random walk model. These methods and tech-
niques will be discussed in the following sectiofise first and second sectionsro-
duce thefundamenal conceps of foreignexcharge rates and provide comprehensive
understanding of theelevant theories andtructuresrelated tothe determinationof
exchange ratesThe last section provides understanding of how previous literature has
succeeded in excimge rate forecasting and whi@re the traditional models that have

been used to forecast future values.

3.1 Exchange rates

ly SEOKFYy3aS NIGS A&a GKS GLtdzS 2F 2yS yl GAz2,y
rency. This means that the exchange rate betwgea currencies is equal to ghvalue

of one currency needed to purchase another currency. The idea behind this concept is

that no currency moves in isolation. Currencies are examined as currency pairs where

the focus is on how much one currency is quosaginst the other currency. €hex-

change rate between two currencies can be expressed as the price of foreign currency

against the domestic currency or vice versa. Usutily exchange rates are expressed

as the price of domestic currency against the @€ foreign currency. (Sahae, 2019,

pp. 370).

Exchange rates have been traditionally divided into three main categories: floating,
managed floatingand fixed exchange rates. Fixed exchange rates are determined by
they  GA2y Qa OSYUNIf oyl ® al yoffidefl Bnd ffoltiag G Ay 3 N
exchange rate. The exchange rate floats freely between range of rates that the govern-

ment has determied. (Mandura, 2020, pp. 181/88; Shypiro et al., 20D, pp. 37%38).
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Floating exchange rates, on the other hand, are determined byrteehanism othe
market, in other wordsthrough supply and demand. The demand and supply caxe
impacted by several dérent factors. For instangéhe demand increases when market
participants want to invest abroad or domestic companies want to irnfsom foreign
countries. The supply, on the other hand, increases when the domestic country is an
attractive investment fo foreign investors and when domestic countries decide to ex-
port. CompanieSdecisiors to export cause a sale of foreign currencydgurchase of
domestic currency and this increases the need for supply. (Salvatore, 2019, pp. 366.)
When the demand and suppchange, the exchange equilibrium changes according to
the changeDeceasedsupply and increased demand is called appreciatioareés the
increased supply and decreased demand is called depreciation. (Mandura, 2020, pp.
101; Salvatore, 2019, pp. 370)

Exchange rates are traded in the foreign exchange market (FOREX) whichheua 24
market where individuals, bankand firms carbuy and sell foreign currencies (Salva-
tore, 2019, pp. 366)FOREX is known as the largest and most liquid financial market.
According to a survey conducted the Bank for International Settlement (BIS), the av-
erage daily turnover in April 2019 was 6,6livh US dollars (Triennial Central Bank Sur-
vey, 2019). Hence, it is no wonder that accurate forecasts of currency retamesrb-

ceived a lot of interest among market participants and economic agents.

Governments,individuals,and multinational corporatbns can trade two types of con-
tracts: spot and forward contracts. The spot rate is the price of immediate delivery of
the exchange rate. This delivery usually realizes within two @Bgsnhardet al.,2002)
Forward rate, on the other hand, is determined as the amount of currency that investor
agrees to purchase or sell apredetermined day inhe future. The amount dhe for-
ward contract is agreed beforehand atiterefore forward contract can be used to lock

in a currency rate. Thug,forward contract is used when speculating that the rate will

increase or decrease in the futur&tapiroet al., 2019, pp.38; Bernhat et al., 2002).
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However, when there is a future payment to be received or to be made, foreign ex-
change risk should be taken into account. This risk refers to the possibility that the in-
vestment might lose its value since the spate may fluctuate ovetime. This risk can

be avoided by hedging with differestirrencyderivatives such as forwasgdfutures or
options. Currency derivatives can also be usespeculatehat the currency will depre-
ciate or appreciate. (Salvatore, P9, pp. 379383).Therebre, futures and forwards can

be used to manage risk.

Butwhat are the main drivers for exchange ra®vement® As already stated, floating
exchange rates are determined hyacroeconomic market forces. Supply and demand
may flucuate daily andseveral @onomic and geopolitical factors may cause changes in
exchange ratesMajor factors that cause variation and volatility in exchange rates are
changes in inflation rates, interest rates, unemployment ragewl the amount of gov-
ernment debt. Additionally, glitical stebility and economic performance may have a
significant impact on the movement of currencies. Especially unexpected events may
cause volatile reactions in the forex market. Usyailyestor€assumptions and specu-

lation cause turmoil in foreigaxchange rategSalvatore, 2019, pp. 36%79).

To conclude, foreign exchange rates are part of an extremely active FOREX market. The
behaviorof theforeign exchangamarket is often seen as complex amlatile.Countless
factors impacthe determination of currencieandoften attempts to predict exchange
rates fail. The rext partof this paperwill explain the basic models thaave been used

in the determination of foreign exchange rates.

3.2 Exchange rate determination

Purchasing power parity (PP&nd Interest rate parity (IPpre fundamental corner-
stones of exchange rate models in international econoniibgse parity conditions are
used to explain both shoiterm and longterm behaviorof exchange rates. In general,
purchasing power parity is used tiescribe the longerm relationship, while interest

rate parity is a more suitable model for analyzing the stentn relationship.
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Macroeconomic exchange rate models rely on the assumptian @t least on some
level, the PPP holds. PBRvides an esiate of the exchange rate that is needed to
make the purchasing power of two countries equal. This estimate has especially been
used to compare the performance and living standards of two coemt(Rossana, 2011,

pp. 481482).Purchasing power parity farther divided into two models absolute pur-
chasing power parity and relative purchasing power parity. Absolute PPP is ba$ed on

law of one price. According to this, the exchange fla@éwveen two nationsshould be

w»

determinedwith a ratiothat is equd to the relation of the two natio® & LINA &S f
pressed in a common currencgSarno et al., 2003, pp. %B). Thus, the purchasing
power of a unit of one currency should be the same in both countAbsolute PPP can

be presented in the below formal

v (1)

According tothe equation the price level between tweconomiesshould be equal
Thusanidentical commoditypasketexpressed in a common currensiyouldhave same
prices across differentcountries (Sarnoteal., 2003, pp. 553). If the domestic pice

level P is higher than the foreign price level P*, rational consumers will consume more
foreign products. This increased demand for foreign products will additionally increase
the demand for the currency, whian turn strengthens the foreign currencpmpared

to the domestic currency. Higher demand for foreign products will continue until the

exchange rate settles to an equilibrium.

AbsolutePPP assumes that the capital markets are fully efficient. Thereat@nsac-
tion costs,tariffs, or taxes.Relevantinformation should beequally accessible for all of
the market participants so there is no opportunity for arbitrage. Arbitrage would be the
purchase of currency in one market azud immediatesalewith ahigher price in another
market. Due to ths, there would be an opportunity for ridkee profit (Salvatore, 2019,

pp. 373). Consequently, any violation from the absolute PPP assumption, such as the

w»
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presence of tariffs, would violate the rarbitrage conditon and therefore the absolute

model mightnot be thatrealisticin the realworld. (Levich2001, pp. 113144)

Instead relative PPProvides a more accurate mod&hce instead of assuming that the
price levels across countriese equal the model assmes that the changes in the price
levelsare the same. In relative PPP thesea relationbetween theexchange rate and

the longterm inflation rate Therefore,the model may be presented in the following

form:

P (@)

This egation states that the changes in nominal exchange rates during tmietare
determined by the relation of domestit and foreign inflatiorf . This model can also

be denotedin logarithmicform:

ey €

In thisformula, S* indicates the expected relative change in domestic and foreign cur-
rency. In addition D presents the expectedainestic inflation andrthe inflationabroad
Thus, the model is the nominal exchange rate adjusted for the differences in theveelati
national price levelsAccording to this, the differenda inflation rates in two different
countrieswill impact the tanges in the exchange rate between these two countries.
Inflation of domestic currency will reduce the PPRha# domestic currency(Levich

2001, pp. 113-144).

