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Abstract

We use information in the term structure of survey-based forecasts of inflation to estimate a factor hidden in the nominal

yield curve. We construct a model that accommodates forecasts over multiple horizons from multiple surveys and

Treasury real and nominal yields by allowing for differences between risk-neutral, subjective, and objective probability

measures. We establish that model-based inflation expectations are driven by inflation, output, and one latent factor.

We find that this factor affects inflation expectations at all horizons but has almost noeffect on the nominal yields; that

is, the latent factor is hidden. We show that this hidden factor is not related to either current and past inflation or the

standard set of macro variables studied in the literature. Consistent with the theoretical property of a hidden factor,our

model outperforms a standard macro-finance model in its forecasting of inflation and yields.
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1. Introduction

Inflation expectations play an important role in policy making and in research on asset pricing. The generalized

Fisher equation expresses a nominal yield via a sum of the real yield, the expectation about inflation, and the premium

on inflation risk. Therefore, when policy makers attempt to determine how monetary policy affects the real economy,

they need to break down the nominal yield into its components. This task prompts them to consider the break-even

inflation rate (the difference between the nominal and real yields) and survey-based inflation expectations. Likewise,

most theories of asset pricing make predictions about the real economy, while, with few exceptions, researchers observe

nominal asset prices. Therefore, it is desirable to have a reliable estimate of expected inflation and the premium on

inflation risk to be able to test the real theories on nominal data.

Herein, we highlight another reason why academics and practitioners should be interested in inflation expectations

and their role in asset pricing. The recent research on bond predictability points to the importance of considering hidden

factors when modeling bond yields (Duffee, 2011; and Joslin, Priebsch and Singleton, 2010). A hidden factor does

not itself affect the cross section of yields. However, it predicts factors that do. As a result, this hidden factor helps in
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forecasting bond-related quantities, such as yields or excess returns. It is important to understand the economic intuition

behind these hidden factors. Using macro data in conjunction with yields is one way to achieve this. Moreover, such

an approach is likely to lead to better statistical properties of the estimated hidden factor than the entirely yields-based

approach of Duffee. We argue that survey-based inflation expectations are the macro variables that are helpful in

developing our understanding of hidden factors.

The Duffee (2011) intuition is that a factor is hidden in the nominal yield curve if risk premia vary with the level of

this factor in the amount equivalent but opposite to the variation in the expected future short nominal rates. Using this

intuition as a basis, the Fisher equation shows us that, if a factor is hidden, the joint variation in inflation risk premia

and real risk premia associated with this factor offset the joint variation in the expected future short real rates and the

expected inflation that is associated with the same factor. Hence, expected future inflation and expected future short

real rates should depend on the hidden factor. Therefore, itshould be possible to extract the hidden factor from the

cross section of expected future short real rates or of expected inflation. Whereas the former is not readily available,

the latter can be inferred from survey-based forecasts of inflation.

If the hidden factor is inflation itself, as in Joslin, Priebsch and Singleton (2010), one need not worry about inflation

expectations because it is trivial to retrieve the hidden factor from inflation. Nonetheless, the view that inflation is

the hidden factor has exactly the same implications for expectations about future inflation as for other possible hidden

factors. Therefore, using inflation expectations to learn about the hidden factor constitutes a more general approach.

Moreover, such an approach allows for the possibility that information sets of survey forecasters are richer than allowed

for by common term structure models.

These observations highlight a role for survey-based expectations that is complementary to the one pointed out by

Kim and Orphanides (2012). These authors argue that incorporating survey data into term structure models alleviates

the difficulty of statistical inference about persistent variablesin short samples. If there is a hidden factor that is not

related to observable macro variables, even an infinite dataset consisting of yields and macro variables is not going to

help a researcher extract the hidden factor. Adding surveyswould help in solving this problem.

The challenge that one faces in implementing this idea is that it is not clear whether information about inflation

expectations that is embedded in yields is identical to or inconflict with that derived from surveys. That these

two possibilities are a real concern is indicated by the factthat the mechanisms that generate these expectations are

different. In contrast to consensus survey forecasts, which average the opinions of up to only about 50 participants, the

expectations embedded in bond prices are formed by thousands of traders who invest hundreds of millions of dollars.

To date, the literature has been concerned with the comparison of different methods of forecasting inflation, but, to

the best of our knowledge, no one has reported whether observed yields and survey forecasts could be rationalized

within a single model. A joint model of surveys and yields would help to establish whether the two sources of inflation

expectations are compatible by detecting whether a common set of factors explains both.

We specify a no-arbitrage macro-finance model that is sufficiently flexible to accommodate inflation, output, real

and nominal yields, and survey-based inflation expectations. The yields and forecasts are driven by two observed

macro variables (output and inflation) and by latent variables. The joint dynamics of these variables determine inflation

expectations for any horizon under the objective probability measure, i.e., a measure determined by the actual factor

dynamics of a model. The yields reflect inflation expectations under the risk-neutral probability measure. We connect

the behavior of the real and nominal interest rates via inflation, by relying on the transition from the real to the nominal

economy. As a result, we obtain the Fisher equation of the nominal interest rate.

Inflation expectations are available from various surveys and at various horizons (see Fig. 1). However, no two

surveys are the same in terms of the composition of forecasters, the frequency of the observations, or the forecast

horizons. Our model incorporates these characteristics. The key feature of this model is that forecasts from different

surveys and at different horizons enter the model in an internally consistent fashion, taking into account, in a reduced

form, potentially different information sets or the different objective functions for forecasting. We model the respective
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expectations as those of heterogeneous agents. This implies that, for each survey, the expectations are computed

using a subjective measure, which reflects an individual’s perception of the factor dynamics of a model. We allow

that the subjective measure might differ from both objective and risk-neutral measures. The flexibility inherent in

this modeling approach allows for state-dependent deviations of the subjective measure-based expectations from the

objective measure-based expectations.

[Insert Fig. 1 near here.]

For our empirical analysis, we use a panel of eight yields ranging from three months to ten years, with inflation and

gross domestic product (GDP) observed quarterly from 1971 to 2008. We combine these with a total of 19 inflation

forecasts from the three surveys depicted in Fig. 1. As a robustness check, we also use our model with added data on

Treasury Inflation-Protected Securities (TIPS) yields (from 2003 to 2008).

We need three latent factors (five in total) in the model to accommodate the joint behavior of yields and survey-based

expectations. Allowing for the difference between subjective and objective probability measures, we show a rich pattern

of term disagreements, i.e., the differences between model-based subjective and objective inflation expectations for

different horizons. However, a model that restricts subjectivemeasures so that they coincide with an objective one

cannot be distinguished statistically from a richer model.

Once we settle on the preferred model, we check for hidden factors by inspecting the loadings on the factors that

drive the yields. In doing so we find a clear delineation between the roles of the latent factors. The first two, level

and slope, have almost no effect on model-based inflation expectations. The third factorhas no effect on the nominal

yield curve but clearly acts as a level factor for inflation expectations. We label this hidden latent factor as a survey

factor. Inflation is not hidden in the nominal yield curve. Output is hidden in the model estimated without real yields.

We emphasize that we do not assume that the survey factor is hidden; rather, we evaluate whether it is hidden after

estimating the model. Models that were estimated without survey-based expectations do not reveal any hidden factors.

Our findings justify our approach, which puts more economic structure on the yields-only approach to hidden factors

of Duffee (2011). He finds a largely hidden factor in nominal yields but can say nothing about its relation to anything

fundamental. We provide strong evidence that it is information about the expected path of inflation that is not captured

by the history of inflation. Investors have learned something about the macroeconomy that shifts their beliefs about

future inflation and simultaneously alters their required compensation for bearing risk.

However, our attempts to make this economic link more explicit fail. We check whether one can associate the

uncovered hidden factor with some of the observed variables. Regressing the factor on the Cochrane and Piazzesi

(2005) risk premium factor and on the Ludvigson and Ng (2009)macro factors produces very lowR2. The survey

factor is significant in multivariate regressions that forecast excess returns on bonds with the Cochrane and Piazzesi

(2005) and the Ludvigson and Ng (2009) factors as additionalvariables. These results leave the issue of what economic

interpretation to place on the hidden factor open for futureresearch.

One implication of the presence of a hidden factor in a model is that the survey data allow us to better forecast

both expected yields and future inflation. We conduct an out-of-sample forecasting exercise by reestimating our

model every quarter and compare its forecasts with standardbenchmarks. We find that our model performs well in

terms of forecasting both inflation and yields. It also strongly outperforms the model estimated without survey-based

expectations.

Our empirical results link the paper to the recent theoretical development on hidden factors. The results are also

related to scores of empirical papers that have been dedicated to the study of the interactions between inflation and

interest rates. This literature is discussed in Appendix A.
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2. The model

In this section we develop a model that accommodates inflation, output, real and nominal yields, and survey-based

inflation expectations.

2.1. The Fisher equation

To develop intuition, we start with a generic setup in which all state variables are Gaussian processes. We would

like to connect the nominal interest rate to expected inflation by considering the behavior of the real and the nominal

economies. The log real pricing kernel is

mr
t+1 = −rt −

1
2
Λ′tΛt − Λ

′
tǫ

r
t+1, (1)

wherert is the real interest rate,ǫr is aN × 1 vector of real shocks, andΛt is the price of risk.

A typical discrete-time Gaussian approach to joint modeling of nominal and real yield curves assumes that the shocks

to real marginal utility are the same shocks that affect inflation. That could be too restrictive. It rules out thepossibility

that some shocks to inflation are neutral. To accommodate this possibility, we add a shock that, by construction, affects

inflation (and therefore the nominal term structure) but notreal marginal utility. We let the data tell us whether such

independent shocks are important.

Specifically, assume that the inflation rate is

π∗t+1 = et + σǫ
π
t+1, (2)

whereet is the expected inflation and the inflation shockǫπ is correlated with the real shocks. That is,

Covt(ǫr
t+1, ǫ

π
t+1) = Corrt(ǫr

t+1, ǫ
π
t+1) = ρ,

whereρ is aN × 1 vector or, equivalently,

ǫπt = ρ
′ · ǫr

t +

√
1− ||ρ||2 · ǫ⊥t , (3)

whereǫ⊥t is independent ofǫr
t . Allowing ||ρ|| < 1, we are assuming a more general nominal yield curve behavior than a

typical model does.

The log-nominal pricing kernel is related to the log-real pricing kernel via

mn
t+1 = mr

t+1 − π
∗
t+1 = −rt − et −

1
2
Λ′tΛt − Λ

′
tǫ

r
t+1 − σǫ

π
t+1.

The price of a one-period nominal bond is

Pn
t (1) = Et

(
exp(mn

t+1)
)
.

Therefore, the nominal spot rate is

nt = yn
t (1) = − logPn

t (1) = −Et(mr
t+1 − π

∗
t+1) −

1
2

Vart(mr
t+1 − π

∗
t+1) = rt + et − σΛ

′
tρ −

1
2
σ2. (4)

This equation implies the generalized Fisher decomposition of the nominal rate into the real rate, expected inflation,

the inflation risk premium, and the convexity (Jensen) term.

Eqs. (3) and (4) allow us to rewrite the nominal pricing kernel in terms of the nominal interest rate

mn
t+1 = −nt −

1
2
Λ̃′tΛ̃t − Λ̃

′
tǫt+1, (5)
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where

Λ̃t =


Λt + σρ

σ
√

1− ||ρ||2

 (6)

and the vector of shocksǫ is equal toǫr stacked on top ofǫ⊥.

The Fisher Eq. (4) shows that a factor affecting expected inflation could be hidden in the nominal yield curve as long

as it affects risk premia in the opposite direction of its effect on expected future inflation. Inflation itself could be such a

factor, or it could be a linear function of such a factor (partially hidden inflation). We believe that both possibilitiesare

inconsistent with basic implications of workhorse equilibrium models. Specifically, if the real pricing kernel, that is, rt

andΛt, is not a function of current inflation, then the Fisher equation implies that inflation will be (partially) hidden

only if the expected inflation is not a function of the currentinflation. It is difficult to accept, on both theoretical and

empirical grounds, that such a situation is possible.

Is it reasonable to assume that the real pricing kernel is nota function of current inflation? This a mild theoretical

restriction that is consistent with most of the existing structural models. The finance literature is dominated by

endowment economies, in which the real pricing kernel, thatis, the real rate and risk premia, is a function of

consumption growth and other state variables, such as habits or changing preferences. The real pricing kernel is

never determined by inflation in these models. Some studies make additional assumptions about inflation to derive

the corresponding nominal rate. For example, Bansal and Shaliastovich (2010), Piazzesi and Schneider (2006), and

Wachter (2006) assume an exogenous process for inflation, which, naturally, leads to a nominal rate that is an explicit

function of inflation. This approach does not change the factthat the real pricing kernel does not depend on inflation.

As a contrasting example, Gallmeyer, Hollifield, Palomino and Zin (2007, 2009) endogenize inflation by assuming

that the nominal rate is determined by the Taylor rule. However, by construction, the solution for inflation is such that

the real pricing kernel is not a direct function of inflation.New Keyensian production-based models, such as those

of Christiano, Eichenbaum and Evans (2005), Palomino (2012), and Rudebusch and Swanson (2008, 2012), among

others, are designed specifically to show that monetary policy is relevant for real quantities. This means, in particular,

that the real rate should be affected by inflation via the monetary transmission mechanism.However, even in these

models, the real rate is not an explicit function of inflationor output. In equilibrium, inflation is an explicit functionof

exogenous shocks, and the same shocks are driving the spot real rate. Thus, our reduced-form specification is consistent

with this class of model as well, because the real rate and inflation are allowed to be subject to the same shocks.

If inflation is not a hidden factor, then what is? Suppose thata factor represents macroeconomic news other than

news about current inflation. Examples are shocks to expected future economic activity in China, which show up

in futures prices of oil and other commodities; shocks to domestic monetary policy; and shocks to fiscal policy. By

construction, this news is orthogonal to current inflation.Therefore, the factor representing this news also is hidden

from current inflation. But if we have data on inflation expectations, we can infer the factor and therefore produce more

accurate forecasts of future yields, future inflation, and future excess returns.

