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ABSTRACT

THREE ESSAYS ON THE FOREIGN EXCHANGE MARKETS

by

NENGZHI JIANG

Advisor: Professor Tao Wang

The foreign exchange market is full of risk and uncertaifiRgsearchers are
trying many approaches to explain foreign exchange movésaar forecast for-
eign exchange rates. The most quoted methods are forwardyremodel and

vector error correction model (VECM).

The first essay study the explanation power of the macroenmoews for
the foreign exchange fluctuation. We use Kalman filter andimarn likelihood
method to extract several dynamic factors from 27 noisy gqaiisely observed
macroeconomic news deviations. We further input the newst®ffa as indepen-
dentvariables in our VECM analysis. The fitted results shmtthe news factors’

contribution is limited. The out of sample prediction yiglithe same conclusion.

The uncovered interest rate parity hypothesis has frefgubeen rejected.
This hypothesis, however, has seldom been tested at thestiery end of the
forecasting horizon where forward rates are measured is.ddye second paper

reinvestigate the UIRP puzzle in diversified horizons. dgnernight, two-day



Vi

and three-day forward rates, we find that the forward premidese short for-
ward horizons are stationary than the forward premia in éorigorizons. This
contrasts with recent findings that the forward premia, ngker forward horizons,
are fractionally nonstationary. Estimation results iatkcthat forward premia are
essentially unbiased estimates of the future spot retudrxe the interest rate
differential is the dominant source of information in theghign exchange market,

the forward premium forecasts the spot returns relativedif.w

The last essay we have a empirical study of the VECM predigtimver. we
use the rolling regression method to generate series ofedeas and dynami-
cally predict the next period’s foreign exchange rates. \f@gare the forecast
errors from the rolling regression VECM and that of the randealk model. We
also set up a trading strategy which longs or shorts thedoreirrency based on
the forecasts. Our trading simulation shows that this mfdt trading makes pos-
itive return in medium horizon, while the simple buy and hsichtegy’s return is

insignificant.
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Chapter 1

Do Macroeconomic Announcements
Affect the Foreign Exchange

Markets?

1.1. Introduction

This paper is an empirical study on the effect of macroecooo@ws release on
foreign exchange markets. It is well known that the macroaldes sometimes
influence the domestic currency value. But the direction mwagnitude of the

impacts are quite difficult to tell.



Scholars use various approaches to explain foreign exehfumgyations and
predict foreign exchange rates. Most began with the inteags approach. Clar-
ida and Taylor applied vector error correction model (VEGManalyze ther term
structure of forward exchange premiums in 1997 and 2003y fbesatisfactory
forecast of spot exchange rates. They worked on a horizopaifrate longer
than 1 month. In contrast, Chaboud and Weight (2003) stavittdan extremely
short horizon. They focused on the intradaily data and fahatithe UIRP only
worked on the scale of several minutes. Some researchesbamedone on the
relationship between spot returns and news surprises. 8eg (2006) used two
news index and term structure to explain the exchange ratements. Simpson,
Ramchander and Chaudhry (2005) evaluated more news factdnan a VECM
to test their effect on the exchange rates. In this paper weead the question
of whether we can get a better forecast for tomorrow’s fareigchange rate by
applying a VECM with the organized news surprise factorsnalyze the daily

exchange rates.

In the United States, the market absorbs several news eslesch week,
sometimes many surprises in a single day. These news relbase different
effects on macroeconomics and drive the domestic currealcyevn different di-
rections. In order to reduce noise, many researchers oalysfon several impor-
tant variables such as gross domestic product (GDP), casrspiice index (CPI)

and federal rates. While we agree all the different varghate not equally impor-



tant, they each contains some information others do note¥ample, while both
consumer price index (CPI) and consumer price index coré ¢Gfe) measure
the retail prices in the urban area, the latter excludes th&t fluctuating food and
energy prices. Some scholars prefer the CPI core for itdestabs. That means
they have to give up the price fluctuations from the food anetggncategories,

which are critical when the crude oil price is highly volatil

The news announcements can be roughly allocated into tveg@aes. Some
are released at higher frequencies but only track certaits ph the economy,
such as the durable goods orders, business inventoriesiadl glaims. Some
others are released at lower frequencies but give a betterrpifor the activity
of the whole economy, such as the RGDP SAAR, index of leadmdlicators.
The former reveal only part of the economic activities anthettmes provide
conflicting information. The later are ideal but their deddyrelease timing and
the redundant information compromise their performandbeérforeign exchange

analysis.

Besides these inherent information and noise problemie Hre some empir-
ical reasons that disallow us from using all the regularlgased macroeconomic

indicators as independent variables in the model.

Firstly, some pairs of indicators, such as the CPI and CP¢ eme highly

correlated. Secondly, the macroeconomic variables aeaset at different fre-



guencies. Most indicators are published monthly; othezseleased quarterly or
weekly. It is hard to align these time series. Even in the imignieleased data
group, some are published in the beginning of month and soeneekeased near
the end of the month. It is insufficient to coarsely treat tlenproviding macroe-
conomic information for the same month. The way to solve phablem is to

align the data in a daily time series. We can clearly identiéys release may

affect a special day’s foreign exchange spot return.

We use the Kalman filter to treat the noise problem. Our proeed firstly
extracting a handful of dynamic factors to represent the a¢roeconomic an-
nouncements. In the second step, we fit the spot rates andribmates on the
extracted factors, to obtain the parameters for the modiedllly, we generate the
out-of-sample prediction with the model, and compare tlegligtion errors from

our model with the random walk model.

Because many macroeconomic news releases contain sinfdamiation, we
classify the news into several categories and use Kalm#ar Eolextract the useful
signal only. Based on UIRP and PPP, we classify the variafiles$wo categories:
inflation factor and growth factor. As for the relationshigtiween the extracted
news factors and the foreign exchange rates, we try the weator correction

model (VECM) to describe this nonstationary process.



The rest of the paper is organized as the following: sectiogeviews the
explanations on the foreign exchange movements, disctissgwior academic
literature on the relationship between macroeconomic rawiscurrency market.
Section 3 discusses the data. Section 4 describes the mé&iggdve used to
extract the dynamic factors, and how to classify the newesassd. Section 5 tests
the fitting ratio of the Kalman filter. Section 6 apply the extied factors to fit the
currency market. Section 7 tries to use our fitted model tedast the spot rates
and compares it with other models. Section 8 use the nonapeet weekly data

to do a robust test. Section 9 concludes.

1.2. Previous work

Exchange rate economics is characterized by a bunch ofgaizihe most famous
puzzle is the uncovered interest rate parity (UIRP). UIRRuas that if domestic
interest rate is higher than the foreign interest rate, thmeaktic currency will
depreciate and the foreign currency will appreciate. Asidesd by the following

model:

S+1—S=0a+PB(i—i")+¢ (1.1)

Here,i andi* denote, respectively, the domestic and foreign interdston

a one-period zero coupon bond. Ideattyshould be close to 0 arféishould be



close to 1. However, numerous empirical researches shdwaéal ts indeed close
to 0 but3 goes to negative. This means that the high-yield currenpyempates
rather than depreciates. That is the UIRP called as forwachjpm puzzle. The
forward premium puzzle is now well documented and reseasqiv@vided many

ways trying to solve it or explain it.

Many economists began from explaining the forward premiumzfe and
ended up in out-of-sample forecasting. The most cited nieththe vector error
correction model (VECM) first incorporated by Clarida ang[@a (1997). They
compared their forecast error term with the vector aut@ggion (VAR) model,
random walk model, forward premium regression and forwatd.r They found
VECM almost beat all the other four methods in root-mean sgjgaror (RMSE)

and mean absolute error (MAE) measurement.

Another important branch of studies try to analyze the fodyaemium puz-
zle in extremely long term or extremely short horizons. lathand Wu (2002)
tested the uncovered interest rate parity in a period of ®vdwies. They found
that UIRP only worked in the gold standard period. Becausewtide applica-
tion of computers, it is easier to access the intra-day gorexchange rates and
interest rates today. More and more works focus on the extigesiort horizons.
For example, Chaboud and Weight (2003) studied the exchaaige around a

particular point in time (17:00 New York time) and their ctusion is that UIRP



works, but just OK for several minutes. Some works try toteethe forward pre-
mium (or sometimes just the foreign exchange itself) wihititerest rates term
structure. These models make some valuable contributmnRor instance, Ahn
(2004); Backus, Foresi and Telmer (2001); Backus, Foresizuwhdar and Wu

(2001); Inci and Lu (2004); Piazzesi (2003).

There are relatively fewer works specializing on the macooemics news
only. Lu and Wu (2005) used the extended kalman filter to ekti@o dynamic
factors from 17 macroeconomic releases, then related tiwedactors to the daily
term structure of interest rates under the no arbitragengsison. They found that
the inflation factors had large and positive impacts on ederates. Moreover,
the extracted two dynamic factors can explain more than 7&lg dariation in

LIBOR and swap rates of all maturities.

Another important research was done by Simpson, Ramchandethaudhry
(2005). They evaluated 23 news releases and classified Weerakeases in more
detailed categories. To my knowledge, they first used ioftatgrowth, domestic
demand and interest categories to classify the news anamerds. They ap-
plied VECM with all 23 news variables to build their model. &yhfound that the

exchange rates failed to respond to the economy growthatutis.



Sen Dong (2006) applied CPI, industrial production indeat Bgarm structure
to explain the exchange rate movements and found “that tlrelabon between

the model-implied exchange rate changes and the data i$0vet*

1.3. Data description and the measurement of devia-

tions

1.3.1. Data description: news surprise

We collect the consensus estimates of 27 macroeconomiaianements pro-
vided by Money Market Services (MMS). All of these 27 varebhave a time
spread of more than 10 years. The starting dates of thessblesivary from Jan.
1980 to Sep. 1991. The ending dates from Nov. 2004 to Mar. .2Q@Bortu-

nately, we have no macroeconomic news data from foreigntoesn\We choose
the common sample from Nov. 2nd, 1993 to Jun. 1st, 2004 taebttnie dynamic
unobserved variables, and leave the last 5 months from Juth. 2004 to Nov.

17th, 2004 for out of sample test.

As we know, the announcement itself doesn’t make any difiezdf it has

been fully anticipated already. In other words, surprisedaviations are more

1Sen Dong, 2006, "Macro Variables Do Drive Exchange Rate Muoaets: Evidence from a
No-Arbitrage Model”, P31



important for our model building. How to measure the divesithen? We fol-
lowed the measurement used by most economists. We defisaitheseas the
standardized difference between the announced and thetegpadicators, rep-

resented by:

Surprise = (Actual — survey) /o; (1.2)

Here bothActual andsurvey come from MMS. The former is the announce-
ment itself; the latter is produced by MMS. The MMS surveys aotained from
estimates of approximately 40 academics and practitiofiémsy are interviewed
1 week before the news release, and the median value of theaéss$ are taken
as the survey. They are believed to be unbiased estimathe &rthcoming an-
nouncementso; is the standard deviation of the whatike announcement’s differ-
ences between the actual and the forecast. We call this mesasnt asurprise

It describes the pure surprise away from the market’s egpeat

Because the announcements have different release sclaediltsfferent fre-
guency, as | noted in the introduction part, we aligned themndaily time series.
To fulfill this purpose, we generate a date series which ohetuall the business
date from Nov. 2nd, 1993 to Nov. 17th, 2004, and insert allntfaeroeconomic

announcements into their corresponding dates. All therathtes without news
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release have value 0 indicating that there are no surpnisesdeviations on these

days.

Out of the 27 announcements, 23 variables are released ino@DbP and
GDP price index are released quartérlyinitial claims are announced weekly.
Federal Open Market Committee (FOMC) has a regular meetiagyé weeks,
so the target fed funds rate is releases every 6 weekable 1.1 and Table 1.2
lists the summary statistics of all the 27 macroeconomi@anoemensur prise
We can find that all 2Burprisevariables have mean insignificant different to 0.

That means the analysts’ estimates are unbiased.

1.3.2. Data description: foreign exchange spot rates and rfo

ward rates

For the foreign exchange rates part, the spot rates andighefaorward rates in
daily frequency are obtained from the Bloomberg systemgchviwere collected
by Bloomberg as the average of the inter-bank quotes dummbyew York trading
hours. We choose United States Dollar (USD) as the domastiercy, and study

4 important foreign currencies as my objects: Australial@olAUD), Canada

2Both GDP and GDP price index have three scheduled releasseimquarter: preliminary,
revised and final reading. Actually, these two announcestemte monthly releases and | include
them all. Most news announced in the morning

3l include all the special cases such as fed had 3 continuoetimgerom Oct. to the end of
2001.
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Dollar (CAD), British Bound (GBP) and Japanese Yen (JPY).diMn't include
the very important European currencies such as the Deulahie (DEM) and
French Franc (FRF), because after entering the euro cyrssistem, their behav-
ior is somewhat inconsistent. Similar to the news datarmeat, we have the in
sample data from Nov. 2nd, 1993 to Jun. 1st, 2004, and leave2hd, 2004 to

Nov. 17th, 2004 for the out of sample test.

Table 1.3 lists summary of these 4 currencies. Because e8P as do-
mestic currency, we invert the original GBP and AUD data. Weanly report
the statistic summary of spot rates and forward fatbst also the summary of

spot returns and forward premidm

1.4. Model to extract systematic factors

1.4.1. Using dynamic Kalman filter to extract the news factor

There are so many macroeconomic announcements every mahth foreign
exchange market always expects something everyday, dicroesbreign. Every
macroeconomic variable has its special effects and somenconiactors with

other published announcements. If we can combine theseaitwils by some

4Spot rates and forward rates are in logarithms.
5Spot return is defined by S(t+1) - S(t), and forward premiurift)s- S(t). All in logarithms
too. To increase the readability, we multiply the spot nestand forward premiums by 1000.
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reasonable model, we can draw a clearer picture of the ecpaachanalyze the

foreign exchange movement in a more robust way.

In this part, we extract the dynamic factors with Kalman fikl@d maximum

likelihood, following the method used by Lu and Wu (2005).

The state equation is

dX% = —aXdt+dw (1.3)

Here X € R" denotes then dimensional state vector, they represent the sys-
tematic state of the economy. For example, if we want to ekRdactors such
as inflation and growth effect of the econon¥yjs a 2 dimensional state vector.
To simplify the question, we assume that the state veXtéollows aVAR1)

dynamics

X = €% 1 + /1 Atg (1.4)

Here g denotes ann(x 1) independent and identically distributed standard
normal random vector/At denotes the discrete time interval. Because we use
daily data,At = 1/252.1 is an(nx n) identity matrix.K is an(nx n) unknown

matrix.

The measurement equation is
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M = HX + & (1.5)

HereM € RN denotes aN dimensional measurement vector. It represents
N series of macroeconomic news deviations suckuaprisesof CPI, GDP or
federal rate, etc. His@ x n) matrix of factor loading coefficient® is a(N x 1)
vector of measurement noises of the macroeconomic datssérine covariance
matrix of the measurement errorsR¥ = E(a ¢ ). Following the prior works, we
assume that the measurement errors are independent todhteems in the state
equation(6). And the measurement errors themselves are mutually imdepé.

In other wordsR)! = 07,1 =1,2,3,...,NandRY =0, if i # |.

BecauseX denotes the hidden state being estimated, yge represent the
ex ante forecast value at timfe— 1), and X; is the ex post update. Similarly,
because/ is the covariance matrix of the hidden state, we defjnthe ex ante
forecast of time t value calculated at tirfte- 1), andV; is the ex post updated
is the covariance matrix of macroeconomic measuremergsddri In summary,

all the ex ante forecast are,

X = e KAy (1.6)



\Tt _ e—KAt\E(e—KAt)T ENNE

M; = HXy;

A =HVHT +RY;

The ex post filtering updates are,

X1 = X1+ Ker1(Mer — Meyg);

VAR v AT .
Vitr = Vi1 — Kepr1AcaaKe g

While the Kalman gain i,

Ke=ViHT (A)

14

(1.7)

(1.8)

(1.9)

(1.10)

(1.11)

(1.12)

By combining the ex ante and ex post, we can use a recursigggmoto

estimate the model. There are 5 unknown parame®rs: {k,H,RM X, Vo}.



15

Then we use maximize likelihood method to estimate theser&npeters. The

daily log likelihood function is:

L1(®) = —0.510g|Ac| — 0.5[(M: — M) T (Ar)~H(Me — My); (1.13)

We sum all the daily log likelihood functions and maximize tiesult to esti-

mate the unknown parameters.

T
O =argmax) Li(0); (1.14)
0 (=

1.4.2. Extract the invisible dynamic factors

As described in section 1, most macroeconomic variabldadeanore than one
systematic factors. Different classification can detesrdifferent measurement
equations and then extract different dynamic factors. @dlyi all the macroeco-
nomic data series can be classified into two factors: real GD®Rith factor and
inflation factor. We allocate the 27 macroeconomic annoonaces into 4 kinds of
indicators, then analyze these 4 indicators’ effect to tloevth factor and inflation

factor respectively.

Table 1.4 shows our loading method. We analyze all the newstail and use

+ to represent the positive effect to the spot returnsepresents negative effect.
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0 represents no effect to the spot return. hl representxtreeed growth factor

and h2 is the inflation factor.

All the announcements are classified as the following grodpsnestic con-
sumer demand group, economic growth group, domestic ioflathd domestic

interest rate group.

Seven of the 27 announcements are considered to disclogenmestic con-
sumer demand changing: business inventory, capacityaitiin, consumer confi-
dence, trade balance, personal consumption expendiR@ES)( personal income,
retail sales except auto and retail sales. These indicatdyshave influence to
the inflation factor except the retail indicators. More deoheneans higher price,
so that capacity, confidence, PCE, trade balance and incostetpe pice higher,
while inventory reduces the demand so does the price. Laegait index pulls
the price too, and it is a positive indicator to the economangh. We think retalil
sales and retails except auto sales have positive effdcoimagrowth and inflation

factors.