However, in theealworld, PPP does not always hold. The reasons causing this deviation
are the reallife transaction costsuch as thdrade barriers and othecosts that the
model does not take into accourtin addition,PPP seems to be mostly valid in the long

run. Empirical studies shothat the PPP poorly predicts the exchange rates instiert
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run due to thehigh volatility (Levich 2001, pp. 132) Thus,it can be stated that the
usage of PPP in relifle problems is not straightforward. Thereforether modelshave
been used to determine foreigexchangerates. One of these models isténest rate

parity which will be discussed next.

Oneadditionalcornerstone theoy in currencydeterminationis the interest rate parity
(IRP). According to IRP the difference in interest rates between two nations is equal to
the difference between the si and forward exchange ratéVhen IRP equilibrium
holds, there is no opportunity for arbitragend returns from investing in different cur-
rencies deliver the same payoff, regardless of the interest rates. (Sarno et al., 2001, pp.
5).

IRPcan befurther divided into two more specific conceptuncovered interest parity
(UIP) and covered interest pgy (CIP). UIP ia fundamental parity condition which is
widely used when testing the efficiencytbie foreign exchange market. UIP refers to a
theoretical candition where the difference in interest rates between two nations is ap-
proximately equal to the expected relative change in the exchange rate between two

countries. The formula is presented in théléoving form:

yry Q Q0 4)

In this equilibrium'Y presents the logarithm of the spot rate at timgandy Y  pre-

sents the expected relative change. The spot exchange rate is the foreign currency con-
verted into domestt prices. Theight-handside of the formulain other wordsQ and

‘Q, are the nominal interest rates in domestic and foreign securities. Thus, when UIP
equilibrium holds, the nominal interest rates between two nations equal to ghative
changes irthe foreign exchange rates during the same period. (Sarrab..e2001, pp.

5). UIP provides not only a way to study the skerm relationship between the interest

rates of two different nations but alsthe abilityto examine the expeted changes in

these two currencies.



33

However, more often the testing of exchange market efficiency focuses on the relation-
ship between spot, forwardand interest rates. This parity, where the study includes
forward, spot and interest rates, is known esvered interestate parity. According to
CIP, the interest rate differential between two currencies and the difference between
the spot andthe forward exchange rate should be equal. The equilibrium can be pre-

sented in the form of the beloiormula:

pQ —-z2p 0 ()

In this equation the lethand sidep "Q, presents the continuously cqrounded risk

free interest rates in the domestic curren@nd respectively on the righhand sidep

‘Q, is the rate of reurn on investing in a foreign currencjo make these equal, term

expresses the rate of depreciation in the forward market. The spot exchangéYraste
the units of foreign currency per domestic currency at time t @denaes the forward
exchange rate in foreign currency peordestic currency at time tThe brward ex-
change rate ishe exchange rate quoted today for settlement at some future date. An
increase inYindicates an appreciation of the domestic currency dmas a deprecia-

tion in the foreign currencyDu et al., 2018Sarno et al., 2001, pp-8.

Under these conditions, investecould either invest in domestic currency with rate of
returnp "Qfor n years or for the same time pedaexchange the domestic currency

for "Y units of foreign currency in the forward market. With the latter option, the return

z

would be . Both of these investment strategies areuad|since CIP assumes that

the interest rate differential gaed with a higher rate of return, will be lost on the ex-
change conversion when converting the foreign currency back to domestic currency.

Thus both of the strategies delivére same payoffs(Sarno et al., 2001, pp-B.
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In both UIP and CIP etjbriums, variables move according to the market and there
equilibriums remain in balang®u et al., 2018 If one variable changes, other variables
need to change according to it. Otherwjgbere would be a possibility for arbitrage.
However, if here appears to be an arbitrage opportunity, most of thedim is only
temporary since the market inefficiencies return back to equilibrium when market par-
ticipants try to take advantage of the rifilee returns. As a result of this, the opportunity

for arbitrage in the currency markets disappear.

However, recat empirical studies show that there seems to appear persistent and sys-
tematic failures on both CIP and UIP condis@hlexius, 2001; Dutel., 2018) For CIP
these arbitrage opportunities have been explained by the fact that financial intermedi-
ation is expensive and there is an international imbalance between the supply ah§und
and the demandor investment(Du et al., 2018)Additionally, in nations where the
nominal interest rates are high, the exchange rates tend to increag®reas according

to the CIP equilibrium, the exchange rate should depreciate. Empirical studies have also
shownthat the UIP fa#at least in the short run(Alexius, 2001)Under these conditions
where the UIP and CIP equilibms do not hold, there is a possibility to gain fisde
returns in the foreign exchange markets. This again indicates that the foreign exchange

markets violate the efficient market hypothesis.

Therefore, an important theory relateto the determinationof foreign exchange rates

is the efficient market hypothesis and random walk model. According tdréutional
investment theoy, the markets areunpredictableand prices follow a random walk. The
definition ofthe random walk wagroposed by Kendall ithe early 1950s and his study
hasworked as the foundation of several major models and theories in the financial in-
RdzaGNE®d® YSYRIFIffQa OomMppod &addzReé LINRLIZ2 &SR
the prices from the past cannot besed to predict the pces in the future. In other
words, the prices occasionaliyovefrom the previous prices and it is impossible to find

a predictable pattern in the price changes.

i KI
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After the introduction othe random walk theory, the efficient magk hypothesis (EMH)
entered the financial vocabulary in the beginninglug 1970s. The original definition of
the efficient market hypothesis was developed by Fama QL9%er sincea huge pro-
portion of academicdave studied and tested the efficiencyfafancial markets. EMH
has become the foundation of modern financial theories and it is used in almost every

field of financefrom derivatives valuation to capital asset pricing.

Ly Fy STFFAOASYG YIN]SOGZI GKS LiNailabe infarF (KS
mation and the prices adjust instantly to publicly available information (Fama 1970).
When this condition is satisfied, it is impossible to outperform the market since all the
information is already incorporateihto the prices so market ptcipants cannot find
overvalued or undervalued securities without accepting a higher risk. An efficient mar-

ket is one in which deviations from the fundamental value can only be explained within
information and transaction costs. Under these conditiongyent exchange rateser

flect their fundamental valuesand investors and traders do not have the opportunity

to consistently earn higher than averageturns. It istherefore impossible to beat the

market in the long run. The existence tbke randam walk modelwould confrm that

currency prices are independeat past prices and thus marketgould beefficient.

The efficiency ofhe foreign exchange market has been the subject of a comprehensive
study. Fama (1970) introduced the theory that there are three forms of ié&bion -

the weak, the semstrong and the strong form of information. The weak form reflects
only historical datasemistrong historical and publicly available informatj@nd the
strong form includes all the previous forms of information but also grsidformation.

Due to this,if the weak form of market efficiency in exchange markets wdnaldi, this
wouldindicae that it is possible to predict the future values according to the develop-
ment of historical price datadowever, recent studies show thakchange rate models
are consistently outperforminthe random walkmodel, indicating thathe markets are

predicteble and thereforenot efficient (Moosa et al., 2014).

Qx
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There is no common understanding of whether the currency markets are efficient or
not. Traditional finanetheories have been challenged with studies in whiehfindings
provethatA y @ S atfeidhEpl@ysa crucial role on markefbehavior(Goddard et al.,
2015).During the last decades, models based on efficient market hypotheses Ibat
their crediblity when manybehavioal economists have begun to undermine the as-

sumption of efficient markets.

