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1. Introduction

Since the seminal work of Meese and Rogoff (1983), it is well known that standard macroeco-
nomic models of exchange rate determination have difficulties in producing ‘significantly’ better forecasts
than a simple random walk model. This finding is known as the ‘Meese and Rogoff Puzzle’ in the ex-
change rate literature. Although there exists considerable disagreement about exchange rate predictability
in the literature (see Rossi, 2013 for a discussion), empirical evidence seems to suggest that tradi-
tional economic predictors, such as interest rate, price and monetary differentials have rather weak
predictive ability, especially when used in linear forecasting models and when considering short fore-
cast horizons. Rossi (2013) documents that the predictive ability of fundamental variables varies
noticeably across currency pairs, the type of models that are used, and over the various sample periods
that are considered in the literature.

In this study, we take an entirely different modelling approach to the mainstream exchange rate
forecasting literature. First, we construct an empirical heterogeneous agent model consisting of fun-
damentalist and chartist agents to form a model combined exchange rate forecast. More specifically,
we use a simple model averaging approach to optimally weight the forecasts from two individual agent
types using a ‘combination regression’. Second, we use daily data to compute the agent specific fore-
casts. For chartist agents, a daily sampling frequency is the most natural one to adopt, as commonly
used technical indicators such as moving average, momentum and relative strength index rules rely
on daily data. For fundamentalist agents, which construct their forecasts based on macroeconomic
information, we use daily financial variables as ‘proxy variables’ to obtain information about the state
of the macroeconomy as it is perceived by financial market participants. The financial proxy vari-
ables that we use are yield curve data, stock price data, and data related to risk aversion and global
trade activity. Third, we construct individual agent specific forecasts using the recently proposed Dynamic
Model Averaging (henceforth DMA) framework. The DMA framework is an extremely flexible mod-
elling approach, as it combines time varying parameters and model averaging into one unified framework.
Forecasting agents are known to switch and adapt their prediction models over time. In order to capture
this stylised fact, we employ an econometric methodology that is flexible enough to mimic this behaviour.

So far, the majority of studies in the exchange rate forecasting literature using standard macro-
economic fundamentals such as output, inflation rates, interest rates, etc., as predictors have relied
upon low frequency data measured at monthly or quarterly intervals."! There are two major weak-
nesses with using standard macroeconomic data for real time forecasts of exchange rates: (i) substantial
data revisions, and (ii) considerable release lags in the data. These make a ‘real time’ implementation
and evaluation of exchange rate forecasts infeasible. The advantage of using daily financial data as a
proxy for macroeconomic fundamentals is that we are able to avoid any ambiguities with respect to
the timing of data releases (or its real time availability) and the impact of data revisions on the results
of our study. The use of daily financial data provides a clear time stamp on what data were available
to the forecasting agent at the time the forecasts were constructed.

Our empirical heterogeneous agent model allows us to include various technical indicators in the
chartist predictor set in addition to macroeconomic fundamentals. The use of technical indicators as
predictor variables has received considerably less attention in the recent empirical exchange rate mod-
elling literature, despite their well documented and widespread use among practitioners.? ‘Chartists’,
that is, agents that use technical indicators as trading signals, play also a crucial role in the theoret-
ical finance literature on non-linear (dynamic) heterogeneous agent models (see, for instance, the classic

1 See, for instance, Meese and Rogoff (1983), Mark (1995), Cheung et al. (2003), Wright (2008) for a few classic studies, and
more recently, Della Corte et al. (2009), Della Corte and Tsiakas (2012), Della Corte et al. (2012), and Li et al. (2015) (see also
Rossi, 2013 for an up-to-date major review of the exchange rate modelling literature). Notable exceptions to this mainstream
literature are the studies by Rime et al. (2010), Della Corte et al. (2011) and Menkhoff et al. (2013).

2 See, for instance, Allen and Taylor (1990), Taylor and Allen (1992), Menkhoff (1998), and Lui and Mole (1999) among many
others.
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papers by Brock and Hommes, 1997, 1998 and also more recently by De Grauwe and Grimaldi, 2005,
2006). Moreover, using a model combination approach to average the individual agent specific pre-
dictions has two advantages over simply combining the fundamentalist and chartist regressors into
one large joint predictor set. First, it substantially reduces the computational burden of the construc-
tion of the DMA forecasts, which requires the computation of all possible (linear) model combinations
at each point in time. Second, it allows us to provide insights about the time varying ‘importance’ of
each agent’s forecast in the model combined predictions.

We use daily data for six of the most frequently traded currencies to assess the out-of-sample fore-
cast performance of our proposed empirical heterogeneous agent model. Covering an out-of-sample
evaluation period from November 2001 to June 2014, we show that forecasts from our heteroge-
neous agent model significantly outperform forecasts from a random walk benchmark model for all
6 currencies that we consider. More specifically, the Campbell and Thompson (2008) out-of-sample
R? values corresponding to daily one-step ahead forecasts can be as high as 1.41%, 1.07%, 0.99%, and
0.74% for the Swiss Franc, the Euro, the Pound and the Yen series, and are somewhat lower for the
Australian and Canadian Dollars at 0.29% and 0.24%. Additionally, standard statistical tests show that
these forecast improvements are significant at the 10% level for the Australian and Canadian Dollars,
and at the 1% level for the Euro, Yen, Pound and Swiss Franc. Some forecast gains remain statistically
significant for horizons up to three days ahead, with out-of-sample R? values as high as 0.34%.
Using a dynamic asset allocation strategy we show further that the forecasts from our combined het-
erogeneous agent model produce relevant ‘economic value’, yielding (annualized) out-of-sample Sharpe
ratios of up to 0.89 and performance fees in excess of 460 basis points relative to a random walk
benchmark.

Using various visualisation techniques, we show also that there are instabilities in the forecast per-
formance of the model combined forecasts over the out-of-sample period that we consider. This is
visible from the time series plots of the cumulative difference of the squared forecast errors, as well
as the cumulative portfolio wealth, both measured relative to a random walk model’s forecasts. First,
there is a consistent improvement in performance from the beginning of the out-of-sample period
to the time of the Lehman Brothers collapse in September 2008. Then, from September 2008 to about
February 2009, the predictive performance of the model combined heterogeneous agent forecasts in-
creased considerably. This result is evident for all currencies from the substantial upward movement
in the cumulative measures, and is contrary to the findings in Adrian et al. (2010), Molodtsova et al.
(2011), and Molodtsova and Papell (2012), who report a breakdown in predictive performance over
this period. Second, during this time period, the importance of the SP500 predictor variable in-
creased homogenously for all 6 currencies. This can be seen from the increased inclusion probabilities
of the SP500 predictor variable as well as the overall increase in the DMA combined coefficient esti-
mates. Third, there is a slowdown or breakdown in the model’s predictive performance after February
2009. Overall, there appears to be an increasing weight placed on the chartists in the agent com-
bined forecasts from February 2009 onwards.

The remainder of the paper is organized as follows. Section 2 describes the empirical heteroge-
neous agent model that we construct and the model combination approach that we adopt in the paper.
Section 3 describes in detail the fundamental and technical indicator data used by the two different
types of agents of interest. Section 4 presents the empirical out-of-sample forecast evaluation results,
together with a discussion and assessment of the economic value the model combined forecasts produce
to a dynamic mean variance investor. Section 5 concludes the paper with a summary and potential
future research topics.

2. Modelling approach

This section provides a detailed description of the modelling approach that we follow. We initial-
ly describe the econometric approach that we use to build the empirical heterogeneous agent model
and then provide a discussion of its links and similarities to the reduced form theoretical model of
De Grauwe and Grimaldi (2005). Lastly we describe the flexible econometric framework used to con-
struct the agent specific forecasts.
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2.1. Empirical model

We use a model combination (or averaging) approach to forecast the evolution of the exchange
rate. This is implemented by combining the out-of-sample forecasts from two different types
of agents which use two different sets of predictor variables to form their forecasts. The two
agent types are (i) fundamentalists and (ii) chartists. Fundamentalists use variables that provide
information about the ‘strength’ of the underlying macroeconomy to construct forecasts of
the exchange rate. Chartists, on the other hand, rely upon technical indicators (or trading rules)
which give an indication of momentum and trend following behaviour in exchange rates, as well as
oversold or overbought conditions. Our intention here is to mimic the empirical behaviour of heter-
ogeneous agents in foreign exchange markets by first constructing forecasts of each individual agent
type and then aggregating these two forecasts (optimally) by means of a Granger and Ramanathan
(1984) forecast combination regression. It is well known since the seminal work of Bates and
Granger (1969) that more accurate forecasts can be obtained by combining forecasts from several
models.

The model combined forecast from the two agents’ individual forecasts are constructed as follows.
Denote by Y. the variable to be predicted at time t + 1 (ie., for simplicity of exposition, we can just
think of a one-step ahead forecast here, but this is easily generalised to any forecast horizon h), and
let E.(y:+|F) and E.(y..1|/C) denote the forecasts constructed with our fundamentalists and chartists
agents’ information sets, respectively. The model combined (MC ) forecast is then obtained as a weighted
average of the fundamentalist and chartist predictions, that is:

E¢(Y1:1|MC) = (1— & )E (Y1 |F) + @O p B (Y| C), (1)

where @, is the fitted value from a constrained least squares regression of the form:

Ve =(1-0)E 1 (Ve |F) + 0B, (| C)+ v, (2)

with E,(y.|F) and E.(y,|C) being respectively the forecasts of y; using information up to time t -1,
for the two agents, and v; is an error term. Note here, that since we are using the time t estimate of
o to forecast Y., this effectively implies that we assume a random walk evolution for . Also, in
the empirical implementation of the forecast combination, we re-estimate @ for each new observa-
tion that becomes available using a rolling window scheme, so that a time-varying weight &, is used
in the forecast combination. Using a rolling window does not only give a more accurate representa-
tion of the real time forecasting behaviour of foreign exchange agents, but has the added benefit of
providing the time-varying weights of the optimally combined forecasts and therefore the ‘influence’
or ‘activity’ of the two agent types in the model.

2.2. Relation to theoretical heterogeneous agent literature

The model combined forecasts from our empirical heterogeneous agent specification defined in
(1) can be viewed as the reduced form model of the theoretical heterogeneous agent models used
widely in the behavioural finance literature (see Brock and Hommes, 1997, 1998). For instance, in the
model of De Grauwe and Grimaldi (2005), the market expectation of the change in the exchange rate
is written as a weighted average of the expectations of chartist and fundamentalists, that is, using the
same notation as in De Grauwe and Grimaldi (2005), as (see equation 8 on page 696 and including
transaction costs):

Eft(Ast41)=
fundamentalist expectation T
B (AS1) = —1 6(S: =S (I8 — 8¢ < C) + 7t ﬂz A;AS; 3)
i=0

Ec,r(As1)=
chartist expectation
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where s; is the log of the exchange rate, s is its fundamental value, 1(-) is an indicator variable that is
equal to 1 when the statement 1 (s, —s{|<C) is true, E, denotes the expectation operator at time t,
ng and n. are, respectively, ‘profit functions’ of fundamentalist and chartist agents that are
normalised to add up to unity (see equations 4 and 5 on page 694 in De Grauwe and Grimaldi, 2005).
These ‘profit functions’ gauge the goodness of the individual fundamentalist and chartist forecasting
rules over time. From the relation in (3) it is evident that fundamentalists base their forecasts on de-
viations of the exchange rate from its fundamental value (ie., an ‘error correction mechanism’), while
chartists use a simple ‘positive feedback rule’ (or momentum); that is, they extrapolate past move-
ments of exchange rate changes into the future.

Comparing our empirical model combined forecasting rule in (1) to the one proposed by the the-
oretical model of De Grauwe and Grimaldi (2005) in (3) highlights the similarities between the two.
Both are constructed as weighted averages from the individual agents’ forecasts, with the combina-
tion weights being determined by a ‘goodness of performance’ measure. Nevertheless, since the forecasting
environment in real time is likely to be quite complex in the sense that financial market participants
tend to use a variety of fundamentalist and chartist prediction rules in practice, which are also likely
to change over time, we abstract from using a single fundamentalist and/or chartist predictor vari-
able when constructing the individual agent specific predictions and use a flexible dynamic model
averaging approach instead.

2.3. Constructing fundamentalist and chartist forecasts

In order to construct the model combined forecast from the two different agent types in (1), indi-
vidual fundamentalist and chartist forecasts, that is, E¢(¥:1|F) and E.(..1|C), are needed. To be able
to mimic the individual forecasts from our two agents as accurately and as flexibly as possible, we
use the recently proposed Dynamic Model Averaging (DMA) framework. What makes the DMA frame-
work particularly appealing in the given context is its combination of time varying parameters and
model averaging into one unifying framework, therefore mimicking the behaviour of agent learning
and updating over time. We briefly describe the DMA framework in a generic setting without refer-
ence to a specific agent type and provide a more detailed description in the Appendix.

The equations of the DMA framework are:

Ve =X B +ufly (4a)

B =B + €1, (4b)

where m=1, ..., M denotes the model index, ¥..; is the variable of interest and x{™ is a set of pre-
dictors included in model m. The disturbance terms u{™) and &{™ in (4) are jointly Multivariate Normal
(MN) distributed and are mutually and serially uncorrelated, with variance and covariance H™ and

m To avoid having to estimate H™ and Q{™, H™ is modelled as an exponentially weighted
moving average (EWMA) and Q{}} is approximated by (A -1)P{”, with 4€[0,1] acting as a ‘forget-
ting factor’ (see Raftery et al., 2010 and the Kalman Filter recursions in the Appendix for further
details).

The relations in (4) show that, for each model m, we have a time-varying parameter representa-
tion for y..:. Model averaging in the DMA framework is achieved by weighting the model specific
forecasts E,(y™) by their respective predictive model probabilities which we denote by nﬁT]‘)t This
quantity is computed as:

( (m) £(
(m) nf\‘tm) with o™ — ”t\tm—lme)(yt‘It—l)
) e

Tt =M =SSM o o .
ZH ”;Tf(j) ijlﬂg\jt)—lfl\(lj)(yt |Ze4)

(5)

The term f{™(y,|Z,;) in (5) is the predictive density of y, given model m and information up to
time t-1, and a<[0,1] is a ‘model probability’ forgetting factor.
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3. Data

In our empirical analysis, we use spot rates of the 6 most frequently traded currency pairs.> We
follow standard convention in the exchange rate literature and take the US Dollar to be the home cur-
rency, so that all foreign currencies are priced in US Dollars, ie., as the US Dollar price of 1 foreign
currency unit. The 6 foreign currency spot rates (denoted by S;) are: the Euro (EUR), the Japanese Yen
(JPY), the British Pound (GBP), the Australian Dollar (AUD), the Canadian Dollar (CAD) and the Swiss
Franc (CHF). All exchange rate data were obtained from Bloomberg. Note that we use the 5:00 pm
snap New York time as our ‘closing’ price for the exchange rates to avoid any ambiguities related to
what information was still available after the closing prices were recorded.” Our full data set consists
of 4041 daily observations from the 4th of January 1999 to the 30th of June 2014. We use a 5 day
working week in our analysis. Any missing data points due to, for instance, public holiday closings,
are replaced by observations from the next previous available time period. This mimics the effective
information flow as it is perceived by forecasting agents. We do not use interpolation methods to main-
tain the ‘real time’ aspect of the forecasts. For Japan and Switzerland, yield curve data are only available
until 21st of October 2013.

