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Abstract

We generalize the yield spanning condition in the bond literature to non-linear models
and to exchange rates. In standard macro-finance models, no variable should predict
yield or exchange rate changes once standard yield curve factors are controlled for.
We provide novel evidence that this spanning condition is violated, with inflation as
a common unspanned predictor of both bond and exchange rate returns. Investors’
incomplete information about the Federal Reserve’s monetary policy rule emerges as the
key driver of this result. We find high inflation to be followed by unexpected monetary
policy tightening, which leads to dollar appreciation and low bond returns. We explain
these findings by a simple model that departs from full information rational expectations.
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1. Introduction

In standard affine term structure models, the shape of the yield curve encapsulates all
information relevant for predicting yield changes and bond returns. Because information in
macro variables is already embedded in yields, macro factors should not predict bond returns

after linearly controlling for yield curve factors such as level, slope and curvature.

We theoretically generalize the linear spanning result in two dimensions. First, we show
that linear spanning also holds in non-linear models, such as the habit model. Hence it
represents a broader conceptual property of macro-finance models than previously thought.
Second, we show that linear spanning extends to exchange rates. In particular, no variable
should predict exchange rate changes or currency excess returns after linearly controlling for

home and foreign yield curve factors.

Our key empirical contribution is to show that this spanning condition is violated in the
data. In particular, we find that U.S. inflation is an unspanned predictor of both U.S. bond
and dollar returns. High inflation is associated with low subsequent bond returns but high
dollar returns, which also holds after controlling for the information already embedded in
the current shapes of U.S. and foreign yield curves. Broadly speaking, both our theoretical
and empirical results imply that the spanning puzzle in the bond literature is actually a joint

spanning puzzle for bonds and currencies.

We also explore the mechanisms through which inflation predicts bond and dollar returns.
Using survey data, we find that high inflation anticipates forecast errors concerning long term
interest rates. Moreover, high inflation is associated with future monetary policy shocks as
inferred from high-frequency reactions to monetary policy news. This is especially the case
for shocks to the path of expected future interest rates derived by Giirkaynak et al. (2004).
Finally, we find that high inflation predicts future revisions in economic agents’ perceived
Taylor rule coefficient on inflation. We interpret these results as indications that high inflation
triggers unexpected future monetary policy tightening. This policy contraction, in turn,

depresses bond returns and strengthens the dollar.

Why do economic agents seemingly misunderstand the relationship between inflation and

future monetary policy? Why is inflation unspanned by information contained in the yield



curve?

To make inroads in (partially) answering these questions, we present a simple model that
offers intuitive insights. In the model, agents observe the interest rate set by the central bank
but are unaware of the actual targeted inflation metric. Monetary policy is also subject to
random shocks. As a result, agents adopt a simple sticky expectations rule when forecasting
interest rates. While our setting is different, this forecasting rule is identical to that in Coibion
and Gorodnichenko (2015) and Mankiw and Reis (2002). Our setup implies that current
inflation is a noisy proxy of the inflation metric targeted by the Fed. However, these two
are positively correlated. Moreover, current inflation is not taken into account by the agents

applying a simple sticky expectations rule to forecast interest rates.

Our simple model is consistent with the patterns observed in the data. It implies that
high current inflation today predicts future monetary policy tightening. This tightening then
leads to low bond returns and U.S. dollar appreciation. At the same time, the model implies

that inflation is not fully spanned by information in the yield curves.

Related literature. Duffee (2011) and Joslin et al. (2014) argue that in standard affine term
structure models, yield factors fully linearly span macroeconomic variables. Although this
result should hold conceptually, they provide evidence that measures of inflation and real
activity are unspanned predictors of bond returns. The papers proceed to propose affine
models with unspanned variables. Here a macro variable is unspanned if its effect on future
interest rates and bond risk premia exactly offset each other. However, a key caveat with such
unspanned models is that they effectively require knife-edge restrictions on model parameters.
While these restrictions cause a failure of the standard invertibility condition, minor deviations

from model parameters again imply full spanning.

Failures of spanning are implicit in the literature on forecasting the business cycle (Stock
and Watson, 2003). A large body of literature has also explicitly looked at such violations.
Papers explicitly finding that macroeconomic variables contain useful unspanned information
include Cieslak and Povala (2015), Coroneo et al. (2016), Bianchi et al. (2021), and Moench
and Siavash (2022). Sihvonen (2024) argues that past bond returns hold yet additional useful

information on top of both current yields and macro variables. Crump and Gospodinov (2025)



find that the incremental predictive ability of trend inflation survives in a bootstrap that
imposes only weak restrictions about the true data generating process. Finally, Kroencke
et al. (2021) and Boehm and Kroner (2024) find that the Fed affects asset prices through

channels unspanned by the yield curve.

Observed spanning failures can be due to measurement error in yields (Cieslak and Povala,
2015; Bauer and Hamilton, 2018). However, most of the literature views the spanning puzzle
real and not arising from mechanical issues, including Cieslak (2018) and Bauer and Rudebusch
(2020). Relatedly, Sihvonen (2024) finds that yield measurement error is too small to explain

why past bond returns are unspanned by current yields.

While our empirical results for U.S. bonds are related to those in previous papers (e.g
Duffee, 2011), our paper is the first to relate yield curve spanning and exchange rates. Filippou
and Taylor (2017) address the relationship between macro variables, including inflation, and
FX return predictability, but do not discuss spanning or the mechanisms behind the results.
Whereas our paper focuses on the predictive power of the inflation level, Dahlquist and
Hasseltoft (2020) demonstrate that changes in inflation can also predict currency returns.
Ang and Chen (2010) and Lustig et al. (2019) study yield curve based predictors of FX rates
and Sarno et al. (2012) and Feunou et al. (2024) build joint models relating yield curves and

currency dynamics. However, these papers also do not study the issue of spanning.

Dahlquist and Pénasse (2022) use the Kalman filter to extract a hidden factor that predicts
FX returns but is unrelated to interest rate differentials. They argue that this hidden factor
drives most of real exchange rate volatility. However, they do not explore the relationship
between inflation and the hidden factor. Moreover, while the hidden factor is unrelated to
interest rate differentials, it can still be partly spanned by yield curve factors such as slope

and curvature.

Our paper also contributes to a growing literature studying the effects of expectational
errors on asset prices (e.g. Gourinchas and Tornell, 2004; Bordalo et al., 2018). Schmeling
et al. (2022) find that expectational errors explain most of the excess returns on money market
instruments. Some papers (e.g Cieslak, 2018; Sihvonen, 2024) have proposed that deviations
from rational expectations can explain violations from full spanning. However, the mechanism

we explore in this paper is novel.



Since we analyze the relationship between inflation and exchange rates, our paper is also
loosely related to the vast literature on testing purchasing power parity (PPP) (Engel, 2000;
Taylor and Taylor, 2002; Sarno and Taylor, 2002). PPP would in principle predict that high
inflation is associated with currency depreciation, which is opposite to what we find. However,
this literature has focused on longer horizons than those applied in this paper and still found

relatively weak evidence in favor of PPP.

A large literature has studied the contemporaneous relationship between monetary policy
shocks and forecast revisions concerning macroeconomic variables (see e.g. Nakamura and
Steinsson, 2018; Bauer and Swanson, 2023). Karnaukh and Vokata (2022) also find that
forecast revisions concerning GDP growth can predict future monetary policy shocks. They
argue that this finding is consistent with noisy information models (see e.g. Mankiw and Reis,
2002). Note that such a model cannot explain our key results since our predictor is the level
rather than change in inflation and because the noisy information model would still imply full
spanning.

Finally, our paper is related to a literature on non-linear macro-finance models, the
canonical example being the habit model (Wachter, 2006; Verdelhan, 2010). Similarly, while
standard term structure models are affine, shadow rate models used to impose the zero lower
bound constraint on interest rates are generally non-linear in model state variables (see e.g.
Christensen and Rudebusch, 2016). Here our results show that all of these models have a

linear representation in yield curve factors.

2. Generalizing the spanning hypothesis

In this section, we generalize linear spanning. First, we consider the case of bonds and show
that linear spanning also holds in non-linear models. Second, we turn to currencies and show
that the linear spanning hypothesis also extends to currency returns, that is, spot rate changes
and currency excess returns. In the Appendix, we provide further numerical robustness checks

that the below results hold accurately in standard models.



2.1. Bond returns

The Model. We consider a general Markovian model for yields. Let the model state variable

be z; € R™*! and the zero-coupon yield of an n-maturity bond be

i = gn(e), (1)

for some function g,. This expression is very general, though g, might not have a simple
analytical form.! The underlying model could be an asset pricing model such as the habit
model of Campbell and Cochrane (1999), a DSGE model like that in Rudebusch and Swanson
(2012) or a non-linear term structure model as in Christensen and Rudebusch (2015).

The corresponding one period bond excess return is ray, ; = —(n — 1)yf+_11 + ny — y;.
The state variable by definition contains all information about future yield changes. Expected

excess returns are then also a function of x;

Eifra ] = (). (2)

We call this latter statement the risk premium equation. Note that equivalently we could

formulate the results for expected yield changes instead of expected returns.

