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Abstract

We find that variation in expected U.S. productivity explains over half of U.S. dollar/G7
exchange rate fluctuations. Both correctly-anticipated changes in productivity and ex-
pectational noise, which influences expectations of productivity but not its eventual
realization, have large effects. This “noisy news” is primarily related to medium-to-
long-run TFP growth, and causes significant deviations from uncovered interest parity.
Together, these disturbances generate many well-known exchange rate puzzles, includ-
ing predictable excess returns, low Backus-Smith correlations, and excess volatility.
Our findings suggest these puzzles have a common origin linked to productivity expec-
tations. We draw a number of implications for leading classes of open-economy models.
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The real exchange rate—the relative price of consumption across countries—plays a cru-
cial role in clearing markets for both goods and financial assets in international macroeco-
nomic models. As a result, models typically imply that exchange rates are tightly linked to
cross-country differentials in macroeconomic quantities, real interest rates, and other asset
prices in the economy. However, in the data, real exchange rates appear largely disconnected
from such macro fundamentals: they exhibit virtually no correlation with current and past
macro quantities (e.g., Meese and Rogoff, 1983, Engel and West, 2005) or interest rates
(e.g., Fama, 1984), and at the same time are surprisingly volatile (e.g., Rogoff, 1996). As
a consequence, a tremendous amount of theoretical work seeks to understand what mecha-
nisms could generate these puzzling patterns in models. Yet, there is relatively little direct
empirical evidence on the origins of these puzzles in the data.

To close this gap, in this paper we aim to uncover the main empirical drivers of exchange
rate fluctuations in a model-agnostic way. Our key finding is that noisy news about future
TFP accounts for more than half of the overall variation in both real exchange rates and
macroeconomic variables. Thus, our results indicate that the exchange rate is indeed in-
trinsically connected to macroeconomic fundamentals, and that the apparent disconnect the
previous literature has documented arises because the impact of news manifests at different
horizons for exchange rates and macro quantities. Specifically, we find that the response
of the exchange rate leads the response of many macroeconomic variables by two years or
more, resulting in low contemporaneous correlation between the exchange rate and macro
aggregates, even though ultimately both sets of variables react to the same underlying source
of fluctuations. Moreover, the results indicate that the conditional responses to the noisy
news we identify generate a number of famous exchange rate puzzles, suggesting that many
well-known anomalies have a common, fundamental origin in noisy news about future TFP.

Our analysis proceeds in two steps. First, we estimate the basic comovement patterns as-
sociated with surprise changes in exchange rates in the data in reduced form. To do this, we
follow the VAR procedure of Uhlig (2003) to recover a set of orthogonal reduced form shocks
ordered by their importance in explaining exchange rate variation. When applied to the
dollar/G6 exchange rate we find that the first shock—the one most important to exchange
rate fluctuations—explains two-thirds of exchange rate variation and around 40% of the vari-
ation in macro aggregates. However, while the shock affects the exchange rate immediately,
its effects on macroeconomic quantities such as consumption, output and TFP are delayed.
Thus, this shock only generates a correlation between exchange rates and future macro ag-

gregates, leaving exchange rates “disconnected” from contemporaneous macro aggregates.



In particular, the shock has no immediate impact on Fernald’s (2012) utilization-adjusted
U.S. TFP, but leads to a significant increase in TFP three to five years in the future.

Intuitively, these results suggest that the exchange rate, a forward-looking asset price,
reacts to the arrival of news of future macro fundamentals. These results motivate the second
step of our analysis, in which we directly identify and isolate disturbances to expectations
about future U.S. TFP, and then estimate their effects on the real exchange rate and other
cross-country macro variables. To do so, we follow the approach of Chahrour and Jurado
(2021) to decompose and separately identify two orthogonal disturbances: (i) partially an-
ticipated changes to actual future productivity and (ii) expectational “noise” disturbances
that move expectations of productivity, but never materialize in realized productivity. In-
tuitively, this identification approach is designed to separately identify the signal from the
noise component in noisy news. It is useful to stress that in this second step of our anal-
ysis, we first focus solely on TFP and extract noisy news about that (arguably) exogenous
macro fundamental, and then turn around and study the impact of these noisy news on the
exchange rate.

We find that both anticipated future TFP changes and “noise” in TFP expectations
play an important role in driving exchange rates in the data. The noise disturbances give
rise to volatile but relatively short-lived fluctuations in the exchange rate, while correctly-
anticipated TFP changes impart persistent effects on the exchange rate. As a result, expec-
tational noise appears relatively more relevant at higher frequencies, while lower-frequency
movements in exchange rates predominantly reflect true technological disturbances. Taken
together, the two disturbances account for more than 60% of the variation in the level of the
real exchange rate, while explaining a comparable fraction of the variation in real macroe-
conomic quantities. However, as foreshadowed by our initial analysis, the impact on macro
aggregates is delayed relative to the response of exchange rates. We also study the impulse
responses of a number of other variables, such as the trade balance and equity prices, and
find that the U.S. current account deteriorates and U.S. and foreign equity prices rise in
anticipation of an improvement of future U.S. productivity. Thus, noisy news about future
TFP prove to be the rare structural disturbances that drive a large portion of both real
exchange rates, international business cycles and also other asset prices.!

Moreover, we find that the responses to these identified disturbances also generate a
number of well-known “exchange rate puzzles,” suggesting that a constellation of famous

anomalies share a common, fundamental origin in noisy news about future TFP. In partic-

!To the contrary, we find that pure surprise changes to TFP contribute little to exchange rates.



ular, we find that the noisy news disturbances cause significant predictable fluctuations in
excess currency returns, which generate violations of uncovered interest parity (UIP) that
are consistent with both the classic forward premium puzzle (Fama, 1984) and the more
recently documented reversal in this predictability pattern at longer horizons (Engel, 2016;
Valchev, 2020). Second, the conditional responses of exchange rates and cross-country con-
sumption differentials exhibit a weak negative correlation, in line with the famous Backus
and Smith’s (1993) puzzle. Third, the conditional responses also imply that real exchange
rate dynamics are highly persistent and that the impact on exchange rates is large relative
to macro quantities, two well-known features of exchange rate dynamics that the literature
calls the “PPP Puzzle” and the excess volatility of the exchange rate (e.g., Rogoff, 1996).
Combined, these results suggest that the constellation of classic exchange rate puzzles may
be explained by endogenous responses to noisy news about future TFP.

Two features of our analysis help explain why other studies that have examined the
forward-looking nature of exchange rates have generally struggled to establish a robust cor-
relation between exchange rates and future TFP (as well as with macro variables more
broadly). First, our estimates suggest that the news that matters for the exchange rate
are mainly medium-to-long horizon news—specifically news about TFP changes roughly 3
to 5 years in advance. The bulk of existing studies have concentrated on much shorter
horizons, seeking lead-lag relationships at horizons of one to two years (Engel and West,
2005). Indeed, we find that extending the forecast horizon of Engel and West (2005) regres-
sions reveals stronger evidence of Granger causality. Second, unlike previous literature, we
separately identify and account for expectational noise. This sharpens our results because
expectational noise weakens the correlation between expectations and realized fundamentals,
reducing the statistical power of empirical approaches that focus on the lead-lag relationship
between exchange rates and realized future fundamentals.

We conclude the paper with a discussion the implications of our results for several popular
types of open-economy models. One key finding is that models with complete asset markets
fail to replicate our finding that higher expected home TFP is associated with relatively
high current home consumption and an appreciated exchange rate. For example, in Backus
et al. (1994), consumption and the exchange rate do not move with the news of future TFP,
but only after the actual realization of TFP. Modern complete markets models with volatile
risk premia (e.g., Colacito and Croce, 2013) do generate expectational effects. But, in these
models, high expected home productivity cause a fall in current home consumption and a

depreciation of the real exchange rate, qualitatively the opposite of what we find in the data.



By contrast, models with incomplete markets (e.g., Gabaix and Maggiori, 2015; Itskhoki
and Mukhin, 2021) succeed in generating a current appreciation and an increase in the
consumption differential when home productivity is expected to improve. Intuitively, with
incomplete markets, productivity anticipation functions as a demand shock until the actual
realization of TFP (Kekre and Lenel, 2024). Nevertheless, all of the models that we examine
have the same counterfactual implication: they imply that the exchange rate depreciates
strongly upon the actual realization of TFP, while our empirical findings show that the
exchange rate only gradually depreciates after a home productivity improvement, remaining
appreciated overall for up to three years after the actual productivity increase.

We conjecture that this failure in the models is due to the fact that none of them cap-
ture the significant increase in expected foreign currency returns that we estimate in the
data following the realization of the TFP shock, which helps keep the USD appreciated.
In the benchmark incomplete-markets setups the literature currently operates with, how-
ever, currency premia fluctuate primarily due to exogenous “UIP” shocks and do not react
significantly in response to “macro” shocks (Itskhoki and Mukhin, 2021; Kekre and Lenel,
2024).2 A fruitful avenue for future research would be to develop models that feature both

incomplete markets and endogenously volatile currency premia in response to TFP shocks.

Related literature This paper is related to several different strands of the international
finance and macro literatures. First, we speak to the exchange rate determination puzzle,
that is the lack of correlation between exchange rates and macroeconomic fundamentals,
both contemporaneously and in terms of forecasting future exchange rates using current
macroeconomic fundamentals (Meese and Rogoff, 1983; Cheung et al., 2005; Rogoff and
Stavrakeva, 2008; Miyamoto et al., 2023). A related observation is that the exchange rate is
“excessively” volatile and persistent, as compared to macroeconomic fundamentals (Obstfeld
and Rogoff, 2000; Chari et al., 2002; Sarno, 2005; Corsetti et al., 2008a; Steinsson, 2008).
Contrary to this literature, we find that there is in fact a strong connection between
exchange rates and macroeconomic fundamentals, but one that relates current exchange
rates to future fundamentals. Our evidence supports the basic point of Engel and West
(2005) that exchange rates are forward-looking and should therefore predict, rather than lag

behind, macroeconomic variables. Our results contribute to this discussion in a number of

2Exogenous UIP shocks are common in the literature; e.g., Devereux and Engel (2002), Jeanne and Rose (2002)
Kollmann (2005), Bacchetta and van Wincoop (2006), Farhi and Werning (2012), and Eichenbaum et al.
(2020). Relatedly, Huo et al. (Forthcoming) find that international comovement between macro aggregates
is likely explained by non-fundamental shocks, though they do not speak to correlation with exchange rates.
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ways. First, we show that the link between current exchange rates and future fundamentals
runs specifically through imperfect and noisy anticipation of future productivity. Second,
we show that the noisy TFP news priced into exchange rates primarily concern TFP at
medium-to-long horizons (3 to 5 years in the future). Third, our study is unique in explicitly
accounting for expectational noise—fluctuations in expectations that are not associated with
actual subsequent changes in fundamentals—and we emphasize that ignoring this component
of expectations leads one to understate the forward-looking nature of exchange rates.

Another contribution of this paper is to show that a large number of famous exchange rate
puzzles have a common fundamental origin in noisy news about future TFP. In particular,
we find that the noisy news we identify do not only play an important role in the exchange
rate disconnect and excess volatility puzzles referenced above, but also in generating the
UIP puzzle (Fama, 1984; Engel, 2014) and the Backus-Smith puzzle (Backus and Smith,
1993). These puzzles have also received extensive theoretical attention, and interestingly the
great majority of proposed models consider classic “pure surprise” shocks to TFP, not news
about future TFP.* Our results show, however, that in the data the expectations of future
TFP are a more important driving force behind exchange rates, as compared to the surprise
realization of higher than expected current TFP.

Relatedly, there is a small but growing literature that documents the effects of “news
shocks” on international business cycles and develops international RBC models driven in
part by news shocks. That literature, however, has typically focused on the question of
comovement between macro aggregates across countries, and not on exchange rate dynamics
and related puzzles. In that vein, Siena (2015) argues that news shocks only lead to a small

amount of comovement between macro aggregates across countries, contrary to previous

3Another literature uses survey of expectations to measure the surprises in macroeconomic announcements
and studies their effect on exchange rates (Andersen et al., 2003; Faust et al., 2007; Engel et al., 2008).
In a recent paper, Stavrakeva and Tang (2020) find that the new information about past macroeconomic
fundamentals that the market obtains upon a new statistical release is an important driver of exchange rate
fluctuations. Our definition of “news” is different, however, as we specifically identify disturbances to the
forecast of future U.S. TFP changes, as opposed to revision of beliefs about past variables such as output.

4For example, time-varying risk (Alvarez et al., 2009; Verdelhan, 2010; Bansal and Shaliastovich, 2012; Farhi
and Gabaix, 2015; Gabaix and Maggiori, 2015), non-rational expectations (Gourinchas and Tornell, 2004;
Burnside et al., 2011; Ilut, 2012; Candian and De Leo, 2023) and liquidity premia (Engel, 2016; Valchev,
2020) have been proposed as explanations of the UIP Puzzle. On the other hand, Corsetti et al. (2008b), and
Karabarbounis (2014) develop models that explain the Backus-Smith puzzle. The Colacito and Croce (2013)
model of “long-run risk” occupies an interesting middle ground, since their shocks to TFP have persistent,
non-monotonic impulse responses and hence the main impact is in the future, which is akin to news.



evidence by Beaudry and Portier (2014).>:% Perhaps most closely related to us is the work
of Nam and Wang (2015), who use Barsky and Sims’ (2011) approach to identifying news-
to-TFP shocks. In contrast to us, however, they do not separately identify the effects of
correctly anticipated TFP improvements and expectational noise disturbances and they do
not document that role the anticipation plays in explaining the plethora of FX puzzles. This
additional analysis helps us to provide guidance for the development of exchange rate models.

Last, we note that a few recent papers document the presence of contemporaneous re-
lationships between exchange rates and specific macro aggregates in the data. Lilley et al.
(2020) find a contemporaneous correlation between U.S. purchases of foreign bonds and the
U.S. dollar, but only in the post-2009 period. Over a longer time span, Engel and Wu (2024)
show that monetary variables and measures of risk and liquidity account for a sizable por-
tion of variation in U.S. dollar/G10 exchange rates. Kekre and Lenel (2024) document that
higher U.S. yields relative to G10 yields (ranging from 3 months to 10 years tenors) are asso-
ciated with an appreciated U.S. dollar/G10 exchange rate. Kekre and Lenel argue that this
evidence, along with the Backus-Smith correlation, favors models in which exchange rates
are driven by persistent demand shocks, and note that news about long-run productivity

(like the ones we document) could in principle generate persistent movements in demand.”