2.2. A canonical Gaussian model with a factor hidden in the nominal term structure and inflation

A natural question is whether the intuition developed in Subsection 2.1 can be captured by a Gaussian term structure

model. The answer is affirmative, as we show in this subsection. We start with the behavior of the Gaussian state under

Q. Assume we have aK–dimensional vectoryt with the following dynamics:

yt+1 = µ
Q
y + Φ

Q
y yt + Σ

1/2
y ǫ

y
t+1. (7)

Following Joslin (2011), we normalize this system so thatµ
Q
y = 0, ΦQ

y is diagonal,Σy is full of ones in its diagonal,

andΣ1/2
y is a lower triangular Choleski decomposition ofΣy. This is an alternative to the canonical form introduced in

Dai and Singleton (2000). As Joslin points out, this is not the most flexible representation because it assumes that all
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eigenvalues ofΦQ
y are distinct and real. We give up some of the potential extra flexibility but gain in tractability and

clarity of interpretation.

The nominal spot interest rate is assumed to be a linear function of the state

nt = δn,0 + δ
′
nyt, (8)

whereδn ≥ 0. This representation ensures that all parameters are identified econometrically on the basis of observed

nominal yields. As is well known, many other representations are identified econometrically and produce the same set

of yields. Duffee (2011) shows that, given the above representation of the state, if the loadingδn,i in Eq. (8) is equal to

zero, then the corresponding factoryi,t is hidden in the yield curve.

In addition, assume that all macroeconomic variables of interest can be represented as a linear function of the same

state variablesyt. In particular, inflation has the form

π∗t = δπ,0 + δ
′
πyt.

If δπ,i = 0, then the factoryi,t does not affect inflation either. Such a restriction, if it holds in the data, is the key

difference from the model considered by Joslin, Priebsch and Singleton (2010).

It is easy to show that risk-neutral expectations of future inflation are not affected byyi,t in this case:

EQ
t (π∗t+τ) = δπ,0 + δ

′
πE

Q
t (yt+τ) = δπ,0 + δ′π(Φ

Q
y )τyt.

BecauseΦQ
y is diagonal, the loading onyi,t is δπ,i(Φ

Q

y,ii )
τ. Thus, if δπ,i = 0, the factoryi,t is hidden in the risk-neutral

expected future inflation. The factoryi,t is also hidden in the risk-neutral expectation of average future inflation over a

given horizon:

EQ
t


1
τ

τ∑

j=1

π∗t+ j

 =
1
τ

τ∑

j=1

EQ
t

(
δπ,0 + δ

′
π(Φ

Q
y ) jyt

)
= δπ,0 +

δ′π

τ

(
I −ΦQ

y

)−1 (
I − (ΦQ

y )τ
)
ΦQ

y yt.

Again, becauseΦQ
y is diagonal, it is easy to see that ifδπ,i = 0, then the factoryi,t is hidden. The risk-neutral expectation

of average future inflation is a more useful variable to consider because it is often interpreted as the break-even inflation

that is readily observable as the difference between nominal and real yields. Regardless of the variable being used,yi,t

affects the objective expectations of inflation and, therefore, can be inferred from them.

The next question is whether such a structure is supported bythe empirical evidence. In the sequel we develop a

concrete term structure model to address this issue. We do not impose assumptions leading to a factor being hidden

in the nominal yield curve and risk-neutral inflation expectations. Our strategy is to impose an economic restriction

that the real pricing kernel is not a function of current inflation that precludes inflation being a (partially) hidden factor,

and then we let the data determine if there exist factors thatare hidden. To be clear, we are imposing the restriction on

the pricing kernel not because we have to — the canonical formof the model shows that we do not — but because we

believe that this is a natural property that a term structuremodel should possess.

2.3. The real yield curve

We deviate from the canonical stateyt to incorporate observable macro variables as factors. Therefore, we distinguish

between latent factorsxt and macro variablesmt, which jointly form statezt = (x′t ,m
′
t)
′.We considermt = (gt, πt),where

gt is the quarterly log-change in GDP (as reported by the US Bureau of Economic Analysis) andπt is the quarterly

log-change in the consumer price index (CPI) (as reported bythe US Bureau of Labor Statistics). The canonical state

yt can be obtained fromzt via a rotation.

We model the spot real rate as a function ofN − 1 latent factorsxt:

rt = δr,0 + δ
′
r xt.
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We combine this expression with the process forxt under the risk-neutral measureQ:

xt+1 = µ
Q
x + Φ

Q
x xt + Σ

1/2
x ǫx

t+1.

We normalize this system so thatµQx = 0, ΦQ
x is diagonal,Σx is full of ones in its diagonal, andΣ1/2

x is a lower triangular

Choleski decomposition ofΣx. Thus, the real interest rate is represented as a linear function of the firstN − 1 principal

components of the real yield curve. We assume thatN is selected in such a way that the respective principal components

explain a major part of the cross sectional variation of the real curve.N is to be determined empirically.

Further, we assume that inflationπ∗ and changes in CPIπ are identical up to random noise uncorrelated with other

shocks:

πt = π
∗
t + ω

π
t , ω

π
t ∼ N(0, σ2

ω,π). (9)

UnderQ, zt follows this process:

zt+1 = µ
Q
z + Φ

Q
z zt + Σ

1/2
z ǫz

t+1, (10)

where the firstN − 1 elements ofµQz are equal to zero and the remaining two are free; the upper left (N − 1)× (N − 1)

block ofΦQ
z is equal toΦQ

x , the upper right (N − 1)× 2 block is equal to zero, and all other elements are free;Σ
1/2
z is a

lower triangular Choleski decomposition ofΣz and the upper left (N− 1)× (N− 1) block ofΣz coincides withΣx while

all other elements ofΣz are free.

As before, the restrictions imposed on parameters are dictated by econometric identification. Assuming thatgt =

δg,0 + δ
′
gyt, and rotating the vectoryt (for K = N + 1) into vectorzt, one can see that the restrictions are equivalent to

the restrictions imposed in Subsection 2.2:

zt = Γ0 + Γ1yt, (11)

Γ0 = (0′N−1, δg,0, δπ,0)′,

and

Γ1 =


Γ11 Γ12

Γ21 Γ22

 =



IN−1 0
(δg)′1:N−1

(δπ)′1:N−1




(δg)′N:N+1

(δπ)′N:N+1




,

where 0N−1 is a vector consisting ofN − 1 zeros,IN−1 is an identity (N − 1)× (N − 1) matrix, and subscriptsI : J refer

to elements of a vector. Thus, the statezt has the following dynamics underQ:

zt+1 = Γ0 + Γ1

(
µQy + Φ

Q
y Γ
−1
1 (zt − Γ0) + Σ1/2

y ǫ
Q

t+1

)

=
(
Γ0 + Γ1µ

Q
y − Γ1Φ

Q
y Γ
−1
1 Γ0

)
+ Γ1Φ

Q
y Γ
−1
1 zt + Γ1Σ

1/2
y ǫ

Q

t+1,

and

Γ−1
1 =


Γ−1

11 + Γ
−1
11Γ12∆

−1Γ21Γ
−1
11 −Γ−1

11Γ12∆
−1

−∆−1Γ21Γ
−1
11 ∆−1

 =


IN−1 0

−Γ−1
22Γ21 Γ−1

22

 ,

∆ = Γ22 − Γ21Γ
−1
11Γ12 = Γ22.

These expressions combined with identification restrictions onyt imply the restrictions we imposed onzt. See Joslin,

Le and Singleton also.

This setup is identical to the one introduced in Joslin, Priebsch and Singleton (2010). However, it is applied to the

real, not the nominal, yield curve. As a result, the real ratert is unaffected byπ∗t . This setup implies also that changes
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in GDP and CPI are hidden in the real curve. In other words, components of these two macro variables are orthogonal

to the factorsxt and, therefore, to the real ratert. It is important to test whether this construct is empirically valid.

However, this would be a difficult undertaking at present because of the limited availability of US real yields. Hence,

we rely on structural restrictions, as motivated by the theoretical literature.

Also, it is important to note that changes in CPI being hiddenin the real curve is an interesting implication of our

assumption thatrt is not a function ofπ∗t , but nothing more than that. In particular, it has no bearing on whether

there exists a factor hidden in the nominal yield curve. It simply ensures that inflation is not hidden, as we show in

Subsection 2.4.

We have already motivated our setup with respect toπt or, equivalently, due to Eq. (9),π∗t in Subsection 2.2. Making

gt a hidden factor is motivated by the theoretical literature as well, as long asgt does not differ from real output by more

than an independent noise term. Specifically, in endowment economies, the real spot rate is a function of real output

only under the counterfactual assumption that consumptioncoincides with output. In production-based models, the

final goods clearing condition implies that consumption is not equal to output, not only in practice but also in theory,

because the difference between the two reflects investment and taxes.

We complete the setup of the real economy by specifying risk premia. Because of the recursive identification of

shocks (lower-triangular structure of the matrixΣ1/2
z ), the last element ofǫz

t affectsπt only (this is the shockǫ⊥ from

Subsection 2.1). Thus, there areN shocks (firstN elements ofǫz
t ) affecting the real economy. We combine these

shocks into a vectorǫr
t . Then, we can define the real pricing kernel as in Eq. (1). Further, following Duffee (2002), we

parametrize prices of risk:

Λt = Λ0 + Λ1


xt

gt

 . (12)

Eq. (12) implies that real risk premia could share shocks with π∗t but are not themselves functions ofπ∗t . Combining

this implication with the fact that the real ratert is unaffected byπ∗t in our model, we conclude that the real pricing

kernel is not a function of inflation. As we argue in Subsection 2.1, this property is consistent with many economic

models and also implies that inflation cannot be a factor hidden in the nominal yield curve.

We also have flexibility in deciding whethergt affects the real risk premia. For example, if the last column of the

N × N matrixΛ1 is equal to zero, then GDP risk is priced [per Eq. (1)], but GDPgrowth does not affect prices of risk.

If we allow the elementΛ1,NN to be nonzero, GDP growth affects the price of its own risk, but not the prices of other

risks. The theoretical foundations of prices of risk, especially in the context of yield curve models, are still a matterof

debate in the literature. Empirically, the importance of flexible risk premia is well known. Therefore, on balance, we

choose a flexible specification and allowg to enter the real pricing kernel directly. In general, thereis nothing wrong

with allowing GDP to enter the real pricing kernel if it is excluded from the real rate. The spot interest rate is the

mean, and risk premium is the volatility of the pricing kernel. The mean and volatility do not have to be affected by an

identical set of factors. We believe it is reasonable to assume that components of output other than consumption, such

as investment or taxes, could affect the volatility of the pricing kernel.

One can construct an equivalent martingale measure corresponding to a real cash account as a numéraire and thereby

value the real bonds. The real yields can be expressed as

yr
t (τ) = A

r (τ) + Br (τ)′xt,

whereτ is the respective maturity, andAr andBr solve recursive equations with boundary conditionsAr (1) = δx,0 and

Br (1) = δx, respectively (see, e.g., Backus, Foresi and Telmer, 1999). The dependence of real yields onxt alone is a

manifestation of the assumed hidden nature of macro factors.

Similar to the argument made by Joslin, Priebsch and Singleton (2010) in case of nominal bonds, one concludes that

parameters associated with the last element of the vectorΛt cannot be estimated on the basis of real yields alone. This
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element is associated withgt, which is hidden in the real yield curve. We utilize nominal yields in our estimation also,

so this concern does not apply.

2.4. The nominal yield curve

The risk-neutral state dynamics [Eq. (10)] and the assumption about the noise in CPI [Eq. (9)] imply that the shock

to inflation in Eq. (2) is

σǫπt = e′ℓΣ
1/2
z ǫz

t − ω
π
t ,

whereeℓ is a vector of zeros with a 1 in the final position. Therefore, Eqs. (5) and (6) imply that the nominal risk

premia can be expressed as

Λ̃t =


Λ0 +

(
e′
ℓ
Σ

1/2
z

)′
1:N(

e′
ℓ
Σ

1/2
z

)′
ℓ

 +

Λ1 0

0 0

 zt. (13)

The inflation noiseωπ is present in the nominal pricing kernel but does not affect prices of risk because it not correlated

with any other shocks in the economy.

This form of risk premia and behavior of the state underQ determines the drift ofzt under the objective measureP:

µz + Φzzt = µ
Q
z + Φ

Q
z zt + Σ

1/2
z Λ̃t.

Thus, bothµz andΦz are unconstrained with two exceptions: The last element ofµz is connected to that ofµQz via the

covariance matrixΣz and the last column ofΦz is the same as that ofΦQ
z . The resulting dynamics of the state are

zt+1 = µz + Φzzt + Σ
1/2
z ǫz

t+1. (14)

The dynamics ofzt in Eq. (14) imply that the drift of the inflation dynamics in Eq. (2) is

et = e′ℓ (µz + Φzzt) .

Then, Eq. (4) combined with all the subsequent assumptions implies the nominal rate in our economy:

nt = δr,0 + δ
′
r xt + e′ℓ (µz + Φzzt) −

(
e′ℓΣ

1/2
z

)
1:N
Λt −

1
2

(e′ℓΣzeℓ + σ
2
ω,π) = δ̃n,0 + δ̃

′
nzt, (15)

where

δ̃n,0 = δr,0 + e′ℓµz −
(
e′ℓΣ

1/2
z

)
1:N
Λ0 −

1
2

(e′ℓΣzeℓ + σ
2
ω,π)

and

δ̃′n = (δ′r , 0, 0)+ e′ℓΦz −
(
e′ℓΣ

1/2
z

)
1:N
Λ1.

This expression clarifies the relation between the Taylor rules used in many macro-finance papers and the Fisher

Eq. (4). Typically, researchers specify the simple Taylor rule in the final expression of Eq. (15) directly. Our derivation

shows that a linear relation between the nominal rate and macro variables holds simply because of the inflation-based

connection between the real and nominal economies. Further, we show explicitly how inflation and output enter the

nominal rate via expected inflation. As a result, these factors are not hidden in the nominal yield curve.

Which factor is hidden? The Fisher equation tells us that it must be the factor affecting inflation expectations. The

canonical Gaussian model in Subsection 2.2 shows which restrictions could make it work. We do not impose any such

restrictions and check model implications upon estimation.
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The standard arguments imply that yields on zero-coupon nominal bonds are linear in the state variables,

yn
t (τ) = An(τ) + Bn(τ)′zt

, AP(τ) + BP(τ)′zt
Short rate expectations

+ ATP(τ) + BTP(τ)′zt
Term premium

, (16)

whereτ is the respective maturity, andAn andBn solve recursive equations with boundary conditionsAn(1) = δ̃z,0

andBn(1) = δ̃z, respectively. Because the CPI noiseωπ does not affect prices of risk, its variance affects yields only

throughδ̃z,0. Eq. (16) breaks down the yields into expectations of future short rates and term premia. The first of these

two components is equal to the usual factor loadings computed under the assumption of zero market prices of risk.