Already in 1980 Grossman & Stiglitz studied the concept of EMH and found iedislts
cating thatperfectly efficient markets are an irogsibility. If the mekets would be per-
fectly efficient they would reflect all the available information. However, gathering and
processing information is not free. Due to this, if the markets would be efficient, there
would be no financial gain in colkeny information. Thee has tobe abnormal returns

that compensate investors for gathering and processing information which gives a pur-

pose for trading. (Grossmann et al., 1980

In addition the historicalfinancialmodels have ignored the fact that inst®rs may be-
haveirrationally,and their personal beliefs may have an impact on their investment de-
cisions.Therefore,behavioal economistshave gained interesto create new models
which take cultural,social,and cognitive factors into account. One btietbestknown
papers that usedcognitive psychology to explain economic decisioakingwas pub-
lished in 194 by Tverskyand KahnemanTheir study proves thahe efficient market
hypothesis does not hold. Théyase their result on the logic that investarsake deci-
sions based on the potential value of gains and losses rather than on the outcome itself.
Prospect theory is behavioal model that takes a more humane perspective to financial

decisionmaking. Tverkyet al., 1973.

Detecting inefficienciesral arbitrage opportunities in assatarketsis an interesting yet
challenging task. Severbéhavioal studies have been studying exploitable profit op-
portunities which provide evidence on market inefficienciBisese irregularities are of-

ten caused by imestorirrational behavior This irrationalbehavior may cause
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deviations from equilibrium prices. These deviations are called anomalies aycefiee

to irregular patterns that tend to appear in the asset kets. With asset pricing anom-
alies there exis an opportunity for abnormal returns which means that either the tra-
ditional asset pricing model or the assumption of EMH is incorrect. (Bodie et al., 2014,
pp. 366367).

In addition, there is an extensive aumt of literature onbehavioal biases thaexplain

the impact of humarehaviorin financial decisiomaking. Kumar and Goyal (Z)kys-
tematically reviewed historical literature drehavioal biases and found that investors
do not behave fully rationaflunlikethe EMH assumed.he nost common biges that
impact investor§financial decisionmakingis overconfidence, familiarity bias, herding
bias and disposition effect. These biases are a direct violation of EMH since rational
investors would not sell winning stocks and hold the losings(disposition effect). Ad-
ditionally, rational investors would not let other invest@shaviorimpact theirdeci-

sion (herding) and they would not hold domestic securities rather than foreign ones
(home bias). They would simply choose those securities which thevbest riskad-
justed return. Lastly, investors tend to be overconfident about their knowledge altal sk

which may cause irrational investment decisiofif@umaret al., 2015)

Lastly, severadtudies have found evidence that news announcements and pewrd

events may influence investddbehaviorwhich again impactshe volatility of foreign

exchange markets. Studies show that news announcemiemis to fluctuate the ex-

change marketsEspeciallyunexpected news tend to have an impaetthe shortrun

andthese news tend taffect volatility more than the value of the exchange rate itself

(Caporale et al., 2018)ewsannouncements and medimpactA Yy S8 G2 NEQ SE LIS O
which agairplays acrucialrole during politicdly and economially uncertaintimes when

investors are even more irrational

To conclude, different exchange rate models are based on conflicting assumptions.

Somemodek rely on the assumption that prices follow a random walk whereas other
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modelks relyon the assumption tht pricesfluctuate according to investors assumptions.
Therefore,a questionarisesthat how can investas know which modeprovides most
accurate estimateBAspreviously statedthe foreign exchange market is a highly liquid
and volatile market which ceelates with several different factors and events. There-
fore, it is nd a surprisethat the determination of foreign exchange rateasbeenand

probably will ontinue to be arextremely difficulttask.

3.3 Exchangeate forecasting

Asalready noted, currency markets are the largest and most liquid financial markets.
Therefore, the importance of foreign exchange rates, for both policymakers and multi-
national firms,hasevolved rapidlyduringthe lastdecades. With accurate forecastie-
cisionrmakers anadcompaniesareable to minimize risk and maximize returns. Therefore,
accurateexpectations of the future exchange ratasdtheir movemens can result in

better riskmanagement andsimprovements in compani€bverallprofitability.

Thus the predictability of exchange ratesasimportantyet challengingssuefor inter-
national financeDue to exchange rat€endency to not only fluctuate according tioe
traditional economic factors but also political and psychological factors, the process of
accurate currency forecasts is compl&he wlatile and dynamic nature of currency
marketsmakesit difficult for academics and practitioners to choose appropriatethm
odsfor forecasting exchange rateshis challenge has been addressed by a number of
different methods that have been utilized in the process of forecasting currencies. The
traditional models arausually dividednto technical and fundamental models, tre-
seach has also developed linear and nonlinear models. In addition to teese, meth-

ods that utilize machine learning has been adopted to solve forecasting problems.

It is commonly suggested that the most common approaches for financial forecasting
arethe fundamental and technical approaet Already decades ago, fundamental anal-
ysis hadeenwidely used in the field of exchange rate forecastifgchnical analysjs

on the other handhas been considered as a secondary tool which provides supportive
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analyss when the information and results based on fundamentals are not comprehen-
sive enough (Menkhoff, 1997). Fundamental analyss to determine the value of an
assetbased onunderlying economic conditionand different fundamental factors.
Technial analysis on the other hand, assumes thhistorical data can be utilized to
forecast the future movement of exchange raté®berlechner, 2001Shamah, 202,

pp. 183184

Fundamental forecasts try to predict exchange rates based on the analysis of different
fundamental economic variables. Traditionally, when conducting fundamertilange

rate analysisthe interest is at economic performance factors like the growth of GDP
unemployment ratesand the money supplyHowever, fundamental factors can be an-
ything from macroeconomic factors like unemployment rates and ,G®icroeco-
nomic factors like the profitability and growth of companies. Thhs, fundamental
method inclues the analysis of financial and economic reports. This analysis proces

attempts to ind assets that are undervalued or overpricé€8hamah, 2012 pp91-193).

In contrast to fundamental analysis, techniealalysisattempts to predict future rates
based on historical datarhis is based on the assumption that currency markets tend to
fluctuate in trends and theetrends tend to repeat themselves. (Shamah, 2012267-
208). One main reason why these recurrent patterns appear in the markets is due to
human nature. Currencies are highly correlated with hurbahavior which can be as-
sumedto be constantThis means that markets and investors tend to react to economic
newssimilarly,which means thapastbehaviorcan be utilized for future predictions.
Thus, the technical approach attempts to examine gerecurring patterns and move-
ments d foreign exchange rate® find predictable patterns. (Shamah, 2012 pp. 149).
Preditable patternsviolate the classical assumption of efficient markgpothesisand
random walk model. Unlikéhe random walk model, technical models allow market par-

ticipants to predict future values
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As describedfundamental and technical approaebare based on different assump-
tions. Fundamental forecasts provide maaecurate forecasts in theong run while
technical analysis allovesmore accurate evaluation of shetérm changes. A combina-

tion of both of these models would probably be the best. Despite the assumption that
these methods provide accurate forecasgtith different time framesstudieshave also
shown that the size of the market has an impact on which @geh suits best. Large
markets tend to give more emphasis on fundamental analysis and smaller markets tend

to use technical analysis. (Oberlechner, 2001

In addition to these traditional models, much resealdsalso been devoted to linear

and nonlinea models.Academicswho want to estimate currency forecasts with the
highest degree preliability, have made extensive usé# linear andnonlinear tech-
niques. Linear models show the relationship between a dependent variable and a set of
predictor variabés (Clements et., 2004 hus,alinear model may be presented in the

following form:

® I 1T 1T d® E 1O (6)

A linear relationship is usually utilized in regression models as well as in varsarce
lyzes (ANOVA). Probably one of the most common limeadelsis the ARIMA model
which stands for AutdRegressive Integrated Moving Average. It has been used to cap-
ture the relationshipbetweendifferent time seriesDue to its success, it has been widely
used as a benchmark fdeveloping new models arekamining different dependencies

between time series

However, linear models such as the AR]lsi&unable to capture nolnearity from time
series and therefore models that are able to capture nonlinearity tend to outperform
linear modelgZhang, 2003According to Clements et al. (2004), certain ficiahseries

follow nonlinear cyclesvhich makes it difficult to prediduture values and movements
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Therefore more sophisticated methods that provide more accurate results when eval-

uating nalinear models have been brought to the financial research.