1 Data and basic empirical framework

Our empirical analysis centers on a VAR
Yy = C(L)Y-1 + u, (1)

where the vector Y; contains data on the U.S. and a trade-weighted aggregate for the other G7
economies. Hereinafter, we will refer to the U.S. and the other G7 economies as the “home”
and “foreign” economies, respectively, and use the * notation to denote non-U.S. variables.

For our baseline analyses, the vector Y; contains eight variables: (i) the nominal exchange

5Corsetti et al. (2014) use sign restrictions to identify the cross-country effects of unanticipated productivity
and demand disturbances in the United States, including on the real exchange rate.

SGornemann et al. (2020) develop an international model of endogenous TFP growth, and show that at their
calibration it can account well for the low frequency movements in real exchange rates.

"Other papers document statistically significant relationships between exchange rates and commodity prices
(Chen et al., 2010; Ayres et al., 2020), exchange rate and external imbalances (Gourinchas and Rey, 2007),
as well as exchange rates and trade flows (Alessandria and Choi, 2021; Gornemann et al., 2020). In addition,
Hassan et al. (2016) document a relationship between stochastic properties of exchange rates and differences
in capital-output ratios across countries.



rate Sy expressed in units of U.S. dollar per foreign currency, (ii) Fernald’s (2012) series on
utilization-adjusted U.S. TFP, (iii) and (iv) are the U.S. real consumption and investment,
(v) and (vi) are foreign real consumption and investment, (vii) the nominal interest rate
differential, (viii) and the CPI price level differential between the U.S. and a trade-weighted

aggregate for the other G7 economies. The variables in our VAR can be denoted as:

Y, = [In(S,),In (TFP),In(Cy),In(CF),n (1) ,In (I) , In Gi:) In (g]]jitﬂ .

Using a trade-weighted aggregate of the other G7 economies as the “foreign” country
is standard in the literature (e.g., Engel, 2016). In any case, in Appendix B, we conduct
the analysis using six separate bilateral VARs between the U.S. and each other G7 country
separately. The results and the emerging conclusions of the bilateral VARs are very sim-
ilar, hence we have found that a VAR with a trade-weighted aggregate serves as a useful
benchmark to summarize the results.®

For our benchmark results, we use quarterly data for the time period 1978:QQ4-2008:Q2.
The sample stops in 2008:Q2 out of abundance of caution, to guard against a possible
structural break in the aftermath of the financial crisis, which is a potential pitfall as argued
by Baillie and Cho (2014) and Du et al. (2018). However, in Appendix B we conduct our
analysis on an extended sample through the end of 2018 and the results remain very similar.
Thus, we think the potential structural break is not a concern for our analysis, but to respond
to potential concerns we use the sample that stops in 2008:Q2 in the baseline analysis.

We describe the data and their sources in detail in Appendix A. As a brief overview,
the exchange rate is the average of the daily exchange rates within a quarter, obtained from
Datastream. The interest rate differential is the average of daily Eurodollar rates within a
quarter, obtained from Datastream.’ The CPI indices and the consumption and investment
series are from the OECD database. Lastly, the U.S. TFP is from John Fernald’s website.

We do not have a comparable, utilization-adjusted quarterly TFP series for countries
other than the US. Recently, a few papers have constructed novel utilization-adjusted TFP
for foreign economies (e.g., Huo et al., 2023; Comin et al., 2023), but we find that these
measures are not appropriate for our purposes. Most importantly, most such measures of

adjusted foreign TFP can only be constructed at annual frequencies (Huo et al., 2023) or

8Results when we use a simple average across the foreign economies, instead of a trade-weighted average, are
virtually identical.

9Note that these interest rate differentials are not forward discount-implied interest rate differentials, but
actual eurodollar rates.



over a very a short sample period (Comin et al., 2023), which limits the scope of the analysis.
Moreover, the Huo et al. (2023) measure of utilization-adjusted TFP for the United States
displays a fairly low correlation (0.42) with the widely-accepted Fernald measure for U.S.
TFP, suggesting it is measuring some different notion of technology (and beyond that is
only available annually). As a result, our benchmark analysis does not include a measure
of foreign TFP, but as a robustness exercise we report in the Appendix B, we consider
alternative specifications where we use the foreign Solow residual at quarterly frequency (to
maximize data coverage). All of our main results and conclusions remain unchanged.

We estimate the VAR in (1) using four lags and Bayesian methods with a Minnesota
prior. This commonly used prior assumes all series are separate random walks and that thus
there is no relationship between different variables in Y;. This choice of prior is particularly
conservative for our purposes, given that we want to test for a potential connection between
the exchange rate and the other macro variables.

Following the established convention (e.g., Sims et al., 1990; Eichenbaum and Evans,
1995), we estimate the VAR in levels and do not impose ex-ante that there are any specific
cointegration relationships. Nevertheless, in Appendix B we show that results remain un-
changed if one instead estimates a Vector Error Correction Model (VECM) that imposes the
same cointegration relationships as Engel (2016), where the real exchange rate and interest
rate differential are assumed stationary. More generally, we have found the results to be
robust to imposing a variety of other potential cointegration relationships.

Given the VAR estimates, our goal is to isolate structural shocks that are significant
drivers of the real exchange rate. To that end, we note that the reduced-form VAR residuals,
uy; can be expressed as a linear combination of leads and lags of the underlying structural

disturbances &,

u, = A(L)ey (2)

where we stress that A(L) = > A, L" is a potentially two-sided lead-lag polynomial. This
expression generalizes more traditional treatments in allowing for the innovations in the VAR
to depend on past, present, and future structural disturbances.

Structural assumptions are needed to identify A(L), and different assumptions lead to
identifying different structural disturbances series ;. For example, standard VAR treatments
often assume the true data generating process is invertible, which implies that A(L) = A,
is just a matrix. From there, one might assume the disturbances have a natural “Cholesky
ordering” in which some disturbances affect the economy before others, so that Ag is trian-

gular. Or, alternatively, one might impose sign restrictions on either short-term or long-term



impacts, which would in turn imply a different restrictions on Aj.

We conduct our analysis in two steps, going from fewer to more structural assumptions.
First, we use a “max-share” approach in the vein of Uhlig (2003) which makes the usual
assumption that A(L) = Ay, but otherwise makes minimal structural assumptions about A.
The results of this analysis then motivate our second step, in which we allow for a general,
potentially doubled-sided form for A(L), but then impose stronger economic restrictions to
specifically identify anticipated TFP disturbances and noise disturbances to expectations of
future TFP.

2 The main driver of real exchange rate fluctuations

We begin with an agnostic empirical approach that aims to isolate the main driver of ex-
change rate fluctuations in the data while imposing minimal ex-ante assumptions on the
nature of the underlying structural disturbances. To do so, we follow the max-share ap-
proach of Faust (1998) and Uhlig (2003) to extract the shock that explains the biggest share
of the variation in the real exchange rate. This approach was recently applied to real macro
quantities by Angeletos et al. (2020) to extract a so-called “main business cycle” shock. In
turn, we apply it to exchange rates, and in parallel to the Angeletos et al.’s (2020) terminol-
ogy, we refer to the shock we extract here as the “main exchange rate” (MFX) shock.'®
The real exchange rate ¢; is the difference between the log nominal exchange rate and

the differential in log CPIs, ¢ = s; + p; — pt, and hence given the included variables in Y},
qt = G;Y;fa
where e, = [1,0,0,0,0,0,0,—1].

To apply the max-share procedure, note that given the assumption of u; = Age; it follows

that the moving average representation of the VAR in (1) can be written as

Y, = Z BrAogr—k, (3)
5=0

where the {By} correspond to the coefficients in the M A(co) representation of B(L) =

OKurmann and Otrok (2013), Basu et al. (2021), Cormun and De Leo (2024), and Chahrour et al. (2023) also
contain applications of the max-share approach.



(I —C(L))~!. Then, the h-step ahead forecast error over the real exchange rate is given by

/
Qern — Be1qin = €y

h
Z BTAo€t+h,—T]

=0

where h > 0. The forecast error variance (FEV) of the real exchange rate, var(q.in —
E¢_1(qt+n)), is a linear combination of the variances of the (orthogonal) elements of the

vector &;, and in particular, the contribution of the first element £1; can be expressed as

h
Z BTAoelellAf)B;

=0

var (Qt+h - Et71<9t+h) ’€i,t+r =0Vi#l, 7=0,..., h) = 6; €q (4)

where e; is the selection vector so that Age; selects the first column of Ay, and ey, is the k™
shock in the vector ;.

We choose the rotation matrix Ay by maximizing (4) subject to AgAj = E(usu;). This
requires us to specify a horizon h at which the forecast error variance in (4) is computed, and
for that we choose h = 100 quarters, which effectively gives us the unconditional variance

of qt.ll

This procedure yields a partially identified system, in the sense that the above
maximization problem will uniquely determine the first column of Ay and thus the first
element of the shock vector of €; (which is what we are interested in), but not the rest.
Intuitively, the resulting shock series €y, is the reduced form innovation that makes the
largest contribution to the fluctuations in the log real exchange rate ¢;. This is not a struc-
tural shock with a clear economic interpretation — £1; is potentially a linear combination of
several underlying structural shocks. Rather, we view €y, as a reduced form way of capturing
the dominant factor driving surprise changes in the exchange rate in the data, whatever its

true deep origins might be (this is the topic of the second part of the paper).

Estimation results Table 1 reports the share of the forecast error variance of each macro
variable that is explained by the “main exchange rate shock” shock, across horizons from
1 to 100 quarters. We find that this shock is indeed a dominant driver of exchange rate
fluctuations — it explains roughly 70% of variance of the real exchange rate, in a variance
decomposition sense. Given its empirical importance for the exchange rate, understanding

the characteristics and the footprint this reduced form innovation leaves in the rest of the

1 Our results are robust to choosing a variety of horizons h. Moreover, the same procedure can also be applied
in the frequency domain, and the results remain very much the same if we target variation of ¢; over specific
frequencies instead.
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Table 1: Share of forecast error variance explained by the Main FX shock (&)

Forecast Horizon (Quarter)

Q1 Q4 Q12 Q24 Q40 Q100
Home TFP 0.03 0.06 0.20 0.37 0.45 0.43
Home Consumption 0.02 0.04 0.21 0.47 0.51 0.40
Foreign Consumption 0.01 0.04 0.06 0.21 0.36 0.30
Home Investment 0.29 0.34 0.32 0.40 0.42 0.41
Foreign Investment 0.06 0.08 0.15 0.22 0.34 0.33
Interest Rate Differential 0.40 0.39 0.30 0.34 0.35 0.39
Real Exchange Rate 0.50 0.69 0.82 0.73 0.70 0.68
Expected Excess Returns 0.47 0.33 0.34 0.44 0.45 0.47

Notes: The table reports the estimated variance shares accounted for by the main exchange rate shock at
different horizons.

economy could be very informative about the deep origins of exchange rate variation.

As a first step in this direction, we report the impulse response functions of the exchange
rate, and also other macro variables, in Figure 1. The median impulse response to a one
standard deviation shock is plotted with a solid blue line, and the shaded areas denote the
16-84th percentile bands.

The real exchange rate shows a significant response on impact, appreciating by about
2.5% after a one standard deviation increase in the MFX shock. The exchange rate response
also displays persistent hump-shaped dynamics, where it continues to appreciate for another
5 quarters after the initial impact, peaking at a maximum appreciation of about 3.5%, and
thereafter it steadily depreciates back to its long-run mean. These persistent non-monotonic
dynamics — with a half-life of roughly three years — are similar to the estimates in Steinsson
(2008) in the context of an univariate reduced form innovation to the exchange rate.?

The hump-shaped exchange rate dynamics also underlie a related cyclical pattern in
the exhibited deviations from UIP — specifically the MFX shock generates non-monotonic
movements in ezpected excess currency returns (bottom left panel of Figure 1). Expected
excess currency returns are defined as E;\; = E;Aqq + 77 — 1, and computed using
VAR-implied expectation. The impulse response of expected excess currency returns reveals

that these are negative on impact and remains so up to five quarters after the shock, and

2Hump-shaped dynamics also emerge following an identified monetary policy innovation. This “delayed
overshooting” result was initially shown by Eichenbaum and Evans (1995).
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Figure 1: Impulse Response Functions to the Main FX shock (e1)
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Notes: The figure reports the impulse responses to the main FX shock, along with the 16-84th (dark gray)
percentile bands. Each period is a quarter.
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then turns significantly positive and remains so for several years afterwards.

We also observe that in response to the MFX shock, the real interest rate differential
increases on impact (i.e. high U.S. interest rate) and gradually returns to its long-run mean.
As a result, in the immediate aftermath of the shock, the exchange rate response displays the
classic version of the UIP puzzle where the high interest rate currency (the USD) is earning
high returns (Fama, 1984). On the other hand, in the medium run, the direction of the UIP
violation reverses, with the USD earning low returns for an extended period of time — and
thus the MFX shock generates exchange rate dynamics that are consistent with the reversal
of UIP violations at longer horizons documented by previous studies such as Engel (2016)
and Valchev (2020).

Overall, the results suggest the MFX shock we are isolating is indeed associated with
the key features of exchange rate behavior that the empirical literature has emphasized
for decades — high volatility, and persistent, hump-shaped dynamics which are associated
with UIP violations that switch direction from short to long horizons. Thus, whatever the
ultimate structural source(s) of this reduced form innovation, it is indeed responsible for the

defining characteristics of exchange rate fluctuations in the data.

Broader footprint of the MFX shock The procedure for extracting €, imposes very
few ex-ante assumptions on the data. The trade-off is that we cannot uniquely label the
structural origins of the MFX shock. Still, given the prevailing view that exchange rates
are disconnected from the broader macroeconomy, it is interesting to consider whether the
MFX shock, which is identified purely off its consequences for exchange rates, is potentially
associated with significant dynamic effects on any other macro aggregate.