The economic growth group have eight announcements. Tkagitial claims,
RGDP, construction spending, durable goods orders, hgsgants, industrial pro-
duction, index of leading indicators and new home sales.s& vedicators have
direct influence on our growth factor. For example, mordahitlaims suggest

that economy is slowing down while the others send posiiyeass.
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There are another eight announcements can be allocatedrestioinflation
group: GDPPI, CPI, CPI core, hourly earnings, nonfarm pyr#|, PPI core
and unemployment rate. Five of them are price index, whiatoofse have posi-
tive effect to the inflation factor. Hourly earnings and remnfi payroll are positive
related to domestic demand and so pull up the price. Whiletigenployment is

negative indicator to both the price level and the growth.rat

The last three announcements belong to interest rate gkags main pur-
pose is to keep a acceptable inflation rate; that is the remedake it as a positive
indicator to inflation factor. Larger amount of consumerddravill push the in-
terest rate up and so to the price level. Treasury budgetlggher, the long term

treasury bonds yield tends to lower, so does the price level.

We need to recognize that this loading is just an approxonaflhe economy
is a very complex process. In other words, we cannot assuimaltbcation is
perfect. For example, the fed funds rate is primarily an irdtaindicator, the
positive surprise in fed funds rate shall indicate a high#atiion risk. Therefore
we assign a positive loading in its h2 loading and a 0 in itsdatling. However,
in many cases the higher fed rate increases the investmstraiod is a bad news

to real GDP growth. Here we only focus on the main and immedidiuence.



18

1.5. Extracting systematic factors from macroeconomic

releases

Table 1.5 lists the estimation of the factor loading matrixH represents the
loading on growth and h2 on the inflation effects; is the variance of the esti-
mation error for each macroeconomic variable. We reportatse in theerror

column.

rri = var(M; — H; x X) (1.15)

HereM; represents thgh announced macro announcemeft; x X) is the

estimation from the dynamic Kalman filter method.

FV is the forecasted percentage variance. We define it as

FV—1- 10 (1.16)
rmj

rm here is the variance to thih vector ofsurprises and its value is reported
in thevar column. FV indicates the quality of the forecast: the closer to 1, the

better.
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Table 1.5 shows that our estimate is satisfactory. Mostpaters in h1l and h2
are significant. The estimate error variance is smaller tharoriginal variance.
Most FVs are in the range between 0.9 and 1, except for thecitgpailization,
consumer confidence and CPI. The best fitting comes from éssimventory,
whose FV is 99.48%. And the worst fitting comes from capaditization, whose
FV is 6954%. The result shows that our loading matrix is reliable. rédwer,
the generated growth and inflation factors can represesethd macroeconomic

announcements.

1.6. VECM with extracted news input

The dynamic Kalman Filter method generates not only theit@achatrix H, but
also the extracted dynamic factoXs. X has a dimension of x 2. n is the

observations number.

There are many models describe the relationship betweeigfoexchange
rates and forward rates. We make use of the classical veotar @rrection
model (VECM) which was first introduced by Richard Claridalaviark Taylor
in 1997. VECM is an ideal model to help better understand #iteine for any
nonstationary process. It also improves the forecastingyalm a longer time

horizon.
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Many articles observe that the spot exchange rate possessésoot and can

be write as:

& =W+ & (1.17)

Wheres is the logarithm of the spot exchange rate, @ands a stationary
process with mean Qv represents a unit root process which is assumed as a first

order process:

W=W_1+6+0 (1.18)

Here 0 is a constant ane is a stationary process. Compiling the formula

together we get

S—s-1=0+a+e—& 1 (1.19)

SinceB is a constant and the later three items are stationary, we $taawn

that first difference of the logarithm of the spot exchande isstationary.

Then we build a vectoy; which includes the logarithm of both the spot ex-

change rates and the overnight forward rates:
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% = [, fr1d]’ (1.20)

Moreovery; is a 2 dimension co-integrated vector. There exists:an @atrix

a such that

z=a'y (1.21)

r is the number of co-intergrating relations, which we getrfrdohansen’s

trace test at 95% level.

Now the VECM form becomes:

Ay = Bx +T 1A% 1+ 2Dy 2+ ... + Tk + Yz -1+ & (1.22)

WhereA is the first difference operatoy,is a coefficients matrix which has
dimension 2<r. X is the extracted dynamic factors representing the effettteof

macroeconomic deviations originating from the 27 macroecac variables.
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1.6.1. Lag checks for the later work

The number of lags to pick is critical in time series analy8¥e need it to decide
thek value for the co-integrated VAR model. Moreover, VECM reqai\y; to be
stationary, so we need to do a unit root test in addition tateogration test. Both

of these tests require the lag as an input.

We use the Akaike’s Information Criterion (AIC) to measune goodness of
different autoregression model with lags from 1 to 8 and rete result in table
1.6. From the AIC value we obtain the smallest return for eaatency. We

found k=5 for AUD and GBP, while k=6 for CAD and JPY.

Because the lag check is very important to the following pss¢ we use like-
lihood ratio (LR ratio) to double check this problem. The L&io tests are ex-
hibited in Table 1.7. Under 5% critia level, we find that AUDda@BP rejected
lag 4 in favor of lag 5 as optimal lag length. While CAD and JR)ected lag 5

in favor of lag 6 as their optimal lag length.

1.6.2. Unit root test

Many literature suggested thatand f; have unit roots. We employ the augmented

Dickey - Fuller (ADF) test on the forward and spot rates fa timit root test.
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Table 1.8 reports the results of the unit root test. Theoaitralue of ADF test
in 1% level, 5% level and 10% level are —3.458, —2.871 and94rBspectively.
We used two ways to run the ADF test: one with constant onéypther with both
constant and a deterministic trend together. We run the AdSEtd the currencies

as well as to the extracted factors.

In the currencies part, we find that the unit root hypothesisrwot be rejected
in both the spot exchange rate levels and the forward ratddevhis result is
consistent with the existing literature and confirms thahlibe spot and the for-
ward exchange rates are nonstationary. The ADF test for ritediiferences of
both spot and forward rates shows that the first differencestationary. That is

consistent with our proof in equati¢i9).

For the extracted dynamic news factors, growth and infldaeotors strongly
reject the unit root hypothesis and suggest these serissagi@nary. Since all the
dynamic factors are stationary we do not need to check ttegiosarity of their

first difference.

Table 1.9 reports the t value from the second unit root teRRMaifips-Perron
method. We can reject the unit root hypothesis with 95% cenfié interval if
the t value without trend is smaller than —1.95; or small@ntk3.41 when the

equation including a trend item. Similar to the ADF repalng second unit root
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test finds that all the spot and forward levels are nonstatiowhile their first

differences items are stationary.

1.6.3. Cointegration test

We need to do the cointegration test before running our esoection models.
We use Johansen test and report the results in table 1.10e &he two types
Johansen test: trace or eigenvalue. If the trace or eigaavalsmaller than the
critical value, we accept the hypothesis that the cointegraector has a rank
smaller than a fixed number. For example, we know the traageviar <0 is

322.445, while the critical value with 95% confidence intérs 12.321. We

reject the hypothesis that there is no cointegrated reisiip.

With different order of time polynomial in the null hypothgesJohansen test
has several equations. We report 3 cases in table 1.10: eodeistic item, with
constant term and with constant plus time trend. We usep p=I0andp=1

represent them respectively.

The currencies have 1 cointegrated relationship under efttie three equa-
tions, either in trace or eigenvalue measurement. We camuu’VECM with

confidence.
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1.6.4. VECM report

Table 1.11 and table 1.13 report the results of the dynamae@eaonomic factors
included in VECM as seen in equati¢®2) ®. Table 1.11 has all the returns from
the AS equation, table 1.13 reports the results from Arg equation. We use
lag k =5 for AUD and GBPk = 6 for CAD and JPY. We report VECM only
and VECM with extracted news factors. The coefficients ababilities for each
coefficient, R squares and the observation numbers areitadib the table 1.11

and table 1.13.

Firstly, spot return equations have better explaining paivan the forward
rate equations through all the currencies. The R squardeisgot return equa-
tions are around 10% in all currencies. In particular, CAB tiee highest explain-
ing power of 19% while JPY has the lowest R square around 8% fossible
expanation is that the Canadian Dollar is more sensitivieddtS macroeconomic
information. The equations based on the forward rates haseuBre from 1% to

5%, lower than the corresponding R square in the spot ratestieqs.

Secondly, comparing the two vector error correction mofiglghe same cur-
rency, we find that the VECM with news factors has better erjlg power than

the corresponding simple VECM, although all the improvetaane samil.

5We use the Johansen equation with p = 0 and report the resutts Fhe equations with p =
—1 and p = 1 are calculated too. The results are similar.
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Thirdly, we use Johansen’s trace test at 95% level to autoatlgtfind the
cointergrating relationship and generate the cointeggagguatiorg; 1 automat-
ically. We find that all coefficients af_1 items in spot return equations are sig-
nificantly different from 0. In the forward return equatiohAUJD and GBP, the
coefficients ofz_1 is significant too. This suggests that both the spot retuch an
forward return have adjustment from the past variation endbintegrating rela-

tionship betweers; and f;.

Fourthly, we take a close look at the effect of the news factonfortunately,
we find no news factor is significant to zero. That is consistierthe R square
comparison. Seems that the contribution from macroeconoeivs announce-

ments are limited.

1.7. Out-of-sample forecast with VECM

It is well known that good fitting results for the in samplenegsion does not mean
that the model can provide similar performance in the outafigle forecast. We
want to test if the new macroeconomic information also htle leffect on the

future foreign exchange rates.

We use the root mean square error (RMSE) and the mean absolut@AE)

as the criteria to measure the accuracy of the forecast. dimpared groups are
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the alternative forecasts coming from VAR and random watkdast. We follow
the methods used by R Clarida and M. Taylor in 1997. The vexitoregression
model is an unrestricted fourth order VAR. We update thedase everyday.In

other words, we only forecast one day not from day 1 to day 117.

Panel 1 of table 1.15 reports the RMSE and MAE results fronptldiction
and that of the compared groups. We multiply all series by0ltddncrease the
readability. The first row is for the simple VECM with spoteatand forward rates
input only. Then we add in the news factors and report the®ironext ron?

Row 3 and row 4 are prediction errors from VAR(4) and randortkwzodels.
Here are the findings:

The forecast power of random walk model is fairly. It has nrateeprediction
errors in all the currencies. It is OK to take it as a benchnstakdard. But its
performance is not as good as the prior scholars’ claim. (esee Meese and
Rogoff, 1983; Mark, 1995). We think that is because we taka@atdorecast

horizon.

We found that VECM forecasts have good perfomance in all thrieeacies.
Both error correction models have averaged smaller fotexasrs than the ran-

dom walk models. In AUD and JPY forecsting, the improvemesignificant.

’Most news are announced in the morning. We can add in our resier$ to predict the same
day’s closing price.

8As we did in the VECM regression section, the forecast mogplyéng p = 0 in johansen
equation. The other two cases are tried but not reported.efifoes ranks in the four models are
the same.
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However, our VECM add in news factors does not really workdvghan the
simple VECM. Actually, except for the JPY, all the other #r@urrencies have
better forecast power from VECM without news input. Thatessistent to our

finding in the VECM regression.

1.8. Forecast using the non overlapped weekly data

There are too many noises in the overnight foreign exchamngtufitions. For
example, oil price, unfavorable speech from some econemisey may affect
the value of the US dollar. Compared with the overnight fgmeexchange rates,
the weekly data are more likely influenced by the pure econandices such
as inflation or growth factors. We run another VECM using tbe overlapped

weekly spot and forward rates to avoid those uncertainty.

To fulfill this purpose, we aligned the news surprises ancharge rates in
another two matrix. Our in sample weekly data begin from Nath, 1993 and
end on May 28th, 2004. The out of sample period is from Juntaiitov. 17th,
2004. We set a time series which records all the last busid&tes before the
weekend. For the foreign exchange part, we aligned the correspgrajiot rates

and the 1 week forward rates with our date series. For the savgsise part, we

9Basically, our date series are the Friday date. Howevetrjsfa holiday on Friday, we save
the date before the holiday as the recorded time.
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inserted all the announcements occurred in that week tcatie sow and use the

same date series.

Next we generated growth factor and inflation factor fromnbess surprises
matrix, then reran our error correction models with and witthnews input. This
time the vectos; includes the logarithm of both the spot exchange rates andl th

week forward rate.

e = [, fraw)’ (1.23)

The forecast errors are reported in Panel 2 of Table 1.15. rébelts are
encouraging. The error correction models with news havebeerformance
than the simple VECM in CAD and JPY. Actually, in these tworeucies, our
VECMs with news have smallest forecast errors in all the 4 eledFor AUD
and GBP cases, VECM with news is still weaker than the pure MERuULt the
difference is reduced. Moreover, the VECMs with news havalknforecast
errors than the other two groups. The results proved oungsson. The weekly

data are stable and impacted more by the macroeconomic mews@cements.
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1.9. Conclusion

In this paper we try to track news effects on foreign exchahgauations. We

align the daily foreign currency spot rates with 27 news dgons. Because the
original announcements are on different scales for differews. We use stan-
dardized news deviations as our inputs. We sgeprisedescribing the news

deviations.

Since there are noises in each news release and redundammaion in the
variables, we applied Kalman filter to filter the news dewiasi and use maxi-
mize likelihood to estimate the unknown parameters. We gsewth factor and

inflation factor to represent the extracted macroeconomisn

We checked the loading effect and found the results arefactiosy. Most
news variables have a forecast percentage variance (F¥ghtgan 90%. This
shows that our loading matrix is reasonable and the exttawevs facters x1 and

X2 are reliable too.

We used the vector error correction model (VECM) with theasted news
deviations factors to analyze the foreign exchange spot@mérd rates. How-
ever, comparing the results with and without news input, wd the improve-
ments coming from the news are limited. Not only the R squar Iitle im-

provement, but also all the coefficients of the news factosresignificant.
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Next we ran out-of-sample tests on the VECM equations. Thepesing
groups are VAR(4) and random walk models. We used a dynanilic wiadated
method to predict next day foreign exchange rate, compaitd the out-of-
sample real foreign exchange rate. Disappointingly, nemdied VECM equa-
tions do not outperform the simple VECM equation. But all YffeCM forecast

errors beat the random walk model.

Considering the noises in the overnight data, we alignedéves surprises,
spot rates and the 1 week forward rates in weekly frequeneyeXtfacted growth
factor and inflation factor from the weekly news deviations &ied to forecast
the next week spot rates. The forecast results are betterVie@Ms with news
factors have better performance than the comparing gregpegially in the CAD

and JPY cases.

In conclusion, we have shown that news has no critical effethe foreign
exchange daily spot returns. The news surprises have sdew eh the spot
returns but not as large as speculators would like. Theséseaise the following

issues for further empirical and theoretical research.

First, we only analyzed the US domestic news announcemédinige have
access to the important releases from the foreign counttiesmodel will be

more interesting.
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Secondly, our news surprises only focus on the regulargassd macroeco-
nomic indice. Itis well known that other shocks affect fgreexchange market as
well. For instance, the domestic stock market crash anceapugbrice fluctuation
could also significantly affect foreign exchange rates.dtid be very interesting
to study the relationship between foreign exchange marnkettae commodity

markets.
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Table 1.1
Summary statistics for news surprises(part 1)

Data are aligned in daily series. News surprises are defimedj@ation (2). The sample
period is from Nov. 2nd, 1993 to Jun. 1st, 2004. Explanatibthe news variables:
Buslinv - business inventories (%change); Capacity - cpatilizaion(%); ConfidnC -
consumer confidence (%); Thalance - goods and services lieddace ($billion); PCE
- personal consumption expenditures (%ochange); Perslacsopal income (Y%change);
RSXauto - retail sales except auto(%change); RetSls 1 methis (%change); Claims -
initial claims (thousands); RGDP - RGDP SAAR (chained af€x1995); Construct -
construction spending (%change); DurGds - durable goodisrer%change); Hstarts -
housing starts (millions of units); IndProd - industrialbbguction (%change); Leaders
- index of leading indicators (%change); NewHome - new hoaless(K'’s); GDPPI -
GDP price index SAAR; CPI - consumer price index (%change}JXEE - CPI core
(%change); HrEarn - hourly earnings (%change after Dec.9t98onfarm - nonfarm
payrolls (K’s); PPI - producer price index (%change); PPEXFPPI core (%change);
Unemp - civilian unemployment rate. FedRate - fed funds(cateent period); Credit -
consumer credit ($bn, monthly change); TBudget - Treasudgét ($B).