Exact non-linear spanning. Before moving to the approximation, we first consider an exact
non-linear version of the spanning argument. Pick any m yields stacked into a vector ¢ € R™*!,

Moreover, define g as

gt = g(wt)v

where this function simply collects the relevant elements using g,,. Assuming the inverse exists,

we can solve

z =g (i)

!Note that any Markov(h) process can be written as Markov(1). Here relevant lags of state variables are
included as state variables.



Controlling for g~!(g;) no variable should explain variation in the factors. Then consider

expected bond returns E,[rz}, ,]. We have

Efrat,,] = () = (37 (41))-

Now, no other variable should predict excess returns controlling for IT,, (g7 (7;)).

Approximate linear spanning. We begin by defining a linear approximation to the yield and

risk premium equations.

Definition 1: Affine approximation in yield factors. The p-variable affine approximations to
the yield Equation (1) and the risk premium Equation (2) are given by y" ~ A,, + B]T; and
Eira}, ] = C, + D, T, , where T; consists of the first p principal component scores of yields.

Moreover A,,, B,, C,, and D,, are obtained by (population) least squares.

Note that here the model state variables are instead replaced by yield curve factors.
However, generally one should use more yield curve factors than model state variables, p > m,

as discussed below. The following proposition helps to understand the approximation:

Proposition 1. Consider the r:th order local approzimation to yield and risk premium Equations
(1) and (2). Now the p= ("'") — 1 variable affine approzimation in yield factors results in

the same equations.

Proof: see the Appendix.

The above proposition can also be stated as follows. Assume we apply a local approximation
to the non-linear model. Then if we use as many yield curve factors in an affine approximation
as there are terms in the local approximation, we obtain the same yield and risk premium
equations. For example, consider a non-linear model with one state variable. Then applying
one yield curve factor would result in the same equations than applying a first order local
approximation. Similarly, applying two yield curve factors would correspond to a 2nd order

local approximation. In this sense, applying more yield curve factors than model state variables



can be seen to account for non-linearities.? It is straightforward to show that the Proposition
also holds when the affine approximation is defined using p yields or forward rates instead of

yield principal components.?

Local approximations are widely employed to solve DSGE models. For example, Rudebusch
and Swanson (2012) study term premia in a model solved using a 3rd order approximation.
The above proposition implies that the affine approximation (with r = 3) holds perfectly in
the local solution applied in the paper. Asset pricing models with long run risk are often
solved using the log-linearization of Campbell and Shiller (1988), which implies an affine
solution for yields (Bansal and Yaron, 2004). The affine approximation (with r = 1) then
holds perfectly.? The similarity between affine models and linearized long-run risk models is

also discussed by Creal and Wu (2020).

One practical implication of the proposition concerns the measurement of risk premia. In
standard affine models, variations in risk premia can be captured using linear regressions of
bond excess returns on yield factors (e.g. Adrian et al., 2013). The proposition implies that
this approach is valid for non-linear models but generally using more yield factors than state

variables.

The issue of invertibility is clearer in the affine than in the original non-linear model. As
long as the p-variable affine approximation exists, it is invertible. Technically, this is because

the principal component scores are orthogonal.

The following proposition provides a linear counterpart to the argument that no variable

should predict bond returns controlling for sufficiently many yields:

Proposition 2. Consider the p-variable affine approximation of the model. No variable can

2The analogue to a local approximation is, however, not perfect. Generally, our approximation is applied
directly to a non-linear model and not to a local approximation. For example in the case of one state variable,
a two factor approximation does not exactly correspond to a 2nd order local approximation. This is because
our approximation attempts to provide the best two factor approximation to the general non-linear problem,
which generally entails also accounting for some of the effects of third and fourth order terms and so on.
Because of this and the fact that some state variables can be quantitatively unimportant for yield changes,
the affine approximation does not necessarily require a large amount of factors to hold accurately.

3Assuming these are not perfectly correlated.

4However, assume we apply our procedure to a local approximation and use as many yield factors as terms
in the local approximation. Now, while our equations capture the same predictive content, the yield curve
factors are rotated versions of the terms in the local approximation. Assuming we only observe the yield curve
factors, we generally cannot perfectly reverse-engineer the original state variables.
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predict returns after linearly controlling for yield factors T;.

This follows directly from the risk premium equation being affine in 7;. Alternatively,

instead of yield factors, we could simply control for p yields.

2.2. FX returns

We now show that linear spanning holds also for FX returns. Assume two countries. On top
of the home country, described above, there is also a foreign country. Foreign country state
variables are given by z7 € R™ ! and yields by y;™ = g7 (z}).

This setting is again very general. Note that by separately specifying x; and =} we allow
for some unspanning between the two yield curves, that is, the home yield factors generally
do not capture all variation in the foreign yield curve. The setting also allows for different
ways to model dependencies between the two countries. For example, x; and =} might share
common state variables on top of independent country specific state variables. Alternatively

all of the state variables might be separate but correlated between the two countries.”

Let the log exchange rate between the two countries be given by s;, defined as the foreign
currency price of one U.S. dollar, that is, higher values represent a U.S. dollar appreciation.
Similarly to before we could equivalently formulate the results for FX rate changes or excess

returns but choose to use the latter. This U.S. dollar excess return is given by

FX _ 1 *1
TTy ) = Se41 — St T Yy — Yy -

We could formulate the results also by defining returns as s;;; — fi, where f! is the one
period FX forward rate. In standard macro-finance models, the covered interest rate parity
(CIP) holds so these two definitions give identical returns. However, such equivalence is not

necessary for our results.

We define the FX risk premium as

®We can also have z; = x}, although in this case the home and foreign yield curves embed the same
information. However, we do not include variables, which do not affect home yields, to z; and vice versa for



Eifraf ] = Qulzy, x7).

The following definition generalizes the affine approximation to FX rates

Definition 2: Two Country Affine Approximation in Yield Factors. The (p, p*)-variable affine
approximations to the yield and risk premium equations are given by vy ~ A, + B/1;,
Yt~ AL+ BTy, Byral, ] = C, + DLT, and E/[raf] ~ H + FT, + F*T;. T, and T}
consists of the first p and p* principal component scores of home and foreign yields respectively.

Moreover A,,, B, A%, B, C,, D,, H, F and F* are obtained via (population) least squares.

Note that here we allow for different approximation orders p and p* for the home and
foreign equations. This is especially because the number of home and foreign state variables
m and m* can be different. Given this definition, we are now ready to generalize our key

results to include FX rates:

Proposition 3. Assume the FX risk premium equation is separable in home and foreign state
variables Qy(xy, x7) = f(xy) — f*(x7). This holds e.g. when the market is complete, the FX risk
premium is exactly affine in state variables or x; = xf. The p = (mgr) —1 and p* = (mm”) -1
variable affine approximation in yield factors results in the same model equations than an r:th

order local approximation. Given the affine approximation, no variable predicts bond or FX

returns once linearly controlling for home and foreign yield factors.

Relative to Propositions 1 and 2, Proposition 3 includes an additional separability condition.
Such separability holds in standard models such as the long-run risk model of Bansal and
Shaliastovich (2012) and the habit model of Verdelhan (2010). These models assume complete
markets. Bansal and Shaliastovich (2012) also consider a linear economy. Moreover, while the
habit model of Verdelhan (2010) is generally non-linear, here the FX risk premium is linear in
state variables. In two country DSGE models with incomplete markets such as Benigno and
Thoenissen (2008), home state variables such as home total factor productivity affect also

the foreign country and vice versa. Hence separability holds since effectively x; = z7. These



models also tend to be solved using log-linearization so that separability holds because of the

solution technique.®

We have not found a realistic example of a model, where separability would not hold.
However, generally in non-linear incomplete market models with some unspanning between
home and foreign yield curves, the FX risk premium would also depend on interaction terms
between home and foreign yield curve factors. We empirically argue that accounting for such

interaction terms does not alter our key results, though.

Here we have, for simplicity, analyzed a two country setting. However, in the empirical
part we mainly look at the average returns of the U.S. dollar against five major currencies. It
is straightforward to extend our results to such average dollar returns. In particular, expected
average dollar returns depend only on US yield curve factors and average foreign yield curve
factors. However, the weights on the foreign factors can generally be different and must be
estimated separately. As before, it is straightforward to show that Proposition 2 also holds
when the affine approximation is instead defined using p home and p* foreign yields or forward

rates.

3. Data

We now describe the key data sources and variable definitions. We focus on six advanced
economies: Canada, Germany, Sweden, Switzerland, UK and the U.S. For these countries, we

were able to obtain long histories of zero coupon government yield curves.”

Asset prices. Our data on spot and forward exchange rates is from Datastream and are
available from 1983 onwards. Here the five exchange rates are quoted against the U.S. dollar.
For Germany, we initially apply the Deutschmark but switch to euro once it becomes available
in January 1999. However, we have yield curve data going back to 1983 only for Germany,
UK and US. Hence, for Canada, Switzerland and Sweden we start the exchange rate series

later when the relevant yield curve data becomes available.