And surprisingly, given the vast prior literature on the disconnect between exchange rates
and macro fundamentals (e.g., Meese and Rogoff, 1983 and Engel and West, 2005), we find
that the MFX shock does explain a significant portion of the overall variation of several
important macro aggregates. Most importantly, it accounts for around 40% of the forecast
error variance of consumption (both home and foreign) and TFP at long horizons (see Table
1, rows 1 through 5). The reason this surprisingly strong connection with fundamentals has
been largely overlooked so far is that the effects of our main exchange rate shock materialize at
different horizons in exchange rates and macro aggregates — the exchange rate reacts strongly
immediately, while most macro aggregates react with a significant lag. This difference in
timing implies there is actually only a mild correlation between exchange rates and current

and past macro aggregates (conditional on this shock), in line with previous findings.
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We can see this most clearly from the impulse responses reported in Figure 1. Home con-
sumption only responds in statistically significant terms to the MFX shock after a year, and
foreign consumption does not exhibit a significant response until four years after the shock.
The effect on home consumption peaks at around 22 quarters after the shock, while foreign
consumption’s response peaks at around 30 quarters after the shock (by this time the effect
on exchange rates has completely died out). Moreover, the relatively stronger and quicker
impact on home consumption implies that the MFX shock generates the celebrated empir-
ical violation of the Backus and Smith (1993) condition, where high domestic consumption
is associated with an appreciated exchange rate, rather than a weak exchange rate.

Similarly, the MFX shock causes no significant impact on U.S. TFP up to four quarters in
the future, but productivity displays a significant and prolonged increase at longer horizons.
The effect peaks at an increase of 0.4% around 20 quarters after the initial impulse. Thus,
overall both consumption and TFP display a significant response in the medium-to-long run,
but no response in the immediate aftermath of the shock.

The differences in the timing of the effects of the MFX shock among different variables
can also be observed in the forecast error variance decompositions reported in Table 1. As can
be expected given the shapes of the IRFs in Figure 1, while this shock is equally important
for both short-run and long-run exchange rate fluctuations, it only explains 2% and 3% of
the one-quarter-ahead forecast error variance of U.S. consumption and TFP, respectively.
At the same time, the MFX shock explains roughly 20% of the forecast error of consumption

and TFP at the 3 year horizon, and 40% of their forecast error variance at longer horizons.

The main exchange rate shock at different frequencies We highlight that the
strength of the connection between exchange rates and macro aggregates depends on the
frequency range over which the maximization is performed. When maximizing over all fre-
quencies (1-1000 quarters periodicities), the MFX shock explains 37% of U.S. TFP variance
at forecast horizon Q24 — and even more at longer horizons (see Table 1). By contrast,
the explained fraction is about half as large when the maximization is restricted to business
cycle frequencies (6-32 quarter periodicities, see Appendix Table B.1). This pattern is con-
sistent with Miyamoto et al.’s (2023) finding that the relationship between exchange rates
and fundamentals appears weak when the max-share approach targets the business cycle
range.

In the following sections, we show that this empirical observation aligns with the no-

tion that expectational noise — fluctuations in expected productivity but not its eventual
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realization — obscures the connection between exchange rates and realized fundamentals,

especially at higher frequencies.

Takeaways Taken together, this evidence sheds important light on the “exchange rate
disconnect puzzle,” as broadly construed.

Indeed, our results confirm that the bulk of the variation in the real exchange rate is
essentially unrelated contemporaneously to aggregate consumption or TFP, two key macro
aggregates the prior literature has often studied in the context of exchange rates. Rather, we
find that the exchange rate leads these macro aggregates. Thus, our results suggest that the
canonical finding of a “disconnect” does not emerge because of an actual separation between
exchange rates and fundamentals, but rather because of a difference in the timing of the
responses in these variables.

The empirical approach so far offers an enlightening statistical summary of the data that
relies on minimal assumptions, but it cannot sharply label the deep structural origins of the
reduced form exchange rate innovation €;; we have uncovered. Still, the key finding that
macroeconomic quantities such as consumption and TFP only respond with a significant
delay, while forward looking variables such as asset prices (the exchange rate itself, but also
interest rates) jump on impact, suggests the further hypothesis that the MFX is capturing
(or at least heavily loading on) the classic notion of a news shock about TFP.

This is an interesting hypothesis, and challenges the emerging consensus in the literature
that exchange rate fluctuations are primarily due to currency market-specific financial or risk
shocks that are unrelated to macroeconomic fundamentals. In order to investigate this news
about TFP hypothesis in detail, in the next section we introduce some simple structural
assumptions that are sufficient to identify disturbances to expectations about TFP, and

evaluate whether they are indeed an important driver of exchange rates.

3 Expectations of TFP and exchange rates

In this section, we use the strategy of Chahrour and Jurado (2021) to identify two distinct
types of disturbances to expected TFP. The first type of disturbance captures all realized
changes to TFP, and may be imperfectly anticipated at an arbitrary horizon. The second
disturbance captures the noise in expectations that leads agents’ forecasts about future TFP
to fluctuate even when realized TFP does not change.

Our identification strategy can be understood in the context of a general information
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structure. Suppose that the process for home productivity is given by an MA(co)

ay = Z 6k€?_k‘ (5)
k=0

The €} are the innovations in TFP’s univariate Wold representation; we impose no additional
assumptions on the time-series dynamics of a;.

One key goal of our analysis is to identify the degree to which the future increments to
TFP, €f,,, are forecastable, i.e. whether E,(¢f,,) # 0. There are different ways to model the
time-t information set underlying this conditional expectation, and our empirical approach
will be general and flexible.

As a motivational example that would be helpful to explain the intuition of our identifica-
tion scheme, assume that each period agents perfectly observe current and past productivity,

along with an additional signal about future productivity,

e = Z Ckitr + Ut (6)

k=1

The process v; L a;i, Vk represents informational noise. Again, we put no ex ante restric-
tions on the weighs (; in the signal or on the dynamic process for v;, which also follows an

arbitrary MA(oo) process,
v = Z VkE] k- (7)
k=0

Evidently, the information structure in (5)-(7) allows for a wide range of signal structures
with noisy information about future TFP. But this structure also encompasses a range of
processes in which there is no explicit expectational noise shock, including the well-known
“long-run risk” process that has played an important role in asset pricing research and in-
ternational finance models with volatile currency premia such as Colacito and Croce (2011)
and Colacito and Croce (2013). Beveridge-Nelson, long-run risk, and other processes that
decompose a scalar fundamental into separate components observed by agents all provide
those agents with information above-and-beyond the observation of the fundamental his-
tory, and they can all be represented as including noisy observations of future realizations
(Chahrour and Jurado, 2018). In Appendix D.2 and D.3, we provide an explicit mapping
to (5)-(7) for the information structures of Blanchard et al. (2013) and Colacito and Croce
(2013).
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We separately identify the true technological disturbances € and the expectational noise
disturbances £} using the method of Chahrour and Jurado (2021). The assumptions of their
procedure are that (i) the productivity disturbances ¢ are orthogonal to other structural
shocks (as is standard) and (ii) the expectational noise innovations e} are orthogonal to
e? (intuitively, the procedure captures rational expectations errors, which are unrelated to
actual TFP by construction).

To get some intuition for how the procedure works in practice, consider the illustrative
case where productivity a; and the signal 7, are both directly observed by the econometrician.
As in standard VAR analysis, the joint process for [a;, ;] has many potential representations
that deliver the same autocovariances; identification requires some theoretical restrictions.
We can impose the (very minimal) restrictions implied by (5)-(7) by placing zeros in the

two-sided MA representation of [a;, 7] in the following way:

a 0 0 g * 0 e * 0 et
t =... 4 t+1 + t + t=1 4+ .- (8)
M x 0 €111 * % €y * % €1 1

The identification assumption that the noise disturbances €} are not related to TFP at any
lead or lag implies that the upper right corner of all matrices, leads and lags, is zero. In
addition, since £f is the Wold innovation to TFP, the upper left corner of all lead matrices is
zero —i.e. the technological shocks naturally move TFP only after they realize. Chahrour and
Jurado (2021) show this gives enough zero restrictions to identify the system—intuitively,
the number of remaining unrestricted coefficients is equal to the number of moments we
can estimate from data. With estimates for the unrestricted * coefficients in (8), we can
subsequently recover timeseries estimates of the disturbances €f and ¢}.

Of course, the above illustrative example implausibly assumes that the econometrician
directly observes the relevant signal 7;. However, the same identification can be achieved
by replacing 7, in the observation vector [as, 1;] with forecasts of future TFP, E;(a;1x), since
under our working hypothesis the expectation is a linear combination of the history of signals
and past TFP levels (which the econometrician observes). Thus, when we take this to the
data, we use the forecast of future TFP implied by our estimated VAR (equation (1)).
Formally, the key assumption needed for replacing 7; with the VAR~implied E;(a;x) is that
the forward-looking variables in the VAR, e.g. exchange rates and interest rates, reflect
the forward information about TFP that agents receive through the unobserved signals 7.

Moreover, if the data in our VAR fail to capture some of agents’ forward information, this
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will only bias us against finding any anticipation effects in our estimation. So if anything, it
will be harder to reject our null hypothesis that future TFP innovations are at least partly
forecastable.

For the actual implementation of this procedure we need to specify a target “horizon”
k for the VAR-expectation E,(a;. ) that we will use to proxy for n,. We choose k = 20
to match the peak in the impulse response of TFP in Figure 1. Based on that preliminary
estimation, it seems that TFP is most forecastable at medium-to-long horizons and we pick
k accordingly. However, in principle, if agents truly only observe one independent signal 7,
about future TFP, then the choice of horizon k is irrelevant, as any choice of £ will yield
identical estimation results (see Chahrour and Jurado (2021)). And in practice, we find that
our estimation yields very similar results for a wide range of k choices.

Lastly, it is interesting to note that when there are more than two variables in the VAR,
as in our baseline application, the procedure imposes only a subset of the restrictions implied
by the signal structure (5)-(7). In particular we do not impose the restriction that other
variables besides the target expectation (E;(a;1x)) have a zero response prior to the realiza-
tion of the noise disturbance ;. Because we do not impose these additional over-identifying
restrictions ex ante, one can use these additional restrictions as an ez post test of the in-
formation assumptions that motivate our identification approach. In our main application,
we find very small responses of other variables in this anticipation period, suggesting that

equations (5)-(7) provide a good description of the expectations process driving the economy.

3.1 The dynamic effects of TFP and noise disturbances

After we separately identify the TFP and informational noise disturbances, € and &},
we compute the resulting impulse responses of a number of variables of interest.

In order to understand first what our estimates suggest about how much forward infor-
mation about future TFP there really is in the economy, we start by examining the impulse
responses of TFP itself, a; and also the IRF of the 20-quarter ahead expectation of TFP,
E¢(a120) in Figures 2 and 3 respectively. Since our approach allows for productivity distur-
bances to potentially be anticipated, we plot each impulse response starting from 20 quarters
before the actual change in productivity, which we normalize to be t = 0, and then also plot
the evolution of the IRFs until 20 periods after the realization of the disturbance. Hence,
x-axis ranges from -20 to +20. The extent to which TFP anticipation plays a role in the

data can be evaluated by examining whether the estimated TFP forecast E;(a;;20) responds
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Figure 2: Impulse responses to Technology () disturbances
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Notes: The figure displays IRFs to a one standard deviation impulse in the technological disturbance at
time t = 0. The shaded areas are 16-84th percentile bands. Each period is a quarter.

significantly to e} prior to the shocks actual realization in period 0.

Consider first the response of TFP to an increase in €7, depicted in the left panel of Figure
2. This IRF is exactly zero in periods -20 to -1, reflecting the identification assumptions
described above — i.e. the estimated e} is the true innovation to TFP, hence there is no
impact on TFP before the actual realization. Consistent with typical empirical results on
U.S. TFP dynamics, we estimate that technological disturbances have very persistent effects.
A one standard deviation disturbance increases the level of TFP by around 0.75% on impact
(at t = 0), and the level of TFP is still a full 0.50% above trend 20 quarters after that.

In the right panel of Figure 2 we plot the impulse response of the expectation of TFP 20-
quarters ahead, E;(a;;20). For this and other endogenous variables, our estimation imposes
no ez-ante restrictions on whether anticipation effects are present (i.e. an effect before t = 0).
The key result is that indeed expected TFP is significantly higher than its long-run mean
even 20 quarters before the innovation actually realizes, manifesting a significant amount of
anticipation. Specifically, we estimate that 20-quarters before the actual increase of 0.75%
in TFP at time 0, agents expect that this future quarter’s TFP will be 0.2% higher than
average. Thus, roughly about one quarter of the actual improvement is anticipated a full
five years ahead. Moreover, as we get closer to the actual realization of €} at t = 0, the TFP
forecast steadily rises, as could be expected if forecasting near-term TFP is easier. Still, even
one quarter ahead anticipation is not perfect, as can be deduced from the jump in the IRF
at time 0, which indicates that the actual realization of €} still surprises agents and leads to

an adjustment of expectations upwards.
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Figure 3: Impulse responses to Noise (¢V) disturbances
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Notes: The figure displays IRFs to a one standard deviation impulse in the expectational disturbance at
time t = 0. The shaded areas are 16-84th percentile bands. Each period is a quarter.

Another way to see that expectations are imperfect is by considering the impulse response
to the pure expectational noise disturbance, €7, which we plot in Figure 3. The left panel
reflects our identification assumption that the expectational noise disturbances have no effect
on TFP at any lead or lag. Nevertheless, the right panel shows that these disturbances
move expected TFP significantly, as we estimate that a one standard deviation increase in
expectational noise (so an “optimistic” revision of future TFP), leads to a 0.5% increase in
Et(at20). The expectational effect is mean-reverting, which is consistent with the idea that
over time agents learn that their initial optimism was misplaced and expectations gradually
return back to their long-run mean in the absence of actual TFP changes.

Overall, the results in Figure 2 and Figure 3 support the hypothesis of a noisy-information
paradigm, where future movements in TFP are partially anticipated, but expectations are

noisy and sometimes move even though there is no actual change in productivity.

Broader effects We now turn to the effects of these two disturbances on the rest of
the endogenous variables in the VAR, with a special attention paid to the response of the
exchange rate. In Figure 4 we plot the responses of the interest rate differential, home
consumption, the real exchange rate, foreign consumption and the expected currency returns,
E¢(At4+1), to a TFP improvement (an increase in €f). In the top left panel we report again
the response of the level of TFP for reference.

We focus on the real exchange rate first. The response shows a pronounced V-shape,

reflecting significant anticipation effects where the real exchange rate steadily appreciates

20



before the actual TFP improvement. Moreover, there is only a small jump in the real
exchange rate right at time 0, which suggests that the surprise component in the TFP change
at time 0 does not matter much for the exchange rate. After the actual TFP improvement
the real exchange rate steadily depreciates back to its long-run mean. Thus, we estimate
that news about future TFP are indeed strongly reflected in the real exchange rate.