Variable Freq Obs Mean Std. Dev. Min Max
Buslnv W 2760 0.004 0.134  -2.433 1.622

Capacity M 2760 0.000 0.020 -0.188 0.219

ConfidnC M 2760 0.001 0.042 -0.501 0.513

Tbhalance M 2760 -0.001 0.030 -0.406 0.520

PCE M 2760 0.002 0.098 -1.849 1.849

Persinc M 2760 0.004 0.119 -1.920 2.240

RSXauto M 2760 -0.001 0.155 -2.036 5.657
M

RetSls 2760 -0.002 0.180 -2.611 2.393




Table 1.2

Summary statistics for news surprises(part 2)

Variable Freq Obs Mean Std. Dev. Min Max
Claims w 2760 -0.001 0.170 -1.375 1.771
RGDP Q 2760 0.004 0.063 -0.630 0.892

Construct M 2760 0.006 0.213 -2.364 2.409
DurGds M 2760 0.000 0.165 -2.254 3.260
Hstarts M 2760 0.004 0.071 -0.736 0.883
IndProd M 2760 0.003 0.124 -1.270 1.904
Leaders M 2760 0.003 0.090 -0.773 2.317

NewHome M 2760 0.004 0.066 -0.737 0.668

GDPPI Q 2760 -0.003 0.115 -2.861 0.954

CPI M 2760 -0.006 0.140 -1.710 1.710

CPIXFE M 2760 -0.004 0.178 -1.894 1.894
HrEarn M 2760 0.001 0.192 -2.266 2.720

Nonfarm M 2760 -0.003 0.147 -1.937 2.412

PPI M 2760 -0.004 0.167 -2.731 2.521

PPIXFE M 2760 -0.006 0.199 -3.017 3.017
unemp M 2760 -0.002 0.032 -0.400 0.300
FedRate 6W 2760 0.000 0.010 -0.164 0.164
Credit M 2760 0.007 0.200 -2.463 2.960

TBudget M 2760 0.000 0.028 -0.895 0.266

34
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Table 1.3
Summary statistics for foreign exchange rates

We report the statistics summary of spot rates, forwardsyagpot return and forward
premium for the 4 currencies respectively. The sample gasdrom Nov. 2nd, 1993 to
Jun. 1st, 2004, in daily data. Spot and forward rates areturadogarithm. Spot return
(SR) is defined byIn§ —InS_1) x 1000

mean STD min max
AUD spot 0.463525 0.133866 0.2009 0.7255
forward 0.463203 0.133683 0.2031 0.7242
sr 0.025033 7.217598 -48.2481 44.4865
fp -0.32191 2.95622 -15.0994 20.3004

CAD spot 0.379565 0.070393 0.1755  0.4778
forward 0.379283 0.070347 0.1762  0.4776
sr -0.15646 4.431678 -17.4905 15.8897

fp -0.28261 1.962343 -11.1374 8.0512

GBP spot -0.45856 0.065394 -0.6442  -0.317
forward -0.45893 0.065305 -0.6443 -0.3168
sr -0.11289 4.882065 -19.9674 21.9074

fp -0.37433 2.696881 -23.1961 13.619

JPY spot 4727774 0.104639 4.3959 4.9914
forward 4.72749 0.104631 4.3894 4.992

sr -0.18178 7.215082 -56.3021 32.399

fp -0.28426 2.638854 -21.9377 20.4307
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Table 1.4
The Loading matrix of news announcements

We explain our loading matrix of the 27 news announcemers. e represents growth
factor and h2 is the inflation factor. The second column ativhich group the an-
nouncement belongs to. ConD is the domestic consumer degrang; g is the eco-
nomic growth group; inf is the domestic inflation group antRiiis the domestic interest
rate group. - means negative effect, + is postive influendeDameans no effect.

group news hl h2

1 conD Businv 0 -
2 conD Capacity 0 +
3 conD ConfidnC 0 +
4 conD Thalance 0 +
5 conD PCE o +
6 conD Persinc 0o +
7 conD RSXauto + @+
8 conD RetSls + o+
9 g Claims -0
10 g RGDP + 0
11 g Construct + O
12 g DurGds + 0
13 g Hstarts + 0
14 g IndProd + 0
15 g Leaders + 0
16 g NewHome + O
17  inf GDPPI 0 +
18 inf CPI o +
19 inf CPIXFE 0o +
20 inf HrEarn 0 +
21 inf Nonfarm 0 +
22 inf PPI 0 +
23 inf PPIXFE 0 +
24  inf unemp - -
25 intR FedRate 0 +
26 intR Credit 0 +
27 intR  TBudget 0 -
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Table 1.5
Extracting systematic dynamic factors from macroeconomi@nnouncements

We report the estimates and the t statistics of h in the lgathatrix. hl is the growth
factor and h2 is the inflation factor. error is the estimaterarhile the var is the variance
of the original variable. FV is the forecasted percentaggamae which is defined in
equation 16.

hl t1 h2 t2 error var fv
Businv 0 0 -0.053 -340.048 0.0002 0.0297 0.9948
Capacity 0 0 0.012 0.2615 0.0459 0.1507 0.6954
ConfidnC 0 0 2.8474 253.0366 0.0113 0.0866 0.8701
Thalance 0 0 0.0258 1.2187 0.0212 0.3899 0.9457
PCE 0 0 0.0585 2.0407 0.0287 0.4637 0.9382
Persinc 0 0 0.8379 1031.484 0.0008 0.0094 0.9135

RSXauto  0.4557 156.8857 0.2184 75.1941 0.0029 0.0384 B8.924
RetSls 1.4074 21.766  5.3217 82.303 0.0647 0.9976 0.9352
Claims -0.0211 -0.6786 0 0 0.0311 0.6514 0.9523

RGDP 1.2372 24.7678 0 0 0.05 1.1933 0.9581
Construct  0.0243  0.3836 0 0 0.0635 0.8585 0.9261
DurGds 0.3596  8.2986 0 0 0.0433 0.7101 0.939
Hstarts 0.1893 128.608 0 0 0.0015 0.0203 0.9275
IndProd 0.0943 1.6094 0 0 0.0586 1.0479 0.9441
Leaders 1.1734 148.4185 0 0 0.0079 0.109 0.9274
NewHome 0.5403  22.338 0 0 0.0242 0.3908 0.9381
GDPPI 0 0 0.2077 16.2781 0.0128 0.2684 0.9525

CPI 0 0 6.3353 240.4415 0.0263 0.0887 0.7031
CPIXFE 0 0 0.0417 1.2189 0.0342 0.4676 0.9268
HrEarn 0 0 0.3977 25.7564 0.0154 0.284 0.9456
Nonfarm 0 0 0.0793 3.5154 0.0226 0.3981 0.9433
PPI 0 0 0.1633  3.7299 0.0438 0.7118 0.9385
PPIXFE 0 0 2.6437 45.7719 0.0578 1.0986 0.9474
unemp -1.7319 -39.1461 -0.0278 -0.6276 0.0442 0.5889 0.924
FedRate 0 0 1.9765 44.0327 0.0449 0.8288 0.9458
Credit 0 0 1.0689 739.235 0.0014 0.018 0.9195
TBudget 0 0 -0.5529 -332.346 0.0017 0.0284 0.9415
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Table 1.6
Lag checks by AIC method

We use the AIC to measure the goodness of different VAR modél lkags from 1 to 8.
The last row indicates the lags we pick for each currency.

AlC

nlag aud cad gbp 9%
1 6.48 4544 5.387 6.304
2 6.384 4.47 5295 6.174
3 6.351 4.438 5.226 6.128
4 6.344 4.423 5.207 6.115
5 6.339 4.421 5.194 6.115
6 6.342 4.417 5.195 6.113
7 6.344 4.418 5.195 6.113

8 6.348 4.425 5.197 6.115
lagcheck 5 6 5 6




Table 1.7

Lag check by LR ratio

We apply LR ratio caculation to confirm the lag check results.
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LR ratio lag check
AUD nlag = 8 7 LR = 20754 probability = 0.7219
nlag 7 6 LR = 42076 probability 0.3786
nlag 6 5 LR 3.7793  probabilty = 0.4367
nlag 5 4 LR 16.6505 probability 0.00226
nlag 4 3 LR 18.5424  probability 0.000967
nag = 3 2 LR = 62988 probabilty = 6.83E-13
nag = 2 1 LR = 171.2934 probability = 0
CAD nlag = 8 7 LR = 12998 probabilty = 0.8614
nlag 7 6 LR 6.6439  probabilty =  0.1559
nlag 6 5 LR 12.8916 probability 0.01182
nlag 5 4 LR 10.4881 probability 0.03296
nag = 4 3 LR 23.8708 probability 8.48E-05
nag = 3 2 LR 42.4035 probability 1.38E-08
nag = 2 1 LR = 87.3104 probabilty = 0
gbp nfag = 8 7 LR = 4.099 probability =  0.3928
nag = 7 6 LR = 93066 probabilty = 0.05388
nlag 6 5 LR 5.9414  probability = 0.2036
nag = 5 4 LR 38.2847  probability 9.79E-08
nag = 4 3 LR 51.3644  probability 1.87E-10
nlag 3 2 LR 173.8289 probability = 0
nag = 2 1 LR = 229.1571 probability = 0
iy nag = 8 7 LR = 23082 probabilty = 0.6793
nlag 7 6 LR 8.4998 probability = 0.07489
nag = 6 5 LR 12.2384 probability = 0.01566
nag = 5 4 LR 8.1377  probabilty = 0.08666
nlag 4 3 LR 36.5616  probability 2.22E-07
nlag 3 2 LR 112.1308 probability = 0
nag = 2 1 LR = 301.9676 probability = 0
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Table 1.8
ADF unit root test for exchange rates and extracted factors

We report the unit root test on the 4 currencies, in spot ratesforward rate. We run
the ADF test with and without trend respectively. We testgpet and forward rates both
on level and on first difference. The critical value in 1% , 5861 40% levels are -3.358,

-2.871 and -2.549.

without trend with trend
level first diff level first diff
aud spot -1.6252 -47.3416 -0.8255  -47.3865
cad spot -0.7812 -36.8793 -1.3118 -36.8762
gbp spot -1.4459 -55.6642 -1.5017  -55.6597
ipy spot -1.7809 -53.8378 -1.7925 -53.8298
aud forward -1.6939 -48.0868 -0.9614  -48.1321
cad forward -0.9438 -39.4659 -1.5398 -39.4621
gbp forward -1.7465 -58.6377 -1.8074  -58.6313
jpy forward -1.9022 -54.7558 -1.9164  -54.7478
x1 -37.7425 -37.7567

X2 -31.1442 -31.1416
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Table 1.9
Phillips-Perron unit root test for exchange rates and extrated factors

We use Phillips-Perron test to confirm our unit root test. dititical value in 95% without
trend is -1.95, with trend is -3.41

without trend with trend
level first diff level first diff
aud spot -1.099 -36.090 -1.688 -36.073
cad spot -1.008 -29.566 -1.345 -29.559
gbp spot 0.620 -43.029 -2.239 -43.020
ipy spot -0.633 -42.756 -4.014 -42.765
aud forward -1.216 -37.969 -1.964 -37.982
cad forward -1.913 -31.804 -1.363 -31.827
gbp forward 0.749 -48.833 -1.300 -48.860
jpy forward -0.956 -40.989 -3.375 -40.999
x1 -24.354 -24.354

X2 -23.140 -23.156




42

Table 1.10
Johansen cointegration rank test

The Johansen test is used to check the cointegration rankriaroor correction model.
We report the trace value and eigen value here. P is the ofdiene polynomial in the
null hypothesis. p = -1 means no deterministic part, p = 0 loastant term, p = 1 has
constant plus time trend.

trace eigen
aud KO0 crit95% K1 crit 95% 0] crit95% K1 crit 95%
p=-1 322445 12.321 0.255 4.130 322.19 11.225 0.255 4.130
p=0 326.248 15.494 1.191 3.841 325.057 14.264 1.191 3.841
p=1 325.882 18.398 0.730 3.841 325.152 17.148 0.730 3.841

p=-1 204.762 12321 0.030 4.130 204.731 11.225 0.030 4.130
0 207.509 15494 2168 3.841 205.341 14.264 2.168 3.841

=1 207.709 18.398 2.438 3.841 205.273 17.148 2436 3.841
p

p
p
g
p=-1 301.662 12321 0438 4.130 301.224 11.225 0.438 4.130
p=0 306.495 15494 2.090 3.841 304.405 14264 2.090 3.841
p=1 308.449 18.398 2.309 3.841 306.14 17.148 2.309 3.841

p=-1 294463 12321 0.001 4.130 294462 11.225 0.001 4.130
=0 298.054 15494 3541 3.841 294513 14.264 3541 3.841
1 304.088 18.398 3.723 3.841 300.366 17.148 3.723 3.841
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Table 1.11
VECM report: As equationi (part 1)

We report the spot return equations here. The first panekisithple VECM while the
next panel is the VECM with extracted news factors. For eanheacy, we report the
coefficients, P probability, R square and observation nusbe

Panel 1 no news
aud cad gbp ipy
beta p-ratio beta p-ratio beta p-ratio beta p-ratio

laglspot -0.2117 0.0547 -0.0919 0.4863 -0.1378 0.0453 850.0 0.5242
laglfw -0.1356 0.1705 -0.1888 0.1178 -0.1799 0.0049 -2162.193
lag2spot -0.134 0.118 -0.1613 0.1347 -0.147 0.0099 -0.1038555
lag2fw  -0.0825 0.2371 -0.1552 0.097 -0.0156 0.7484 -0.0404843
lag3spot -0.1169 0.0164 -0.0538 0.4743 -0.0577 0.1029 156.1 0.1478
lag3fw  0.2553 0.0213 -0.1104 0.0288 0.2 0.0036 -0.0128 781
lagdspot 0.132 0.1856 0.1113 0.4075 0.185 0.0038 0.0974728.4
lag4fw  0.1338 0.1223 0.1856 0.1305 0.093 0.1042 0.1884 38.13
lag5spot 0.1139 0.1077 0.208 0.0603 0.0724 0.1417 0.0942108.
lagsfw  0.0917 0.073 0.1159 0.2333 0.0541 0.1329 0.0552 33.58
lag6spot 0.0395 0.6188 0.1286 0.1168
lag6fw 0.1287 0.0211 0.0133 0.8178
ecterml -0.0006 0 -0.0006 0 -0.0005 0 -0.0007 0
constant -0.0002 0.1465 0.0002 0.0355 0.0003 0.0145 -6.0@D0163

r2 0.1081 0.1912 0.1014 0.0852

obs 2195 1625 2563 2466




Table 1.12

VECM report: As equationi (part 2)
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Panel 2  with news

aud cad gbp iy
beta p-ratio beta p-ratio beta p-ratio beta p-ratio

laglspot -0.2115 0.055 -0.0956 0.4699 -0.1379 0.0453 50.080.5281
laglfw -0.1362  0.1687 -0.1912 0.1135 -0.1793 0.005 -0.1508.997
lag2spot  -0.1339  0.1183 -0.1643 0.1282 -0.1472 0.0099 018.1 0.3691
lag2fw -0.0829 0.2347 -0.1574 0.0928 -0.0152 0.754 -0.0308891
lag3spot  -0.1156 0.0176 -0.0559 0.4574 -0.0572 0.1064 15@.1 0.1483
lag3fw 0.2558 0.0211 -0.1121 0.0268 0.1994 0.0038 -0.013B116
lagdspot  0.1325 0.1838 0.1154 0.3909 0.1849 0.0038 0.09687690
lag4fw 0.1345 0.1205 0.1884 0.1253 0.093 0.1045 0.1863 83.13
lag5spot  0.1144 0.106 0.2108 0.0573 0.0722 0.1429 0.0913248.
lag5fw 0.0917 0.0728 0.1187 0.2229 0.0542 0.1328 0.0543 898.5
lag6spot 0.0417 0.6 0.128 0.1186
lag6fw 0.13  0.0199 0.0135 0.8162
ecterml  -0.0006 0 -0.0006 0 -0.0005 0 -0.0007 0

x1 -0.0237 0.4765 0.0065 0.7619 -0.0128 0.5749 0.028 0.4277

X2 0.026 0.3226 -0.002 0.9021 0.0132 0.4637 -0.017 0.5415
constant  -0.0002 0.1372 0.0002 0.0393 0.0003 0.015 -0.0@D@155

r2 0.1088 0.1914 0.1016 0.0856

obs 2195 1625 2563 2466
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Table 1.13
VECM report: Af; equation (part 1)

We report the forward return equations here. The first pantia simple VECM while
the next panel is the VECM with extracted news factors. Fohearrency, we report the
coefficients, P probability and R square.

Panel1 no news
aud cad gbp ipy
beta p-ratio beta p-ratio beta p-ratio beta p-ratio

laglspot -0.2061 0.0784 -0.0715 0.6216 0.0698 0.3422 (0.020.8829
laglfw -0.1043 0.3209 -0.1706 0.1973 -0.0861 0.2062 -®B064.626
lag2spot -0.1122 0.2178 -0.1706 0.1489 -0.0536 0.3786 650.00.5901
lag2fw  -0.0646 0.3837 -0.1387 0.1761 0.0103 0.8425 -0.0204957
lag3spot -0.1494 0.0039 -0.0372 0.652 -0.051 0.1776 -Q@1251408
lag3fw  0.2228 0.0586 -0.1203 0.0298 -0.0192 0.7935 0.0088928&
lag4dspot 0.0898 0.3968 0.0357 0.8083 0.0738 0.2789 -0.0119341
lagdfw  0.1072 0.2439 0.1349 0.3162 0.0119 0.8451 0.0613466.6
lagSspot  0.1092 0.1465 0.2202 0.0696 0.045 0.3922 0.050%768.
lag5fw  0.1385 0.0108 0.1043 0.3276 0.0411 0.2857 0.0447 77Q.6
lag6spot 0.0153 0.8604 0.1359 0.1197
lag6fw 0.146  0.017 0.0062 0.9196
ecterml 0.0005 0.0004 0.0001 0.5018 0.0005 0 0.0002 0.2504
constant 0.0001 0.3912 0 0.8441 -0.0005 0.0002 0.0001 9.521
r2 0.0188 0.0187 0.0589 0.0085
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Table 1.14
VECM report: Af; equation (part 2)

Panel 2  with news
aud cad gbp iy
beta p-ratio beta p-ratio beta p-ratio beta p-ratio

laglspot  -0.2056 0.079 -0.0784 0.5886 0.0695 0.3441 0.022B778
lag1fw -0.1052 0.3168 -0.1756 0.1847 -0.0862 0.2064 -B060.6412
lag2spot  -0.1123 0.2175 -0.1767 0.1355 -0.0539 0.376 16.060.6101
lag2fw -0.0652 0.3791 -0.143 0.1633 0.0103 0.8419 -0.026013
lag3spot  -0.1477 0.0043 -0.041 0.619 -0.0508 0.1791 -0.125.1413
lag3fw 0.2234  0.0579 -0.1235 0.0259 -0.0192 0.7939 0.0074000
lag4spot  0.0905  0.3927 0.0437 0.7667 0.074 0.278 -0.013288.9
lag4fw 0.1082  0.2397 0.1403 0.2974 0.0122 0.8425 0.0588 60G.6
lag5spot 0.11 0.1435 0.2259 0.063 0.045 0.3924 0.0474 B8.697
lag5fw 0.1386  0.0108 0.1094 0.3053 0.0411 0.2858 0.0436 848.6

lag6spot 0.0192 0.8253 0.1352 0.1217
lag6fw 0.1487 0.0152 0.0064 0.9175
ecterml 0.0005 0.0004 0.0001 0.468 0.0005 0 0.0002 0.2506
x1 -0.0352 0.3201 0.0066 0.7773 -0.0068 0.7786 0.0328 6.382
X2 0.0369 0.1862 0.0008 0.9642 0.006 0.7564 -0.0194 0.5115

constant  0.0001  0.4154 0 0.7896 -0.0005 0.0002 0.0001 0.539
r2 0.02 0.0195 0.0589 0.009
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Table 1.15
Forecast errors from different models

We use root mean square error (RMSE) and mean absolute BtAdE)(as the criteria
to measure the accuracy of the prediction models. Here we W&CM only, VECM
with news factors, VAR(4) and random walk models. The firsigdaises the daily data
to forecast while the second panel has the non overlappeklywd&ta as input. All the
results are multiplied by 1000.

