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l\/l’eese—F{ogoﬁc Redux: Micro-Based -
Exchange-Rate Forecasting

By MARTIN D. D. Evans axp RicHard K. Lyons®

This paper compares the true, ex ante fore-
casting performance of a micro-based model
against both a standard macro model and a
random walk. In contrast to existing literature,
which is focused on Jonger-horizon forecasting,
we examine forecastirig over horizons from one
day to one month (the one-month horizon being
where micro and macro analysis begin to over-
lap). Over our three-year forecasting sample, we
find that the micro-based model consistently
outperforms both the random walk and the
macro model. Micro-based forecasts account
for almost 16 percent of the sample variance in
monthly spot rate changes. These results pro-
vide a level of empirical validation as yet unat-
tained by other models.

The forecasting experiment proposed by
Richard Meese and Kenneth Rogoff (1983) re-
mains a benchmark against which exchange-
rate models are judged. Their result that
structural macro models cannot ouiperform a
naive random walk has proved robust over the
decades. Yet, the Meese-Rogoff paper was
never about forecasting in the true sense (i.e.,
using time~¢ information to forecast exchange
rates at ¢ + 1). By using concurrent, realized
values of the forcing variables, their regressions
were more about concurtent explanation than
about ex ante forecasting. Their only “forecast-
ing” element is in their reliance on ex anie data
to estimate equation parameters, which appro-
priately penalized models whose estimated pa-

- rameters were unstable.

Charles Engel and Kenneth West (2004,
2005) provide a valuable perspective on the
forecastability of exchange rates. Ongé explana-

* Evans: Department of Economics, Georgetown Uni-
versity, Washington, DC 20057, and NBER; Lyons: Haas
School of Business, University of California, Berkeley, CA
94720-1900, and NRER. We are grateful to Ken West for
" his comments and to the National Science Foundation for
financial support.
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tion for the random-walk nature of exchange
rates is that there exists some unobserved fun-
damental that itself follows a random walk (un--
observed being important because fundamentals
proposed in most macro models do not follow
random walks). They offer a different explana-
tion, one rooted in the asset approach to ex-
change rates and the present-value relation that
follows from it. Specifically, they show that if
fundamentals are I(1), but not necessarily ran-
dont walks, then as the discount factor in the
present-value relation approaches 1, the ex-
change rate will follow a process arbitrarily
close to a random walk, Intuitively, given that
an I(1) process can be split into random-walk
and stationary components, a discount factor
near 1 means that most all of the weight is
placed on furidamentals far into the future, ex-
pectations of which are dominated by the random-
walk component.

This paper takes the analysis of Engel and
West as an important reorientation of thinking
and brings it to the natural next step. Specifi-
cally, if there is little room for forecasting based
on stationary components of fundamentals, then
one needs to focus on where all the action is,
namely, exchange-rate dynamics that come
from expectational surprises. Though the sur-
prise part is, by definition, orthogonal to public
information, our micro-based model shows that
there should exist types of “nonpublic” infor-
mation that are useful for forecasting this part,
and where to Iook for these types of informa-
tion.! We then locate data on these types of
nonpublic information and test whether they
have true, ex ante forecasting power. We should

! We refrain from using the word “news” because it has
too sirong an association with macro information that is
public, which, even in the most careful of event studies,
explains less than 5 percent of exchange-rate variation in
total (see Torben Andersen et al,, 2003).
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emphasize that our tests are qualitatively stron~
ger than those of Meese and Rogoff: the hurdle

for ﬁndmg that a model outperforms a random

walk is even higher.

Importantly, our result that the micro-based
model outperforms the macro model does not
imply that macro fundamentals will never explain
exchange rates. Quite the contrary, our findings
are in fact consistent with the view that the prin-
cipal drivers of exchange rates are standard macro
fandamentals. As a conceptual matter, we show
this by providing a structural interpretation, using
a fundamentals-based model, that our findings are
consistent with fundamentals being the driver. As
an empirical matter, there is firm evidence that the
nonpublic information that we exploit here for
forecasting exchange rates is also useful for fore-

casting macro fundamentals themselves, so this
information is not orthogonal to the evolving real

economy (see Evans and Lyons, 2004b),

1. Forecasting Exchange Rates

- Why are future changes in exchange rates so
hard to forecast? To address this question, we
start with the present-value expression for the

spot rate:

(0 se=(1—1b) 2 b'Efiy,

i=0

where s, is the log nominal exchange rate ($/
other), and f, is current macro fundamentals.
This equation nests a large class of macro
exchange-rate models: The precise definition of
fundamentals and the specific form of the pa-
rameter b depend on the macro model in ques-
tion. To smdy the forecasting implications of
(1), we iterate forward to get

b
= Efi + 75 Bbsea

and then rearrange to obtain

' o 1-b
@) Aspr =g (5= Bf) + &0

where
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3 &1 =(1—-5) 2 bEs, — EMfrirs.

i=0

Equations (2) and (3) allow us to analyze how
the behavior of fundamentals affects the fore-
castability of exchange rates. To this end, let us
start with the simple case of fundamentals f,'
following a random walk, Equation (1) implies
that s, = E,f, in this case, so according to (2} the
spot rate must also follow a random walk. The,
point here is that unforecastability in spot rates
does not in itself imply that spot rates are dis-
coneected from fundamentals. Put differently,
forecasting success is not necessary for validat-
ing macro models.

Many macre models identify elements of f.as

“K1), but not random walks. In this case there

should be some forecastability. However, Engel
and West (2005) point out that forecasting will
still be hard because the value of & implied by
macro models is close to unity. We can illus-
trate their point with a simple example. Suppose
that changes in fundamentals follow the autore-
gressive process

@) = $Af—1 + 1,

with 1 > ¢ > 0 and aiso that E,f, = f, (ie.,

there is complete information about the current

state of fundamentals). Then (1) implies that
— f; follows an AR(1) process

be

-f;=d)(st 1~ fi- 1)+ .qu

and

1
Eit1 "*'r_‘"“g&'“:n-

These results imp g a theoretical R* from equa-
tion (2) of (1 — b)*¢¥[(1 — b*¢* + (1 — ).

Simple calculat:ons show that the implied val-

ues for R” are below 0.01 when b is greater thah
0.95 and ¢ is less than 0.8. There is very little
forecastability in As,, ; when b is close to unity
unless the changes in fundamentals are very
strongly autocorrelated.

In reality, forecasting exchange rates will be
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even harder than this example implies because
we do not have data on the real-time estimates
of fundamentals, E,f,. Even when we have the
“correct” definition of fundamentals and so can
construct a value for £, this ex post value may
differ significantly from the real-time estimate
(see e.g., Evans, 2005). Under these circum-
stances, estimating

: 1

Aspyr1 = T(Sr —fi) ¥ &y
will produce poorer results than our example
suggests because bias from measurement error
pushes the coefficient on s, — f, toward zero.

Engel and West’s analysis and .our simple
example suggest that forecasting future spot rate
changes with the fundamentals found in macro
models is indeed a challenge. This does not
mean that forecasting spot rates is ail bt mm-
possible. On the contrary, it suggests that we
reorientate our thinking toward a new class of
models. Specifically, if there is little room for
forecasting based on s, — f,, because b is close
to unity and changes in fundamentals are not
very predictable, then we need to focus on
where all the action is, namely, exchange-rate
dynamics that come from expectational sur-
prises [ie., g In equation (3)]. This is pre-
cisely the focus of more recent micro-based
models. Macro models are agnostic about the
process by which information is incorporated
into new forecasts (since all refevant informa-
tion is assumed to be public and the mapping to
price is direct and immediate). Micro-based
models focus, by contrast, on. the process
through which dispersed information becomes
known to the agents who set prices (the
“market-makers”™) and is thereby incorporated

in their expectations. Only after being incorpo- -

rated in- market-maker expectations does it af-
fect the prices that market-makers set.

II. Forecasting Models

. In this section we present the two models we
" shall use in our forecast comparisons. The first
- is representative of a wide class of macroeco-
nomic models. The second is a micro-based
model—a stylized version of the model de-
scribed in Evans and Lyons (2004a). Both mod-
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els produce a present-value represéntation for
the log spot rate similar to equation {1).

