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Abstract

We use survey data on five bilateral exchange rates to provide empirical evidence of the fact
that professional forecasters of foreign exchange rates behave irrationally, in the specific sense that
they respond inaccurately to available information in the market when forming their predictions.
In particular, we find systematic biases in the forecasts resulting in the overreaction of analysts
to past information contained in the exchange rate dynamics: forecasters change their prediction
more than would be rational on the basis of past realized changes. In addition, forecasters are
heterogeneous in their irrationality: low performers in previous periods show a more pronounced
overreaction effect. This can be read as an indication of perpetration of past errors and continued
inability to learn from the past. In the second part of the paper, we exploit the novel structure
of our dataset, which consists of survey data extracted from the Bloomberg platform and readily
available to anyone. This feature allows us to consider own and others’ past forecasts as part of the
information set that analysts use in making their predictions. By using past forecasts as proxies for
relevant macroeconomic variables, we find evidence that analysts fail to correctly process not only
the information contained in the spot rate past dynamics, but also the information in this broader
set. We see this as confirmation of the existence of inefficiency and heterogeneity between low and

high performers also when full information is available.

1 Introduction

Forecast inefficiency can be defined as the failure by professional financial analysts to incorporate
all the available information in a timely and unbiased fashion into their predictions. Such behavior
generates irrational forecasts, an empirical puzzle that received considerable attention in the recent
financial literature. Our aim is to explain along the lines of behavioural finance what, according to the

standard neoclassical approach, would be considered simply as an irrational behavior. In particular,
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we are interested in considering which behavioural elements may cause professional forecasters to
depart from rational and statistically optimal predictions.

The concept of rationality in decision making, first introduced by [Muth/ (1961)), states that subjec-
tive expectations of economic agents should be the same as the conditional mathematical expectations
based on the ‘true’ probabilities that govern the behavior of the phenomena being forecast. In other
words, to be rational, forecasts should be based on the full information set available at any time, which
constitute the sigma algebra on which the true probabilities of the exchange rates realized values are
conditioned.

From Pesaran (1987), we learn that the following four conditions need to be met for predictions to
be rational: forecasts must be unbiased; survey-based forecast errors must be orthogonal to variables
in the information set of agents; forecast errors must follow a moving average process of order k-1,
due to the presence of overlapping predictions, where k is the number of periods ahead the prediction
is made E|; forecast errors must be efficient, i.e. orthogonal to past values of variables conditioning
the forecast. We test these hypotheses and extend the interpretation of these results using a similar
framework to the one of [Easterwood and Nutt|(1999), i.e. exploring whether error orthogonality exists
and, if this is not the case, whether the resulting bias can be systematically identified as heading in a
particular direction.

Considerable empirical evidence has been produced to show that decision making in forecasting
departs from rationality and previous studies found that the inefficiency may result in a dispropor-
tioned reaction to new information that becomes available to the market. For example, analysts may
overreact to stock price changes if, following the change, they forecast a price increase that is higher
than the price change that would be justified on the basis of the historical autocorrelation pattern.
On the other hand, analysts underreact, following a price change, if they forecast a price increase that
is lower than that implied by the past autocorrelation pattern.

While a large part of the literature has focused on stock market analysts’ forecasts, there is no
reason to believe that such non-rational biases should not be observed in other financial markets as
well. For example, on foreign exchange markets, one may potentially observe biased predictions, that
is forecasts that are systematically lower (higher) than the subsequent realisations. Similarly, forecasts
may be characterised by over (under) reaction. This happens if, following an increase (decrease) in
the exchange rate, the successive forecast error is systematically negative (positive); in other words,

when, following an appreciation (depreciation) E|7 the predicted exchange rate is systematically more

! As we are dealing with one step ahead forecasts, k is one in our case, thus making this condition equivalent to saying
that forecast errors should be serially uncorrelated. This is exactly what we do in the following, where we test for serial
correlation of forecast errors.

2This definition holds true if the exchange rate is defined in such a way that an increase corresponds to an appreciation,



appreciated (more depreciated) than the observed one.

The aim of this paper is to provide empirical evidence of the fact that professional forecasters of
foreign exchange rates respond inaccurately to available information in the market, by systematically
under or over predicting the underlying exchange rate and/or under or overreacting to it. We also take
the argument a step further and ask ourselves whether the biased reaction to the available information
may be related to the past performance of the analysts.

Thus, the core of the paper consists in performing simple regression-based rationality tests along
several dimensions, following the methodological contribution by Mankiw et al.| (1984) as adapted by
Easterwood and Nutt (1999) in order to cope with behavioral analysis of the departure from rationality.
In particular following the latter, we evaluate the role of the individual performance of the predictors
dividing our sample of individuals into high, medium and low performing forecasters and evaluate
whether there is a differential effect of these performances on the prediction of the spot rate.

Our results are in line with the wide existing empirical literature in the field (Macdonald and Marsh
(1996)); |[Frankel and Froot| (1987)); |Dokko and Edelstein (1989)); Keane and Runkle| (1990)); Ito| (1990);
Chionis and MacDonald| (1997); Jongen et al.| (2008])) and also confirm what observed by Easterwood
and Nutt| (1999)), despite the fact that their framework is related to earnings with a very different
structure of the data. In our context, where we cannot distinguish among positive versus negative
information, we find that on average forecasters tend to overreact to past information contained in
the exchange rate itself. Moreover, we find a significant autocorrelation pattern in forecast errors, a
fact that is not consistent either with the hypothesis of rationality.

Our results provide evidence of irrationality and overreaction across markets, currencies, and
professional categories of greater extent than we are aware of in any previous study; this is a result
of our novel and large dataset, which is innovative in two dimensions. First, the forecasts provided
by the subjects composing the panel of predictors per each currency are available directly on the
Bloomberg platform, which is updated with a frequency ranging from the single week to the quarter.
This allows subjects to revise continously their predictions and compare their forecasts decisions with
each other - a feature that could suggest a more efficient information diffusion process in comparison to
the more standard case where information is available only through regular monthly publications. As
a consenquence, one should expect analysts to be more efficient in incorporating available information
and consequently to make less biased and more rational predictions. However, this is not what we
observ: our results indicate the presence of a systematic bias in all currencies considered in the direction

of overreaction. All in all we suspect an effect of beauty contest bias in the survey predictions that is

as it is in the case of the EUR/USD exchange rate where an increase corresponds to an appreciation of the Euro versus
the US dollar.



rather enhanced than reduced by the presence of a regular and ready available update of predictions
from other components of the panel of predictors, along the lines of Morris and Shin| (2002), Bacchetta
and Wincoop (2006)), [Bacchetta and Wincoop| (2008).]

The paper is organized as follows: in Section [2] we present a review of the relevant literature
related to irrationality and overreaction in survey predictions and survey data on exchange rates. In
Section [3] we provide a detailed description of our database; in Sections {4| and we describe the

empirical methodology and show main results. Section [6] describes conclusions.