Panell aud cad gbp iy

retun RMSE MAE RMSE MAE RMSE MAE RMSE MAE

vecm 0.002 0.4072 0.0013 0.2773 0.0007 0.2264 0.0029 0.4591

vnews 0.0023 0.5584 0.0013 0.3622 0.0007 0.2769 0.0029 18.45

var(4) 0.0038 0.5333 0.0013 0.28 0.0007 0.2458 0.0041 6.563
rw 0.0039 0.6779 0.0013 0.3674 0.0008 0.2941 0.004 0.5503

Panel2
weekly
vecm 0.4557 17.4785 1.6264 36.0747 0.378 16.52 0.9404 4£8B.70
vnews 0.4619 17511 1.6244 36.0656 0.3793 16.5523 0.9034072B
var(4) 0.514 19.0058 1.7556 38.3481 0.389 17.1842 0.96687309
rw 0.4648 17.8504 1.6251 36.2329 0.3793 16.5782 0.9034 728.0




Chapter 2

The Forward Premium Puzzle When

the Forecasting Horizon is Short

2.1. Introduction

It is well known that forward premia fail to forecast futuneas returns: in par-
ticular, negative estimates from the regression of the sgatn on the forward
premium suggest that the forward premium predicts changeispot rate with
the wrong sigh. This finding, the so-called “forward premium puzzle”, oeth
rejection of the uncovered interest rate parity (UIP), ithamappealing (as it is
easily vulnerable to arbitrage) and difficult to reconcilghmnderlying theoreti-

cal models of exchange rate determination

In a typical regression, the spot return is defined as the ekgimnge in the (log) spot ex-
change rate and the forward premium is defined as the cutog)tf¢rward exchange rate minus
the current (log) spot exchange rate.

2See, for example, the survey by Engel (1996).
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In recent studies on the “forward premium puzzle”, a fair amtoof attention
has been devoted to the statistical properties of the sdrasenter the returns
regression and the implications that these properties imaiveerpreting the re-
gression estimates (Baillie and Bollerslev [1994], Crond®95], Goodharet
al. [1997], Phillipset al. [1996]). In particular, the forward premium itself
has been shown to have a fractionally nonstationary comyorieis therefore
argued that the returns regression is not valid in testiedttP or the unbiased-
ness (UB) hypothesis of the forward rate because a potignstdtionary variable
(spot return) would be regressed on a nonstationary varigitward premium)
(Maynard and Phillips [1998]). Furthermore, it is also aduhat the estimated
coefficient for the forward premium is biased because of #my persistent au-
tocorrelation in the forward premium and the small sampde sif the regression

(Baillie and Bollerslev [2000]).

Surprisingly, the uncovered interest rate parity has seldbever, been tested
at the very short horizon where the forward rate is calcdlatedays. Testing
whether the unbiasedness hypothesis holds at the extresrteesial is important:
if it cannot explain how next-day opening spot rates areedl#o today’s closing
overnight forward rates, there is little hope that the hjapsts will hold in longer
horizons. Moreover, regardless whether the unbiasedrygsdhesis holds or not
in the short term, testing the hypothesis at the extremd shdrwould add an en-
tirely new dimension to the important issue of how exchamrges are determined

in financial markets.

3A returns regression of the forward rate unbiasedness iegoess the spot return on the
forward premium. A levels regression of the forward rateiasédness is to regress the future
spot rate on the current forward rate.
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In this paper, we test the unbiasedness hypothesis usingtehm forward
rates ranging from overnight to three-day horizons for sixency exchange rates
relative to the U.S. dollar. The six currencies are the AalistDollar, the British
Pound, the Canada Dollar, the Euro Dollar, the JapaneseMerithe Swiss Franc.
The forward rates from one week to six month horizons are e}sonined for
comparison purpose. Using this unique data set, we testiplecations of the un-
biasedness hypothesis at both the levels (unconditioegigssion and the returns

regression: both types of tests provide insights aboutithéasedness hypothesis.

We present a strikingly different picture about the projesrof the spot return,
the forward premium and the estimation results from the @ifgechigh-frequency
data. In contrast to previous studies where the forward pr@ns shown to have
a nonstationary component, the overnight, tomorrow-rtexd-{day) and spot-next

(three-day) forward premia and their corresponding spatme are all stationary.

Accordingly, we perform unconditional unbiasedness testsvels. We find
that the log differences between short-term forward rateistlaeir corresponding
future spot rates are small in economic terms and statiistingignificant*. Thus,
at the unconditional level, we cannot reject the null hypsth that forward rates
are the best forecasts for future spot rates. This is in astwvith other studies in

which the above null was most frequently statistically cigeP.

We then conduct unbiasedness tests in the returns regreSsince short-term
forward premia are stationary, the OLS estimator with skemrn forward premia
would be unbiased. This is in sharp contrast with the saméibged estimator

when the long-term forward premia are used in the regressi@ur estimation

4Except that CHF, EUR and JPY have significant forecast emarsernight prediction.
5See, for example, Phillipst al. [1996] etc.
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results are encouraging. The unbiased estimated coefScenthe overnight
forward premia for the six currencies do not show the sanmmgtnegative signs
as the “forward premium puzzle” indicates, but are all snrakconomic terms

and three of them are statistically close to 1.

Next we run the out of sample test to compare the forecastracgiy for-
ward premium with the random walk models. We use Root-Megua&:-Error
(RMSE) and Mean-Absolute-Error (MAE) to descibe the fost@arors. The re-
sult shows that the short-term return regression has sip@gormance to the

random walk model, and the forecast errors exhibit a stroogatonicity here.

The rest of the paper is organized as the following: sectionrizains some
background and discussion; the data are described in s&t@npirical evidence
on the stationarity and autocorrelations of the spot restamd forward premia is
given in section 4; section 5 presents the unconditionaldethe unbiasedness
hypothesis; the results from the returns regressions akersim section 6; section
7 presents the forecast results from the returns regreasidmcompares with the

random walk model; concluding remarks are offered in sad@io

2.2. Background and Discussion

In this section we offer a brief summary of the forward ratbiasedness hypoth-
esis and the two regressions that have been used, almossigety, to test for its

validity. The hypothesis itself states that the forwardrexwe rate should pro-
vide an unbiased forecast for the future spot exchangeaiatithe test is generally

interpreted as @int test of market efficiency, risk neutrality and rational expe
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tations. The unbiasedness hypothesis, together with thered interest parity

condition, constitute the uncovered interest rate paotydition.

Let s be the (log of the) spot exchange rafg, be the (log of thej-period
forward rate and); be the information set available up to and including time

Then, the test for the UB hypothesis using the returns regness given by:

S+h—S =0+ B(fin—S) 4+ Uin (2.1)

wheres . h — & is the spot returnfi , — & is the forward premium ant . is a
zero mean stationary process. The null hypothesis to bedtest = 0 andf3 =1

simultaneously. Under the null we have that:

E(sth—s|Q) =fih—s & E(S+n|Qt) = fin

As mentioned in the introduction, most of the previous stadeject the UB
hypothesis using the returns regression, and their estgwdfs come out to be of

the wrong, counter-intuitive negative sign, thus the “fard/premium puzzle”.

An alternative model used in testing the UB hypothesis iddhels regression

of the future spot rate on the current forward rate as in:

S+h=a+bfn+Viin (2.2)

whereu;. k IS a zero mean stationary process and the joint null hypsthede

tested is again thaa = 0 andb = 16. As McCallum (1994) notes if the UB

SNote that if the UB hypothesis holds, we must have thata, B = b andvi n = Ut h.
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regression of equation (1) is appropriate the UB regressi@guation (2) would
be redundant. However, as we already mentioned, the UBsgigreof equation
(1) has failed in finding economically meaningful estim&tasf. Estimation of
equation (2) has, in general however, produced estimateshait are quite close

to one but most of the time are statistically different froneo

The contrasting results from the levels and returns regresseated a con-
troversy for the interpretation of the UB hypothesis. Ma@&o it proves to be
extremely difficult to reconcile the two results in a unifiedrhework. Lately, the
forward premium in the returns regression has been testddaiciional nonsta-
tionarity and was found to indeed have a nonstationary corpo(Maynard and
Phillips [1998]). Thus, it was argued that the returns rsgien could be statistical
unbalanced, as it attempts to explain a dependent variathi@ixed mean using

a regressor that wanders randomly.

2.3. Data Description

The uncovered interest rate parity is a theory of exchartgaletermination based
on the interest rate differential between the relevantenaies. Traditionally, re-
searchers have used one-month, three-month or longeeineds to test for UIP.
This approach is convenient with regard to data availgpdis the forward rates
and/or interest rate differentials for horizons of a momtkl gonger are readily

available.

The objective of this paper is to test the unbiasedness hgpi#t at the ex-

treme short end of the forecasting horizon using data wighhilghest possible
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frequency. The data for the study consists of daily obsematof New York
closing spot rates, and closing forward rates includingzoms of overnight, to-
morrow next (2 day), spot next (3 day), one week, one montb,rhenth, three
month and six month. The six currencies used in the papehawkustralia Dollar
(AUD), Canadian Dollar (CAD), the Swiss Franc (CHF), EurdJ@), the British
Pound (GBP) and the Japanese Yen (JPY). The US dollar is sdbé dase cur-
rency (denominated as one home currency per U.S. dolla®.pEhiod covered
by the study is Feb 10th, 1997 through October 31st, 2006 dateeare obtained
from the Bloomberg system and were collected by Bloombeithasverage of
the inter-bank quotes during the New York trading hours. Wtal number of
observations in the sample for the overnight forward ragéeges from 1927 for

the Euro to 2324 for the British pound

We take caution in the construction of the forward premia Hvedr corre-
sponding future spot rates and spot returns. Our spot eamnthe log changes
in spot rates defined over the forecasting horizon (one dayweek, one month,
etc.), but sampled at a daily frequency (as in Hansen andi¢lofdr980]). How-
ever, we strictly obey the trading rules in the market indteiconstructing the
spot returns approximately as in the literature. Therefoue construction of the
future spot rates and spot returns are subject to minimaldiatortion. In partic-

ular, we obey the following rules:

(1) We dropped the weekends and weekdays when there areatbnet holi-
days inthe U.S.;

To avoid the data error and some special events such as 9$é,d data filter to skip some
special days. | deleted those days the absolute value dfigéespot return are higher than 0.0015
and the absolute value of spot return on tomorrow next hitirear 0.001. As a result, | delete 20
days’ rates, about 1% of the total data.
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(2) If the corresponding future spot date is not on a businkegs the next
common business day and thus the spot rate are used as treedpti date and
rate. For example, for the overnight forward rate on Fridhg, corresponding

spot date is next Monday or Tuesday if the Monday is a holiday;

(3) One, two, three, six-month forward rates are not a stah8@-day term.
Besides following the rules in (2), if today is the last b&sis day, the correspond-
ing future spot dates will be the last business day in theespwnding month as
well. For example, if today is March 30 and the last businegsaf the month,
all successive forward dates will be the last common busidag in each month,

April 30, May 31, June 30, and so &n

(4) Markets have specific rules on the transaction date oh&ract, the con-
tract date, the value date and the maturity (settlemeng. ddasically, the value
date is two business days later after the contract date henldgdrizon calculation
begins from the value date not the contract date. Of coursiiaéoovernight and
tomorrow next transaction, the value date have to be the sathe next day. Fig-
ure 2.1 represents the detailed information on the conttaiets, the value dates
and the maturiy dates on overnight, tomorrow next, spot,rdexeek and 1 month

transaction.

Table 2.1 contains descriptive statistics (annualizedmead standard devi-
ations in percentages) for the spot returns and the comespg forward premia
in different forecasting horizons for the six currenciagdgtd. During the sample
period, the British Pound, the Euro, the Swiss Franc and #ma@ian Dollar ap-

preciated against the U.S. dollar in nearly every returiesem average, while the

8See Bishop and Dixon (1992) for additional details.
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Australian Dollar depreciated against the U.S. dollar cgrage. For the spot re-
turn, the standard deviations of the overnight spot retarg around 2% annually,
significantly less than that of the longer return seriescWiaiould vary as high as
11%. For the forward premium, the standard deviations aostantially lower,
around 1% annually for most of the longer horizon series. staedard deviations
are lower for the short-term forward premia than those ferltmg-term forward
premia. Thus, short-term forward premia, or the interett differentials, are
less volatile together with short-term spot returns coragavith their respective

long-term series. The means of the two series are both desdlthan 5%.

2.4. Tests for Fractional Integration and Autocorre-

lation

Using the dataset outlined above, we next examine the tgtatiproperties of
the spot return and the forward premifinin light of recent papers (Baillie and
Bollerslev [2000], Bekaert [1995], and Maynard and Phi[i(p898]) demonstrat-
ing that the highly-persistent nature of the forward preamur the interest rate
differential severely affects the estimates of the unlasss hypothesis from the
returns regression, we pay particular attention to thessil properties of the
spot return and the forward premium. Specifically, we stutigtiver the spot re-
turns and forward premia exhibit nonstationarity and gesit autocorrelations

for both the short-term and long-term horizons.

9Results for the statistical properties of spot and forwaes are available but we do not
report them in the paper, as they conform to the, widely aeckwiew that the spot and forward
exchange rates contain nonstationary components, anditireot hypothesis can not be rejected.
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We used Robinson’s (1995) Gaussian semiparametric estitasgstimate the
order of fractional integration for the series studied{;Ifs the series of interest

then the order of fractional integration is the exporgbit the representation:

1-L)% G —w=w (2.3)

wherey; is a short memory time series (e.g. an ARMA process) jamsl the
mean of the serie&. The parameted determines the degree of long run persis-
tence in;. A value ofd = 0 implies short-memory and stationarity whde= 1
corresponds to a unit root. For<0d < 1/2, the process is stationary, but con-
tains long memory, having correlations disappearing Hyplerally rather than
geometrically. For 12 < d < 1, {; is nonstationary, but less than in the case of
a unit root. We also computed the standard Ljung-Box porteenstatistic for

autocorrelation, which we denote Ry g.

We provide quite a different picture for the time series b&braof both the
forward premia and spot returns in the short-term as condparth the results
from a longer horizon. In the following subsections, the @mal analysis indi-
cates that, when the forward horizon is shbriH 1 day, 2 days or 3 days), both
the forward premia and spot returns are stationary so teagtiurns regression is

appropriate statistically.

To test whether the forward premia are highly persistent,alge use the
Ljung-Box Qg statistics up to ladh— 1 to provide additional evidence on the
time-series properties of the forward premium. Thesestiedi are shown in Ta-

ble 2.5 along with their respective p-values. Both forwarehpia and spot returns
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exhibit persistent autocorrelations, which is consistdttt the existing literature

(Baillie and Bollerslev, 1994, and Bekaert and Hodrick, 209

2.4.1. Spot Return

The results from the fractional order tests on the spotmsttor different horizons
are presented in Table 2.3. The results indicate a stroegti@p of nonstation-
arity for short-term spot returns, i.e., one-day, two-dhyee-day spot returns.
For all currencies studied, Robinson’s estimator yieldstional orders less than
0.25 for the short-term spot returns. For some of the shont-tgot returns, the

hypothesis that the fractional order is equal to zero cabheoejected.

In contrast, the relatively long-term spot returns withihons greater or equal
than one week are nonstationary (idAa> 0.5) for all currencies studied and are
significantly greater than.B. The fractional order estimates exhibit strong mono-
tonicity: the longer the forward horizon the higher the fragal order, until reach-

ing unity (indicating a unit root) when the horizon longeathtwo month.

2.4.2. Forward Premium

Table 2.3 also shows the fractional order estimates of theai@ premia. The
relevant tests reject the hypothesis of nonstationarynerfarward premia when
the horizon is 1 day, 2 days and 3 days. The test statisticlasignificantly less
than 05 for these horizons, but are higher thab tr the horizon at one weeks.

For the short-term forward premia, the fractional ordeeslass than 3.
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The longer term forward premia, especially under horizamgér than one
month, however, are nonstationa@% 0.5), consistent with the existing liter-
ature. Again, the fractional order tests exhibit strong otonicity: the longer
the horizon is, the higher the fractional order. Note that fiflactional order of
the two-month forward premium is higher than 0.8, which ligthin the area for

nonstationarity.

In summary, the test results on the spot return and forwasthjpm indicate
that there are significant differences in the time-seriep@rties between the short
and long-horizon spot returns and forward premia. For lomsaup to three days,
both the forward premia and spot returns appear statiof@rihe longer horizon,
both the forward premia and spot returns appear nonstayiofide time-series
properties of the forward premia and spot returns indidsefor short-term hori-
zons, the returns regression is indeed valid to perform haestimator is most
likely unbiased. On the other hand, our results confirm tbatdnger forward
horizons, the estimator from the returns regression iebigé/en that the longer
term spot returns and forward premia are nonstationary aud persistent auto-

correlations.

2.4.3. Statistical Issues On the Choice of Forward Horizon

In estimating equation (1), most of the recent studies haee the one-month or
three-month spot returns and forward premia, but sampleddatly frequency.
Given the empirical results of the previous subsection follewing discussion
focuses around the use of daily data and the implicatiortstiie have on the

choice of the forward horizon and test outcomes.
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It is generally accepted that the spot exchange rate candapiatély modeled

as having a unit root, so that we may write:

t
(I-Ls=&=s=%+) & (2.4)
=1

whereL is the usual lag operator indicating one-month or threetmbays ('s =
S-i), Sois assumed for simplicity zero, amglis a stationary process, with unspec-

ified properties at this point.