Moving onto the response of real interest rates and consumption, we see that the 3-
month real interest rate differential also increases (meaning higher U.S. interest rates) before
the TFP innovation, peaking at around 7.5 basis points higher than its long-run mean
(which is 0.3% at an annualized basis), just before time 0. The interest rate differential
then steadily declines after the TFP increase materializes, and is in fact significantly lower
than its long-run mean for a prolonged period of time between 10 and 20 quarters after the
TFP improvement. Similarly, there is also a U.S. consumption boom before the actual TFP
improvement, and while foreign consumption also increases, that effect is noticeably weaker,
and the consumption differential is large and positive (not pictured). There is also a sense in
which the exchange rate leads consumption as the peak effect occurs sooner than the peak
effect in consumption.

This difference in the timing of effects is in fact more straightforward to see in the
impulse responses to the expectational shock €}, which we plot in Figure 5 and discuss next.
First, upon the improvement in expectations (recall that is period 0 on the z-axis), the
real exchange rate immediately appreciated strongly. This is another, and perhaps more
direct, estimate of the anticipation effects on the exchange rate, as the expectational noise
disturbance has no impact on TFP at any horizon. The exchange rate response to the
fluctuations in expectations is also fairly persistent, with the exchange rate returning to its
long-run mean only after around 12 quarters. The interest rate differential (another asset
price), also jumps immediately upon impact of the upward revision in expectations.

On the other hand, the response in consumption is much more gradual and delayed, with
no significant jump upon the shift in expectations at time 0, but rather a delayed increase in
consumption peaking around 3 years after the shift in expectations. This is a direct evidence
of the delayed effects on consumption which contrast with the immediate impact of news
on the exchange rate. These differential responses suggest that the underlying information
structure is one where the news agents receive is primarily about TFP at medium-to-long
horizons. And while the exchange rate, as a forward-looking asset price, jumps on impact,
consumption does not respond strongly until the expected TFP improvement becomes closer

in time. Lastly, foreign consumption also increases, but weakly so, and thus the consumption
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Figure 4: Impulse responses to Technology (£*) disturbances

Interest Rate Differential

percent

Home TFP
]_ L
=
8
5 057
&
0 ! !
-20 -10 0 10

Home Consumption

percent

20 -20 -10 0 10 20

Real Exchange Rate

percent

1
DO
o

1

—
o

o

10

Foreign Consumption

percent

20 -20 -10 0 10 20

Expected Excess Returns

percent

Notes: The figure displays IRFs to a one standard deviation impulse in the technological disturbance at
time t = 0. The shaded areas are 16-84th percentile bands. Each period is a quarter.

differential is positive and significant throughout.'3

In Appendix Figure B.1, we report the dynamics of the U.S. trade balance (as a %
of U.S. GDP) in response to technological and noise disturbances. We find that the real

exchange rate and the trade balance appear highly positively correlated in their conditional

13 As described above, the responses of real variables prior to a noise disturbance are zero under the information
assumptions summarized by (6)-(7), but our procedure does not impose these restrictions ex ante. The small
responses before t = 0 in Figure 5 suggest that our baseline description of information captures the data

well.
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Figure 5: Impulse responses to Noise (¢¥) disturbance
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Notes: The figure displays IRFs to a one standard deviation impulse in the expectational disturbance at
time ¢ = 0. The shaded areas are 16-84th percentile bands. Each period is a quarter.

responses, suggesting that technological and noise disturbances are responsible, at least in
part, for the positive comovement between the real exchange rate and the trade balance
documented in the literature (Alessandria and Choi, 2021; Gornemann et al., 2020). We also
find that the U.S. trade balance deteriorates in anticipation of future TFP improvements,
albeit mildly, consistent with the so-called intertemporal approach to the current account,
as well as with Hoffmann et al.’s (2019) observation that during the 1990s and 2000s, survey

expectations of long-run output growth for the U.S. relative to the rest of the world were
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Table 2: Variance Decomposition

Periodicities of 2-100 Quarters Periodicities of 6-32 Quarters
Both Tech. Noise Both Tech. Noise
Home TFP 1.00 1.00 0.00 1.00 1.00 0.00
Home Consumption 0.70 0.54 0.16 0.30 0.10 0.20
Foreign Consumption 0.63 0.49 0.14 0.30 0.13 0.17
Home Investment 0.62 0.46 0.15 0.42 0.29 0.13
Foreign Investment 0.68 0.43 0.25 0.45 0.14 0.31
Interest Rate Differential 0.57 0.46 0.11 0.37 0.23 0.14
Real Exchange Rate 0.64 0.45 0.20 0.36 0.14 0.22
Expected Excess Returns 0.50 0.35 0.15 0.37 0.19 0.18

Notes: The table reports the estimated variance shares (at periodicities between 2 and 100 quarters and
between 6 and 32 quarters) explained by technological disturbances (“Tech”), expectational disturbances
(“Noise”), and the combination of both.

highly correlated with the U.S. current account (see also Nam and Wang, 2015).

Variance Decomposition To further quantify the effects of technology and noise dis-
turbances, we compute the shares of the variance of the endogenous variables that these
disturbances explain. Table 2 reports the decomposition of variation over both a wide band
of frequencies (2-100 quarters) and the higher, business cycle frequency (6-32 quarters) many
models target. As per our identification restrictions, technological disturbances account for
100% of the variation in TFP, while expectational noise disturbances are orthogonal to TFP.
Perhaps most importantly, our estimates indicate that the two disturbances together
explain 60-70% of the lower-frequency variation in the levels of both the real exchange rate
and also U.S. and foreign real consumption and physical investment. Thus, noisy news
about future TF'P appears to be a very important, common source of fluctuations for both
exchange rates and real quantities in the data, reinforcing the notion that there is indeed a
fundamental connection between exchange rates and the broader macroeconomy. Similar to
these lower-frequency results, the two noisy-news disturbances we identify are also important
at business cycle frequencies, as they explain between 30-45% of business cycles variation in
the real macro aggregates and 36% of the business cycles variation in the exchange rate.
The relative importance of the true technological disturbance e and the expectational
disturbance ¢} differ across frequency bands in an interesting way. The true technological

disturbances are more important for the lower frequencies, explaining about two-thirds of the

24



exchange rate variation captured by the two disturbances combined (45% of 64% in total).
On the other hand, at the business cycle frequencies the expectational noise is the dominant
force and explains two-thirds of the variation that the two disturbances generate (22% vs
36% in total). This is a reflection of the characteristics of the IRFs we discussed above,
where we saw that noise disturbances give rise to volatile and short-lived fluctuations in
the exchange rate, while correctly-anticipated future TFP changes impart persistent effects
on the exchange rate. A similar pattern in the relative importance of disturbances across
frequencies can also be observed in the variance decompositions of all real quantities.

We stress that the variance contribution of technological disturbances are due to both
movements in anticipation of the realized change in TFP, and also fluctuations that come
after the actual change in TFP (that is, impacts both before and after time 0 in Figure
4). With this in mind, it is interesting to quantify the pure anticipation effect. To do so,
we compute the variance contributed by just the leading terms in the impulse responses,
i.e. the response of the variables in anticipation of the subsequent TFP change. We find
that this anticipation effect is the main driver of the exchange rate fluctuations we estimate.
Specifically, the exchange rate movements before the actual realization of TFP account for
34% of the lower-frequency variation of the exchange rate, while the impact after the actual
realization of TFP is only responsible for 11% of exchange rate variation. Thus, the compo-
nent after the realized change in TFP has little importance in explaining the real exchange
rate, while the anticipation component and the expectational noise combined contribute up

to 53% of the lower-frequency variation in the real exchange rate.

4 Further results and broader implications

Next, we look into a number of further results. First, Section 4.1 documents that news
and noise disturbances give rise to exchange rate fluctuations that display many well known
exchange rate puzzles, revealing that these puzzles share a common, fundamental origin. Sec-
ond, Section 4.2 documents the effects of news and noise on other asset prices. Third, Section
4.3 discusses potential explanations for the challenges encountered by previous studies in es-
tablishing a robust correlation between exchange rates and macroeconomic fundamentals.
And fourth, Section 4.4 documents that identified technological and noise disturbances are

orthogonal to other economic disturbances such U.S. monetary policy shocks.
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4.1 Common origin in exchange rate puzzles

The exchange rate literature is traditionally organized around the study of various “puz-
zles” in the empirical behavior of exchange rates. Given the large effect the two identified
disturbances play in exchange rate dynamics, it is interesting to consider whether they are
also generating any of the classic exchange rate puzzles. And indeed, the answer is yes they
do, which will lead us to the conclusion that exchange rate puzzles seemingly have a common,

and fundamental origin, in noisy news about TFP.

The Forward Premium Puzzle Our results indicate that our noisy news disturbances
cause significant deviations from interest parity, and in particular generate the dynamics that
characterize the “forward premium puzzle” (e.g. Fama (1984), Hassan and Mano (2018)).
On the one hand, we can directly observe from Figure 4 that there is significant negative
time-series comovement between interest rate differentials and the subsequent currency re-
turns — the movements in “expected currency returns” in response to both e and €] are
closely mirrored (in the opposite direction) by the conditional dynamics of the interest rate
differential.

But to formally showcase that our shocks generate the forward premium puzzle, consider

the following version of the Fama regression, often used to document this pattern:
>\t+1 :Oé‘i‘ﬁU[P(rt—T;)‘i‘ut. (9)

Estimating this regression in our raw dataset, we find a significantly negative Sy p of —2.43,
in line with earlier evidence (e.g., Engel, 2014). We then compute the fy;p that emerges
in a counter-factual dataset where only the two noisy-news disturbances we identify, f and
e}, are active. To obtain these series, we simulate from our estimated VAR by setting the
variance of all other disturbances to zero.

In this counter-factual simulation we estimate a Sy;p = —2.20, revealing that the combi-
nation of disturbances to TFP and to expectations of future TFP qualitatively and quanti-
tatively reproduces the classic UIP Puzzle relationship. Drilling down further, we construct
similar counter-factual Sy;p based on either only-TFP disturbances (including anticipation
effects) and only expectational noise disturbances. The results imply that the TFP distur-
bances by themselves generate a Sy p of —2.07, while the Sy p based on only expectational
disturbances is —2.96, as we also report in Table 3.

The regression coefficients By;p are interesting because they are comparable to many
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previous findings, but it is also informative to consider how much of the raw covariance
cov(Agy1, 7 — r7)—the numerator in the Sy;p—our disturbances can account for. Also in
Table 3, we can see that our two disturbances account for roughly two-thirds of cov(Ayy1, 70—
ry)—the raw covariance is —1.30, and in the counter-factual data based on our two distur-
bances we find a covariance of —0.86. Thus, the bulk of the negative correlation between
interest rates and excess returns that underlies the UIP puzzle is due to the noisy-news

disturbances we identify.

Table 3: Exchange Rate Related Puzzles and TFP Expectations

Panel A: UIP Puzzle Moments

Technology Noise Both Unconditional
Fama Byrp -2.07 -2.96 -2.20 -2.43
cov( A1, — 17) -0.68 -0.14 -0.86 -1.30
Engel £a 2.17 1.72 2.50 2.56
cov(D re o Ee(Nesiy1), 1 — 77) 0.52 0.06 0.60 1.08
o(ry —rf)/o(Ag) 0.37 0.13 0.25 0.17
autocorr(ry — 17) 0.99 0.93 0.98 0.95

Panel B: Backus-Smith Moments

Technology Noise Both Unconditional
corr(Ags, Ale; — ¢)) -0.31 -0.38 -0.35 -0.27
cov(Ag, Al — ¢F)) -0.08 -0.12 -0.26 -0.70
Panel C: Excess Volatility and Persistence
Technology Noise Both Unconditional
autocorr(Ag;) 0.90 0.33 0.58 0.29
o(Aq)/o(Ac) 3.99 8.14 5.65 6.04

Notes: The table reports the estimated moments conditional on technological disturbances (Technology),
expectational disturbances (Noise), and the sum of both disturbances, along the moments estimated from
the raw data (Unconditional). The moments in the table are defined in the text.

In addition to this “classic” Forward Premium Puzzle, the conditional responses of the
exchange rate to our identified disturbances also exhibit the Engel (2016) observation that
the puzzle essentially “reverses” direction at longer horizons. Namely, it has now been

established that while the regression (9) finds a negative association between interest rate
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differentials and one quarter ahead currency excess returns, the correlation between today’s
interest rate differential and currency excess returns 2+ years into the future is actually
positive.

We again see the same qualitiative pattern in the impulse responses of Figure 4: high
excess currency returns in the periods following the actual TFP improvement are preceded,
a few years beforehand, by high interest rates. Thus, at longer horizons, the correlation
between interest rates and excess returns is positive, not negative, in our impulse responses
(and this is especially pronounced in response to technological disturbances).

As a summary statistic of this phenomenon, we consider the same moment that Engel

(2016) emphasizes, which is the coefficient 85 in the following regression:

ZEt()\HkH) =g+ Ba(re — 1) + &

k=0

In the raw data, we find Sy = 2.56, indicating that the whole sum > cov(Npppr1, e — 1))
is positive, even though the very first term of the sum (i.e. the coefficient in regression (9))
is negative. In our counter-factual simulation where only the two disturbances we identify
are active, we find Sy = 2.50. Moreover, the two disturbances together generate around 60%
of the overall cov (3 ;7 Eidirpr1, 7 — rf) in the data, though it is interesting to note that
the expectational noise disturbances are responsible for only one tenth of this effect. Thus,
the reversal in the UIP puzzle also largely emerges as a result of the dynamic responses to
the noisy news disturbances we have identified.

In closing, we also note that our two disturbances not only generate empirically relevant
regression (s, but the underlying dynamics of the interest rate differentials are also largely
in line with their unconditional counterpart, as can be seen by the o(r, — r})/0(Ag) and

autocorr(r; — r;) moments reported in Table 3.

Deviations from the Backus-Smith condition We now turn to the so called Backus-
Smith puzzle. The classic international risk-sharing condition of Backus and Smith (1993)
predicts that relative consumption across countries should be strongly positively correlated
with the real exchange rates. However, this condition is largely violated in the data, where,
in fact, this correlation is mildly negative (Kollmann, 1995; Corsetti et al., 2008b).

And indeed, we can see this negative relationships qualitatively in our IRFs. From Figure
4 we observe that in anticipation of the U.S. TFP improvement (i.e. ¢t < 0) the U.S. dollar

appreciates even though U.S. consumption is relatively high. The IRFs in response to the
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expectational noise disturbances in Figure 5 also showcase a similar relationship.