2 Literature Review

A considerable amount of research tackled the presence of inefficiencies due to behavioral biases in
professional analysts’ predictions of financial variables, with most studies concentrating on stock re-
turn predictions. An early important contribution in this respect is provided by [De Bondt and Thaler
(1985, {1987}, 11990). Based on the well established finding in experimental psychology that individuals
tend to overreact to unexpected and dramatic news, they find empirical evidence that such behavior
holds for professional analysts forecasting stock prices. Specifically, they find evidence of excessive
price rebounds in stock returns following strong bad past performance. They attribute this phe-
nomenon to positive overreaction to bad news (bad performance) that causes excessive pessimism on
bad performing companies. Subsequently, they extend the analysis to test a more general overreaction
hypothesis: is forecast error in earnings systematically linked to forecasted earnings? If this is the
case and thus a bias exists, does such bias get stronger with increasing uncertainty (meaning with
increasing forecast horizon)? They use a simple regression model of half-yearly earning forecasts for
a large number of companies and find substantial support to both these claims. Still looking at stock
prices, Brown and Harlow| (1988)) find empirical evidence (mainly in the short term) for three differ-
ent types of overreaction in price movements: the directional effect (extreme movements in equity
prices are followed by movements in opposite direction), the magnitude effect (the reaction follows
the magnitude of the initial price change), and the intensity effect (the magnitude of the reaction is
inversely proportional to the duration of the initial movement). Ikenberry and Ramnath| (2002)) find
evidence on market undereaction to the information contained in corporate news event (such as the
announcement of a stock split made by a company). Another important stream of research has taken
the view that market over or underreaction might be caused by analysts not producing statistically
optimal forecasts, but rather acting under different incentives. For example, professional forecasters

may be motivated to follow the market consensus (so showing a beauty contest type of behavior), or



to take a benevolent view toward a particular company not to disappoint that company management
with whom the analyst may be linked professionally. For example, by producing an optimistically
biased earning forecast for a company, the analyst may increase his chances to gain better access to
the management of that company, thus improving his company knowledge and/or the market it be-
longs to. Lim| (2001)) interestingly points out that such behavior is not necessarily irrational; in other
words, the under or overreaction resulting in these cases may be compatible with optimal and rational
earnings forecasts, under the assumption of a nonstandard definition of the loss function of the pro-
fessional forecasting activity. The predictability of expectational error has an important role also in
potentially shedding lights into the excess return predictability puzzle. Bacchetta and Wincoop| (2008])
find empirical evidence that whenever some variables are able to predict the expectational error, they
also play a role in predicting the excess returns. These findings are consistent across prices for variety
of asset classes, including exchange rates; however, for the latter, the evidence of predictability of both
excess return and expectational error is mixed and less robust. Still within the behavioral research
stream, a recent contribution from [Fujiwara et al.| (2012)) also stresses how professional stock and bond
forecasts are significantly influenced by their own past forecast, thus showing a behavioral bias. This
is because a forecast error arising from rational expectations cannot be temporally correlated. If it
was, then analysts would fail to incorporate past forecast error information in future predictions, thus
making the current forecast not rational. The authors show that while forecasts in the stock market
tends to be pooled by past forecasts, thus showing a herding behavior, forecasts in the bond market
seem to be bold: their current value tend to be negatively related to past forecasts.

Some other contributions aim at assessing whether the forecast biases described above may be
found in markets other than corporate securities, such as foreign exchange markets. Several studies
highlight how the issue of rationality of professional expectation formation processes is closely linked
to the performance of the predictions as well as to the heterogeneity of forecasting performances
across time and across forecasters. If the forecasting performance is related to differential beliefs
about the future path of exchange rates, the heterogeneity of forecasting performances may be viewed
as a consequence of differential model assumptions (chartists versus fundamentalists, (Frankel and
Froot| (1987))), differential information sets (informed versus uninformed, [Evans and Lyons (2002))
or differential capabilities (sophisticated versus naive agents; young versus old agents; experienced or
unexperienced institutional setting, |Long et al. (1990); Cho and Hersch| (1998); Beine et al.| (2007))).

Some other literature contributions try to extrapolate possible forecasts biases through the observa-
tion of spot rate dynamics. For example, [Manzan and Westerhoff] (2005)) start form the psychologists’

findings about heuristics of representativeness. This theory predicts that probability assessment are



made by individual in a heuristic and unsophisticated way, rather than by means of proper probabil-
ity theory. The theory is applied to the exchange rate markets through the hypothesis that agents
underreact to news in calm periods (low volatility), and overreact after a distinct series of exchange
rate changes (turbulent periods). This is because the event ‘many changes’ (i.e. high volatility) is
seen as representative of a situation of turbulence, where news coming to the market are seen as very
important. Hence they study a 2-states model with speculators only, where they under or overreact
to news depending on historical volatility and they find that their simulation replicate the observed
exchange rate dynamics relatively well.

Similarly to us, a number of other contributions in the literature concentrate on evidence from
survey data concerning exchange rates forecast biases. |Frankel and Froot| (1987) and [Cavaglia et al.
(1994) use survey data on foreign exchange markets to examine whether the failure of the forward
premium puzzle is attributed to irrational behavior on behalf of market participants or due to the
existence of time-varying risk premium; Marsh and Power| (1996) and |[Elliott and Ito| (1999) examine
the forecast performance of survey based exchange rate forecasts. |Cheung and Chinn| (2001)), in a
survey on exchange rate dynamics, discover strong presence of technical trading strategies and report
the belief among practitioners that large players dominate in selected currency markets. Finally,
Jongen et al.| (2012)) describe predictors’ behavior heterogeneity and identify the presence of chartist
and fundamentalists strategies in foreign exchange rate forecasts.

In an important contribution, [Ito| (1990) use survey-based data collected by the Japan Center for
International Finance (JCIF) in Tokio consisting of individual responses by several foreign exchange
rate experts of various nature on the yen/dollar exchange rate forecast for a variety of horizons. The
author finds that contributors are heterogeneous in their expectation formation and that expecta-
tions are irrational. Significantly, amongst the contributors surveyed, they find that exporters are
characterized by ‘wishful expectations’, e.g. their expectations are biased towards yen appreciation.
In another seminar contribution, (Chinn and Frankel (1994) also use survey data, collected through
Currency Forecasters’ Digest, covering forecasts for about twenty-five exchange rates provided by 45
contributors, including multinational firms, forecasting firms and banks’ economists teams. They find
that biased non-rational forecasts exist, and that major currencies appear to exhibit a greater bias
than the minor currencies. Also, forecasts for small countries appear to contain more relevant infor-
mation than forecasts formulated for big countries. For major currencies especially, investors would
do better by forecasting the exchange rate as a random walk and ignoring other current information.
The authors observe that perhaps forecasters are reluctant to issue predictions of future rates that are

the same as today’s rate, and this reluctance is more justified when it comes to smaller, less stable,



currencies.

Jongen et al. (2012)) also stress the importance to depart from the Muth standard rationality as-
sumption in order to understand more clearly the expectation formation process of economic agents.
They use individual monthly data for forecasts of three currencies. Abandoning the agent homogene-
ity and the rationality assumptions, they find evidence of heterogeneity in the data, and then they
construct an heterogeneous agent model to assess that agents use three forecast techniques (funda-
mentalist, chartist, and carry trade rules) and also switch between them according to how a certain

technique has proven successful in the past.

3 Data Description

We use a novel dataset drawn from publicly available foreign exchange rate forecasts provided by the
data collection platform Bloomberg. Up to our knowledge, there are no contributions so far using
this database to evaluate exchange rate forecasts efficiency. The use of survey data undoubtedly
represents an advantage with respect to frameworks where beliefs are modeled as latent unobserved
factors. Indeed, in the former context the researcher disposes of an explicit measurement of beliefs
and it is not required to specify a data generating process linking expectations to observed variables.

