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Abstract

Commonly used analysis of price movements in foreign exchange (forex) market are fundamental
analysis and technical analysis. One among many indicators which influences the forex price is
news articles. In this study, it was selected and classified news announéements which affected
euro/dollar return volatilities. By using the Naive Bayes theorem, thd niews was “‘weighted’ to
become the predictor of the forex price movements. The posl—announcemenl reactions were
highlighted and analyzed. They were classified and labeled as: JUp™,, “down ?ﬁchanged "
The study revealed a significant predictive power of news anlouncenieiis ové&e forex price

movements of euro/dollar return volatilities.
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Information or news gives us description about, th re or the past happenings. When
information as data is processed into a betterusetul @or the real beneficiaries, it can become
very valuable, in forms of undéistandablé wlu@ current or future decisions ( Gordon B.
Davis, 2000). Information is somethingdwii eals the results of processed data which is
organized and useful for the beneﬁciaﬁss& E. Cushing, 1982). The influence of news can
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The influence of news towards forex transaction volatilities has been discussed by many
researchers such as Evans and Lyons (1999); Melvin and Yin (2000) and Cai, Cheung, Lee, and



Melvin (2001). Broadly spoken, the analysis of forex trading can be classified into two groups,
they are: Fundamental Analysis and Technical Analysis.

As it was discussed earlier, jumping into forex without knowing how to do analysis can be equal
to gamble in it. It is clear, that gambling will end at loss. But, what a pity is, that this
phenomenon is not just experienced by new players in the forex. There are too many people who
experienced loss at tens to hundreds of billions dollars, before they realized that without good
analysis, such forex trading is equal to gambling. Gain without a good analysis is generally
because of luck factor, which will not sustain, and all funding can vanish in just weeks or months
because of the minimum knowledge in analyzing. Therefore, this study tries to emphasize the
importance of an analysis in forex trading, so that one can expect to reach the targeted
profitability in the long run. The know-how on analyzing price movements,is quite an absolute
skill of the forex “players”.

In general, analysis in forex trading can be classified into two_methods, 1.e4 Fu@wn‘[al and
Technical Analysis. When one heard on television, news ou ificiedse of W, oil price, or
American Central Bank’s decision, that the Fed increaseddthe interest rate, Wai3 news is called
Fundamental news. Such news can be very influential on fhe price move é&;ﬁ in the market, and
can be very influential towards the portfolio of an imVéstor in Torex ayofld. Analysis which is
dependant on these sorts of news is called Fundamental, Analysis. @

Fundamental Analysis concludes thatd price’ mavements aréNresulted from government’s
announcements and policies, as welldas résponse feed-ba% f the market to the announced
news. In fact, such fundamental newshiave becn the trig@ t price movements in forex market.
Any news which will, or has appeared publicly, ttigg utual reactions to the traders, both the
sellers and the buyers, whichg@sulted in price chasdgdes” It means, announced news in a country

can cause a change on this “€oumtry’s Jeutre This change, at the end, will push the
government, as the decisive monetary authoriy, to set an economic policy. The consequence is:
it causes a publicati ovel fundamet@ws. So it happens continuously.

A fundamental fin
news, ability fo’ fi
possessions of

it i§vital that he should definitely possess: timeliness, preciseness of the
the miarket’s reaction towards the published news. Without the
it will be hard for a fundamental analyst to take advantage of the
available news t 1t g forex. For an easy example, say, when one hears news that the
Fed has just increas eirdnterest rate into 25 basis points (which is equal to 0.25%) a couple
of minutes ago (in this'business the time is counted not in hours anymore, but in minutes! Being
left behind of the news means that opportunities passed already!). Generally, US Dollar currency
will become stronger after the news, and Buy position can be preceded. But, if one hears the
news two days later, this important news has become unuseful as the market has stopped
reacting, and has probably even come into a corrected situation. Thus, in this forex trading,
timeliness in obtaining news is crucial. So does the source of news one hears. It does not matter
whether the news heard is not valid, as long as the market has the same perception with
everybody else. Therefore, the standard is the market itself, not the reliability of the news.



In the forex world, there are over 50 different fundamental news issued by every country, and
each of them affects differently to the price movements. Now the question is: what are these 50
news? And how the published news influences the currencies’ movements?