To quantify the effects, we consider the following moment:
corr(Agqy, Acy — Acy),

and compute it both in the raw data and in a counter-factual simulation where only the
noisy-news disturbances are active. The results are presented in Table 3 (Panel B). As in
previous research the correlation in the raw data is mildly negative, equal to —0.27 in our
sample. In the counter-factual sample generated by only the two disturbances we iden-
tify, this correlation is very similar and equals —0.35. Moreover, computing the covariance
cov(Agqi, Acy — Acy) which underlies the negative correlation of the Backus-Smith puzzle, we
find that our two disturbances combined explain around 40% of this moment in the data.
Thus, the noisy-news disturbances we find indeed play an important role in generating the

celebrated Backus-Smith puzzle as well.

Excess volatility and persistence Two other well-known exchange rate “puzzles” are
the excess persistence and volatility of the real exchange rate, and next we ask to what
extent these phenomena are also accounted for by the noisy-news disturbances we identify.
In Table 3, we consider a few related moments. We find that the exchange rate dynamics
conditional on the two disturbances we extract are indeed highly persistent. This is exempli-
fied by the autocorrelation of the quarterly change in the real exchange rate: conditional on
both identified disturbances the autocorrelation is 0.58 versus 0.29 in the unconditional data.
Thus, our two disturbances generate an even higher degree of persistence than the exchange
rate exhibits on average (with the unconditional persistence already being “puzzling”). It
suggests that all other disturbances driving the exchange rate (e.g. monetary shocks) have
relatively transitory effects (as is true in standard models). Thus, the puzzling persistence
of the exchange rate is indeed mainly due to its responses to noisy-news about TFP.
Second, we find that the volatility of the exchange rate generated by the noisy-news
disturbances is also very high, relative to macro aggregates. For example, the ratio of the
standard deviation of the quarterly growth in the exchange rate and consumption conditional
on both identified disturbances is 5.65, while the same ratio is 6.04 in the raw data. Notably,
noise disturbances generate twice the amount of excess volatility in exchange rates compared
to technological disturbances. This outcome is not surprising, as noise disturbances affect

expectations, and thus asset prices, without being linked to subsequent changes in produc-
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tivity. Consequently, they give rise to volatile fluctuations in exchange rates while causing

only minor shifts in macroeconomic aggregates, such as consumption and output.

4.2 Technology, noise, and other asset prices

Do other asset prices react to the noisy news we identify? In Figure 6, we present
the response of domestic and foreign equity prices to technological and noise disturbances.
Indeed, we find a significant increase in equity prices, both domestically and internationally,
in anticipation of future improvements in home productivity.!* This finding is consistent
with Beaudry and Portier’s (2006) finding that equity prices incorporate, at least in part,
news about future economic fundamentals. From the right column of the Figure (the IRF in
response to €7) we can also directly see the intuitive result that the US equity prices react
first to the arrival of news about future US TFP.

In turn, Figure 7 reports the response of risk premia across home and foreign assets,
calculated as the VAR-implied expected quarterly excess return differentials for both equity
and long-term bonds. Analogously to the excess currency returns we analyzed earlier, excess
return differentials in equity and bonds are calculated by subtracting the expected foreign
return on equity or long-term bonds (expressed in foreign currency) from the corresponding
home return (expressed in home currency), in excess of the foreign interest rate differential.
We estimate significant fluctuations in cross-country returns across both equity and long-
term bonds in response to our shocks, indicating that the news we estimate indeed impact
risk premia of other assets as well.

Nevertheless, the fact that risk premia across many different assets respond to the noisy
news about TFP does not mean that the implied contemporaneous correlation between
these variables is necessarily high. In fact, the variation generated by technology and noise
disturbances implies a correlation between equity and currency expected excess returns of
only around —0.10. This is consistent with the fact that unconditionally (in the raw data),
some studies find that equity and currency returns are only mildly negatively correlated (e.g.,
Verdelhan, 2010, and Hau and Rey, 2005) while other studies find no significant correlation
(Chernov et al., 2023). The low correlation is due to the fact that equity and currency

returns are negatively correlated due to pure fluctuations in TFP expectations (e.g. see IRF

14We estimate the impulse response of equities and long-term bonds (which are not directly included in the
VAR), by projecting those returns on the VAR and its lags, and then using the VAR impulse responses. In
any case, the results reported in this section are unchanged if instead we alternatively add equity or bond
prices in our VAR and repeat the whole identification procedure.
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Figure 6: Technology, noise, and equity prices
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Notes: The figure displays the IRF a one standard deviation impulse in the technological disturbance (left
column) and the expectational disturbance (right column) at time ¢ = 0. The shaded area is the the 16-84th.
Each period is a quarter.

to €}), but are positively correlated following an actual improvement in TFP (see IRF to
e? for t > 0). This showcases that while the link between noisy news and assert prices is
highly significant, it is also subtle. Our results provide sharp guidance and discipline for the
development of future models, as they require equity and currency risk premia to comove
differently in anticipation of future TFP improvements and following actual changes in TFP.

Contrary to the low-implied correlation between the generated fluctuations in equity
and currency risk premia, the implied correlation between bond and currency returns, on
the other hand, is a robust —0.50. This implies that noisy-news disturbances could also
underlie the strong negative correlations observed in studies examining the joint relationship
between long-term bonds and exchange rates (e.g., Lustig et al., 2019, Greenwood et al.,
2023, Gourinchas et al., 2022, and Lloyd and Marin, 2020).

31



Figure 7: Technology, noise, and other asset prices
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Notes: The figure displays the IRF a one standard deviation impulse in the technological disturbance (left
column) and the expectational disturbance (right column) at time ¢ = 0. The shaded area is the the 16-84th.
Each period is a quarter.

Thus, overall, noisy news disturbances are reflected across a variety of asset classes,
as is to be expected. And the significant effects on all these different asset prices is indeed
consistent with prior results on both the low unconditional correlation between currency and

equity risk premia, and the strong correlation between currency and bond risk premia. At the
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same time, it’s important to note that these disturbances account for only a portion of the
variation in risk premia: the two identified disturbances explain around 50% of the business
cycle fluctuations in equity and bond returns. Their residual variation could be attributed to
idiosyncratic factors, potentially explaining the overall weak relationship between exchange
rate returns and returns in other asset classes (Burnside, 2011; Chernov and Creal, 2023;
Chernov et al., 2023).

4.3 Exchange rates and future fundamentals

Overall, our headline result is that exchange rate fluctuations are significantly related
to predictable changes in future TFP (i.e. “news”). As TFP is the quintessential macroe-
conomic “fundamental” in most models and empirical studies, it is perhaps surprising that
the strong connection we uncover has gone unnoticed until now. We discuss possible ex-
planations, which also sheds more intuition on the key empirical features that underlie our
results.

First, many of the previous studies that have tried to find a link between exchange rates
and macro fundamentals, and TFP in particular, take as a working hypothesis the standard
model formulation where all TFP disturbances are pure surprises. From that point of view,
one would only look for a relationship between the exchange rate and current and past
TFP (and macro aggregates more generally). Studies looking for a relationship between the
exchange rate and past fundamentals show a very low empirical connection between the two.

The lead-lag relationships between exchange rates and TFP is the key feature of the data
that underlies our VAR identification. To show this clearly, consider the following simple
exercise, where we regress the annual change in the real exchange rate at time ¢ on leads and

lags of the annual change in TFP:

h h
Ag = a+ B ATFP; + Z BU(ATFP,_;) + Z B Y(ATF Py i) + & (10)

k=1 k=1

If we included just the constant and the first term on the right-hand side, the regression would
estimate the standard relationship between contemporaneous changes in the exchange rate
and TFP. If we include also the first summation term on the right-hand side, then we would
also consider the additional explanatory power of lagged changes in TFP of up to h-years
in the past. Once we include the second summation term, we also consider a potential

correlation with future TFP changes, of up to h-years ahead.
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Figure 8: Real exchange rate growth and leads and lags of TFP growth
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Notes: The figure reports the R? of a regression of exchange rate changes on present and past TFP (Re-
stricted), and the R? of a regression of exchange rate changes on present, past and future TFP (Unrestricted).
See regression equation (10).

Figure 8 reports the R? of two versions of the regression equation (10): a “Restricted”
backward-looking version that includes only current and lagged TFP growth terms (red line),
and an “Unrestricted” version that includes all terms on the right-hand side of (10) (blue
line).

The R? of the purely backward looking regression is statistically insignificant no matter
how many lags of TFP growth one includes, embodying the typical “disconnect” result. On
the other hand, the message changes substantially once one also includes terms capturing
future TFP growth. The relationship between real exchange rate changes and TFP growth
is similarly insignificant if we only include TFP growth of up to 2 years in the future, but
becomes increasingly significant as we include TFP growth 3 to 5 years out. Thus, just a
simple regression can show that exchange rates do lead TFP, and this predictive nature of

the exchange rate is what underlies our VAR results.®

15 Appendix Table B.4 reports the p-values from a Wald test of Granger causality based on equation (10), for
both the G6 aggregate and the individual countries, across different annual horizons. We reject the null
hypothesis in favor of exchange rates Granger-causing TFP for most countries at horizons longer than two
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More specifically, the above results also highlight again that the exchange rates contain
a substantial amount of information about future TFP growth in the medium-run to long-
run—a message that also emerged from our more detailed analysis above. This long-horizon
nature of the noisy news we estimate is important in the context of the existing literature. A
number of existing papers have also made the observation that the exchange rate, a forward
looking asset price, ought to lead macroeconomic fundamentals. Yet, this literature has gen-
erally struggled to find robust correlation between exchange rates and future macroeconomic
fundamentals.

Engel and West (2005) find a weak predictive relationship between exchange rates and
future “macroeconomic fundamentals” using Granger causality regressions. Their regressions
focus on quarterly exchange rate changes and forecast horizons of up to one year for variables
such as GDP and interest rate differentials.'® We highlight two main observations in regard
to the evidence in Engel and West (2005). First, given the low frequency nature of the
news we estimate, short-horizon regressions may tend to yield limited predictive power in
finite samples. Second, we will note that Granger causality does not need to manifest
for all macroeconomic fundamental considered by Engel and West (2005), even when TFP
expectations are important drivers of exchange rates.

Figure 9 summarizes the significance of Granger causality tests for a range of variables and
countries, using the 1974:Q1-2001:Q3 sample and variables originally considered by Engel
and West. All regressions are estimated with Newey-West standard errors to account for
serial correlation in errors. Consistent with our hypothesis that lower-frequency relationships
are key, the Figure shows that the predictive relationships studied in Engel and West (2005)
strengthen at longer horizons, which they did not consider. A similar pattern emerges when
we extend the sample through 2018:Q4 (see Appendix Figure B.8). This pattern is intuitive
and consistent with noisy-news view: long-horizon exchange rate changes reflect accumulated
information about future macro movements, when the influence of transitory noise tends to
average out.

That said, Granger causality results are not uniformly significant, and the strength of
the exchange rate-fundamentals relationship differ by variable. In particular, the evidence of
Granger causality is stronger for output, money, and price differentials, while the relationship

is weaker for interest rate differentials.

years.
16Sarno and Schmeling (2014) adopt a more non-parametric approach, but still limit their null hypothesis to
testing predictive relationships to a maximum of two years ahead.
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Figure 9: Bivariate Granger Causality Tests, Different Macro Aggregates (Sample: 1974:Q1-
2001:Q3)
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Notes: Number of p-values below 0.1 from a Wald test of Granger causality using the data and procedure of
Engel and West (2005). We compute Newey-West standard errors using a data-driven bandwidth, a Bartlett
kernel, and prewhitening. Each test is based on a bivariate VAR estimated using the quarterly change in the
nominal exchange rate, As, and a given fundamental, A f. The horizon on the x-axis denotes the number of
lags included in the VAR. The p-value corresponds to the Wald test of the joint significance of the lags of
As in predicting A f. Specifically, Am is the percentage change in M1 (M2 for the United Kingdom); Ay is
the percentage change in real GDP; Ap is the percentage change in consumer prices; and i is the short-term
interest rate on government debt.

In this regard, we note that even if anticipated TFP movements drive exchange rates,
this does not necessarily imply that exchange rate changes should Granger-cause all macro
variable. To illustrate this point, Appendix C draws a simple-model example where agents
receive advance information about future TFP. In that model, both exchange rates and
interest rate differentials respond to news about future TFP. As a result, the exchange
rate does not contain information about future interest differentials that is independent of
current interest differentials. Hence, exchange rate changes do not Granger-cause interest
differentials, despite the presence of advance information about future TFP.

The intuition is straightforward: interest differentials are themselves forward-looking, like
exchange rates, and thus already incorporate the same future information. This is consistent
with our empirical findings, where interest differentials comove contemporaneously with
exchange rates (see, e.g., Figure 1). It also aligns with the evidence in Kekre and Lenel (2024),
who show a tight contemporaneous comovement between bond yields and exchange rates.
Therefore, the exchange rate-fundamentals lead-lag relationship should be more evident, and

it is so, for slow-moving fundamentals, such as TFP or consumption differentials.
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Lastly, it is important to stress that our analysis is also unique in that it directly accounts
for the noise in expectations of future TFP and this increases the statistical power of our
approach. The reason is that the expectational noise causes changes in TFP expectations
that do not subsequently result in actual TFP. Since exchange rates react to expectations
regardless of whether those expectations are correct ex post, the raw correlations between re-
alized fundamentals and exchange rates is likely to systematically understate the importance
of fluctuations in expected TFP (since a significant portion of the expectations is noise). By
accounting for the expectational noise directly, rather than relying on a simple correlation
between exchange rates and ex-post realizations of future TFP, we obtain much greater sta-
tistical power in estimating the potential impact of noisy news. This same reasoning could
help explain why studies employing direct measurement of expectations through survey data
tend to reveal a much higher degree of connection between exchange rates and fundamentals
(e.g., Engel et al., 2008; Stavrakeva and Tang, 2020).

4.4 Other economic shocks

In order to interpret our empirical results as picking up disturbances that are solely about
TFP and its expectations, and not potentially also mixing up other economic shocks that
could be endogenously related to TFP growth, in Sections 3 and 4 we make the (common)
assumption that the Fernald utilization-adjusted TFP is orthogonal to any other economic
shock. One may be concerned that other economic disturbances such as shocks to R&D
productivity, monetary policy, or may be even FX noise trader/sentiment shocks in the vein
of Ttskhoki and Mukhin (2021) may lead to a future change in TFP through endogenous
investment in research and development (R&D). In that case, our identified technological
and noise disturbances might be contaminated by other economic shocks.