5This type of log-linearization also results in a zero risk premium. However, as mentioned our results also
hold for exchange rate changes.

7Out of the key advanced economy currency areas, we unfortunately had to exclude Australia due to some
gaps in yield curve data.
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Our zero coupon yield curve data comes from various sources. Our US zero coupon yield
curve is from Liu and Wu (2021), who construct the curve using a novel non-parametric
method. This curve is also used to compute the excess returns on U.S. 10 year zero coupon
bonds.® The UK yield curve data is from the Bank of England and built using a spline-based
method. The Swiss curve is from the Swiss National Bank and the Swedish curve is from the
BIS database. Finally, the German government curve is from Deutsche Bundesbank. The
German, Swedish and Swiss curves are constructed using the method of Svensson (1994).
There is some unevenness in the availability of yield curve data. The data for the U.S. curve
is from March 1973 to December 2023; Canadian data begin later in January 1986, Swiss data
in January 1987 and the Swedish curve data in December 1992, while the data for Germany
and the UK start in December 1983.° These starting dates are summarized in Table A.2 in
the Appendix.

Inflation. We compute the annual U.S. inflation rate as the annual log change in the
corresponding seasonally unadjusted CPI index, obtained from FRED.!® U.S. CPI has not
been revised backwards but contains a two to three week publication lag. To account for this
lag, we follow Cieslak and Povala (2015) and lag inflation rate by one month. That is at the
end of each month, we form return predictions using the CPI in the past month. We focus on
U.S. inflation due to the lack of availability of long histories of real time CPI indices for the
other countries. In particular, the CPI indices for the other countries generally contain some

revisions.

Additional data. We combine the aforementioned FX, yield curve and macro data with other
data from a range of sources. Annual survey forecasts concerning yields on 10 year Treasury

bonds are taken from Consensus Economics. These are available from January 1990. Our

8The maturity of 10 years is chosen to match the maturity used in the interest rate survey data. As
robustness, we show results using 5 year bonds in the Appendix.

9The curve data for Germany and UK in principle go back to the 1970s. However, since we use these data
only as controls in the FX regressions and the FX data begins in 1983, we only rely on the yield curve data
from that date onwards.

10We use annual inflation instead of trend inflation since the persistence in trend inflation can give rise to
econometric issues (Crump and Gospodinov, 2025). We use headline rather than core inflation as we want to
include sharp shifts to which agents may react sluggishly. Headline inflation can also lead core inflation as
evidenced vividly during the pandemic (Ball et al., 2022). From a macro-finance angle headline inflation also
more accurately represents changes in the total costs for a representative agent.
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monetary policy shock data are updated versions of the data constructed by Giirkaynak et al.
(2004) and Nakamura and Steinsson (2018). These data begin in February 1995. ! Finally,
the estimated Taylor rule coefficients are from Lombardi et al. (2025) and are available from

March 1990.

4. The spanning hypothesis: an empirical evaluation

We now provide evidence that the spanning conditions derived in Section 2 are violated in the
data. In particular we find inflation to be an unspanned predictor of both bond and currency

excess returns. Our baseline empirical specification is given by the predictive regression:

Depyyy = a+ by + €41,

with m; denoting the annual U.S. CPI inflation rate that is available in month #'? and Dep
representing the main dependent variables, that is, U.S. bond and dollar excess returns as

well as the corresponding yield and U.S. dollar exchange rate changes.

The spanning regressions have the same form but also control for vectors of yield factors:

DepfH =a+ bm + dycy + €41;

Depfﬁ =a+bm + dycy + 'yc; + €41

Here Depf,, represent bond-related dependent variables (bond excess returns and yield
changes), and Depf?} stands for FX-related variables (changes in the dollar exchange rate and
dollar excess returns vis-a-vis a broad set of other currencies ). The FX spanning regressions
also control for foreign yield curve factors yc;, while the U.S. bond regressions only control for
U.S. factors yc¢;. The linear spanning hypothesis, reflected by Propositions 2 and 3, implies
that in both cases we should have b = 0. As yield factors we consider the first 3 or 5 principal

HUpdated data are available here: https://www.acostamiguel.com /research.html.
12As mentioned, this is the inflation rate known in the previous month ¢ — 1, that is, log CPI,_; —
IOgCPItflgfl.
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components of yields or the 10 annual forward rates.

Similarly to e.g. Lustig et al. (2019), we focus on monthly excess returns. As robustness
checks, we also consider quarterly and annual horizons. These modify the regressions in a

straightforward way.

We focus on explaining average dollar excess returns against a basket of currencies. Here
the relevant foreign control variables yc; are then averages of yield curve factors across the
foreign countries. However, our theoretical results imply that the weights on the factors might
be different, e.g. yield curve factors in some foreign country might be particularly important
for dollar returns. Hence, the weights are obtained by first performing the regressions country
by country using bilateral exchange rates. These weights are then used to construct the
average foreign factors used in the main FX regressions. In the Appendix, we also show
the country specific FX regressions, which also provide direct support that full spanning is

violated.

The key empirical results are given in Table 1. We apply Newey and West (1987) standard
errors with a conservative choice of 12 lags. Statistical significance would be stronger if we
instead used 5 lags implied by the standard lag selection formula.'? In the Appendix, we
also show that the key results are robust to using the bootstrap procedure of Bauer and
Hamilton (2018) as well as the Crump and Gospodinov (2025) bootstrap. For brevity, we do
not report the constant terms but show key descriptive statistics such as means of variables

in the Appendix.

As seen from Panel A, high inflation predicts low bond excess returns and high dollar
excess returns. In particular, a 1 percentage point (pp) higher inflation implies a 12bps
lower bond excess return and 16bps higher excess return on the U.S. dollar. Relatedly, 1 pp
higher inflation is also associated with 1bps lower 10 year yield and 16bps dollar appreciation.
Essentially all of the higher dollar excess returns is explained by dollar appreciation rather
than interest rate differentials. The yield change may appear small but note that bond returns

roughly equal duration times yield change.!*

13For example Duffee (2011) applies Newey and West (1987) standard errors with 4 lags.
14The modified duration of a zero coupon 10 year bond is % and the return up to first order is %Ay.

An additional but weaker mechanism is that high inflation is associated with high short rates, which lowers
excess returns.
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Table 1: Testing the spanning hypothesis: baseline results

Panel A: No YC Controls
(1) (2) (3) (4)

TxlOY TIFX AyloY AS
s -12.25%*  15.78*  0.909* 15.67**

(-2.73)  (2.00)  (1.73)  (2.03)
N 608 480 608 480
R? (in %)  1.22 1.07 0.58 1.07

Panel B: With YC Controls
(1) (2) (3) (4)

TmlOY T:EFX AyloY AS
T -14.46™  27.04**  1.682** 25.27***
(-2.29)  (3.15)  (2.36)  (3.07)
N 608 480 608 480

R? (in %)  2.88 487 211 3.92

t statistics in parentheses
*p <0.10, ** p < 0.05, *** p < 0.01

Notes: Panel A shows the results when predicting monthly U.S. bond and dollar excess returns as well as
yield and exchange rate changes with the latest annual U.S. CPI inflation rate. Panel B shows the coefficients
on inflation when predicting the same variables using inflation but also controlling for the first three principal
components of yields. The t-statistics are based on Newey and West (1987) standard errors with 12 lags. The
sample for bond return and yield regressions is between March 1973 and December 2023. The dollar exchange
rate is defined against a basket of currencies with varying start dates.
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Panel B of Table 1 shows the results when we also control for the yield curve factors. Here
we can see that the predictive power of inflation remains strong after adding these controls.
In the FX specifications, statistical significance of inflation is actually increased. Overall,
while Panel A shows that inflation is a common predictor of bond and dollar excess returns,
Panel B shows it is an unspanned predictor. This provides direct evidence that the spanning
hypothesis detailed in the previous section is violated for both U.S. bond and dollar returns

as well as yield and dollar exchange rate changes.

The coefficients on the yield curve factors are not shown for brevity but the full results

are in the Appendix. However, with some exceptions the yield curve factors are insignificant.

Table 2: Baseline results for a quarterly horizon.

Panel A: No YC Controls
(1) (2) (3) (4)

TIlOY TJIFX AyloY AS
™ -33.87  43.68" 2422 43.59*

(-2.60)  (1.87)  (1.57)  (1.90)
N 606 478 606 478
R? (in %)  2.88 250 123 258

Panel B: YC Controls
(1) (2) (3) (4)

TIlOY TIFX Ame AS
™ “41.31% 68.63°*  4.732"  65.23"
(-2.18)  (2.72)  (2.23)  (2.90)
N 606 478 606 478

R? (in%)  7.63 1050  6.04  7.94

t statistics in parentheses

*p<0.10, ¥ p < 0.05, *** p < 0.01
Notes: Panel A shows the results when predicting quarterly U.S. bond and dollar excess returns as well as
yield and exchange rate changes with the latest annual U.S. CPI inflation rate. Panel B shows the coefficients
on inflation when predicting the same variables using inflation but also controlling for the first three principal
components of yields. The t-statistics are based on Newey and West (1987) standard errors with 12 lags. The
sample for bond return and yield regressions is between March 1973 and December 2023. The dollar exchange
rate is defined against a basket of currencies with varying start dates.