A. Macro Models

The macro model we examine has two central

. features: (i) the discount factor b is very close to

unity and (ii) information about future funda-
mentals arrives simultaneously to all agents,
who in turn revise their forecasts for fundamen-
tals in unison. Engel and West (2004) note that
feature (i) is a property of two of the most
important models used in macro: the money-
income model and Taylor-rule model. In the
former, fundamentals are given by

fi=m— mf— y(y,— y?)
+ g ap,

where m, is the log nominal money supply, y, is
log nominal output, g, is the real exchange rate,
and p, is the foreign-exchange (FX) risk pre-
mium (an asterisk denotes a foreign variable).
This specification produces a discount factor &
that equals (1 + «), where « is the interest
semi-elasticity of money demand in both coun-
tries. Engel and West note that estimates of « in
the literature of between 20 and 60 imply that b
is very close to unity. When interest rates are set
according to a Taylor rule, fundamentals are

1
fi=@.—pd —;[pﬂr e (F — 8
G .

+ ¢ m — 'Tr:lj]

where p, is the log nominal price level, y? is the
“output gap,” and , is inflation, In this case the
discount factor & equals (1 -+ @)~ 1, where @, is
the coefficient on the spot rate in the Taylor
interest-rate rule. Engel and West point out that
the values for ¢, implied by actual monetary
policy rules are small so that the discount factor
& must again be close to 1.

- Given the arguments above, there is lttle
point in trying to forecast As,, ; using s, — £,
Instead we make use of another feature of both
the money-income and Taylor-rule models, the
UIP equation: EAs,,; = i, — if + p, Notice
that if either model is correct,
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L 1-58 .
L= Ir+pt='—'—b_(sr_Enﬁ)-

Combining this expression with equation (2)
gives us the ex post version of the UIP equation:

3) A5t+l=i:_i;k+ Pr+3r+1-

It is important to stress that this equation is just
as good a specification as (2) from a forecasting
point of view. From a practical standpoint, both
equations reqbire arn assumption about the risk
premium. We consider macro forecasts based
on two assumptions: (A) p, = p and (B) p, =
1y — N, = i5). Both specifications are encom
passed by the regression: - :

©) AS:+1=ﬂo+a(i:_iT)+8:+1-

Under (A), we have UIP with a constant risk
premium: q; = p and @ = 1, and under (B)
deviations in UIP are perfectly correlated with
the interest differential @y = g, and e =1 ~ 7.
We shall refer to (6) as the UIP modei when
assumption (A) holds, and as the Fama model
when assumption (B) holds.

B. A Micro-Based Model

Exchange-rate dynamics in the micro-based
model also focus on the present-value relation.
However, in this context there is a rather subtle
but significant difference: the relevant expecta-
tion is that of the market-maker. Specifically,

(7) s;=(1—b) > VEY,,

i=0

Here the present-value relation characterizes the
form of the price-seiting rule for market-
makers; E7" denotes expectations conditioned
on market-makers’ information at the start of
period ¢ This is a crucial difference because
micro-based models focus on the process by
which market-makers obtain information (micro-
level learning, in contrast to the symmetric-
information learning in traditional macro mod-
els). In particular, rewriting (7) we have:

MAY 2005

I—5 .
(8a) As, = 5 (s, — ENf) + &y

@Bb) &, =(L—b) 2 bEL — ENfoyin.

i={

Thus, innovations in spot rates, &5 ;, come from
the present value of revisions in market-maker
forecasts of future fundamentais. )

Micro-based models tell us that market-
makers obtain information about fundamentals

{from the flow of transactions, spediﬁcallji' order

flow.> The idea is simple: If the trades of private
agents convey information about future funda-
mentals that is not currently known to market-
makers, then market-makers will learn from

* those trades. Note that for the trades of private

agents to convey information, it is not necessary
that private agents perceive themselves to have
superior information: they could instead be
trading for purely allocational motives (e.g.,
clearing export transactions or repatriating earn-

ings from abroad), with.the sum of these trades

conveying information about the macro-
economy that is not otherwise available at the
time. When a large number of agents are trading
for correlated reasons, the resulting transaction
flow during period ¢ (after s, is set) will convey
information to market-makers that causes them
to revise their fundamentals forecasts.