On the one hand, we view shocks to R&D productivity as a type of “news” disturbances
about future TFP. R&D investment is a small proportion of the overall macroeconomy, so
a productivity shock to such a small sector is unlikely to have any direct impacts on the
exchange rate itself, and thus our estimates are still correctly picking up that exchange rate
variation is to a large extend driven by predictable fluctuations in future aggregate TFP.

On the other hand, if current contractionary monetary shocks spur R&D investment
and thus future TFP growth, then indeed our identified noisy news disturbances might be
related to such monetary shocks. We stress, however, that for this to be a viable alternative

explanation it must be the case that contractionary monetary shocks spur R&D investment
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and improve future TFP, since our empirical results in Figures 4 and 5 show that the exchange
rate appreciates in anticipation of TFP improvements, and if that appreciations is to be
driven by monetary shocks it must be due to monetary tightening.

We see the hypothesis of contractionary monetary policy spurring R&D as unlikely, but
for robustness we also directly test whether our procedure picks up U.S. monetary pol-
icy shocks. The measure of U.S. monetary policy shocks we consider is the one identified
through the “high frequency approach” by Gertler and Karadi (2015) and recently updated
by Jarocinski and Karadi (2020). In Table 4 we report the correlation between our tech-
nology and expectational noise disturbances, and these U.S. monetary policy shocks. We
find that both technology and noise disturbances are orthogonal to U.S. monetary policy
disturbances.

These findings also complement the empirical results of Kim et al. (2017), who find that
while the exchange rate responds significantly to monetary policy shocks, the response to
such shocks does not display any violations of UIP. However, the impulse responses to our
disturbances imply significant deviations from UIP, which is another reason to think that we
are picking up something different than monetary policy shocks.

Lastly, we should not lose sight of the fact that while our estimated noisy news about
TFP account for a significant portion of RER variation (up to 66% overall, and roughly a
third of the variation of ¢, at business cycle frequencies), our identified disturbances still
leave a non-trivial fraction of the exchange rate variation unexplained. Certainly a number
of other shocks also play an important role in the exchange rate fluctuations in the data,

with monetary shocks a prime example of such disturbances.

Table 4: Correlation between Technology, Noise and U.S. Monetary Policy disturbances

Technology Noise
U.S. Monetary Policy disturbances 0.09 0.06
(p-value = 0.46) (p-value = 0.62)

Notes: The table reports the correlation between technological disturbances (Technology) and expectational
disturbances (Noise) with U.S. monetary policy disturbances from Gertler and Karadi (2015) and recently
updated by Jarocinski and Karadi (2020).

Estimation of VAR without exchange rate We have also performed the baseline
analysis after removing the exchange rate from the set of observables we use to estimate the

VAR. We do so to guard from the possibility that some FX noise trader/sentiment shock
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is leaking into our estimated noisy news disturbances. The key result here is that with this
restricted VAR, we still recover essentially the same set of technology and noise disturbances
(Figure B.6), and, in turn, these disturbances have a similar effect on the exchange rate
(Figure B.7).17 This highlights again that the key empirical variation our analysis exploits
is that a substantial portion of TFP growth is predictable, and the relevant (noisy) TFP

expectations are priced into the exchange rate.

5 Implications for Models

A key conclusion of our analysis is that a collection of famous exchange rate puzzles have
a common and fundamental origin in noisy news about future TFP. These results have
important implications about the development of general equilibrium open-economy models.
To this end, this section confronts three leading classes of models with our findings.

To evaluate these models, we parameterize them with a commonly used noisy information
specification for the TFP process and information available to agents. As a baseline, we use
the noise representation of the structure in Blanchard et al. (2013). We use this process
because it fits the data on TFP dynamics and expectations well (as we will explicitly show
below). But we also consider the long-run risk type of formulation in the Appendix, and
find the same qualitative conclusions.'® To close the models, we assume that foreign TFP is
cointegrated with home TFP, that is Aa} = 7(a;—1 — a}_,), and we calibrate the parameter
7 € (0,1) to a small number to capture slow cross-country convergence.

We study three two-country endowment economies, described in detail in Appendix D.1.
These models differ in their international asset-market structure and household preferences.
The first model features complete markets and CRRA preferences, in the spirit of Backus
et al. (1994). The second model also assumes complete markets but adopts Epstein and Zin
(1989) preferences, as in Colacito and Croce (2011; 2013; 2018). The third model features
incomplete international asset markets with CRRA preferences, following Corsetti et al.
(2008b), Itskhoki and Mukhin (2021), and Kekre and Lenel (2024).

To evaluate these models, we study the impulse responses of key international macro

1"We estimate the impulse response of the exchange rate in the restricted VAR by first projecting the exchange
rate on the VAR variables and their lags, and then constructing the impulse response from this approximation
of the exchange rate. The procedure is akin to using Jorda-projections to estimate the response of ¢; to the
shocks we identify from the restricted VAR that does not include the exchange rate.

18We provide an explicit mapping from the original Blanchard et al. (2013) and Colacito and Croce (2013)
information structures to the noise structure in (5)-(7) in Appendix D.2 and D.3.
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variables to both technology and noise disturbances, ¢ and &} respectively, and compare
them to our empirical counterparts. Our goal is to ask whether these models can replicate
the qualitative patterns in response to the noisy news disturbances € and ;. These impulse
responses are shown in Figures 10 and 11, while Table 5 reports the parameter calibration.
The model with Epstein and Zin (1989) preferences is solved to a third-order approximation,
whereas the CRRA models are solved at first order.

We calibrate the parameters of the Blanchard et al. (2013) information structure so as to
match the empirical impulse responses of TFP and TFP expectations displayed in Figures
10 and 11 (column 1). Thus, they are disciplined by the behavior of expectations and actual
TFP realizations we estimate. We then study how the transmission of the same €} and &}
disturbances differs across the three models, comparing the propagation of shocks to the
data.

Complete Markets with CRRA Preferences The complete markets model with CRRA
preferences yields two main counterfactual implications.

First, expected future changes in TFP do not affect current consumption differentials
or the real exchange rate (Figures 10-11, column 2). Under complete markets and time-
separable preferences, all shocks are fully insured: marginal utilities are equalized across
countries when expressed in common units. Therefore, even if home TFP is expected to rise
in the future, this does not translate into a relative welfare or wealth gain for home agents
today. As a result, allocations remain unchanged until TFP actually increases. At that
point, the social planner allocates a larger share of the expanded endowment to home agents
due to home bias in preferences, raising the home consumption differential and depreciating
the exchange rate. Prior to the realization of the TFP shock, however, neither consumption
nor the real exchange rate responds—contrary to our empirical findings, which show that
both variables adjust in anticipation of future TFP improvements.

Second, when TFP actually improves there is both an increase in home consumption and
exchange rate depreciation because the usual Backus-Smith condition holds. Yet, in the data
we find a clear negative comovement between exchange rates and consumption conditional
on the TFP disturbance.

Complete Markets with Epstein and Zin Preferences A leading alternative to

CRRA preferences in international finance is the recursive utility model of Epstein and

Zin (1989). Under these preferences, marginal utility depends on the entire future consump-
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tion path, allowing anticipated TFP changes to affect current outcomes and also breaks the
Backus-Smith condition, as shown by Colacito and Croce (2013).

However, while with Epstein-Zin preferences the complete markets model can generate
anticipation effects, we find that these effects go in the opposite direction of what we find
in the data. When expectations of future home TFP improve, the consumption differential
falls and the real exchange rate depreciates (Figures 10-11, column 3). This pattern reflects
the recursive utility framework, where households derive current utility from favorable news
about future consumption. With complete risk-sharing, since the utility of home agents
increases purely due to the “good news”, they effectively “share” these good news with foreign
agents by transferring resources abroad today, which lowers the consumption differential
before TFP improves. For the same reason, the exchange rate also depreciates. So while the
model produces the (correct) negative correlation between consumption in the real exchange
rate, but it does so by implying responses of both variables that are qualitatively the opposite
of those we see in the data. In the data, the real exchange rate appreciates and relative
consumption rises in response to good news, while in the model both variables fall.

Importantly, these qualitative results are not specific to the structural TFP process we
chose in this analysis (outlined in (D.15) in Appendix D.2). In Appendix D.3, we show that
similar dynamics arise under a TFP process with long-run risk features, calibrated as in Co-
lacito et al. (2018). In these cases as well, anticipated TFP improvements lead to a decline
in the consumption differential and a depreciation of the real exchange rate. The only differ-
ence is that with the LRR calibration the excess currency returns are quantitatively much
more meaningful. But qualitatively, because foreign currency returns fall in expectation of
TFP improvement (as we see in column 2), amplifying these excess returns movements with
the LRR process only depreciates the exchange rate even more (while, again, the exchange

rate appreciates in anticipation of TFP improvement in the data).

Incomplete Markets with CRRA Preferences Lastly, we consider a model with in-
complete international asset markets, where we restrict agents to trading a single inter-
national bond and impose a debt-elastic interest rate premium to induce stationarity of
equilibrium dynamics (Schmitt-Grohé and Uribe, 2003). We calibrate the elasticity of the
interest rate premium to debt to be small enough so that UIP approximately holds, which is
consistent with the calibration in Itskhoki and Mukhin (2021) and Kekre and Lenel (2024).

We find that the incomplete markets framework is most successful at generating our

empirical findings, although it still misses in some ways. Importantly, the model qualitatively
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reproduces several empirical features: higher consumption and interest rate differentials,
and an appreciated real exchange rate in anticipation of the TFP increases (Figures 10—
11, column 4). The reason is that the positive news generate a wealth effect for home
households, prompting higher current consumption and external borrowing. In turn, this
drives up the interest rate differential and appreciates the real exchange rate. As a result,
news about future TFP operates like a demand shock in models with incomplete markets,
as also emphasized by Kekre and Lenel (2024).

Nevertheless, the real exchange rate still depreciates strongly when the TFP increase
actually occurs (Figure 10, column 4), as the relative price of the now-abundant home good
falls. This is counterfactual to our empirical findings, which show that there is no abrupt
movement in the real exchange rate up on the realization of the TFP improvement, and the
exchange rate depreciates only slowly and smoothly after that point. We conjecture that
one ingredient missing from the model might be sufficiently strong movements in expected
excess currency returns (currency premia). Specifically, in the data we find that the foreign
currency premium increases in the aftermath of TFP improvement, but in the model the
expected excess returns are effectively zero. If the model was to similarly imply an increase
in the foreign currency premium then this will generate a force that pushes towards exchange
rate appreciation, and could thus counteract the depreciation we see at time 0 in our impulse
response.

Thus, our analysis suggest that one important ingredient is incomplete markets, and
another is potentially appropriately volatile currency premia. However, models that feature
both incomplete markets and endogenously volatile currency premia are not well developed

and hence we leave the exploration of this research avenue to future work.

6 Conclusions

We document novel empirical evidence that exchange rates are not disconnected from
macro aggregates, but that they are indeed tightly linked to fluctuations in noisy expectations
of future TFP improvements. Our empirical approach is particularly notable for directly
accounting for the possibility that TFP expectations are noisy. Separately identifying the
noise in expectations helps sharpen our results, because expectational noise reduces the raw
correlation between expectations and realized fundamentals in the data.

In addition, we show that the noisy news disturbances we identify appear to generate a

number of famous exchange rate puzzles at the same time. Thus, a myriad of FX puzzles
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share a common and fundamental origin in noisy news about future TFP. Also, the noisy
news specifically transmits to exchange rates by causing large fluctuations in expected excess
currency returns. Our evidence thus implies that the common thread that ties many FX
puzzles together are news-driven UIP wedge fluctuations, providing important guidance for

the development of future theoretical models.
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Table 5: Parameter Calibration

Parameter Description Complete Markets Complete Markets Incomplete Markets
CRRA EZ CRRA

Preferences

I} Subjective Discount Factor 0.99 0.99 0.99

y Relative Risk Aversion 8 8 8

P Elasticity of Intertemporal Subs.  1/v 0.9 1/y

A Home Bias 0.95 0.95 0.95

oo Bond Adjustment Costs - - 1

o1 Bond Adjustment Costs - - 107°

TFP processes

Baseline (Blanchard et al., 2013)

p Persistence of “permanent shock” 0.89 0.89 0.89

oy Std. dev. of “transitory shock” 0.61 0.61 0.61

o¢ Std. dev. of “noise shock” 5x 107° 5x107° 5x107°

oy Std. dev. of “permanent shock”  pon = (1 —p)’or  pon = (1—p)’os  pon = (1—p)’o;

T Co-integration parameter 0.0023 0.0023 0.0023

Appendix D.3 (Long-run risk)

p Persistence of “long-run shock” 0.9899 0.9899 0.9899

o, Std. dev. of “long-run shock” 0.0049 0.0049 0.0049

Oa Std. dev. of “short-run shock” 0.0385 0.0385 0.0385

T Co-integration parameter 0.0023 0.0023 0.0023

Notes: Model is calibrated to quarterly frequency. Under the long-run risk process, home and foreign shocks

have symmetric standard deviations.
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A Data Appendix

A.1 Data sources

In the next lines, we describe the data sources used in the paper.
e Nominal exchange rate

— Daily bilateral exchange rates, Foreign Currency/USD;
— Source: Datastream,

— Quarterly aggregation: period-average.

Nominal interest rates

— Daily Eurodollar deposit rates;
— Source: Datastream,

— Quarterly aggregation: period-average.
e Consumer Price Indexes

— CPI Index (Chained 2010)
— Source: OECD, https://stats.oecd.org/index.aspx?DataSetCode=PRICES_CPI.

Consumption

— Real consumption;

— Source: OFECD, Private final consumption expenditure

Investment

— Real Investment;

— Source: OECD, Gross Fixed Capital Formation (GFCF), Quarterly growth rates,
https://data.oecd.org/gdp/investment-gfcf. htm.