2.5. Objective inflation expectations

As we point out in Subsection 2.1, if a factor is hidden both inthe nominal yield curve and inflation, one can

use data on inflation expectations to infer such a factor. Forthis reason, we extend our model so that it could be

confronted with such data. Survey-based forecasts of inflation are a natural candidate for observations on inflation

expectations. If survey participants form their expectations on the basis of the same objective probability measureP

that an econometrician is trying to uncover, then our model has direct implications for such forecasts. We discuss these

in this subsection. If, however, survey participants differ from each other in terms of their information or objective

function, then their forecasts would deviate from the objective ones. We allow for such a possibility in Subsection 2.6.

In the subsequent empirical work, we test which way of modeling the survey-based expectations is more appropriate.

The functional form of the state’s drift in Eq. (14) implies that the model-based objective expectation, or

P–expectation, at timet of the future state variablesτ periods from now is a linear function of the current state variables:

Et(zt+τ) = Ψτzµz + Φ
τ
zzt,

where

Ψτz ,

τ−1∑

k=0

Φk
z = (I −Φz)−1

(
I −Φτz

)
.

In particular, the objective expectations of changes in CPIare represented as

Et(πt+τ) = e′ℓ
(
Ψτzµz + Φ

τ
zzt

)
.

In what follows, we are interested in forecasts of CPI changes over some periodτ beginning at a future datet + s. This

amounts to forecasts of averages of quarterly changes in CPI. The forecasts of averages are denoted and computed as

pt,s(τ) , Et(πt,s,τ) , Et


1
τ

τ∑

j=1

πt+s+ j

 .

Therefore,

pt,s(τ) =
1
τ

τ∑

j=1

Et

(
Et+s

(
πt+s+ j

))
=

1
τ

τ∑

j=1

Et

(
e′ℓ
(
Ψ

j
zµz + Φ

j
zzt+s

))

=
e′
ℓ

τ


τ∑

j=1

Ψ
j
z + Ψ

τ
zΦzΨ

s
z

 µz +
e′
ℓ

τ
ΨτzΦ

s+1
z zt , A(s, τ) + B(s, τ)′zt.
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2.6. Heterogeneous forecasters

We assume that the world is populated by agents who have heterogeneous expectations of CPI. The heterogeneity

might arise from differential information or the use of different loss functions in forming the forecasts. A reduced-form

representation of this assumption is an equivalent subjective probability measurePi , which corresponds to the beliefs of

an agenti. This modeling approach could be justified in the framework ofsuch models as Basak (2005), Detemple and

Murthy (1994), Dumas, Kurshev and Uppal (2005), Harrison and Kreps (1978), and Scheinkman and Xiong (2003),

among others. (The online Appendix provides a simple model that motivates our assumptions.) Alternatively, Patton

and Timmermann (2010) show that the use of asymmetric and different loss functions of forecasters implies unbiased

forecasts with independent and identically distributed errors under subjective probability measures.

Agents whose expectations differ from the objective predictions do not pose a problem for no-arbitrage pricing.

As the cited literature shows, differing beliefs still result in a unique equilibrium price. Agents with different beliefs

demand different risk premia, and as a result, all of them use the same risk-neutral measure or, more precisely, the

identical projection of the marginal rate of substitution on the space spanned by traded assets. Our model has the same

property. In our model, subjective risk premia are captured, in reduced form, by the transformation fromPi to Q. All

agents end up using the sameQ for pricing; hence, bond prices and realized returns are thesame.

We parameterize the transformation of measureP to measurePi similarly to the way it is done with the risk-neutral

measure:

logξi
t+1 = −

1
2
Vi′

t V
i
t −V

i
tǫt+1,

whereVi
t follows the essentially affine specification

Vi
t = V

i
0 +V

i
zzt. (17)

BecausePi is not a pricing measure,Vi
t do not represent prices of risk. These quantities reflect thedeviations of

individual expectations from the model-based objective expectations. The resulting dynamics of the state variables

corresponding to the individual probability measurePi are denoted by

zt+1 = µi
z + Φ

i
zzt + Σ

1/2
z ǫP

i

t+1.

We denote the subjective nominal risk premia associated with the mapping between thePi and Q probability

measures bỹΛi
t and, similarly, the subjective real risk premia byΛi

t. Econometric identification does not impose any

constraints onVi
t. Therefore,̃Λi

t is unconstrained as compared withΛ̃t in Eq. (13). It is sensible to assume that inflation

forecasters are aware of the basic economic principles, such as the Fisher equation, so their subjective risk premia have

the same functional form as Eq. (13). Thus, we impose the corresponding restrictions oñΛi
t. As a result,Λi

t = Λt and

Λ̃i
t = Λ̃t wheneverVi

t is equal to zero, that is, when subjective and objective expectations coincide.

In parallel with the model-based objective expectations ofchanges in CPI, we can now construct model-based

subjective expectations of changes in CPI:

Ei
t(πt+τ) = e′ℓ

(
Ψiτ

z µ
i
z + (Φi

z)
τzt

)
,

where

Ψiτ
z ,
(
I − Φi

z

)−1 (
I − (Φi

z)
τ
)
.

Model-based subjective expectations of average changes inCPI are denoted and computed as

pi
t,s(τ) , Ei

t(πt,s,τ) , Ei
t


1
τ

τ∑

j=1

πt+s+ j

 .
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Therefore,

pi
t,s(τ) =

1
τ

τ∑

j=1

Ei
t

(
Ei

t+s(πt+s+ j)
)
=

1
τ

τ∑

j=1

Ei
t

(
e′ℓ
(
Ψ

i j
z µ

i
z + (Φi

z)
jzt+s

))

=
e′
ℓ

τ


τ∑

j=1

Ψ
i j
z + Ψ

iτ
z Φ

i
zΨ

is
z

 µ
i
z +

e′
ℓ

τ
Ψiτ

z (Φi
z)

s+1zt , A
i(s, τ) + Bi(s, τ)′zt

, A(s, τ) + B(s, τ)′zt
P–expectations

+ ATDi(s, τ) + BTDi(s, τ)′zt
Term expectation disagreement

.

In the last line, we decompose the forecasts into theP–expectations of futureπ and the agent-specific term expectation

disagreementT Di . The former component is equal to the usual factor loadings computed under the assumption of zero

Vi
t.

3. Empirical approach

This section outlines all the steps we take to implement and test the model described in Section 2. We also provide

technical details of the implementation and how we make inferences via the parametric bootstrap.

3.1. Implementation

In this subsection, we describe the data, how the model is related to the data via the state-space framework, and

which versions of our model we estimate.

3.1.1. Data

We use three types of data in this paper. Direct measures of macro variables (changes in the GDP and the CPI)

represent two observable state variables in our model. Treasury yields, TIPS yields, and survey forecasts are the

observable data that help us understand the model parameters and latent state variables. Using these data, we construct

a quarterly panel from 1971 to 2008 with a total ofT = 148 time series observations. We describe the details of the

data in Appendix B.

3.1.2. Connecting real yields to TIPS

In the absence of observation of the true price level, the TIPS are indexed to the CPI. Thus, one could represent a

yield on a zero-coupon TIPS via a yield on a zero-coupon nominal Treasury bond and risk-neutral CPI-based inflation

of matching horizon:

T IPSt(τ) = Treast(τ) − EQ
t (πt,0,τ) +

τ

2
Vart(πt,0,τ)

= Treast(τ) − EQ
t (π∗t,0,τ) +

τ

2
Vart(π

∗
t,0,τ) +

1
2
σ2
ω,π, (18)

whereTreasrefers to the observed nominal yields,T IPS refers to the observed yields on inflation-linked bonds, and

the last term is the convexity adjustment, as in Eqs. (4) and (15). The second equation follows from the assumed

relation between the true inflation and changes in the CPI in Eq. (9). Thus, the only difference between the theoretical

real yield and TIPS is the convexity component that is related to the variance of the CPI noiseσ2
ω,π. So, the connection

between the observed TIPS yields and theoretical real yields is affected by our assumption aboutσω,π. We discuss this

next as a part of the overall estimation of the model.
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3.1.3. Observation equations

We estimate our term structure model via maximum likelihoodwith the Kalman filter, following Duffee and Stanton

(2004) and de Jong (2000), among others.1 We attach measurement errors to all yields and survey forecasts so that

the latent factors are not associated with prespecified observables. Duffee (2011) emphasizes the importance of taking

measurement errors into account when detecting a hidden factor. However, we assume that the macro variables are

observed without error because we have assumed explicitly that our macro factors are the variables reported by US

agencies. In other words, we do not associate the macro factors with the underlying equilibrium concepts that could be

measured imprecisely.

As a result, we have the following set of measurement equations:

Treast(τ) = yn
t (τ) + ωn

t ,

T IPSt(τ) = yr
t (τ) + ω

r
t (19)

and

S urvit,s(τ) = pi
t,s(τ) + χ

i
t,s(τ),

whereS urvi refers to the observed inflation forecast from surveyi.

The errors in measurement of the yields are denoted byω. We assume the simplest possible structure of the

errors—that they are independent and normally distributedwith zero mean and standard deviationσω (for each

individual element of the vectorω). We need not specify a more flexible error structure becausethese variables are

introduced in addition to the VAR shocks that we considered earlier.

Within each survey, we introduce two types of measurement error. The forecasts with shorter horizons,τ ≤ 6

quarters, have many observations and are allowed to have an unrestricted errorχ. The longer term forecasts have few

observations. We do not want these observations to influencethe estimation results unduly, yet we do not want to

ignore them completely, because long-term forecasts couldbe important in providing the answers to our questions.

Therefore, for each survey, we restrict the errors in the measurement of the long-term forecasts to be no less than those

of the short-term forecasts and those of the yields.2 Similarly, when we include real yields in the estimation we do not

allow the corresponding errorωr to be less than that of the nominal yields. While such a flexible specification runs the

risk of overparameterization, we choose to use it because ofthe divergent properties of forecasts and yields. As per the

description in Appendix B, the forecasts within one survey but at different horizons might be available for different

data spans, different quarters, and different frequencies. The real bonds are available only for a short span and the

market is less liquid than that of the nominal bonds, so we aimto avoid overfitting the real yields.

We assume thatσω,π = 0 in Eq. (9). This choice is motivated by a desire for a more streamlined interpretation of

the model. When we discuss how a factor affects the yield curve or whether it is hidden or not, we know that we are

talking specifically about changes in the CPI. The costs of doing so are minimal. As we have shown, the noise term

affects the nominal yields only via the Jensen convexity term inEq. (15). Omitting this term could introduce bias into

the estimates of some elements ofΣz. In practice, the convexity term is tiny, in the order of 1 basis point per year for

ten-year bonds, so the potential bias is negligible. Further, ωπ appears in our computations because we relate nominal

yields to the true real yields in our model, as in Eq. (18). Thus, our simplification justifies Eq. (19). Finally, because

of this assumption, we use the terms “inflation” and “changesin the CPI” interchangeably.3

1Other important estimation strategies applied to term structure models include, but are not limited to, the exact inversion likelihood of Chen

and Scott (1993), the closed-form approximate likelihood of Aı̈t-Sahalia and Kimmel (2010), the simulated maximum likelihood of Brandt and He

(2006), and the Bayesian Markov chain Monte Carlo of Collin-Dufresne, Goldstein and Jones (2008).
2Long-term forecasts are available only for the Livingston Survey and the Survey of Professional Forecasters (SPF).
3By assumingσω,π = 0, we ignore potentially interesting testable implications of our model. In particular, one could test whether the true
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3.1.4. The impact of survey data on estimation

Kim and Orphanides (2012) study the traditional latent factor models and use survey forecasts of yields in addition

to contemporaneous yields. They argue for the use of surveysas a substitute for long samples to achieve precision in

their estimates. They show that a short sample period starting in 1990 combined with surveys produces results similar

to a long sample period starting in 1965 without surveys. We use a long sample (starting in 1971); hence, our focus is

on extracting expectations from whatever data are necessary. Specifically, if there is a hidden factor, even an infinite

data set of yields is not going to help a researcher to extractit. Adding survey-based expectations would help in solving

this problem.

A related point arises in our model. If there are no hidden factors, using survey forecasts in estimation cannot have

a material effect on inflation forecasts if model-based subjective expectations are allowed to diverge from model-based

objective expectations in an arbitrary fashion.4 Intuitively, ignoring the measurement error in yields and the stochastic

singularity problem, one can express all the state variables in terms of yields using the objective and risk-neutral

parameters. Therefore, the likelihood for the joint yields–surveys data set can be factored into two components. The

first component is determined by the yield data and objectiveand risk-neutral parameters. The second component

depends on survey and yield data and subjective parameters.Thus, the maximum likelihood methodology does not

use information from surveys to draw inferences about model-based objective expectations. One needs both yields and

surveys to infer state variables in the presence of hidden factors. Therefore, surveys are helpful in estimating objective

parameters even if objective and subjective expectations diverge. (The online Appendix provides the details.)

3.1.5. Model nomenclature

We estimate eight versions of our model. The full model that uses the survey and nominal yield data is called AS

(All data, Subjective expectations). A model that uses the same data, but restricts the subjective measures to coincide

with the objective measure, is called AO (All data, Objective expectations). A model that uses only nominal yields for

estimation is called NF (No Forecasts). In this implementation, the subjective measures cannot be estimated because

they are not identified. We also estimate a model that uses only survey-based forecasts and call it OF (Only Forecasts).

In this implementation, the risk-neutral measure cannot beestimated. We consider four- and five-factor versions of

these models (N = 3 or 4, respectively). To implement various robustness checks, we estimate four more models. AST,

AOT and NFT are versions of AS, AO, and NF, respectively, complemented with TIPS yields. OFO (Only Forecasts,

Objective expectations) is a version of OF that restricts the subjective measures to coincide with the objective measure.5

3.2. Additional considerations

We now review briefly some additional matters that we take into account at the estimation stage.