In testing the UB hypothesis using the returns regressiaqaoétion (1), the
spot return under forward horizdnis calculated as the log difference®f, and
&. In most studies it is implicitly assumed that this diffecens stationary. If the
assumption that the daily spot rate has a unit root is cqrtieetspot return under
a forward horizon other than = 1 will be the aggregate df terms from theg;
series. Therefore, for fixedand increasingp the spot return behaves more and

more in a nonstationary fashion. To see this, note that:

t+h t t+h
(S+h—s)= > g— > €= > ¢ (2.5)
= = =01

While the number of terms being aggregated at daishfixed ath, the end
effect is to introduce distortion due to aggregation inte taturn series. Thus,
with daily data, the use of a forward horizon other tiea 1, to form the return
series, may induce such distortions in the series and irdeugire results of the UB
regression of equation (1). In the previous section, thetitvaal order tests for
the long forward horizon indicate a markedly nonstatior@lavior for the spot

return series, which could be the result of the above tenhpggregation. On the
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other hand, tests on the short-term return series werdyckationary. So far, the
literature has taken the behavior of the return series and@as stationary) and
claimed that it is the nonstationary property of the forwprdmium that affects

the estimates of the UB returns regression.

The above problem exists even if the UB hypothesis holds yathanzonh

greater than one. To see this, consider the simple trianguamtegrating model:

S+h = frn+Un :
v E(Mt+jnQt) =0 j>0,E(UnNen|Q) =0

fth = fi—tn+Nen
(2.6)

Such a model is feasible as a large body of evidence indicaiesegration be-
tween the spot and forward rates (Phillips, McFarland, as¥ghon [1996], Hai,
Mark and Wu [1997] and others). It is straightforward to shibat theh-day spot
return behaves in a similar way as in equation (5) by takiffgidinces and using

the unit root on the forward rate. We now have that:

t

(Sh—S) = Njh+ (Urn—U) (2.7)
j=t—h+1

and there is still aggregation of the stationary tenyg. Furthermore, if equation
(6) is appropriate we have implications for the forward prgmas well. Note

that:

t

(fih—s) = (fin— fiehn) —w = (fin—s) = Njh— W (2.8)
=tShi1

consequently, the forward premium can also exhibit signsoftationarity.
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The choice of the forward horizon is important and long hamz may induce
distortions and nonstationarities in the spot return aeddhward premium: the
longer the horizon, the stronger the effect of temporal eggtion on the forward
premium series. Again, our empirical results in Table 2.Bpout that such an

explanation is quite plausible.

2.5. The Unconditional Tests

Early research in the levels regressspm, = a+ bt h + \%.h produced estimates
of b close to one. It seems at first to contradict the results flogrrégression in
returns. However, in most of these tests, the hypothesidtisgequal to one is

rejected statistically (Phillipst al. [1996]).

Under the null hypothesis that the unbiasedness hypothelsis, both the lev-
els and returns regressions imply tEag_ » — f; n|Qt] = 0. Taking the expectation
over all information sefd gives the result that the unconditional mean (forecast-
ing error) ofsh— ftn is zero. This is a simple moment restriction that can be
tested directly. While unconditional tests like this areally less powerful than
conditional tests, this approach has the advantage of liedagrom the sample

persistence-nonstationarity-induced problems.

The unconditional mean test statistics are reported ineTaml!! Also re-

ported are the fractional orders and Ljung-Box test statigor autocorrelations

10That is, using the law of iterated expectations.
11The test statistics were computed using a variance estimnatoected for heterscedasticity
and autocorrelation of ordér— 1.
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up to lagh— 1. The p-values for the hypothesis that the forecastingee zero

are also reported in table 2.6.

The fractional order tests show that the short-term foteugerrors are sta-
tionary (dA < 0.5) while the long-term forecasting errors are not statipr(eTr>
0.5). The Ljung-Box test statistics and sample autocor@tat(not reported) in-
dicate that almost all the forecasting errors have perdisigocorrelations except
the overnight forecasting errors. This evidence is coeststith the results on

spot returns and forward premia.

The mean test statistics on the forecasting errors gepeaihot reject the hy-
pothesis that the forecasting errors have a zero mean. iSiagly, the overnight
forecasting errors on the Autralian Dollar, Swiss FranaoHDollar and Japenese
Yen are statistically different from zero. Nevertheles® tinconditional tests
generally support the unbiasedness hypothesis for sknttorizons with the

exception for the overnight forecasting errors.

2.6. The Returns Regression

In this section, we test the unbiasedness hypothesis usegeturns regression.
Since the short-horizon forward premia are mostly statignae estimate the
equation using the ordinary least squares estimator, angaxe our results across
forward horizons. Table 2.8 presents the results from thens regressions. In
short-term horizons, the estimated coefficightre positive except Swiss Franc.
As the horizon increaseBs all go to negative and approach a fixed number when

the horizon is longer than 1 month.
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The results fo for longer horizons confirm the findings of the literaturetth
for most currencies, one earns more by holding bonds fromtces whose in-
terest rates are higher than usual relative to the U.S asiteates since exchange
rates do not adjust to equalize returns. Of course, the femgé@zon results should
be interpreted with caution because of the potential biagstduhe highly persis-
tence nature of both the spot returns and forward premiaomtrast, compared
with the typical negative estimates pfobtained from the regressions in the lit-
erature, the so-called “forward premium puzzle” disappéair regressions under
overnight regression. Those estimafisdare all positive except Swiss Franc in
Table 2.8. Actually, Canada Dollar, British Pound and JapserYen hav@sclose
to 1 with high t ratio. Moreover, these estimates are unbiasece the spot re-
turns and forward premia are stationary. It appears thahvidwevard premia are

stationary, the estimatdgi can go to one as indicated by UIP in some cases.

The R%s shown in Table 2.8 are quite low for regressions under mostef
horizons, buR? increases as the horizon increases. This suggests thatéhesit
rate differential does not have much effect under shortzobos, but increases the

fit of the model under longer horizons.

2.7. Out-of-sample Forecast

Our finding gives us a different picture from the previousadiggion. The forward

premia and spot returns are both stationary in short-temzdws. The forecast
errors are stationary too when the forecast horizons amesttban 1 week. And
our return regression indicates that some currencies ligiéicant positive3s in

the estimate, moreover, three of the six currencies Bawtose to 1. Seems that
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the notoriously forward premium forecast can be a fine ptedaf exchange rate
movements in short horizon forecast. Next step we want taheseut-of-sample

forecast method to test the power of the return regression.

Scholars agree that random walk model works great in thegiorexchange
forecasting problem. It beats almost all the other comphgamethods in empir-
ical study and used as the comparing benchmark in many oésesafClarida and

Taylor in 1997 and 2003). We use the following equation tamtethe spot rate :

Sth=s+0+PB(fih—s)+¢€ (2.9)

wherea andf are coefficients got from the return regression. We upda&esplot
return in each step, comparing the predicted spot ratesthétheal spot rates,
calculating the root-mean-square-error (RMSE) and méasolate-error (MAE)
in the end. Then we comparing them with the random walk beacknecheck the

accuracy of our forecast.

We apply the rolling regression method to do the out of sarfgrkcast com-
paring. This procedure allows us to use as much as possfblenation and only
predict 1 step ahead. Here we choose the in-sample siX¢3swvhereN is the
total observations of our dependent variable. We use treefdamny; to yy , to
estimate the parametefsi1,[31} and then have this set ¢b1,31} to generate
Yn/2+1 ; then have the data frogs to yy 1 to estimate the parametefs2, 32}
and then have this set b, 32} to generatey@ ; .... repeat the process until
we getyn. However, the rolling regression econometrics only workshareturn

regression forecast, not affect the random walk model.
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Table 2.10 reports the predict errors of the return regoaesand the random

walk models.

We use forward premium and random walk methods to make thandout-
of-sample forecasts of the spot rates. The forecast haizary from 1 day to 1

month aheatf.

We find that the forecast errors are going up. The RMSE begorm the
overnight’'s 2% to 1 month’s 40% to 90%. Similarly, the MAE goep from
overnight's 4 to 1 month’s 17 to 21. The forecast errors exkibpong monotonic-

ity again: the longer the forecast horizon, the higher tedast errors.

Comparing the forecast errors between random walk and fdrpr@mium re-
gression, we find that long-term horizons have better perdoice than the shorter
horizons. The random walk has smaller forecast errors taneturn regresiion
in the overnight forecast, while the advantage is negleggiblVhen the forecast
horizon goes to 1 week or 1 month, the return regression dpeter performance
than the random walk. The improvement goes significant in htméorecast.
We think that is because we keep on update our return regressdels by the
rolling regression method. The forward premium forecagtlynmore updated
information comparing with the simple random walk when tbee€ast horizon
goes longer. Anyway, the forward premium models perforny ygrod, even in

the short horizons.

We didn’t try the 2, 3 and 6 month forecast because which hadelete a long series data in
the end.
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2.8. Concluding Remarks

The “forward premium puzzle”-the negative correlationwegn expected ex-
change rates changes and the forward premium—has beenuwmmnly studied
in detail by economists for more than a decade. Using extrsmet-term for-

ward rates for six major currencies, we show that the forvgaednium under this
short forward horizon is stationary, as compared with thestetionary forward
premium under longer forward horizons. It is thus the finstetithat one can esti-
mate the uncovered interest rate parity with certainty tihtestimator would be
unbiased. Furthermore, the study is able to document tred thre interest rate
differential becomes the dominant source of informatiothenmarket, the inter-
est rate differential (or the forward premium) forecastsife spot returns quite

well.

This paper presents some stylized facts about the shontitderest rate dif-
ferentials, i.e., they are relatively less volatile and enstationary compared with
longer term interest rate differentials or forward prenfie results in Table 2.8
indicate that the persistent nature of the longer term fadvpsiemia can not be,
or at least can not be the only reason, why the uncoveredstteate parity does
not hold under longer horizons. Further we compare the &stepower by the
forward premium regression with the random walk. The fodyaremium works
pretty good in short horizons. Because we keep on updateditaneters in the
forward premium models, the long horizon forecasts havdlsmexrrors than the

random walk models.

The results from the short-run regressions should helpvaldping economic

models that explore multi-factor explanations of exchanage determination. The
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results reported in this paper draw a different picture effdirward premium puz-
zle. Further empirical work might be addressed toward déistabg the robustness

of these conclusions, and try to imply these into prograrchitigh
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Figure 2.1: The different definitions for contract date ueatlate and the maturity
date

All the contracts start from time t. CD denotes contract d&te denotes value date and
MD denotes maturity date.

Day |t | t+1 | t+2 | t+3 | t+2+1weeK t+2+1month
ON CD/VD MD

TN CD VD MD

SN CD VD MD

1 week CD VD MD

1 month CD VD MD
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Table 2.1
Summary Statistics for Forward Premia and Spot Returns (pat 1)

The data set consists of daily observations of the New Ya&iel spot and forward ex-
change rates during the period Feb. 10th, 1997 to Oct. 3066 2See footnote 6 for
more detailed explanations). Forward premia (FP) are dizeddog differences of daily
closing forward rates and daily closing spot rates in pdeggn The spot returns (SR) are
annualized log difference of the corresponding closingofmning) spot rates and daily
closing spot rates in percentage. N denotes the number offobs¢he overnight FP or
the SR, h denotes the forward horizon. ON means overnigliddrgrTnext denotes the
tomorrow next and Snext denotes the spot next. The standidtidns is also annual-
ized. In calculating the annualized means and standardititmvs, one year represents
264 days, one month 22 days and one week 5 days.(AUD: AwsirdliCAD: Canadian
$, CHF: Swiss franc, EUR: Euro, GBP: British Pound, JPY: dapa Yen.)

AUD CAD CHF
FP

h Mean Std Mean Std Mean Std
ON 1.342 0.235 0.005 0.107 -2.831 0.18
Tnext | 0.446 0.220 -0.028 0.073 -1.336 0.17
SNext | 0.335 0.125 -0.053 0.083 -0.895 0.1¢
l1week | 0.947 0.209 -0.116 0.136 -1.852 0.18
1month| 1.240 0.491 -0.145 0.321 -2.381 0.47
2month| 1.273 0.704 -0.143 0.455 -2.428 0.6(
3month| 1.265 0.868 -0.135 0.554 -2.432 0.73
6 month| 1.251 1.236 -0.109 0.771 -2.415 1.07
SR
ON 2705 2414 0.065 1.235 0.071 2.493
Tnext | -0.007 11.164 -2.000 6.888 -0.022 10.664
SNext | 0.029 11.116 -3.196 6.787 -0.682 10.6p2
l1week | 0.690 10.860 -1.348 6.099 -1.127 10.4p8
1 month| 0.529 10.818 -1.872 6.173 -1.653 10.2P9
2month| 0.507 10.792 -2.048 6.333 -1.739 10.108
3month| 0.302 10.520 -2.143 6.320 -1.914 9.968
6 month| 0.153 10.935 -2.235 6.499 -1.799 8.953
N 2282 2186 2201

O R~ DNOWOWOPMMPAN




Table 2.2

Summary Statistics for Forward Premia and Spot Returns (pat 2)

EUR GBP JPY
FP
h Mean Std Mean Std Mean Std
ON -0.497 0.157 1.621 0.143 -4.298 0.229
Tnext | -0.246 0.101 0.626 0.200 -1.924 0.145
SNext | -0.172 0.081 0.453 0.075 -1.371 0.128
lweek | -0.349 0.193 0.914 0.143 -2.745 0.210
1 month| -0.443 0.453 1.180 0.337 -3.544 0.504
2month| -0.459 0.646 1.226 0.481 -3.685 0.725
3month| -0.460 0.789 1.242 0.586 -3.725 0.892
6 month| -0.457 1.089 1.265 0.817 -3.786 1.268
SR
ON 1.776 1982 1.477 1609 0.127 2.729
Tnext | -0.831 10.186 -1.257 8.345 1.158 11.009
SNext | -0.931 10.078 -1.323 8.296 1.077 11.047
1week | -0.856 10.029 -1.573 8.175 0.118 11.215
1 month| -1.054 10.084 -1.493 7.929 -0.130 11.359
2month| -1.551 10.417 -1.604 7.515 -0.423 11.284
3month| -1.862 10.459 -1.713 7.084 -0.794 11.3p4
6 month| -2.188 9.874 -1.519 6.930 -0.356 10.954
N 1927 2324 2240

71
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Table 2.3
Estimates of Fractional Order for the Forward Premia and Spa Returns
(part 1)

Robinson’s (1995) Gaussian semiparametric estimatoread ts test for the fractional
order. d denotes the fractional order and std denotes theath deviation. N is the
observation numbers for the overnight SR or FP.

AUD CAD CHF

FP
h d Sd d sStd d St
ON [0294 0023 0303 0023 0211 0.0
Tnext | 0.286 0.022 0.334 0.023 0.234 0.0
SNext | 0.296 0.023 0.229 0.025 0.214 0.0
1week | 0.558 0.022 0.669 0.024 0.609 0.0

1month| 0.761 0.022 0.884 0.028 0.739 0.0

2month| 0.876 0.022 0.972 0.035 0.863 0.051

3month| 0.953 0.022 1.024 0.040 0.945 0.0

6month| 1.017 0.022 0.989 0.036 0.987 0.0
SR
ON |[0046 0.023 0045 0.023 0.016 0.0
Tnext | 0.050 0.022 0.038 0.023 0.030 0.0
SNext | 0.145 0.023 0.111 0.025 0.135 0.0

1week | 0.722 0.022 0.680 0.022 0.754 0.0

1month| 0.914 0.022 0.889 0.022 0.893 0.0

2month| 0.975 0.022 0.948 0.022 0.951 0.0

3month| 0.941 0.022 0.933 0.022 0.983 0.0

6month| 0.948 0.022 0.967 0.022 0.953 0.0
N | 2282 2186 2201
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Table 2.4
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Estimates of Fractional Order for the Forward Premia and Spa Returns

(part 2)

EUR

GBP

JPY

FP

h

Std

Std

Std

ON
Tnext
SNext
1 week

1 month
2 month
3 month
6 month

0.268
0.283
0.287
0.667
0.821
0.946
1.005
1.071

0.024
0.024
0.024
0.025
0.030
0.040
0.046
0.064

0.255
0.146
0.261
0.707
0.856
0.966
1.025
1.048

0.023
0.022
0.022
0.021
0.020
0.018
0.014
0.016

0.211
0.227
0.216
0.645
0.720
0.865
0.925
0.997

0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.1

INCEEN A
W w w

36
54

36

SR

ON
Tnext
SNext
1 week

1 month
2 month
3 month
6 month

0.003
0.074
0.182
0.755
0.905
0.970
0.992
0.961

0.024
0.024
0.024
0.023
0.023
0.023
0.023
0.023

0.017
0.041
0.144
0.777
0.919
0.979
0.963
0.930

0.023
0.022
0.022
0.022
0.021
0.021
0.021
0.020

0.025
0.036
0.137
0.719
0.901
0.954
0.953
0.974

0.0
0.0
0.0
0.0
0.0
0.0
0.0
0.0

w w w

NI NI I Y
NINDNDN

N

1927

2324

2240
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Table 2.5
Estimates of Autocorrelations for the Forward Premiapih = fin— s

Q_lb is the Ljung-Box statistics for autocorrelations up to lag- 1 except for the
overnight case thdt = 1 is used, thd® denotes the P value.

AUD CAD CHF
FP| Qlb P Qb P| Qb P
ON 616 6.3E-136 507 0| 133 O
Tnext 716 2.7E-156 921 0| 302 O
SNext| 1475 0| 338 0| 374 0
1week| 14296 0| 15207 0| 15317 O
1 month| 55046 0| 53658 0| 54842 0
2 month | 104856 0| 98643 0| 103688 0O
3 month| 152826 0| 138735 0| 148728 O
6 month| 279536 0| 225449 0| 262577 0

EUR GBP JPY
FP| Qlb P[ Qb P| Qb P
ON 680 o] 552 0| 357 0
Tnext 974 0 29 0 244 0
SNext| 1484 0| 784 0| 265 O
1week| 12897 0| 15669 0| 15396 O
1 month| 44955 0| 54516 0| 53150 O
2 month| 84302 0| 101286 0| 101040 O
3 month| 120117 0| 141703 0| 145891 O
6 month| 206850 0| 232209 0| 261590 0O




Table 2.6

Estimates of the Forecasting Error: U h = s+nh — frn (part 1)

Fractional Orders are estimated using Robinson’s gaussiaiparametric estimator, the
standard errors are reported td@.lb is the Ljung-Box statistics for autocorrelations up
to h— 1 except for the overnight case thlat= 1 is used, theP is the P value.Hp :

Ew.nh = 0is the mean test statistics.