Table 2 shows that the results are similar when applying a quarterly horizon instead of

monthly. However, the estimated coefficient values grow somewhat with the horizon. In
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particular, here a 1 pp higher inflation implies a 34bps drop in bond and a 44bps increase in
dollar excess return, as well as a 2.4bps fall in the 10 year yield and a 48bps dollar appreciation.

The Appendix further shows results for an annual horizon.

Table 3 shows results similar to Table 1, Panel B but controlling for the 10 annual forward
rates instead of principal components.!®> The results are similar to before. The Appendix also
shows results when controlling for 5 principal components of yields instead of 3 and performs

several robustness checks for the key results.

Table 3: Forward rates as controls

YC Controls
(1) (2) (3) (4)

’I“.CCIOY TZEFX AleY As
™ 17784 17.96%% 2,09 17.58*
(-2.73)  (279)  (2.84)  (2.75)
N 608 480 608 480

R® (in %)  6.47 1219  6.02  10.99

t statistics in parentheses
* p<0.10, ** p < 0.05, *** p < 0.01

Notes: The Table shows the results when predicting monthly U.S. bond and dollar excess returns as well as
yield and exchange rate changes with the latest annual U.S. CPI inflation rate. Instead of yield principal
components, we here control for all annual forward rates. The t-statistics are based on Newey and West (1987)
standard errors with 12 lags. The sample for bond return and yield regressions is between March 1973 and
December 2023. The dollar exchange rate is defined against a basket of currencies with varying start dates.

Our baseline results for U.S. bonds are consistent with Duffee (2011), Joslin et al. (2014)
and Cieslak and Povala (2015). However, our results for exchange rate returns and changes

are novel.

Note that the result that dollar bond yields and the dollar exchange rate move in the
same direction is well consistent with standard models. For example, in models assuming that
the uncovered interest rate parity holds, as in the classical model of Dornbusch (1976), an
interest rate shock leads to exchange rate appreciation. However, in such classical models
dollar and bond returns would be unpredictable. More recent macro-finance models can

generate time variation in expected returns and hence predictability. However, as explained

15The first forward rate is the annual yield, the second the forward rate for a one year period starting after
one year and so on.
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in the theoretical section, they imply that this predictability should vanish once controlling

for yield curve factors.

5. Understanding the mechanisms

Which economic mechanisms might underlie the predictability patterns documented in the
previous section? In this section, we conduct a series of empirical tests demonstrating that
our key predictability results stem from investors’ incomplete information about the Fed’s
monetary policy reaction function — a deviation from full-information rational expectations
(FIRE). In particular, we show that inflation also predicts future monetary policy shocks,
expectational errors concerning bond yields as well as changes in the perceived monetary

policy stance of the Fed.

We first document that inflation also predicts monetary policy shocks — a stark violation
of the unpredictability condition posited by the FIRE assumption. The shocks considered are
shocks to the monetary policy target and to the expected future path of the policy rate in
the spirit of Giirkaynak et al. (2004). Moreover, we use the shocks constructed by Nakamura
and Steinsson (2018) (NS). The NS shocks represent shocks to the level factor of short- to
medium-term interest rates from euro-dollar futures, that is, besides capturing target changes

they also entail a forward-looking (path) component.

The results are given by Table 4.16 Panel A shows that inflation is a significant predictor
of path and NS shocks, but not of target shocks. Panel B shows that the predictive power
survives after controlling for yield curve factors measured as annual forward rates.!” Note
that under full information rational expectations (FIRE), monetary policy shocks should be

unpredictable.

We also construct annual expectational errors on U.S. 10 year yields using yield forecasts
from Consensus Economics.'® Table 5, Panel A shows that a rise in inflation predicts such

yield forecast errors. The results become statistically significant once we also control for yield

16Because the data is unequally spaced we here only correct for heteroskedasticity similarly to Nakamura and
Steinsson (2018). This is also conservative since, if anything, the residuals have some negative autocorrelation.

THowever, we also found predictability in months without Fed meetings. These months can also contain
revisions of beliefs about future policy.

8The expectational error is given by y/ 9%, — Ef [y19%,], where Ef [y} 9] is the survey forecast.
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Table 4: Predicting U.S. monetary policy shocks

Panel A: No YC Controls

(1) (2) (3)
Target  Path NS
s 0.0584 1.149** 0.306™

(0.47)  (2.30)  (2.39)

N 231 231 231
R (in%) 0.06 346  2.30

Panel B: YC Controls

(1) (2) (3)
Target  Path NS
™ 0.148  1.14*  0.358*

(0.89) (2.22)  (2.37)

N 231 231 231
R%(n%) 553 1115  11.99

t statistics in parentheses
*p <01, p<0.05 *** p<0.01

Notes: Panel A shows the results from predicting three types of U.S. monetary policy shocks over a monthly
horizon using the annual U.S. CPI inflation rate. The shocks considered are the target and path shocks of
Giirkaynak et al. (2004) as well as Nakamura and Steinsson (2018) shocks. Panel B shows the coefficients
on inflation when also controlling for the 10 annual forward rates. The sample is from February 1995 to
December 2023. The standard errors correct for heteroskedasticity.
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Table 5: Predicting interest rate forecast errors and changes in the Taylor rule coefficient on
inflation

Panel A: Long rate forecast errors

(1) (2)

No YC Controls YC Controls
T 13.51 12.74**
(1.53) (2.47)
N 395 395
RQ(%) 5.04 42.09

Panel B: Changes in the Taylor coefficient on inflation

(1) (2)

No YC Controls YC Controls
T 0.168 0.219**
(1.01) (2.09)
N 405 405
R*(%) 2.49 18.73

t statistics in parentheses
*p<0.1, " p<0.05 ** p<0.01

Notes: Panel A shows the results from predicting forecast errors for 10 year yields with the latest available
CPI inflation rates. The annual yield forecasts are from Consensus Economics. Panel B shows the results
from predicting monthly changes in the perceived Taylor rule coefficient on inflation using the latest available
CPI inflation rates. The estimated Taylor rule coefficients on inflation are from Lombardi et al. (2025). Both
panels also show the results when controlling for the 10 annual forward rates. The t-statistics are based on
Newey and West (1987) standard errors with 12 lags. The sample is from January 1990 to December 2023 for
interest rate forecast errors and from March 1990 to December 2023 for changes in Taylor coefficients.

curve factors. An increase in inflation is associated with investors underpredicting future
yields. The economic magnitude of the errors is relatively large.!® Again note that under

FIRE, like monetary policy shocks, forecast errors should be unpredictable.

Similarly to Bauer et al. (2024), Lombardi et al. (2025) use panel data of survey forecasts
to estimate professional forecasters’ perceived Taylor rule coefficients on inflation. Table
5, Panel B shows that high inflation today also tends to be followed by upward revisions

of estimated Taylor rule coefficients, although these results are again significant only when

9From Table A.5 in the Appendix we can see that the coefficient on inflation when predicting annual
yield changes is 9.3 without yield factor controls. This is slightly smaller than the coefficient when predicting
forecast errors. Unexpected component of the yield change is hence actually larger than the yield change.
Because bond returns roughly equal duration times yield change such yield changes give rise to relatively
large bond returns.

19



controlling for yield factors. Inflation seems to be associated with future updates on investors’

perceived hawkishness of the Fed in countering inflation.

Our main interpretation of the above results is that high inflation leads investors to revise
upwards their beliefs about the path of short rates in the future. This updating likely relates
to investors not fully grasping the central bank reaction function in real-time. As they update
their beliefs about the Fed’s resolve to rein in on inflation, and the central bank proceeds with

tightening, the dollar appreciates and excess returns in the bond market fall.

Why not a risk-based story? As mentioned, monetary policy shocks and expectational
errors should be unpredictable under FIRE. Here we provide further evidence that our results
are due to expectational errors rather than standard risk-based mechanisms (for a review, see
Cieslak and Pflueger, 2023). We use survey data to form subjective expectations of annual
excess dollar and bond returns.?’ The subjectively expected excess return on the U.S. dollar

is given by

E}[ser12) — st + 4 — y,™,

where E?[s;,12] denotes the survey expectation of the dollar exchange rate after one
year. The subjectively expected bond excess returns use a duration approximation (see e.g.

Bacchetta et al., 2009):

- Dioyyi® — (Droy — Dio)EJ [0 15
Dis !

Here E7[y/0%,] is the survey forecast of the 10 year yield after one year. Moreover, D, is

the duration of a bond with maturity n.

As shown in Table 6, regressing subjectively expected FX returns on inflation gives a slope
coefficient of -11 (column (1)). This is opposite in sign to the predictability coefficient and

hence strengthens the error narrative.

20We could also apply a term structure model such as Kim and Wright (2011) to decompose long rates to
short rate expectations and term premia. However, these models impose FIRE a priori and do not generally
measure subjective risk premia.