3.2.1. Missing observations

We determine the main span of our data set according to the availability of the nominal yield data. Thus, we end

up with 148 quarters from 1971:3 to 2008:2. However, many forecast observations are missing, because some surveys

were available only from a date later than 1971 and some are available less frequently than every quarter. Similarly,

real yields data are used starting in 2003. Despite this, missing observations do not cause a problem because they can

easily be handled in the Kalman filter framework. We simply donot update, or only partially update, the state vector

inflation is an important determinant of the yield curve. Ourview is that such tests are informative if one takes a stand onwhat the true inflation is,

e.g., the first principal component of multiple measures of inflation or a variable estimated from a general equilibrium model. In our setting, a large

σω,π could mean one of two things: an incorrect link between the true inflation and changes in the CPI or a misspecified model of changes in the

CPI. It would be difficult to distinguish between these possibilities in our setup. Given that these issues are not central to our focus, we ensure that

our model fits changes in the CPI without error.
4We are grateful to the referee for this point.
5OFO is similar to the time series model of Kozicki and Tinsley(2006).
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when observations are missing. This procedure is automaticwhen one uses a new forecast vector (a new yield vector)

that is an old forecast vectorS urv(old yield vectorT IPS) scaled by a matrix that has zeros in place of the missing

observations and ones in place of the available ones (see Harvey, 1989).6

3.2.2. Latent factor indeterminacy

Dai and Singleton (2000) point out that the restrictions imposed at the estimation stage are not necessarily unique.

There are many sets of restrictions, or invariant transformations of the model, such that the yields or inflation

expectations are left unchanged. Naturally, when a parameter configuration changes, the respective latent variables

change as well by rotating. It is sensible to rotate the factors to identify x with observable variables. We use the

invariant affine transformation, which scales factors by a matrix. Appendix A of Dai and Singleton (2000) describes

how such a transformation affects the model parameters.

Our first implicit rotation is discussed in the setup of the state space. We assume that our measures of inflation and

output are the observable factors. In addition to associating two factors with macro variables, we perform two types

of rotation on the remaining (N − 1) factors. The first rotation is based on the idea of Bikbov and Chernov (2010)

that latent factors are related to macro variables and, therefore, one has to construct projection residuals to extract

information that is not in the macro variables. Using the objective measure dynamics [Eq. (14)], we can break down

each latent variablext into a component explained by changes in GDP and CPI and a residual f that is orthogonal to

the entire historymt = {mt,mt−1, . . . ,m0} of the two macro variables. We could thus write

xt = x̂(mt) + ft

and

x̂(mt) = c(ψ) +
t∑

j=0

ct− j(ψ)mt− j ≡ c(ψ) + ct(ψ)mt + c(ψ, L)mt−1, (20)

where the matricesc are the functions of the parametersψ that control the dynamics of the state variables andc(·, L)

emphasizes the lag-polynomial structure of the expression. (The online Appendix provides the details.) We define

a rotationO = Rxt, such that the variance-covariance matrix off becomes diagonal. Such a rotation aids in our

interpretation of factorsf as shocks. The matrixR is not unique; i.e., the rotation of typeO can generate many sets

of orthogonal factorsf . Our second proposed rotation,M, can be applied after any of the rotations from classO and

resolves this type of indeterminacy. We defineM = Uxt, where the matrixU is the orthogonal matrix; i.e.,UU′ = I ,

which preserves the structure of the correlation between the factors. The matrixU is determined byN − 2 = 1 or 2

parameters. To determine these parameters, we follow Mueller (2008) and rotate them so thatx1 is interpreted as the

factor that is driving the level of the nominal yield curve, and, in the case of a five-factor model,x2 is interpreted as the

factor that is driving the slope, measured as the difference between the ten-year and three-month yields, of the nominal

yield curve. These properties are achieved by maximizing the three-month yield’s loading onx1 and the slope’s loading

on x2. Appendix C discusses the mechanics of this procedure.

3.2.3. Risk premia and survey-specific disagreements

The elaborate risk-premia specification combined with forecast-specific disagreements leads to concerns about

overfitting. We follow Bikbov and Chernov (2010) and augmentthe standard log-likelihood function,L, with a

penalization term that is proportional to the variation of the term premium in Eq. (16):

Lp = L −
1

2σ2
p

∑

τ

(ATP(τ))2 + BTP(τ)
′
· Diag(Var(zt)) · B

TP(τ)

−
1

2σ2
p

∑

i,s,τ

(ATDi(s, τ))2 + BTDi(s, τ)
′
· Diag(Var(zt)) · BTDi(s, τ),

6This approach was also used by Kim and Orphanides (2012), Kozicki and Tinsley (2006), Lu and Wu (2005), and Pennacchi (1991).
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whereσp controls the importance of the penalization term and the Diag operator creates a diagonal matrix out of a

regular one. If market prices of risk and disagreements are equal to zero, the term premium and term disagreements

are equal to zero as well. Therefore,Lp imposes an extra burden on the model to use the risk premia andsurvey

disagreements as a last resort in fitting the yields. In practice, we takeσp = 300, which introduces a modest

modification to the original log likelihood. Nonetheless, it helps to stabilize the likelihood and simplifies the searchfor

the global optimum. In particular, this setup helps us to avoid very large values of risk premia.

3.2.4. Optimization

We need to estimate 24 (OF with four factors) to 100 (AS and ASTwith with five factors) parameters, depending

on the specific version of the model used. We have a large crosssection of observations, which helps in pinning these

parameters down. However, with a time series of 148 observations, a concern remains as to whether or not a global

optimum can be found. We use a large and efficient set of starting values to search for the global optimum. The

grid search is extremely costly in a multidimensional spaceand, in practice, limits the extent of the global search. We

reduce the computational costs by using Sobol’ quasi-random sequences to generate the starting points (see, e.g., Press,

Teukovsky, Vetterling and Flannery, 1992). We evaluate thelikelihood in two billion Sobol’ points and then optimize

the likelihood using the best 20 thousand points as startingvalues. We optimize by alternating between simplex and

sequential quadratic programming algorithms, eliminating half of the likelihoods at each stage.

3.2.5. Inference

In our case, it is difficult to make inferences on the basis of the asymptotic distribution of the estimated parameters

and test statistics. First, the persistence of the interestrate can affect the asymptotic properties of our tests (Conley,

Hansen and Liu, 1997). Second, some of the test statistics that we consider do not have known asymptotic distributions

[e.g., root mean squared error (RMSE) ratios]. A nonparametric block bootstrap approach is commonly employed in

such cases. However, due to the high persistence of interestrates, the optimal size of a block could be not much less

than the size of our whole sample. Therefore, throughout thepaper, we use a parametric bootstrap instead. We follow

the general principles outlined in Davison and Hinkley (1997) and specific term structure applications, such as Bikbov

and Chernov (2011) and Duffee (2007).

Consider the null and alternative modelsMi(Θi), i = 0,A, whereΘi denotes the corresponding sets of parameters.

We simulateG = 1000 artificial samples of sizeT = 148 from the null modelM0(Θ̂0) that was estimated on the basis

of the observed data set. For each artificial sampleg = 1, . . . ,G we compute the estimateŝΘ(g)
i for both models by

maximizing the respective likelihoods in precisely the same way as we do it with actual data. When we want to evaluate

the significance of parameters of a certain model, we construct 95% confidence bounds by selecting the 2.5th and

97.5th percentiles fromG estimated parameterŝΘ(g)
0 . Here, subscript 0, which matches the model used for simulation,

emphasizes that the simulation and reestimation are applied to one and the same model. When we want to test one

model against the other, we use the estimated parameters to construct a test statistic of interest. For example, in the case

of the likelihood ratio test, we compute 2
(
LA(Θ̂(g)

A ) − L0(Θ̂(g)
0 )
)
, whereLi is the log-likelihood of modeli. The set ofG

test statistics forms the finite-sample distribution, which we use to compute thep-value for the respective test statistic

computed on the basis of the actual data. In the case of a forecasting test, we compute RMSE0(Θ̂(g)
0 )/RMSEA(Θ̂(g)

A )

and test whether it is significantly different from one by computing the 95% confidence bound on the basis of the

finite-sample distribution formed by allG RMSE ratios.

4. Findings

The main objective of this section is to characterize the information contained in survey forecasts and to establish

whether they help to uncover and interpret hidden factors. To do so, we have to establish the preferred specification of

our model. Specifically, we test for the appropriate number of factors and whether the distinction between subjective
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and objective expectations is warranted in our model. Having settled on a specification, we study its implications for

hidden factors, their interpretation, and their impact on the model’s forecasting properties.

4.1. Factor structure

In this subsection, we aim to establish whether the yield- and survey-based evidence can be accommodated within a

common factor structure. A preliminary principal component analysis suggests that at least four factors are required to

explain the joint variation in the macro variables, yields,and survey-based expectations. However, a separate analysis

of real bonds implies that three factors might be needed to capture variation in real yields.7 If correct, this finding

implies that at least five factors are required for the joint data set.

This preliminary analysis prompts us to consider four- and five-factor versions of our model (N = 3 or 4). Our

strategy is to estimate our model using either data excluding survey-based expectations, NF or NFT; data excluding

yields, OF or OFO; or all data, AS, AST, AO, or AOT. We compare the models using mean absolute fitting errors and

in-sample inflation forecasting performance. We add a number 4 or 5 to the two- or three-letter descriptor of each

model to indicate the number of factors involved. For example, AOT5 refers to a five-factor version of the AOT model.

Tables 1 and 2 display the respective results.

[Insert Tables 1 and 2 near here.]

In the four-factor case, models NF4 and OF4 produce a good fit to nominal yields and survey-based inflation

forecasts, respectively. However, the AS4 and AO4 models (unreported) have some difficulty in matching both. In

particular, yield errors increase three- to fivefold. At this point, we should either increase the number of factors in the

AS and AO models or drop the survey data. The latter is a reasonable step, if we assume that market prices of bonds

reflect all the available information, in particular, survey-based inflation expectations.

However, the difficulty in fitting both data sources together indicates that survey-based expectations could posses

some incremental information. To investigate this possibility, we compute in-sample inflation forecasts from the NF4

and OF(O)4 models. As mentioned in Subsection 3.2, all our inferences are made via the parametric bootstrap. Here,

the null model is NF4 and the alternative is either OF4 or OFO4.8 We use RMSE ratios of inflation forecasts as our

test statistics.

Table 2 shows that OF(O)-based forecasts dominate or are similar to the NF-based ones, depending on the forecasting

horizon. To ensure that there is survey-specific information that is critical for forecasting inflation, we also evaluate

NFT4. The rationale is that TIPS, combined with nominal yields, could help in pinning down expected inflation without

using survey-based expectations. We implement the tests inexactly the same way as before. Compared with NF4, this

model has a slightly worse, but similar, fit for nominal yields and it does not perform as well as OFO4 in inflation

forecasting. This evidence suggests that we should make a further attempt to accommodate survey-based information

in our model. Therefore, we proceed with estimating the five-factor models.

The yield and survey-based expectation fitting errors in AO(T)5 and AS(T)5 are similar to those in NF(T)4 and

OF4, respectively. Thus, adding a fifth factor resolves the tension in fitting the two sources of data. We formally test

four-factor models (null) against the five-factor (alternative) models via the likelihood ratio test. The likelihood ratio

tests always select five-factor versions of the model when both sources of data are used. The likelihood ratio tests select

four-factor models when either only yields or only surveys are involved. This result raises the need to understand why

bond prices do not reflect all the information that pertains to inflation forecasts.

7This analysis was performed using UK inflation-linked bondsbecause of their longer history and their wider range of available maturities.
8If one of the OF models is a null hypothesis, we have to reestimate NF using the samples simulated from OF. However, OF is silent about yields.

Therefore, we selected NF as the null model.
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4.2. Expectation structure

Having established an appropriate factor structure, we have to understand the best way of accommodating the

survey-based expectations in our modeling framework. Specifically, we need to test whether the extra flexibility

afforded by the distinction between the objective and subjective model-based expectations is needed to capture the joint

dynamics of yields, macro variables, and survey-based expectations. Here, we are not interested in testing whether the

observed expectations from different surveys are the same or if one of the survey-based expectations is the same as a

model-based objective expectation. If we have two sets of expectations that do not line up point by point, we reject the

null hypothesis that they must be the same if we assume zero measurement error. However, such a rejection would not

be informative about the properties of our models.

We want to test whether a simple model [AO(T)], where model-based expectations are the same across all surveys

and are equal to the objective model-based expectations, isno worse than the corresponding AS(T) model in its ability

to replicate the salient features of our full data set. Formally, the null hypothesis is thatVi
0 andVi

z in Eq. (17) are

equal to zero for alli.

To illustrate the intuition behind the test, we plot the termstructure of term disagreements in Fig. 2. We consider the

term disagreements about inflation expectations formed today over the horizons matching the maturity of the bonds in

our sample; that is,

T Di
t(τ) = Ei

t (πt+τ) − Et (πt+τ) , τ = 1, 2, 4, 8, 12, 20, 28,40 quarters.

We use the AST5 model for the computations. We report the unconditional term structure, which measures the average

term disagreement for each horizon, and the time series of conditional term disagreements for the horizons of one

(τ = 4) and ten (τ = 40) years.

[Insert Fig. 2 near here.]

The first panel shows the unconditional term structure of thedisagreements. All the surveys exhibit distinct and

intriguing patterns. However, the magnitudes are very small. The largest absolute value of a disagreement is 0.3%

for the short-term Livingston Survey. As to the conditionaldisagreements in Fig. 2, at certain times the disagreement

could be large, up to 4% in the case of ten-year expectations.

However, these figures do not account for the parameter sampling uncertainty. Moreover, they show deviations

between objective and subjective expectations within one and the same model (AST5). We are interested in

establishing whether the same set of survey-based expectations can be accommodated in a model that does not make a

distinction between the subjective and objective probability measures. Finally, the figures do not characterize the full

picture because our models are designed to capture the jointdynamics of yields, macro variables, and survey-based

expectations. Therefore, we cannot study the models’ implications for expectations without regard for other variables.

A likelihood ratio (LR) test is a natural framework that automatically addresses all of these points.