Let us now consider the implications of the
micro mode} for forecasting. First, note that any
variable correlated with the arrival of informa-
tion to market-makers will be correlated with
the exchange rate innovation e ,. Thus, trans-
action flows during period 7 seem an obvious
candidate, There is strong empirical support for
this idea in-the data (Evans and Lyons,
2002a, b). But from a forecasting point of view,
this does not get us far. Rather, we need to
understand whether transactions flows gener-
ated before period ¢ could be correlated with the
arrival of information between the start of peri-
ods ¢ and ¢ + 1. If every market-maker observed
all transactions flows contemporaneously, the
exchange-rate innovation &}, should only be

2 Order flow is signed transaction fow. Trades are signed
from the direction-of the initiating counter-party.
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. correlated with the unanticipated portion of
transactions flows during period ¢. As a result,
€741 should not be. correlated with transaction
* flows during periods ¢ — 1 and earlier.
in sum, the forecasting power of micro-
based models rests on two critical features.
First, transactions flows must contain infor-
mation relevant for fundamentals. This fea-
ture arises in an environment where either (i)
agents initiating trades in the FX market have
information they believe they can take advan-
tage of; or (ii) agents are trading for allocative
reasons and the aggregate of those trades cor-
relates with the current state of the macro-
economy. The second feature concerns the
delay between the time information first gen-
erates transaction flows and the time this fact
is widely recognized by market-makers. If
there is no delay because market-makers can
observe aggregate order flow contempobrane-
ously, then spot rates will be correlated con-
temporaneously with order flow (as in Evans
and Lyons [2002a]). The forecasting power of
order flow arises precisely because it takes
time for the implications of aggregate order
flow .to be recognized across all market-
makers and hence reflected in spot prices.
‘We can illustrate how information in order
flow may be delayed with a simple example.
Suppose market-makers observe only part of
the aggregate order flow in real time, and
learn fully about aggregate order flow with a
lag. In particular, let us assume that aggregate
order flow during period ¢, x,,,, follows an
AR(1) process: x,,.; = Ax, + v,,, where
U, 41 -18 an independently and identically dis-
tributed (i.i.d.} mean zero shock with variance
o>. Further, assume that each market-maker
(mdexed by z) observes a sample of aggregate
order flow x;,; during period-¢ trading where
1 =X+ &£, and &, is an i.1.d. mean
zero idiosyncratic shock with variance 02 We
also assume that market-makers learn the true
aggregate order flow with a one-period delay.
Thus, at the start of period £, market-maker i’s
information (}; comprises the history of ag-
gregate order flow {x,_,, x,_», -} and indi-
vidual order flow {x,, x;._{, x;_5, =-}. In this
‘environment, the unexpected order flow ob-
served by market-maker { during period #
trading can be shown to be
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— Elx,oy+ &4y

= Uy + APy, + §

® x§+1 - E::xi+1 = Xied

t+1

where ¢ = o3/(0% + 03) and E! denotes expec-
tations conditioned on Q‘ Thus the order flow
information received by markf_:t maker { has an
aggregate component v,., that follows an
MAC(1) and an idiosyncratic component £, ;.

This means that the information received by

individual market-makers during period-¢ trad-
ing will be correlated with past innovations in
aggregate order flow v,

Does this mean that the forecast revisions
&y, can be correlated with v,? Not necessarily.
It depends on whether market-makers would
find it optimal to change their own price quotes
in the face of idiosyncratic information. This is
not the case in models of market-maker behav-
ior (Lyons, 1997; Evans and Lyons, 2002a). In
the Bayes-Nash equilibriwin of these models,
each market-maker chooses to trade on idiosyn-

. cratic information (at the prices quoted by other -

market-makers) rather than simply announcing
it to others in the form of a price quote. More-
over, if differences between the guotes set by
market-makers in a given period make them
vulperable to being arbitraged, market-makers -
have a further reasoh not to change their quotes
in response to idiosyncratic information. In the
context of our example, this Bayes-Nash logic
means that market-makers would not change
their quote between fand 7 + 1 based on x;. ; —
Eix.,, because it contains idiosyncratic infor-
mation £ ;. Rather, they would wait until they
have a more precise signal, one that is purged of
&1 This is achieved at the start of period ¢ +
i when they learn x,. When all market-makers
learn x, the value of v, becomes common
knowledge.

We can put these ideas together in a stylized
mode] of fundamentals and order flow:

(10a) Af, = OAf,_, + u, + 8y,

(10b) %= Ax,_; + v,.

Equation (10a) extends our specification of
the fundamentals process in equation (4). In-
novations in fundamentals growth include a
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common-knowledge component 1, and a compo-
nent correlated with the innovation in apggregate
order flow, v, We assume that u, is observed
contemporaneously (i.e., at the start of period ),
and that v, only becomes known to all market-
makers with a one-period delay. Under these as-
sumptions, market-makers do not know the
concurrent state of the macroeconomy. Rather
Efi—1 = fi-p and B, = (b + Df; —
&fi— s + u, so f, — Eff, = 8u, With these tesults
" we can rewrite equation (7} as -

s, = Ef, + qumAﬁ
B b 5
STt TT=bet T T e

so the innovation in spot rates £/, = 5,,; —
Elspyy s

m pa—
&y =

1
I_—Td;(f’“ —ETfv1)

¢ n

b(f)(ﬁ_E’ﬁ) _'1—_"5(5'”&1
1 [1+ ¢( — b)}8
_1_b¢ul+l I_b¢) .