We capture the influence of chartist and fundamentalist agent behaviour on exchange rates by using
two different sets of predictor variables: these are (i) ‘fundamental’ variables and (ii) ‘technical’ indi-
cators. Fundamental variables are predictors that come from standard macroeconomic models of
exchange rate determination, and include measures of aggregate output, inflation and interest rates.
Technical indicators are solely made up of the exchange rates’ own past values. Since we are primar-
ily interested in a ‘real time’ (high frequency) forecast construction and evaluation, we use daily financial
data as ‘proxy variables’ for fundamentals, instead of traditional (low frequency) macroeconomic vari-
ables. Our intention here is to provide as closely as possible a ‘real time’ forecast construction and
evaluation scenario, which is not possible when standard low frequency data observed at monthly
or quarterly intervals are used. Two major drawbacks when using monthly (or quarterly) macroeco-
nomic variables from aggregate accounting data are that these are released with a delay and are further
subject to (potentially substantial) revisions over time as new index construction methods become
available and are implemented.®

To avoid ambiguities with respect to data releases and revisions in our forecast evaluation, we ‘extract’
information about the state of the macroeconomy from financial data, using information contained
in the yield curve, stock price indices, the VIX, the TED spread, gold prices, the Baltic Dry Index (simply
BDI henceforth), and the price of oil. Using financial data as a proxy for information related to mac-
roeconomic fundamentals has the benefit of providing a clear time stamp with regard to what
information was available to forecasting agents in real time (see also Harvey (1989) or Harvey (1993)
for examples of other studies that use financial data as proxies for macroeconomic variables). We use
simple returns in all our return calculations rather than log-returns. To conserve space, we describe
the construction of all indicators, together with summary statistics of all data used in the paper in
detail in the Appendix.

3 See page 11 in BIS (2013), which gives a list of the most heavily traded currency pairs by turnover. All data that we use are
available from: www.danielbuncic.com/data/fx3data.zip.

4 We use the PX_LAST entry under the Bloomberg heading, where the price data were set manually to the New York ex-
change values. This is important to point out, as frequently the default setting in Bloomberg is the London close. When daily
data are used, there will evidently be an overlap with the information flow generated in the US and captured by the move-
ments in the SP500, which will then carry over into the next days’ closing price in London. Using the 5:00 pm snap New York
time thus ensures that all markets have already closed on the day when the last price for the exchange rates is collected, so
that this is not an issue in our analysis.

5 Generally, data based on aggregate accounting measures are released in intervals as new information becomes available,
leading to initial, second and then final estimates. Final releases can, therefore, be up to 2-3 months after the quarter that the
data are officially recorded. For details on data revisions and a standard time line of initial, second and final releases of US GDP
figures, see Croushore and Stark (2001).
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3.1. Fundamental variables

We use three groups of financial variables as fundamental proxies to obtain information about the
state of the economy - or at least as it is perceived or expected by financial market participants. These
groups are: (i) yield curve data, (ii) stock price data, and (iii) data related to risk aversion and global
trade activity.® From the yield curve data, we construct ‘empirical’ level ( £), slope ( S) and curvature
(C) factors for each foreign country, relative to the US. These are collected in

XU = [(£95 — 1), (SUS - 81, (€Y - )], (6)

where i denotes the corresponding foreign country index. The stock (or equity) price based predictor
set is

XEQTi = [rtEQT,US' r[EQT,i]' (7)

Where rkerus and pEori denote the return on the SP500 and the ith foreign equity market. The risk
aversion and global trade activity predictor set is

XAV < [AVIX,, ATED,, 192, 182, 1o, (8)

where AVIX,, and ATED, are first differences of the CBOE Volatility Index and the TED spread, and 1/,
VI ={Gold, BDI, Oil} are gold, Baltic Dry Index and oil returns.

3.2. Technical variables

To enhance our ‘macroeconomic fundamentals’ information set, we construct various technical in-
dicators. Technical analysis is a widespread method employed by market participants to forecast largely
short term movements in asset prices (see also Sarno and Taylor, 2003 for more details on technical
trading rules and its use in foreign exchange markets). We follow the approach in Neely et al. (2014)
and construct various technical indicators to be used as predictors in our chartist model. These tech-
nical indicators are grouped into the following 3 blocks: (i) Moving Average indicators (IMA), (ii)
Momentum indicators (IMOM), and (iii) indicators based on the Relative Strength Index (RSI). The first
two indicators are the same as in Neely et al. (2014). We add the RSI indicator, as it is another widely
used technical indicator that measures the level of ‘overreaction’, that is, overbought or oversold con-
ditions, in asset prices.

4. Forecast construction and evaluation

We now describe in detail how the forecasts are constructed and how the evaluation is carried out.
Since we are primarily interested in the real time predictive performance of the model, we imple-
ment an out-of-sample forecast evaluation of the model. Also, before we outline in detail the statistical
criteria that we utilise to assess the performance of the model, and before the results of the forecast
evaluation are reported, we initially describe the prediction setting that we use in our evaluation.

4.1. Prediction setting
As outlined in Section 2, we implement an agent based model averaging/combination approach

to forecast the returns of our 6 exchange rates of interest. The agent based model combined predic-
tions (henceforth, simply MC predictions, which we denote by #f;) are computed as:

6 See the Appendix for a more elaborate motivation of using these groups of variables as fundamental predictors.
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f.t'fl(\;t =(1- (br)ftﬁm + cbtf}%‘[, (9)

where iy and 7Sy denote, respectively, the individual 1-step ahead forecasts constructed by fun-
damentalist and chartist agents at time t. The (fitted) weights @, in (9) are obtained by means of a
Granger and Ramanathan (1984) forecast combination regression of the form:

It =(1_wt)ftl\:t—1+wtftﬁ4+vt (10)

which, for estimation purposes, can be conveniently re-written in the equivalent form:
(rt—ﬁ'\:rq):wt(ft\ct-l—ﬁl\:t-l)"'vn (11)

where the weights @ are restricted to be in the [0, 1] interval.

Two features are evident from the specification of the model averaged predictions defined in (9)
and how the combination weights are obtained. First, the time t estimate of @ is used in the aver-
aged forecast construction in (9). This implies that the best forecast of the averaging weight @; one
period into the future is its time t estimate, that is, E,(w.,)= &,. The weights are thus assumed to evolve
as a random walk process. Second, individual return forecasts from the fundamentalist and chartist
agents are needed. We describe below in the next section how these are computed using the DMA
methodology that was outlined in Section 2.3.

4.1.1. Computing individual fundamentalist and chartist forecast

Let A={F,C} denote the agent type for which we construct the forecast, ie., a fundamentalist or
chartist agent. Following the general description of the DMA framework in Section 2.3, the return fore-
cast of agent A is computed as:

M A
e = fo(m)ﬂ!ﬁ(m)ﬂfﬁﬂ”- (12)
m=1

where the fundamentalist and chartist predictor sets are

XE =[1, XI5, XEQT, XRISKACTV]  ap ]
x¢ =[1, 1, IMAP®, IMOM{*%, RSI¥],

respectively.” The sequence ﬁ,"‘f”') are the time ¢ filtered estimates of ™, which are obtained by stan-

dard Kalman Filter recursions (see again the Appendix for details). The last term in (12) are forecasts
of the model probabilities as defined in (5). The smoothing term in the EWMA specification of gm
in (4) is fixed at 0.94. The « and A parameters are ‘calibrated’ at 0.99 and 0.999, respectively.?

7 The 200, 130 and 14 superscripts on the technical indicators denote the number of trading days they are formed over (see
the Appendix for further details). In xf and x¢, the intercept term is denoted by 1, and the exchange rate return r;in x¢ allows
for the possibility of AR type dynamics in the returns. Also, it should be clear that there is only very weak evidence of any
autocorrelation in the return series from the summary statistics that we report in the Appendix. Nevertheless, these summary
statistics are an unconditional measure computed over the full sample period. There may exist times when an increase in the
autocorrelation of returns (in absolute terms) occurs. To allow for this possibility, we include a one period lagged exchange
rate return in the chartist predictor set. This formulation is also in line with the dynamics specified in De Grauwe and Grimaldi
(2005) for chartist agents (see their equation 3 on page 694).

8 Exact details on how this calibration was performed are provided in the Appendix. Also, to implement the Kalman Filter,
we need to specify initial values. We follow Koop and Korobilis (2012) and use a diffuse prior for E(g‘gm‘ ~MN(O,,. 1001, ), where
0y, is a (Ki x 1) dimensional vector of zeros and I, is (Km x Kn) dimensional identity matrix. The model updating prob-

m) _

abilities for agent type A are initialised with an uninformative prior n{,‘u —ﬁ, so that all models are assumed to be equally
likely.
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4.1.2. Fitting and evaluation periods

Our entire available data set consists of T=4039 (T=3860) observations, covering the period from
January 4, 1999 to June 30, 2014 for the EUR, GBP, AUD and CAD, and for JPY and CHF from January 4,
1999 to October 22, 2013. Since we are primarily interested in an out-of-sample forecast evaluation
of the combined or model averaged predictions from the two different forecasting agents, we effec-
tively require two in-sample or fitting periods. That is, we need one calibration/initialisation period to
obtain the agent specific forecasts, fiy and 7Sy, and another calibration period for the combination
weights @, in (9) to be determined. We use the first 500 observations (from January 6, 1999 to De-
cember 5, 2000) as the in-sample period to calibrate the A and « parameters, which in our Kalman
Filter setting also serves as a burn-in period to minimise the influence of the initial values (or priors)
on the filtered state vector ﬁr\w We then take the next 252 observations from December 6, 2000 to
November 22, 2001 - which corresponds to a one year time horizon - to get our estimate @, needed
to compute our first model averaged out-of-sample forecast for November 23, 2001. We then roll through
the rest of the out-of-sample data to update & using a fixed window size of 252 observations and
produce (recursively updated) one-step ahead forecasts of the returns. The effective out-of-sample period
thus spans from November 23, 2001 to June 30, 2014 (to October 22, 2013 for JPY and CHF), yielding
3287 (respectively 3102) evaluation points.

4.2. Evaluation criteria

We assess the out-of-sample forecast performance of the proposed agent based averaging frame-
work by following the recent literature on forecasting the equity premium. That is, we follow the approach
of Rapach et al. (2013), Neely et al. (2014) and others and evaluate the forecasts in terms of the Campbell
and Thompson (2008) out-of-sample R? (denoted by R3 henceforth) and the Clark and West (2007)
Mean Squared Forecast Error (MSFE) adjusted t-statistic. In all our out-of-sample forecast evalua-
tions, we use the forecasts from a driftless random walk (RW) as the benchmark in the statistical tests.

The Campbell and Thompson (2008) RZ is computed as:

MSFE e,

R =1- " 2we),
MSFE gy,

(13)

1 Ao(s s A
where MSFE, = T—ZLT &%) and €y =(fa ~fily) the (one-step ahead) forecast errors from model ¢,
L Ty

where ¢={RW,MC,F,C}.° The Clark and West (2007) MSFE adjusted t-statistic is (denoted by CW-
statistic henceforth) is computed as:

. ow
CW —statistic = ———= (14)
Var(cw)
where ew =T S cwy, W = 750" - 825 - [F8) - PF and Var(cw) are the variance of the sample
mean. We also compute and plot the cumulative difference of the squared forecast errors (denoted
by cumSFE) of the RW and MC forecasts over the out-of-sample period.'°

9 The terms T, and T; denote, respectively, the number of out-of-sample and in-sample observations, so that Ts+T,s =T,
with T being the full sample size.

e+t

10 N . L
In our setting, this difference is computed as: cumSFE,,; = ZIT:T (e[{‘{“}"’ ) —eZ‘MC‘) . A value of cumSFE above zero indicates that

the model combined forecasts are more accurate. In general, a rising value in cumSFE means that the MC forecasts produce
better predictions than the RW benchmark.
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4.3. Forecast evaluation results

In this section, we provide a detailed statistical as well as economic analysis of the forecasts per-
formance of our model. For readability, we break this section into 5 subsections, separately discussing
the statistical evaluation results, the time varying evolution of the agent weight function, what is driving
the predictability results, and a statistical evaluation over three sub-periods to measure the perfor-
mance before, during and after the financial crisis. Lastly, we discuss the economic significance of our
statistical results.

4.3.1. Statistical forecast evaluation

In Table 1 we present the one-step ahead out-of-sample forecast evaluation results for the period
from November 23, 2001 to June 30, 2014 (to October 22, 2013 for JPY and CHF). The first column in
Table 1 shows the models that are fitted, the second column shows the mean squared forecast errors
(MSFEs), the third column the MSFEs relative to the RW benchmark, the fourth column the Campbell
and Thompson (2008) R (in percent) as defined in (13), and the fifth and sixth columns display the

Table 1

One-step-ahead out-of-sample forecast evaluation results.
Model MSFE Relative-MSFE RZ(%) CW-statistic p-Value
EUR
Random walk (RW) 0.3839 - - - -
Chartist (C) 0.3847 1.0021 -0.2102 -0.1293 0.5514
Fundamentalist (F) 0.3805 0.9911 0.8908 3.5743 0.0002
Model combined (MC) 0.3796 0.9888 11231 3.6361 0.0001
JPY
Random walk (RW) 0.4249 - - - -
Chartist (C) 0.4257 1.0019 -0.1898 -0.3047 0.6197
Fundamentalist (F) 0.4211 0.9910 0.8990 3.6487 0.0001
Model combined (MC) 0.4217 0.9925 0.7504 3.2288 0.0006
GBP
Random walk (RW) 0.3239 - - - -
Chartist (C) 0.3244 1.0016 -0.1565 -0.2143 0.5848
Fundamentalist (F) 0.3213 0.9920 0.8041 3.2922 0.0005
Model combined (MC) 0.3209 0.9907 0.9321 3.3830 0.0004
AUD
Random walk (RW) 0.7241 - - - -
Chartist (C) 0.7244 1.0004 -0.0410 0.5078 0.3058
Fundamentalist (F) 0.7249 1.0012 -0.1176 1.2770 0.1008
Model combined (MC) 0.7221 0.9972 0.2777 1.5899 0.0559
CAD
Random walk (RW) 0.3662 - - - -
Chartist (C) 0.3676 1.0037 -0.3713 -1.6913 0.9546
Fundamentalist (F) 0.3654 0.9977 0.2347 1.6412 0.0504
Model combined (MC) 0.3655 0.9979 02115 1.3848 0.0831
CHF
Random walk (RW) 0.4962 - - - -
Chartist (C) 0.4978 1.0031 -0.3097 -0.6766 0.7507
Fundamentalist (F) 0.4902 0.9878 1.2157 4.1641 0.0000
Model combined (MC) 0.4897 0.9868 1.3209 4.0895 0.0000

Notes: This table reports the one-step ahead out-of-sample forecast evaluation results for the
6 exchange rates of interest. In column 1, the various models that are considered in the evaluation
are listed. Columns 2 and 3 show the mean squared forecast errors (MSFE) and Relative-MSFEs
corresponding to the various models, where the Relative-MSFE is computed by taking the values from
column 2 and deflating them by each exchange rate’s respective MSFE gy, - In column 4 we report the
Campbell and Thompson (2008) out-of-sample R? (denoted by R%) which is computed as
1-MSFE,)/MSFEw), V1 ={C,F,MC} . The Clark and West (2007) CW-statistic and its corresponding
p-value are given in columns 6 and 7. The out-of-sample evaluation period is from November 23, 2001
to June 30, 2014 for all currencies, except for the JPY and CHF series, where the sample ends already in
October 22, 2013.
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Clark and West (2007) CW-statistic and its corresponding one-sided p-value. Note that the forecasts
that are listed here are from the benchmark RW model, the individual chartist and fundamentalist
forecasts, as well as the model combined forecasts, where the ‘averaging’ weights were obtained from
the Granger and Ramanathan (1984) combination regressions in (11).

We can initially notice from the results in Table 1 that chartist forecasts as a whole seem to perform
rather poorly when compared to fundamentalist and RW forecasts. This is evident from chartist fore-
casts producing the largest MSFEs. It is further evident that fundamentalist forecasts generate lower
MSFEs than the benchmark RW model, producing out-of-sample R? values that are positive and as
high as 1.22% for the Swiss Franc, with the Australian Dollar being the only currency with a negative
RZ of -0.18%. From the magnitude of the CW-statistics and their p-values, one can see that improve-
ments in forecast accuracy of the fundamentalist forecasts are statistically significant at the 1% level
for the Euro, the Yen, the Pound, and the Swiss Franc and borderline insignificant at the 5% and 10%
levels for the Canadian and Australian Dollars, respectively.