One of the text classification method can be used is Naive Bayes, which is often called as Naive
Bayes Classifier (NBC). The advantages of NBC are: it is simple, and yet it has a high accuracy.
NBC uses probability theory as the fundamental theory. There are two steps in text classification
process. The first step is: exercising example. The second step is a process of classifying
documents which categories are unknown. This second step can be called Behavioral Finance,
which currently is seriously looked into and studied.

Behavioral finance is a science on aspects of attitude, or psychology, of the decision makers,
especially the investors in stock markets. Previously, the decision makegghawe been assumed as
being rational and consistent. Behavioral Finance tries to oppose the aSsumpfions and clarify the
bias by using many psychological terminologies. Behavioral financeé bgeomes popular for the
first time when a psychologist, Daniel Kahneman with hisgprospect théory, WZS awarded
Economy Nobel Price in 2002. Thenafter appeared also Microgtructure Marke ory, which is

a branch of finance or investment science, which studi€s the influenc capital market
regulatlons on outcomes, such as: return, volatility, liguidity, efficien d transaction cost.
Using news as an assessment variable of Behavioral Finance Theor ‘;y icrostructure Market
Theory, to assess or to decide the movementg of efiro/daliar in for@urrenmes, which is most
likely has positive value. From this assedSutent, a dinaneial @1 hm can be produce, to be
implemented on the application which a8 been Cofinected to%e ick-chart of Euro/Dollar forex
or full forex transaction application.Jhe existence ofthi cation, or finance algorithm, can
support investors or brokers in deciding, the ditect ‘mansacﬁon: increase, decrease, or

&

balance to a transaction.
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Macroeconomic
Empirical proofs’sh jas Or misinformation in a market can lead forex price to be far from
the normal mafket pijce. Bfas examples which can cause distortion are: Lack of information

about a certain hi€li can create false hope, world market will then be avoided by
international investors, anddiesearch area will become less. Market is bias towards loss-sales;
after 12 month market performance will drastically decrease, the investors suffer from losses.
Political stability is an important factor. Any issues arise in the market, are dependant on it.

Using past performance as a guidance in the future? The world in general depends upon the
current happenings which have great effects in the future. The element “following the main
stream” and bias towards”good” forex because they play save. Foreign and local investors will
both buy enormous forex which is relatively safe, which includes in a perception as a safe
foreign currency.

We believe that investors can exploit market inefficiency. In short term, forex prices react to the
market ineffiency. Whereas in a mid-term, market will become semi-efficient (in the



developing/emerging market), and will give good reward to the investors whom have been
exploiting price inefficiency, or in other words: those who have identified currencies which are
“undervalued” or “overvalued”.

The phenomena of “light to quality” show an alternative measurement to prevent risks, one
among many which generally is related to the investment style. The need to “safely invest” will
become stronger when the investors feel unsure about the situation. Because the boiling market
reflects and may enhance the investors’ worries, “light to quality” often happens during the
volatility period. During the period, investors’ risks are increasing, they tend to pursue the strong
currency, and they will sell the currencies which they think are risky. Style characteristic is very
much related to quality perceptions. Therefore, the premium of uncomfortable style or contrarian
should be high after the boiling period (Financial Analyst Journal, March-April 1995).

Conventional macroeconomics theories on exchange rate decision MAave Been accepted;
nevertheless they are limited to empirical learning. Now there isamvide comprehension that the
“main” macroeconomic variables play relatively unimportafif” roles, in degi eg&zhort-term
exchange rate movements. A comprehension which has todee altered invth amic exchange
rate needs an examination which is closer to the fungtion of, forex éﬁ; or exchanges. A
conference on “Microstructure in Foreign Currency &%¢change Sale ch is related to the
National Bureau Economic Research (NBER) andeBanca d’Italia ld in Perugia, on 1-2
July 2008, which considered how the thediiest ot “micsostitic \nark , which have been
developed to study the equities and to take importdnt roles ain exchange rate behaviors.
The conference was orgamzed by STV L rdlikeld or Fellow at the Institute for
International Economics in Washington RC, & Professo onomlcs at California University,
and NBER Director untuk International” Fihance an roeconomics, Giampaolo Galli, aCo-
Director of Research Departdiiént of Banea dI Iberto Giovannini, a board member of
Treasury Ministry of Italian Expests; Jerome azen a Professor International Business at
Columbia University, and also a €6-Dir e of International Macro Economy Program
(CEPR). é

It was explaine that i icrostructure, there is relationships between trade volume and risk;
e intensities which are related to the exchange rate issues in more
details, such asjthe b&§avigfs of the market participants during the EMS crisis since 1992, the
tiyely, and capital affectivities are designed to control the crisis. [15]

