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Abstract

We use information in the term structure of survey-baseedasts of inflation to estimate a factor hidden in the nominal
yield curve. We construct a model that accommodates foreaa®r multiple horizons from multiple surveys and
Treasury real and nominal yields by allowing foffdrences between risk-neutral, subjective, and objectivegbility
measures. We establish that model-based inflation expmtiadre driven by inflation, output, and one latent factor.
We find that this factorféects inflation expectations at all horizons but has almogfiisat on the nominal yields; that
is, the latent factor is hidden. We show that this hiddendfaist not related to either current and past inflation or the
standard set of macro variables studied in the literatuoas@tent with the theoretical property of a hidden faatar,
model outperforms a standard macro-finance model in it€&sting of inflation and yields.
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1. Introduction

Inflation expectations play an important role in policy nrakiand in research on asset pricing. The generalized
Fisher equation expresses a hominal yield via a sum of thgiedd, the expectation about inflation, and the premium
on inflation risk. Therefore, when policy makers attemptatedmine how monetary policyffacts the real economy,
they need to break down the nominal yield into its componentss task prompts them to consider the break-even
inflation rate (the dterence between the nominal and real yields) and surveydbaiiation expectations. Likewise,
most theories of asset pricing make predictions about glesmnomy, while, with few exceptions, researchers olgserv
nominal asset prices. Therefore, it is desirable to havdiabte estimate of expected inflation and the premium on
inflation risk to be able to test the real theories on nomiaghd

Herein, we highlight another reason why academics andipiceners should be interested in inflation expectations
and their role in asset pricing. The recent research on badigiability points to the importance of considering redd
factors when modeling bond yields (Bee, 2011; and Joslin, Priebsch and Singleton, 2010). A hidlaletor does
not itself &fect the cross section of yields. However, it predicts factbat do. As a result, this hidden factor helps in
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forecasting bond-related quantities, such as yields eexeturns. Itis important to understand the economittimonu
behind these hidden factors. Using macro data in conjumetith yields is one way to achieve this. Moreover, such
an approach is likely to lead to better statistical propertif the estimated hidden factor than the entirely yielased
approach of Dffee. We argue that survey-based inflation expectations arentitro variables that are helpful in
developing our understanding of hidden factors.

The Dufee (2011) intuition is that a factor is hidden in the nomiriald curve if risk premia vary with the level of
this factor in the amount equivalent but opposite to theatam in the expected future short nominal rates. Using this
intuition as a basis, the Fisher equation shows us that,dat®f is hidden, the joint variation in inflation risk premia
and real risk premia associated with this factfiset the joint variation in the expected future short reasand the
expected inflation that is associated with the same factenchH, expected future inflation and expected future short
real rates should depend on the hidden factor. Therefoshoitild be possible to extract the hidden factor from the
cross section of expected future short real rates or of eggenflation. Whereas the former is not readily available,
the latter can be inferred from survey-based forecastlation.

If the hidden factor is inflation itself, as in Joslin, Priebsind Singleton (2010), one need not worry about inflation
expectations because it is trivial to retrieve the hiddendiafrom inflation. Nonetheless, the view that inflation is
the hidden factor has exactly the same implications for etgtimns about future inflation as for other possible hidden
factors. Therefore, using inflation expectations to ledyoud the hidden factor constitutes a more general approach.
Moreover, such an approach allows for the possibility thidrimation sets of survey forecasters are richer than aktbw
for by common term structure models.

These observations highlight a role for survey-based dafiens that is complementary to the one pointed out by
Kim and Orphanides (2012). These authors argue that incatipg survey data into term structure models alleviates
the dificulty of statistical inference about persistent varialibeshort samples. If there is a hidden factor that is not
related to observable macro variables, even an infinitesiteonsisting of yields and macro variables is not going to
help a researcher extract the hidden factor. Adding sumweysd help in solving this problem.

The challenge that one faces in implementing this idea isitha not clear whether information about inflation
expectations that is embedded in yields is identical to ocanflict with that derived from surveys. That these
two possibilities are a real concern is indicated by the faat the mechanisms that generate these expectations are
different. In contrast to consensus survey forecasts, whighgeéhe opinions of up to only about 50 participants, the
expectations embedded in bond prices are formed by thossdnrhders who invest hundreds of millions of dollars.
To date, the literature has been concerned with the congmao&different methods of forecasting inflation, but, to
the best of our knowledge, no one has reported whether adxbgields and survey forecasts could be rationalized
within a single model. A joint model of surveys and yields \blelp to establish whether the two sources of inflation
expectations are compatible by detecting whether a cometauf §actors explains both.

We specify a no-arbitrage macro-finance model that fER@ently flexible to accommodate inflation, output, real
and nominal yields, and survey-based inflation expectatiorhe yields and forecasts are driven by two observed
macro variables (output and inflation) and by latent vagabT he joint dynamics of these variables determine infiatio
expectations for any horizon under the objective probigtifieasure, i.e., a measure determined by the actual factor
dynamics of a model. The yields reflect inflation expectationder the risk-neutral probability measure. We connect
the behavior of the real and nominal interest rates via inflaby relying on the transition from the real to the nominal
economy. As a result, we obtain the Fisher equation of theimalrimterest rate.