Although the above reported out-of-sample R? may appear small in magnitude and thus unim-
portant, we should highlight here that even seemingly low R2 values can be economically sizeable.
In a broader context, one should expect to see only a very small predictive component in exchange
rate returns, if foreign exchange markets are believed to be efficient. Also, our RZ are computed at
the daily frequency. To put this magnitude into perspective, in the equity premium forecasting liter-
ature, Campbell and Thompson (2008), and more recently Neely et al. (2014), have shown that RZ
values as low as 0.5% computed on monthly data produce economically meaningful predictive results
in the sense that ‘large’ gains in portfolio performance can be obtained which an investor would be
willing to pay for. Similarly, in the exchange rate forecasting literature, Della Corte and Tsiakas (2012)
and Li et al. (2015) have shown that modest improvements in the out-of-sample R? relative to a bench-
mark random walk model can generate annual performance fees in the order of magnitude of more
than 4% per year for a risk-averse investor. We return more formally to answer the question of eco-
nomic significance of the model combined forecast improvements over the random walk ones in detail
in Section 4.3.5.

Looking over the model combined forecast results shown in the last row of each currency group-
ing in Table 1, we see that, with the exception of the JPY series, all other currency returns benefit from
the performance based weighting of the two agent’s predictions in the construction of the combined
forecasts. The magnitude of this gain can be seen from the higher RZ values for the EUR, GBP, AUD,
CAD and CHF series. For these 5 series, the biggest forecast gain in terms of a higher R% is obtained
for the Australian Dollar, which increased by approximately 0.36 percentage points and the lowest
for the Canadian Dollar, which only improved by about 0.01 percentage points. Note here also that,
although chartist forecasts are inferior to fundamentalist forecasts when averaged over the full out-
of-sample period, there do exist instances where chartist predictions perform better than forecasts
based solely on fundamental predictor variables. It is exactly this feature of the MC forecasts that leads
to an overall improvement when averaging over the two individual agent based predictions.

To gain a better understanding of the positive (statistical) forecast evaluation results that we obtain,
we examine the evolution of the cumulative difference of the MSFEs of the model combined fore-
casts (relative to the RW benchmark) over time. This cumSFE series is plotted in Fig. 1 for the 6 currencies
of interest. Note here that, because of the shorter out-of-sample evaluation period for the Yen and
the Franc, the cumSFE series ends already on October 22, 2013 for these two currencies. Neverthe-
less, for reasons of comparability with respect to date entries in the figures that we show, we have
plotted all series up to June 30, 2014 and set a common y-axis scale over the interval [-5, 35]. As a
reminder, the cumSFE series is defined such that an increasing value indicates an improvement in the
MC predictions relative to the RW benchmark; that is, the RW benchmark produces larger one-step
ahead forecast errors.

Looking over the cumSFE series plotted in Fig. 1, one can notice the following 4 visually striking
features from these plots. First, the cumSFE; is (nearly) uniformly above zero for all currencies over
the whole out-of-sample evaluation period, except for the AUD series, where it is above zero only up
to June 2010, dropping below 0 thereafter. Second, the cumSFE series is (nearly) monotonically in-
creasing for all series up to the September 2008 period, ie., around the time of the Lehman Brothers
collapse. Third, the effect of the Lehman Brothers collapse has a strong impact on the predictability



324

D. Buncic, G.D. Piras/Journal of International Money and Finance 60 (2016) 313-359

EUR JPY

35 35

30 30

25 25

20 20

15 15

10 10

5 5

0 0

5 -5

SSNNSn32355588S05888828SSCRNRNNN0nTY  CNONSS333855888558888880 -0 n

P R®E > EEE 8555 APE RSO EEEE AP RS 28D R XY > ECEELCSESZEEEAYESSDEDEE R ALY RS 2ED

SEEAEREEER AR FE 5853578 EE88E SR A SRR 0 A RERR5855 EEEREEERE
GBP AUD

35 35

30 30

25 25

20 20

15 15

10 10

5 5

! ! ~—__

75HNNNmm«ggmmma@@nhwwwmmmoooﬁﬁﬂwmmmm«« 75HNNNmm««gmmmc@@l\l\mwmmmmooc—ﬁﬂz\lmmmmww

SoNNOnI33585S8Sb5B8BB28SSSRNRNNNRNTY  CNONQ0333855888508888880 -0 0B0a2

EE XY S ELSEZEEEAYPEDSDEDEERAPERES 20D S rE®Y S ELSEZEEEAYPEDSDEDEE R AP RS 2ER S

2EEAERESSR5 R RERR 85 RIAFFE8EE  FEE AR RSB R RS0 RFAFFEESEE
CAD CHF

35 35

30 30

25 25

20 20

15 15

10 10

5 5

0 0

75—‘NNNmmﬂ‘wgmm\n@\o\ol\l\wwmmmmoccv—‘v—'HNNmmmwd 75—<NNNmmv‘wgmmmc\c\sl\l\wwmmmmoosv—v—'HNNmmmvd

SSNNSnZ3I555SSSbLBSE828CSSNRRNNNGNSY COONQ0333855ESSSbLE85888552000030g2

E R XY S ELSEZEEEAPEDRLEDEE R APE RS R0 S rE®Y rEESEL S EEEAPEDSLEDEEE AP e bR S

2EZREREECR5 5 R RERREE5RERIAFFER8EE  FRE AR RSB RS E85REREARREESEE

Fig. 1. Time series evolution of the cumulative sum of squared forecast errors ( cumSFE, ) of the model combined forecasts
(relative to the RW model) over the out-of-sample period from November 23, 2001 to June 30, 2014 (October 22, 2013 for the
CHF and JPY series). Note that we plot all series up to June 30, 2014 so that the dates on the x-axis can be compared easily.

results for all 6 currencies.!' From September 2008 until approximately February 2009, the predict-
ability in all 6 series (relative to the RW) experienced a huge boost. This effect is most evident for the
Australian Dollar and the Swiss Franc, and least so for the Canadian Dollar. Fourth, since the Lehman
Brothers collapse in September 2008, it has become more difficult to outperform the benchmark random
walk predictions. This conclusion can be reached from the overall downward ‘trend’ that is visible in
the cumSFE series from approximately February 2009 until the end of the sample period in June 2014

(October 2013).

The single most peculiar visual result of the cumSFE series is for the Australian Dollar, where the
forecast accuracy of the model combined predictions initially improves dramatically, with the cumSFE
increasing from a value of approximately 19 on October 9, 2008 to nearly 28 on October 10, 2008,
then dropping back to 19 on October 13, and decreasing rapidly thereafter. By October 21, 2008, the

1A similar result is found in Buncic and Moretto (2015) in a copper forecast evaluation and also in Buncic and Gisler (2015)

in a volatility forecasting setting.
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cumSFE had dropped below 6. For the Euro and the Canadian Dollar, similar but less accentuated swings
in the cumSFE are visible. For the Euro, the cumSFE increased from a value of around 12 on Septem-
ber 9, 2008 to nearly 20 by October 6, 2008, dropping back to just below 13 on November 21, 2008,
and rising up to 21 by December 19, 2008, before gradually dropping, reaching a value of 15 by May
2009. For the Canadian dollar, although at an overall smaller cumSFE magnitude, also fairly abrupt
movements are visible. For instance, the cumSFE stood at about 5 on September 29, 2008, and then
doubled to over 10 by October 10, 2008. By February 2010, it had declined to a value of 2. The Yen,
Pound and Franc experienced more stable and seemingly permanent increases in predictability over
the September 2008 to May 2009 period. This is highlighted by the cumSFE series increasing from
values of around 6 to 14, 5 to 12, and 15 to 25, for the JPY, GBP and CHF, respectively over this time
span. All in all, it should be clear from the visual analysis that we presented here that around the time
of the Lehman Brothers collapse a substantial boost in exchange rate predictability was realised.'?

4.3.2. Time series evolution of the model combination weights

To learn about the influence of chartist agents, we show the time series evolution of the weight
function @, as defined in (9), in Fig. 2. @, is plotted as a red solid line in Fig. 2. We also create an
indicator variable that is equal to 1 if @ >0.5. This indicator variable is drawn as a grey shaded area
in Fig. 2. The time series evolution of the weight functions portray a number of interesting insights.
First, we can notice that the weight of chartists agents in the model combined forecasts varies con-
siderably between the 6 currencies of interest. The influence of chartist agents was rather low for the
first four years into the out-of-sample period for the EUR, the AUD and the CHF, with some episodes
of importance for GBP, CAD and JPY over the 2002 to 2003 period. However, from the mid to end of
2009 onwards, @, began to increase steadily. Recall that this period coincides with the strong rebound
in global equity prices that followed the bottom of the bear market in March 2009 and also the flow
on effects of the implementation of quantitative easing in late November 2008 in the US. This in-
crease in chartist weights is particularly noticeable for the EUR, the GBP and AUD series. For the Yen,
chartist agents did not bear any important effect on the forecasts until the beginning of March 2011,
while for the Canadian Dollar, the period following the bottom of the equity bear market in March
2009 to March 2011 was, apart from a short time interval from March 2010 to May 2010, largely driven
by chartist forecasts.

4.3.3. What is driving the predictability results

Given the positive forecast performance of the model combined forecasts, we now examine the
dynamic influence of the individual fundamentalist and chartist predictors over time. To do this, we
examine the dynamic evolution of two quantities of interest. The first one is the posterior inclusion
probability (PIP; for short) of the predictor variables. The second one is the weighted average of the
updated estimates of the latent state vector, which we denote by ﬁt“?M“). The (k x 1) dimensional PIP
vector at time t is computed as:

M
PIP; = ZnE‘T)ﬂ (X, e M=m), (15)

m=1

where 7z§"{” is the updated model probability and 1 (X, e M =m)is an indicator variable that is equal
to 1 if any of the regressors in x; are included in the mth model. Intuitively, the PIP is constructed by
simply summing over all updated model probabilities z{" that contain the ith predictor variable {xi:}
in its model set.

12 There are several papers that find some predictability of exchange rates before the financial crisis, with their results, nev-
ertheless, breaking down after 2008/2009 (see, for instance, Adrian et al., 2010, Molodtsova et al., 2011, and Molodtsova and
Papell, 2012, and references therein). Our improved predictability result over the crisis period is thus entirely new. These ex-
isting studies, nevertheless, use standard low frequency data, and thus face an entirely different conditioning set upon which
the forecasts are based.
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Fig. 2. Time series evolution of the predicted chartist weight (or influence) function @, over the out-of-sample forecasting
period from November 23, 2001 to June 30, 2014 (October 22, 2013 for the CHF and JPY series). The weight function is ob-
tained from a rolling window regression with fixed estimation window of 1 year (252 daily observations). That is, we get an
estimate of @ over the sample period from December 6, 2000 to November 22, 2001 and use this first estimate as the pre-
dicted weight for November 23, 2001 and then roll through the out-of-sample observations.

The weighted average of the time varying parameter estimates is obtained as:

A M A
BV = mi B L (X € M=m), (16)

m=1

where p(’") are again the time ¢ filtered estimates of B™ from the Kalman Filter recursions. Thus,
ﬂtﬂPMA is computed by averaging each model’s Btﬁl") estimate over the updated model probabilities

n,{{' at each point in time for those regressors that are included in the model, with the averaging
weight determined by nE{Z” These two quantities are plotted in Figs. 3-8 for all fundamentalist and
chartist predictor variables. .

Each plot in Figs. 3-8 shows the B coefficients marked by the blue solid line (left-axis scale)
and the PIP; drawn as the red solid line (right-axis scale) for all predictor variables over the entire
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scales in all 6 plots to be able to easily compare the magnitudes of the PIp, and ﬁt“?“’“" sequences across
the exchange rates. There are a number of interesting features visible from these figures, which can

axes scale) for the EUR series over the out-of-sample forecast evaluation period
be summarized as follows. First, the SP500 has a positive coefficient for all 6 exchange rates that we

well as the chartist predictor variables (plots 11 to 14), respectively. (For interpretation of the references to colour in this figure

legend, the reader is referred to the web version of this article.)
out-of-sample period from November 23, 2001 to June 30, 2014. We intentionally set the same axes

Fig. 3. Time series evolution of the (DMA) model averaged g, estimates (blue solid line, left-axes scale) and the posterior in-
from November 23, 2001 to June 30, 2014. The plots show the parameter estimates of all the fundamentalist (plots 1 to 10) as

clusion probabilities (PIPS) (red solid line, right-
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ig. 4. Time series evolution of the (DMA) model averaged p,, estimates (blue solid line, left-axes scale) and the posterior in-
clusion probabilities (PIPS) (red solid line, right-axes scale) for the JPY series over the out-of-sample forecast evaluation period

from November 23, 2001 to June 30, 2014. The plots show the parameter estimates of all the fundamentalist (plots 1 to 10) as
collapse across the 6 series, all indicate that the importance of the information contained in the SP500

well as the chartist predictor variables (plots 11 to 14), respectively. The fundamentalist based forecasts end on October 22,
2013 (due to the yield curve data). (For interpretation of the references to colour in this figure legend, the reader is referred to

the web version of this article.)
aged parameter estimates, but also in the posterior inclusion probabilities. Although there are some

consider. What is striking here is the mild upward trending evolution in not only the model aver-
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Fig. 5. Time series evolution of the (DMA) model averaged g, estimates (blue solid line, left-axes scale) and the posterior in-

clusion probabilities (PIPS) (red solid line, right-

axes scale) for the GBP series over the out-of-sample forecast evaluation period

well as the chartist predictor variables (plots 11 to 14), respectively. (For interpretation of the references to colour in this figure

legend, the reader is referred to the web version of this article.)
predictor variable increased substantially from September 2008 until about February 2009, dropping

back towards its ‘trend level’ thereafter. The PP, for the SP500 is equal to (or very close to 1) over this
period. This means that the best forecasting models, ie., the ones with the highest predictive proba-

from November 23, 2001 to June 30, 2014. The plots show the parameter estimates of all the fundamentalist (plots 1 to 10) as
bility, always include the SP500 as a predictor variable.
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ig. 6. Time series evolution of the (DMA) model averaged S estimates (blue solid line, left-axes scale) and the posterior in-
clusion probabilities (PIPS) (red solid line, right-axes scale) for the AUD series over the out-of-sample forecast evaluation period

from November 23, 2001 to June 30, 2014. The plots show the parameter estimates of all the fundamentalist (plots 1 to 10) as

well as the chartist predictor variables (plots 11 to 14), respectively. (For interpretation of the references to colour in this figure

legend, the reader is referred to the web version of this article.)

Second, the influence of the Gold, Oil and BDI series increased also somewhat during this period
for some of the currencies. What is rather surprising to see is that the influence of the VIX and the

TED spread is not as sizeable during the time of the Lehman Brothers collapse as reported in other
studies (ie., Brunnermeier et al., 2009). For instance, for the AUD series, the magnitude of the TED spread
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Fig. 7. Time series evolution of the (DMA) model averaged S estimates (blue solid line, left-axes scale) and the posterior in-

clusion probabilities (PIPS) (red solid line, right-axes scale) for the CAD series over the out-of-sample forecast evaluation period
from November 23, 2001 to June 30, 2014. The plots show the parameter estimates of all the fundamentalist (plots 1 to 10) as

well as the chartist predictor variables (plots 11 to 14), respectively. (For interpretation of the references to colour in this figure

legend, the reader is referred to the web version of this article.)

coefficient jumped up (increase in magnitude) around the August/September 2007 period, when first
signs of liquidity shortages were realised and interbank lending slowed down, while the magnitude

of the coefficient dropped towards zero in September 2008, suggesting a diminished impact. For the

Swiss Franc, on the other hand, the coefficient on the TED spread started to increase consistently from
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ig. 8. Time series evolution of the (DMA) model averaged S estimates (blue solid line, left-axes scale) and the posterior in-
clusion probabilities (PIPS) (red solid line, right-axes scale) for the CHF series over the out-of-sample forecast evaluation period

from November 23, 2001 to June 30, 2014. The plots show the parameter estimates of all the fundamentalist (plots 1 to 10) as

well as the chartist predictor variables (plots 11 to 14), respectively. The fundamentalist based forecasts end on October 22,
2013 (due to the yield curve data). (For interpretation of the references to colour in this figure legend, the reader is referred to

the web version of this article.)
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February 2010, then sharply from March 2011 until about September 2011 and did not start to de-
crease in magnitude until about August 2012. The VIX coefficient was largest (in absolute value) during
the September 2006 to September 2007 period.