AUD CAD CHF
Forder
h d std d std d std
ON 0.075 0.023] 0.042 0.023| 0.025 0.023
Tnext 0.054 0.022| 0.041 0.023| 0.032 0.022
SNext 0.146 0.023] 0.112 0.025| 0.135 0.022
1 week 0.722 0.022| 0.680 0.022| 0.754 0.022
1 month 0.914 0.022| 0.889 0.022| 0.893 0.021
2 month 0.975 0.022| 0.948 0.022] 0.951 0.022
3 month 0.941 0.022| 0.932 0.022| 0.983 0.022
6 month 0.947 0.022| 0.966 0.022| 0.955 0.022
Qb
Qb p Qb p Qb p
ON 0.183 0.669] 1.784 0.182| 0.446 0.504
Tnext 523 0.000| 516 0.000| 480 0.000
SNext 1073 0.000[ 765 0.000{ 1131 0.000
1 week 3803 0.000[ 2934 0.000] 3965 0.000
1 month| 16602 0.000] 15924 0.000 16583 0.000
2month| 30168 0.000, 31043 0.000 30789 0.000
3month| 52378 0.000, 50874 0.000 42452 0.000
6 month| 138110 0.000 102562 0.000 86142 0.000
HO: Eu(t+h)=0
mean p mean p | mean p
ON 1.650 0.099, 0.138 0.890] 3.372 0.001
Tnext -0.135 0.893| -0.939 0.348| 0.417 0.677
SNext -0.094 0.925| -1.453 0.146| 0.070 0.944
1 week -0.084 0.933 -0.779 0.436| 0.251 0.802
1 month| -0.238 0.812| -1.023 0.306| 0.260 0.795
2 month| -0.258 0.796| -1.093 0.274] 0.252 0.801
3 month| -0.315 0.752| -1.113 0.266| 0.194 0.846
6 month| -0.313 0.754| -1.096 0.273| 0.242 0.809




Table 2.7

Estimates of the Forecasting Error

‘Uh=S+h— fh(part2)

EUR

GBP

JPY

Forder

h
ON
Tnext
SNext
1 week
1 month
2 month
3 month
6 month

0.023
0.076
0.183
0.755
0.904
0.969
0.992
0.962

std
0.024
0.024
0.024
0.023
0.023
0.023
0.023
0.023

0.013
0.043
0.145
0.777
0.919
0.980
0.964
0.930

std
0.023
0.022
0.022
0.022
0.021
0.021
0.021
0.020

0.019
0.038
0.138
0.719
0.901
0.953
0.953
0.974

std
0.023
0.023
0.023
0.022
0.022
0.022
0.022
0.022

Qb

ON
Tnext
SNext
1 week

1 month
2 month
3 month
6 month

Qb
0.005

409
984
3397
15498
28208
38416
92499

0.945
0.000
0.000
0.000
0.000
0.000
0.000
0.000

Qb
0.341

540
1230
4418
15223
26477
40706
98602

0.559
0.000
0.000
0.000
0.000
0.000
0.000
0.000

Qb
1.640

495
1123
3601
14622
30833
47530
71981

0.200
0.000
0.000
0.000
0.000
0.000
0.000
0.000

HO:

ON
Tnext
SNext
1 week

1 month
2 month
3 month
6 month

mean
3.094
-0.174
-0.234
-0.163
-0.192
-0.334
-0.431
-0.511

0.002
0.862
0.815
0.870
0.848
0.738
0.667
0.609

mean
-0.269
-0.751
-0.737
-1.077
-1.272
-1.467
-1.568
-1.382

0.788
0.452
0.461
0.281
0.204
0.142
0.117
0.167

mean
4.673
0.916
0.757
0.923
1.111
1.045
0.922
1.174

0.000
0.360
0.449
0.356
0.267
0.296
0.356
0.241

76
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Table 2.8
Estimates of the returns regressiom\ns.yh = o + Bpt h + U-h (part 1)

h is the forecasting horizofhSh is the spot return,p, p, is the forward premiumiy
denotes the number of observations. | use Newey-West rdssstorrection to solve the
serial correlation problems.

AUD CAD CHF

a
h coef t coef t coef t
ON 0.000 2.73| 0.000 0.14| 0.000 -0.42

Tnext | 0.000 0.70| 0.000 -1.28| -0.001 -1.92

SNext | 0.000 1.00| 0.000 -2.22| 0.000 -1.23

1week | 0.002 4.42| -0.001 -2.42| -0.003 -4.06

1 month| 0.007 8.33|-0.002 -5.62| -0.010 -8.47

2month| 0.013 11.57| -0.004 -8.23| -0.020 -12.0

3 month| 0.018 14.59 -0.007 -10.4| -0.031 -15.6

6 month| 0.033 20.03| -0.013 -15.0| -0.060 -25.6
B
ON 0.243 1.13| 0.668 2.70| -0.199 -0.70

Tnext | -4.215 -4.04| -3.972 -2.02| -4.930 -2.79

SNext | -6.707 -3.61| -2.345 -1.22| -3.062 -1.46

1week | -7.267 -6.77| -4.700 -5.07| -5.005 -4.22

1 month| -5.633 -12.8| -3.393 -8.67| -4.093 -8.43

2month| -5.347 -17.9| -3.424 -12.2| -4.012 -11.9

3 month| -5.337 -23.5| -3.364 -14.8| -4.119 -15.3

6 month| -5.113 -33.4| -3.620 -22.4| -4.123 -25.2

R? N R? N R? N
ON 0.001 2282| 0.003 2186] 0.000 2201

Tnext | 0.007 2347 0.002 2310| 0.003 2360

SNext | 0.006 2274| 0.001 1821 0.001 2366

1week | 0.020 2292( 0.011 2322 0.008 2357

1 month| 0.065 2334| 0.031 2337| 0.029 2350

2month| 0.122 2307| 0.060 2314| 0.057 2331

3month| 0.194 2293| 0.087 2295/ 0.092 2309

6 month| 0.334 2232| 0.184 2233| 0.221 2248




Table 2.9

Estimates of the returns regressiom\ns.1h = 0 + Bpy h + Uerh (part 2)

EUR GBP JPY

o

h coef t coef t coef t
ON 0.000 2.40| 0.000 0.48| 0.000 2.58
Tnext 0.000 -0.83 0.000 -0.31] 0.000 -0.73
SNext 0.000 -1.04 0.000 -0.06| 0.000 -0.68
1week -0.001 -2.31 0.000 1.27|-0.002 -1.97
1 month -0.003 -4.64 0.001 2.04| -0.005 -2.87
2month -0.007 -7.297 0.003 3.05| -0.009 -3.82
3month -0.011 -9.76 0.005 4.53| -0.015 -5.33
6 month -0.024 -18.0 0.012 7.98| -0.036 -9.38

B

ON 0.035 0.12| 0.7127 3.09| 0.827 3.30
Tnext -5.816 -2.53 -0.985 -1.15| -2.141 -1.34
SNext -7.978 -2.81 -2.684 -1.18| -2.413 -1.34
1week -7.132 -6.07-3.780 -3.23|-2.472 -2.22
1 month -5.700 -11.6 -2.619 -5.43| -1.459 -3.10
2month -5.538 -15.9 -2.644 -8.29| -1.265 -3.87
3month -5.548 -19.9 -2.888 -11.8| -1.361 -5.10
6 month -5.685 -34.1 -3.000 -17.9| -1.787 -9.85

R? N R? N R? N

ON 0.000 1927| 0.004 2324 0.005 2240
Tnext 0.003 1929 0.001 2372| 0.001 2286
SNext 0.004 1929 0.001 2374| 0.001 2289
l1week 0.019 1925 0.004 2374| 0.002 2287
1month 0.066 1908 0.012 2358| 0.004 2275
2month 0.118 1888 0.029 2338/ 0.007 2256
3month 0.175 1865 0.057 2316/ 0.012 2233
6 month 0.393 1802 0.125 2253| 0.043 2173

78
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Table 2.10
Out-of-sample forecast accuracy report

(We use rolling regression method to make the out of sampi€eThs fixed in sample data
length is N/2. rw denotes random walk and fp denotes forwaedhpjum regression. We

use root mean square error (RMSE) and mean absolute erroE)indicate the forecast

errors. They are multiplied by 1000 to increase the readalske The forecast horizons
are from 1 day in advance to 1 month ahead.)

aud cad chf
RMSE MAE RMSE MAE RMSE MAE
lday |rw | 0.0428 5.034 0.0263 4.0299 0.0456 5.17163
fp | 0.0429 5.0339 0.0263 4.0274 0.0457 5.1811
2day | rw | 0.0835 7.1342 0.0491 55099 0.0819 7.1192
fp | 0.0834 7.0958 0.0491 5.5085 0.0823 7.1375
3day | rw| 0.124 8.7329 0.0703 6.6643 0.119 8.6806
fp | 0.1239 8.6925 0.0701 6.6536 0.1196 8.6978
1week | rw | 0.2764 13.357 0.1311 9.2886 0.2763 13.336
fp | 0.2733 13.103 0.1293 9.1688 0.2752 13.288
1 month| rw | 0.8989 24.039 0.4773 17.523 0.9135 24.187
fp | 0.8429 23.095 0.4511 17.047 0.8872 23.932
eur gbp ipy
RMSE MAE RMSE MAE RMSE MAE
lday |rw | 0.0377 4.7132 0.0276 4.112 0.0339 4.5015
fp | 0.0377 4.7004 0.0277 4.1238 0.034 4.4975
2day | rw | 0.0704 6.6226 0.0544 5.7805 0.0652 6.2954
fp | 0.0705 6.6165 0.0545 5.7649 0.0654 6.3078
3day | rw | 0.1031 8.076 0.0811 7.0395 0.0969 7.8119
fp | 0.1032 8.0247 0.0812 7.0065 0.0971 7.8134
1week | rw | 0.2366 12,506 0.1935 11.051 0.2285 11.983
fp | 0.2329 12.353 0.1918 11.003 0.2287 11.878
I1month| rw | 0.8399 23.346 0.6704 21.034 0.7628 22.217
fp | 0.7943 22.919 0.6508 20.652 0.7592 21.914
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Figure 2.2: Time series graph for overnight forward premium
The data set consists of daily observations of the New Yagif and forward
exchange rates during the period Feb. 10th, 1997 to Octdistr 3006 (See footnote 6
for more detailed explanations).(AUD: Australian Doll@AD: Canadian Dollar, CHF:
Swiss franc, EUR: Euro, GBP: British Pound, JPY: Japanese) Ye
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Figure 2.3: Time series graph for 1 week forward premium
The data set consists of daily observations of the New Yargioy and forward exchange
rates during the period Feb. 10th, 1997 to October 31st, 2866 footnote 6 for more de-
tailed explanations).(AUD: Australian Dollar, CAD: Caraa Dollar, CHF: Swiss franc,
EUR: Euro, GBP: British Pound, JPY: Japanese Yen.)
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Figure 2.4: Time series graph for 1 month forward premium
The data set consists of daily observations of the New Ya&ioy and forward exchange
rates during the period Feb. 10th, 1997 to October 31st, 2866 footnote 6 for more de-
tailed explanations).(AUD: Australian Dollar, CAD: Caraa Dollar, CHF: Swiss franc,
EUR: Euro, GBP: British Pound, JPY: Japanese Yen.)
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Chapter 3

The Profitability of Using VECM

Strategy

3.1. Introduction

Whether the foreign exchange rate fluctuations are prdalectar not has been
discussed for a long time. Scholars have tried many compledefs to forecast
the future foreign exchange spot rates. However, empisttalies found that a
simple random walk forecast outperforms almost all the otbhenplex exchange
rate models (e.g., see Meese and Rogoff , 1983; Mark, 199baddlition the
forward premium puzzle has been proved as an inaccuratécfmedbr future
spot exchange rates (e. g., see Hansen and Hodrick, 1980e Bad Bollerslev,

1994: Phillips, 1996).

Does this suggest that the foreign exchange market vidiatefticient market

hypothesis? Scholars tried the term structure models itateeof 1990’s. They

83
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found that vector error correction model (VECM) works bettean the simple
random walk forecast, especially in longer horizon such3s/éek or even 52-
week (e. g., see Clarida and Taylor 1997 and 2003). Howeuverialimited data
accessibility and technical constraints, their works &sion medium and long

horizon forecasts, which are 1 month and up.

The VECM gained great success and became popular in econoffareign
exchange and global finance. Many works tried to enrich thdehtm explain
the spot and forward exchange rates better (e. g., see SwnRamchander and
Chaudhry in 2005). However, for the foreign exchange tradbey do not need to
know the exact number of the next rate. Knowing the sign optbstion is good
enough for medium term trading. In this regard, simple VEQivetast used by

Clarida and Taylor can fulfill this purpose.

Using a comprehensive set of foreign exchange spot and fdrvades from
10 industrial countries, we forecast future rates with theter error correction
model. The difference from prior works is that we use thamglkegression tech-
nology to run the out-of-sample forecasts. By repeatingtingate the parameters

we only need to forecast 1 step ahead. That can increasereaafiting accuracy.

We check the forecast errors first. The VECM estimates shoalienforecast
errors than the random walk models, but the improvementsig/mficant when
the horizon gets longer. In our simulation, we determinesiga of position with
the VECM forecasts, and clear the position at the end of tmeilsition period.
Comparing the mean forecast trading return (MFTR) and thameerrect fore-
cast direction (MCFD) of the simulation, we find that the &gy based on rolling

VECM forecast is more profitable than the buy and hold stxaiteghort horizons.
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In section 2 we briefly discuss the data and the rolling regjoastechnology
involved. In section 3, we review the VECM method and defimecttiteria we will

use. Section 4 reports our simulation results and sectiones gur conclusion.

3.2. Description of Data and rolling regression

3.2.1. Data description

We collect foreign exchange spot and forward rates from Bloerg, which were
saved by Bloomberg as the average of the inter-bank quotésgddew York
trading hours. We study the following 10 industrial cousdticurrencies as our

subjects:
1) Australia Dollar (AUD)
2) Canada Dollar (CAD)
3) Swiss Franc (CHF)
4) Danish Krone (DKK)
5) Euro (EUR)
6) British Pound (GBP)
7) Japanese Yen (JPY)
8) Norwegian Krone (NOK)
9) New Zealand Dollar (NZD)

10) Swedish Krona (SEK)
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Because we choose United States Dollar (USD) as the donoestency, we
invert the original AUD, EUR, GBP and NZD data. The data start Oct. 28th,
1996 and end on May 15th, 2009. It covers more than 10 yeartu#itions and
includes 3277 business days. For EUR, the data begins orld8ri999: We
have forward rates of 1 week, 2 week, 3week, 1 month, 3mordh6amonth?

The spot and forward rates are in daily frequencies.

3.2.2. Rolling regression

Different from Clarida’s work, we make out-of-sample foasts with the rolling

regression technique.

Rolling regression is an econometric procedure that allosv§o estimate a
series of parameters based on the same equation over rdlé@ ranges. In this
procedure, we use a fixed length window of past data as inatiterrthan the full

set of previous data.

For example, if the available data has lenigtthe traditional method will allo-
catel; observations from the beginning as the in-sample data,leckemaining
L, as the out-of-sample data set. Here the in-sample perioayalwses the vast
majority of the full data set. This method generates a seatdipeters using time
seried_; and apply them to produce all the out-of-sample forecadthofgh this
method can also dynamically generate the one step aheath$bre¢he forecast

model itself is out-of-date.

LEUR has only 2660 business days.
2The forward rates are not always available in these horizéns example, Swedish Krona
only has 1538 days with the 6 kinds of forward rates althobghe are 3277 business days.
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On the contrary, the rolling regression method we apply bpdates the fore-
cast models every day. We choose an in-sampleNjzghereN < L, the proce-

dure of the rolling VECM is as the following:
1) Use data frony; to yy to estimate the paramete®s for our VECM;

2) Apply ©1 to generate one step ahead forecast for pé¥iedlL and save

the results/n1;
3) Use data frony, to yn. 1 to estimate a new set of paramet@xs

4) Apply ©2 and the real spot and forward rates from date 2 to Natel

to forecastyn . 2;
5)
6) Repeat the above procedure until the in sample data is to y, 1,

we obtain the lasy; .

In the rolling VECM method, the fixed length window N is very portant.
We need sufficient number of observations to estimate theetapahile leaving
enough out-of-sample size— N to measure the forecasting performance. Here

we chooseN = 2/3L and selecN = 3/4L andN = 4/5L as robustness test.

3.3. Econometric method

Lets denote the logarithm of the spot exchange rate at time fgqithe logarithm
of the n period forward rate at time t. Numerous research Haweaonstrated that

the spot and forward exchange rates exhibit a unit root acdrbe stationary
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under first difference (e.g., see Clarida 1997 and Simps@2)20We set up a

vectory; comprisings and f,; for a particular currency,

Yo = [, fans fens fas fan, faan, fesn! (3.1)

Here f14), f2o1), f(at) are the logarithm of the 1 week, 2 week and 3 week
forward rates at time t respectivelfi,;) is the logarithm of the 1 month forward
rate at time t,f13y) is the logarithm of the 3 month forward rate at time t, and

fo61) Is the logarithm of the 6 month forward rate at time t.

We ran cointegration tests betweéy ands for each foreign currency using
the maximum likelihood tests suggested by Johansen (39Fhe result shows
that there exist a linear combination of the spot and forwateks that is stationary.
Evidence of cointegraion suggests that there is a long atisstal relationship
between the spot rate and term structure. Therefore the &ror fluctuations
of spot and forward rates are affected by the lagged dewidtam the inherent

relationship between spot and forward rates.

The VECM can be written as

k-1
Ay = P+ ZlaiAYt—i + MYk + & (3.2)
i=

WhereA is the first-difference operator. We have show thas a cointegrated

vector so the matrixXl has reduced rank< 7.