Nowadays, a vast variety of economic applications have nonlinear and dicgable
features which fluctuate and change over time. Due to this, models that are able to cap-
ture highly nonlinear and rapidly changing problems have received interest among re-
searters(Clements et al., 2004Nonlinear model allows the researcher to determine
the relationship between the dependent and one or more independent variables. There-

fore, the simplest form of nonlinearity can be presented in the following form:

¢  "Owho B ho 7)

Common models such as autoregressive conditional heteroscedasticity (ARCH) as well
as general autoregressive conditional heteroscedasticity (GARCH) have been widely uti-
lized to capture nonlinearity from different data tseIn addition to these, machine
learning methodshave also been utilized to captunenlinearites. (Mostafa et al., 2017,

pp. 67). The unpredictabléehaviorof foreign exchange rates had led to a growing in-
terestin machine learning methods and howtetligence technologies can be used t
forecast foreign exchange ratellachine learning provides datdriven methods such

as genetic algorithmduzzy logicand neural networks (Binner et al., 200&specially
artificial neural networks (ANN) have beesed to provide accurate forecasif foreign
exchange rates. Asith technical analysis, neural networksalyzehistorical data and

then with algorithms form a function that is able to predict futuvalues and move-
ments in the foreign exchange markefthe rext section of this paper wilufther dis-

cuss neural networks, their maaharacteristicsand applications.

To concludeit is not easy to say wbh model should be used to forecast foreign ex-
change rates®me studies indicate that random walkguidesthe most accurate out-
comes andthersstate thatthe most significant results are provided by nonlinear mod-

els.The accuracy dhe modekdependson several factors likéhe type of financial data
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sample peiod, and forecast horizon (Rossi, 2018nother perspective is thanodels

that incorporate properties frondifferent models are most valid when studying real

world evens (Zhang, 2003). The difficulty of forecasting foreign exchange rates can be
concludk G2 | aSyidSyOS icutrentywidl mev&BLllaa drtkapher K2 6 |
GKFYy I A0ASyO0Sé¢ O6{KIYIKZ HAMHU®
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4 Neural Networks

The purpose of this section is to present gene@rrmationrelated to neural networks.
More specifically, this sectiamescribes what neural networks are, whahd of neural
networks exist and whaare the advantages and disadvantages of neural networks.
Lastly, thissectionwill present how these models have been used to study exchange
rates. More indepth understanding bneural network modelsuch as data claction,
implementation of architecture, trainingand the evaluation of the neural network will

be presented in sectiofive.

4.1 Basic Principles

Neural networls (NN) also known as artificial neural networks (ANB)e machine

learning algorithms that arewidelyused to procesdifferent kindsof data. These models

KIS 0SSy dza SNRE GZFNRAYG ALZ VI GENY2 LIGAYAT FGA2Yy |y
al., 2014, pp.1)Neural networksare models that areable toanalyzedinear and nonlin-

ear datasetsThesemodels alsohavethe ability to learn, adapt and generalize the pro-

cessed dataAs with other statistical models, also neural networks require appropriate

and sufficient dta in order to receive accurate results. (Yu et al., 2007, ppTRé)aim

of NN modelds to automate the information analysis andith complexalgorithms,

make these models more efficient asdpable of detectinghanges.

Neural networksareinspired by the structure dhe human brain. The basic idea is that
network consists of layet&at consist oicomputational units calledeurons. These neu-
rons are individual processing units that aele to receive information and then trans-
mit this information to other neuronsTherefore,neurons arealwaysinterconnected
and they passsignalghrough the networkMore precisely, an artificial neuron consists
of the input values, weights, sum functiamgtivation functionand output valueFigure

1 presents the most basic structure fomatwork.
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Figurel. Neural Netwak (Haykin 2009, pp. 16011)

The figure shows that the network receives one or more input values
who 8 @ which it then processes with a set obefficients 0 v 8 0 . These
coefficients are also called synaptic weigtsl each weigheither amplifies or weakens

the corresponding input. Theetwork calculates a sumof all the receivedinputs and
then multiplies each input with the corresmding coefficientsg). Thresholdvalue )
determines the appropriate value thahe summation must exceed for the neuron to
activate.wdescribes the activation potential and therefoitedescribesthe difference
between the sum function and the thrbeld. The neuron is activated when> 0. After
the activation potential is passethe input is transmitted to the activatiofunction ¢ O
whichis designed to keep the values inside certain lvaiues The output valuew
is the final valueorresponding to the received inputs and their weiglftdaykin 2009,

pp. 1011).

Thearchitecture of a neural network determines te&ucture, thenumberof neurons,
the numberof different layers as well as the direction of the sigrthht pass throgh

the model.Figure2 presents the generairchitecture ofaneural network.
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Hidden layer

Figure2. Basic architecture of neural network (Yu et al., 2007, pp. 27)

Thebasic architectureonsists of an input layer, one or several hidden layansl an
output layer.These layersonsistof neurons which are presented as nodeshe figure.

All ofthesenodesinteract with each otheiand therefore this connection is illustrated

in the figue by arrows between the nodes. The function of the input layer is to receive
data and signalsutside the network. Often input layer alsoades and normalizes the
received data. The hidden layers, on the other haaréresponsiblefor the data analy-
sis.Thenumberof hidden layers varies depending on the complexity of the problem and
the amount and quality of the data which is being procekssénally, the function of the
output layer is to produce and present the final outputs of the neural netwgrk.et

al., 2007 pp. 27).

However,a neuralnetwork is notautomaticallyan accuratemodel which knows how to
process input data to a final ¢put data. Neural networksgain the ability to provide
accurate output values from a dataset with a training pracés this training process
the model istrained with examples that consisf the input value and a corresponding
output value as well ashe synaptic weights. With the synaptic weights, the aim is to
minimize the difference between the target output ual and the actual output value
Thelearning process continues until the model is ablédentify patterns and therefore

is able to provideestimate values foeveninput signas whose outputs are still un-
known. Therefore, networks are able to learn from example data #reh apply this

knowledgeto similar cases.
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This learning ability is one of the main reasons why neural networks haveuseeno
solve complex data problemblowever, there aralsoseveral oher benefits in neural
networks.According toMaren et al.(2014) and Haykin (200%he main advantages of

neural networks are¢he following properties

Input-output mapping
Adaptivity

Nonlinearity

H w0 NP

Fault Tolerance

Input-output mapping refers to the abiy to learn from examplesThen from these ex-
amples, the model is able to detect patterns that can be utilized when processing new
input data Nonetheless,networks are also daptable so in case the environment
changes the modek able toreadjust. This adaptivity is one of the biggest benefits of
neural networks More particularly, adaptivity describes how the synaptic weights are
able to change according to the environmentwsimpe retraining.(Haykin, 2009, pp.

2-3; Maren et al., 2014, pp--8).

The reason why neural networks have been especially utilized in the ressefdareign
exchange rates idue totheir ability to handle complex and diversified data. One of the
main prgoerties of neural networks igexibility as the model caprocessboth linear or
nonlineardata. Lastly,a neural network is fault tolerance which means that fherfor-
mance of the model does not depend on individual informationother words, he
model may notice that some information is invalid or missing and despite this produce

a valid output. (Haykin, 2009, pp-43Maren et al., 2014, pp.-8).

Given the above benefits, itis no wonder that neural networks are being used to process
complex data ad problems. The demand for tireffective machine learning methods
isincreasing and while it is possible to utilibese modelsn a more efficient and ver-

satile way also problems related to these models are beingre and moradetected.A
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common issueelated to neural networks is the format of the data that the model re-
quires. NNs require numerical data and in sarasesjt might be extremely difficult to

translate information to numerical value@vijwel, 2018).

Additionally, ommon disadvantages afeural networks are for instance ttaisability

to explain thebehaviorof the model as well as the determination of an accurate network
structure. The first is probably the most important since when it comes to neatal
works the model does not providaformation on how and why it has received certain
output values. Therefore, in some cas#gere might be uncertainty related to values
that the network provides. However, the more the model is trained, the betterltesu
shouldbe provided. The latter poblem is related to this training process since there is
no certain way to construct a neural netwoilusonly with trial and error it is possible

to learn what kind of structure suits certalkinds of datasets (Mijwel, 2018).