In order to highlight th¢ remaining theoretical gaps and briefly document the poor empirical
performances of: the purchasing power parity (PPP) theory, flexible price and sticky price
(overshooting) monetary models, also the portfolio balance and equilibrium models, Mark
Taylor of University of Liverpool and CEPR, has written with Robert Flood, in “Exchange Rate
Economics: What's Wrong with the Conventional Macro Approach?”, of their surveying the
traditional literature, that their estimations which used pooled annual data for 21 industrialized
countries from the floating-rate period, revealed that - although very poor over even a one-year
horizon- the explanatory power of the fundamentals in applications of both the PPP theory and a
simple flexible price model, was considerably greater for data averaged over periods of five, ten
or twenty years. Traditional approach can therefore still play a useful role in explaining longer-
run exchange rate behavior [15].



The contribution of Taylor & Flood findings is in setting an agenda for future research was
welcomed by both Andrew Rose (University of California, Berkeley, NBER and CEPR) and
Lars Svensson (Institute for International Economic Studies, Stockholm, NBER and CEPR).
Although minute in comparison with daily turnover, exert significant effects. Studies adopting
this microstructure approach should focus on how and why speculative attacks begin and why
official interventions. Besides, the importance of such interventions' secrecy, the roles of rumors
and heterogeneous beliefs, the effects of exchange rate volatilities on hedging for trade, and the
design of monetary policy to take account of markets' microstructure, they all should also be
assessed. The reason why the data usually reject the PPP theory was noted by Jeffrey Frankel,
that prices exhibit insufficient variance in the sample periods, and that PPP theory is stated as
tends to work better during hyperinflation periods [15].

Text Mining ?,

Keyword-Based Association Analysis is an analysis donesby collccling ords or terms,
which often appear at the same time. Then try to find thefassogiation relag ips as well as the
correlations between the keywords or the terms. 3%,

Like any other analysis in text databases, in the b@girining ass @Jn analysis is started by
doing pre-processing of text data through parsmg, stemmlng, ng stop words, and so on.
Afterwards then the algorithm associatiof minifng igiun lna e document, each document
can be taken as a transaction, whereag'a group,of Keywordg 1 he document can be treated as a
group of items in a transaction, so thedatabase will'hav rmat as follow [28]: {document id,
a_set of keywords}. This kind of format iswusually ¢ as Compact Transaction format.

Parsing QQ)Q

In grammar and li
sentence becom
[29].

terms, parsin é process which is done by someone, to make a
ificant or meghgful, by dividing the sentence into words or phrases

Generally a formal uagé in any country has function words and connecting words, such as
articles and prepositionis which almost always appear in text documents. Usually these words do
not have more meaning in fulfilling a researcher needs in searching for information. The words
are (e.g.: a, an, the, on - in English) which are called Stop words [30].

A Text Retrieval System is usually accompanied by a stop list. Stop list contains of a group of
words which are “irrelevant”, but very often appear in a document. In other word, Stop list
contains a group of Stop words [28].

Stop words removal is a process to omit “irrelevant” words at parsing result of a text document,
by comparing them with the available Stop list.

Stemming



Stemming 15 a mapping process and separating various vanants of a word into the stem word
[31]. This processis also called as conflation [27]  Stemiming process has been widely used 1n
Information Eetrieval, to increase the quality of the information obtaned [26, 27]

Naive Bayes Method for Text Classification
The outline of Naiwe Bayes Method for text classification 15 as displayed below:

At NBC, every news document 15 presented in pared attnbute (al a2 . an) where al 15 the first
word, ad 15 the second word, and so on. Whereas V 15 the group of news category (sport, science
technology and so on). At classificaton phase, Bayes approach wall reswlt in category labels
which probability 15 the highest (VMAP), by incduding attnbute (al, adg " an)

Vyge = argmax P(v, |la,a,..a0,) @ >
v, el” 1 ' E
Bayes theorem said: pin &?"
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e constant forall i.@that this equation can be wntten as follows:

(23)

P{al,a2 ... an)valu

Vi)E(V;) (2.4)

(gl a2 ... an|ivy) becomes high, as term quantity P (al, a2 . . an

1wy can be very W & $0 the total term 15 equal to all word position combination times the

number of categories. _
Naive Bayes Classificl smplified this by assuming that in each category, every word is
independent to one and another In other words:

P(ﬂ.__az'"‘?n|""J}:H,-P{”r v,) (@5)
Substituting this equation with equation 2.4 wll resultin;
Vyup = argmax P(v,)] [.P(a; | v;) (2.6)
F;el
P (1vy) and probability for word wh for every category P (wk | 1vy) caleulated during exercise:

docs .
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Where| docks | is number of words at J category, and |Canto| is number of document used in
exercise. Whereas nk is the number of word appearance wk at VJ category, n is all of the words
in vj category, and |kosakata| (= vocabulary) is the number of words which is unique (distinct) at
all of the exercise.