In previous contributions analysing the issue of efficiency in forecasting exchange rates, the data
used are typically extracted from periodic publications issued by market research institutions, gen-
erally available to a restricted target of professionals. On the other hand, our data are available
on the Bloomberg platform and thus potentially to every professional operator on financial markets
worldwide. This is relevant when measuring efficiency in predictions, as we may reasonably assume
that these forecasts can be included in the information set available to professional forecasters. More-
over, we believe that this feature of the data increases the impact of behavioral elements of analysts’
predictions, with respect to database used so far.

Our dataset analyses quarterly forecasts of the following five bilateral exchange rates, related to
four currencies: EUR/GBP, EUR/JPY, EUR/USD, GBP/USD and USD/JPY. We have considered
the set of forecasts relative to the end-of-quarter exchange rate over the period July 2006 to December
2011, for a total of 22 quarters.

A relevant aspect of our dataset consists in the fact that forecasts are not formulated simulta-
neously, meaning that one professional forecaster may formulate its forecast at the beginning of the
quarter, while another one may formulate its own forecast, relatively to the same period, up to three

months later, that is at the end of the quarter. In order to guarantee an acceptable degree of ho-



mogeneity in the information set on which the forecasts are based, we have chosen to restrict the
analysis to the first forecast issued by each forecaster during each quarter. In the resulting dataset
the overwhelming majority of forecasts are issued within the end of the first month of each quarter.

Given that not all forecasters issue forecasts at monthly frequency, the resulting dataset is dissem-
inated of a relatively high number of missing values, a problem that is amplified by the need to include
lagged values of individual forecasts in the econometric analysis. Therefore, in order to increase the
degree of freedom associated with our estimates, we have chosen to exclude from our dataset those
professional forecasters with a number of missing values greater than 7, which represents about the
30% of the temporal dimension of our dataset. This choice has been dictated by an effort to minimise
the impact of missing values imputation on our econometric results.

After these restrictions, we end up with five unbalanced panel datasets of end-of-quarter forecasts
on EUR/GBP, EUR/JPY, EUR/USD, GBP/USD and USD/JPY exchange rates, formulated respec-
tively by 14, 13, 18, 14 and 15 forecasters over a total of 22 quarters, from the third quarter of 2006
to the fourth quarter of 2011.

As a last step of the database construction, we have filled in the remaining missing values by
means of the Kalman smoother (Kalman! (1960), Harvey (1990)), after estimating univariate linear
Gauss state space models for every professional forecaster and for each of the five currencies. We
denote by f; ;1 1); the one step-ahead forecast of the spot exchange rate made by the i-th professional
forecaster at date t and by s; the spot exchange rate at date t. Thus, for each professional forecaster
and for each currency, we have used maximum-likelihood to estimate the following state-space model
of the local-level type, where the two equations represent respectively the measurement and the state

equation:

Jitr1e = Mt + St (1)

prear = pie + &, &~ N(0,07) (2)

Therefore we have employed the bilateral Kalman smoother to interpolate the missing values on
the observable variables of the system, that is the sequence of one step-ahead forecasts.
From a methodological perspective, the novelty of our work consists in the choice of modelling

the exchange rate forecast as a latent process following a basic gaussian linear state space model. As



a consequence, we easily estimate missing forecasts by implementing the bilateral Kalman smoother
algorithm to the series of observed exchange rate forecasts. The main advantage of this strategy is
that we end up with a balanced panel dataset and therefore we can estimate a dynamic panel data
model minimizing the loss of information. At the best of our knowledge, this is the first empirical
contribution where a dynamic panel model is estimated in order to test the rationality hypothesis in
the field of exchange rate forecasts.

Taking into account the 5 currencies together, we have 33 contributors to our survey based forecasts
dataset. Tables [TJand [2]summarize some of their features. In fact, in Table [2] predictors are classified
by the location of their legal incorporation. For example, if bank A has its headquarters in England, it
will be listed under the first column (EU). In Table [2predictors are classified by the extension of their
operations irrespectively of their formal headquarters location. For example, if predictor A is a typical
multifunction global bank head-quartered in England, but with global operations, it will be listed
under the fourth column (Global). According to these classifications, our sample is characterized as
follows: 21 are large multifunctional financial institutions, 5 are non-banking operators such as asset
managers or financial advisors, 5 others are retail or private banks, and the last 2 are purely investment
banks. The majority of these institutions (20) are based in Europe and (to a lesser extent) in North
America (8), although many of them operate at the global level irrespectively of their headquarters
location (19 out of 33).

Not surprisingly, large multifunction financial operators and pure investment banks are those whose
operations have a more distinct global reach, while the more specialized asset managers, advisers and
smaller retail banks do not typically extend their business beyond their base area.

In order to compare the forecasting performance across currencies, we have standardized the fore-
cast error to the value of the spot exchange rate in the previous period. Thus, if we denote by s¢
a generic bilateral spot exchange rate and by f; ;1 the one-step-ahead forecast made by the i-th
forecaster at date t-1 (i = 1,2,...,N, t = 1,2,...,T), where N is the number of forecasters and T is

the number of periods, we can define the percentage forecast error (F'E; ;1) as follows:

St — fi,t|t—1

FEij;1 =
St—1

3)

The main desciptive statistics on this variable are reported in tables from |3 to [/} We observe that
the average forecast error is generally quite heterogeneous among currencies and among predictors.
While for the EUR/JPY bilateral rate the forecast error is mostly negative except that for 3 predictors,
the EUR/GBP error is systematically positive: EUR/USD and GBP/USD rate has mixed (among



predicting institutions) positive and negative forecast error, while for USD/JPY the error is always
negative with the only exception of one predictor. From the t-test on the difference of the average
forecast error from zero, it follows that in the case of the EUR/JPY exchange rate, 5 out of 14
average individual forecast errors are significantly different from zero; in the case of the EUR/GBP
exchange rate, only 1 of 13 errors is different from zero; in the case of the EUR/USD exchange rate,
no forecaster is affected by a systematic bias; in the case of the GBP/USD exchange rate, 1 out of
14 forecast errors is significantly different from zero; for the USD/JPY exchange rate, 3 out of 15
forecasts are systematically biased.

From a summary inspection of data, the average percentage forecast error, for a given currency,
tends to be equally signed. This fact may be explained by the existence of unpredictable events which
have induced the forecasters to incur in an error of the same sign. Another possible explanation might
be the existence of bounded-rationality forecasting behaviors. In this second case, the high degree of
concordance among the signs of forecast errors can be taken as an evidence of some imitative behavior
among forecasters which generates a cross-sectional dependence among individual forecast errors.

Moreover, we have also considered the average percentage forecast error made on a given currency
at a given date, by the set of professional forecasters included in the sample (see table . The
main results is that the fact of averaging individual forecast does not remove the existence of errors
significantly different from zero, a fact wich point toward the existence of some form of aggregate

irrationality.

4 Predictors Use of Previous Periods Spot Information

In this section we test the hypothesis of rationality of professional forecasters and explore the charac-
teristics of this irrationality, as outlined in the previous section. Our methodology follows [Easterwood
and Nutt| (1999) but it was modified to take into account the different nature of the forecasts that we
use.

Forecast rationality implies that conditional on all available information and provided that this
information is used efficiently, forecast error should be unpredictable. Following Mankiw (1984), we

use the following equation to test the hypothesis:
4
FE;j1-1 = a0, + Z a; RSCy_i + €4 (4)

=1

where RSC; = (s; — s1—1)/s¢—1 is the percentage change of the realized spot exchange at time t. If the

rationality hypothesis holds true, all the coefficient of the previous equation [4] should be equal to zero:
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forecasters are using efficiently all available information and are able to predict correctly, on average,
the evolution of the exchange rate. Possible errors in prediction would be wiped out by the presence
of market operators that on average would compensate each other’s errors.