20



Table 6: Explaining subjective risk premia

(1) (2) (3)
]ES [,erX] ES [T.xlOY] AES[TQIlOY]

7r 109" -18.3 1.24
(-1.54)  (-2.70) (-1.44)

N 407 407 406

R (in%)  7.71 0.8 0.8

t statistics in parentheses
* p<0.10, ** p < 0.05, ** p < 0.01

Notes: The Table shows the results when explaining the subjectively expected annual excess bond and FX
returns using current U.S. annual inflation. It also shows the results when predicting monthly changes in the
subjectively expected bond return using inflation. The subjectively expected bond and FX excess returns are
based on yield and FX forecasts from Concensus Economics. The t-statistics are based on Newey and West
(1987) standard errors with 12 lags. The sample is from January 1990 to December 2023.

Regressing subjectively expected bond excess returns on inflation gives a slope coefficient
of -18 (column (2)). One percentage point higher inflation is associated with 18bps lower
subjectively expected annual excess bond return. This hence has the same sign than the
bond predictability coefficient. In particular, predicting annual bond excess returns with
inflation results in a slope coefficient of -133 as reported in the Appendix. However, we can
decompose this predictability coefficient to a risk premium effect of -18 and error effect of
—133 — (—18) = —115. Expectational errors explain —115/(—133) ~ 86% of bond return
predictability!

We also regress changes in subjectively expected bond returns on inflation (column (3)).
The resulting slope coefficient is -1. Hence high inflation is associated with subsequent declines
in subjective bond risk premia. This gives further evidence that long-term yields increase due

to a change in the path of short rates, not an increase in (subjectively perceived) term premia.

6. A stylized model

Overall, our empirical results suggest that high inflation is associated with future unexpected
monetary policy tightening, especially revisions in beliefs about the path of short rates. This

leads to increases in long-term yields, low bond returns, and exchange rate appreciation.
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We do not take a strong stance on the specific model that explains the results. However,
we provide a stylized example of a model that could. We assume that the Fed sets the short

rate according to the following simple rule

ytl = O + vy

Here 7, is long run inflation and v; is a random monetary policy shock, v; ~ N(0,0?).
We ignore constant terms for simplicity as they do not affect predictability. We assume 7,
follows AR(1) with persistence \; and residual variance o7 but is unobserved by the agents.
More generally, 7; could represent an unobserved macroeconomic state. Agents short rate

expectations follow a sticky expectations process

Elyi] = (1 — )NED [y ] + kA,

where 7 is the subjective expectations operator. This rule emerges as a solution to a
filtration problem with unknown 7;. Here k is given by the standard formulas for the Kalman

filter. However, it could also represent a simple behavioral rule.

Note that the full information rational forecast of the next period short rate would be
M@ Here the key deviation from FIRE is omitting information related to 7;. This setting
is different from the standard sticky expectations model in which the forecast under FIRE is
Ar; (Coibion and Gorodnichenko, 2015)!. In the standard sticky expectations model the key

deviation from FIRE is instead slow reaction to new information.

We assume that the agents are risk neutral. Long-term interest rates are hence given by:

n—1
1
n S
yr = E " ZytlJri'
=0

This is essentially the expectations hypothesis under subjective beliefs.?? The exchange

rate can be obtained by solving the standard UIP equation forward:

2'Here we also deviate from Granziera and Sihvonen (2024), who use a sticky expectations model to explain
bond and currency dynamics.

2For derivations of the long rate and exchange rate equations, see Granziera and Sihvonen (2024). The
solution for the exchange rate assumes a constant long-run exchange rate, which can be normalized to zero.
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o
n _ 1S 1
sy = E; § Yiyi-
i=0

Here the foreign interest rate is set to a constant. However, the foreign interest rate can
also be ignored if we assume that agents have rational expectations about them so they do

not affect predictability.??

High long-run inflation 7; implies higher than expected future short rates. This implies
low bond returns and dollar appreciation. On the other hand, current inflation 7, is positively
correlated with long-run inflation 7;. Hence high m; predicts low bond returns and high
currency returns. Moreover, here 7, is largely unspanned by information in the yield curves.

Note that since r; and E?[r;, ] are observed, they are instead fully spanned by the yield curve.

As a simple example we consider an exponential moving average process

T = w1 + (1 —w)m",

and assume monthly inflation 7} follows an AR(1)-process

m o m
T = AT+ e,

with ¢, ~ N(0,02). 7, specified by such a moving average process is often called trend
inflation. The solution to the filtration problem follows given an AR(1)-approximation for 7;.%*
But again note that the sticky expectations process might also represent a simple behavioral

rule.

To calibrate the model, we first estimate the persistence parameter A\™ and residual

volatility o, directly from inflation data. We set ¢ = 1.5, a standard Taylor rule value for

23We also need to assume that foreign rates do not contain additional information about 7, or if they do,
agents do not use that information. As mentioned before we focus on U.S. inflation but remain agnostic
whether similar results hold for foreign inflation rates. However, we have replicated many of our results using
available foreign CPI indices. Here we found evidence that foreign inflation also predicts exchange rates
and foreign bond returns yet this predictability seems weaker than our benchmark results. However, the
predictability results using foreign inflation are less reliable as many of the indices are not available in real
time. In particular this predictability might potentially be due to backward data revisions.

24We solve this using simulation. Strictly speaking 7; follows an AR(2) but we find an AR(1) to be very
accurate giving an R? of 98%.
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Table 7: Calibrated values for the theoretical model

Parameter Value Source

AT 0.49 estimated

Oc 0.0028 estimated

0] 1.5 standard

o 0.670; target: k ~ 0.5 (Granziera and Sihvonen, 2024)
w 0.97 target: baseline regression slopes

Table 8: Key coefficients implied by the model and those in the data

Coefficient Model Data
regression slope 10Y bond return -10.8  -12.3
regression slope FX return 15.2 15.8

regression slope 10Y bond return, YC controls -6.1 -14.5
regression slope FX return, YC controls 8.6 27

Notes: The Table shows the predictability coefficients for bond and dollar excess returns obtained by simulating
the calibrated model as well as those measured from the data. It also shows the coefficients when controlling
for yield curve factors.

inflation. o, is set to target a sticky expectations coefficient £ ~ 0.5, which is reasonable
given the estimates in Granziera and Sihvonen (2024). Finally, £ is set to target the baseline

predictability regression slopes. The calibrated values are given in Table 7.

Table 8 shows the predictability coefficients obtained by simulating the calibrated model
as well as those measured from the data. The baseline predictability coefficients from the

model are close to their empirical counterparts.

The model somewhat understates the predictability coefficients obtained by also controlling
for yield factors. However, these regressions are less comparable. This is because the simple
theoretical model features only two yield factors while in the empirical specifications we
control for three factors. The results in the theoretical model can be sensitive to the number
of factors, e.g. the coefficients are larger if we only control for one yield factor. Second, the

model abstracts away from the effects of foreign yield factors on exchange rates.

The model serves as a useful tool to demonstrate a plausible mechanism explaining the

key results in this paper. However, it abstracts away from one effect. In the empirical part we
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found some evidence that high inflation is followed by increases in the perceived Taylor rule
coefficient on inflation. Relaxing the assumption that ¢ is known might create an interesting
additional mechanism contributing to the empirical results. However, this would complicate

the model solution considerably and this extension is hence left to future work.

The above model also generates some exchange rate disconnect in the sense of Meese and
Rogoff (1983). In particular the contemporaneous correlation between exchange rate changes
and inflation changes is lower than if inflation would be fully incorporated into interest rate
forecasts. However, generally the FX spanning puzzle is different from the exchange rate
disconnect puzzle. In particular the FX spanning puzzle discussed in this paper refers to the
existence of macro factors, which can forecast future exchange rate changes but are unspanned
by the yield curve. On the other hand, the exchange rate disconnect puzzle is about the low

contemporaneous correlation between exchange rate changes and macroeconomic variables.

Relatedly, Gourinchas et al. (2022) propose a model with some segmentation between
bond and FX markets. This weakens the contemporaneous correlation between bond and
currency returns relative to standard models. However, full spanning still holds so such a
model is inconsistent with the results documented in this paper. Also broadly speaking, while
market segmentation can be useful for explaining some features of FX dynamics, our key
finding that inflation is an unspanned predictor of both bond and currency returns, points to

information frictions rather than market segmentation as a key underlying driver.

Our findings are somewhat more closely related to but still clearly distinct from the
FX-bond disconnect discussed by Chernov and Creal (2023). They find that contemporaneus
regressions of FX returns on the returns of different maturity bonds yield an R? clearly below
100%. That is FX returns cannot be replicated with bonds. On the other hand, the above
simple model predicts a perfect fit when using at least two bond returns. Loosely speaking
their findings imply that FX rates contain some information that is not priced in bond returns.
On the other hand, in our setting there is a common factor missing from both FX and bond
pricing. However, it would be interesting to extend our model to include a factor that is

reflected only in FX pricing.
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7. Conclusion

We argue that the spanning puzzle documented in the bond literature is, in fact, a joint
bond-FX spanning puzzle. In standard macro-finance models, no variable should predict
bond or exchange rate returns — nor changes in yields or exchange rates — after linearly
controlling for yield curve factors. This spanning condition is violated in the data. In particular
U.S. inflation is not only an unspanned predictor of bond returns but also predicts dollar

appreciation.