Under the null hypothesis that subjective and objective probability measures are the same, that is, (Vi
0,V

i
z) are

zero for all i, the likelihood is constructed from the null model [AO(T)] using all the data. Under the alternative, the

likelihood is constructed from all the data taking into account that the unrestricted model [AS(T)] allows for a different

subjective measure for each of the surveys. As before, the inference is implemented via the parametric bootstrap. The

LR test statistics are equal to 2.19 (AO versus AS) and 2.14 (AOT versus AST), both of which are insignificant with

bothp-values equal to 0.6. Thus, there is no statistical difference between the two models.

An omnibus test, such as LR, might fail to reject the null hypothesis, but there could still be an important dimension

where the models differ. This is a common issue with all likelihood-based estimation. One uses full information to

estimate and test the model, but then has to come up with additional less formal diagnostics to see how the model fares

vis-a-vis data along the dimensions that matter for the research topic. The reason we introduce subjective expectations
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into our models is to give them more flexibility in capturing expectations. Thus, it is natural to test whether objective

and subjective measures produce the same expectations.

A two-samplet-test allows us to test such a hypothesis for a pair of expectations: the objective versus the subjective

from surveyi. However, because we have multiple groups, the question of interest is whether there is at least one

average expectation that is significantly different from another average expectation. One-way analysis of variance

(ANOVA) is designed to address such questions. Formally, the null hypothesis [under the AO(T) model] is that all

average subjective expectations are the same and are equal to the average objective expectation against the alternative

[under the AS(T) model] that at least one of the subjective expectations is different. TheF-test employed in ANOVA

requires equality of variances across the different groups. We use the Levene (1960) test, which does not require

normality of the data, to establish whether the variances are the same. The test statistic has anF-distribution in large

samples under the null hypothesis as well.9

Both tests assume independence between the groups and in time (in fact, there is no time dimension in the classical

ANOVA). This is why we again rely on parametric bootstrapping instead of theF-distribution to generatep-values for

both tests. We re-use the AS(T) model estimated on the basis of one thousand artificial histories simulated from AO(T).

Along each history, we compute the ANOVAF-statistic, which is equal to the ratio of variation betweenthe groups to

variation within groups. In the context of our models, we have three groups of subjective expectations fori = 1, 2, 3.

We compute the Levene test statistic in a similar fashion. These statistics form the finite-sample distribution, which we

compare with the respectiveF-statistic computed on the basis of the actual data.

Table 3 reports the results. The Levene test fails to reject the null hypothesis of equal variances across all forecasting

horizons. Therefore, it is appropriate to use ANOVA to test for the equality of expectations. Again, we fail to reject

the null hypothesis of equal average expectations across all the forecasting horizons. We conclude that modeling

survey-based expectations does not require a distinction between objective and subjective probability measures in our

case.

[Insert Table 3 near here.]

4.3. The term structure of inflation expectations

We conclude that we should be using the AO-type models, by imposingPi = P, to produce a model-based measure

of inflation expectations. Thus, in what follows, we focus onthis class of models. Fig. 3 shows the time series of the

model-based inflation expectations at multiple horizons. These expectations are computed from AOT5. In contrast to

the survey forecasts shown in Fig. 1, these expectations canbe computed each period for any horizon.

[Insert Fig. 3 near here.]

The term structure effects are pronounced. The inflation curve becomes inverted in1973, just before the recession,

and continues to be inverted until early 1982. This period coincides with the unstable period of monetary policy during

the Arthur Burns and G. William Miller chairmanships of the US Federal Reserve System and the monetary policy

experiment under Paul A. Volcker’s chairmanship. The curvebecame inverted again during the early part of Alan

Greenspan’s tenure from 1987 to 1991. Afterward, it had a normal, nearly flat, shape. The most recent period, starting

in 2005, is characterized by relatively volatile short-term inflation expectations. As a result, the slope of the inflation

curve switches sign frequently.

9We do not provide explicit expressions for the ANOVA and Levene test statistics in the interest of saving space. These aresufficiently standard

statistics, which are available in statistics textbooks and implemented in Matlab.
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4.4. The information in survey-based forecasts

Having selected the appropriate model, we study its implications vis-à-vis models studied in the past. The Fisher

equation is an important source of our intuition about how tolook for a hidden factor. Therefore, we describe what the

model implies for the decomposition of nominal yields on thebasis of this equation. Next, we determine whether we

can uncover and characterize a hidden factor. We do find an approximately hidden factor and we attempt to provide an

economic interpretation of it. We conclude the section by describing the out-of-sample forecasting performance of the

model.

4.4.1. Inflation risk premia

To get a sense of how survey-based expectations contribute to our models, we describe the models’ implication for

the Fisher Eq. (4). Fig. 4 displays the time series of the decomposition of ten-year nominal yields into real yields,

inflation expectation, and inflation risk premium using the equation. Table 4 reports summary statistics associated

with this decomposition. We have settled on the AOT5 model, following the earlier analysis. However, we also report

the decomposition for the NF4, NFT4, and AO5 models. We do so to highlight the role of survey-based inflation

expectations and TIPS in model-based measures of the inflation premium.

[Insert Fig. 4 and Table 4 near here.]

The following five broad lessons emerge. First, the use of TIPS for estimation leads to more volatile estimates of real

yields. We observe a doubling of the time series volatility of the ten-year real yield as we move from NF4 to NFT4 and

nearly a quadrupling as we move from AO5 to AOT5. Second, the presence of survey-based inflation expectations leads

to similar estimates of model-based objective expectations, regardless of whether or not TIPS are used for estimation.

Third, in the absence of the survey data, adding TIPS leads toa trade-off between the levels of the real rate and the

inflation premium. Adding TIPS data to the NF model leads to a 140% increase in the average real yield and to a 65%

decline in the average inflation premium. In fact, the inflation premium level drops so much that the premium becomes

negative after 1995. Hördahl and Tristani (2007) provide athorough discussion of the debate regarding the correct

sign of the inflation premium. Fourth, in the presence of the survey data, adding TIPS leads to a trade-off between the

volatilities of the real rate and the inflation premium. Adding TIPS data to the AO model leads to a 280% increase in

the volatility of the real rate and to a 55% decline in the volatility of the inflation premium. Fifth, for three out of the

four models, the inflation premium gradually declines from the late 1980s onward and reaches zero by the late 1990s.

The only exception is the NFT model, in which the premium becomes negative in the mid-1990s. This is a direct result

of the low overall level of the premium in this model.

4.4.2. Hidden factor

We start our analysis of hidden factors by characterizing how the state variables affect yields in our models. To save

space, we show factor loadings for representative models only. Figs. 5 and 6 display the factor loadings for NF4 and

NFT4, and AO5 and AOT5, respectively. Fig. 5 shows clearly that the same factors affect both inflation expectations

and nominal yields in NF models; that is, there are no hidden factors. Fig. 6 shows that, in the AO(T) models, the level

factorx1 has almost no effect on model-based inflation expectations. In contrast, factor x3 has no effect on the nominal

yield curve but clearly acts as a level factor for inflation expectations (and real yields). We labelx3 as a survey factor

because it cannot be identified without the survey data. The fact that the survey factorx3 appears to be hidden in the

nominal yield curve is not an assumption, but an empirical implication of the models.

[Insert Figs. 5 and 6 near here.]

One notable difference between AO and AOT is that outputg is hidden in the nominal curve in AO, but not in

AOT. This result has a potential bearing on the finding that output has predictive power in excess of yields (e.g.,
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Ludvigson and Ng, 2009). If TIPS data were available for a long time span, the addition of such data to the regressions

implemented in these studies could have mitigated the need to use output as an additional predictor. More generally, it

appears that whether or not a factor is hidden depends on the data set used in the estimation.

We find, on the basis of the Wald test, that loadings onx3 that correspond to the spot interest rate and to maturities

beyond five years are statistically significantly different from zero. Nonetheless, the magnitude of the factor’s

contribution to the yield curve is smaller than the measurement errors. Therefore, we conclude that the factorx3 is

approximately hidden in the nominal yield curve. Our findings connect with the Duffee (2011) conjecture that inflation

expectations might be hidden in the nominal yield curve. He estimates a five-latent-factor model and finds evidence

that the fifth factor is approximately hidden in the yield curve. Duffee shows a nonzero correlation between this factor

and survey-based inflation expectations. The difference is that we find that inflation expectations are partially hidden

becausex3 is only one of the factors affecting them.

Inflation is not a hidden factor because of our assumption that it does affect the real pricing kernel. Whereas inflation

is not a hidden factor, it could be partially hidden. We can check directly whether there is a common source of variation

driving x3 and macro factors by representing yields, survey-based forecasts, and macro variables as linear functions

of common unobservable factorsy as in Eq. (7). Ifx3 and inflation load on the same hidden factoryi , thenx3 can be

backed out of inflation; that is, inflation is partially hidden.

The task of switching into the canonical representation of Eq. (7) is accomplished by a simple factor rotation on

the basis of Eq. (11). We find that, in all models except for AO5, none of the latent factorsy is hidden. This finding

contrasts with that of Duffee (2011) and could be explained by the fact that we are using macro variables in addition

to yields or that we use yields with maturities beyond five years. Nonetheless, in some of the models (AOT5, AS5,

AST5) a linear combination ofy’s, a.k.a. the factorx3, is approximately hidden. The model AO5 is an exception in

that one of the factors,y, is hidden. Inflation and break-even inflation do not load on this factor in this model. Thus,

AO5 is consistent with the canonical form described in Subsection 2.2. In summary, the evidence supports our initial

argument that inflation is unlikely to be partially hidden.

4.4.3. Economic interpretation of the hidden factor

Subsection 2.1 provides intuition on how a factor can be hidden in the nominal yield curve and inflation and yet

affect expectations of future inflation. In this subsection, weinvestigate whether one can assign a specific economic

interpretation to the factorx3. Here, we are not shy about data snooping because we want to seeif we can find some

observable variable that could be related tox3, even if spuriously. We do not find any. In this regard, our conclusions

are similar to those of Duffee (2011) with respect to his factor. This finding leads us to conclude that survey forecasters

rely on a rich and potentially varying information sets whenproducing their expectations.

We start our analysis by projectingx3 on the macro variables that we use in our model via Eq. (20). The projection

residual, which we callf3, retains the key properties ofx3: It is hidden in the nominal yield curve and acts as a level

factor for the inflation expectations. We should be able to relate f3 to observable macro variables ifπt andgt are

imperfect measures of inflation and real output, respectively. Thus, other variables could be related to inflation and

output that simultaneously explain variation inf3. Alternatively, f3 could be related to macroeconomic variables other

than the ones related to inflation and real activity. To address both possibilities, we should regressf3 on a comprehensive

set of observable variables.

Ludvigson and Ng (2009) suggest such a set of variables. Specifically, they construct eight common factors from

132 measures of economic activity. We regressf3 on all these factors and find that none of them is significant with a

joint adjustedR2 of 9% (Table 5, Panel A). Dropping some of these factors does not help with theR2 and does not help

with making some of the remaining factors significant.

[Insert Table 5 near here.]
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Given these results, we try to take a slightly different angle and investigate howf3 affects forecasts of bond risk

premia. The hope is that observing the interaction with other variables would help us to gain insight into the nature

of f3. We start by checking how the factor affects expected excess returns in our model by plotting the loadings on

the factors for various expectation horizons (see Fig. 7). We intentionally include both AO(T) and AS(T) models to

illustrate that the implications of these models for the role of x3 and, therefore,f3 are robust. An increase of 1 standard

deviation in the factor (and, by a sign convention, an increase of 1 standard deviation in expectations about inflation)

results in a decline of almost 1 standard deviation in expected excess returns across all maturities.

[Insert Fig. 7 near here.]

Next, we check howx3 or, more precisely,f3 affects the forecasting of realized excess returns. We run the variations

of the Cochrane and Piazzesi (2005) regression, which include combinations of variables. Table 5 reports the results.

We start by reproducing the Cochrane and Piazzesi (2005) regression in our sample (Panel B). The CP factor is highly

significant with adjustedR2 ranging from 29% to 35%, depending on a bond’s maturity. Thenwe add the Ludvigson

and Ng (2009) factors (Panel C). We use all eight of them, but the table reports the loadings for the LN factors 1, 6,

7, and 8 only (because they show up in subsequent regressions). TheR2 increases to 42–47%, but not all of the LN

factors are significant.

Alternatively, we can check what our model implies for excess returns. We construct the projection residuals for

the remaining two latent factorsx1 and x2 and regress excess returns onf1, f2, and f3 (Panel D). The first factor is

significant at short maturities only. The other two are significant for all excess returns and the adjustedR2 is between

33% and 36%, on par with the CP factor. So, dof2 and f3 explain the CP factor? We add the CP factor to the regression

and find that it is significant at all bond maturities and drives out f2 (Panel E). Thus,f3 contains information that is

complimentary to CP.

Fig. 8 displays the time series of the standardized CP and− f3 factors. We change the sign of the hidden factor to

make it clear that the two factors line up only during the period of the monetary experiment. Both factors have a strong

business-cycle component, but they differ in higher frequency fluctuations. What could account for these differences?

[Insert Fig. 8 near here.]

We know that LN factors do not replace CP in these regressions. It might be that these factors capture some of the

higher-frequency movements inf3. To determine whether this is so, we go through a comprehensive factor search in

which we gradually eliminate the insignificant ones. We end up with the regression reported in Panel F, where the

surviving factors are CP; LN factors 1, 6, 7, and 8;f1; and f3. It appears that survey expectations contain information

about the bond risk premium that is complimentary to that contained in both the CP and LN factors.

4.4.4. Forecasting

Table 6 shows the out-of-sample results for the forecastingof inflation. Ang, Bekaert and Wei (2007) find that raw

surveys dominate term-structure models for inflation forecasts that are made one year in advance. Our results should

complement their findings in two dimensions. First, we provide evidence for a term structure of inflation forecasts.

Second, we evaluate the performance of term-structure models that are estimated using information from the surveys.

[Insert Table 6 near here.]

We use RMSE ratios as our test statistic. The bootstrap procedure that we use is complicated in this case, because

the model for survey-based forecasts is not known. Each survey participant likely uses her own model to produce an

individual forecast and then these forecasts are aggregated into the consensus forecast. If we knew all of these models,

in theory, we could replicate the entire procedure under thenull of the AO or NF model. However, we do not know

what each of the forecasters is doing.
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We can treat forecasts from a model and from the surveys as rawinputs (ignoring where they are coming from) and

use various asymptotic tests to evaluate the difference (e.g., Diebold and Mariano, 1995). Perhaps, the methodology

that is the closest to our setup is an asymptotic test of forecasting methods developed in Giacomini and White (2006).