The estimate of eq. provides us also with a second source of information. It is also possible
to interpret the sign of those coefficients that result significantly different from zero, in order to
discriminate between different irrational behaviours of the forecasters. If one of the autoregressive
parameters of Eq. is positive (negative), this means that exchange rate changes are followed, on
average, by systematic positive (negative) forecast errors. A regularly positive forecast error in this
context qualifies the behaviour of predictors as underreaction to a change in the exchange rate, while
a systematic negative forecast error defines overreaction.

To explain why this is true, imagine that the exchange rate change in a given period increased.
A positive estimated coefficient would imply that the forecast error has a positive sign in the next
period. Since the forecast error is defined as the spot exchange rate minus the prediction of the
spot (as a percentage of the spot itslef), a positive sign indicates that the prediction has been lower
than the realized exchange rate, thus that the forecaster has underestimated the change in the spot
rate. In other words, he underreacted. To the contrary, a negative estimated coefficient signals that
as a reaction to a positive change in the rate, the analyst has expressed (in a systematic way) a
prediction higher than the spot that then was realized, meaning that the forecaster has overreacted.
The same holds true for a negative change in the rate: a positive estimated coefficient corresponds to
underreaction and a negative coefficient to overreaction.

In general, overreaction (underreaction) means that forecasters on average revise too much (too
little) their projections responding to the current movements of the exchange rate more (less) than
it would be rational to do: whether a change is observed, analysts overreact if they predict that
the change in the exchange rate will persist in the future more than would be on the basis of the
autocorrelation pattern.

Whether this irrationality existed in our database, we could shed further light on the nature of
this irrationality, implementing a decomposition of the forecast error first introduced by |[Easterwood
and Nutt| (1999):

FEi 1 = RSCi — PSCi 1. (5)

where RSC' is the (percentage) realized spot change and

PSCiyi1 = s

11



is the (percentage) predicted spot change between date t — 1 and date ¢. Then, we test the significance

of the two components of the decomposition proposed in equation by estimating the following

models: A
PSCyt—1 = Po,i + Z Bi RSCi—i + Gt (7)
i—1
4
RSCiy =0, + Z Vi RSCi—i + it (8)
i—1

where the maximum lag of the four models has been chosen on empirical grounds |

It is in fact true that, as recognized by Easterwood and Nutt| (1999)), testing that the parameters
of equation are not significantly different from zero is equivalent to testing that the parameters of
equation are not significantly different from the parameters of equation |8l In fact, if we subtract

equation [7] from equation [§ we get

RSCiy — PSCiyu—1 = (Y0 — Boi) + (11 — B1) RSCy—1 + (2 — B2) RSCy o+
(73 — B3) RSCy—3 + (74 — Ba) RSCr—s + (it — Git)

comparing equation [9] to equations [f] and [4] we obtain the following identities:

Qoi = 0,0 — Bo,i

ar =7 — B
az =72 — B2 (10)
ag =3 — 33

(s =71 —

meaning that if forecasts were rational (all the o parameters equal to zero), the parameters of the
model driving the projected changes (the 8 parameters) should be equal to the parameters of the true
data generating process of the spot exchange rate (the v parameters). We also investigate whether the
supposed irrationality is homogeneous or heterogeneous across predictors by implementing a modified
version of the |[Easterwood and Nutt (1999) methodology: we evaluate the performance of each single
forecaster of our panel by calculating their absolute percentage forecast error in each period, and for

each period we define as high performance predictors (HIGHPERF) those predictors possessing an

3Indeed, our preliminary empirical analysis has found that the right hand side variables are, for some currency,
significant up to the lag of order four, which corresponds to quarter on quarter exchange rate growth one year before the
reference period.

12



absolute forecast error which is in the lowest 20th percentile (for that year) of the distribution and
as low performance predictors (LOWPERF) as those belonging to the highest 20th percentile of the
distribution for the same year. We build dummy variables that correspond to these definitions and

include them in the regressions as follows:

4
FEjy;-1 = aoi+ » i RSCi_; + HIGHPERF + LOWPERF + €, (11)
=1

If the dummies in equation [T] are significantly different from zero, we conclude that there are
different degrees of irrationality characterizing the different subgroups of predictors in the sample,
captured by the different intercepts identified for the high performing, low performing or average
performing group. This is a test of heterogeneity in group behavior that discriminate between the low
and high performance predictors. Should this heterogeneity results form the estimates, we would then
like to investigate whether the type of irrationality tested in equation [4| (under or overreaction) in the
identified subgroups runs in the same direction as that observed in the group as a whole.

To do so, in the following equation we explore the interaction between each autoregressive compo-

nent in [ and the dummies HIGH and LOW performance, as follows

4 4
FEjju1 = oaoi+» aiRSC, i+ Y 0;RSC, ;* HIGHPERF + (12)
=1 =1

4
> "X\ RSC,_; x LOWPERF + HIGHPERF + LOWPERF + €;,
i=1
where the coefficients 6; identify the sign of potential irrational behavior of the group of the high
performing predictors, while the A; identifies the dimension and direction of the irrational behavior of

the low performing group.

4.1 Results

We have estimated five set of fixed effects panel models, one for each of the five exchange rates. The
choice of a panel model has been dictated by the relatively low temporal extension of our dataset,
which results in the need to exploit jointly the temporal and the cross-sectional dimension of our

dataset[T] for each of the five bilateral spot exchange rates.

4We also estimated individual time series model for each single predictor separately. These preliminary estimates are
not reported here but are available on request and show that no significant and reliable results emerge. The choice of
the fixed-effects estimator has been dictated by its consistency given that the Hausman test did not provide any strong
and uniform evidence in favour of a model with random effects. Moreover, we have verified that the magnitude and the
precision of our estimates are not significantly affected by the choice of a particular estimation technique.
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Observing the results of the estimate of the equation for the forecast error (see equation (4)))

reported in the first column of Table [9] we can state that:
Proposition 1 Ezxchange rate forecasts are irrational.

For the five exchange rates considered the hypothesis of rationality is always strongly rejected at
least at 5% significance level. The bilateral exchange rates for which the significance is stronger are
EUR/USD, EUR/JPY and USD/JPY, while the bilateral rates involving the GBP (EUR/GBP and
GBP/USD) show larger efficiency as highlighted by the lower significance of the coefficients of the

estimates of Eq. [4] . As a second results we can also state that:

Proposition 2 Ezxchange rate forecasters overreact to information contained in the exchange rate

itself.

This proposition comes from the negative sign of the estimated coefficients in column (1) of table
O} forecasters make a prediction for the future which is on average higher than the ex-post realized
change. They predict a larger (or smaller) value of the rate than the one observed ex-post. This holds
for almost all bilateral rates in our sample, with the exception again of the EUR/GBP and GBP/USD
rates. For the first, a positive significant coefficient shows that with some lag (3 to 4 quarters)
predictors of this rate tend to compensate overreaction observed for short lag, with underreaction
(and ultimately the predictions for this horizons are almost efficient.) For the GBP-USD rate, at lag
one we conclude that forecasters behavior is characterized by underreaction as they expect a lower
than realized variation in the spot rate, on average. We know that if the predictions were efficient
the coefficients in columns (2) and (3) of Table [J] should be exactly equal, as identified in Eq. [9}
this is almost never the case in our evidence. For those lags and rates for which the coefficients in
column (2) are not significant, we can conclude that forecasters fail to include in their predictions the
autoregressive component of the rate. When instead the coefficients of the equation for the Predicted
change (Column 2) are significant, this suggests that predictors are incorporating in their forecasts a

significant autoregressive element but in the opposite direction of the realized spot.
Proposition 3 Forecasters are heterogeneous in their irrationality.