Third, the magnitude of the inclusion probabilities for a number of the predictor variables appears
to be rather constant at values close to 50% for most of the out-of-sample evaluation period. This
indicates that these variables are included in half of the best performing models that are con-
structed, meaning that the weighting scheme used for each of the M =2* possible models is very close
to equal weighting, ie., ”E\T) = },. One needs to be careful here to not interpret this result as an indi-
cation of un-informativeness of the variables that are included in the predictor set. Even with an equally
weighted combination approach, the real benefit of model averaging is that it implies a certain type
of ‘shrinkage’ estimation (see the discussion on page 845 in Rapach et al., 2010 for a specific applica-
tion to forecasting the US equity premium or Elliott et al., 2013 for a broader discussion in the context
of complete subset regression)."”*> As with all shrinkage type estimators, the improvement in out-of-
sample forecast performance is achieved by finding an optimal trade-off between (squared) bias and
variance which define the MSFE. Thus, even predictor variables with posterior inclusion probabilities
of ‘only’ around 50% contribute to an overall lowering of the MSFE and thus an improvement in the
out-of-sample forecast performance.'*

Fourth, the information content in the chartist predictor variables is rather heterogeneous over the
6 currencies. For instance, the RSI(14) indicator is sizeable for the Australian and Canadian Dollars,
but less informative for the other 4 currencies, showing a mild increase in magnitude for the JPY and
GBP series over the January 2012 to July 2012 period. The momentum indicator is important for the
EUR and AUD series at the beginning of the out-of-sample period, while the moving average indica-
tor increases in absolute importance during the September 2008 to January 2009 period for the Japanese
Yen. The one period lagged exchange rate return has a sizeable negative coefficient from November
2003 to September 2008 for the AUD series and from February 2011 to about January 2013 for the
Canadian Dollar, capturing a conditional feedback effect, ie., a reversal given an appreciation (or dep-
recation) of the currency.

4.3.4. Forecast performance over sub-periods

From the time series plots of the cumSFE series shown in Fig. 1, it is clear that there are substan-
tial differences in the forecast performance of the model combined forecasts over time. To understand
how these visual differences translate into statistical differences, we re-examine the statistical fore-
cast evaluation results over three separate sub-periods. These are as follows: (1) from November 23,
2001 to September 1, 2008, which we call the pre Lehman Brothers collapse period; (2) from Sep-
tember 2, 2008 to March 1, 2009, which we consider as the period shortly before and following the
Lehman Brothers collapse; and (3) from March 2, 2009 to June 30, 2014 (October 22, 2013 for the Jap-
anese Yen and the Swiss Franc), which is our post Lehman Brothers collapse period. These results are
reported in Table 2. Table 2 is organized in 3 blocks, with each block corresponding to one sub-
period. Under the heading MSFE/rel. in the first column of each block we show the MSFE for the random
walk model’s predictions in the ‘Random Walk (RW) row and the remaining 3 row entries are rela-
tive MSFEs of the chartist, fundamentalist and model combined forecasts, respectively, with the MSFE

13 Note here also that equally weighted forecast combinations are often found to outperform more complicated weighting
schemes in practice (see Smith and Wallis, 2009 and Claeskens et al., 2015 for recent discussion of this), particularly in smaller
sample sizes, due to estimation errors of the combination weight. In a somewhat different forecasting context, Koop and Korobilis
(2013, p. 190) also obtain model probabilities that largely remain in the 0.3 and 0.5 interval.

14 We should also add here that the whole point of model averaging (or combination), as emphasised recently by Rapach
et al. (2010), is that one wants to approximate the often complex data generating process for asset prices by a combination of
models, each of which may be informative for prediction at some point in time, but not consistently so over the full data period
that one is analysing. Moreover, as recently shown analytically by Huang and Lee (2010), even in the perfect setup of exoge-
nous regressors and a stable data generating process (or forecasting environment), combination forecasts can outperform forecasts
from the full regressor (or the ‘kitchen-sink’) model, in finite samples.



Table 2

Out-of-sample forecast evaluation over three sup-periods.
Model MSFE/rel. R%(%) CW-stat. p-Value MSFE/rel. R%(%) CW-stat. p-Value MSFE/rel. R%(%) CW-stat. p-Value
Sub-sample period 23.09.2001-01.09.2008 ( T,, =1767 ) 02.09.2008-01.03.2009 ( T, =130) 02.03.2009-30.06.2014 ( T,; =1390)
EUR
Random walk (RW) 0.3171 1.3690 0.3779
Chartist (C) 1.0048 -0.4761 -0.5839 0.7204 0.9976 0.2442 1.3573 0.0873 0.9999 0.0061 0.5710 0.2840
Fundamentalist (F) 0.9821 1.7908 5.4496 0.0000 0.9655 3.4533 1.9077 0.0282 1.0041 -0.4124 -0.2884 0.6135
Model combined (MC) 0.9807 1.9294 5.5682 0.0000 0.9621 3.7906 1.9967 0.0229 1.0126 -1.2587 -1.0379 0.8503
JPY
Random walk (RW) 0.3391 1.6746 0.4199
Chartist (C) 0.9995 0.0535 0.9375 0.1742 1.0105 -1.0458 -1.1412 0.8731 1.0010 -0.1009 0.0317 0.4874
Fundamentalist (F) 0.9943 0.5697 3.0784 0.0010 0.9795 2.0507 1.7346 0.0414 0.9983 01717 1.3064 0.0957
Model combined (MC) 0.9933 0.6684 3.5747 0.0002 0.9712 2.8814 1.9344 0.0265 0.9981 0.1873 1.5025 0.0665
GBP
Random walk (RW) 0.2515 1.6475 0.2922
Chartist (C) 1.0004 -0.0425 0.7270 0.2336 1.0078 -0.7781 -1.7781 0.9623 0.9993 0.0689 0.7992 0.2121
Fundamentalist (F) 0.9929 0.7060 3.3732 0.0004 0.9669 3.3109 2.3816 0.0086 1.0021 -0.2114 0.6713 0.2510
Model combined (MC) 0.9921 0.7920 3.6527 0.0001 0.9578 4.2240 2.5248 0.0058 1.0113 -1.1258 -0.5986 0.7253
CAD
Random walk (RW) 0.2698 1.7956 03611
Chartist (C) 1.0051 -0.5060 -1.3407 0.9100 0.9959 0.4128 1.8840 0.0298 1.0060 -0.6022 -2.0204 0.9783
Fundamentalist (F) 0.9912 0.8796 3.4587 0.0003 0.9953 0.4679 0.6198 0.2677 1.0044 -0.4376 -0.4502 0.6737
Model combined (MC) 0.9902 0.9775 3.7107 0.0001 0.9923 0.7706 0.8274 0.2040 1.0075 -0.7502 -0.5325 0.7028
CHF
Random walk (RW) 0.4089 1.2511 0.5461
Chartist (C) 1.0058 -0.5758 -1.3631 0.9136 0.9956 0.4375 0.9772 0.1642 1.0016 -0.1646 -0.0535 0.5213
Fundamentalist (F) 0.9831 1.6897 5.2492 0.0000 0.9203 7.9687 2.6115 0.0045 1.0082 -0.8244 -0.6014 0.7262
Model combined (MC) 0.9817 1.8284 5.5134 0.0000 0.9186 8.1359 2.6232 0.0044 1.0127 -1.2690 -0.8340 0.7978
AUD
Random walk (RW) 0.4440 5.5462 0.6353
Chartist (C) 1.0031 -0.3055 -0.2791 0.6099 0.9990 0.1006 0.5151 0.3033 0.9994 0.0635 0.9033 0.1832
Fundamentalist (F) 0.9849 1.5105 4.8523 0.0000 1.0089 -0.8854 -0.4063 0.6577 1.0006 -0.0620 0.0918 0.4634
Model combined (MC) 0.9848 1.5209 4.7983 0.0000 1.0114 -1.1389 -0.0055 0.5022 1.0081 -0.8080 -1.3792 0.9161

Notes: This table reports one-step ahead out-of-sample forecast evaluation results for the 6 exchange rates of interest over three different sub-periods. These are: (1) pre Lehman Broth-
ers collapse from November 23, 2001 to September 1, 2008; (2) Lehman Brothers collapse from September 2, 2008 to March 1, 2009 and (3) post Lehman Brothers collapse from March
2,20009 to June 30, 2014 (October 22, 2013 for CHF and JPY). In the column under the MSFE/rel. heading (in each sub-sample block) we show the MSFE of the random walk model in the
row corresponding to Random walk (RW), followed by the relative MSFEs of the chartist, fundamentalist and model combined forecasts, respectively, with the MSFE of the random walk

being the denominator. The terms RZ, CW-statistic and p-value are as defined in Table 1.
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of the random walk model being in the denominator, ie., the benchmark model. The terms RZ(%), CW-
stat., and p-value are again the Campbell and Thompson (2008) RZ, the Clark and West (2007 ) MSFE
adjusted t-statistic and its corresponding one-sided p-value, as defined before.

The evaluation results over the three sub-periods in Table 2 confirm statistically the visual assess-
ment from Fig. 1. First, consider the results over the pre Lehman Brothers collapse period. The combined
forecasts from our empirical heterogeneous agent model strongly reject the null hypothesis of the fore-
casts not being different from those of a RW model. The p-values corresponding to the Clark andWest
(2007) MSFE adjusted test are well below 0.001 for all MC forecasts. For the CHF and EUR series, the
CW-statistic is over 5, while for the remaining exchange rate series it is over 3. In terms of the mag-
nitude of the improvement, the Campbell and Thompson (2008) out-of-sample R? is as high as 1.93%
and 1.83% for the EUR and CHF series. The lowest RZ values, which are obtained for the JPY and GBP
series, are still a sizeable 0.67% and 0.79% at a daily sampling frequency. From the fundamentalist and
chartist results it can be seen that the majority of the improvement in the model combined forecasts
is driven largely by the fundamental predictor variables.

Looking over the results covering the Lehman Brothers collapse period shown in the second block
in Table 2 one can see evidence of increased predictability (relative to the RW benchmark model) from
the substantially larger out-of-sample R? values. These are as high as 8.14% for the model combined
forecasts of the Swiss Franc series and sizeable 4.22%, 3.79% and 2.88% for the GBP, the EUR and the
JPY. Moreover, these improvements are statistically significant at the 1% and 5% levels for the CHF and
GBP, and EUR and JPY series, respectively. Note here that there are only 130 observations available to
compute the CW-statistic, so that the results are (statistically) ‘seemingly weaker’ than for the longer
pre-Lehman Brothers collapse period, ie., the CW-statistic < 3, despite the much larger Ra values. For
the Canadian Dollar, the improvement is weak at only 0.77% and statistically insignificant. For the Aus-
tralian Dollar, the R% is negative, highlighting the poor out-of-sample performance of the model
combined forecasts relative to the RW model during this period.

Finally, from the third sub-period covering the post Lehman Brothers collapse shown in the last
results block we can see that for all exchange rates, except for the JPY series, the performance of the
model combined forecasts drops off substantially relative to the RW benchmark, producing negative
R% values. These results also corroborate the visual assessment from the cumSFE series provided in
Fig. 1. Overall, we can conclude from the sub-period analysis that, as conjectured from the cumSFE
time series plots, there exists strong statistical evidence of exchange rate predictability before the Lehman
Brothers collapse. Moreover, during the time of the Lehman Brothers collapse, predictability with respect
to a benchmark RW model actually increased, resulting in much larger out-of-sample R? values.

4.3.5. Economic evaluation of predictability

How much ‘economic value’ do the improvements in the model combined forecasts produce? In
our setting, we have 6 risky assets (and one risk-free one) that need to be aggregated into a portfolio
of risky assets and hence requires portfolio weights. To evaluate the economic significance of our model
combined forecasts, we implement a standard dynamic asset allocation methodology, as recently used
in Della Corte et al. (2009), Della Corte et al. (2011) and Li et al. (2015). The dynamic asset allocation
model is implemented as follows.'> Consider a US based investor which aims to build a currency port-
folio consisting of six currencies. Investing in US government bonds is assumed to be riskless, so that
the yield on a US government bond is used as the risk-free interest rate, which we denote by /. The
expected return on a foreign bond is equal to the expected exchange rate change plus the interest earned
on the foreign bond. We take the 3 months interest rates, ie., ¥, used in the construction of the level,
slope and curvature factors as our short-term rate for both US and foreign bonds.

The dynamic asset allocation strategy that we implement and which maximizes the expected port-
folio return #2,, at each point in time is obtained by solving the following optimisation problem:

Maxily, =ofy, +(1-onr/ (17a)
t

15 We closely follow the description in Della Corte et al. (2011) and Li et al. (2015) in this section.
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subjectto o} =(@{Z.q:@:)"%, (17b)

where 1., is a 6 x 1 vector of exchange rate returns, f.y = E.(1i,;) is its respective conditional fore-
cast formed at time ¢, 1 is a 6 x 1 vector of ones, o} is the target conditional volatility of the portfolio
returns and Zeqe = Ee[(1t41 = Fraq) (T — iy )] is the 6 x 6 conditional variance-covariance matrix of Ti.;.
The solution to the maximum expected return problem in (17) is given by the following 6 x 1 vector
of risky asset weights:

*

N o
@ =Zh (P — ! ) = (18a)
t e+ e\ e t \/E
Ke = (Frage — Y Zhye (Fosqe — /). (18b)

The realised return on the invertor’s portfolio is then computed as:

rh =o((r, —ul)+1/. (19)

We evaluate the performance of our agent combined forecasts using the Goetzmann et al. (2007)
performance measure, defined as

1 1 (1427
Py — . t+1 20
gr) (1—y>l“{n”%(1+nilj } (20

where yis the parameter that captures the investor’s relative risk aversion. The term g(r?) is fre-
quently interpreted as the certainty equivalent of the excess portfolio returns and does not require
any assumptions regarding utility functions for a ranking of the portfolios to be constructed. We compare
the performance of the agent combined forecasts to the RW benchmark by constructing the difference

P =G(1ic) = 9(15w), (21)

where G(rf.) and G(r4,) denote the Goetzmann et al. (2007) performance measure computed on port-
folios constructed from the agent combined forecasts and the random walk model, respectively. The
performance measure P defined in (21) can be interpreted as the maximum performance fee that
an investor is willing to pay to have access to the agent combined forecasts (relative to the RW bench-
mark). We follow the mainstream literature and report P in annualised basis points (bps). We also
report standard (annualised) Sharpe ratio’s ( SRs).

The economic evaluation results are reported in Table 3. We only consider the out-of-sample period
for which data for all 6 exchange rates are available, that is, from November 23, 2001 to October 22,
2013. We follow Li et al. (2015) and set the relative risk aversion parameter yto 6 and the target vol-
atility of the portfolio o} to 10%. We further set the covariance matrix X in (17) and (18) at the
unconditional covariance matrix (X) of exchange rate returns computed over the first 500 + 252 in-
sample data points and do not update it. In line with the motivation given by Li et al. (2015), the reason
for setting X, = X is that we want to isolate the effect of the conditional mean forecasts on the port-
folio performance and do not want to confound it by allowing for a time varying covariance matrix.
From the results in Table 3 we can see that the model combined forecasts as well as the fundamen-
talist forecasts produce high economic value with (annualised) Sharpe ratios of 0.90 and 0.89, respectively.
The performance fee of both the model combined and fundamentalists forecasts are over 400 annual
basis points (relative to the RW model), suggesting that a risk averse investor (with y=6) is willing
to pay a fee of up to say 4% per year to have access to the model combined or fundamentalist fore-
casts. This finding is broadly in line with the magnitudes reported in Li et al. (2015), who use monthly
data, nevertheless, relying on standard macro-economic variables that are not available in real time
to produce the forecasts.
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Table 3

Economic evaluation of the out-of-sample forecasts.
Investment strategy 11,(%) o,(%) SR P(bps)
Random walk (RW) 8.0630 9.3230 0.5825 -
Chartist (C) 9.4325 11.6532 0.5622 53
Fundamentalist (F) 19.1128 16.6270 0.9007 422

Model combined (MC) 20.3030 18.2361 0.8925 467

Notes: This table reports the economic value of the various forecasting models
that are considered. These are constructed over the out-of-sample period
from November 23, 2001 to October 22, 2013 for all six currencies that we
consider. We build maximum expected return portfolios, using a relative risk
aversion parameter yof 6 and a target portfolio volatility level of ¢ =10%.
We use the first 500 + 252 observations from January 6, 1999 to November
22,2001 to compute the variance covariance matrix of the exchange rate
returns X needed to construct the portfolio weights in (18) and do not update
X as we roll through the out-of-sample period. In columns two to five above,
we show the annualised mean pj, (in percent), volatility o, (in percent), Sharpe
ratio SR and performance fee P (in basis points, bps), respectively.