U.S. TFP:

o4


https://stats.oecd.org/index.aspx?DataSetCode=PRICES_CPI
https://data.oecd.org/gdp/investment-gfcf.htm

— U.S. utilization-adjusted TFP as constructed in Fernald (2012);

— Source: John Fernald’s website, https://www.johnfernald.net/TFP (latest avail-
able vintage, downloaded on January 2, 2022);

U.S. R&D:

— Real R&D expenditure

— Source: U.S. Bureau of Economic Analysis, retrieved from FRED, https://fred.stlouisfed.org/ser
U.S. trade balance (% of GDP)

— Shares of gross domestic product: Net exports of goods and services

— Source: U.S. Bureau of Economic Analysis, retrieved from FRED, https://fred.stlouisfed.org/ser
Equity prices and equity returns

— MSCI price indexes and total returns indexes

— Source: retrieved from Datastream
Long-term bond yields

— Interest Rates: Long-Term Government Bond Yields: 10-Year

— Source: Global Financial Data

%)


https://www.johnfernald.net/TFP
https://fred.stlouisfed.org/series/Y694RX1Q020SBEA
https://fred.stlouisfed.org/series/A019RE1Q156NBEA

B Additional evidence and alternative empirical spec-

ifications

Table B.1: Share of forecast error variance explained by the FX shock: target 6-32 quarter
periodicities

Forecast Horizon (Quarter)

Q1 Q4 Q12 Q24 Q40 @100
Home TFP 0.02 0.03 0.13 0.18 0.21 0.21
Home Consumption 0.07 0.10 0.22 0.35 0.32 0.24
Foreign Consumption 0.01 0.01 0.05 0.22 0.27 0.18
Home Investment 0.11 0.17 0.15 0.19 0.20 0.21
Foreign Investment 0.01 0.02 0.05 0.13 0.22 0.18
Interest Rate Differential 0.28 0.22 0.21 0.24 0.24 0.23
Real Exchange Rate 0.89 0.93 0.73 0.58 0.55 0.50
Expected Excess Returns 0.32 0.20 0.41 0.43 0.42 0.41

Notes: The table reports the estimated variance shares at different horizons accounted for by the exchange
rate shock that explains most of the forecast error variance of the exchange rate over the [6,32] quarter
periodicity range.
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Figure B.1: Technology, Noise and the Trade Balance

Technology 09 Noise

U.S. Trade Balance

Real Exchange Rate

Notes: The figure displays the responses a one standard deviation impulse in the technological disturbance
(left column) and the expectational disturbance (right column) at time ¢ = 0. The shaded areas are 16-84th
percentile bands. Each period is a quarter.
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Figure B.2: Impulse responses to Technology disturbances (Alternative specifications)
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Notes: The figure displays IRFs to a one standard deviation impulse in the technological disturbance at time
t = 0 for the baseline sample (blue lines), where the shaded areas are 16-84th percentile bands. In addition
the figure displays the point estimate of the responses obtained from the VAR applied to the extended sample
(1978:Q4-2018:Q4) and from a VECM where the real exchange rate and interest rate differential are assumed

stationary. The figure also displays the point estimate of the responses obtained from the baseline VAR with
one additional variable. Each period is a quarter.
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Figure B.3: Impulse responses to Noise disturbance (Alternative specifications)
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Notes: The figure displays IRF's to a one standard deviation impulse in the expectational disturbance at time
t = 0 for the baseline sample (blue lines), where the shaded areas are 16-84th percentile bands. In addition
the figure displays the point estimate of the responses obtained from the VAR applied to the extended sample
(1978:Q4-2018:Q4) and from a VECM where the real exchange rate and interest rate differential are assumed

stationary. The figure also displays the point estimate of the responses obtained from the baseline VAR with
one additional variable. Each period is a quarter.
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Table B.2: Share of variance explained by the Main FX shock (Alternative specifications)

Panel A: Extended sample (1978:Q4-2018:Q4)

Forecast Horizon (Quarter)

Q1 Q4 Q12 Q24 Q40 ®100
Home TFP 0.03 0.03 0.07 0.18 0.28 0.33
Home Consumption 0.04 0.07 0.26 0.45 0.48 0.43
Foreign Consumption 0.01 0.02 0.04 0.18 0.30 0.31
Home Investment 0.20 0.25 0.32 0.38 0.39 0.38
Foreign Investment 0.03 0.03 0.05 0.12 0.22 0.24
Interest Rate Differential 0.41 0.39 0.31 0.30 0.30 0.31
Real Exchange Rate 0.59 0.74 0.83 0.74 0.70 0.67
Expected Excess Returns 0.56 0.29 0.30 0.36 0.36 0.37

Panel B: Vector Error Correction Model

Forecast Horizon (Quarter)

Q1 Q4 Q12 (24 Q40 @100
Home TFP 0.01 0.01 0.05 0.10 0.13 0.15
Home Consumption 0.09 0.13 0.25 0.41 0.50 0.58
Foreign Consumption 0.02 0.02 0.04 0.10 0.16 0.20
Home Investment 0.09 0.15 0.14 0.14 0.15 0.18
Foreign Investment 0.02 0.02 0.03 0.06 0.07 0.09
Interest Rate Differential 0.49 0.52 0.45 0.44 0.44 0.45
Real Exchange Rate 0.72 0.87 0.92 0.90 0.90 0.90
Expected Excess Returns 0.55 0.40 0.39 0.43 0.44 0.44

Panel C: Individual countries (Median)

Forecast Horizon (Quarter)

Q1 @4 Q12 Q24 Q40 ®100
Home TFP 0.03 0.06 0.11 0.26 0.44 0.45
Home Consumption 0.03 0.05 0.16 0.34 0.36 0.40
Foreign Consumption 0.04 0.04 0.15 0.20 0.38 0.38
Home Investment 0.02 0.04 0.20 0.34 0.34 0.36
Foreign Investment 0.05 0.05 0.10 0.19 0.32 0.37
Interest Rate Differential 0.08 0.07 0.11 0.22 0.26 0.32
Real Exchange Rate 0.27 0.42 0.68 0.80 0.76 0.72
Expected Excess Returns 0.21 0.18 0.29 0.32 0.39 0.43

Notes: The table reports the estimated variance shares accounted for by the main exchange rate shock at
different horizons.
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Table B.3: Variance decomposition (Alternative specifications)

Panel A: Extended sample 1978:Q4-2018:Q4

Periodicities of 2-100 Quarters Periodicities of 6-32 Quarters

Both Tech. Noise Both Tech. Noise

Home TFP 1.00 1.00 0.00 1.00 1.00 0.00
Home Consumption 0.67 0.42 0.25 0.33 0.07 0.26
Foreign Consumption 0.47 0.32 0.15 0.18 0.07 0.12
Home Investment 0.56 0.34 0.21 0.27 0.09 0.19
Foreign Investment 0.50 0.25 0.25 0.35 0.08 0.27
Interest Rate Differential 0.41 0.28 0.13 0.30 0.18 0.11
Real Exchange Rate 0.48 0.26 0.22 0.29 0.08 0.20
Expected Excess Returns 0.38 0.22 0.16 0.32 0.16 0.16

Panel B: Vector Error Correction Model
Periodicities of 2-100 Quarters Periodicities of 6-32 Quarters

Both Tech. Noise Both Tech. Noise
Home TFP 1.00 1.00 0.00 1.00 1.00 0.00
Home Consumption 0.28 0.12 0.16 0.25 0.05 0.20
Foreign Consumption 0.24 0.16 0.09 0.15 0.08 0.07
Home Investment 0.29 0.08 0.22 0.40 0.06 0.34
Foreign Investment 0.22 0.08 0.14 0.16 0.04 0.12
Interest Rate Differential 0.66 0.15 0.51 0.62 0.09 0.53
Real Exchange Rate 0.49 0.14 0.35 0.33 0.06 0.27
Expected Excess Returns 0.49 0.13 0.36 0.47 0.09 0.38

Panel C: Individual countries (Median)
Periodicities of 2-100 Quarters Periodicities of 6-32 Quarters

Both Tech. Noise Both Tech. Noise
Home TFP 1.00 1.00 0.00 1.00 1.00 0.00
Home Consumption 0.69 0.515 0.17 0.34 0.095 0.24
Foreign Consumption 0.54 0.41 0.12 0.29 0.12 0.145
Home Investment 0.62 0.455 0.16 0.375 0.2 0.18
Foreign Investment 0.56 0.43 0.145 0.355 0.105 0.205
Interest Rate Differential 0.395 0.27 0.125 0.245 0.11 0.13
Real Exchange Rate 0.59 0.395 0.195 0.37 0.11 0.245
Expected Excess Returns 0.415 0.25 0.145 0.31 0.13 0.18

Notes: The table reports the estimated variance shares (at periodicities between 2 and 100 quarters and
between 6 and 32 quarters) explained by technological disturbances (“Tech.”), expectational disturbances
(“Noise”), and the combination of both.
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Figure B.4: Impulse responses to Technology disturbances (Individual countries)
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Notes: The figure displays IRFs to a one standard deviation impulse in the technological disturbance at
time ¢ = 0 for the baseline sample (blue lines), where the shaded areas are 16-84th percentile bands. In

addition the figure displays the point estimate of the responses obtained from six different bilateral VARs.
Each period is a quarter.
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Figure B.5: Impulse responses to Noise disturbance (Individual countries)
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Notes: The figure displays IRFs to a one standard deviation impulse in the expectational disturbance at
time ¢ = 0 for the baseline sample (blue lines), where the shaded areas are 16-84th percentile bands. In

addition the figure displays the point estimate of the responses obtained from six different bilateral VARs.
Each period is a quarter.
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Figure B.6: Series of estimated technology and noise disturbances
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Notes: The figure displays the series of technology and noise disturbances estimated by the baseline VAR
as well as the VAR without the exchange rate.

Figure B.7: The exchange rate response to technology and noise disturbances
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Notes: The figure displays the IRF of the real exchange rate a one standard deviation impulse in the
technological disturbance (left column) and the expectational disturbance (right column) at time ¢ = 0. The
dashed black line is the exchange rate response when the disturbances are estimated using a VAR without
the exchange rate. The shaded area is the the 16-84th. Each period is a quarter.
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Table B.4: Granger causality: exchange rates and TFP

Panel A: P-values testing whether exchange rates Granger-cause TFP

h Canada  France  Germany Italy Japan UK G6

1 0.92 0.78 0.61 0.97 0.65 0.64 0.95

2 0.11 0.86 0.57 0.67 0.80 0.80 0.99

3 0.20 0.04** 0.09* 0.00***  0.17 0.00***  0.09*

4 0.17 0.05%* 0.10* 0.02%* 0.09* 0.04** 0.21

5 0.11 0.00%**  0.00%**  0.03** 0.00%**  0.04** 0.00%**
Panel B: P-values testing whether TFP Granger-cause exchange rates

h Canada  France  Germany Italy Japan UK G6

1 0.67 0.76 0.82 0.89 0.99 0.96 0.90

2 0.39 0.80 0.76 0.63 0.99 0.20 0.75

3 0.39 1.00 1.00 0.85 0.81 0.75 0.95

4 0.07* 0.62 0.71 0.44 0.82 0.83 0.44

5 0.00%**  0.83 0.88 0.49 0.70 0.97 0.76

Notes: P-values from a Wald test of Granger causality as in Sims (1972). The test is based on the equation:
T = a+ Boy: + 22:1 Blf,‘fyt_k + ZZ:1 ﬁ}f‘“dyﬁk + &¢, where x is the quarterly observation of the annual
change in the log of the real exchange rate and y is the quarterly observation of the annual change of the
log of TFP in Panel Aj; variables are reversed in Panel B. The null hypothesis is that B}fad = 0 for all
k =1,...,h. The sample period is 1976:Q1-2008:Q2. Newey-West standard errors are computed using a
data-driven bandwidth, a Bartlett kernel, and prewhitening.
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Figure B.8: Bivariate Granger Causality Tests, Different Macro Aggregates (Sample:
1974:Q1-2018:QQ4)

30 + 30 1
— —
S S
Vigg | Vigo L
[} [
= =
g g
2, 10 - 2, 10 -
0
4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20
Horizon (quarter) Horizon (quarter)
N CAN [T GER [ JPN I A(m—-m') - I A(m—m') = Ay —y')
[ FRA [ 1TA [ UK N Ap—-p) EEEAG-¢) EEEAV-y)

(a) P-values of Granger Causality tests, by  (b) P-values of Granger Causality tests, by vari-
country able

Notes: Number of p-values below 0.1 from a Wald test of Granger causality using the procedure of Engel and
West (2005) and extending their data through 2018:Q4. We compute Newey-West standard errors using a
data-driven bandwidth, a Bartlett kernel, and prewhitening. Each test is based on a bivariate VAR estimated
using the quarterly change in the nominal exchange rate, As, and a given fundamental, Af. The horizon
on the x-axis denotes the number of lags included in the VAR. The p-value corresponds to the Wald test of
the joint significance of the lags of As in predicting Af. Specifically, Am is the percentage change in M1

(M2 for the United Kingdom); Ay is the percentage change in real GDP; Ap is the percentage change in
consumer prices; and ¢ is the short-term interest rate on government debt.
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C Interpreting the Granger Causality Evidence

This appendix section presents a simple exchange rate model that helps interpret the Granger-
causality evidence reported in Section B.5.
Under UIP and stationary real exchange rate, the equilibrium real exchange rate follows,

to a first-order:

G = —ZEt(fHk) (C.1)

where 7, = 7444 — 17, denotes the home-foreign real interest rate differential. An equation
similar to (C.1) motivated Engel and West (2005) to examine whether exchange rate changes
Granger cause interest differentials (or changes in interest differentials). The underlying logic
is that if agents have advance information about future innovations in interest differentials
and this information is embedded in exchange rates, then exchange rate changes should
forecast interest differentials above and beyond their own lags.

However, whether exchange rates contain independent information about future inter-
est differentials ultimately depends on the joint general equilibrium process of ¢; and 7.
Consider, for instance, the interest differential in a standard incomplete-market model with

CRRA preferences over consumption, to a first-order:

Terk — Tipr = 0 [(EeACtipr1) — (BeAlryy)] (C.2)

Consider case of financial autarky, where the consumption differential ¢; equals the exoge-
nous endowment (or TFP) differential in every period, i.e., ¢ = a, for all t. Let the TFP
differential follow the process:

ar = ey + ¢4

where € and €}’ ; are observed at times ¢ and ¢ — 1, respectively. Here, £} represents a “news
shock” to TFP. That is, at time ¢, agents partially observe the level of next-period’s TFP
differential.

In this setting, one can show that:

ep fork=1 B _ 0 fork=1
Et(at—l-k ’ at) -
0 fork>2 0 fork>2

Et(dt+k ’ Cjt,&t) -

The exchange rate contains information about future TFP differentials that is not already
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contained in current TFP levels. This implies that the exchange rate Granger causes the
TFP differential (at horizon 1, in this simple example).

In this setting, one can also show that:

~ _ —oe} fork=1 ~ ~ —oe} fork=1
Et(rt—i—k | Qtﬂ‘t) = Et(TtJrk | Tt) =
0 for k > 2 0 for k> 2

In this case, the exchange rate does not contain information about future interest differentials
that is independent of current interest differentials. Hence, exchange rate changes do not
Granger cause interest differentials, despite the presence of advance information about future
TFP.