In the last model we account for the separate effect of high and low performance forecasters:
In table we notice that high performance forecasters do not show significant departure from the
average in terms of the quality of their prediction, as the variable HIGHPERF is not significant for any

exchange rate. To the contrary, low performers show a more pronounced irrationality: the coefficient
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of LOWPEREF is small and negative, meaning that the overreaction effect (or the mitigation of the
underreaction, for those exchange rates that showed overreaction), is larger for this subgroup of our
sample. This can be explained in an intuitive but interesting way: past low performers continue to
perform worse than the average, because of a lack of ability to learn form their own past errors.

The estimates of Table [11| confirm that ‘low’ performers are characterized by a systematic forecast
error captured by a specific intercept. Moreover, for the EUR/JPY and USD/JPY bilateral rates,
we find that ‘high’ performers are characterized by a first-order autoregressive parameter that is sig-
nificantly different from that estimated for the rest of the sample. In other words, "high’ performers
compensate the general overreaction of the rest of the sample with a response of the opposite sign, over
a three-months forecast horizon. Ultimately, they exploit in a better way the historical autocorrelation
at lag one present in the time series. For lag greater than one we do not detect any specific autocor-
relation pattern of ‘low’ or ‘high’ performing professional forecasters, except that for the USD/JPY
bilateral rate for which we observe that the general sample tend to overreact to past realization of the
spot rate, while both the high performers and the low performers instead underreact. Ultimately, we

can conclude that there is a high degree of heterogeneity in predictions for this currency.

5 Predictors’ Response to Previous Periods Forecast Error

From the previous results we discovered that predictors fail to correctly predict the autoregressive
process of bilateral exchange rates and prove to be irrational in the sense of |Mankiw et al. (1984) and
we also find that forecasters tend to overreact to past observed information. Moreover, this irrationality
is not homogeneous among predictors, even in the same panel of forecasters: it is possible to identify
subgroups of forecasters characterized by different forecasting performance which substantially reflect
the heterogeneous degree of ability in identifying the empirical autocorrelation pattern of exchange rate
dynamics. These results are nonetheless limited to information available to market operators through
revealed price (the spot), without taking into account other types of information that may influence
the market for expectations and the decision process that each forecaster faces. Therefore in this
section we shift focus from previous-period (percentage) spot change to previous-period (percentage)
forecast error. This shift allows for the consideration of a richer set of information including the
macroeconomic factors such as changes in the structure of the economy to which the bilateral rate
refers, or any other event that might affect also other analysts’ forecasts whose prediction is observed
by the market operators and taken into account when forming their own prediction, in a beauty

contest-type framework (Morris and Shin, [2002).
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Analysing a broader definition of information allows us to address the question of whether analysts
only misinterpret the information contained in past dynamics in an optimal manner or whether analysts
generally misinterpret all relevant information. With these modification, we re-examine the issue of
forecast rationality, trying also to interpret the results obtained in terms of forecasting behavior.

With a parallel to the previous model, we test forecast rationality in the following equation:

FEyi 1 =00 +a1 FEy 1y o+t FEy o 3+ a3 FEy 3y 4+ as FEy 44 5+ €y (13)

A predictor is rational when she does not commit systematic errors given all information available
in the market. A condition for rationality would allow forecast errors to be serially correlated only
up to a moving average process of order k -1, where k is the number of steps ahead the prediction is
made (Pesaran (1987)). As we are dealing with one step ahead forecasts, k is one in our case, thus
making this condition equivalent to saying that forecast errors should be serially uncorrelated. Thus
we test forecast rationality by looking at the statistical significance of the autoregressive coefficient of
equation [T3]

Moreover, if the i-th intercept of equation [13[is positive (negative), then the i-th forecast is affected
by a systematic positive (negative) bias. Moreover, if some autoregressive parameter of equationare
greater than zero, positive (negative) forecast errors are systematically followed by positive (negative)
forecast errors, meaning that forecasters do not revise adequately their forecast in light of the updated
statistical evidence, meaning that they are underreacting to the observed quality of their projections.
We could also say that predictors overestimate the quality of their private information and consequently
show to be over-confident in their predictions, by responding in less than proportional way to observed
past performance.

On the opposite, if some of the parameters are lower than zero, this implies that positive (negative)
forecast errors are systematically followed by negative (positive) forecast error: the forecasters revise
too much their projections (in the opposite direction) in light of own observed performance, thus
making them overreacting to the quality of their projections. Also in this case, we could define this
as an under-confident behavior that shows in an excessive reaction of predictors to past observed own
performance.

In the following we explore instead what is the reaction of the predictors to their own observed
performance in the prediction market. It is itself a second type of rationality test that relates more to

the perception that predictors have with respect to how they performed in the past, which may also

16



take into account the dimension of error realized by their peers. This is a test of rationality in the
sense that they irrationally exclude past forecast errors from the informative set which should instead
condition their projections.

Following the same methodology as in the previous paragraph, we also estimate the following

models augmented with dummies taking into account the forecasting performance:

4
FEjyp-1 = a0i+ » i FE ;1 + HIGHPERF + LOWPERF + ¢, (14)
=1
4 4
FEjju-1 = oaoi+» aiFE_ gy i 1+ 6;FE_y ; 1+ HIGHPERF + (15)
=1 =1
4
Y XN FE;_y_;y * LOWPERF + HIGHPERF + LOWPERF + ¢;,
i=1

5.1 Results

In Tables [12] we report estimates from Eq. and find confirmation of strong autocorrelated forecast
errors for EUR/USD USD/JPY rates. For the former, we can identify a correction pattern for the
forecasters that react negatively to past committed errors. For USD/JPY instead, there is a compen-
sation among the coefficients at different lags. This seems to highlight an adjustment pattern that
corrects the myopic short-run behavior. The same happens for the EUR/GBP rate for which the
irrationality detected by a significant negative coefficient at lag of order one is compensated in the
long run by positive coefficients of higher order.

For the GBP/USD exchange rate, the compensation pattern runs the opposite way: in the very
short run for which the autocorrelation pattern is significant, predictors follow the trend which is
reversed already when taking into account lag of order two. Our results are in line with those by
Abarbanell and Bernard (1992)) which find autocorrelation in quarterly earnings forecast error over
the first three lags as an evidence of forecast irrationality.

The introduction of the dummies for high and low performance in the regression following Eq.
discovers that there is heterogeneity also in this case, as low performing subjects have a significant
different intercept from the rest of the predictors, without changing the pattern observed in the no-
dummies regression.

In table we show estimates of a more general model, where we have introduced as regressors
both dummy for ‘high’ and ‘low’ performing forecasters as well as the same dummies interacted with

lagged forecast error. We estimate this equation in order to assess if ‘high’ and ‘low’ performing
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forecasters are characterized by heterogeneity in the response to their observed past performance. We
observe that ‘low’ performing forecasters are characterized by different systematic errors captured by
group-specific intercepts, a fact which differentiates the quality of the projections made by the two
groups, the low performers and the rest (including the average performers and the high performers).
Moreover, the inclusion of the dummies for low performance forecasters reduces the significance of the
other autoregressive parameters: this evidence suggests that the irrationality of the forecasts observed
in the general regression of Eq. is mainly originated by the subgroup of predictors that is less
capable of realizing own mistakes and correct them for the future.