3Not shown in the appendix.
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Using the rolling VECM method we genera®,0, ... andyni1 , YN+2 ..
We check the accuracy of our prediction with mean squarextést error (MSFE)

and mean absolute forecast error (MAFE);

Because foreign exchange market is volatile, forecasteoan be quite large
from period to period. The traders only care about whetherfadheign currency
will appreciate or depreciate. If we know the foreign cuoemvill go up for
sure, we will buy and hold; otherwise, we will short the fgricurrency. We use
another two criteria to measure the trading return: the n@w@&cast trading return
(MFTR) and the mean correct forecast direction (MCFD). Tévenker is defined

as:

1 L-1 . -
MFTR= ——  sign(fi+1)ri+1 (3.3)
L-N £

WhereL is the observation numbers of the full sitjs the fixed length of in-
sampler datay = s —s-1 . Heresign(fi+1) = 1 if i1 > 0 andsign(fi+1) = —1

if i1 <O.
The latter is defined as:

L-1

1 PN
MCFD = N 1[sign(fi+1)sign(ri+1) > 0] (3.4)
t=

Here 1.] is the indicator function which give 1 if the statement in Hiaket is

true and O otherwise.

We have different benchmarks for these criteria. For thedast errors, we

use the random walk model as the benchmark. For the tradimgjation, we use
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the ‘buy and hold’ strategy as our benchmark. In the formeecave prefer a
smaller forecast error. In the latter case the higher prafitog better. MFTR is
the average return we can get by that strategy. MCFD repiefies frequency

the traders take a correct positions.

3.4. Forecast errors and trading simulation

In table 3.1 we report the comparison of our forecasts of tiheré spot rates by
rolling regression and that by the random walk model. Tabdegd/es the simu-

lated trading returns of error correction models and thg dnd hold’ strategies.

3.4.1. Forecast errors

Going over table 3.1, we note that the forecast errors in VE@Malways be
smaller than the corresponding errors from the random wadkleh In both

models, the errors increase monotonically when the fotduaszon increases.
However, the improvement from the VECM is not consistent nvtiee forecast
horizon gets longer. This is a little different from Clarslavork. Apparently,

when the forecast horizon goes up, the models involves maniables and the
simple VECM is not good at describing the complex long terneifgn exchange

markets. However for short run traders the VECM is still gwidluable.

We note another interesting fact here. For the more populaeicies, the
random walk works relatively better, especially for the leléorecast. For ex-
ample, EUR and GBP’s mean squared forecast errors are as 0W@01. While

for the less popular currencies such as AUD, CHF and CAD, tis&Ek are in
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the range from 0.0003 to 0.001. The least popular currensieh as DKK, SEK,

NzD and NOK, all have error higher than 0.00%. We also observe that the
forecast errors of the VECM forecasts exhibit the similaareleter. This may be
explained by more consumption of tradable signals in theempopular currencies

due to competition.

We use Diebold-Mariano test to examine the forecast acguréde define
the error loss function as the squared error loss. The nplibtieses is that the
squared error loss from random walk is the same to the loss the VECM.
Table 3.3 reports the Diebold-Mariano test statistic. & Sivalue is higher than
1.96, then we reject the null hypotheses in 95% level. We tirad the popular
European currencies are all reject the null hypotheseshdi®ignificant S value
too. The other 5 currencies exibit smaller S values. HoweMest currencies
reject the null in 90% level. We can say with confidence that\WW=CM has

better predictive accuracy than the random walk model.

3.4.2. The simulated trading profitability

The averaged forecast errors is not a direct measurememe afi¢dels profitabil-
ity. The MFTR and MCFD are more directly related to real padfility of the

model.

Table 3.4 describes the results from the trading simulati~TR shows
the average trading returns and MCFD exhibits the prolighifie traders take a

correct position. We compute the performance of two stragegrading based on

4JPY exhibits different behavior here. Becasue its rate issmeed in high magnitude.
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the VECM forecast, and the buy and hold strategy. We denetettwo strategies
as VECMT and BAH respectively.

The VECMT strategy works as the following: buy the foreigmreacy with
$1if our VECM gives a positive forecast; short $1's foreigmrency if the VECM
prediction is negative. The BAH just buys $1 foreign curseand sells it the next

period.

We note that the average returns from the VECMT strategy theabf BAH
strategy, especially in short horizon. In the meanwhile MECMT strategy has a
higher MCFD than the BAH strategy. For all 10 currencies WECMT is more

profitable than the simple BAH strategy.

Trading by the VECMT strategy always yields positive retuwrmedium hori-
zon. The BAH strategy is quite volatile. 5 currencies of tBesimulations report
negative returns in our test. We find that when the horizos fetger, trading
return in the VECMT strategy goes down dramatically. In th@é@nth trading,

the return is insignificant to O.

For the correct holding direction measurement, we notettieaBAH strategy
hold a correct position for around 50% of times, VECMT stgates correct than

60% of times in 1 week predictions.

3.4.3. Robustness testing

For robustness test we ulle= 3/4L, and 4/5L to rerun the above measurements

of N = 2/3L. These results are reported from table 3.6 through tabl 3.1
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Table 3.6 reports different forecast errors in random watk\{ECM models;
table 3.8 discusses the trading results in VECMT and BAHetfa Both using

the fixed in sample data length4_.

Comparing table 3.6 with table 3.1, we get the similar resunlthese two split
methods: VECM has smaller forecast errors than the RW modéth shorter
predict horizon, the improvement is better than those ukaley horizons. We
also find that the forecast errors in table 3.6 is bigger thaséd in table 3.1,

especially in the unpopular currencies such as DKK, NOK aBK.S

Trading simulation works a little better with = 3/4L. In table 3.8 we note
that the VECMT strategy in 1week trading always has highemTREhan its com-
parable value as table 3.4. Besides that, table 3.8 exhit@tsimilar characters
with table 3.4: VECMT strategy always runs better than BAHatglgy, but the

advantage only holds in medium horizons.

Table 3.10 and table 3.12 reports the results for the fixednmpde data length
of 4/5L. The forecast errors continue to increase, as do the tradiogns. It
seems with the longer in sample data, the forecast accuealtyces while the

trading performance gets more profitable.

3.5. Concluding Remarks

In this paper, we replicate the method Clarida and Taylod us&997. We have a
longer data set which start from 1996 and end in 2009. We sdalty forward

rates with horizons from 1 week to 6 month. To investigatepgbwer of VECM
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in more detail, we test not only the popular currencies sscBRP and JPY, but

also some less traded currencies such as DKK and SEK.

To increase the accuracy of our model, we use the rollingessyon technique.
We keep on updating our parameters and use the updated ragdetlict the next
period’s foreign exchange rates. This method allows usdorjporate as much as

possible information into the models.

We use the mean square forecast errors (MSFE) and mean &feohcast er-
rors (MAFE) to describe the forecast accuracy of our modwl,take the random
walk model as the benchmark. The results show that VECM libatsandom
walk in all the 10 currencies. In the medium horizon, the VE@i8plays obvious

improvement over the random walk model.

Then we run a trading simulation to test the profitabilitylod VECM predic-
tion. We choose our long or short position by the sign of nextqu’s forecast,
and clear the position later. We call it VECMT strategy. Camipg the profit of
VECMT with that of the simple ‘buy and hold (BAH)’ strategyewobserve the

VECMT performs better in medium horizon than BAH strategy.

We try the data in 3:1 and 4:1 for the in-sample and out-ofgdangroups
respectively. All these yields similar as that of the 2:litsph. With more in-
sample data, the forecast error gets higher but the prdiitaini 1 week horizon

gets higher too.

Our experiment proves that the VECM performs better thamoanwalk
in foreign exchange forecast studying. The VECM shows gtradvantage in

medium horizon, especially in the 1-week prediction.



95

Table 3.1
Forecast Errors from VECM and RW models (with 2:1 data split) (part 1)

We reports the forecast errors from vector error correatmael (VECM) and random
walk model here. We use rolling regression method to gemgratamaters. This table
we have the in-sample data length as 2/3 of the total obsengat MSFE is the mean
squared forecast error and MAFE is the mean absolute fdreaas. We have the forecast
horzion from 1 week to 6 month here. (AUD: Austral@AD : Canada DKK: Danish
Krone, EUR: Euro, GBP: British Pound, JPY: Japenese Yen, N#twegian Krone,
NZD: New Zealand Dollar, SEK: Swedish Krona)

AUD 1w 2w 3w 1m 3m 6m
RW MSFE 0.001 0.0019 0.0028 0.0041 0.0124 0.0275
MAFE 0.0201 0.0283 0.0349 0.0423 0.0655 0.1081
VECM MSFE 0.0008 0.0018 0.0026 0.0039 0.0125 0.0282
MAFE 0.0182 0.027 0.0339 0.0412 0.0643 0.1044

CAD

RW  MSFE 0.0004 0.0008 0.0011 0.0015 0.0046 0.0112
MAFE 0.0144 0.0201 0.0237 0.027 0.0481 0.0809

VECM MSFE 0.0004 0.0008 0.0011 0.0015 0.0047 0.0111
MAFE 0.013 0.0198 0.0235 0.0269 0.0479 0.0809

CHF

RW  MSFE 0.0003 0.0006 0.0009 0.0012 0.0026 0.006
MAFE 0.0131 0.0183 0.0224 0.0268 0.0387 0.0632

VECM MSFE 0.0002 0.0005 0.0008 0.0012 0.0028 0.0064
MAFE 0.0116 0.0175 0.0217 0.0264 0.0407 0.0665

DKK

RW  MSFE 0.0107 0.0225 0.0341 0.0513 0.1182 0.2753
MAFE 0.0755 0.1094 0.1383 0.171 0.2495 0.4568

VECM MSFE 0.0084 0.0208 0.0324 0.0499 0.1208 0.2814
MAFE 0.0657 0.1047 0.1342 0.1678 0.2518 0.4553




Table 3.2
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Forecast Errors from VECM and RW models (with 2:1 data split) (part 2)

EUR 1w 2w 3w Im 3m 6m

RwW MSFE 0.0001 0.0003 0.0004 0.0006 0.0014 0.0032
MAFE 0.0081 0.0115 0.0145 0.0178 0.026 0.0464

VECM MSFE 0.0001 0.0002 0.0004 0.0006 0.0014 0.0034
MAFE 0.0072 0.011 0.0142 0.0176 0.0271 0.0481

GBP

RwW MSFE 0.0001 0.0002 0.0002 0.0003 0.0013 0.0037
MAFE 0.0067 0.0092 0.0104 0.0123 0.0224 0.0394

VECM MSFE 0.0001 0.0002 0.0002 0.0003 0.0014 0.0037
MAFE 0.006 0.0089 0.0102 0.0121 0.0227 0.0403

JPY

RwW MSFE 2.6599 4.8865 7.7295 11.1873 34.2303 59.2261
MAFE 1.2371 1.7556 2.2166 2.6696 4.6438 6.1011

VECM MSFE 2.1801 4.4199 7.1418 10.5557 33.7153 58.9843
MAFE 1.1092 1.6527 2.1319 25951 4.6132 6.0846

NOK

RwW MSFE 0.0239 0.0393 0.0558 0.0826 0.3482 0.8144
MAFE 0.1118 0.1408 0.1637 0.2027 0.4049 0.6999

VECM MSFE 0.0192 0.0383 0.0535 0.08 0.3542 0.8382
MAFE 0.1002 0.1391 0.1593 0.1984 0.4048 0.6883

NZD

RwW MSFE 0.0016 0.003 0.0045 0.0065 0.0166 0.044
MAFE 0.0275 0.0386 0.0468 0.0563 0.0963 0.1538

VECM MSFE 0.0013 0.0028 0.0043 0.0065 0.0179 0.0479
MAFE 0.0245 0.0373 0.0461 0.0559 0.0987 0.1562

SEK

RwW MSFE 0.0337 0.0662 0.0988 0.1391 0.3963 1.0879
MAFE 0.1282 0.1779 0.2233 0.2728 0.4362 0.7684

VECM MSFE 0.0264 0.0607 0.094 0.1352 0.3947 1.072
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Table 3.3
Diebold-Mariano test with VECM and RW models (with 2:1 data split)

We use Diebold-Mariano test statistic for comparing priagécaccuracy. The two
forecast models are random walk and VECM respectively. Véesgsiared error
loss as our loss function. The critical value is 1.96 at 950élle

1w 2w 3w Im 3m 6m

AUD 1.6848 1.7714 1.7397 1.6731 1.3067 1.2261
CAD 1.6087 1.6812 1.8225 1.8641 2.2421 1.6567
CHF 6.236 5546 3.7456 3.7786 5.1163 3.5547
DKK 2.1324 2.0705 2.0844 2.1548 7.2026 2.7849
EUR 2.9986 2.2352 2.2081 2.2609 4.1044 2.6582
GBP 2.0179 2.4368 2.8187 2.3842 1.5028 1.43

JPY 4.3268 4.4042 3.8556 4.0561 2.8588 5.7442
NOK 1.9532 2.1237 2.3546 2.6839 2.2178 1.8261
NZD 1.8671 1.9118 2.1351 2.1483 2.0598 2.1365
SEK 1.6208 1.6053 1.6428 1.7868 2.0121 1.4578
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Table 3.4
Trading returns from VECMT and BAH strategies (with 2:1 data split) (part
1)

We reports the simulated trading returns from two stratefere. The first one is based
on the vector error correction model (VECM) prediction. W khe foreign currency if it
will appreciate or short if it will depreciate. We call thisategy as VECMT. The second
strategy is just buy and hold, sell it next period. We call AHBstrategy. This table we
have the in-sample data length as 2/3 of the total obsensatMFTR is the mean squared
forecast trading return and MCFD is the mean correct fotediasction. We have the
forecast horzion from 1 week to 6 month here. (AUD: Austra@ld\D : Canada DKK:
Danish Krone, EUR: Euro, GBP: British Pound, JPY: Japenesg MOK: Norwegian
Krone, NZD: New Zealand Dollar, SEK: Swedish Krona)

AUD 1w 2w 3w I1m 3m 6m
BAH MFTR 0.0003 0.0002 0.0001 0.0001 -0.002 -0.007
MCFD 0.5474 05304 0.5325 0.5304 0.6251 0.6262
VECMT MFTR 0.0076 0.0069 0.0072 0.008 0.0081 0.0134
MCFD 0.6677 0.6081 0.5911 0.5761 0.606 0.655

CAD

BAH MFTR -0.0001 -0.0003 -0.0007 -0.0013 -0.0058 -0.0085
MCFD 0.5232 0.5286 0.5113 0.5126 0.4369 0.4728

VECMT MFTR 0.0053 0.004 0.0032 0.0034 0.0027 0.0009
MCFD 0.6401 0.5803 0.5392 0.5299 0.5618 0.5007

CHF

BAH MFTR 0.0007 0.0009 0.0011 0.0017 0.0078 0.0139
MCFD 0.4921 0.5058 0.4889 0.5121 0.5913 0.5892

VECMT MFTR 0.0043 0.005 0.0051 0.0048 -0.0019 -0.0023
MCFD 0.6367 0.603 0.5871 0.5628 0.4456 0.4467

DKK

BAH MFTR 0.0002 0.0003 0.0004 0.0002 -0.0016 0.0022
MCFD 0.5364 0.5094 0.5198 0.5281 0.605 0.6466

VECMT MFTR 0.0058 0.0059 0.0069 0.0057 0.0035 0.0072
MCFD 0.6424 0.5967 0.5904 0.5551 0.5156 0.5447
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Table 3.5
Trading returns from VECMT and BAH strategies (with 2:1 data split) (part
2)
EUR 1w 2w 3w Im 3m 6m
BAH MFTR 0.001 0.0021 0.0028 0.0037 0.0082 0.0156
MCFD 0.5524 05592 0.5614 05795 0.699 0.7238
VECMT MFTR 0.0044 0.0041 0.0047 0.0039 -0.0033 -0.0063
MCFD 0.628 0.5817 0.5817 0.5423 0.4036 0.3935
GBP
BAH MFTR -0.0008 -0.0016 -0.0025 -0.0037 -0.0134 -0.026
MCFD 0.503 0.4812 0.497 0.5049 0.5583 0.4862
VECMT MFTR 0.0051 0.0045 0.0042 0.004 -0.0031 -0.0067
MCFD 0.6482 05998 0.583 0.5741 0.498 0.4713
JPY
BAH MFTR 0.0007 0.0013 0.002 0.0028 0.0072 0.0166
MCFD 0.4612 0.4791 0.4722 0.4831 0.4891 0.501
VECMT MFTR 0.0046 0.0048 0.0053 0.0054 0.006 0.0062
MCFD 0.6282 0.5845 0.5716 0.5636 0.5467 0.5328
NOK
BAH MFTR -0.0004 -0.0008 -0.0015 -0.0024 -0.0075 -0.0146
MCFD 0.5692 0.5049 0.4834 0.5263 0.6218 0.6608
VECMT MFTR 0.0086 0.0071 0.0081 0.0078 0.0075 0.0084
MCFD 0.6745 0.5945 0.614 0.5867 0.5497 0.6043
NzZD
BAH MFTR -0.0006 -0.0012 -0.0019 -0.0029 -0.013 -0.0249
MCFD 0.5144 0.5086 0.4983 0.5155 0.4799 0.5029
VECMT MFTR 0.0082 0.0075 0.0081 0.0066 0.0009 -0.0098
MCFD 0.651 0.6005 0.5809 0.5672 0.5189 0.5293
SEK
BAH MFTR -0.001 -0.0018 -0.0031 -0.0055 -0.0187 -0.0311
MCFD 0.5205 0501 0.4737 0.4776 0.4815 0.5984
VECMT MFTR 0.0076 0.0079 0.0087 0.0085 0.008 0.0151
MCFD 0.6491 0.6023 0.6101 0.5712 0.5127 0.5692
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Forecast Errors from VECM and RW models (with 3:1 data split) (part 1)