To explore the underlying drivers of these patterns, we find that high inflation also predicts
monetary policy shocks, unexpected increases in long-term interest rates as well as increases
in the perceived Taylor rule coefficient on inflation. The most plausible interpretation is
that investors grapple with understanding the central bank’s reaction function. As investors
update their beliefs about the Fed’s resolve to rein in on inflation, the dollar appreciates and
excess returns in the bond market fall. We argue that the results are consistent with a simple

model in which agents are unaware of the inflation metric targeted by the Fed.
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A. Proofs and Numerical Accuracy Checks

Al. Proof of Proposition 1

The r:th order local approximation to the yield equation is

i~ @+ 3 0 gy

ol
oo <r

This expression is linear in (z; — 7).

To derive the number of elements in the expansion, by stars and bars there are (kj;":l)
ways to choose non-negative integers oy, ..., a,, such that oy + ...+ «,, = k. This is also the

number of unique elements of order k in the Taylor approximation. Then by the Christmas
stocking identity, total number of unique terms is

i <k+m—1) B <r+m) )

m—1 N m
k=1
We can write this as y;' = An + BnXt. The new vector state variable in the affine version

X, consists of all the powers of the vector state variable x; up to order r. For example consider
a model with a single state variable x;; and r = 2 i.e. a second order approximation. Now the

new state variable in the affine version is X; = [z, #%]’. Similarly, with two state variables

— 2 2 /
xy and x4 we have Xy =[x, X490, T3, Tiy, T11 T2’ -

To now see that the linear approximation results in the same yield equation, note that the
principal component scores are linear combinations of yields. Hence for the p scores T; we

can also write

Here B is a square matrix and the scores are uncorrelated. Hence BV ar(X;)B’ is diagonal
with each diagonal entry strictly positive. Hence B is full rank and therefore invertible. Now

we can solve



X, = BT, — A).

Therefore

~ ~

"= A,+ B,BNT,— A) = A, — B,B'A+ B,B7'T,

Hence each yield is affine in 7. The fact that the linear approximation of the risk premium

equation also corresponds that resulting from the local approximation follows similarly.

A2. Proof of Proposition 3

We first show that complete markets imply separability. Note that under complete markets:

Si41— 8¢ = g1 — £;+1

Here &1 and &, are the home and foreign log stochastic discount factors. Then

Eufrei ] = B& ] + yp — Bul€era] — u' = fla) — f(a})

Here the last step uses the fact that E,[£/,,] depends on foreign state variables and E;[£;14]

on home state variables.

Next we show that the local approximation and the affine approximation gives rise to the

same equations. Given separability, the r:th order Taylor approximation gives

Efref ] ~ C+ DX, + D*X;

where X, is as in the proof of Proposition 1 and X; collects the powers of foreign state

variables analoguously. Similarly to Proposition 1 we can solve

T, = A+ BX, (A1)



T = A"+ B'X] (A.2)

and we can solve

X, = BYT, — A)

X: — B*_l(Tt* o A*)

The rest follows by plugging these to Equations A.1 and A.2.

In case z; and x; contain some of the same variables, F' or F™* can include zeros and
regressing the FX risk premium on X; and X; can be subject to a multicollinearity issue.
Here we assume one either performs principal component analysis on X; and X; to reduce

the dimension or drops multicollinear variables and sets their coefficient to zero.

A3. Numerical accuracy

The key theoretical results are based on higher order local approximations. In this section
we provide additional evidence that the results hold very accurately in standard models. As
mentioned before, the results hold exactly in models solved using linearization (e.g. Bansal

and Yaron, 2004) or higher order local approximation (e.g. Rudebusch and Swanson, 2012).

The habit model. The first model we consider is the model of Wachter (2006), which is an
extended version of the external habit model of Campbell and Cochrane (1999) applied to

the term structure of interest rates. Here real yields take the form?®:

W=~ In(Fy(2))

25Results are similar when using nominal yields. In this model expected inflation affects nominal yields but
not excess returns



Fo(z) = Bilexp (Ind — vg = (1 = ¢)(2 — 2) = v(A(z) + 1)oeersr) Fna(z41)]

The boundary condition is Fy(z;) = 1. The log surplus consumption z; describes the
consumption of a representative agent relative to a habit formed by past consumption. z;

evolves as

21 = (1 = 9)Z + ¢z + M2) (Aciyr — E[Aci41])

Aciyr = g+ V41, U ~ i0.d.N(0,02)

)\(zt):%\/l—Q(zt—z)—l, Z:O'v [ﬁ

Expected excess bond returns hence depend on a single state variable: surplus consumption

2o

z;. This state variable captures time-variation in expected returns.
Verdelhan (2010) analyzes the implications of the same model for currency returns. Now
assume that in addition to the home country there is also a symmetric foreign country.

Verdelhan (2010) shows that the expected currency return is given by

Eifra/ ) = =22 — 2)

Here z; is the log foreign habit.

We solve the model using the global solution method, based on numerical integration,
and benchmark calibration described in Wachter (2006). We then study the predictability of
quarterly excess returns using model simulated yields and excess returns.?® We predict the

true conditional expectation of excess bond return using a linear regression on yield principal

26We focus on quarterly returns since the benchmark calibration of Wachter (2006) is for the quarterly
horizon. Note that while our main results are for the monthly horizon, we strongly reject full spanning also
for the quarterly horizon, see Table 2.



Table A.1: Approximation error in the habit and non-linear models

Error
Habit Model Non-linear model
Mat. (y) 1 pc 1pc 2pces
1 0.02 % 59% 0%
2 0.02 % 4% 0%
3 0.02 % 69 % 0%
4 0.02 % 0% 0%
5 0.02 % 68 % 0%
6 0.02 % 62% 0%
7 0.02 % 61 % 0%
8 0.02 % 5 % 0%
9 0.02 % 5 % 0%
10 0.03 % 5 % 0%

Notes: table shows the approximation error when predicting quarterly excess returns of different maturity
bonds in the habit model using a linear regression with the first principal component of yields. It also shows
the error when predicting monthly excess bond returns in a simple non-linear model using a linear regression
with one or two principal component of yields.

components. Approximation error is measured by the mean squared prediction error scaled

by the variance of true expected excess bond return.

The results are given in Table A.1. We can see that linear spanning holds very accurately
in the habit model when using one yield curve factor. That is the risk premium equation is

actually close to linear and there is no need to account for non-linearities using more factors.

We also repeated the exercise for FX returns but now predicting the returns with a home
and foreign yield factor. Here the approximation error is merely 0.0002%. However note that
in the habit model, unlike the bond risk premium, the FX risk premium is actually exactly
linear in the state variables. Hence the approximation error only represents error due to
approximating the state variables with single yield factors. There can also be some numerical

error in the global solution procedure.

As mentioned asset pricing models with long-run risks are often solved using log-linearization
(Bansal and Yaron, 2004). Here linear spanning holds perfectly when using as many yield
factors as model state variables. We also experimented the accuracy of the procedure by

solving the long-run risk model of Bansal and Shaliastovich (2012) using the global solution
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procedure described by Pohl et al. (2018). We found that the log-linearization is very accurate
for the purposes of analyzing spanning. This was true also when using more non-standard

parameter values.

Empirical non-linear model. As explained above the standard asset pricing models tend to
be close to linear. We now evaluate linear spanning using a simple term structure model with
greater non-linearity, which is loosely motivated by Longstaff (1989). We assume that the
short rate y; follows an AR(1)-process and estimate it using monthly U.S. data. We then

assume the following affine yield specification:

yi = A, + By, + Biv/yt

Here the coefficients A,, B} and B2 are solved from U.S. data using least squares. The
approximation error for predicting monthly returns using one and two principal components

is given in Table A.1.

This model has only one state variable: y}. Still due to non-linearity using one yield
factor to predict returns results in large approximation errors. On the other using two factors
captures all of predictability and results in zero errors. This is because this model is affine in
y! and \/y_t1 . That is, while the model is a non-linear model with one state variable, it is also

a two factor affine model.

To analyze the accuracy for FX rates we could for example assume that interest rate parity
holds for the returns of long maturity bonds (Lustig et al., 2019). However, then the results

FX rate returns are as for bond returns and are omitted.



Table A.2: Data overview

Parameter  Value

Canada January 1986
Germany December 1983
Switzerland January 1987
Sweden December 1992
UK December 1983

Notes: The Table summarizes the starting dates for the FX and foreign yield curve data.

B. Additional empirical results and discussion

In this section we provide additional empirical results and robustness checks to the results

presented in the main text.

B1l. Data: starting dates and descriptive statistics

Table A.2 summarizes the starting dates for currency and foreign yield curve data. For
Canada, Switzerland and Sweden the starting date is constrained by the availability of yield
curve data.

Table A.3 shows descriptive statistics for key variables such as bond and currency excess

returns. During our sample the dollar depreciated slightly.