Low-performing forecasters are those whose forecast is further away from the realized rate in
absolute terms. High absolute forecast error corresponds to a negative forecast error in the next
period: the forecast is systematically higher than the ex-post realized spot. On average, the low
performing forecasters have predicted a depreciation that did not realize in the observed spot, for the
bilateral rates considered in our Sampl(—ﬂ They show a bias that is not common to the general sample

of the predictors. Given this evidence, we conclude the following;:

Proposition 4 Forecasters do not efficiently exploit the information contained in past forecast errors.
In particular, low performing predictions tend to be systematically biased in one direction of the bilateral

rate.

The latter statements suggests that there may be a predictable error committed by low performing
predictors, and we could possibly expect the direction of this bias. Whether this findings is related to
specific characteristics of the countries connected by the rate or whether this is a regularity present

in currency prediction in general, is hard to say.

6 Conclusion

We test for rationality in exchange rates forecasts, following a current stream of research in behavioural
finance whereby forecasts are often affected by a number of biases. We construct a novel dataset based
on historical data available on the Bloomberg platform containing predictions on 5 bilateral exchange
rates based on four currencies issued by a number of different professional forecasters, for each of
which we have an explicit indication of an individual —potentially heterogeneous — prediction. We find

consistent and articulated evidence of the presence of behavioral biases, which introduce an element of

SWe are aware that a depreciation of a bilateral rate in volume quotation system corresponds to the appreciation of
the corresponding currency in price quotation system. Consequently this statement does not have validity for bilateral
rates in general but is a recurring feature of the currencies considered in our sample and for the period studied in our
analysis.
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irrationality in the analysts behavour. In particular, exchange rate forecasters overreact to observed
information, in the sense that they revise too much their prediction following a change in the exchange
rate.

Moreover, forecasters are heterogeneous in their irrationality, in that forecasters who perform
worse historically tend to be more irrational, since their overreaction to past information is more
pronounced. As an additional perspective on these findings of irrationality, we extend our analysis
by looking at how forecasters exploit the information contained in past forecast error, as opposed
to only the past dynamic of the spot rate. Again, we find evidence that analysts do not efficiently
exploit this information, and react irrationally to the observation to their own past performance. The
investigation of the different performances realized by good of bad predictors has shed light on the
direction of the bias to which low performing predictors are prone, differently from the others. This
result is relevant because it could suggest that there is a predictable direction of the systematic error
that low performing predictors commit. Whether this finding is related to specific characteristics of
the countries connected by the rate or whether this is a regularity present in currency prediction in
general, perhaps related to imitation motives or beauty contest mechanisms is hard to say unless a

wider sample of bilateral rates is explored. This could be the starting point for future research.
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7 Tables

Table 1: Predictors distribution by location and type of institution.

Type of institution ‘ EU North America Asia Africa Total
Large Bank 12 4 4 1 21
Asset mgmt/financial adv | 4 1 0 0 5
Retail /private banking 4 1 0 0 5
Investment Bank 0 2 0 0 2
Total 20 8 4 1 33

Table 2: Predictors distribution by location and international extension

Type of institution ‘ EU North America Asia Global Total
Large bank 3 2 2 14 21
Asset mgmt/financial adv | 2 0 1 2 5
Retail /private banking 4 0 0 1 5
Investment bank 0 0 0 2 2
Total 9 2 3 19 33
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Table 3: Sample statistics by predictor for the forecast error of EUR-JPY bilateral exchange rate.

Forecast Error by predictor

Predictor 1D Mean Median St-dev  t-Statistic on Mean
ID1 -0.04 -0.05 0.09 -1.81
1D 2 0.01 0.01 0.09 0.51
1D 3 0.01 0.02 0.08 0.31
1D 4 -0.04  -0.05 0.07 -2.78
1D 5 -0.01  -0.00 0.07 -0.81
ID 6 -0.01  -0.01 0.09 -0.58
ID 7 -0.01  -0.02 0.09 -0.68
ID 8 -0.03  -0.02 0.07 -1.65
ID 9 -0.04 -0.04 0.09 -2.18
1D 10 0.00 0.02 0.08 0.15
1D 11 -0.01 0.00 0.07 -0.59
ID 12 -0.00 -0.01 0.08 -0.24
1D 13 -0.02 -0.01 0.08 -0.82
1D 14 -0.03  -0.03 0.06 -1.80

Note: t-Statistic on the difference from zero of the mean forecast error.

Table 4: Sample statistics by predictor for the forecast error of EUR-GBP bilateral exchange rate.

Forecast Error by predictor

Predictor ID Mean Median St-dev  t-Statistic on Mean
ID1 0.00 0.01 0.07 0.18
1D 2 0.02 0.00 0.07 1.27
1D 3 0.03 0.02 0.07 2.19
ID 4 0.01 0.00 0.07 0.91
ID5 0.01 0.01 0.07 0.89
ID 6 0.01  -0.00 0.07 0.39
ID 7 0.01  -0.00 0.07 0.82
ID 8 0.01 0.00 0.07 0.63
ID9 0.01 0.01 0.06 0.58
ID 10 0.01 0.01 0.07 0.80
ID 11 0.00 0.01 0.07 0.28
ID 12 0.01 0.00 0.08 0.85
1D 13 0.01 0.00 0.07 0.94

Note: t-Statistic on the difference from zero of the mean forecast error.
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Table 5: Sample statistics by predictor for the forecast error of EUR-USD bilateral exchange rate.

Forecast Error by predictor

Predictor ID Mean Median St-dev  t-Statistic on Mean
ID1 -0.02  -0.02 0.07 -1.26
1D 2 -0.00 0.00 0.07 -0.27
ID 3 0.02 0.02 0.07 1.39
1D 4 -0.00 0.01 0.07 -0.12
ID 5 0.02  -0.00 0.06 1.15
ID 6 0.01 0.02 0.07 0.54
ID 7 0.00 0.00 0.07 0.01
ID 8 -0.01  -0.01 0.06 -0.71
ID9 -0.01 0.00 0.07 -0.64
ID 10 -0.00 0.01 0.07 -0.06
ID 11 -0.00 0.01 0.07 -0.21
ID 12 0.02 0.01 0.07 1.36
1D 13 0.01 0.01 0.06 0.93
ID 14 -0.00 0.01 0.07 -0.13
ID 15 -0.00 0.00 0.07 -0.07
ID 16 0.01 0.01 0.08 0.45
ID 17 0.00 0.00 0.06 0.06
ID 18 0.00 0.01 0.06 0.18

Note: t-Statistic on the difference from zero of the mean forecast error.

Table 6: Sample statistics by predictor for the forecast error of GBP-USD bilateral exchange rate.

Forecast Error by predictor

Predictor ID Mean Median St-dev  t-Statistic on Mean
ID1 -0.00 0.00 0.05 -0.34
ID 2 0.00 0.01 0.08 0.20
1D 3 -0.03  -0.03 0.06 -2.52
ID 4 0.00 0.00 0.06 0.00
ID 5 -0.00 0.01 0.06 -0.22
ID 6 -0.02  -0.02 0.06 -1.54
ID 7 -0.01 0.00 0.06 -0.58
ID 8 -0.02 -0.01 0.08 -1.42
ID9 0.01 0.00 0.06 0.38
ID 10 -0.01  -0.01 0.06 -0.79
ID 11 -0.00 0.00 0.07 -0.06
1D 12 -0.00 -0.01 0.08 -0.11
ID 13 -0.01 0.00 0.06 -0.53
1D 14 -0.01  -0.00 0.05 -1.33

Note: t-Statistic on the difference from zero of the mean forecast error.
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Table 7: Sample statistics by predictor for the forecast error of USD-JPY bilateral exchange rate.