Algorithm summary for Naive Bayes Clasifier is as follows:

A. Exercise Process. Inputs are sample documents which categorygis, kndwn. ?,
1. Group of Vocabulary B are all unique words from the satple document

2. for each category vj do: Yy
a) Docsj B Group of documents which are at ¢atcgorn wj &
%) Caleulate Prei) wifh the equation 2.7 .@’

¢) For every word wk at the vocabularygée:
1. Count P(wk | vj) with eqliction 2:8 @

B. Classification Process. Inputs are ddeuiments,which ca’reg@s unknown:
Produce vmap accordingly to the'équation 2.6 6y 1 & (vj) and P(wk | vj) which has been
obtained from the exercise.

Research Methodology QQ?

The research meth was\as follow%é

Data set

300 web docu e taken as data for each of the 9 categories from the website

http://www.bloomberg.com "This website acts as financial news givers, as well as others in
trustworthy international world. This website contains of about eight millions (8,000,000)
documents or so, in correspondence to all news program; which many people browse the news
document at the website. Nine (9) category used are: business, Economic Monetary System
(EMS), Cost of Living, Average Earning, Federal Reserve Fund, Gross National Product (GNP),
Prime Rate, Non Farm Payrolls, and Discount Rate.

Actually news has about 46 categories, but 9 categories are taken as samples for this study. Euro
/Dollar data are two currencies taken as application or implementation to find the effect obtain.
The data were taken from the platform of Millennium Trader, quoted from 07May 2007 to 16
June 2008.
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Source: Millenium Trader Platform (07 May fo 06 Jung,20

News Category | *?(S

In this study, news will be classified in 9 £ategories as arg s at Table 1 below. These
categories are classified from the effectsdise fnd ibe mfluen wards forex in Euro/Dollar
markets. These categories were chosendis e news dre miore %ﬂ published.

Graph. 1 Euro;’Dollar Currencj,r Exchange Movements &

Table I Categtiies 6u§ ex

) : crease/ Decrease

NO. | Ed@libmic Indicuter AQ; Us$
1 | Busincss £ Decrease | Stronger
E;:g?;né&’f;i@ Increaze | Stronger
ost af Living Increase | Stronger
yveraze Earning Increase | Stronger
detal Reserve Fund Increase | Stronger
( Gr;s;)Natlonal Product Taccense: | Sanger
77 Prime Rate Increase | Stronger
8 | Non Farm Payrolls Increase | Stronger
9 | Discount Rate Increase | Stronger

Furthermore, the analysis needs to be classified into the various news, so the study segmentation
is focused and the directions are more organized, not randomly taken. As it was stated by
Situngkir (2003), social system can be differentiated into several descriptive levels as the objects
of the study. There from of the 46 categories available, only nine categories were taken to be
studied on their influences which atTected the market.



Document Extraction

The objective of extracting process is to produce terms which will be used as prototypes of each
document. Each term is sought for its stems of words. The procedures are based on dictionary of
language stems of words. The purpose is to prevent the usage of words which have the same
stems of words, but have different affixes and prefixes. Besides, filtering was done to words
which were not proper to be treated as the variants. These groups of words are usually called as
stop lists. As they are not readily available, thus in this study stop lists had to be found manually.

After extraction, the news was grouped into three parameters, i.e.. “good”, “bad”, and “no
increase”. In this study, the three parameters are called labels, they are meant for observing
clearly the effects on the currency exchange movements influenced by the.aews

Calculation of TF-IDF Weight

In this phase, each document was transformed into vector, with/nany elements,&any as terms
which can be recognized from the document extraction stage above. The ?;; or consisted of
weight of each term, which was calculated based on TFADI ™ meéthod. Tl%, -IDF method is a
weighing method in a the method integrated within Tefii Frequeney (m nd Inverse Document
Frequency (IDF) [7][15]. Q
The formula is: w(t,d) = tf(t,d)*log2(N/nf). The Symbol w(%ﬂ%%s the weight of term t in
document d, whereas tf(t,d) is the termdiequencydn the docuent (tf). N is the size of data
exercise which is used to calculate IDF, and nbis/the atim documents which are exercised
and has t value. &