To conclude, there are amy advantages with neural networks which make theecom-
petitive option for different kind of studies. There are naturally some challenges as well
and therefore neural networks should be utilizedsitudiesthat are able to exploit its
positive featuresand, on the other hand, control its challenges. These features that have
so far been presented are general features related to NN. Thus, it is crucial to understand
that there are different types of neural networks whibave even more advantages and
disadrantages. Hence, the next section of this paper will go through the most common

types of neural networks

4.2 Different Types of Neural Networks

Thereis a vast variety of differemeural networktypesand each of thenmhavetheir
uniquefeatures and architetures. The most basic form of a neural network is caked
feedforward neural network. As already the name indicates, in feedforward neural net-
works the data passes through the netwdrkonly one diection. The process starts
from the input nodes and cdimues until it reaches the output nodeBeedforward net-

works can be further dividethto groupsbasedon the number of layers. Hence, a
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feedforward NN might be grouped assinglelayered network ora multilayered net-
work (Haykin, 2009, pp. 21Thesimdestform of a feedforward neural network is pre-

sented below:

[l

ol

Figure3. Feedforward Neural Network (Haykin, 2009, pp. 21)

As can be seen fromgure3, the singlelayered networlconsistof two layers: the input
values and theutput values The multilayered networkon the other handincludes the

input layers, several hidden layeend the output layer(Haykin, 2009, pp. 21\ feed-
forward model whichncludes more layers is then practically identicafgure 2, which
wasalready presente@arlieras the general architecturef aneural network.The num-

ber of layers depends on the complexity of the data and the function that will be used
in the model(Maren et al., 2014, pp. 881; Haykin, 2009, pp. 222).With a large nm-

ber of neurons and several hidden layers, it is possible to create complex forecasting
models. Howevera prerequisite for a complex model is that there is a lot of teaching

materialavailable.

Feedforwardypes of neural networls haveespeciallybeenutilized in supervised learn-
ing such as object or speech recognitibBrom a financial point of viewhe feedforward
methodhasbeen utilized for instance for classifying companiesoading to their finan-
cial statements (Serran@inca, 1997) ands a préliction tool for future stock values
(Thawornwong, 2004Atool like this has been utilized in financial forecasting due to its

ability to classify and provide estimates of the depentvariable.
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Another noteworthyneural network type is the convolutiah neural network (CNN).
These networks are mainly usedanalyzemagesandvideos,but CNNcan also be used

for other types of data analysisuch as stock price prediction (Tsantekidis et al., 2017)
Convolutional networks are similar to multilayfredforward networks, exceptthey
contain one or more convolutional layefhese models may also include normal hidden
layersyetin order to fulfll the criteria of convolutional NN, there has to be at least one
convolutional layerfFor each convolutional y&r, there is a need to determine theum-

ber of filters that the layer includes. Filters detect patterns and therefore for each filter
there isa specific predefined objective that they are detecting. This could be for instance
edgessshapespr colors. Ashe layers get deeper, also the filters perform better so the

filters candetect more complex objective_eCun et al., 2015).

Shortly, he process of a CNN starts as with any other neural network, so the model
receives data which it then transferstiwe layerscalled convolutional layers and pooling
layers Convolution layers are placing a filter over an array of image pixels and create
convolved feature map. Pooling, on the other hand, reduces the sample size of a partic-
ular feature map. This poolingakes the processing faster as it reduces the number of
parameters the networkeedsto process. Then the sample is passed through an acti-
vation function called rectified linear unit (RéLwhich ensuresionlinearity. After the
sample is flattenegit will flow to the last layer callethe fully connected layer(LeCun

et al., 2015) An extremelysimplified form ofa convolutional neural networks pre-

sented inFgure4.

Figure4. Simple form of CNN architecture
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In CNN modal figure4) and simple feedforward models (figusg the values flowfrom
left to right. However, n addition to thesdeedforwardneural networks thereisalso a
neural network model which may udeedback loopgo processhistoricaldata. These
modelk are called recurrent neural netwosk(RNN)and these models have internal

memory to process sequences of input dafiaeCun et al., 2015)

RNNmodels arewidely used in time series modelinBecurrent neural networks are
dynamic models in which the informan flows in multiple directions. Thepecialty of
this architecture is that each neuraran store informationin its memory.Therefore,
recurrent models are able to process more complex datasets than for instanme
feedforward models. In a simplifieform, the recurrent neural networks nabe pre-

sented as follows:

Figure5. SimplifiedRNN architecturéHaykin, 2009, pp. 234)

As can be seen frofigure 5, a recurrent model with a simple architecture recalls the
architedure of a singldayered feedforward model presented kgure 3. In mostreal
life casesthe architecture of RN much more complex and they have several hidden

layers. Thereforekigure 5 should only be seen as a simplified example.

The main differacebetweenfeedforward and recurrent networks that recurrent neu-

ral networks have at least one feedback loop. The feedback loop presents the@odel
ability to take information fom prior inputs to influence further input and output values.
RNN take advantage of the entire history of input values while calculating current out-

put values.The main advantage of recurrent networks is the ability to memorize past
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information and use it to geerate new output values and improve its performance.

(Haykin, 2009pp. 2324).

Despite the advantages,is necessary to point out that recurrent neural networks have
some limitations as well. Theyighthavea challenge with theanishing gradient whh
makes the training of a recurrent neural network complicatece ploblem is that the
longer the period gets, the smaller the gradient becomes. Since the gradients define
how much the network is learning, if the value of the gradient gets closzeto, the
parameter updates become insignificant. Due to tthe predictive power of the model
becomes poor and it is difficult to learn caused-effect relationships. Hochreiteret

al., 1997; Hochreiter 1998

The vanishing gradient problem has been sdlbgy developing a network with long
short-term memory (LSTMLSTMs a special case of RNddthe LSTMmodel provides

a longterm memory for the neural networklheLSTM model has already been created
in 1997 by Hochreiter & Schmidhub&iver sincés creationthe model has been widely
used due to its ability to prasssequences of datafficiently. Additionally,the model
canmaintain its memory for both output and hidden layeiifus,LSTM architecture

improves significantly the perception tfe causeand-effect relationship.

The LSTMetworksmight havequite complex architecturs, yettheir main components
are:

Cell

Forget gate

Input gate

> > > >

Output gate

The cell is also called the LSBMckwhich is responsible to remember the valuése
gates on the other handg¢ontrol the communication between the memorgltand the

cells next to it. Forget gate is the vector whikhows what information should be
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forgotten once the information is out of date and therefore irrelevalmput gate, on
the other hand, is called save vector as this gate determines which iafmmpasses

to the longterm memory.The Output gate is responsible to choose which values are
passed through to the next hidden LSTM u@iverall, these gates and LSTM structure
enable the LSTM netwoskio provide a steady and constant flow of gradientvhile
backpropagating. As earlier stated, due to these features, LSTM models are kzlaliento

and access information ovarlong period. (Graves, 2018p. 3745).