What is also interesting to see from the results in Table 3 is that the performance of chartist and
random walk forecasts in terms of economic value are very similar, with the chartist’s model pro-
ducing somewhat higher mean returns than the RW, albeit at the cost of generating more volatility
in the portfolio returns, thereby yielding a lower Sharpe ratio of 0.5622. The model combined fore-
casts also produce marginally higher portfolio volatility than a simple fundamentalist model portfolio,
despite the higher mean return. Note here that the random walk portfolio is constructed by using the
no-change forecast of the exchange rate plus the yield on the foreign bond as the predicted return in
the weight construction in (18). That means that the random walk portfolio is based on weights from
a carry trade strategy (see also page 4 in Li et al., 2015 for further intuition about this result). This
last fact is important to highlight, as the gains in economic performance are not simply driven by a
pure carry trade strategy.

In Fig. 9 we plot the cumulative wealth of the dynamic out-of-sample investment strategy for a
portfolio with an initial wealth of 1 US Dollar to provide a visual impression of the portfolio perfor-
mance from the various forecasting models that we consider. The cumulative portfolio wealth constructed
from the model combined forecasts (blue line) and also the fundamentalist forecasts only (red line)
show a similar pattern to what we observed from the cumulative sum of squared forecast errors in
Fig. 1. For instance, there is an overall upward trend in cumulative wealth from the beginning of the
out-of-sample portfolio construction period until September 2008, ie., up to the time of the Lehman
Brothers collapse. From September 2008 to about February 2009, there is a substantial increase in cu-
mulative wealth, and from the end of February 2009, cumulative wealth remained fairly constant until
the end of the sample in October 2013. The pure chartist and random walk (carry trade portfolios)
perform fairly similarly in the sense that at the portfolio level, the chartist weights are driven largely
by the interest differential as opposed to the superior predictions from the technical trading rules. Nev-
ertheless, there do appear to be instances where the technical trading rules perform better than a random
walk based portfolio (see for instance, the period from May 2010 to August 2011).

4.4. Forecast performance at longer horizons

Given the overall positive results at the one day ahead horizon, we now turn to assess the fore-
casting performance of our proposed fundamentalist and chartist model combined predictions at horizons
of 2 up to 5 days ahead. Here we simply focus on a statistical evaluation to conserve space and avoid
repetition. To construct multiple-step ahead out-of-sample forecasts from the agent based model com-
bination, we implement the so-called ‘direct’ forecasting approach. That is, we re-formulate the relation
in (9) for the general h- step ahead relation as:
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Fig. 9. Cumulative portfolio wealth for the different forecasting models. Initial wealth is set to 1 US Dollar. The cumulative wealth
is constructed from the dynamic investment strategy using the out-of-sample forecasts to construct the portfolio weights. The
out-of-sample forecasts are constructed from the model combined (blue line), fundamentalist (red line), chartist (green line)
and random walk model (black dashed line), respectively, over the out-of-sample period from November 23, 2001 to October
22, 2013. The horizontal line at 1 marks the initial wealth of 1 US Dollar. (For interpretation of the references to colour in this
figure legend, the reader is referred to the web version of this article.)

'A‘thff(u\;t =(1-ax, )ﬁih\t + d’t,hﬁgh\t (22)

where 7, and 7Sy are respectively, the individual h-step ahead (h-period holding return) funda-
mentalist and chartist (direct) forecasts. The h-step ahead weighting function @, is obtained, analogous
to (11), from the regression:

(Fepe — ftr\:t—h) = wt,h(ft\(;—h - fr\Fr-h)‘F Vi (23)
with 1,_,, =100(P,/P_, —1) being the h-period holding return of the currency of interest.!®

4.4.1. Multiple-step ahead forecast evaluation

We use the same calibration for the A, & and x parameters that were used in the one-step ahead
prediction setting to implement the Kalman Filter recursions. One could again try to optimise over
these parameters, but due to the computational burden, we do not consider this here. The results for
forecast horizons h=2, 3, 4, and 5 days ahead are reported in Table 4. To avoid clutter in the table,
we only report results for the model combined forecasts for each exchange rate series at the four dif-
ferent forecast horizons.!” Also, since h-step ahead forecast errors will be MA(h — 1) processes in general

16 How the agent specific multiple period ahead out-of-sample forecasts are computed is described in more detail in the Ap-
pendix.

17 At horizons 2 to 5, we also find that for the majority of exchange rates, the combined forecasts improve on the fundamen-
tal ones. The exception is again the JPY series, at all forecast horizons and also the CAD series for forecast horizons above 2.
Further details, if needed, are available upon request from the authors.
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Table 4
Multiple-steps-ahead out-of-sample forecast evaluation results.

Forecast horizon ~ MSFErw) MSFEmc)  Relative-MSFE  R%(%) CW-statistic ~ p-Value

EUR

h=2 0.7844 0.7817 0.9965 0.3519  2.3546 0.0093
h=3 11610 11574 0.9969 03105  1.8488 0.0322
h=4 15226 15271 1.0030 -02961 12312 0.1091
h=5 1.8956 1.9077 1.0064 -0.6389 08116 0.2085
JPY

h=2 0.8227 0.8206 0.9975 02510 23214 0.0101
h=3 1.2069 1.2091 1.0019 -01869 0.9743 0.1650
h=4 1.5956 1.6071 1.0072 -0.7208  0.7506 0.2265
h=5 1.9627 1.9731 1.0053 -0.5294 0.9648 0.1673
GBP

h=2 0.6620 0.6611 0.9986 01355  1.8221 0.0342
h=3 0.9923 0.9945 1.0022 -0.2206 10510 0.1466
h=4 1.3243 1.3236 0.9995 0.0547  0.9869 0.1618
h=5 1.6493 1.6537 1.0026 -0.2648 05734 0.2832
AUD

h=2 1.3889 1.3943 1.0039 -03938  0.6346 0.2628
h=3 2.0339 2.0324 0.9992 0.0756  1.4167 0.0783
h=4 2.6399 2.6402 1.0001 -0.0110  1.0498 0.1469
h=5 3.3072 3.3197 1.0038 -03771 09554 0.1697
CAD

h=2 0.6689 0.6672 0.9974 0.2639 13240 0.0928
h=3 0.9955 0.9927 0.9972 02823 17542 0.0397
h=4 1.3267 13277 1.0008 -0.0778  0.8242 0.2049
h=5 1.6831 1.6846 1.0009 -0.0890 0.8105 0.2088
CHF

h=2 0.9598 0.9581 0.9982 01828  2.2541 0.0121
h=3 14196 14194 0.9999 00126 14049 0.0800
h=4 1.8704 1.8732 1.0015 -0.1475 11499 0.1251
h=5 2.3059 2.3161 1.0044 -0.4447  0.8619 0.1944

Notes: This table reports multiple-step ahead out-of-sample forecast evaluation results for the 6 ex-
change rates of interest. In column 1, the various forecast horizons that are considered in the evaluation
are listed. Columns 2, 3 and 4 show the mean squared forecast errors (MSFEs) of the random walk (RW)
benchmark, the MSFEs of the model combined (MC) predictions, and the Relative-MSFEs defined as
MSFE yc)/MSFEgy, - In column 5 we report the Campbell and Thompson (2008) out-of-sample R?
(denoted by R%) which is computed as 1-MSFEyg)/MSFERw, . The Clark and West (2007) CW-statistic
and its corresponding p-value are given in columns 6 and 7. The out-of-sample evaluation period is from
November 26, 2001 to June 30, 2014 for all currencies, except for the JPY and CHF series, where the
sample ends again in October 22, 2013. We use a HAC robust variance in the computation of the CW-
statistic, employing a Quadratic Spectral Kernel on the pre-whitened cw,,; series, using an ARMA(1,1)
model as the approximating model and choose a data driven AR(1) bandwidth to compute the HAC of
the pre-whitened series.

(ie., will be moving averages and therefore autocorrelated of order h - 1) which affects the CW-
statistic, we use a HAC robust variance for Var(cw) in (14). More specifically, we follow the
recommendation of Andrews and Monahan (1992) and employ a data driven bandwidth using a Qua-
dratic Spectral (QS) Kernel with a ‘pre-whitening’ step, where we choose the (optimal) bandwidth
parameter with an AR(1) as the approximating model (see equation 3.5 in Andrews and Monahan,
1992).18 The last four columns in Table 4 are the same as the last four columns in Table 1. Columns 2

18 That is, to pre-whiten the cw,,; series, we first fit an ARMA(1, 1) to ¢W,,; and then use the QS Kernel with the bandwidth
parameter set to 1.3221(&(2)T,,)'5, where @(2)=4p%/(1-p)* and P is the AR(1) parameter estimate obtained from an AR(1)
regression of the (pre-whitened) residual series obtained from the ARMA(1, 1) model fitted to cw.,. To obtain the HAC vari-
ance, we then ‘re-colour’ again with the ratio of the square of the ARMA lag polynomials (see Andrews and Monahan, 1992 for
more details on the exact computations).
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and 3 in Table 4 show respectively the MSFEs of the RW benchmark and the MC predictions. The first
column lists the various forecast horizons.

From the results reported in Table 4 it is evident that the forecast performance of the MC predic-
tions - relative to the random walk forecast - remains intact for forecast horizons up to 2 days ahead
for all currencies (except for the Australian Dollar) generating out-of-sample R? values of 0.35, 0.25,
0.14, 0.26 and 0.18 percent for the EUR, JPY, GBP, CAD and CHF exchange rate series, respectively. More-
over, these improvements are statistically significant at the 5% level for the EUR, JPY, GBP, and CHF,
and at the 10% level for the CAD. What is interesting to see is that for a holding period return of even
3 days, improvements in the RZ are still realised for the EUR (R2 =0.31%), the CAD (R =0.28%) and
also for the AUD series, albeit with a lower R% of 0.08, and are overall significant at the 10% level. For
the CAD and the AUD series, forecasting the three day holding return f.s yields in fact higher R%
values than forecasts two days ahead. At forecast horizons of 4 and 5 days ahead, the MC predic-
tions start to produce consistently worse forecasts than the benchmark random walk model across
all 6 exchange rates, as the forecast horizon increases.

We again show plots of the cumSFE of the model combined forecasts, for h=2, ..., 5 in Fig. 10 to
visualise how the performance of the forecasts evolves over the out-of-sample evaluation period rel-
ative to the RW benchmark. In order to facilitate the comparison across the various forecast horizons,
we plot all cumSFE for each exchange rate and considered forecast horizon in one subfigure in Fig. 10
and offset the various horizons so that they can be plotted in the same graph. From the time series
plots of the cumSFE series in Fig. 10, a number of interesting features stand out. First, the increase in
the cumSFE around (and following) the time of the Lehman Brothers collapse remains visible for fore-
cast horizons of up to 5 days ahead for the EUR, GBP, CAD series, and also, but to a lesser extent, for
the CHF series. For the Australian Dollar, a substantial worsening in the predictive ability with respect
to the RW benchmark can be seen, most evidently for forecast horizons 5, 4 and 2 days ahead. What
is perhaps somewhat surprising to see from the cumSFE plot for the Australian Dollar is the im-
proved forecast result at the 3 days ahead horizon. This is evident from the (red) cumSFE corresponding
to h =3 being consistently above the O line in Fig. 10. The Lehman Brothers collapse seems to have
had a rather positive impact on the predictive performance for 3 day ahead forecasts, and is there-
fore more inline with the effects experienced by the other 5 currencies.

Second, the improved forecast performance at the 3 steps-ahead horizon which were found from
the statistical evaluation results in Table 4 for the EUR and CAD are largely driven by the strong per-
formance of the MC forecasts around the time of the Lehman Brothers collapse. This can be seen from
the persistent upward jump in the cumSFE around the September 2008 period. What is interesting
to highlight here is that the forecast performance of the MC predictions remained fairly stable
after the Lehman Brothers collapse, which was not the case for the Canadian Dollar at the one-step
ahead horizon, while for the EUR the cumSFE series decreased somewhat, indicative of a mild
worsening in forecast performance with respect to the RW benchmark. Third, for the Swiss Franc, the
MC predictions are consistently superior to RW forecasts over the period from September 2008
to September 2011 for all 5 forecast horizons that we consider. Moreover, a noticeable build-up in
the predictive improvement seems to occur from approximately November 2010 until about August
2011.

5. Conclusion

We build an empirical heterogeneous agent model consisting of fundamentalists and chartist agents
to forecast 6 of the most frequently traded currencies using daily data over the sample period from
January 1999 to June 2014. More specifically, we use a time varying model combination approach to
optimally average the forecasts from individual fundamentalist and chartist agents, where individual
fundamentalist and chartist predictions are constructed using the recently proposed flexible DMA frame-
work. We use daily financial data as proxy variables for the macroeconomic predictors used by
fundamentalist agents. These fundamental predictors contain level, slope and curvature yield curve
factors, equity indices as well as data related to global trade activity and risk aversion. To model the
behaviour of chartist agents, we construct technical predictor variables consisting of moving aver-
ages and momentum to capture the well known trend following behaviour of chartists and also relative
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Fig. 10. Time series evolution of the h-step ahead cumulative squared forecast errors ( cumSFE, ) of the model combined fore-
casts (relative to the RW model) for forecast horizons h =2, 3, 4 and 5 over the out-of-sample period from November 26, 2001
to June 30, 2014 (October 22, 2013 for the CHF and JPY series). Note that we plot all series up to June 30, 2014 so that the
dates on the x-axis can be compared easily. Also, we offset the forecasts for h=3, 4 and 5 with 1 to three dimensional NAN
vector entries in the forecasts so that the dimensions of the forecast vectors are the same and can be compared on the same
time scale. (For interpretation of the references to colour in this figure, the reader is referred to the web version of this article.)

strength indices to capture overbought or oversold conditions in the foreign exchange market and re-
versal trading strategies.

We show that out-of-sample forecasts from our empirical heterogeneous agent model signifi-
cantly outperform the forecasts from a random walk benchmark model for all 6 currencies that are
considered. Out-of-sample R? values can be as high as 1.41%, 1.07%, 0.99%, and 0.74% for the Franc,
the Euro, the Pound and the Yen series, and are somewhat lower for the Australian and Canadian Dollars
at 0.29% and 0.24%. Statistical tests show that these forecast gains are significant at the 10% level for
the Australian and Canadian Dollars, and at the 1% level for the remaining 4 currencies. Moreover, using
a dynamic asset allocation framework we show further that our model combined forecasts also gen-
erate economic value. Annualized Sharpe ratios are as high as 0.89, yielding performance fees of over
460 (annualized) basis points, relative to a random walk benchmark model. Forecast gains remain sta-
tistically significant for forecasts up to three days ahead for some currencies.



342 D. Buncic, G.D. Piras/Journal of International Money and Finance 60 (2016) 313-359

We show further that there is substantial instability in the predictive performance of our model.
The majority of the forecast gains are realised before and during the Lehman Brothers collapse period,
that is, from the beginning of the out-of-sample period until February 2009. This is visible from the
cumulative squared forecast errors as well as the cumulative wealth of a portfolio formed with a
dynamic asset allocation strategy. These results are also confirmed with statistical tests on sub-
samples. Although the modelling approach that we adopt in this paper is extremely flexible, as
it can accommodate time-varying parameters as well as time varying predictor variables, the
model is not overly suitable for the post February 2009 period, after which the predictive perfor-
mance worsens.