The intuition is straightforward: interest differentials are themselves forward-looking,
like exchange rates, and thus already incorporate similar future information. This is con-
sistent with our empirical finding that interest differentials comove contemporaneously with
exchange rates (see, e.g., Figure 1). More broadly, the exchange rate-fundamentals relation-

ship should be stronger for slow-moving fundamentals, such as TFP or output differentials.

D Model Appendix

D.1 Model Environments

All three models we consider are two-country endowment economies with unitary trade
elasticity. The formulation of recursive preferences and solution approach follows closely
Colacito et al. (2018). When the intertemporal elasticity of substitution equals the inverse of
the risk-aversion parameter, the preferences specialize to the CRRA case. Under incomplete

markets agents only trade one bond internationally.

Utility function Let C; denote consumption of the home country. The home-country

preferences over an infinite horizon are

1
1=1/¢ | 1-1/%

U= |(1-8)-CV 4 pE, [U] 7 . (D.3)

With these preferences, agents are risk averse in future utility as well as future consumption.

The extent of such utility risk aversion depends on the preference for early resolution of
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uncertainty, measured by v — 1/¢ > 0.

When v = 1/4, the agent is utility-risk neutral and preferences collapse to the standard
time-additive case. When the agent prefers early resolution of uncertainty, that is, v > 1/,
uncertainty about continuation utility reduces welfare and generates an incentive to trade
off future expected utility, E;[V;,4], for future utility risk, var,[V;y1]. This trade-off drives
international consumption flows, and it represents one of the most important elements of
Colacito and Croce (2013) analysis.

Furthermore, this trade-off is also present in the home stochastic discount factor,

1—y

a7 U
My =B | —== — : (8)
C 1-971
¢ I [UtJrl } -

as the second term captures aversion to continuation utility risk and is extremely sensitive
to growth news (Bansal and Yaron, 2004)."

The utility of foreign households is symmetric.

Technology Let {X;,Y;} and {X/,Y;"} denote the time ¢ consumption of goods X and
Y in the home and foreign countries, respectively. The consumption aggregates in the two
countries are

Co=X) Y'Y, Cp = X0y (D.4)

The home (foreign) country produces good X (V') so that A > 1/2 introduces consumption
home bias.

In this endowment economy, the following resource constraints apply:

A= X4 X A Y Y

19When 1 = 1, preferences take the following form:

V= (1-5) logCyt 2

— log B [exp {Viga - (1 =)} 9)

When ¢ = 1, if log V; is normally distributed, equation (7) has the following exact counterpart:

(y—1

Vi=(1—B) logCs + BE(Vira] — O pvar, Vi),
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where A; and A} are the exogenous stochastic productivity processes described in the main

text.

D.1.1 Complete Markets

To find the solution under complete markets, we follow Colacito et al. (2018) and solve
the Pareto problem. We solve the Pareto problem under the general utility function (D.3),
which specializes to the CRRA case for v = 1/4.

Pareto Problem This appendix suppresses notation denoting state and histories and
retain only subscripts for time. We represent the Epstein and Zin (1989) utility preference
in the following compact way:

Up = W(Cy, Uppa),

so that the dependence of current utility on j-step-ahead consumption can easily be denoted

as follows:
oU,
= Wappr - Wapro - Wo i Wiy, (D.5)
OC14;
Uy, Wiri . : . )
where Woyy; = #ijl and Wiy = 80’;: . Given this notation, the intertemporal marginal

rate of substitution between C; and Cy, 4 is:
IMRSCt+1 = = Mt+17Tt+1, (D6)

where 7,1 is the probability of a specific state, and M, is the stochastic discount factor

in C' units with the following form:

M 1:5(Ct+1>_w U\ (D.7)
v Ci BV ) |

The consumption aggregate combines two goods, X and Y':

Cy = C(X, Yr).
The planner faces the following constraints:

A > X+ X} (D.8)

70



AL > Y+ Yy (D.9)

where A; and A} are the exogenous stochastic productivity processes.

The social planner chooses sequences of {X;, X}, Y}, Y*}; to maximize:
oWo + (1 — po)Wg,

subject to (D.8)-(D.9). Let A;; be the Lagrangian multiplier for the respective constraint i.
The Lagrangian is:

Q= poWo + (1 — po)Wg + Ae(Ar — Xy — X7) + Xoy(AF =Y, = Y7) + ..

The optimality condition for good X; for all ¢ is:

t t
1o (H W2,j> W1 Cop = My = Cou WY, (H W;j> (1 — pg). (D.10)

j=1 j=1

Let p; be the time-t Pareto weight for the home country:

¢
4% C C
e = Ko <j1_[1 W2,j> Wl,tCt = Mt—lWQ,t : Wlil : Otil = pp—1 My - C,tj1~
Thus, equation (D.10) becomes:
1 1
S C$ T = C** .
tYa,t Ct T*t Ct*
where S; = p¢/py. Similarly:
1 1
S C T = C** C .
t ™yt Ct y* .t CZ(

Real Exchange Rate and Real Interest Rates Under complete markets, the real

exchange rate satisfies the Backus and Smith (1993) condition:

QM
Qt Mt-l—l

where the home stochastic discount factor, M., is reported in equation (D.7), and the

foreign stochastic discount factor has an analogous structure.
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The home and foreign risk-free rates are:
Ey(Mya) Ry = 1; Et(M:H)R: =1

D.1.2 Incomplete Markets

The budget constraint for the home economy is:

By QiBr iy
R, Ri®(QBi,)

where B, and B}, ; denote domestic- and foreign-good-denominated bonds. The function
®(-) represents the cost from international borrowings and it is increasing in the aggregate
level of foreign debt: ®'(-) < 0. Households take the overall cost of international borrowing
as given. We further assume a zero steady-state intermediation cost by setting ®(B*) =
1. Foreign households only trade foreign-good-denominated bonds, while domestic-good-
denominated bonds are in zero net supply. That is, in reality only foreign-good-denominated
bonds are traded in equilibrium. As a result, defining the intermediation costs over the
foreign bonds only is sufficient to pin down the overall steady-state net foreign asset position.
We consider an economy with zero steady-state net foreign asset position. P; denote the
terms of trade.

The home household maximizes utility (D.3) subject to (D.11). The first order condition

with respect to home and foreign bonds implies:

Ey(M41)R, = 1; E, (MtHQQt“) Ri® (QBf,,) = 1. (D.12)
t
The budget constraint for the foreign economy is:
B* * X* *

where II; are the intermediation profits, rebated lump-sum to the foreign household. The

foreign households’ first-order condition for bonds is:

Ey(Mfy )Ry =1 (D.14)
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Combining (D.12) and (D.14):

Qt+1
Q:

Ey (Mt+1 > o (QtBt*H) = Et(Mt*+1>

We further assume that:

) (QtB:'*‘l) - [1 —+ Qt(B:—H _ B*)} —¢1

We calibrate ¢y and ¢; to guarantee a well-defined net-foreign asset position, but small

enough so that UIP approximately holds.

D.2 Blanchard et al. (2013) process

With the Blanchard et al. (2013) process, log productivity, a;, is the sum of a permanent
component y; (with autocorrelated growth rates) and a transitory component 7, but agents
only observe the realizations of productivity a; and not the two components separately. In
addition, agents observe a noisy signal of the current value of the persistent component,
s¢ = iy + &, which helps them forecast future TFP growth. Specifically, all stochastic

processes {a;} and {s;} evolve according to the following system:

ay = fbt + N, o Ui 0 0
St = U + &4,
TS | ~idN |0, [0 o2 0 |- (D.15)
Apy = pApy—1 + &7,
ft 0 0 O'g

Ne = pe—1 + €7,

2, which ensures

that the univariate Wold representation of TFP is a random walk as is true in the data.?

. . . . . 2 . 2
Lastly, it is common to impose the parameter restriction po, = (1 —p)o

To properly isolate the independent contributions of beliefs (or the independent effects
of technology and noise disturbances), we follow Chahrour and Jurado (2018) to construct

a noise representation that is observationally equivalent to representation (D.15).

Lemma 1. The representation of fundamentals and beliefs in system (D.15) is observation-

20Blanchard et al. (2013) refer to €}’ as a permanent productivity shock, €} as a transitory productivity shock,
and &; as an information noise shock.
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ally equivalent to the noise representation:

l1—al ,,
= €
1—pL"

Aat

(o]
~ ] m ~
A5 = E a’el; + U,
Jj=0

(1—L)(1 —6,L)(1 - 6,L)

v

CT T A —abl—pn) Y
em an orfa 0
el 0 55

where o = 1— Z—:, and 81,0, are the two stable (i.e., inside the unit circle) roots of the quartic

polynomial:
D(L)=(1-aL)(1—=aLl™)(1—pL)(1—pL™") —c(l-L)(1— L")
0.2
with ¢ = —a.
m

Proof. First, let’s derive the univariate Wold representation of Aa;. The process can be

written as:

Aay = (&7 + (1= L)e/)

1
1—pL
The autocovariance generating function of Aa is:
or+0o}(2—L—-L7")

(1—pL)(1 = pL~")

After factorizing the numerator, we obtain:

FAa<L> =

rau(p) = 2 GZ00 0 ) =1 2
Taking the square root gives the Wold representation:
Aay = i:(;ll_:d", ey éiwd./\f((),af]/a). (D.16)
Next, write the signal as:
Asy 1= po’f? +(1=L)&



We seek to represent the signal as a function of €} and a noise component, v;, orthogonal to

all leads and lags of €)', that is,
As; = B(L)Aay + vy.

We project As; onto Aay:

Tagns(L o? ao? 1
B(L): A7A( ) ok [

Taa(L)  Tau(L) 02 (1—aL)(1—aL)

substituting the Wold form of Aa; we get:

OéO'2

_ M m
B(L)Aa; = o2(1—aL (1 —pL)~"

Therefore:
Mg — ozcri m
T —aL (I -pL) T

Scaling both sides by M yields:

p)
T

a(1 - pL <
Agt = T](—ZP)ASt = Zaje?ij + /ﬁt'
OZO'M =0

To characterize v;, compute:

ra(t) = (2 2) (st - BOITan B
o2(1—pL) 2 o ) o o’o,
ruw) = ( ao? ) [a—smi et - pa-1 - o3(T = aLR(1 = aL- 1)

To express [';(L) in a rational spectral form, define the quartic polynomial:

D(L)=(1—aL)(l—aL™)(1—pL)(1—pL™") —c(l—L)(1— L),
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where ¢ = Z—’j’a. Then I';(L) becomes:
n

, (021 = pL)\? D(L)
o) =t (V) et

i

We factor D(L) = (1 — §;L)(1 — 8, L)(1 — §; L7 (1 — 5, L71), so the square root gives:

(1-L)(1—0L)(1—0L) , i aog
(]_ — OéL)(l — pL) “t) “t N< 7 5152

) (D.17)

i}t =
which is an ARMA(2,3). |

D.3 Long-run risk process

In this appendix, we consider a TFP process and information structure alternative to the
one in (D.15). This alternative reflects the typical process in the long-run risk literature,
studied in international finance and macroeconomics by Colacito and Croce (2011, 2013,
2018).

Letting Aa; denote the growth rate of productivity (in deviations from its mean), the

process {Aa;} is assumed to follow the law of motion:

Aay = 21 + €Y, €7 ua N 0 a2 0 (D.18)
z = pzi1 + &, £ 0 0 o2

where 0 < p < 1. Colacito and Croce (2013) refer to £ as a long-run shock (or news shock),
and ¢ as a short-run shock.

To properly isolate the independent contributions of beliefs (or the independent effects
of technology and noise disturbances), we follow Chahrour and Jurado (2018) and construct
a noise representation that is observationally equivalent to representation (D.18). The fol-

lowing lemma presents one such noise representation.

Lemma 2. The representation of fundamentals and beliefs in system (D.18) is observation-

ally equivalent to the noise representation

w w
Aay = pAai—q + ¢ —agy’ |
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(e 9]
~ j_w ~
Zt = E alE T U
j=0

~ =~ v v
U =av1 € — pgpy

vl . K 0
t iid
~N |0, ,

v 2 2
e} 0 o;/o0z

where o = po?/k and k = o> + o2(1 + p?).

Proof. The proof follows the same logic as in the BLL case. First, let’s derive the univariate

Wold representation of Aa;. The ACGF of Aa is:

o2 o2+ 01— pL)(1 —pL™1)

Faa(l) = (1— pL)(f L) % = (1 —pL)(1 = pL~)

We can factor the numerator as a symmetric second-order polynomial:

k(1 —aLl)(1—aL™)

Faa(L) = D.19
2 = D=L (D19

with: )

_ 2 2 2 _ POq

k=0, +0;(1+p%), a= .

K
Taking the square root yields the Wold representation:
1—alL

Aa; = 7 _(;Lg;v (D.20)

where ¥ % N(0, k) is the Wold innovation.

Second, let’s represent the signal process as a function of €} and noise. Define the linear

projection:
Zr = B(L)Aat + vy (D21)

where v, L Aa,_; Vj € Z, i.e., the noise component is orthogonal to all leads and lags of

technology.
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Using standard projection theory and the same factorization as in (D.19):

B(L) = I.aa(L) o2L! B olL!
© Tad(L) 024021 —pL)(1—pL™Y) k(1 —aL)(1l—aLt)

The noise process v; has autocovariance generating function:

0.2

I',(L) =T,(L) — B(L)Laq(L)B(L™") = o2k(1 — ozL)Z(l —al™)

taking the square root yields:

L (D.22)
v = :
‘T 1-aLo2/k !
with &} “ N(0,02/0?).
Finally, plug equation (D.20) and (D.22) into (D.21), and rearrange to obtain:
o2\/k Lt ., 1—pL ,
(1—pL) : S Py L +1—aL€t (D.23)
~ ~ / \j/—/
|

Foreign TFP process follows an analogous process, and it is cointegrated with home TFP:

Aay =z (+7(a1—af ) +e; S 0 o2 0
t t—1 t—1 t—1 a,ty z,t | iid z
. N . ~ N , , , (D.24)
2y = pzi g t+Esy, Ent 0 0 o2

We calibrate the parameter 7 € (0, 1) to a small number to generate moderate cointegra-

tion.
Figure D.9 characterizes the impulse responses of the EZ-complete market model both

under the baseline process and the long-run risk process that we describe in the main text.
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Figure D.9: Impulse response under Complete Markets and Epstein and Zin preferences, Alternative Processes
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