4.3 NeuralNetworks in Exchange Rate Forecasting

Financial forecasting has always beena@npnent field of study. Machine learning algo-
rithms have been able to improve the forecasting accuracy of stock and foreign ex-
change forecast€specially neural networks hateen a profitable tool to forecast fi-
nancial time series datdhus, rural networkSability to learn and model redife phe-
nomenahasled to rapid utilization othesemodels Due to the unique properties and

the capability ofpowerful pattemn recognition, neural networks have provided accurate
models to predict andnalyzeforeign exchange ratesAsstated in previous sections
neural networks araunique and efficient models due to their capability to process a
large amount of nonlinear datdn addition to this, NN models are selflaptive and

have the ability taoecognizecomplexrelations(Yu et al., 2007Pue to these character-

istics, neural networks have been a popular tool in currency analysis

Tabled provides arief reviewof previausstudiesrelated to the utilization of NN models

in the analysis of foreign exchangeeat

Table4. Previous literature; Neural Netwoks and Exchange rates

Authors Purpose Methods Results
Zhanget al. NN forecasting of the GBP/US Neural Networks ~ NN outperform linear
(1998) exchange rate models, especially in the

short run



53

Zhang (2003)  Forecasting of GBP/USD € ANN comparedto Hybrid model outper-

change rate random walk, forms ANNANN outper-
ARIMA and hybrid forms ARIMA
model

Gradojevic et al. Forecasting exchange rates wi ANN comparedto ANN has consistently

(2006) nonlinear, norparametric and random walk and  smaller RMSEcompared
non-fundamental models linear models to random walk and non-

linear models
Dunis et al. Measuring EUR/USD rate witl Higher order NN,  Results show that MLF
(2011) different NN architectures Psi Sigma network HONN, Psi Sigma ar

RNNGaussian Mix- RNN outperform tradi-
ture, MLP and soft- tional models

max
Zafeiriouet al. Forecasting exchange rates wi Neural network and NN model which include:
(2013 NN model that includes tech technical indicadrs technical indicators out-

nical indicators perform traditional NN

models

Ni et al. (2019) Forecasting nine major currenc GRNN, based on  GRNN method provide:

pairswith GRNN method RNN and CNN more accurate results
Zeng et al. Forecating USD/JPY with a h' Wavelet denoising, The hybrid model comb
(2020) brid model attention based ing three methods out-
RNN and ARIMA  performs the taditional
methods

%Kl y3 | yR Neulal netwatkdioregastihg of the BritisiPoundUS dollar ex-

change rateé

Alreadyafew decades ago, Zhaagd Hu(1998) conducted a comprehensive study that

analyze neural networks and their ability to forecast exchange rates. More precisely,

they were keen to understand/hat is the impact of the number of inputs and hidden

nodes. Additionally, they were interested to evaluate what kind of role does the magni-

tude of KS GNJIAYAYy3I &l YL S LX I & dampl&kadddouti-i dzZRA SR
sample performancand used GBP/US[2xchange rate datarheir study provides evi-

dence tha NN is able to beat the traditional linear modglghichis statisticallysignifi-

cant when the time period is short. Additionally, they suggest that the number of input

nodeshasa more significant role compared to the number of hidden nodes.
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Zhang (2006 0 G ¢AYS aSNASa F2NBOFadGAy3d dzaiAy3
Y2RSft ¢

The paper byhang (2003) compares the efficiencyaoto-regressive integrated mov-

ing averaggARIMA, ANN and a hybrid model This hybridnodel combines features

from both ARIMAand ANN modelsAccording to Zhang, models thate based on the
assumption that the problem is either nonlinear or linear tend to farealworld situ-
ations. Therefore, a model that accepts both nonlinearity and lineapitgyides the

most accurateesults.Zhangs able to empirically prove that the hybmdodel provides
significant results when suited #oreallife dataset. However, if the interest is simply in
ARIMA and ANN model, their study shows that ANN provides more accurate results than
an ARIMA model.

DN} R22S @A O I y R -linear Inghfarametric,nertundéantedtal exchange
NFGS F2NBOFadGaAy3Ié

Gradojeviand Yang2006)focus on investigating how neural network models perform
compared to traditional linear models. In addition, theyngparehow NN models per-
form when it iscompared to the random walk modélhe andom walk model is one of
the grounding theories in the field of financial studies and it is generally stated that in
efficient markets the random walk is theost accuratevay to predict themovements
However, tle paper by Gradojevic et al. (2006) prove that the most valid forecasts are
received with neural networks. This evaluation is done by comparing the root mean
squared errors ad comparing how well the models are able predict the direction of
future values. ANN models are consistently outperforming linear and random walk mod-

els.

Yl FSANR 2 dz | y 8hor¥Terin fTrni@l Prédictiom af Boreiyn Exchange Rates

with a NeuralNetwork based Ensemble of Financial Teatalilndicatorg
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ZafeiriouandKalleg2013) believe that modettat focus on short periodsandtechnical
indicators are unable to provide significant ressiivhen it comes to foreign exchange
rates. Therefore,their paper focusson developing and congtting a neural network
model which is able to forecast shetérm buy and sell trends for currency markets. The
reason why their model outperforms previous models is due to the technical indicators
that they include as inputs. Therefonegeural network malels do not only use prices or
percentage changes as input values. By including different factddN models, the

models are able to provide even more efficient and significant results.

5dzyAasx fF ga |y RighieSoxdrlaid yeduirentneutevckitectuces for
trading the EUR/USD exchange rate

As previously stated, there are several different neural network moddédbsvever, in
addition to several NN models, there are also several architectures for these models.
Therefore, Dunis et al. (201tonducted a studiyn which they compared the forecasting
accuracy for EUR/USD exchange rate with different NN designs and architectures. The
chosen designs were Higher Order Neural Network (HONN), Psi Sigma Neiwbek

more typical recurrent neural nevork (RNN). In adtion to these, there were three ar-
chitectures chosen that were then comparedsaussian Mixture (GM), Multilayer Per-
ceptron (MPL)and SoftMax The results show that MLP, HONN, Psi Sigme RNN
models are able to outperform traditiomdorecasting modelsWhen it comes to the
comparison of these different architecturethe GM network is able to provide most

accurate and significant results.

Ni, Li, Wang, Zhang, Yu and Qi (209 2 NBdbf FaréxATihe Series Data Based on
DeepLé Ny Ay 3¢

Niet al. (2019) condueidda CRNN model to predict foreign exchange rafésis GRNN
method is based on recurrent neural netwsind convolutional neural netwosgkTheir

study combin€ the advantages fawo algorithms and their aimvasto further improve
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the forecasting accuracy studying nine different currency pairs, their papesvided
evidence thathe GRNN method provides more accurate results than the LSTM model
or CNN model.

Zeng and Khushd H n HWVaweletdenoising and Attentiofibased RNNARIMA Model

to Predict Forex Price

Zeng et al. (2020) proposed a forecasting maodeich combines wavelet denoising, at-
tention-based recurrent neural network (RNN) model as well as autoregressive inte-
grated moving average (ARIMA). They believé tha movements in foreign exchange
rates play a crucial role as it can be a great opportunity or a big risk for the investors.
Therefore,an accurate forecasting tool for currency markets is crucial. The purpose of
wavelet denoising is to make the datatstture more stable. ARNN tries to find nonlin-
ear relationships whereas ARIMA finds linear correlations from the sequential data. By
studyingthe USD/JPY exchange rate, thvegre able to prove that this hybrid model

outperforms the traditional methods.

Asprevious literature indicatesglready for decades neural networks have been used to
study exchange rates. Despitas, the research of ex@nge rates and machine learning
algorithms continuesNowadaysstudies can provide more 4idepth analysisyet a per-

fectly accurate model is still to be found. The prediction of exchange rates is challenging
due to their dynamic and complex characteristi@scurrency markets react to several
microeconomic and macroeconomic factoisis no wonder that it is extremig chal-
lenging to find dorecastingmodel which would be able to predict how different events
impact and how do investors and market partaips react.Therefore, exchange rate
forecasting has and most probably will continue as an important yet chatigng-

search issue.



57

5 Data and methodolog

This part of the paper describes the data and methods that are used to forecast foreign
exchange ratesThe first section will preserg description of the data, how the data is
collected andthen provide some preaanalysis related to the datarhe second section,

on the other hand, will provida short description of the used tools armdmore deep
understanding of the chosen method. Therefore, the method mamsistamainly of the
preparation of the modelfraining, and generalization. Lastly, the loss metrics will be

presented.