Possible avenues for future research could be to expand the set of exchange rates to see how
well the model performs at an even wider cross-section. Also, it would be interesting to see if
the same instabilities are evident for a wider set of currencies, thereby suggesting that there
is a common risk factor that lead to this breakdown in predictive performance. It would also be
interesting to see if a re-calibration of the forgetting factors (« and A) that control the discounting
of the data in the model and thereby the number of observations that are used for estimation
improve the forecast performance in the post February 2009 period. The period around the Lehman
Brothers collapse could alternatively be viewed as an ‘outlier’ time period, and one could work with
different weighting functions to discount or ‘robustify’ this effect on the predictive performance of
the model.

Appendix

This appendix provides additional details on the construction of the fundamental and technical
indicators, the DMA modelling framework as well as further results with regard to the calibration of
the o and A to supplement the findings in the main part of the paper. The content of this appendix
are as follows:

Contents of Appendix: A-1

A.1. Description of data and variables A-2
A.1.1. Summary statistics of exchange rates and fundamental predictors A-2
A.2. Construction fundamental variables and technical indicators A-6
A.2.1. Information in the yield curve A-6
A.2.2. Information in stock prices A-7
A.2.3. Risk aversion measures and global trade activity A-8
A.2.4. Moving Average Rules A-9
A.2.5. Momentum Indicators A-10
A.2.6. Relative Strength Index A-10
A.3. Details of Dynamic Model Averaging (DMA) framework A-11
A.4. Calibration of A and ¢ A-15
A.5. Computing agent specific multiple period ahead out-of-sample forecasts A-16

A.1. Description of data and variables

Here we briefly describe some of the basic features of the exchange rate data and the two differ-
ent sets of predictor variables that we use in our forecast evaluation. Note that the discussion here is
not meant to be exhaustive, but rather complementary to the tables and figures that we provide to
summarise this information.

We use simple returns in all our return calculations, rather than log-returns computed from dif-
ferences in the log prices. That is, returns are computed as r, =100(P,/P_; —1), where P; is the time ¢
price of the asset of interest. Our motivation for using (simple) returns is trivial. Due to the financial
crisis period, there were at times substantial daily price variations, particularly for the BDI, gold prices,
equity prices and most evidently for oil prices. For instance, on the 24th of September 2001, the log-
return for (WTI) oil was -16.55, while the simple return was -15.25, a difference of 1.3 percentage
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points. Similarly, on the 29th of December 2008, the log-return and simple return were 21.28 and 23.71,
respectively, a difference of around 2.4 percentage points. To be able to capture the ‘true’ daily varia-
tions an investor was exposed to, we prefer to use the simple return (just return henceforth) construction.
We should stress here also that our predictability results are not affected by the specification of the
return process and hold equally well when log-returns are used.

A.1.1. Summary statistics of exchange rates and fundamental predictors

In Fig. A1 we show plots of the 6 different currencies that are used in the forecast evaluation exercise
over the full sample period from January 4, 1999 to June 30, 2014. The left column in Fig. A1 shows
the (raw) US Dollar price of one foreign currency unit, and the right column shows the daily returns
of the series. As a reminder, an upward movement in these 6 series indicates that the respective cur-
rency has appreciated against the US Dollar (the US Dollar price of the foreign currency has risen),
while a downward movement suggests a depreciation. There are a number of interesting visual fea-
tures that are evident from the plots in Fig. Al. First, notice how all 6 exchange rates show a general
upward trend, suggesting that the series has appreciated over the last 15 years against the US Dollar.
This trend is much weaker for the British Pound series from mid September 2008 onwards. Second,
the Lehman Brothers collapse in September 2008 had a rather profound effect on the British Pound,
the Australian Dollar, the Canadian Dollar and the Euro, resulting in depreciations of approximately
22%, 18%, 17%, and 10%, respectively, from September 1, 2008 to March 1, 2009.'° These four curren-
cies thus behaved inline with what would be expected from an ‘investment currency’, where high levels
of risk aversion lead to sell-offs in such a particular asset class.

Over the same time frame, the Japanese Yen appreciated by nearly 11%, while the Swiss Franc re-
mained rather stable, depreciating only marginally by 2%. It is interesting to see here that the Japanese
Yen behaved in accordance with its widely perceived ‘safe haven’ status, that is, providing financial
refuge during times of high risk aversion, while the Swiss Franc, also known as a ‘safe haven’ curren-
cy, was largely unaffected. The Swiss Franc’s ‘safe haven’ status did not come to bear any significant
importance until the first set of problems began which eventually lead to the European sovereign bond
crisis. The strongest Swiss Franc appreciation was realised over the July 2010 to August 9, 2011 period,
where the currency surged over 41% against the US Dollar.?° It is interesting to point out here that,
although the European sovereign bond crisis appears to have been one of the key drivers of the ‘save
haven’ effect of the Swiss Franc, the strong appreciation in the Franc was not matched by an equal
depreciation in the Euro against the US Dollar. The Euro, in fact, appreciated by nearly 17% over the
same time period, highlighting that there must have been other additional factors that contributed
to the strong appreciation of the Swiss Franc. The fact that the Euro did not depreciate against the US
Dollar as a result of the European sovereign bond crisis could partly be due to the second round of
the quantitative easing programme of the Federal Reserve being implemented in the US.

In the right column of Fig. A1, the time series evolution of the return series is plotted. As was the
case in the levels plot of the 6 series, the homogenous response to the Lehman Brothers collapse in
September 2008 is also clearly visible in all 6 return series of the currencies, with the response of the
Swiss Franc, nevertheless, being somewhat weaker than for the other currencies. The Australian Dollar
is the most volatile currency, with daily returns in the AUD swinging between -8 and 8 percent through-
out most of October 2008. The intervention by the Swiss national bank via the imposition of the cap
on the CHF/EUR rate at 1.20 is the most outstanding event impacting on the 6 return series after the
Lehman Brothers collapse.

In Table A1 we show summary statistics of the 6 exchange rate returns to be forecasted (top 6 rows),
as well as summary statistics of the fundamental predictor variables that are used by fundamentalist

19 For all 4 currencies, the depreciation relative to the US Dollar already started somewhat earlier; nevertheless, it is clear
from the plots that from September 2008 the drops in the currencies amplified substantially.

20 This surge may have been triggered by a number of events, starting with Greece needing “official” financial assistance in
May 2010, followed by Ireland’s bailout in November 2010 and with Portugal following in May 2011 (see Lane, 2012, p. 56).
Note here also that the Swiss national bank imposed the cap on the CHF/EUR rate at 1.20 on September 6, 2011, but specula-
tion about the implementation of the cap had already been circulating for weeks beforehand, so that the peak in fact occurred
on August 9.
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Fig. A1. Time series plots of the six exchange rates of interest (full sample period from January 4, 1999 to June 30, 2014). Left

Panel shows the (raw) level series. Right Panel shows the return series used in the forecast evaluation.



Table A1

Summary statistics of all exchange rate returns and fundamental predictor variables.

Variable Description and data source Mean Median Std. Dev. Skew Kurt Min Max ACF(1)
name
FEUR Exchange rate returns: i =100(P!/P., -1), Vi {EUR, JPY, GBP, 0.0056 0.0130 0.6359 0.0683 43251 -2.4870 3.5445 -0.0158
Y AUD, CAD, CHF}. All exchange rate data are taken from 0.0046 0.0082 0.6560 0.0316 6.4730 -5.3555 35659  -0.0411
e Bloomberg, where Prices p! are PX_Last entries for the ith 00023 00143 05591 -02367 52895  -34123 29633 00272
U currency, using the New York 5:00 pm snap time stamp. 0.0138 00507  0.8355 02062  12.6416 ~7.0500 86215  -0.0431
caD 0.0105 0.0129 0.5667 -0.1146 6.3163 -3.2017 4.0791 -0.0461
cHF 0.0131 0.0088 0.6932 -0.3031 11.3561 -8.6881 4.8037 -0.0380
A(LYS — V) Differences in Level, Slope and Curvature factprs, relative to -0.0002 0.0001 0.0470 -0.0145 9.7703 -0.4113 0.3947 -0.2300
A(SYS - S the US. Factors are constructed as described in (A.1). US yield -0.0004 0.0000 0.0784 0.4713 10.6002 -0.3974 0.9412 -0.1841
A(CYS — PV Qurve dataFafeﬂtf'kE“ from the Glgfkﬂynﬂk GE?‘I- 2(3007) -0.0002 0.0000  0.0859 ~02833  10.1404 09713 06268  -0.1508
dtabase. ror the turo area, yields are combined Irom
AL -F) Bundesbank and ECB yield czrve data, using the Nelson- -0.0007 -0.0003 0.0483 -0.1844 93525 -0.4275 03579 -0.1102
A(SUS - 8P) Siegel-Svensson parameter estimates. Yield curve data for CHF -0.0009 0.0005 0.0876 -0.0429 8.6251 -0.7107 0.6840 -0.1101
A(CYs - and JPY are copstructed using the Nelson-Siegel-Svensson -0.0006 -0.0012 0.0891 0.0801 13.8899 -0.9807 0.8900 -0.1089
AL - £59) parameter estimates from Malkhozov et al. (2014). -0.0001 0.0000 0.0440 -0.4554 10.1648 -0.4537 0.2788 -0.1825
A(SYS - 5) All yield curve data (except for CHF and.JPY) were taken from 0.0003 0.0010 0.0659 0.0280 7.0994 _0.4737 04746 _0.0708
A(CYS — o) g:;gfg;ﬁ;f central bank websites at: 0.0000 0.0000  0.0716 -0.0021 6.6027 -0.4346 0.4945  -0.0302
AL - 1Y) http://www.bundesbank.de/Navigation/EN/Statistics/Time_series -0.0005 0.0000 0.0605 0.1667 7.5503 -0.4581 0.4690 -0.3141
A(SY - SM) _databases/Macro_economic_time_series/ -0.0003 0.0001 0.0849 0.1280 6.5926 -0.4861 0.7147 -0.2466
ACYS — vy its_list_node.htmI?listld=www_s140_it03c -0.0002 0.0000 0.0871 0.0158 5.5323 -0.4674 0.4797 -0.0855
AL - [0 gg\‘i’inl;;ﬁ/:/éwk‘lﬂi’s‘g’éericgle';impﬂ-e”/ stats/money/yc/data/fmd/ ~0.0001 0.0000 00337 -04586 132736 ~0.4077 02628  -0.1100
A(SYS = S RBA: http:/)/lv;ww.l‘ba.gt;v.gu [statistics/tables/xls| -0.0002 0.0000 0.0699 -0.1771 12.4698 -0.8162 0.5590 -0.1052
ACYS — N F17histxls -0.0001 0.0000 0.0961 -0.4087 86.6554 -1.9131 1.8418 -0.1531
AL - ) BoE: http://wva.bankofengland.co‘uk(statistics/ -0.0003 0.0001 0.0436 -0.3609 9.9029 -0.4370 0.3168 -0.2063
A(SY - 8H) Documents/yleldcurve/uknomOS,mdalIy:XlS -0.0003 0.0012 0.0694 -0.1668 7.4639 -0.5949 0.4574 -0.0893
ACYS — Y BoC: ht_tp://www.bankofcanada.ca/rates/lnterest-rates/ ~0.0003 ~0.0005 0.0718 0.1339 8.0946 -0.4149 0.5983 ~0.0858
bond-yield-curves/.
57500 Equity index returns: r/ =100(P//P/, -1), Vj = {DAX30, 0.0196 0.0224 1.2649 0.0155 11.1647 -9.0350 11.5800 -0.0818
DAX30 Nikke225, FTSE100, AllOrds, SPTSX, SPI}. All equity price data 0.0273 0.0486 15332 01312 7.7715 -8.4923 114020  -0.0167
223 are }?ﬁfiﬁﬁﬁ?;"pffffmb”g' Prices pJ are PX_Last entries for 0.0143 00000 15025 ~0.2268 95657 114064 141503  -0.0225
FFISEI00 : 0.0109 0.0000 1.2230 -0.0011 9.2853 -8.8493 9.8388 -0.0423
Alords 0.0205 0.0247 0.9574 -0.4805 9.2634 -8.1980 5.5064 -0.0152
SIS 0.0273 0.0409 11395 -0.4777 11.9827 -9.3242 9.8233 -0.0130
o 0.0211 0.0259 11206 0.0059 9.5866 -7.2471 10.5788 0.0339
AVIX, Difference/change in the VIX and TED spread. VIX data are -0.0036 -0.0400 1.6668 0.5539 21.8168 -17.3600 16.5400 -0.1226
ATED, taken from Bloomberg. TED spread (TEDRATE) is obtained -0.0001 0.0000 0.0563 0.7999 68.3461 -0.8000 0.9900 0.1340
Gold g&f; /t/frlgsita-rLC%US';gi‘ijsgengé %?;gf;s;emms on Gold. the BDI 0.0445 00448 11507 00226  10.0596 -90737 107883  -0.0099
0l and Oil prices computed as 1 00& PP, 1), V1= {Gold, 0.0187 0.0000 1.8285 0.0915 9.6616 -11.3716 14.6341 0.7992
oil 0.0810 0.0307 2.3666 0.1686 9.0281 -15.2542 23.7094 -0.0172

T

BDI, Oil}.

Notes: This table reports standard summary statistics of the 6 exchange rate returns used in the forecast evaluation. These are shown in the first 6 rows at the top of the table. This table shows also
summary statistics of all the fundamental predictor variables that are used in the forecasting model. These are shown below the main horizontal line in the middle of the table, starting from row
7, and are grouped according to the 3 broad groups that are defined in (A.2), (A.3) and (A.4). Dashed horizontal lines are used to separate the three broad groups of fundamental predictors. The
abbreviation ACF(1) denotes the first order autocorrelation of the series. These summary statistics cover the period from from January 4, 1999 to June 30, 2014 for all exchange rate and predictor

variables, except for the yield curve factors of Japan and Switzerland, which end already in October 22, 2013.
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agents over the full sample period from January 4, 1999 to June 30, 2014.?! The fundamental predic-
tor variables are arranged coherently in three separate blocks to match the description of the variables
in the text. Looking over the summary statistics of the 6 exchange rates, a number of the stylised facts
which were visible in Fig. A1 are also evident in the summary statistics. First, the mean return on the
6 exchange rates series is positive, confirming the positive trend in the level series and the overall
depreciation of the US Dollar against these 6 currencies. Second, the Australian Dollar is the most vol-
atile series, with a (daily) standard deviation of 0.84 percent, followed by the Swiss Franc with a standard
deviation of 0.69 percent. These two currencies have further the ‘heaviest tails’, as is evident from their
kurtosis statistics being well above 10.2> What is interesting to point out from the summary statistics
of the exchange rate returns are the rather sizeable negative first order autocorrelations (henceforth
ACF(1)) for the returns on the Yen, Canadian and Australian Dollars, as well as the Swiss Franc, as shown
in the last column of Table Al.

Looking over the summary statistics of the fundamental predictor variables that are reported below
the solid line separating the exchange return series from the predictors in Table A1, it is evident that
the most volatile predictors are oil returns, BDI returns, as well as DAX30 and Nickkei225 equity returns.
All equity returns as well as returns from investing in gold, oil and the BDI had positive means, raging
from values as low as 0.01% for the return on the FTSE100 up to 0.08% for the return on oil. The return
from investing in oil was not only the most volatile series, but it also had the single largest positive
daily return of nearly 24%. From the first order ACFs in the last column of Table A1 it can be seen that
all but one equity return series are negatively correlated, with the SP500 returns showing the stron-
gest negative autocorrelation of —-0.08. The single equity series with a positive ACF is the return on
the Swiss SPI. By far the strongest first order autocorrelated predictor variable is the return on the
BDI with an ACF(1) of 0.80.%

A.2. Construction fundamental variables and technical indicators

This section elaborates on the construction of the fundamental and technical indicators that are
used as predictor variables in the paper.

A.2.1. Information in the yield curve
The use of yield curve data is motivated by the findings in Bekaert and Hodrick (1992) and Clarida
et al. (2003), who show that the information content in the yield curve is valuable for exchange rate
forecasting.?* Moreover, in the context of macro-finance models, Diebold et al. (2006) and Rudebusch
and Wu (2008) have documented that the empirically derived level and slope factors are ‘strongly’ cor-
related with inflation and economic activity.?