However, to achieve asymptotically nonvanishing estimation uncertainty, these authors assume a fixed rolling window

for model reestimation, whereas we use an expanding window.Alternatively, we could have used nonparametric block

bootstrap. We express our reservations regarding both asymptotic and nonparametric bootstrap tests in Subsection 3.2.

We use a different procedure that has its own shortcomings but has the virtue of being in line with our overall testing

strategy. We simulate one thousand artificial samples from the null model (NF or AO) and reestimate the null model

on the basis of each sample. Then we construct the ratio RMSE0(Θ̂(g)
0 )/RMSES urv. Thus, we implicitly assume that the

survey-based forecasts are data, that is, they are not generated by aggregating multiple models, but by the economic

data–generating process directly. Our hope is that, because of our focus on the first two moments and not the entire

distribution, this implicit assumption is not going to affect the inference too much. The lack of extra variation in the

test statistic results in tighter confidence bounds and biases the results toward Type I error (over-rejection).

Despite these caveats, the reported RMSE ratios send a clearmessage. Panel A shows that AO performs on a par

with raw surveys. The ratio of AO to surveys is close to one, and the difference is statistically insignificant. The same

cannot be said about the NF model. The ratios are much higher than the one in the data and the difference from one is

statistically significant. To be supremely conservative, given the heightened probability of Type I error, the conclusion

would be that NF does not outperform the surveys.

We implement a direct RMSE-based comparison of AO and NF to clarify the difference in performance of the two

models. Panel B displays the RMSE ratio test of NF (null) against AO (alternative) via parametric bootstrap. NF is

overwhelmingly rejected. The improvement associated withusing AO ranges from 23% to 55%, depending on the

sample and horizon.

That essentially no difference exists between the results of the raw surveys and those of a complicated AO model

could be disappointing. It is important to remember that a big limitation of raw surveys is that an end user cannot select

the frequency of forecasts and the forecast horizon. We present and defend a model that can produce survey-quality

forecasts, but at any time and at any horizon. This conclusion is particularly striking in the light of the findings in

Ang, Bekaert and Wei (2007), where, after searching througha list of 30 different models, they could not find any such

model even for one forecasting horizon.

Table 7 displays out-of-sample results for the forecastingof yields. We use the random walk model (RW) as an

alternative model and report all the results in the form of the RMSE ratios of a null model (AO or NF) to RW. We

use bootstrap once again. In this case, estimating the alternative model along the artificial samples simulated from the

null model is particularly easy as there are no parameters toestimate for RW. We simply use yields simulated from the

relevant null model.

[Insert Table 7 near here.]

To the best of our knowledge, this is the first analysis of thiskind on such a scale. Typically, authors leave about

five years for out-of-sample exercises. The parameters for out-of-sample analysis are either estimated from an earlier

long subsample or reestimated for each period over the shortsubsample. The range of forecasting horizons is typically

narrow, from the next period to one year ahead. Finally, formal statistical analysis is not conducted, that is, the

numerical values of RMSE are simply compared with each other.

On the basis of point values of RMSE ratios, we see that RW dominates or is indistinguishable from NF. The AO

model dominates RW at longer forecasting horizons (eight and 20 quarters ahead). We conclude that the incorporation

of forecasts of inflation is helpful in the forecasting of yields. However, there remains room for improvement, because

the results for yield forecasts are not as clear as for inflation forecasts. The analysis provided herein suggests that survey

forecasts are very useful, and the incorporation of forecasts of real activity or yields should help when forecasting yields

and can reduce the statistical uncertainty.
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5. Conclusion

We have built a dynamic macro-finance model that incorporates the behavior of inflation, real activity, nominal

yields, and survey-based forecasts of inflation. The model prohibits arbitrage opportunities and allows for the

heterogeneity of survey forecasters via a subjective probability measure. We find that observed yields and survey

forecasts are internally consistent with each other, that is, their joint behavior can be accommodated within a term

structure model without expanding the number of state variables. Moreover, both yields and forecasts are important

for producing realistic expectations about future inflation and yields. Information other than yields is required because

a factor that drives model-based inflation expectations hasalmost no effect on the cross section of yields; that is, it is

hidden.

We make a case using both theoretical and empirical analysisthat the hidden factor is not inflation itself. We present

a canonical Gaussian term structure model that suggests a mechanism achieving the same result. However, such a

model still leaves an important question: What forces drivesurvey-based expectations about future inflation that are

correlated with bond yields, yet do not affect them cross sectionally and do not affect current inflation? Our attempts

to relate this factor to other macro variables led to nothing. In this regard, our conclusions are consistent with those of

Duffee (2011). When forecasting bond risk premia, our hidden factor is not driven out by the Cochrane and Piazzesi

(2005) factor or the Ludvigson and Ng (2009) macro factors.
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Appendix A. Selective empirical literature review

Scores of empirical papers have been dedicated to the study of the interactions between inflation and interest rates.

Discussing all of these in this brief review is not possible.Two main strands of the literature that study this subject are

those on term structure and macro forecasting.

The empirical side of the literature on no-arbitrage term structure explores the behavior of state variables and

risk premia. The main focus is to explain and summarize parsimoniously the relations that are of interest, and for

this reason most of the analysis is conducted in-sample. In addition to the data on yields, various authors utilize

either inflation itself (the no-arbitrage macro literaturebeginning with Ang and Piazzesi, 2003) or data that reflects

inflation expectations, such as inflation-indexed bonds (Evans, 1998), or survey forecasts of inflation (Chun, 2011; and

Pennacchi, 1991). The typical research questions that arise are: Does inflation help to explain the yields? (See Ang

and Piazzesi, 2003; Bikbov and Chernov, 2010; and Duffee, 2006.) Does inflation help to explain the risk premia? (See

Ang, Dong and Piazzesi, 2004; Bikbov and Chernov, 2010; and Duffee, 2007.) How do real interest rates behave? (See

Ang, Bekaert and Wei, 2008; Evans, 1998; and Pennacchi, 1991.) What is the size and the nature of the variation in

the inflation premium? (See Ang, Bekaert and Wei, 2008 and Evans, 1998; Hördahl and Tristani, 2007.)

Part of the literature on macroeconomic forecasting focuses on the prediction of inflation from the prices of financial

assets, notably the short rate and the term spread, in the regression framework (see Stock and Watson, 2003, for a

comprehensive survey). The natural motivation for such an approach is that, because of their forward-looking nature,

yields should serve as good predictors of macroeconomic activity. In contrast to the literature on term structure, much

of this work focuses on out-of-sample performance. Conceptually, the approach suffers from the drawback that, as any

no-arbitrage model would imply, the yields simultaneouslyreflect the market’s expectations of the state variables, such

as inflation, and risk premia. A formidable body of evidence shows that risk premia are time-varying. As a result,

disentangling the yield components in a regression framework is virtually impossible. Depending on the variability of

the risk premia, yields might introduce a fair degree of noise, which would make the inference unreliable.

A separate strand of the literature on forecasting investigates the predictive ability of survey forecasts. As with

yields, the analysis is performed in a regression framework. The analysis focuses on the forecasts’ rationality and

efficiency and typically concentrates on a one-year horizon. The key finding, based on considering roughly pre- and

post-Volcker subsamples, is that inflation is underestimated when it is high and vice versa (see Thomas, 1999, among

many others). However, a more refined conditional analysis is not feasible because of the inherently unconditional

nature of the regression-based analysis. In contrast, Ghysels and Wright (2009) use high-frequency financial variables

to forecast the survey forecasts.

Finally, Ang, Bekaert and Wei (2007) combine the views contained in the reviewed literature by running a horse

race between the different methods of forecasting one-year inflation.10 They use the different forecasts separately and

also combine them via various weighted-averaging schemes.The authors find that surveys forecast inflation better than

other models and approaches.

While having a different focus, our work is related to the following concurrentstudies. Kozicki and Tinsley (2006)

use a descriptive time series model of inflation to constructthe term structure of inflation expectations using inflation

forecasts from the Livingston Survey. D’Amico, Kim and Wei (2008) build a no-arbitrage model and estimate it using

the nominal yield curve, TIPS, Blue Chip Economic Indicators forecasts of one-quarter yields, and one- and ten-year

SPF forecasts of inflation from 1999 to 2007. They show the importance of using TIPS for accurate predictions of

inflation. In a similar spirit, Joyce, Lildholdt and Sorensen (2009) exploit information from UK real and nominal

bonds along with consensus forecasters’ expectations of average inflation from five to ten years ahead from 1992 to

2007 to construct inflation forecasts and inflation risk premia. Piazzesi and Schneider (2008) focus on the use of an

affine term-structure model to construct a measure of subjective bond risk premia, which they derive from survey data,

10They also consider the Phillips curve and pure time series models. However, discussion of these lies beyond the scope of our paper.
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and they also specify a structural model that can explain these premia. Adrian and Wu (2009) and Haubrich, Pennacchi

and Ritchken (2011) highlight the role of heteroscedastic shocks in the context of building inflation expectations with

no-arbitrage models. Faust and Wright (2011) emphasize that subjective survey-based forecasts of inflation tend to

outperform model-based forecasts and investigate the reasons for this. Cieslak and Povala (2011) propose a novel

decomposition of the nominal yield curve into three economic frequencies. One of them is related to the smoothed

CPI that can be interpreted as a long-run inflation forecasts. The residual from the projection of this factor onto yields

explains a high fraction of variation in the bond risk premia. The authors do not take a stand on whether this residual

is a hidden factor or not. Our survey factor is constructed from survey-based inflation expectations, it is orthogonal to

factors driving yields, to current and past inflation, and isapproximately hidden in the nominal yield curve.

Appendix B. Details of the data set

Here, we discuss the details of our data set that consists of inflation, output, real and nominal yields, and survey

forecasts.

B.1. Nominal yields

We use quarterly time series of zero-coupon bond yields from1971 to 2008 constructed in Gurkaynak, Sack and

Wright (2007). We rely on bond maturities of three and six months and one, two, three, five, seven, and ten years. It

is important to measure the full yield curve because its slope is correlated with the macro environment (Estrella and

Hardouvelis, 1991 and Estrella and Mishkin, 1998). Given this constraint, we do not consider earlier years, because

the longest maturity available was five years. In addition, the use of rich yield data helps to identify the risk premia.

B.2. Real yields

We use quarterly time series of zero-coupon yields on TIPS from 2003 to 2008 constructed in Gurkaynak, Sack and

Wright (2010). We rely on bond maturities of three, five, seven and ten years. TIPS were introduced in 1997, but

initially few maturities were available for trading and thetrading volume was thin (D’Amico, Kim and Wei, 2008).

Many observers argue that the bond pricing became reliable circa 2003.11 An important related question is whether

yields on TIPS can be used as yields on real bonds. D’Amico, Kim and Wei (2008) explain the differences between the

TIPS and real yields by a liquidity premium. They find a strongtrend in a liquidity component that dissipates by 2003,

which is consistent with the above remarks. We cannot distinguish the true real yields from TIPS in our framework.

This is why we choose to drop the data prior to 2003 and allow for a measurement error that is larger than that for

nominal yields at the estimation stage.

B.3. Macro variables

We use quarterly time series of log changes in seasonally adjusted CPI and real GDP to proxy forπt, and gt,

respectively. GDP and CPI numbers are available from FRED (Federal Reserve Economic Data). CPI is the consumer

price index for all urban consumers (all items, seasonally adjusted) and real GDP is a three decimal time series in

billions of chained year 2000 USD (seasonally adjusted annual rate).

All the inflation forecasts that we use are released some timeduring the third month of a quarter. Therefore, to avoid

a look-ahead bias in how we construct and use the state variable π, we use the price level reported in the second month

of the quarter, which corresponds to price level in the first month of a quarter.

11We are grateful to Refet Gürkaynak and Jonathan Wright for conversations regarding this issue.
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B.4. Survey forecasts

Livingston Survey (LS) is a semiannual survey of economistsfrom industry, government, banking, and academia.

The forecasts of the price levelPt+τ, specifically of nonseasonally adjusted CPI, are released inthe last month of the

second or fourth quarter and are based on the CPI informationreleased in the first month of a quarter. Because of the

timing of this survey, Carlson (1977) argues that the six-month ahead and 12-month ahead level forecasts should be

converted to the inflation rate using the eight- and 14-monthhorizons, respectively, as a basis. As a result, we have

observations forp1
t,0(τ), τ = 2, 4 (available from 1947). We also have annual forward forecasts available from 1974:

p1
t,2(4) (released in the second quarter) andp1

t,4(4) (released in the fourth quarter). Finally, ten-year forecasts,p1
t,0(40),

are available semiannually from 1991, and two-year forecasts , p1
t,0(8), are available annually in the fourth quarter from

1992.

The fact that the respondents forecast seasonally unadjusted CPI, while our state variable is seasonally adjusted,

matters only for the six-month forecasts,p1
t,0(2).We perform a simple seasonal adjustment of the forecast. We compute

the average annual inflation, as well as the average inflationover the first and second half-year in our sample. Then

we adjust the six-month forecasts by the respective differences in annual and semiannual annualized average inflations.

Ghysels and Osborn (2001) provide the details of, and a justification for, this procedure. This adjustment involves some

look-ahead bias because we are performing the adjustment onthe whole sample. However, this bias should be very

small, because the seasonal adjustment is tiny.

Survey of Professional Forecasters (SPF) is a quarterly survey available from the third quarter of 1981. The forecasts

of the annualized percentage price changePt+τ/Pt − 1, specifically of the changes in seasonally adjusted CPI, are

released in the middle of the second month of the quarter and are based on the CPI information released in the previous

month. We have observations forp2
t,s(1), s= 0, 1, 2, 3; p2

t,0(τ), τ = 4, 20, 40. The five-year forecast is available from the

third quarter of 2005, and the ten-year forecast is available from the fourth quarter of 1991.

Blue Chip Economic Indicators (BC) is a monthly survey of economic forecasters at approximately 50 banks,

corporations, and consulting firms.12 It is available from 1981. The forecasts of the annualized percentage price

changePt+τ/Pt − 1, specifically of the changes in seasonally adjusted CPI, are released in the beginning of the third

month of the quarter and are based on the CPI information released in the previous month. We have observations

for p3
t,s(1), s = 0 − 6. The forecasts withs = 4, 5, 6 are available in the first three, two, and one quarters of a year,

respectively.