Themainsteps to build an LSTM modsk:
A Prepare the data

Preprocess the data

Split data to train and test set

Reshape data for implementation

BuildingLSTM model

Compile/train the modé

> > >y >y D> D>

Evaluate the performance of the model

5.1 Data

A precondition for an accurateeural networkmodel is preprocessed dat&he quality

of the data has a significant impact on the results and therefooperly prepared data

is a crucial step in the proces$ constructing a neural network. (Sattler et,a&2001).
This paper implemenis recurrent neural network model, more preciselySTM model
usingthe Keras framework and a dataset that consstclosing valuesf threedifferent
currencie; GBP/USDGBP/EURand GBP/JPY. The data of these thraeency pairss
collected from Yahoo! Finandatabase The collected data is daily closing valaesl
thusthe collected valugpresent exchange ragbetween two currencies at the closing
time of eachtrading day.With daily closing prices, it is possible to exclude some very

short-term fluctuation and suddetehavior
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The dataset containdaily closing values from January 2010 to December 20b9is-
ualize the dataets eachdatasetis plottedinto a figue to show how the closing values
have fluctuated over timeAdditionally, for each datasghe percentage change is cal-
culated and then plotted as a figure. These logarithmic returns present how volatile the
exchange market has been and how the volgtihas fuctuated over time. Figures 6
and 7presentthe historical closing values tife GBP/USD currency rate and the loga-
rithmic returns for the same exchange rate during 2@019. Figure8 and 9, on the
other hand, consists of the historical closvegjues ® GBP/EUR and the logarithmic re-
turns for the same exchange rate. Lastly, figut®snd 11 consists of historical data of
GBP/JPY exchange rate and therefore present the historical closing vatllegarith-
mic returns for GBP/JPY.
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Figure6. Closing price history GBP/USD
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Figure7. Logarithmic returns for GBP/USD
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Asthe purpose of this paper i® seek for shifts in the predictability, each dataset is

divided into equalengthperiodsc January 2010 to December 2044a & Sand Jard-0

ary 2015 to December 209 & & S Wihe aim of constructing two different datasets is

to divide the data into two the periods The first four years describintpe time when

the uncertainty causebly Brexit did not appear and the latter describihg time when

Brexitrelated events have occurreBach of these subseare presented inTable 5 This

table shows how mangbservationsareincluded in each subset and what are the mean,

minimum and maxnum valuesAdditionally,the last column shows the standard devi-

ation for each subset.

Table5. Statistical analysis @achsubset

Count | Mean Min Max Standard deviation
GBP/USD set 1| 1302 1.589465 1.429674 1.716090 0.052469
GBP/USD set 2 | 1281 1.359247 1.202198 1.588512 0.103715
GBP/EUR set 1| 1304 1.194013 1.096800 1.286900 0.044089
GBP/EUR set 2| 1282 1.204102 1.072430 1.440300 0.101484
GBP/JPY set 1 | 1302 143.3840 117.1800@ 189.2200 18.961093
GBP/JPY set 2 | 1282 153.0758 126.66600 | 195.74200 | 18.095405

The data collectiomf this studystarts from 2010 which can be justified due to the fi-

nancial crisis of 2002009. The most volatile impact tife financial crisis occurred dur-

ing 20072009 and thus this period will be exded from the dataset. However, the
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recession caused ltlge financial crisis may cause biases to the dataltreover,when

it comes tafinancial marketsalso other factors may cause biasssch as thé&urozone
crisis in 2009 and the US presideng#dctionsin 2016. The period was chosen to end
to December 2019 abe global pandemic Cowtd began to cause volatile fluctuation
in the marketsat the turn of the year 20122020. Therefore, as the focus is on political
uncertaintycaused by Brexitthe fluctuation caused by CowtP is not in the scope of

this paper.

It cannot be stated that the data from 2010 to 2014 would be completglgiased.
Additionally, it cannot be stated that the data from 2015 to 2019 would be fluctuating
only due to Bexit-related events. However, when it comes to financial marketsraad

life cases, the market will always be sensitivesaveraldifferent factors and events.
Therefore,it will always be a challenge to limit markef@actions to one specific event.
However,as the purpose of this paper is to study how the predictability varied during
the time before Brexit compared tihe time when Brex#related events occurred, this
paper willhave toaccept the fact that other factors may cause biaseshe receved

resuts.

The next step after the collection and description of the used datasets is to preprocess
the data.Currently each dataset ipresented in theioriginalvaluesand therefore they

have completely different ranges. To make these currenciesersompaable, these
datasetsshould bescaled to a range between 0 toThis linear transformation is called
normalization and in this processach input value is scald@tween a specific range. In

this paperafunctioncalledd a A y a | E{ Ol fof aByhoh modaesicSIBScikitNJ
learn(Pedregosa et al., 20T hisobjectscales eacmput variablebetween thedefault

range[0, 1]according to the following formula:

@ — 8
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The last tep of the datapreprocessing is to split each dataset iattyaining and testing

set. Commonly the training set is 80% and the test set is 20% of all the input variables.
The training set isised as the input variables for the neural network and the test set is
used totest the accuracy of the neural network after the training part is finisi@eéron,

2019, pp. 30)Table6 shows how each dataset is dividedo training and testing sets.

Table6. Training and testing sets

Totalamount Train sie Test size
GBP/USD set 1 1302 1041 260
GBP/USD set 2 1281 1024 256
GBP/EUR set 1 1304 1043 260
GBP/EUR set 2 1282 1025 256
GBP/JPY set 1 1302 1041 260
GBP/JPY set 2 1282 1025 256

The last stepn data processing is to reshape the data into anyashape which the
LSTM model can then process. This reshaping can be done with the functionatities of

NumPyarray.

5.2 Methodology

This papeimplements a LSTM modeio predict the closing price of foreign exchange
rates. LSTM is a recurrent neural neik architecture which has been widely used in
time series analysig.he strength of this model is based on its ability to process not only
individual data points but lao larger sequences of datén addition, the model has
memory cells which enablé&é network to store information for a longer periotinlike

the standard RNN model, LSHelsthree gates called input gate, forget gagad output
gate. The first one comls whether the information is updated, the second controls
when the memory is set toezo and the output gate controls whether the output is
made visibleThus, the modetanfind longterm dependencies in the datasdGraves,
2012, pp. 3745).
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In order to build an LSTM model, this methodology part will utilize a vast variety of py-
thon libraries. The most important librarieare Keras and Tensorflow. Tensorflow is an
opensource library which is widely used in machine learning applicasioch & neural
networks. Keras, on the other hand, is an ofmurce library which can be used for
building deep learning neural network¥hus, Keras and Tensorflow are usedhis
studyto develop accurate learning algorithms. In addition to these, libraies as Pan-
das, Matplotlib, Numpyand Scikdearn are usedd analyze the data more efficidy.
These libraries are also used to preprocess the data as well as visualize the results. Al-
ready in the data sectigMatplotlib was used to plot the closinghues into a figure and
Scikitlearn was used to scale the input variables to a range from 0. (Keras, 2021,
Tensorflow, 2021).

After the mostprominenttools have been presented, it is time to build the LSTM model
This modeWwill then be implementedn Keras utilizing the functionalities of Tensorflow
In order to build a functioning LSTM nhal, it is important to design an architecture
which enables accurate data processing. Therefore, irtréiaing part, it is necessary
to define the righihnumberof nodes and layers as well as choose the additibppérpa-
rameters.As already discussed the literature review, RNN models includa input
layer, one or several hidden layeend then an output laye(Yu et al., 2007, pp. 27)
WithKerash i A4 Ll2aaAiofsS (G2 &adGl O YziaddAlnfhisS f I & SN
paper, a simple networkvith one LSTM layancluding50 memory cellsill be com-
bined with one dense layeThe main goal of the network is to map the inputs to target
values. Thethe efficiency of the learning process can be increaseplitking gproper

loss function, amptimizer,and otherrelevantparameters.