Table A.3: Descriptive statistics

rai® X Ay As T

mean 0.22 -0.02 -0.01 -0.03 3.89
stdev  3.16  2.37 0.25 2.35 2.85
skew 0.09 0.16 -0.04 0.18 1.31
kurt 4.88  3.72 7.35 383 4.44

Notes: The Table shows the means, standard deviations as well as skewness and kurtosis values for key
variables. The variables are monthly excess bond and dollar returns, change in the 10 year US interest rate
and the dollar exchange rate as well as annual US inflation. All variables are expressed as percentages. The
sample for bond return and yield regressions is between March 1973 and December 2023. The dollar exchange
rate is defined against a basket of currencies with varying start dates.
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B2. Spanning regressions: full results for Table 1

In our spanning regressions, coefficients on the yield curve factors are not shown for brevity.
Table A.4 replicates Table 1, Panel B but also shows the coefficients on the yield curve factors.
For bond returns the slope factor is significant, consistent with Fama and Bliss (1987). The
other factors are insignificant. For currency returns, only the foreign level and curvature

factors are significant.

B3. Annual horizon

The main text provides predictability results for monthly and quarterly horizons. Table A.5

shows similar results for an annual horizon.

B4. Bauer-Hamilton bootstrap

Bauer and Hamilton (2018), hereafter BH, argue that the standard approach to testing the
spanning hypothesis is subject to small sample distortions. They instead propose a parametric
bootstrap procedure to evaluate significance in spanning regressions. In this section we
implement this bootstrap. The setting also implicitly accounts for the effects of measurement

error in yields.

We consider the cases of three and five principal components of yields. In both cases,
we estimate a VAR(1)-model for the yield curve factors. We estimate an AR(2)-process for
inflation. Here the second lag is still strongly significant. The (demeaned) yields are assumed

to be given by:

yi = B, T + em (B.3)

Here T, is a vector of the yield factors and ey, is a yield specific measurement error,

em ~ N(0, 03). The loading vector (3, is estimated using least squares.

Using the estimated processes for yield factors and inflation, we simulate 10,000 draws, each
of length 1,109 months. We start the simulation from the first empirical observation for the

yield curve factors and inflation. The simulated residuals are drawn from the estimated joint
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Table A.4: Testing the spanning hypothesis: showing the coefficients on yield curve factors

(1) (2) (3) (4)
TxlOY TZEFX AyIOY AS
T -14.46™  27.04%*  1.682"  25.27"
(-2.29)  (3.15)  (2.36)  (3.07)
pct  0.0067  0.0060 -0.0010%  0.0011
(1.45)  (0.86)  (-1.92)  (0.19)
p  -0.047*  0.023  0.0011  -0.0016
(-2.01)  (0.86)  (0.42)  (-0.07)
pé  -0.057  -0.061  0.010  -0.098
(-0.63)  (-0.97)  (0.95)  (-1.54)

pct 0.78* 0.78
(2.01) (1.46)

pe? 1.97 1.30
(1.68) (0.52)

e 3.58%* 3.37%**
(2.94) (3.06)

cons  0.79%*  -0.67*  -0.07*  -0.69***
(2.77)  (-252)  (-2.19)  (-2.65)

N 608 480 608 480

R? 2.88 4.87 2.11 3.92

t statistics in parentheses
* p<0.10, ** p < 0.05, ** p < 0.01

Notes: The Table shows the results when predicting monthly U.S. bond and dollar excess returns as well as
yield and exchange rate changes with the latest annual U.S. CPI inflation rate. The regressions also control
for the first three principal components of U.S. yields. The exchange rate related regressions also control for
weighted averages of foreign yields. The weights are obtained by regressing returns and FX-rate changes on
yield curve factors country by country. The t-statistics are based on Newey and West (1987) standard errors
with 12 lags. The sample for bond return and yield regressions is between March 1973 and December 2023.
The dollar exchange rate is defined against a basket of currencies with varying start dates.



Table A.5: Baseline results for an annual horizon.

Panel A: No YC Controls
(1) (2) (3) (4)

T’ZL’lOY TIFX AylﬂY As

7 -133.1%* 3062  9.323  37.23
(-2.68)  (0.54)  (1.58)  (0.71)

N 597 469 297 469
R? 10.65 0.24 4.64 0.45

Panel B: YC Controls
(1) (2) (3) (4)

rxlOY TIFX AyloY AS

T -174.0"*  126.13* 18.59**  106.36*
(-2.76)  (2.20)  (2.69)  (1.91)

N 297 469 297 469
R? 26.13 11.30 20.33 8.54

t statistics in parentheses
* p <0.10, ** p < 0.05, *** p < 0.01

Notes: Panel A shows the results when predicting annual U.S. bond and dollar excess returns as well as yield
and exchange rate changes with the latest annual U.S. CPI inflation rate. Panel B shows the coefficients on
inflation when predicting the same variables using inflation but also controlling for the first three principal
components of yields. The t-statistics are based on Newey and West (1987) standard errors with 12 lags. The
sample for bond return and yield regressions is between March 1973 and December 2023. The dollar exchange
rate is defined against a basket of currencies with varying start dates.
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Table A.6: Bauer-Hamilton bootstrap p-values

Coefficient Bootstrap p-value Yield fitting error

3 pcis -14.46 0.054 5.7bps
5 pc:s -15.31 0.048 3.0bps

Notes: The Table shows the two sided p-values (and coefficient estimates) for the coefficients on inflation
in the bond excess return spanning regressions controlling for 3 and 5 principal components of yields. The
p-values are solved using the bootstrap procedure described by Bauer and Hamilton (2018). The Table also
shows the yield fitting errors of the models with 3 and 5 lags.

empirical distribution of the yield factor and inflation residuals. The first 500 observations are
disregarded. Hence we have 10,000 draws for the yield factors and inflation, each matching
the length of 609 months of the original data. The yields are then solved using Equation B.3
and by simulating draws for e;, from the normal distribution. These simulated values can
then be used to construct distributions for the sample statistics. Here we apply Newey and
West (1987) t-statistics as in the main text, but use the simulated distribution to find the

corresponding p-value.

Note that full spanning holds for the simulated data as inflation and yield factors are
specified separately. However, measurement error generates non-zero estimated values on the

coefficient of inflation in spanning regressions.

The results are shown in Table A.6. The yield fitting error obtained by pooling across
maturities is 5.7bps when using three yield factors and 3.0bps using five yield factors. The
simulated two-sided p-value for the coefficient on inflation in the bond spanning regression in
Table 1 is 0.054. On the other hand, for the regression controlling 5 pc:s shown in Table A.11,
the p-value for the coefficient on inflation is 0.048. Overall, the bootstrap suggests somewhat

weaker but still fairly strong statistical significance.

We leave extending the results to FX predictability regressions to future work. However,
note that the corresponding spanning regressions have very high statistical significance with
Newey and West (1987) t-statistics above 3. Hence bootstrap procedures are unlikely to

change the key conclusions.
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B5. Crump-Gospodinov bootstrap

Crump and Gospodinov (2025), hereafter CH, propose a non-parametric bootstrap that is
particularly designed to address the high degree of cross-sectional and time-series dependence
in yields. Their bootstrap also does not impose restrictions concerning dependencies between
macro factors and yields. Here they are critical of the use of the BH bootstrap by Bauer and
Rudebusch (2020). The authors apply the bootstrap to test whether the equilibrium real
interest rate is an unspanned predictor of bond returns. Crump and Gospodinov (2025) argue
that the BH bootstrap is invalid since it cannot accommodate predictors that are themselves

a function of yields.

This criticism does not appear to carry to our setting and Crump and Gospodinov (2025)
argue that the predictive ability of trend inflation is robust. However, as a robustness check,
we also implement the CH bootstrap. We simulate primitive objects called difference returns
that represent differences in the returns of adjacent maturity bonds. These have both smaller
cross-sectional and time-series dependence than yields. The simulation also includes long

maturity forward rates and inflation that are whitened using a VAR(1) model.

Crump and Gospodinov (2025) apply quarterly and annual returns, while we focus on
monthly returns. This implies that we need to carry more maturities and increases the
bootstrap block size. The bootstrap seems to converge relatively slowly. We therefore focus
on five-year bonds as in Table A.10, which lowers the block size and amount of data. However,
to ensure converge we use 100 000 bootstrap simulations, 10 times more than applied by
Crump and Gospodinov (2025). We apply Newey and West (1987) standard errors with 12

lags as in the main text, but solve for p-values using the simulated distribution.

The results are given in A.7. Overall, the CG-bootstrap suggests slightly lower significance
than asymptotic Newey and West (1987) p-values or the BH bootstrap. However, Crump
and Gospodinov (2025) note that their method tends to give weaker significance compared to
alternatives as it accomodates all of the possible sources of uncertainty, including the high
persistence of inflation and the joint dynamics of inflation and yields. The p-values are below

the 10% threshold, which is the focus of Crump and Gospodinov (2025).
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Table A.7: Crump-Gospodinov bootstrap p-values

Coefficient Bootstrap p-value

3 pcs -9.52 0.087
d pcis -9.66 0.077

Notes: The Table shows the two- sided p-values (and coefficient estimates) for the coefficients on inflation
in the bond excess return spanning regressions controlling for 3 and 5 principal components of yields. The
p-values are solved using the bootstrap procedure described by Crump and Gospodinov (2025). The Table
also shows the yield fitting errors of the models with 3 and 5 lags.