Forecast Error by predictor

Predictor 1D Mean Median St-dev  t-Statistic on Mean
ID1 -0.02  -0.04 0.07 -1.24
ID 2 0.01 0.00 0.07 0.99
ID 3 -0.01  -0.02 0.07 -0.84
1D 4 -0.02  -0.02 0.07 -1.09
ID 5 -0.01  -0.02 0.07 -0.64
ID 6 -0.02  -0.02 0.05 -1.39
ID 7 -0.04  -0.05 0.06 -2.99
ID 8 -0.02  -0.02 0.06 -1.16
ID9 -0.01  -0.02 0.06 -0.76
ID 10 -0.01  -0.00 0.05 -0.60
ID 11 -0.01  -0.02 0.06 -0.76
ID 12 -0.02  -0.04 0.06 -1.64
ID 13 -0.03  -0.03 0.05 -2.13
ID 14 -0.01  -0.01 0.06 -0.47

Note: t-Statistic on the difference from zero of the mean forecast error.

Table 8: Mean forecast error and standard deviation of percentage forecast error per quarter

EUR-USD EUR-JPY EUR-GBP GBP-USD USD-JPY

Mean St.dev Mean St.dev Mean St.devn Mean St.devn Mean St.dev
2006-4  0.02 0.01 0.06 0.02 -0.01 0.01 0.04 0.02 0.04 0.03
2007-1 0.00 0.02  0.02 0.03 0.01 0.02  0.00 0.02  0.02 0.03
2007-2  0.00 0.01 0.06 0.04 -0.01 0.01 0.01 0.01 0.05 0.03
2007-3  0.04 0.01 -0.02 0.03  0.03 0.01 0.02 0.01 -0.05 0.03
2007-4  0.02 0.01 -0.01 0.02  0.04 0.02 -0.02 0.02 -0.01 0.02
2008-1 0.07 0.03 -0.02 0.02  0.07 0.03 -0.01 0.02 -0.07 0.03
2008-2  0.01 0.03 0.10 0.03 -0.00 0.02  0.00 0.02  0.09 0.03
2008-3  -0.10 0.02 -0.08 0.04 -0.01 0.01 -0.09 0.02 -0.00 0.03
2008-4  0.01 0.03 -0.11 0.06 0.23 0.02 -0.16 0.04 -0.10 0.03
2009-1 -0.01 0.05  0.07 0.09  0.00 0.02 -0.02 0.06  0.08 0.05
2009-2  0.05 0.06  0.00 0.05 -0.07 0.03 0.13 0.05 -0.05 0.03
2009-3  0.05 0.05 -0.04 0.05  0.06 0.02 -0.00 0.05 -0.08 0.04
2009-4 -0.04 0.02 -0.03 0.05 -0.03 0.04 -0.01 0.04 0.01 0.05
2010-1 -0.09 0.03 -0.07 0.05 -0.01 0.02 -0.08 0.03 0.01 0.04
2010-2 -0.10 0.02 -0.15 0.04 -0.09 0.02 -0.01 0.03 -0.06 0.02
2010-3  0.12 0.04  0.05 0.04 0.06 0.02  0.07 0.04 -0.08 0.03
2010-4  -0.02 0.04 -0.06 0.04 -0.02 0.03 -0.02 0.03 -0.03 0.03
2011-1 0.08 0.04  0.08 0.05  0.06 0.02  0.03 0.03 -0.00 0.03
2011-2  0.03 0.03 -0.02 0.04 0.04 0.03 -0.01 0.02 -0.05 0.03
2011-3  -0.07 0.03 -0.13 0.05 -0.04 0.02 -0.04 0.03 -0.06 0.03
2011-4 -0.04 0.04 -0.04 0.04 -0.05 0.02  0.00 0.03 0.01 0.03
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Table 9: Forecast error decomposition.

Model(right side)= o, + Z;l a; RSCi_i + €y

Dependent Variable

(st — fi,eje—1)/(st—1)

Forecast error

(fi,t\t—l —8t—1)/st—1
Predicted spot change

(st —st—1)/st—1
Realized Spot Change

(1) (2) (3)

Currency: EUR-USD  RSC (t-1) -0.209 okk 0.042 -0.167 oK
RSC(t-2) -0.206 Hokx 0.056 -0.150 HoHk
RSC(t-3) -0.381 Aok 0.007 -0.374 Hohok
RSC(t-4) -0.429 HoHk -0.045 -0.473 HHK
F-statistic 19.67 1.54 32.06

Currency: EUR-JPY RSC (t-1) -0.384 ok 0.109 Hox -0.275 oK
RSC(t-2) -0.381 Hok -0.026 -0.407 oAk
RSC(t-3) -0.194 Aok -0.008 -0.203 Hokok
RSC(t-4) -0.214 HoHk -0.109 *x -0.323 HHK
F-statistic 11.34 2.87 16.92

Currency: EUR-GBP  RSC (t-1) -0.119 -0.140 HoHK -0.260 ok
RSC(t-2) -0.149 * -0.071 *ox -0.220 Horx
RSC(t-3) 0.198 Hox -0.003 0.195 Hok
RSC(t-4) 0.153 * -0.014 0.139 *
F-statistic: 4.91 8.31 9.80

Currency: GBP-USD  RSC (t-1) 0.133 * 0.005 0.138 ok
RSC(t-2) -0.394 worx -0.030 -0.424 Hork
RSC(t-3) -0.169 ok 0.073 Hok -0.096
RSC(t-4) -0.108 * -0.031 -0.140 *x]
F-statistic 14.92 1.08 14.68

Currency: USD-JPY  RSC (t-1) -1.034 Hokk 0.178 HoHK -0.856 oK
RSC(t-2) -0.900 HoHk 0.148 *x -0.752 oAk
RSC(t-3) -0.312 Hokk 0.063 -0.249 Hohok
RSC(t-4) -0.058 -0.031 -0.089
F-statistic 68.66 2.62 59.81

Note: Symbols * * *, *x, and * indicate significance at the 1%, 5% and 10% level, respectively.