Finally, substituting for v, and combining the
result with (8a) gives the following forecasting
“equation:

- I
(11) A‘S'H—i_ ( E“ﬁ)-i' b¢ur+1
+ L i il (o, — )

1-bé

This equation shows that lagged order flows can
have forecasting power for spot rates even when
the discount factor is very close to unity: the
coefficient on the last term has a limiting value
of 6/(1 — ¢drasb — 1.

1In the empirical analysis below we consider
two forecasting equations based on (11). The
first specification is given by

MAY 2005

(12) Asy1=ag+ axfo + €11

where x°“ denotes aggregate order flow from
six end-user segments. The second specification
considers the forecasting power of disaggre-
pated order flow:

(13) As,,., = X0+ €y

6
ag + E a
j=1

where xf,ls denotes the order flow from segment
J. Notice that the transaction flows in both spec-
ifications are derived from trading that took
place before the start of period 7. Below we
refer to the specifications in (12) and (13) as the
Micro I and Micro T models.

One further point deserves emphasis: the fact
that aggregate order flow has forecasting power
for spot rates is not a violation of market effi-
ciency (at least not in the weak or semi-strong
senses of efficiency). As researchers, we have
access Lo aggregate order flow data that was not
part of the information set available to all
market-makers at the time they were setting
spot rates. Ex post, forecastability looks like a
missed opportunity for profit (though not nec-
essarily on a risk-adjusted basis). Ex anze, how-
ever, it is important to recognize that this order
How information is not available to everyone.

IH. Empirical Analysis
A. Data

Out empirical analysis utilizes a new data set
that comprises end-user transaction flows, spot
rates and euro deposit rates over six and half
years. The transaction flow data is of a funda-
mentally different type, and it covers a much
longer time period than the data used in earlier
work (e.g., Evans and Lyons, 2002a, b). The
difference in type is our shift from inter-market-
maker order flow to end-user order flow. By end

? Bquations (12) and (13) do not include the interest
differential to contro] for the first term on the right-hand
side of (11}. Adding the interest differential has no effect on
the forecasting performance of the micro-based models be-
cause, as we shall see, the differential has no forecasting
power whatsoever.
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users we are referring to three main segments:
nonfinancial corporations, investors (such as
mutual funds and pension funds), and leveraged
traders (such as hedge funds and proprietary
traders). The data set also contains information
on trading location. From this we construct or-
der flows for six end-user segments: trades ex-
ecuted in the U.S. and non-U.S. markets for
nonfinancial firms, investors, and leveraged
traders. Though inter-market-maker transac-
tions account for about two-thirds of total vol-
ume in major currency markets, they are largely
“derivative of the underlying shifts in end-user
demands. Our data on the end-user segments
include ail of Citibank’s end-user trades in the
largest spot market, the U.S. dollar/euro (USD/
EUR) market, from January 1993 to June 1999.#
The data also include all of Citibank’s end-user
trades in the USD/EUR forward market over the
same period. Citibank’s end-user market share
in these currencies is in the 10-15-percent
range; no other bank has a larger market share
in these currencies.

B. Forecast Comparisons

We test for forecastability in two ways. First,
we report mean-squared error (MSE) ratios to
be comparable with earlier studies, notably Nel-
son Mark (1995) and Jon Faust et al. (2003). We
also construct a new test statistic for comparing
the forecasting performance of models relative
to the random walk (RW).® This statistic, the
“projection” statistic, is both easy to compute
and has a straightforward asymptotic distribu-
tion under the null hypothesis that the exchange
rate follows a random walk. It also provides an
economically meaningful measure of forecast-
ing performance. All of our results are based on
recursive estimates of the non-RW model using
a growing number of observations.

“ Before January 1999, data for the euro are synthesized
from data in the underlying markets against the dollar, using
weights of the underiying curtencies in the euro.