The function of this method 4§te find the i€prese C;r)e value of each document in a group of
exercise set. There from a vector between doc% ts with terms used to find similarities of the
documents and their clusters, which Will b‘éﬂﬁ ed on the vector prototype, known as cluster

centroid [6]. 0

Classification

Similarities red
similar, based o
Classification Algo

en evaluated to decide paired documents which were stated as
thieshold values. News documents were classified by Naive Bayes
Classification Evaluation

This Evaluation was done for the purpose of understanding the performance of classification
algorithm at the trial stage. The measurement was based on two parameters: recall and precision.

Findings

The findings of manual evaluation of the documents are put into documents in the clusters. These
Clusters are the 9 categories discussed above. They are then classified into three groups, they



are: “good”, “bad, and “no movement”. After that, 2 parameters are used to evaluate the
classifications as follows:

1. Recall: a success rate in recognizing an event of all the events available. The formula is:

r = a/(atc) for atc > 0. Other than that is not defined.

2. Precision: an accuracy of clarification result to an event. Which means knowing the result
percentage of the correct clarified documents? The formula is p = a/(a+b) when a+b > 0. Other
than that is not defined.

Table 2. Means of Recall and Precision

Good News No Movers Bad News Overall
(Weighted

Prec. | Rec. Prec. Rec. Prec. Rgl Recall)
Avg. 70% 72% 40% 30% 60% 64% 58%
Min. 62% | 60.40% 40% 44% 55% 5% . %
Max. 80% | 80.30% 70% | 61% 6095 eI aLY60%
StDev. 7% 7% 4% 3% 6% g v»" 5%

Notes;

Avg = Average e%%recmon
Min = Minimum Rec —@
Max = Maximum andard Deviation
zing of this algorithm is around
Its, the ability of the algorithm to
existence of good recognition or good
the level or value for the next calculation

From the results above, it can be seefi that théyaveragt m
72% and 64%, as are shown at Table 2y Based eii th
recognize an event or news documents are very good.
memorizing, the next news d&cuments will asily,
or next analysis. 4

owed very g%ﬁésults: about 70% for “Good News” and 60% for

i was very good to recognize or classifying the news
“bad news”. Thus, it is easier to decide the following actions in
llar. The effects which will be gained from this result can be up to

“Bad News”. T
into label “go
purchasing or
+7 2%, which

that there is relationshipsfbetween trade volume and risk; between information and trade
intensities. In more detailed, the exchange rate related issues, such as the behaviors of the market
participants during the EMS crisis since 1992, the mechanisms predict speculatively, and
capital’s affectivities are designed to control the crisis.)

The results are applied in the basic trading, and the outcomes are as follows:

Table 3. Average Buy and Sell Recommendation

Buy Short
Recommendations | Recommendations

Avg. 45% 43%

Min. 19% 17%




Max. 40% 35%
StDev. 6% 6%

From the table above, buy recommendation in Euro/Dollar around 45% in all transaction result is

not a recommendation to buy at the next transaction, but the average buy which was analyzed by
Naive Bayes Method.

The average Sell Recommendations for the dates of 07 May to 06 June 2008 were about 43%.
The above results explained that the recommendation gave about 50% of the Euro/Dollar
transaction movements.

Conclusions

The study revealed that the news calculation using Naive Bayes Megtliod has a significant
influential power of about 80-90%, after news classifications aufl it8testingd T'h &?ésults were
obtained manually, as there has been no specific system available whighcould le this matter
yet. Therefore the calculation may still have to be improved {0 ayoid the p&me human error in

it. ‘*Yy
Nevertheless, usage of Naive Bayes Method for teki ¢lassification @nﬂuence analysis in fores
trading was very simple, yet the results obfainefl wag alsonabo % for recommending buy or

sale. Moreover, categorizing and labgling usage/for every%ws have the levels or grouping
which was very effective and efficient in gettingithe resul({%ybe processed.

This research can be very prospective fer the @on of software using Naive Bayes
Classification with a better aigitalized algorith puterization, so that human error can be
minimized much well than the manual system.@ s, having the application or trading algorithm
distributed software will enable investors %%ell as brokers to analyze more easily, while the
speed and the acc d bg enhance%
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