Table 10: Forecast error and dummies high and low performance.
Regressors= aq; + lel a; RSCy_; + HIGHPERF + LOWPERF + €;

Dependent Variable: Forecast error

EUR/USD PVAL EUR/JPY PVAL EUR/GBP PVAL GBP/USD PVAL USD/JPY

°té

(1) (2) 3) (4) ()
RSC(t-1) 021 0.00 %% 0.38  0.00**  -0.14 0.07 * 0.13 0.04%  -1.02
RSC(t-2) 021 0.00FF%  0.37  0.00**  -0.14 0.07 * 039 0.00%  _0.87
RSC(t-3) 039 0.00 %% 019 0.01 *** 0.19 0.02%¢ 017  0.01%* 029
RSC(t-4) 043 0.00 %% 021 0.00 *** 0.14 0.06 * -0.11 0.09 * -0.04
HIGH PERF  -0.01 0.24 0.00 0.87 0.01 0.34 0.00 0.96 0.00
LOW PERF  -0.06  0.00*  -0.07  0.00*%*  -0.04  0.00%*  -0.05  0.00%*  -0.05

Note: Symbols * * %, x*, and * indicate significance at the 1%, 5% and 10% level, respectively. HIGH PERF is a dummy variable indicating the predictors b
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Table 11: Dependent variable: Forecast error and dummies high and low performance with interactions.
Regressors= aqg,; + Y1 @ RSCy_; + HIGHPERF + LOWPERF + Y.10; RSCy_; * HIGHPERF + Y} \i RSCy_; *x LOW PERF + ¢;;

Dependent Variable: Forecast error

EUR/USD PVAL EUR/JPY PVAL EUR/GBP PVAL GBP/USD PVAL USD/JPY

(1) (2) 3) (4) ()
RSC(t-1) -0.25 0.08* -0.60 0.00%** -0.12 0.46 -0.08 0.60 -1.44
du20high -0.01 0.32 0.02 0.24 0.00 0.73 0.01 0.53 0.04
RSC(t-2) -0.28 0.06* -0.52 0.00%** 0.05 0.83 -0.44 0.00%*** -1.34
RSC(t-3) -0.46 0.00%** -0.30 0.09* 0.29 0.16 -0.35 0.06** -0.33
RSC(t-4) -0.52 0.00%** -0.28 0.10 0.07 0.73 -0.19 0.19 -0.27
du20low -0.06 0.00%** -0.06 0.007%** -0.03 0.08* -0.05 0.00%*** -0.01
HIGH PERFxRSC(t-1) 0.15 0.34 0.33 0.09* 0.09 0.64 0.04 0.79 0.44
HIGH PERFxRSC(t-2) -0.07 0.64 0.22 0.25 0.05 0.81 0.17 0.32 0.38
HIGH PERFxRSC(t-3) 0.16 0.28 0.11 0.56 0.08 0.67 0.08 0.66 0.01
HIGH PERFxRSC(t-4) 0.14 0.39 -0.06 0.72 0.21 0.31 0.05 0.77 0.03
LOW PERFxRSC(t-1) 0.01 0.96 0.20 0.32 -0.08 0.70 0.26 0.14 0.39
LOW PERFxRSC(t-2) 0.12 0.47 0.12 0.54 -0.25 0.29 0.02 0.93 0.45
LOW PERFxRSC(t-3) 0.04 0.81 0.11 0.55 -0.16 0.50 0.20 0.28 -0.00
LOW PERFxRSC(t-4) 0.08 0.65 0.11 0.55 0.04 0.84 0.09 0.57 0.26

Note: Symbols x * *, xx, and * indicate significance at the 1%, 5% and 10% level, respectively. HIGH PERF is a dummy variable indicating the predictors b
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Table 12: Forecast error autoregressice structure
Model(right side)= ap; + 2411 a; FE ;i + €4

Forecast err. p-val
Dependent Variable: Forecast error

EUR/USD PVAL EUR/JPY PVAL EUR/GBP PVAL GBP/USD PVAL USD/JPY PVAL

(1) (2) (3) (4) ()
FE(t-1)  -0.065 0.245 -0.056 0407  -0.129  0.075*  0.203  0.003***  -0.256  0.000%**
FE(t-2)  -0.132 0.018% 0157  0.024**  -0.180  0.015**  -0.395  0.000%**  -0.256  0.000%**
FE(t-3)  -0.303  0.000%**  0.054 0.433 0.124  0.094*  -0.076 0.271 0.190  0.001%**
FE(t-4)  -0.360  0.000%**  -0.044  0.529 0.051 0485  -0.107 0.111 0.103  0.068**

Note: Symbols * * *, xx, and * indicate significance at the 1%, 5% and 10% level, respectively.



Table 13: Forecast error and dummies high and low performance.
Regressors= aq; + Zi‘ o FE, i + HIGHPERF + LOWPERF + €4

Dependent Variable: Forecast error

EUR/USD PVAL EUR/JPY PVAL EUR/GBP PVAL GBP/USD PVAL USD/JPY

8¢

(1) (2) (3) (4) ()
FE(t-1) -0.10 0.05%* -0.07 0.27 -0.16 0.03%* 0.17  0.01%  0.27
FE(t-2) 014 0.01%* 015 0.02%* -0.18 0.02%* 038 0.00%F*  -0.24
FE(t-3) 031 0.007%%  0.05 0.42 0.12 0.11 -0.09 0.17 0.21
FE(t-4) 037 0.00%*  0.04 0.51 0.04 0.60 -0.11 0.07* 0.15
HIGH PERF  -0.01 0.19 0.00 0.91 0.01 0.28 0.00 0.86 0.01
LOW PERF  -0.06  0.00%*  -0.07  0.00%* 004  0.00%*  -0.05  0.00%*  -0.06

Note: Symbols * * %, x*, and * indicate significance at the 1%, 5% and 10% level, respectively. HIGH PERF is a dummy variable indicating the predictors b



6¢

Table 14: Forecast error and dummies high and low performance with interactions.
Model(right side)= ag; + 3.1 oy FE;_; + HIGHPERF + LOW PERF + .10, FE;_;* HIGHPERF + Y1 \; FE;_; x LOWPERF + ¢;

Dependent Variable: Forecast error

EUR/USD PVAL EUR/JPY PVAL EUR/GBP PVAL GBP/USD PVAL USD/JPY PVAL

(1) (2) (3) (4) ()

FE(t-1) -0.07 0.58 -0.09 0.58 -0.19 0.24 0.10 0.53 -0.30 0.04**

du20high -0.01 0.31 -0.00 0.98 0.02 0.26 0.00 0.82 0.00 0.75

FE(t-2) -0.09 0.49 -0.06 0.73 -0.08 0.71 -0.37 0.02%** -0.44 0.01%**

FE(t-3) -0.37 0.007%** 0.11 0.50 -0.00 0.99 -0.10 0.53 0.20 0.20

FE(t-4) -0.40 0.01%%* 0.03 0.88 -0.12 0.51 -0.19 0.19 -0.06 0.72

du20low -0.06 0.00%** -0.07 0.007%** -0.05 0.01%** -0.05 0.007%** -0.05 0.00%***
HIGH PERFx FE(t-1) -0.12 0.38 -0.02 0.91 -0.06 0.73 -0.09 0.61 -0.11 0.45
HIGH PERFxFE(t-2) -0.08 0.56 0.02 0.90 -0.13 0.42 0.22 0.18 -0.01 0.94
HIGH PERFxFE(t-3) 0.05 0.67 -0.03 0.84 -0.06 0.72 0.03 0.86 -0.30 0.04%*
HIGH PERFx:FE(t-4) -0.01 0.92 -0.19 0.25 0.14 0.48 0.01 0.96 0.02 0.86
LOW PERFxFE(t-1) -0.01 0.97 0.03 0.85 0.07 0.73 0.12 0.50 0.07 0.66
LOW PERFxFE(t-2) -0.04 0.77 -0.12 0.47 -0.07 0.74 -0.08 0.64 0.24 0.18
LOW PERFxFE(t-3) 0.06 0.65 -0.05 0.76 0.16 0.46 0.01 0.96 0.06 0.70
LOW PERFxFE(t-4) 0.06 0.72 -0.03 0.89 0.17 0.37 0.08 0.59 0.21 0.20

Note: Symbols * * *, x*, and * indicate significance at the 1%, 5% and 10% level, respectively. HIGH PERF dummy for predictors belonging
to the lowest 20th percentile of error, LOW PERF dummy for predictors belonging to the highest 20th percentile of error.
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