Appendix C. Factor rotations

We wish to rotate vectorxt (a subvector of vectorzt) so that these latent factors could become interpretable. The

first rotation,O, ensures that the three factors are orthogonal to each other.We define a rotationO = Rxt, so that

the variance-covariance matrix off becomes diagonal. Then, defineM = Uxt, where the matrixU is the orthogonal

matrix; i.e.,UU′ = I , which preserves the correlation structure between the factors. We use the following matrixU,

governed by the two parametersα andβ:

U =



cosα sinα 0 0 0

− sinα cosα 0 0 0

0 0 1 0 0

0 0 0 1 0

0 0 0 0 1





cosβ 0 sinβ 0 0

0 1 0 0 0

− sinβ 0 cosβ 0 0

0 0 0 1 0

0 0 0 0 1



12We are grateful to Randell Moore for providing us with the data.
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=



cosα cosβ sinα cosα sinβ 0 0

− sinα cosβ cosα − sinα sinβ 0 0

− sinβ 0 cosβ 0 0

0 0 0 1 0

0 0 0 0 1



The first two matrixes represent clockwise rotations about one of the axes, specifically,x3 andx2, respectively.

TheQ-parameters are affected by the rotation as follows:

µ
Q

U = UµQ

Φ
Q

U = UΦQU−1

and

ΣU = UΣ

The parameterα is chosen such thate′1B
n(3) is maximized, andβ is chosen so thate′2 (Bn(40)− Bn(3)) is maximized.
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Table 1
Mean absolute errors.
We report mean absolute fitting errors for eight versions of our model. The full model that uses all survey and yield data islabeled AST (All data,
Subjective expectations, TIPS). The model that does not useTreasury Inflation-Protected Securities is labeled AS. A model that uses all the data, but
restricts subjective measures to coincide with objective measure is labeled AOT (All data, Objective expectations, TIPS) and AO without TIPS. The
two models that use only yields in the estimation are NFT (No Forecasts, TIPS) and NF (without TIPS). Finally, we estimatea model that uses only
forecasts and label it OF (Only Forecasts), and a model that restricts subjective measures to coincide with objective measure is labeled OFO (Only
Forecasts, Objective expectations). The number at the end of mnemonic refers to a total number of factors in the model. The notation for surveys is
as follows: LS, Livingston Survey; SPF, Survey of Professional Forecasters; BC, Blue Chip Economic Indicators. The rowL reports log-likelihood
values. The log-likelihoods corresponding to the unreported models’ counterparts are displayed in parentheses. A counterpart is the same model
with a different number of factors. Thus, for four-factor models, the five-factor versions would be in parenthesis, and vice versa.The bootstrapped
p-values for the null hypothesis of a four-factor model are provided in brackets.

Number Horizon (in quarters) Model
Survey of observations s τ NF4 NFT4 OF4 OFO4 AO5 AOT5 AS5 AST5
LS 74 0 2 0.15 0.21 0.22 0.22 0.16 0.16

74 0 4 0.11 0.13 0.14 0.14 0.12 0.12
16 0 8 0.07 0.10 0.13 0.12 0.11 0.11
36 0 40 0.03 0.05 0.12 0.11 0.11 0.12
36 2 4 0.11 0.13 0.14 0.14 0.11 0.12
34 4 4 0.14 0.16 0.20 0.21 0.18 0.18

SPF 108 0 1 0.09 0.10 0.14 0.14 0.13 0.13
12 0 20 0.03 0.07 0.13 0.11 0.05 0.05
67 0 40 0.04 0.04 0.10 0.09 0.09 0.09

108 1 1 0.06 0.07 0.08 0.08 0.07 0.07
108 2 1 0.08 0.09 0.09 0.09 0.08 0.08
108 3 1 0.10 0.11 0.10 0.11 0.10 0.10

BCEI 114 0 1 0.19 0.19 0.20 0.20 0.20 0.21
114 1 1 0.14 0.14 0.13 0.13 0.14 0.14
114 2 1 0.16 0.18 0.19 0.19 0.21 0.21
113 3 1 0.11 0.13 0.15 0.15 0.13 0.13
84 4 1 0.11 0.13 0.15 0.15 0.15 0.15
56 5 1 0.10 0.13 0.17 0.17 0.17 0.17
28 6 1 0.10 0.13 0.19 0.20 0.19 0.19

Nominal yields 148 0 1 0.16 0.16 0.16 0.16 0.17 0.16
148 0 2 0.06 0.06 0.06 0.06 0.06 0.06
148 0 4 0.10 0.10 0.09 0.09 0.09 0.09
148 0 8 0.12 0.13 0.12 0.12 0.12 0.12
148 0 12 0.10 0.10 0.10 0.10 0.10 0.10
148 0 20 0.05 0.05 0.05 0.05 0.05 0.05
148 0 28 0.05 0.06 0.06 0.05 0.06 0.05
148 0 40 0.13 0.13 0.13 0.13 0.13 0.13

Real yields 18 0 12 0.24 0.20 0.20
22 0 20 0.23 0.16 0.16
22 0 28 0.22 0.15 0.15
22 0 40 0.20 0.16 0.16

L 53.89 53.90 56.32 55.23 101.45 101.65 102.55 102.72
(57.22) (57.28) (57.10) (55.51) (92.29) (86.54) (93.23) (93.93)

p-values [0.31] [0.30] [0.96] [0.95] [0.02] [0.00] [0.04] [0.05]

31



Table 2
In-sample inflation forecast root mean squared error (RMSE)ratios for NF (No Forecasts) and OF (Only Forecasts) models.
We compare the in-sample inflation forecasting performanceof the OF and NF models. We select forecasting horizons that are not necessarily
available in the actual surveys. This is done to emphasize that the advantage of using a model is that a forecasting horizon or forecasting date can be
arbitrary. We report the RMSE ratios of NF to OF and other variations of these two models. The bootstrapped 95% confidence bounds are provided
in brackets. The letter T in the model indicates that we include Treasury Inflation-Protected Securities (TIPS) in the estimation. All models have
four factors.

Horizon (in quarters) NF4/OFO4 NFT4/OFO4 NF4/OF4 NFT4/OF4
1 0.98 1.01 1.04 1.07

[0.98, 1.01] [0.99, 1.01] [0.89, 1.04] [0.93, 1.04]
2 1.01 1.05 1.08 1.12

[0.97, 1.02] [0.99, 1.01] [0.83, 1.07] [0.88, 1.07]
4 1.04 1.09 1.09 1.15

[0.96, 1.02] [0.98, 1.01] [0.78, 1.10] [0.84, 1.12]
8 1.12 1.13 1.12 1.13

[0.96, 1.02] [0.97, 1.02] [0.74, 1.18] [0.75, 1.22]
12 1.16 1.13 1.11 1.08

[0.96, 1.02] [0.96, 1.02] [0.70, 1.27] [0.71, 1.29]
20 1.15 1.12 1.09 1.05

[0.94, 1.03] [0.95, 1.04] [0.65, 1.45] [0.66, 1.46]
28 1.06 1.04 1.02 1.00

[0.93, 1.05] [0.93, 1.06] [0.57, 1.66] [0.59, 1.68]
40 0.96 0.93 0.95 0.92

[0.92, 1.06] [0.91, 1.08] [0.47, 2.07] [0.47, 2.00]
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Table 3
Inflation expectations for AO (All data, Objective expectations) and AS (All data, Subjective expectations) models.

We compare the average inflation expectations from the AO model with the subjective expectations from the AS model. One-way analysis of variance

(ANOVA) tests whether at least one average expectation thatis significantly different from another average expectation. The Levene statistic is used

to test the equality of variances. The bootstrappedp-values are for the null hypothesis of a model under the objective measure (AO5 and AOT5) are

provided in brackets. The letter T in the model indicates that we include Treasury Inflation-Protected Securities (TIPS) in the estimation. All models

have five factors.

Horizon AO5 vs AS5 AOT5 vs AST5
(in quarters) ANOVA Levene ANOVA Levene

1 0.44 0.75 0.97 0.37
[0.50] [0.25] [0.30] [0.25]

2 1.14 0.92 1.30 0.26
[0.29] [0.13] [0.23] [0.30]

4 0.38 0.71 0.54 0.14
[0.46] [0.16] [0.43] [0.39]

8 0.33 0.54 0.47 0.09
[0.47] [0.20] [0.45] [0.50]

12 0.23 0.50 0.41 0.11
[0.56] [0.21] [0.51] [0.47]

20 0.23 0.60 0.38 0.25
[0.63] [0.21] [0.60] [0.37]

28 0.73 0.69 0.45 0.40
[0.55] [0.27] [0.62] [0.33]

40 2.56 0.72 0.68 0.42
[0.44] [0.41] [0.61] [0.43]
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Table 4
Sample statistics for nominal yields decomposition.
We report the annualized mean and standard deviation of the ten-year nominal yield components in the decomposition

yn
t (40)= yr

t (40)+ pt,0(40)+ IPt(40)+ convexity term,

whereyr
t is the real yield,pt,0 is the inflation expectation under theP measure, andIPt is the inflation premium. The notation for models is as

follows: AO5 and AOT5 (All data, Objective expectations, five factors, with and without Treasury Inflation-Protected Securities, respectively); NF4

and NFT4 (No Forecasts, four factors, with and without Treasury Inflation-Protected Securities, respectively).

Model Statistic yr
t pt,0 IPt Convexity

NF4 Mean 1.11 4.34 2.01 0.02
Standard deviation 0.26 0.95 1.47

NFT4 Mean 2.66 4.08 0.73 0.01
Standard deviation 0.59 0.56 1.36

AO5 Mean 1.93 3.96 1.57 0.01
Standard deviation 0.24 1.38 1.37

AOT5 Mean 2.75 4.05 0.67 0.01
Standard deviation 0.92 1.50 0.63
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Table 5
Excess returns and the survey factor.

Panel A reports regression results of the survey factorf3 on the Cochrane and Piazzesi (2005) factor (CP) and the macrofactorsF̂( j) , j = 1 . . . , 8

from Ludvigson and Ng (2009) (LN). Panels B through F report regression results of one-year excess returns on a nominal Treasury bond with

maturityτ, rx(τ), on the CP and LN factors, and the projection residualsf1, f2, and f3 from the AOT5 model. The regressions in Panels A and C were

implemented with all LN factors, but we are only reporting the selected ones. The regression in Panel F is a result of a factor selection procedure,

so only the reported factors were used. All time series are standardized, andt-statistics are calculated using Newey and West (1987) standard errors

and reported in parentheses. GDP is the gross domestic product and CPI is the consumer price index.

Regressand CP GDP CPI F̂(1) F̂(6) F̂(7) F̂(8) f1 f2 f3 Adj. R2

Panel A: Survey factor regressions
f3 -0.24 0.07 0.01 -0.12 0.09

(-1.59) (0.73) (0.12) (-1.20)
f3 -0.22 -0.16 0.04 -0.02 0.04 0.10

(-1.34) (-1.35) (0.33) (-0.25) (0.45)

Panel B: CP factor
rx(2) 0.54 0.29

(5.49)
rx(3) 0.57 0.32

(6.06)
rx(4) 0.59 0.35

(6.41)
rx(5) 0.56 0.31

(6.11)

Panel C: CP factor and macro variables
rx(2) 0.45 0.09 -0.21 0.28 -0.12 -0.10 0.04 0.47

(4.15) (1.07) (-1.80) (4.71) (-1.85) (-1.28) (0.80)
rx(3) 0.47 0.11 -0.23 0.23 -0.12 -0.11 0.02 0.46

(0.49) (1.44) (-1.99) (3.64) (-1.97) (-1.39) (0.45)
rx(4) 0.49 0.12 -0.22 0.20 -0.13 -0.13 0.02 0.47

(4.25) (1.64) (-1.93) (3.16) (-2.19) (-1.69) (0.47)
rx(5) 0.45 0.14 -0.23 0.18 -0.13 -0.14 0.04 0.42

(3.73) (1.74) (-1.87) (2.57) (-2.19) (-1.68) (0.63)

Panel D: Projection residuals
rx(2) 0.20 0.33 -0.35 0.36

(2.38) (3.24) (-4.22)
rx(3) 0.13 0.39 -0.32 0.33

(1.47) (3.34) (-3.77)
rx(4) 0.08 0.43 -0.32 0.33

(0.95) (3.60) (-3.55)
rx(5) 0.05 0.46 -0.32 0.34

(0.62) (3.93) (-3.69)

Panel E: CP factor and projection residuals
rx(2) 0.38 0.26 0.08 -0.25 0.45

(3.34) (2.94) (0.70) (-3.46)
rx(3) 0.41 0.19 0.11 -0.21 0.43

(3.56) (2.09) (0.88) (-2.87)
rx(4) 0.43 0.14 0.14 -0.21 0.44

(4.14) (1.73) (1.17) (-2.71)
rx(5) 0.35 0.11 0.22 -0.22 0.35

(3.29) (1.33) (1.74) (-2.85)

Panel F: All regressors
rx(2) 0.23 -0.20 0.20 -0.19 -0.11 0.10 0.32 -0.24 0.57

(2.11) (-2.68) (3.40) (-2.25) (-2.33) (1.75) (4.18) (-3.38)
rx(3) 0.28 -0.24 0.15 -0.20 -0.11 0.11 0.27 -0.22 0.55

(2.34) (-2.96) (2.58) (-2.32) (-2.02) (1.87) (3.70) (-3.03)
rx(4) 0.32 -0.22 0.11 -0.20 -0.12 0.12 0.24 -0.21 0.55

(2.77) (-2.80) (1.92) (-2.46) (-2.17) (2.38) (3.44) (-2.90)
rx(5) 0.29 -0.24 0.07 -0.22 -0.13 0.11 0.22 -0.22 0.52

(2.34) (-2.98) (1.29) (-2.61) (-2.10) (1.97) (3.35) (-3.21)
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Table 6
Out-of-sample inflation forecast root mean squared error (RMSE) ratios.
We compare the out-of-sample inflation forecasting performance of the AO5 (All data, Objective expectations, five factors) and NF4 (No Forecasts,
four factors) models and the observed survey forecasts. Panel A compares the models to the actual surveys by reporting the RMSE ratio of a model
to a survey. The notation for surveys is as follows: LS, Livingston Survey; SPF, Survey of Professional Forecasters; BC,Blue Chip Economic
Indicators. In Panel B we select alternative forecasting horizons. We report RMSE ratios of AO5 to NF4 as the surveys are not available for most of
the selected horizons. Actual survey forecasts have missing observations. Therefore, the RMSE ratios are different for the Panel B forecasts even if a
horizon matches the one from a survey in Panel A. The RMSE ratios are reported for two samples. The first sample represents the full out-of-sample
period from 1983 to 2008. The second sample begins in 1990 after the long-run forecasts were incorporated into the surveys. The bootstrapped 95%
confidence bounds are provided in brackets.