We reports the forecast errors from vector error correatmael (VECM) and random
walk model here. We use rolling regression method to gemgratamaters. This table
we have the in-sample data length as 3/4 of the total obsengat MSFE is the mean
squared forecast error and MAFE is the mean absolute fdreaas. We have the forecast
horzion from 1 week to 6 month here. (AUD: Austral@AD : Canada DKK: Danish
Krone, EUR: Euro, GBP: British Pound, JPY: Japenese Yen, N#twegian Krone,
NZD: New Zealand Dollar, SEK: Swedish Krona)

AUD 1w 2w 3w 1m 3m 6m

RW MSFE 0.0013 0.0023 0.0034 0.005 0.0162 0.0361
MAFE 0.0222 0.0309 0.0379 0.0467 0.0787 0.1327

VECM MSFE 0.001 0.0021 0.0032 0.0048 0.0164 0.037
MAFE 0.0202 0.0294 0.0367 0.0452 0.0767 0.1267

CAD

RW MSFE 0.0006 0.001 0.0014 0.002 0.0059 0.0143
MAFE 0.0167 0.0235 0.0276 0.0316 0.0565 0.0958

VECM MSFE 0.0004 0.001 0.0014 0.002 0.006 0.0143
MAFE 0.015 0.0232 0.0276 0.0316 0.0568 0.096

CHF

RW MSFE 0.0003 0.0006 0.0009 0.0013 0.0029 0.0066
MAFE 0.0132 0.0185 0.0231 0.0278 0.0409 0.0661

VECM MSFE 0.0003 0.0005 0.0009 0.0013 0.0029 0.0071
MAFE 0.0118 0.0176 0.0224 0.0274 0.0422 0.0706

DKK

RW MSFE 0.0132 0.028 0.042 0.0628 0.1401 0.3296
MAFE 0.0858 0.1234 0.1547 0.19 0.2693 0.5029

VECM MSFE 0.0104 0.0257 0.0397 0.0605 0.1422 0.3346
MAFE 0.0746 0.1175 0.1497 0.1851 0.269 0.4966




Table 3.7
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Forecast Errors from VECM and RW models (with 3:1 data split) (part 2)

EUR 1w 2w 3w Im 3m 6m

RwW MSFE 0.0001 0.0003 0.0005 0.0007 0.0016 0.0038
MAFE 0.0085 0.0124 0.0159 0.0196 0.0284 0.0507

VECM MSFE 0.0001 0.0003 0.0004 0.0007 0.0016 0.0039
MAFE 0.0075 0.0118 0.0154 0.0193 0.029 0.0516

GBP

RwW MSFE 0.0001 0.0002 0.0002 0.0004 0.0016 0.0046
MAFE 0.0071 0.0094 0.0104 0.0125 0.0244 0.0441

VECM MSFE 0.0001 0.0002 0.0002 0.0004 0.0016 0.0047
MAFE 0.0063 0.0091 0.0103 0.0122 0.0247 0.0451

JPY

RwW MSFE 2.8407 5.1167 8.1749 11.7545 38.4686 61.2976
MAFE 1.2603 1.7782 2.2501 2.7012 4.9404 5.8891

VECM MSFE 2.3311 4.6319 7.5661 11.0452 37.856 61.2467
MAFE 1.1331 1.6792 2.1662 2.6154 4.9106 5.8831

NOK

RwW MSFE 0.0296 0.0481 0.067 0.0981 0.4326 1.0042
MAFE 0.126 0.156 0.1794 0.2215 0.4477 0.781

VECM MSFE 0.0239 0.0473 0.0649 0.0956 0.4415 1.0377
MAFE 0.1135 0.1556 0.176 0.2182 0.4488 0.7677

NZD

RwW MSFE 0.0019 0.0037 0.0054 0.0078 0.0194 0.0533
MAFE 0.0302 0.0423 0.0508 0.0613 0.1034 0.1673

VECM MSFE 0.0015 0.0034 0.0052 0.0077 0.0208 0.0572
MAFE 0.0268 0.041 0.0501 0.0609 0.1052 0.1672

SEK

RW MSFE 0.0423 0.0824 0.1213 0.1691 0.5073 1.4205
MAFE 0.1473 0.1999 0.2475 0.3 0.5147 0.9335

VECM MSFE 0.0331 0.0748 0.1148 0.1637 0.5023 1.3911
MAFE 0.1298 0.19 0.2374 0.2933 0.5124 0.9108
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Table 3.8
Trading returns from VECMT and BAH strategies (with 3:1 data split) (part
1)

We reports the simulated trading returns from two stratefere. The first one is based
on the vector error correction model (VECM) prediction. W khe foreign currency if it
will appreciate or short if it will depreciate. We call thisategy as VECMT. The second
strategy is just buy and hold, sell it next period. We call AHBstrategy. This table we
have the in-sample data length as 3/4 of the total obsensatMFTR is the mean squared
forecast trading return and MCFD is the mean correct fotediasction. We have the
forecast horzion from 1 week to 6 month here. (AUD: Austra@ld\D : Canada DKK:
Danish Krone, EUR: Euro, GBP: British Pound, JPY: Japenesg MOK: Norwegian
Krone, NZD: New Zealand Dollar, SEK: Swedish Krona)

AUD 1w 2w 3w I1m 3m 6m
BAH MFTR 0.0004 0.0004 0.0002 0.0001 -0.0018 -0.005
MCFD 0.5611 0.5568 0.5724 0.5682 0.6761 0.7472
VECMT MFTR 0.0083 0.0076 0.0081 0.0095 0.0113 0.0191
MCFD 0.6577 0.6094 0.6023 0.5994 0.6449 0.7457

CAD

BAH MFTR 0.0003 0.0005 0.0004 0.0001 -0.0032 -0.009
MCFD 0.5451 0.5735 0.577 0.5717 0.5044 0.4867

VECMT MFTR 0.0062 0.0045 0.0041 0.0039 0 -0.0014
MCFD 0.6407 0.5735 0.5381 0.531 0.5133 0.485

CHF

BAH MFTR 0.0008 0.0009 0.0011 0.0017 0.0071 0.0202
MCFD 0.5056 0.5056 0.4887 0.5254 0.5873 0.6451

VECMT MFTR 0.0044 0.005 0.0055 0.0049 -0.0003 -0.0063
MCFD 0.6352 0.5972 0.5831 0.5549 0.4549 0.3958

DKK

BAH MFTR -0.0004 -0.0013 -0.0024 -0.0043 -0.0142 -0.0173
MCFD 0.5069 0.4626 0.4626 0.4543 0.4792 0.5291

VECMT MFTR 0.007 0.0079 0.0087 0.0071 0.0068 0.0136
MCFD 0.6648 0.6427 0.6205 0.5651 0.554 0.6094
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Table 3.9
Trading returns from VECMT and BAH strategies (with 3:1 data split) (part
2)
EUR 1w 2w 3w Im 3m 6m
BAH MFTR 0.0009 0.0017 0.002 0.0025 0.005 0.0108
MCFD 0.5594 0.5519 0.5429 0.5684 0.6737 0.7293
VECMT MFTR 0.0047 0.0055 0.0058 0.0051 0.0003 0.0022
MCFD 0.6271 0.6075 0.597 0.5459 0.4406 0.4256
GBP
BAH MFTR -0.0011 -0.0024 -0.0039 -0.0056 -0.0163 -0.0269
MCFD 0.502 0.469 0.4875 0.5007 0.5968 0.5679
VECMT MFTR 0.0052 0.0038 0.0034 0.0039 -0.0031 -0.0067
MCFD 0.6443 0.5889 0.5744 0.5705 0.5033 0.4743
JPY
BAH MFTR 0.0011 0.0022 0.0034 0.0045 0.0149 0.0363
MCFD 0.4808 0.5073 0.4927 0.4887 0.5563 0.6212
VECMT MFTR 0.0045 0.0045 0.0047 0.0051 0.0045 0.004
MCFD 0.6119 0.5748 0.5576 0.5629 0.5219 0.5258
NOK
BAH MFTR -0.0019 -0.004 -0.0064 -0.0094 -0.0264 -0.0465
MCFD 0.5299 0.4494 0.4286 0.4571 0.4961 0.5481
VECMT MFTR 0.0094 0.007 0.0074 0.008 0.0051 0.008
MCFD 0.6623 0.5818 0.6 0.574 0.5506 0.6338
NzZD
BAH MFTR -0.0005 -0.0012 -0.002 -0.0031 -0.0128 -0.0184
MCFD 0.5299 0.5069 0.4946 0.4977 0.5253 0.5819
VECMT MFTR 0.0092 0.0084 0.009 0.0078 0.0036 0.0023
MCFD 0.6646 0.6003 0.5712 0.5712 0.562 0.611
SEK
BAH MFTR -0.0025 -0.0046 -0.0071 -0.0112 -0.0343 -0.0539
MCFD 0.4792 0.4583 0.4193 0.4245 0.3594 0.5208
VECMT MFTR 0.0088 0.0096 0.0097 0.0108 0.0098 0.0244
MCFD 0.6484 0.6068 0.612 0.5833 0.5469 0.638
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Forecast Errors from VECM and RW models (with 4:1 data split) (part 1)

We reports the forecast errors from vector error correatmael (VECM) and random
walk model here. We use rolling regression method to gemgratamaters. This table
we have the in-sample data length as 4/5 of the total obsengat MSFE is the mean
squared forecast error and MAFE is the mean absolute fdreaas. We have the forecast
horzion from 1 week to 6 month here. (AUD: Austral@AD : Canada DKK: Danish
Krone, EUR: Euro, GBP: British Pound, JPY: Japenese Yen, N#twegian Krone,
NZD: New Zealand Dollar, SEK: Swedish Krona)

AUD 1w 2w 3w 1m 3m 6m

RW MSFE 0.0016 0.0028 0.0042 0.0061 0.02 0.0445
MAFE 0.0251 0.0349 0.0437 0.054 0.0917 0.1554

VECM MSFE 0.0013 0.0026 0.0039 0.0059 0.0202 0.0458
MAFE 0.0227 0.0332 0.0421 0.0522 0.0897 0.1492

CAD

RW MSFE 0.0007 0.0012 0.0017 0.0023 0.0061 0.0161
MAFE 0.0186 0.0256 0.0295 0.0334 0.0548 0.1017

VECM MSFE 0.0005 0.0012 0.0017 0.0022 0.0061 0.016
MAFE 0.0165 0.0252 0.0294 0.0332 0.0546 0.1015

CHF

RW MSFE 0.0004 0.0007 0.001 0.0015 0.0034 0.0079
MAFE 0.0141 0.0198 0.0245 0.0297 0.0462 0.075

VECM MSFE 0.0003 0.0006 0.001 0.0015 0.0035 0.0082
MAFE 0.0125 0.0187 0.0238 0.0294 0.048 0.0783

DKK

RW MSFE 0.0152 0.0325 0.0484 0.0726 0.1629 0.3648
MAFE 0.0912 0.1332 0.1694 0.2078 0.291 0.5219

VECM MSFE 0.0118 0.0298 0.0458 0.0701 0.1676 0.3799

MAFE

0.079 0.1265 0.1639 0.2032 0.2941 0.5243
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Forecast Errors from VECM and RW models (with 4:1 data split) (part 2)

EUR 1w 2w 3w Im 3m 6m

RwW MSFE 0.0002 0.0004 0.0006 0.0008 0.0019 0.0046
MAFE 0.0094 0.0136 0.0173 0.0214 0.0317 0.0578

VECM MSFE 0.0001 0.0003 0.0005 0.0008 0.0019 0.0046
MAFE 0.0082 0.0128 0.0167 0.0209 0.0321 0.0576

GBP

RwW MSFE 0.0001 0.0002 0.0003 0.0005 0.002 0.0055
MAFE 0.0077 0.0103 0.0114 0.0135 0.0271 0.0476

VECM MSFE 0.0001 0.0002 0.0003 0.0004 0.002 0.0056
MAFE 0.0069 0.01 0.0112 0.0132 0.0274 0.0487

JPY

RwW MSFE 3.2089 5.7658 9.4145 13.6662 46.2695 74.1551
MAFE 1.3366 1.8893 2.44 2.9674 5.602 6.7517

VECM MSFE 2.6099 5.1764 8.625 12.7676 45.5228 74.0214
MAFE 1.1938 1.7753 2.3401 2.865 5.5618 6.7502

NOK

RwW MSFE 0.0343 0.0556 0.0775 0.1159 0.532 1.203
MAFE 0.135 0.1665 0.1933 0.2428 0.5232 0.8647

VECM MSFE 0.0279 0.0548 0.0756 0.1134 0.5446 1.2578
MAFE 0.1221 0.1656 0.1905 0.2395 0.5251 0.8623

NZD

RwW MSFE 0.0023 0.0043 0.0065 0.0093 0.023 0.0614
MAFE 0.0335 0.0463 0.0563 0.0692 0.1134 0.1743

VECM MSFE 0.0018 0.0041 0.0062 0.0094 0.025 0.0675
MAFE 0.03 0.045 0.0555 0.0692 0.1177 0.1789

SEK

RW MSFE 0.0502 0.0981 0.145 0.2047 0.6185 1.7161
MAFE 0.1623 0.2196 0.2775 0.342 0.6006 1.0546

VECM MSFE 0.0392 0.0893 0.1379 0.1986 0.6111 1.6827
MAFE 0.143 0.209 0.2673 0.3345 05956 1.0313
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Table 3.12
Trading returns from VECMT and BAH strategies (with 4:1 data split) (part
1)

We reports the simulated trading returns from two stratefere. The first one is based
on the vector error correction model (VECM) prediction. Wy khe foreign currency if it
will appreciate or short if it will depreciate. We call thisategy as VECMT. The second
strategy is just buy and hold, sell it next period. We call AHBstrategy. This table we
have the in-sample data length as 4/5 of the total obsensatMFTR is the mean squared
forecast trading return and MCFD is the mean correct fotediasction. We have the
forecast horzion from 1 week to 6 month here. (AUD: Austra@ld\D : Canada DKK:
Danish Krone, EUR: Euro, GBP: British Pound, JPY: Japenesg MOK: Norwegian
Krone, NZD: New Zealand Dollar, SEK: Swedish Krona)

AUD 1w 2w 3w I1m 3m 6m
BAH MFTR 0.0003 0.0001 -0.0005 -0.0009 -0.0069 -0.0143
MCFD 0.5595 0.5684 0.5808 0.5702 0.6359 0.6998
VECMT MFTR 0.0097 0.0091 0.0099 0.0108 0.0119 0.017
MCFD 0.6661 0.6288 0.6128 0.6075 0.6323 0.7247

CAD

BAH MFTR -0.0008 -0.0016 -0.0029 -0.0047 -0.0186 -0.0258
MCFD 0.5022 0.5265 0.5221 0.5066 0.385 0.4115

VECMT MFTR 0.0071 0.0057 0.0046 0.0048 0.0046 0.0057
MCFD 0.646 0.5863 0.5442 0.5398 0.5553 0.5133

CHF

BAH MFTR 0.001 0.0013 0.0015 0.0023 0.009 0.022
MCFD 0.5106 0.4982 0.5 0.5493 0.6303 0.6602

VECMT MFTR 0.0047 0.0052 0.0058 0.0048 -0.0005 -0.0041
MCFD 0.6338 0.6021 0.5775 0.5387 0.4243 0.3944

DKK

BAH MFTR -0.0021 -0.0046 -0.007 -0.0104 -0.0265 -0.043
MCFD 0.4533 0.4014 0.4048 0.3668 0.4014 0.4118

VECMT MFTR 0.0078 0.0075 0.0085 0.007 0.0022 -0.0003
MCFD 0.6644 0.6298 0.6159 0.5606 0.5329 0.5433
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Table 3.13
Trading returns from VECMT and BAH strategies (with 4:1 data split) (part
2)
EUR 1w 2w 3w Im 3m 6m
BAH MFTR 0.0004 0.001 0.0009 0.0009 0.002 0.0063
MCFD 0.5357 0515 0.5132 0.5376 0.6504 0.6842
VECMT MFTR 0.0055 0.0063 0.0072 0.0065 0.0039 0.0082
MCFD 0.6429 0.6165 0.6165 0.5677 0.4718 0.5
GBP
BAH MFTR -0.0019 -0.0038 -0.0061 -0.0087 -0.0269 -0.048
MCFD 0.4843 0.4498 0.4679 0.4761 0.5025 0.4596
VECMT MFTR 0.0056 0.0043 0.004 0.0049 -0.0026 -0.0049
MCFD 0.6474 05783 0.575 0.5848 0.5272 0.5041
JPY
BAH MFTR 0.0018 0.0036 0.0055 0.0075 0.0213 0.048
MCFD 0.4917 0.5414 0.5315 0.5199 0.6192 0.6805
VECMT MFTR 0.005 0.0053 0.0057 0.0061 0.0045 0.0041
MCFD 0.6209 0.5861 0.5629 0.5596 0.5166 0.5116
NOK
BAH MFTR -0.0034 -0.0066 -0.0097 -0.0133 -0.0369 -0.0787
MCFD 0.4968 0.4351 0.4091 0.4383 0.4578 0.4351
VECMT MFTR 0.01 0.0074 0.0073 0.0084 0.0071 -0.0025
MCFD 0.6656 0.5779 0.5974 0.5779 0.5584 0.5844
NzZD
BAH MFTR -0.0016 -0.0034 -0.0055 -0.0082 -0.0271 -0.0478
MCFD 0.5019 0.4732 0.4655 0.4291 0.4176 0.477
VECMT MFTR 0.0097 0.0086 0.0099 0.0083 -0.0031 -0.0199
MCFD 0.6552 0.5862 0.5709 0.5517 0.4923 0.5249
SEK
BAH MFTR -0.0035 -0.0064 -0.0097 -0.0146 -0.047 -0.0844
MCFD 0.4545 0.4513 0.3961 0.3831 0.3052 0.4026
VECMT MFTR 0.01 0.0106 0.0109 0.0128 0.0154 0.0311
MCFD 0.6429 0.6071 0.6104 0.5942 0.5714 0.6558
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Figure 3.1: Average profit by two trading strategy

We buy or short by our VECM prediction, comparing with the glenbuy and
hold strategy. This graph shows the averaged profit of thvesetrategy in the
2:1 data split. The red bars are the profit from VECMT, and tlne bars are

BAH average profit.
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