To capture the information in the yield curve, we construct level, slope and curvature factors, denoted
by £, & and G, using daily data on zero coupon yields. We follow Diebold et al. (2006) and compute

21 For Japan and Switzerland, the level slope and curvature factors only go up to October 21, 2013.

22 Note that this here is kurtosis and not excess kurtosis, and thus should be measured against a benchmark of 3. Neverthe-
less, this is still pretty high when compared to the other 4 currencies.

23 The autocorrelation and partial-autocorrelation structure of the BDI returns (not shown here) in fact display the proper-
ties of an ARMA(1, 2) model.

24 In a related context, high frequency yield curve data have been studied in Giirkaynak et al. (2005) and Brand et al. (2010)
to assess the effect of central bank communication on various asset prices, including equities and exchange rates.

25 More specifically, Diebold et al. (2006) show that their empirical level and slope factors have correlations of 43% and 39%
with (year on year price deflator) inflation and capacity utilisation respectively (see page 319). Similarly, in a New Keynesian
macro-finance model, Rudebusch and Wu (2008) find that their (macro-finance) level and slope factors have a 73% and 66%
correlation with 1-year expected inflation and output (see page 916).
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the three ‘empirical’ factors using linear combinations of yields of various maturities.?® The level, slope
and curvature factors are computed as:

Level: £, =(y® + y@Y + y120)/3 (Ala)
Slope: S, = (¥ - yi**?) (A1b)
Curvature: G = 2y — y® — y{20), (Alc)

where i is the time t yield of a zero-coupon bond with maturity 7(measured in months). Zero coupon
data for the US are taken from the well known and widely used Giirkaynak et al. (2007) database.
For Australia, Canada and the UK, they are taken from the websites of the Reserve Bank of Australia
(RBA), the Bank of Canada (BoC), and the Bank of England (BoE). For the euro area, the available yield
curve data from the European Central Bank (ECB) only go back to the beginning of September 2004.
To extend the data to the beginning of January 1999, we use yield curve factors from the Bundes-
bank before September 2004.>” Due to the lack of publicly available daily data for Switzerland and
Japan, we use the (daily) Nelson-Siegel-Svensson parameter estimates from Malkhozov et al. (2014)
to construct the yield curve factors for these two countries.?® The sample period that is covered by
Malkhozov et al. (2014) nevertheless ends on the 21st of October 2013, thereby shortening the avail-
able out-of-sample evaluation period for the Yen and Swiss Franc somewhat.

To provide information about each country’s perceived macroeconomic fundamentals as cap-
tured by the yield curve factors relative to the US economy, we construct differences between the level,
slope and curvature factors of the US and the foreign currency of interest. These are denoted by x}°%
and computed as:

XPC=[(8° - ). (8% -8, (@ - )], (A.2)

where 5 (£), 8% (S),and ¢% (¢) are level, slope and curvature factors for the US (the ith foreign
currency), respectively, with j={EU, JP, GB, AU, CA, CH} being a country index for the exchange rates
of interest. Due to the high persistence in the yield curve factors X%, we use the (time) difference
of the yield curve factors denoted by AXS¢, with A being the difference operator, as the predictor vari-
ables in the forecast evaluation.?

A.2.2. Information in stock prices

We add stock price indices to the set of predictor variables to complement the information on mac-
roeconomic fundamentals as contained in the yield curve. The usefulness of the information content
embedded in US (as well as other countries’) stock returns for the purpose of forecasting the equity
premium has recently been demonstrated by Rapach et al. (2013).2° We use the SP500, as well as each

26 Since it is common to use the Nelson-Siegel-Svensson approach to construct the zero coupon yields, as is done, for in-
stance, by Giirkaynak et al. (2007), one could also use the slope coefficients fitted from the cross-sectional regression of the
yields (ie., the g,Vvi=0,1,2 estimates). Nevertheless, as is evident from the estimates that are provided in the Excel file pro-
vided by Giirkaynak et al. (2007) at http://www.federalreserve.gov/pubs/feds/2006, there can be considerable variation over
time. We therefore prefer to construct the level, slope and curvature factors from the actual yield data.

27 Note that both the ECB and the Bundesbank use the parametric approach of Svensson (1994) to construct zero coupon yields,
so the methods of construction are consistent, despite the parameters being calibrated on two different sets of bonds. For the
euro area, we use the Svensson (1994) parameter estimates reported under the ‘all issuers whose rating is triple A’ heading.

28 We thank Andrea Vedolin for making these parameter estimates available to us. For more details on the construction of
the factors and the bond data that were used, we refer to Malkhozov et al. (2014).

2 Level, slope and curvature factors are known to be highly persistent, especially at daily frequencies. For the US, for in-
stance, the first order autocorrelations are, 0.9994, 0.9986, and 0.9974 for (%, sY and (P, respectively. Computing yield curve
factors relative to the US ones remain highly persistent. Using euro area factors, this difference has autocorrelations of 0.9984,
0.9962, and 0.9914 for (£ -£Y),(S* -S™) and (G -CP), respectively. To avoid this high persistence, we prefer to work with
the (time) differenced series for x!°¢, that is, Ax}C.

30 Rapach et al. (2013) show that lagged US returns have significant predictive power to forecast equity premia in numerous
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individual country’s headline stock price index, in the set of fundamental predictors. The headline indices
are: the Nikkei225 for Japan, the FTSE100 for the UK, the SPI for Switzerland, the SPTSX for Canada
and the All Ordinaries for Australia.’! For the euro area, it would seem natural to opt for the EURO
STOXX 50 as a representative stock price index. Nevertheless, the key headline index from the view-
point of the financial media still seems to be the DAX30, not only for Germany, but for the euro area
as a whole. The DAX30 is also a more liquid market index. It has an approximately 50% higher trading
volume (3 months average) than the EURO STOXX 50. For this reason, we prefer to use the DAX30 as
the headline index for the euro area.

We construct returns of the stock price indices of the SP500 and each country’s headline index to
be used as predictor variables. That is, the stock (or equity) price predictor set (denoted by xteri) con-
sists of:

XEQTi — [EQTUS pEQTA| (A.3)

where rf¥% and f¥¥ denote the return on the SP500 US stock price index and the return on the ith
foreign equity market corresponding to the currency of interest, respectively. The i superscript here
is again used to denote the foreign headline equity price index corresponding to the exchange rate of
interest, ie., i = {DAX30, Nikkei225, FTSE100, AllOrds, SPTX, SPI}.

A.2.3. Risk aversion measures and global trade activity
In addition to the yield curve and stock price data, we also include variables that are meant to capture
risk aversion and global trade activity in the set of fundamental predictors.

We use the VIX index and the TED spread to provide us with a ‘sense of risk aversion’ in the market.
The VIX measures the volatility implied by option prices on the SP500 and thus reflects investors’ ex-
pectations about stock market volatility over the next month. The TED spread is calculated as the
difference between the 3 month LIBOR rate (US dollar base) and the 3 month Treasury Bill rate and
measures the perceived credit risk in the US economy. A higher value in the VIX and/or the TED spread
is generally taken as an indication of market participants expecting an overall negative economic or
financial outlook, and hence an increased (global) aversion to risk. Brunnermeier et al. (2009) have
shown that the VIX and the TED spread predict higher returns in carry trade strategies which are widely
used by foreign exchange traders.

We also include gold as a viable predictor variable. The motivation for this is twofold. First, gold is
considered to be a ‘safe haven’ asset and hence constitutes a complement to the VIX and the TED spread
indicators of risk aversion in financial markets. Gold is further regarded to be a hedge against infla-
tion, deflation, as well as general uncertainties related to economic, financial and political instabilities.
Second, together with other precious metals such as platinum and silver, gold is also commonly held
in investment portfolios that are diversified over equities, bonds and exchange rates. Gold can thus
be seen as a natural portfolio complement to foreign currency holdings in an investment portfolio.
We expect, therefore, movements in gold prices to be informative for exchange rate forecasting, par-
ticularly since the financial crisis in 2008.

As a proxy for global trade flows as well as supply and demand trends in production of finished
goods and raw materials, we include the Baltic Dry Index (BDI) and crude oil prices as fundamental
predictor variables. The BDI is a composite index of the Baltic Capesize, Panamax, Handysize and
Supramax indices. This index is designed as the successor to the Baltic Freight Index. The BDI is fre-
quently viewed as a leading indicator of future global trade demand and economic growth, as the goods
that are shipped are raw materials and thus give an indication of the demand for primary production

industrialised countries. The economic intuition behind this finding is given in relation to the US being an information origi-
nator (see pages 1635-1636 in Rapach et al., 2013 for a detailed explanation). Also, Hatemi-] et al. (2006) show that there can
be causal predictive information in stock prices, which will be relevant also for exchange rate forecasts.

31 For Australia, we prefer to use the All Ordinaries index over the SP/ASX200 not only because of its longer data history, but
also because it constitutes a broader index, containing 500 of the largest stocks as opposed to only 200 as the SP/ASX200.
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inputs (see, for instance, Baumeister and Kilian, 2012, 2014; Baumeister et al., 2015 who also use the
BDI as a measure of global trade activity to forecast oil prices).

The rational for using crude oil prices in the set of predictors is due to oil still being one of the
most widely used sources of energy (see for instance, among many other studies, the evidence re-
ported in Lardic and Mignon, 2008 and He et al., 2010). Moreover, there is a widely held view that
unexpected increases in the price of oil can cause recessions in many oil importing countries (see Kilian,
2008, Hamilton, 2009 and others). High oil prices are often also linked to periods of higher inflation,
thereby directly affecting central bank policy and thus the setting of interest rates ( (Bhar and Mallik,
2013). Lastly, oil prices, in conjunction with US Energy Information Administration (EIA) inventories
are closely monitored by financial market participants and reported in the financial press. These are
taken to be early indicators of changes in production and manufacturing demand.

The risk and global trade activity predictor set, which we denote by xRSKACV ‘includes the follow-
ing variables:

XRSKACTV _ [AVIIX,, ATED,, 02, 0!, rOIL], (A4)

where AVIX,, and ATED, denote the (time) difference in the series of the CBOE Volatility Index and
the TED spread, and r{, VI ={Gold, BDI, Qil} are the returns from investing in gold, the Baltic Dry Index
and oil. Note here that we use the differences in the VIX and TED spread series. We could have also
used the level series instead. Nevertheless, since both series are once again highly persistent, we have
opted for the difference specification as used in Brunnermeier et al. (2009) as well.

All fundamental predictors which are used by fundamentalist agents to form their forecasts of cur-
rency i at time t are collected in the (10 x 1) dimensional vector:

[X}sc,i, XfQT,i' xltzISK ACTIV]' ( A,S)

where i denotes the foreign currency of interest.

A.2.4. Moving average rules
Moving average (MA) cross-over rules are among the most popular and common trading rules dis-
cussed in the technical analysis literature (Sullivan et al., 1999, p. 1656). The standard cross-over rule
is that the down penetration of the MA by the price is regarded as a sell-signal and the upside pen-
etration as a buy signal. There are various modifications to this rule. Buy and sell signals can be generated
by crossovers of slow and fast MAs, where a slow MA is computed over a longer number of days than
a fast MA.

Formally, the moving average of the exchange rate computed over the last n daily closing prices is
defined as:

t
MA{" =n" ' S, Vtznez, (A.6)

i=t-n+1

where S; is the daily spot closing price and n is the number of days that are averaged over. We con-
sider the simplest and most widely used long-term cross-over of the 200 day moving average MA{*”
and the spot price S.>?

32 Note that there are many other viable cross-over candidates involving cross-over rules of slow and fast moving MAs. These
are generally the 50 and 100 day cross-overs with the 200 day MA. Nevertheless, to avoid any ambiguities related to ‘searching
over the best cross-over rule’ issues, we stick to the simplest and most widely used long-term cross-over indicator, the crossing
of the spot price S; and the 200 day MA (see here also the relatively recent post on www.marketwatch.com with the title: What
breaking the 200-day moving average for stocks really means for recent media coverage (article was published October 14,
2014) based on the spot price breaking through the 200 day MA).
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The MAP is commonly viewed as a long-term trend indicator, with the indicator generating a
broad buy signal as long as S, >MA®?  while the penetration of the MA®® by S, from above re-
verses the signal to a sell indicator. Formally, we define the S, >MA?* buy indicator as:

1 if S, >MAP™

. (A7)
0 otherwise.

IMAP® = {

A.2.5. Momentum indicators

As an alternative to the moving average indicator, we also include a simple momentum indicator in
the set of technical predictor variables. Momentum indicators are meant to capture the sentiment or
trend following component in exchange rates, that is, the strategy to buy a currency if it had a pos-
itive return over the last n periods, and sell a currency if had a negative return. We use a time period
of n=130 days (6 months) to measure momentum, and define the 130 day momentum indicator as:

1 if S[ > St—130

A8
0 otherwise. (A8)

IMOM{"*?) = {

The choice for 130 trading days (which corresponds to approximately half a year when 260 annual
trading days are assumed) is mainly driven by a trade-off between the ability to capture known ‘long-
swings’ in exchange rate data and to adapt quickly to recent changes. In the equity premium forecasting
literature, it seems to be more common to use 9 months or 12 months horizons to compute the mo-
mentum indicator (see for instance page 4 in Neely et al., 2014). Nevertheless, the choice of using 6
months rather than 12 months returns to compute the momentum indicator does not have any im-
portant implications for our predictability results.??

A.2.6. Relative strength index

We use the 14 day relative strength indices, denoted by RSI{'¥, in addition to the moving average and
momentum indicators in the set of technical indicators. The RSI, as developed by Wilder (1978), mea-
sures the velocity of a security’s price movement to identify overbought and oversold conditions. There
exists recent empirical evidence illustrating the success of RSI based trading strategies. For instance,
Chong and Ng (2008) use RSI based trading rules on the London Stock Exchange FT30 Index to analyse
if these are profitable. Their conclusion is that an RSI based trading strategy is able to out-perform a
simple buy-and-hold strategy. Similarly, Rodriguez-Gonzalez et al. (2010) employ RSIs in a neural network
context to predict individual stocks and are able to predict more than 50% of directions of change.

For a general n, the RSI is constructed as:

100
1+ MA™(dc,) (A.9)
MA" (uc,)

RSI™ =100 -

where MA{™ (&) denotes the n-period MA filter in (A.6) applied to variables &, and uc; (dc;) are upclose
(downclose) measures defined as:

e, — AS; if AS, >0
‘710  otherwise

—AS, if AS; <0

A.10
0 otherwise, ( )

and dc, = {

33 Also, Neely et al. (2014) use volume data as a technical indicator. We do not do this here largely due to data availability.
Volume data are much more difficult to get hold of, as exchange rates are still traded to a large extent over-the-counter.
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with AS; =S, —S;4 being the difference of the spot price of the exchange rate and n again the number
of days over which the uc, and dc; are averaged over. Note that RSIs are, by construction, an index over
the 0 to 100 range.**

To account for possible (traditional) time series dynamics in the returns, we also add lagged values
of the returns to the set of technical predictors. The full set of technical predictor variables that is used
by chartists to construct forecasts for the ith foreign currency is composed of the following 4 variables:*>

[, IMAZ®), IMOM{*9, RSI{™]. (A11)

For reasons of completeness, we show the equivalent summary statistics corresponding to the tech-
nical indicators as used by chartist trading agents in Table A2. We group the three technical indicators
of the 6 currencies into blocks for ease of readability. Note initially from the summary statistics that
the moving average and momentum technical indicators, as defined in (A.7) and (A.8), are binary, so
that the means measure the proportion of time that a buy signal was generated by the technicals. From
these means one can notice that all indicators give readings of less than 0.5, suggesting that buy signals
were generated less than 50% of the time over the approximately 15 years of data that are used in
the forecast evaluation. The highest proportion of moving average based buy signals is generated for
the British Pound, with the lowest being for the Australian Dollar. For the momentum based indica-
tor, the largest proportion of buy signals is for the Yen, while the lowest is for the Swiss Franc. Overall,
we can also notice from the first three ACFs and PACFs which are reported in the last six columns of
Table A2 that the binary indicators for the moving average and momentum rules generate a fair degree
of persistence in the predictor variables, with not only sizeable ACFs, but also PACFs.