Panel A: Survey-selected horizons

Survey Horizon (in quarters) 1983–2008 1990–2008
s τ AO5/Survey NF4/Survey AO5/Survey NF4/Survey

LS 0 2 0.98 [0.97, 0.99] 1.44 [1.17, 1.80] 0.97 [0.96, 0.97] 1.41 [1.16, 1.79]
0 4 0.98 [0.97, 0.99] 1.54 [1.19, 2.13] 0.99 [0.98, 1.00] 1.76[1.28, 2.49]
0 8 1.00 [0.99, 1.01] 2.61 [1.76, 4.46] 1.00 [0.99, 1.01] 2.61[1.76, 4.46]
0 40 1.04 [0.85, 1.40] 2.22 [0.44, 4.25] 1.04 [0.85, 1.40] 2.22 [0.44, 4.25]
2 4 1.01 [0.99, 1.04] 1.43 [1.08, 2.27] 1.02 [1.00, 1.04] 1.87[1.33, 3.08]
4 4 1.02 [0.98, 1.10] 1.52 [1.02, 2.56] 1.07 [1.04, 1.11] 1.99[1.26, 3.66]

SPF 0 1 1.01 [1.00, 1.01] 1.36 [1.20, 1.60] 1.00 [0.99, 1.00] 1.30 [1.17, 1.52]
0 40 1.09 [0.84, 1.41] 2.51 [0.48, 4.89] 1.09 [0.84, 1.41] 2.51 [0.48, 4.89]
1 1 1.01 [1.01, 1.01] 1.21 [1.08, 1.44] 1.00 [1.00, 1.00] 1.18[1.06, 1.42]
2 1 1.01 [1.01, 1.01] 1.13 [1.00, 1.44] 1.00 [0.99, 1.01] 1.14[1.02, 1.49]
3 1 1.01 [1.01, 1.02] 1.21 [1.07, 1.59] 1.00 [1.00, 1.01] 1.26[1.09, 1.68]

BC 0 1 1.04 [1.04, 1.05] 1.40 [1.24, 1.65] 1.03 [1.02, 1.04] 1.34 [1.21, 1.57]
1 1 1.00 [1.00, 1.01] 1.21 [1.07, 1.43] 1.00 [1.00, 1.01] 1.19[1.06, 1.42]
2 1 0.97 [0.97, 0.97] 1.09 [0.97, 1.38] 1.01 [1.01, 1.01] 1.16[1.03, 1.51]
3 1 1.01 [1.00, 1.02] 1.21 [1.06, 1.58] 1.01 [1.01, 1.02] 1.27[1.10, 1.69]
4 1 1.01 [1.00, 1.02] 1.14 [1.01, 1.47] 1.02 [1.01, 1.02] 1.20[1.07, 1.62]
5 1 1.00 [0.99, 1.02] 1.17 [1.05, 1.52] 1.02 [1.01, 1.02] 1.22[1.09, 1.59]
6 1 1.00 [0.99, 1.02] 1.18 [1.03, 1.51] 1.00 [1.00, 1.02] 1.18[1.02, 1.52]

Panel B: Arbitrary horizons

Horizon (in quarters) 1983–2008 1990–2008
s τ NF4/AO5 NF4/AO5
0 1 1.35 [0.96, 1.00] 1.30 [0.93, 1.03]
0 2 1.50 [0.94, 1.01] 1.46 [0.90, 1.04]
0 4 1.57 [0.91, 1.02] 1.71 [0.85, 1.08]
0 8 1.69 [0.86, 1.04] 2.18 [0.79, 1.15]
0 12 1.65 [0.82, 1.07] 2.21 [0.73, 1.24]
0 20 1.57 [0.74, 1.12] 2.09 [0.62, 1.41]
0 28 1.49 [0.65, 1.20] 2.03 [0.55, 1.57]
0 40 1.32 [0.53, 1.37] 1.97 [0.47, 1.72]
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Table 7
Out-of-sample yield forecast root mean squared error (RMSE) ratios.

We compare the out-of-sample yield forecasting performance of the AO5 (All data, Objective expectations, five factors), NF4 (No Forecasts, four

factors), and RW (random walk) models. We report the RMSE ratios of a no-arbitrage model (AO or NF) to RW. The RMSE ratios are reported

for two samples. The first sample represents the full out-of-sample period from 1983 to 2008. The second sample begins in 1990 after the long-run

forecasts were incorporated into the surveys. The bootstrapped 95% confidence bounds are provided in brackets.

Yield maturities Forecast horizon 1983–2008 1990–2008
(in quarters) (in quarters) AO/RW NF/RW AO/RW NF/RW
1 1 1.08 [1.00, 1.41] 0.95 [0.92, 1.08] 1.08 [0.89, 1.62] 0.89[0.83, 1.12]

4 0.93 [0.85, 1.04] 1.58 [1.03, 2.24] 0.89 [0.78, 1.17] 0.99 [0.83, 1.28]
8 0.72 [0.69, 0.75] 1.42 [0.97, 1.88] 0.75 [0.67, 0.95] 0.99 [0.77, 1.32]

20 0.62 [0.62, 0.73] 1.52 [0.97, 1.76] 0.57 [0.56, 0.62] 1.29[0.81, 2.13]
2 1 1.13 [1.06, 1.46] 1.01 [0.97, 1.13] 1.17 [0.99, 1.67] 1.00[0.93, 1.23]

4 0.94 [0.87, 1.05] 1.52 [1.03, 2.05] 0.91 [0.81, 1.16] 0.98 [0.85, 1.25]
8 0.72 [0.70, 0.75] 1.37 [0.95,1.69] 0.74 [0.68, 0.93] 0.95 [0.76, 1.26]

20 0.64 [0.62, 0.75] 1.45 [0.94, 1.82] 0.57 [0.56, 0.62] 1.21[0.77, 2.02]
4 1 1.15 [1.07, 1.46] 1.04 [1.01, 1.15] 1.21 [1.05, 1.62] 1.09[1.02, 1.30]

4 0.96 [0.88, 1.08] 1.42 [1.02, 1.75] 0.93 [0.83, 1.16] 0.96 [0.87, 1.20]
8 0.72 [0.71, 0.82] 1.28 [0.90, 1.45] 0.74 [0.68, 0.91] 0.90 [0.75, 1.20]

20 0.65 [0.62, 0.84] 1.34 [0.89, 2.28] 0.57 [0.55, 0.63] 1.11[1.03, 1.29]
8 1 1.12 [1.04, 1.37] 1.04 [1.01, 1.16] 1.17 [1.05, 1.50] 1.10[1.03, 1.29]

4 0.97 [0.88, 1.11] 1.29 [0.98, 1.91] 0.93 [0.84, 1.16] 0.92 [0.87, 1.14]
8 0.72 [0.70, 0.85] 1.18 [0.88, 2.10] 0.73 [0.68, 0.92] 0.84 [0.75, 1.12]

20 0.66 [0.61, 0.88] 1.23 [0.81, 3.11] 0.57 [0.54, 0.65] 0.99[0.70, 1.94]
12 1 1.09 [1.02, 1.28] 1.02 [0.99, 1.15] 1.11 [1.01, 1.39] 1.06 [1.01, 1.25]

4 0.98 [0.88, 1.13] 1.22 [0.97, 2.37] 0.91 [0.83, 1.17] 0.89 [0.85, 1.02]
8 0.73 [0.69, 0.89] 1.14 [0.86, 2.66] 0.73 [0.69, 0.94] 0.81 [0.75, 1.01]

20 0.68 [0.60, 0.91] 1.19 [0.77, 3.76] 0.55 [0.52, 0.67] 0.91[0.67, 2.01]
20 1 1.06 [1.00, 1.22] 1.01 [0.99, 1.15] 1.03 [0.96, 1.24] 1.01 [0.96, 1.20]

4 1.00 [0.89, 1.17] 1.17 [0.95, 3.00] 0.89 [0.82, 1.17] 0.85 [0.82, 1.18]
8 0.76 [0.70, 0.94] 1.13 [0.83, 3.51] 0.73 [0.69, 0.98] 0.77 [0.74, 1.26]

20 0.73 [0.59, 0.93] 1.16 [0.74, 4.62] 0.50 [0.46, 0.67] 0.80[0.61, 1.78]
28 1 1.07 [1.01, 1.24] 1.03 [1.01, 1.17] 1.00 [0.96, 1.19] 1.03 [0.97, 1.23]

4 1.03 [0.91, 1.19] 1.15 [0.94, 3.35] 0.87 [0.81, 1.13] 0.85 [0.84, 1.27]
8 0.81 [0.70, 0.98] 1.14 [0.81, 4.03] 0.73 [0.69, 1.00] 0.76 [0.76, 1.40]

20 0.78 [0.58, 0.93] 1.18 [0.74, 5.06] 0.44 [0.40, 0.63] 0.72[0.55, 1.42]
40 1 1.13 [1.03, 1.27] 1.09 [1.05, 1.27] 1.05 [1.01, 1.26] 1.12 [1.06, 1.33]

4 1.08 [0.92, 1.20] 1.16 [0.95, 3.57] 0.87 [0.81, 1.14] 0.88 [0.87, 1.37]
8 0.87 [0.72, 1.00] 1.17 [0.81, 4.44] 0.75 [0.69, 1.09] 0.78 [0.77, 1.61]

20 0.86 [0.59, 0.94] 1.26 [0.75, 5.28] 0.39 [0.35, 0.65] 0.66[0.49, 1.31]
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Panel A: Realized inflation
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Panel B: Livingston Survey
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Panel C: Survey of Professional Forecasters
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Panel D: Blue Chip Economic Indicators
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Fig. 1. The term structure of survey forecasts. We plot the realizedinflation and survey-based inflation expectations that we use as inputs
in our model. Our sample period is 1971 to 2008 at a quarterly frequency. Some forecasts do not start until a later date. Some are reported
at a frequency lower than quarterly. The forecast horizon isindicated in the legend in quarters. (5,1), for example, indicates a one-quarter
long forecasting horizon starting in five quarters from today. The notation for surveys is as follows: LS, Livingston Survey; SPF, Survey
of Professional Forecasters; BC, Blue Chip Economic Indicators. The shaded regions show the National Bureau of Economic Research
recessions.
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Panel A: Average term disagreement
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Panel C: Five−year term disagreement
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Fig. 2. Term disagreement from AST5 (All data, Subjective expectations, including Treasury Inflation-Protected Securities,five factors). The
figure shows unconditional and conditional deviations of model-based subjective inflation expectations from the objective ones. The notation
for surveys is as follows: LS, Livingston Survey; SPF, Survey of Professional Forecasters; BC, Blue Chip Economic Indicators. The shaded
regions show the National Bureau of Economic Research recessions.
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Fig. 3. The term structure of inflation expectations. The figure displays the model-based objective inflation expectations computed from the
AOT5 model (All data, Objective expectations, including Treasury Inflation-Protected Securities, five factors). The shaded regions show the
National Bureau of Economic Research recessions.
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Fig. 4. The Fisher equation. The figure plots the time series of the ten-year nominal yield components in the decomposition

yn
t (40)= yr

t (40)+ pt,0(40)+ IPt(40)+ convexity term,

whereyr
t is the real yield,pt,0 is the inflation expectation under theP measure, andIPt is the inflation premium. The convexity term is tiny at 1

basis point and constant, so we do not display it. The notation for models is as follows: AO5 and AOT5 (All data, Objective expectations, five
factors, with and without Treasury Inflation-Protected Securities, respectively); NF4 and NFT4 (No Forecasts, four factors, with and without
Treasury Inflation-Protected Securities, respectively).The shaded regions show the National Bureau of Economic Research recessions.
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Fig. 5. Factor loadings for NF (No Forecasts) models. We plot factorloadings that are used by models NF4 and NFT4 (No Forecasts,
four factors, with and without Treasury Inflation-Protected Securities, respectively) to establish model-based objective inflation expectations,
nominal, and real yields for multiple horizons (zero to 40 quarters, x-axis). The loadings measure a response of a variable, in terms of a
number of its standard deviations, to a 1 standard deviationchange in a factor (y-axis).
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Fig. 6. Factor loadings for AO (All data, Objective expectations) models. We plot factor loadings that are used by models AO5 andAOT5
(All data, Objective expectations, five factors, with and without Treasury Inflation-Protected Securities, respectively) to establish model-based
objective inflation expectations, nominal, and real yieldsfor multiple horizons (zero to 40 quarters, x-axis). The loadings measure a response
of a variable, in terms of a number of its standard deviations, to a 1 standard deviation change in a factor (y-axis).
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Fig. 7. Factor loadings for bond risk premia. We plot factor loadings that are used by models AO5 and AOT5 (All data, Objective
expectations, five factors, with and without Treasury Inflation-Protected Securities, respectively) and AS5 and AST5 (All data, Subjective
expectations, five factors, with and without Treasury Inflation-Protected Securities, respectively) to establish expected excess bond returns for
multiple horizons (zero to 40 quarters, x-axis). The loadings measure a response of a variable, in terms of a number of itsstandard deviations,
to a 1 standard deviation change in a factor (y-axis).
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Fig. 8. The time series of the Cochrane and Piazzesi (2005) and the hidden factors. We display the time series of the standardizedCochrane
and Piazzesi (2005) factor (CP) and the negative of the standardized hidden factor (− f3) extracted from the AOT5 model (All data, Objective
expectations, five factors, with Treasury Inflation-Protected Securities). By the sign convention, an increase in− f3 corresponds to a decline
in inflation expectations. The shaded regions show the National Bureau of Economic Research recessions.
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