To ensure that the network performs as designée data used in the training process
must berepresentative of the actuaituation. It is incorrect to assume that the created
model would inherently be an exact fir future scenariosincethe modelmight, for

instance assign too much weight tthe noise in the trainingdata. (Géron 2017). A
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A0SYINA2 Ay 6KAOK (GKS Y2RSt RSa@&itiagSa GKS
Overfitting is a common challengbat neural networks deal withln overfitting, the

error of the training value continues to decrease yet the validation loss starts to in-
crease. Thus, the overfitting starts to occur when the validation $teds to get con-

stantly worse. WithearlystaLJAy 3 A G Aa Ll2aaiofsS G2 aadz2Ld
cally recognizes when the model begins to efifeand stops the learning process.

(Keras, 2021; Goodfellow et al., 2016, pp.-242).

However, aghis paper aims to compare how tHerecasting acuracy of the imple-
mented LSTM model change&luring different periods and currencies, this study wants
the structure and parameters to remain constant. Therefore, stopping early will not be
utilized separatelyfor eachdataset Yet, in this paper thérst dataset (GBP/USD set 1)
was tested with the early stopping function. The model stopped in epochmifOthe

patienceof 10. Therefore, this paper uses 500 epochs to train each of the models.

Another tool toprevent the neural network from overfitting a technique called drop-
out. The main aim ahe dropout technique is to randomly drop units whtlaining the
model. Thus, the technique randomly chooses cells in a layer and themhsaet output
value to0. With dropout, it is possible to improve thiorecasting accuracy of the neural
network. (Srivastava et al., 2014). This paper will use a dropout percent&@8wand

thus the probability of the technique to choose a cell and set the chosen outpuigo 0

(@p))

0,2. Lastly, this study will use an optiGiN Ol f f SR &! RIF Yéd ¢KS 2LIGA
fori KS ySdzNIf ySGg2Nl Qa GFNBSG FdzyOluAzy YAYA

to its successfuperformancein previous studiegReimers et al, 201Kingma et al.,

2014).The simmary of the most imprtant parameterdsresented inTable 7.
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Table7. Summary of the parameters

Parameter Value
Number of Epochs 500
Training Method Adam
Hidden Layer Activation Function Linear
Dropout percentage 0.2

How to design a model that perms well not only on training data but also on test data,

is a common challenge in machine learning models. Therefore, detimengumber of
layers and hyperparameters is a crugalt. After this part is done, it is time to compile
the model. Thena large amount of training data is fed into the adaptive LSTM model.
Each training elemerdlso hasa target value. This way the modednrecognize rela-
tionships and weights between the input and target values. The aim in the learning
phase is to teach thparameters to perform in an optimized way so that after the train-

ing phase the model could accurately predict target values for newt vgdues.

5.3 Evaluation metrics

In this paper, the choseperformance evaluation techniquese theMeanSjuaredb-
ror (ME) and the Mean Absolute Bror (MAE). The difference between an observed
value and its prediction is referred as the forecast errorTheerror does notindicate
that there existssomeinconsistencyvith the model, yet it refers to the unpredictability

of the observation. (Hyndman et al., 28, pp. 6271).

Both MSEand MAE are common measures in the previoweural networkresearch
(Leung et al] 2000;Khashei et al.2010) Hu et al. (2021) have recently conducted a
survey in which they have collectedziens of machine learning studies focusing on cur-
rency and stock markets. Thapalyzewhat kind of ML algorithms hay@eviouslitera-

ture utilized, what different variables & been usedand what resultghese studies
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haveprovided. Thus, from their stly, it is possible tawonclude which performance pa-
rameters are most often used to measure the performanceeiral networks These
measures are for instance Sharpe ratio, Ukecy, Error Percentagend Fmeasure.
However, the most popular metrics for &wuating LSTM modelperformanceare the
MSE the RMSEandthe MAE.However, as the RMSE is simply the root square of the
MSE, will this study focus on simply the Mean Sqd&gorand the Mean Absolute

Error. Thechosenforecasting accuracy measuregdisted below:

0°YO -B @ & (9)

000 -B s OS (10)

TheMeanSyuaredEror (MSE) is the average of the squared deviations. In other words,
the average squared differenceetween the estimated value and its corresponding ac-
tual value.TheMean Absolute Eror is the mean of tke difference between the actual

and predicted valug MAE tells what the distance is between the actual and predicted
output. The disadvantage of MSEle heavy weighting of outliers. Thus, single devia-
tions will have a significant impact on the error value. In contrast to MSE, MAE penalizes
large errorsn the same proportion as small errors. Fath of these error criteria, the

smaller the error vale, the better the forecasting accuracy.

As earlier discussed, in the neural networks preprocessing phase, the datasets are di-
vided into training and tegtig datasets. Errevalues are also calculated for both training

as well as testing sets. In generdie training error is the error value that the model
receives when the model runs on the training data. However, this error value does not
provide much knwledge as this training data has already been used to train the model.
Thus, a small training errods not necessarily mean that the same model would per-
form accurately on new data. Therefore, the testing error is a more valuable error value.
The testingerror is the error value received from the model when the trained model is

fed with new input datain other words the excluded test datgHyndman et al., 2018,
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pp. 6271). Thus,this error value tells how well the trained model performs with new

data that it has not been exposed to.

In other words, when selecting models, it is a common practicaeviae the available
dataset into two subsetgthe training data and the testing data. In this pagée train-

ing data includes 80% of the observationsandas testing data includes 20% of the total
observations. The first being used to train the moded &me latter being used to evalu-

ate the accuracy of the model. Since the test data has not been used to teach the model,
the testing errors should providgood indicators of how well the model forecasts. This
testing method is called owtf-sample validabn since the model accuracy is based on
data whichhas not been used when training the mod@utof-sample validation is a

generally agreed tool for evaditing forecasting methods. (Thashman, 2000).

To conclude, both the training and testing errors amgportant. These error values
demonstrate how well the model can generalize from the training data. Generally, the

training error will always decline. Tasg error, on the other hand, may first decline but

then it may start to increase. This-salledovesF A G G Ay 3 200dzNE | & GKS Y
gStftes YR Fa | NBadzZ G4z GKS GSadAy3da SNNENJI
decreasesThus, a compmated model is not always the best model. It is crucial to de-

velop a model which fits the actual séttion. This means that the algorithm, the param-

eters and the training datahaveto be carefully chosen. If the training data does not
accurately representhe actual situation, the model will produce incorrect results. In

this case, the training data is neepresentative, which may be due to a wrongly selected

sample size. If the training set is too large, the data may suffer from samplingdmas

the other hand, if the training set is too small, the training data may be biased due to

noisein the trainingsample (Géron, 2017).
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6 Empirical results

This part & this paper willpresent the received results. For each currency and for each

subset the errorvalues for both training and testing das#ae presented.Alsq the loss

values are visualized to show hdie loss values developed as the number of epochs

increased.The bst figures will present how well the testing data followed the actual

data. Lastlythere will be a discussion section in which the results will be critically eval-

uated and reflectedn previous studies.

6.1 Results GBP/USD

Table8. GBP/USD set-Iraining and testing evaluation

Training Testing
Parameter Value Parameter Value
Number of observations 1041 Number of observations 260
MSE 0.00126169 MSE 0.00068745
MAE 0.02697517 MAE 0.01839239

Table9. GBP/USD sé&- training and testing evaluation

Training Testing
Parameter Value Parameter Value
Number of observations 1024 Number of observations 256
MSE 0.00132558 MSE 0.00083907
MAE 0.02364593 MAE 0.02189644
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LSTM Model Loss (GBP/USD set 1)
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Figurel2. Loss visualization GBP/USD set 1

LSTM Model Loss (GBP/USD set 2)
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Figurel3. Loss visualization GBP/USD Zet
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Real and predicted close price
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Figurel4. Real and predicted closing price foBR¥USD set ¢ full dataset

Real and predicted close price
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Figurel5. Real and predicted closing price for GBP/USD s#&dsting set
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Real and predicted close price
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Figurel6. Real and predicted closing price ®@BP/USD set@full dataset

Figurel?7. Real and predicted closing price for GBP/USL2 sé&tsting set

























