B6. Discussion: on the factor structure of interest rates

Crump and Gospodinov (2022) note that characterizing the true factor structure of yields is
more difficult than commonly appreciated. This is both due to the cross-sectional dependencies
of different maturity yields as well as the time-series persistence of especially short maturity

yields. They also caution against relying too much on commonly used goodness-of-fit metrics.

While three principal components of yields are sufficient for providing a good fit to yield
levels, we have showed that our results are robust to using 5 principal components as well as all
the 10 annual forward rates. Here forward rates have much lower cross-sectional dependence
than yields. Moreover, in the previous subsection we saw that our results are robust to the
bootstrap procedure of Crump and Gospodinov (2025). The bootstrap is based on simulating

difference returns that have both weak cross-sectional and time-series dependence.

Overall, Crump and Gospodinov (2022) argue that it is often better to characterize the
factor structure using bond returns rather than yield levels. While this view has merit from
the angle of statistically characterizing the factor structure, it is important to note that
this is not the approach implied by standard macro-finance models. In particular, standard
macro-finance models imply that yield factors should span inflation rates. However, they do
not generally imply that bond return factors span inflation rates. Theoretically, macro-finance
models imply that state variables capture bond return predictability, while the bond return

factors are associated with changes in state variables.

Further work is needed on explaining why yield levels seem to be well characterized by

relatively few factors. Our theoretical results imply that the (approximate) dimension of the
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Table A.8: FX return predictability for individual countries

Panel A: rzX No YC Controls
(1) (2) (3) (4) (5) (6)
CA CH G SE UK Panel

7 776 1054 16.74* 31.19** 1450 15.44*
(0.99) (1.38) (1.83) (2.83) (1.43) (1.97)

N 455 431 298 359 481 2024
R* 0.33 0.31 1.13 2.60 0.62 0.8

Panel B: rzfX YC Controls
(1) (2) (3) (4) (5) (6)
CA CH G SE UK Panel

7 14.67 18.83* 17.50* 40.91*** 30.43* 20.32**
(1.52)  (2.04) (1.70)  (3.92)  (2.30) (2.09)

N 455 431 298 359 481 2024
R? 278 2.42 2.27 2.58 3.32 2.06

t statistics in parentheses
*p<0.1, " p<0.05 " p<0.01

Notes: Panel A shows the results when predicting monthly FX excess returns separately for each currency
(against U.S. dollar) with the latest annual U.S. CPI inflation rate. Panel B shows the coefficients on inflation
when predicting the same variables using inflation but also controlling for the first three principal components
of yields. The t-statistics are based on Newey and West (1987) standard errors with 12 lags for individual
regressions and Driscoll and Kraay (1998) standard errors with 12 lags for the panel regression. See Table A.2
for the starting dates of the data.

yield curve is increasing in a) the number of relevant state variables, b) degree of non-linearities.
The dimension might be small due to a small number of relevant state variables and/or yields
being approximately linear in state variables. It could also be that yields are approximately

non-linear only with respect to one state variable.

B7. Individual currencies

The main results for exchange rate predictability are based on average U.S. dollar returns.
Table A.8 shows the key monthly predictability results separately for each currency against
the U.S. dollar. The panel regression slopes are similar to those obtained using average dollar
returns. All of the individual country regressions also have a positive sign though not all of

the slopes are statistically significant.
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For some countries, especially Canada, the level factor tends to be quite correlated with
the US level factor. This can potentially give rise to a multicollinearity issue even though the
level factors do not appear significant predictors of returns. As a robustness check, for each
country we extracted five principal components from the foreign and U.S. level, slope and
curvature factors. That is here the dimension of the control vector is reduced from 6 to 5. We
then performed the panel regression controlling for these 5 factors. Here the coefficient on
inflation is 22.51 with a t-statistic of 2.51.2” Hence inflation remains a significant predictor.

The results are similar when we instead drop the foreign level factors from the panel regression.

Multicollinearity does not appear an issue in our main empirical specification applying
average dollar returns and weighted averages of foreign yield factors. However, the weights
are obtained from individual country regressions in which the foreign level factor can be quite
correlated with U.S. factors, which might bias the used weights. Hence as a robustness check
we instead use equal weights across countries. Here the coefficient on inflation is 26.1 with a
t-statistic of 2.85. The coefficient again remains strongly significant. The average foreign level

factors are somewhat less correlated with US factors.

As a final robustness check, we performed the main FX regression omitting the foreign
level factors. Here we still use country level regressions to determine the weights on the foreign
slope and curvature factors. The coefficient on inflation is 28.4 with a t-statistic of 3.30 and

inflation thus remains clearly significant.

B8. Longer exchange rate data

Our baseline FX regressions, e.g. those reported in Table 1, are constrained by the availability
of yield curve data. However, using data from Barclays, we can extend the results without
yield curve controls, in particular those reported in Table 1, Panel A. In particular, we have

spot and forward exchange rate data for each country going back to January 1976.

Table A.9 shows the results when predicting average U.S. dollar excess returns and exchange
rate changes using U.S. inflation in this longer sample. We can see that, compared to Table 1,

Panel A, the coefficient estimates are somewhat lower yet statistical significance is stronger.

2TAgain the t-statistics in these robustness exercises are computed using Newey and West (1987) standard
errors with 12 lags.
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Table A.9: FX predictability, longer data

(1) (2)

ratX As
T 10.32%** 8.50**

(2.71) (2.05)
N 574 574
R? 1.32 0.85

t statistics in parentheses
*p<0.10, " p < 0.05, ** p < 0.01

Notes: The Table shows the results when predicting monthly U.S. dollar and exchange rate changes with the
latest annual U.S. CPI inflation rate. The t-statistics are based on Newey and West (1987) standard errors
with 12 lags. The sample is from January 1976 to December 2023.

B9. 5 year maturity bonds

Our baseline results are based on zero coupon bonds with a maturity of 10 years. As a
robustness check, Table A.10 shows the results when predicting excess returns on bonds with
a maturity of 5 years. The results are clearly significant though the coefficient on inflation is
smaller. This is natural since interest rate changes have larger effects on bonds with higher

maturity and hence longer duration.

B10. More yield factors and interactions

The main spanning regressions control for 3 yield curve principal components, the so called
level, slope and curvature factors. These factors capture the bulk of variation in yields.
However, some papers have argued that the fourth and fifth principal components of yields
contain additional predictive information even though they do not add much to explaining

yields contemporaneously (e.g. Cochrane and Piazzesi, 2005).

Table A.11 shows the results when instead controlling for 5 yield curve principal components.

Here the coefficients on inflation are very similar to before.

In the theory part, we explained that our FX spanning results assume that the FX risk
premium is separable in home and foreign state variables. As mentioned before, we have not

found a realistic example of a model in which this would not hold. However, if separability
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Table A.10: Predicting monthly excess returns of 5 year bonds

(1) (2)
No YC Controls YC Controls

s -6.29** -9.72*
(-2.16) (-2.42)

N 608 608

R*(%) 0.98 3.22

t statistics in parentheses
*p<0.1," p<0.05 ** p<0.01

Notes: The Table shows the results when predicting monthly excess returns on U.S. bonds with 5 year maturity
with the latest annual U.S. CPI inflation rate. It also shows the coefficient on inflation when controlling for
the first three principal components of yields. The t-statistics are based on Newey and West (1987) standard
errors with 12 lags. The sample is from March 1973 to December 2023.

fails, we should generally account for interactions between home and foreign yield curve factors.
The table also shows the FX spanning regression when also controlling for simple interactions
formed by multiplying each U.S. principal component by its average foreign counterpart.

Again the results are very similar to the baseline results.

B11. Structural breaks

Are the key mechanisms identified in this paper stronger or weaker in some particular time
periods? Here we test for structural breaks in the benchmark predictability regressions for
monthly bond and FX returns, see Table 1. In particular we implement the test of Bai and
Perron (1998) modified with heteroskedasticity and autocorrelation robust standard errors.
We test the null of no breakpoints in the slope coefficient against the alternative of at least

one breakpoint.

The test gives no indication of breakpoints either for bond or FX returns. Hence while
the estimated coefficients can be different in subperiods, the variation does not appear to

represent statistically significant breaks.
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Table A.11: Additional yield curve factors and interactions

(1) (2) (3)

ra'®% 5 peis rafX 5 pes rafX int
T -15.31* 15.78** 32.68"*
(-2.33) (1.98) (2.67)
N 608 480 480
R? 4.91 7.05 5.80

t statistics in parentheses
*p<0.10, ** p < 0.05, *** p < 0.01

Notes: The Table shows the monthly predictability results when controlling for 5 principal components instead
of 3. It also shows the FX predictability results when controlling for interactions between home and average
foreign yield curve factors. The t-statistics are based on Newey and West (1987) standard errors with 12 lags.
The sample for bond return and yield regressions is between March 1973 and December 2023. The dollar
exchange rate is defined against a basket of currencies with varying start dates.
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