The relative strength index based regressors, which are continuous but bounded series in the [0,
100] interval, are broadly centred at an RSI value of close to 50 for all 6 exchange rate series. Skew-
ness and Kurtosis statistics indicate that the RSI based technical indicators are fairly symmetric without
any showing of heavy tails. The ACFs and PACFs for the RSIs also indicate a noticeable degree of first
order persistence in the series, similar to the persistence that an AR(1) process would generate.

A.3. Details of Dynamic Model Averaging (DMA) framework

To outline how the DMA framework is implemented, let y, denote the variable to be predicted at
time period t. Also, let X,; be a (1 x K) vector that contains the full set of k predictors plus an inter-
cept term (K=k+1), and let m=1, ..., M denote the model index, where M =2* is the total number
of possible (linear) model combinations (including the trivial model with only a constant term in it).>
The set of predictors contained in the mth model is denoted by x(™, with the dimension of x(™ being
(1 x Ki). The two equations that make up the DMA framework (for model m) are:

Measurement: y, = x™) B™ +u{™ (A12a)
(Ix1)  (IxKm) (Kmx1)  (1x1)

State: g™ = B + g™, (A12b)

(Kmx1)  (Kmx1) (Kmx1)

where (A.12a) and (A.12b) are measurement and state equations, respectively. The two disturbance
terms u{™ and &™ in (A.12) are jointly Multivariate Normal (MN) distributed, uncorrelated with each
other and over time, that is:

34 When working with stock price data, a stock is considered to be overbought when its RSI is above 70 and as oversold when
its RSI is below 30. The choice of n= 14 is due to this being the most prominent value used among technical analysts, and in
many software programmes is the default setting. Our results do not change in any important way if we use n =20 instead,
which is another popular setting.

35 Note here, that, for simplicity of notation, we do not include i index counters on the technical indicators, but it should be
clear that these are computed for the currency of interest.

36 The term model here refers to the different possible linear combinations that can be obtained from using k predictors in a
regression context, rather than the more general definition, where a model can be anything, potentially as flexible as non-
linear or a non-parametric specification. The use of the term model is standard in the model averaging literature.



Table A2
Summary statistics of the technical predictor variables used by chartist forecasting agents.
Currency  Technical indicator ~ Mean Median Std. Dev.  Skew Kurt Min Max ACF(1)  ACF(2) ACF(3) PACF(1) PACF(2) PACE(3)
EUR IMA{2%) 0.4108 0.0000 0.4920 03627 11315  0.0000 1.0000 0.9426 0.9214 0.9011 0.9427 0.2950 0.1066
IMOM(=?) 0.4150 0.0000 0.4928 03450 11191  0.0000 1.0000 0.9401 0.9220 0.9029 0.9404 0.3305 01172
RSI(® 511616  50.7440 171477 0.0690 24367 11799 96.0865 0.9265 0.8569 0.7861  0.9269 -0.0119  -0.0477
JpY IMA{%0) 0.4563 0.0000 0.4982 01754  1.0308  0.0000 10000 0.9190 0.8849 0.8602 0.9192 0.2602 0.1335
IMOM(% 0.4756 0.0000 0.4995 0.0976  1.0095  0.0000 10000 0.9214 0.8825 0.8515 0.9216 0.2227 0.1007
RS 49.8455 50.5988 16.9567  -0.0051 2.5552  0.1479 99.6377 09196 0.8442 0.7685 0.9199 -0.0091  -0.0437
GBP IMA{%0) 0.4578 0.0000 0.4983 0.1694 1.0287  0.0000 1.0000 0.9404 09207 0.8961 0.9406 0.3158 0.0658
IMOM({"3?) 0.4444 0.0000 0.4970 0.2236  1.0500 0.0000 10000 0.9317 0.9034 0.8811 0.9318 0.2692 0.1262
RSIM) 51.1281 513032 16.9704 -0.0296 2.5395 1.4706 97.6821 0.9258 0.8533 0.7792  0.9266 -0.0287  -0.0495
AUD IMA{2?) 0.3902 0.0000 0.4879 0.4500 1.2025  0.0000 1.0000 0.9302 0.8998 0.8778  0.9303 0.2577 0.1349
IMOM{3? 0.4229 0.0000 0.4941 0.3121 1.0974  0.0000 1.0000 09197 0.8936 0.8640 0.9199 0.3079 0.0851
RSI( 523302 52.8121 16.5720 -0.0715 2.4626 0.7477 95.9903 0.9210 0.8449 0.7682 0.9210 -0.0217  -0.0453
CAD IMA{2%) 0.4180 0.0000 0.4933 03326 11107  0.0000 1.0000 09138 0.8784 0.8532 0.9139 0.2642 0.1398
IMOM(%) 0.4378 0.0000 0.4962 0.2509  1.0630  0.0000 1.0000 0.9142 0.8803 0.8609 0.9145 0.2705 0.1765
RSI( 517130 519048 16.1352 -0.0752 2.6570 0.4451 100.0000 0.9167 0.8383 0.7569 0.9179 -0.0116  -0.0603
CHF IMA{2%0) 0.3910 0.0000 0.4880 0.4468 11996  0.0000 1.0000 0.9271 0.8968 0.8686  0.9272 0.2662 0.0907
IMOM(% 0.4123 0.0000 0.4923 03564 11270  0.0000 1.0000 0.9202 0.8985 0.8749  0.9203 0.3390 0.1223
RS 51.0410 50.7385 17.1793 0.0726  2.5061 1.2376 99.2857 0.9251 0.8524 0.7786  0.9255 -0.0248 -0.0474

Notes: This table reports standard summary statistics of all the technical predictor variables used by chartist forecasting agents for exchange rate data from January 4, 1999 to June 30,
2014. The three technical indicators IMA®™, IMOM{*® and RSI denote, respectively, the moving average indicator as defined in (A.7), the momentum indicator as defined in (A.8),
and the RSI indicator as defined in (A.9). The abbreviation ACF(p) stands again for the pth autocorrelation function. We also include the partial autocorrelation function denoted by PACF(q)
for order gth in this table to provide extra information about the dynamic structure of the technical indicators variables.
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H™ 0
uf™ 0 (1x1)
L(m) ~MN 0! o o™ || (A13)
t (Kmx1) ( t

KmxKm)  (KpxKm)

where H™ and Q{™ are the variance and covariance matrix of the measurement and state equa-
tions, respectively.

Also, let M, denote the set of all possible models at time t, so that M, €{1,2,..., M}. Given knowl-
edge of H™ and Q{™ and by fixing the model set M; =m ie., to one particular model, the system in
(A.12) takes the form of a standard state-space model, making it thereby possible to extract or filter’
the time varying parameters B{™ as the ‘latent states’ using standard Kalman Filter recursions. One-
step ahead forecasts and forecast errors are available as a by-product of the Kalman Filter. Given M; =
H™ and Q{™, the Kalman Filter recursions are:

Prediction:: [3&@1 = B[([”]f[,l

P =P +Q{™ (A14a)
Im =x{m B (A.14b)

Prediction errors:  i{™ =(y, - Ji{"))
MSE of prediction errors : ™ = x{") P{"x; (" + H{" (Al4c)

Kalman Gain: G{™ =P{"x[ (" /F™
Updating: 8" = B7"s + G (v - ™) (A14d)
PV =P~ GXMP

where ﬁm V=B (B™), Ba() is the expectation taken with respect to a time t— 1 information set
denoted by 7, and p(m is the mean square error (MSE) of ﬁm ). Forecasts from model m using in-
formation set 7, are &enoted by y[‘[ 1~ The one-step ahead forecast error is ut’”’ and its associated
MSE is denoted by F™. The (K, x 1) vector G{™ is the Kalman Gain. The terms Bm and P<m> are updated
(or time t) estimates of the latent states B{™ and their corresponding MSEs.

The Kalman Filter recursions in (A.14) are conditional on H™ and Q™ (and model m). To avoid
having to estimate H™ and Q™, two simplifying assumptions are used in the literature. The first
one, which is due to Raftery et al. (2010), is to replace tﬁ[ml in (A.14a) by

pm (A15)

(m) _
I)t\t—l = 110

1
A
where 1 e[0,1]. This approximation implies that Q{™ =(2"'-1)P"},. In the given context, the A pa-

rameter is commonly referred to as a ‘forgetting factor’, as it determines how many observations are
effectively used for estimation.>’” The second simplifying assumption is to replace the time varying

37 This is also known as ‘windowing’. Intuitively, we can think of A as a weighting function, where observations 7 periods in
the past receive a weight of A% See the discussion in Section 3.1 in Raftery et al. (2010) and pages 872-873 in Koop and Korobilis
(2012) for more background and intuition about the use of forgetting factors in dynamic econometric models and what it implies
for the effective sample size.
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volatility H™ by a simple exponentially weighted moving average (EWMA) estimate, that is, H™ is
constructed as:

H™ = kH™ + (1- )02, (A16)

where x €]0, 1] is the standard EWMA smoothing parameter. Note here that an EWMA model can be
thought of as a special form of a GARCH(1, 1) model, ie., a restricted integrated GARCH(1, 1), with the
restriction being that the intercept term is fixed at 0 and that the weights on the t -1 volatility and
squared error term sum to unity.*®

Model averaging or selection in the DMA framework is achieved by weighting the forecasts by their
respective predictive model probabilities. To clarify this, let us define nﬁ‘T)] to be the probability of model
m given information up to time t - 1, written as:

ﬂg\rtn)l =Pr(M, =m|Z,,). (A17)

The DMA forecast of y, given information up to time ¢ - 1, denoted as E(y,|Z,,) is then computed
as:

E

J’r\][)]\fA = 2 Vi 17Tm 1 (A18)

m=1

that is, as a weighted average of the forecasts from all possible models, {_V[‘T ", with the averaging
weights being the predictive probabilities {7 .

To make the construction of the DMA forecasts in (A.18) feasible, model prediction and updating
recursions are needed. Let pj, =Pr(M, =m|M,, = j) denote the (time invariant) transition probability
of moving from model j at time t - 1 to model m at time t. Also, let f{™(¥:|Z.1) denote the predictive
density of y, given model m and information up to time ¢ — 1. This predictive density is a Normal density
evaluated at y, with mean and variance given by yﬁ{}‘)l and F™ as computed in (A.14b) and (A.14c),
respectively. That is, f{™(y|Z.)= (yt‘t ., E™). Given an initial or prior model probability mgw , the model
probability prediction and updating equations are then constructed as:

M
Model Probability Prediction:  z{{"; = Znﬁjm Dim (A19a)
Jj=1

”E\T)lfl\(lm) Vel Zia)
211 E\jt)] N yt‘z-tl)

Model Probability Updating : z{{" = (A.19Db)

A final simplification that is needed to make the computation of the predictive model probabili-
ties feasible is to approximate (A.19a) with

(m)
(m) T 11

ﬂt\t—l :ﬁ’ (A.ZO)
Z =1 ”t—(l\t)—l

where ¢ ¢[0,1]. The approximation in (A.20) has the advantage that one avoids having to specify an
M x M dimensional model probability transition matrix, which would make model prediction
computationally infeasible when M is large. The o parameter in (A.20) can again be interpreted as a
‘forgetting factor’.

38 It is well known in the volatility literature that GARCH(1, 1) models are difficult to beat in out-of-sample forecast evalua-
tions (see, for instance, Hansen and Lunde, 2005). Approximating the time varying volatility by EWMA is thus unlikely to create
any important loss in accuracy. We discuss later on how the x parameter is calibrated.
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The implementation of the DMA procedure to forecast exchange rate returns requires the calibra-
tion of the EWMA smoothing parameter x, as well as the two forgetting factor parameters, A and o
We follow the guidelines provided in RiskMetrics (1996, p. 97) for daily data and fix the k parameter
at 0.94. Koop and Korobilis (2012) recommend to set the values for A and « close to 1, so that the pa-
rameters (as well as the model probabilities) evolve gradually over time.*.

A.4. Calibration of A and o

We calibrate the A and o parameters by minimising the mean squared forecast errors (MSE) via
grid search on the first 500 observations, that is, on data from from January 6, 1999 to December 5,
2000. We use the following grid values for A and ¢, respectively: =[0.95 0.99 0.995 0.999 1] and
A=[0.95:0.01:0.99 0.995:0.001:0.999 0.9995 1]. The notation [a : ¢ : b] is standard Matlab nota-
tion for: increment a by c up to b. Note here that performing a grid search over A and o is computationally
demanding. We therefore do this only once, ie., on the first 500 ‘in-sample’ observations. The ‘esti-
mates’ of 2 and « are not updated as we roll through the sample. Also, due to the extra computational
burden, we do not calibrate the x parameter on the in-sample data, but simply fix x at 0.94, which is
the recommended value by RiskMetrics (1996) for daily data.

Notice from the A and o grids that we specify a somewhat coarser grid for ¢, which is the forget-
ting factor used in the construction of the predictive model probabilities (see equation (A.20) in the
model description section). As can be seen from the grid search plots below, there is not much vari-
ation in the MSE when it comes to different values of o We limit our search over the [0.95 1] interval,
which is the recommended range set by Koop and Korobilis (2012). For the A parameter, there can be
more variation at times and we thus find it important to use a somewhat finer search grid when con-
sidering values close to one.

In Figs. A2 and A3 we show the results from the grid search. In each figure, the vertical axis shows
the MSE and the horizontal axis (the x-axis) the A grid values. In each plot there are five differently
coloured solid lines corresponding to the 5 « grid points that we use. The dotted horizontal and ver-
tical lines mark the minimum MSE value and the corresponding A value at minimum, respectively.
The numeric 4 and o values at min MSE after the grid search are also shown in the plots. From the
plots in Figs. A2 and A3 it is clear that for all 6 exchange rate pairs, irrespective of whether funda-
mentalist or chartist predictor variables are used, the ‘best’ @ value is attained at o = 0.99. For 7 out
of the 12 plots, the ‘best’ A value is found at 2* = 0.999. The remaining 5 are found at values close to
0.999, that is, two are at 0.9995 and 0.998 respectively, and one is 0.996. Given these grid search based
optimal values, we calibrate for reasons of simplicity all fundamentalist and chartist DMA param-
eters at 1=0.999 and o= 0.99 and do not vary them for the 6 different exchange rates and the various
forecast horizons that we consider.

A.5. Computing agent specific multiple period ahead out-of-sample forecasts

We also use the direct forecasting approach to construct individual, agent specific h-period ahead
forecasts from the DMA framework. To do this, we re-write the relation in (A.12) (again using the general
y: and X, notation as

Y, =x(m ﬁf,'ff) +um (A21a)

= B, + g™, (A.21b)

39 See the discussion on pages 872-875 in Koop and Korobilis (2012). The effective window size, ie., how much of a weight
observations in the past received, is determined from 1/(1-A) (or 1/(1-¢), respectively). Choosing values below say 0.95, would
make the window narrow, so that only the very recent past would receive non-zero weights, which could result in very noisy
forecasts.
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Fig. A2. Grid search over A and o (x=0.94): Fundamentalist model calibration results.

where the h subscript in B signifies the relation to the h-period lagged value of x,. Using the same

Kalman Filter recursions as in (A.14), but now on the h-period lagged relation as specified in (A.21)

yields filtered estimates of the latent states (for each model and agent type a={F,C}), that is, [ir"*tf;l”).
Given ﬁt‘ﬁf,ﬁ”), the DMA based agent specific h-step ahead forecasts are then computed as:

2A - _N\M L Am) pA A
e = XE B A (A22a)
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Fig. A3. Grid search over A and o (x=0.94): Chartist model calibration results.

(m)
,h

A(m)

agent specific predictive model probabilities at time t are computed from

Aa(m)
A — Tt
t+hit M Aalj)

the
Am)) = B, The h-step ahead
(A.23)
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with nﬁ“,(”‘) being the (agent specific) filtered model probability, analogous to the definition given in
(A.19b), VYa={F,C}.
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