3'We construct this test because conventional statistics
based on MSE's as computed by Lawrence Christiano
(1989), Mark (1995), and others have a complicated (non-
normal) asymptotic distribution when the models are
nested, as they are here (Todd Clark and Michael Me-
Cracken, 2001).
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We compute the projection statistic as fol-
lows: Let A’s,,,, denote the forecast of
APs ., == 5, ~ 5, computed from a model
estimated with data available on day ¢ First we
construct the recursive h-period out-of-sample
forecasts for the non-RW 'model over the fore-
casting period starting on day § and ending on

day T — h: (Le,, Asiyy forS<z=T-—h).

Next we regress the forecasts on the realized
values for As,,

AS:+;:|: = Bot BAs .yt Wiy

Under the null hypothesis that s, follows a ran-
dom walk, there is no forecast change in the
spot rate, so As, .z, = 0. Under these circum-
stances, the out-of-sample forecasts based on

the alternative model estimates,  As,,y, only

differ from zere due to the presence of sampling
error. Furthermore, since these forecasts are cal-
culated using data up to day ¢, the error cannot
be correlated with As,, , under the null. These
observations imply that we can compare fore-
casting performance of a model against the ran-
dom-walk benchmark, simply by testing for the
significance of the 8 coefficient. If the alternate
model does no better than the RW, we should
find estimates of @8 insignificantly different from
zero. If the alternate model does have forecast-
ing power, then the estimates of 8 should be
positive and significant. The only factor com-
plicating inference concerns the possible pres-
ence of serial correlation in w, . ,. We compute -
an estimate of the variance of B using the
Newey-West estimator (Whitney Newey and
Kenneth West, 1987).°

C. Results

Our results are reported in Table 1. The table
presents the forecasting power of four different
models; the UIP and Fama models based on
equation (6), the Micro 1 model specified in
(12), and the Micro II model specified in (13).

8 Consistency of the standard error on 3 requires that the
truncation lag used in the covariance estimaior increases
with the sample size. In practice we set the truncation lag 1o
h-1.



412 o AEA PAPERS AND PROCEEDINGS

TABLE 1~--FORECAST COMPARISONS

Horizon h (trading days)

Model 1 -5 10 15 20
Lhiig .
MSE 1.001 1.006. 1.012 1.016 1.021
(i value) (1.000) (10000  (1.000) (1.000) - {1.000)
B : " 0.000 0.000 0.000 0.000 0.000
{p value) ©058) (0.597) (0.542) (0488) (0.414)
Fama -
MSE Ratio 1.005 1.011 1022 1.035 1.054
{p value) (1.000) (1.000) (L.000)} . (1.0OC) (1.000)
B 0.000 0.003 0.002 0.003 0.010
(p value) (0.533)  (0332) (0457  (0452) (0.359)
Micro I

MSE Ratio 1026 1015 L001 0.946 0.896

(p value) (1.000) (1.000y <(L.000) (0.357) (0.106)
B 0.002 0.024 0.092 0.133 0.129
(p value} (©.398)  (0.118) (0.000) (C-000)  (0.000)
Micro H
MSE Ratio  0.961 0.876 0.848 0.810 0.806
(p value) ©.124) (0024y (0.091)  (0.045) (0.055)
B 0.027 0.057 0102 0.122 0.157
{p value) (0.005) (0.018) (0.005) (0.007) (0.002)

Notes: MSE ratio is the ratio of mean squared forecast
errors for the non-RW model to the RW model. The p value
from a ong-sided test for the RW nul! is reported in paren-
thesis under the MSE ratios, These p values are computed as
in Mark (1995) with the Andrews AR(1) rule for the trun-
cation lag. The p values below the estimates of 8 are for the
null 8 = 0 and are computed from the asymptotic distribu-
tion of the ordinary least-squares estimates using Newey-
West estimator with & — 1 lags,

These models are compared across five different
forecasting horizons &: 1, 5, 10, 15, and 20 trading
days, using 3 June 1996 as the start of -the fore-
casting period.” Note that 20 trading days corre-
sponds to four trading weeks (ie., roughly one
calendar month). In the UIP and Fama models we
use euro deposit rates with maturities that match
the forecast horizon. In the micro-based models
order flows are derived from transactions over the
h trading days starting on day ¢ — .

Tabie 1 shows that the forecasting perfor-
mance of the macro models is uniformly poor,

7 The number of out-of-sample forecasts used to com-
pute the MSE and projection statistics for & = {1, 5, 10, 15,
20} are 797, 793, 788, 783, and 778, respectively. Since
there are at least 38 nonoverlapping observations (778/20 >
38) in the forecasting period, our results should be Jargely
immune to the well-known small-sample problems that
plague inference in long-horizon forecast comparisons con-
ducted over standard data spans.
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in keeping with results from Meese and Rogoff
(1983) and the voluminous literature that fol-
lowed their work (for a recent update, see Yin-
Wong Cheung et al. [2005]). In contrast, the
forecasting performance of the micro models is
significantly better, particularly as the forecast-
ing horizon is extended. According to the pro-
jection statistic, the forecasting ability of the
Micro I model is significantly better than the
RW model at the 1-percent level at horizons of
10 days or longer. The results from the Mictro IT
mode] are, if anything, éven stronger. The pro-
jection statistics indicate that disaggregated or-
der flow has statistically- significant forecasting
power for spot rate changes at all horizons. This
finding is‘robust to our forecasting method. We

_ find similar results when forecasts are based on
- rolting estimates of the Micro I model using a

fixed number of observations.
The estimates of 3 also provides us with a

-more economically meaningful measure of the
“forecasting performance. By definition, the

h-period change in the spot rate comprises a
forecastable and unforecastable component:

As, 4 = ASespe + &y Multiplying both sides

of this identity by As,.,, and taking expecta-
tions gives us a variance decomposition for spot
rate changes:

VaI(AStJrh) = COV(ASHha ASr+1‘1|r)
o+ COV(BH;‘]},, Aseyp)

Since the projection coefficient B is simply
the ratio of the covariance between As,.,

and As, .y, to the variance of As, , ,, the val-

ues for B reported in Table 1 estimate the
contribution of the model forecasts to the
variance of spot rate changes over the fore-
casting period. As the table shows, forecasts
based on either micro-based model account
for-a greater fraction of the variance in spot
rates as the forecasting horizon rises. Fore-
casts from the Micro 11 model account for
almost 16 percent of the sample variance in
monthly spot rate changes. By this metric, the
forecasting power of disaggregated order
flows is truly significant from an economic
perspective.
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IV. Conclusions

Within the public-information paradigm,
which is standard in exchange-rate economics,
-the scope for successful exchange-rate forecast-
ing is narrow indeed: forecasts based on ex ante
expected changes perform poorly (Meese and
Rogoff; 1983; Engel and West, 2004b), and
forecasting surprises is, by definition, impossi-
ble from public information. Relaxing complete
information offers, at least -at the conceptual
level, a way. to proceed. We provide a model
showing why there may exist types of nonpublic
information that should be useful for forecast-
ing exchange-rate surprises (i.e., price changes
that cannot be explained based on measures of
public information}. Because our model provides
a structural interpretation that is fundamentals-
based, this shows that surprises being forecastable
is consistent with the bedrock idea that exchange
rates are driven by macro fundamentals,

The proof is, of course, in the empirical pud-
ding. When we compare the true, ex ante fore~

casting performance of a micro-based model

against both a standard macro model and a
random walk, we find that the micro-based
model consistently outperforms both: micro-
based forecasts account for roughly 16 percent
of the variance in monthly spot rate changes.
Because our analysis is not based on concurrent,
realized values of the forcing variables (as was
that of Meese and Rogoff [1983]), the results
provide a level of empirical validation as yet
unattained by other models. Put differently, our
tests are qualitatively stronger than those of
Meese and Rogoff in the sense that the hurdle
for finding that our micro-based model outper-
forms a random walk is even higher here, More-
over, as Evans and Lyons (2004b) show, there is
firm evidence that the nonpublic information
that we exploit here for forecasting exchange
rates is also usefu! for forecasting macro funda-
‘mentals themselves.

Future work along micro-based modeling
lines might consider the following related is-
sues. First, is the forecasting power here coming
from the real economy (i.c., the nonfinancial
firms)? If so, this would provide a still closer
link to the relevance of supply-side factors in
exchange-rate determination (in the spirit of
new open-economy -modeling). Second, if the
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dispersed information framework is the right
one, what are the implications for deep issues
such as market incompleteness, risk-sharing,
and goods:market pricing? Third, to what de-
gree is the information being revealed in order
flow actually macroeconomic information?
Might it instead be due, at least in part, to
vatiation in equilibrium expected returns? And
if the latter, what are the links to existing mod-
els of risk-premium determination?
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