Inflation expectations are available from various survays at various horizons (see Fig. 1). However, no two
surveys are the same in terms of the composition of foreadtee frequency of the observations, or the forecast
horizons. Our model incorporates these characteristing. KBy feature of this model is that forecasts froifiedent
surveys and at ¢tierent horizons enter the model in an internally consistasttibn, taking into account, in a reduced
form, potentially diferent information sets or theftkrent objective functions for forecasting. We model thpeetive



expectations as those of heterogeneous agents. This nthhé for each survey, the expectations are computed
using a subjective measure, which reflects an individuaisgption of the factor dynamics of a model. We allow
that the subjective measure mighffdr from both objective and risk-neutral measures. The fiyibnherent in

this modeling approach allows for state-dependent deviatof 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 yieldgiramfrom three months to ten years, with inflation and
gross domestic product (GDP) observed quarterly from 18672008. We combine these with a total of 19 inflation
forecasts from the three surveys depicted in Fig. 1. As astolass check, we also use our model with added data on
Treasury Inflation-Protected Securities (TIPS) yieldsrtfr2003 to 2008).

We need three latent factors (five in total) in the model tmanmodate the joint behavior of yields and survey-based
expectations. Allowing for the ffierence between subjective and objective probability nteaswe show a rich pattern
of term disagreements, i.e., thefdrences between model-based subjective and objectivéidnflexpectations for
different horizons. However, a model that restricts subjectieasures 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 hiddeoratby inspecting the loadings on the factors that
drive the yields. In doing so we find a clear delineation betwthe roles of the latent factors. The first two, level
and slope, have almost nfect on model-based inflation expectations. The third faeésrno &ect on the nominal
yield curve but clearly acts as a level factor for inflatiopestations. We label this hidden latent factor as a survey
factor. Inflation is not hidden in the nominal yield curve.t@ut is hidden in the model estimated without real yields.
We emphasize that we do not assume that the survey factoddeni rather, we evaluate whether it is hidden after
estimating the model. Models that were estimated withomtesubased expectations do not reveal any hidden factors.

Our findings justify our approach, which puts more econortmiccsure on the yields-only approach to hidden factors
of Duffee (2011). He finds a largely hidden factor in nominal yieldsdan say nothing about its relation to anything
fundamental. We provide strong evidence that it is infofareabout the expected path of inflation that is not captured
by the history of inflation. Investors have learned someglahout the macroeconomy that shifts their beliefs about
future inflation and simultaneously alters their requirethpensation for bearing risk.

However, our attempts to make this economic link more ekpigl. We check whether one can associate the
uncovered hidden factor with some of the observed variabRegressing the factor on the Cochrane and Piazzesi
(2005) risk premium factor and on the Ludvigson and Ng (20@8gro factors produces very loR?. The survey
factor is significant in multivariate regressions that @@st excess returns on bonds with the Cochrane and Piazzesi
(2005) and the Ludvigson and Ng (2009) factors as additieerdbles. These results leave the issue of what economic
interpretation to place on the hidden factor open for futesearch.

One implication of the presence of a hidden factor in a mosi¢hat the survey data allow us to better forecast
both expected yields and future inflation. We conduct anaftgample forecasting exercise by reestimating our
model every quarter and compare its forecasts with starfsemdhmarks. We find that our model performs well in
terms of forecasting both inflation and yields. It also stigroutperforms the model estimated without survey-based
expectations.

Our empirical results link the paper to the recent theoaétievelopment on hidden factors. The results are also
related to scores of empirical papers that have been deditatthe study of the interactions between inflation and
interest rates. This literature is discussed in Appendix A.



2. Themode€

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

2.1. The Fisher equation

To develop intuition, we start with a generic setup in whitlhstate variables are Gaussian processes. We would
like to connect the nominal interest rate to expected imftabiy considering the behavior of the real and the nominal
economies. The log real pricing kernel is

1 !’ ’
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wherer, is the real interest rate] is aN x 1 vector of real shocks, anf is the price of risk.

A typical discrete-time Gaussian approach to joint modgdifinominal and real yield curves assumes that the shocks
to real marginal utility are the same shocks théet inflation. That could be too restrictive. It rules out guessibility
that some shocks to inflation are neutral. To accommoda@ussibility, we add a shock that, by constructidfeets
inflation (and therefore the nominal term structure) butnead marginal utility. We let the data tell us whether such
independent shocks are important.

Specifically, assume that the inflation rate is

M1 = QT OG 2)
whereg is the expected inflation and the inflation she€ks correlated with the real shocks. That is,
Cow(e, 1, 1) = COMi(el,1, €,1) = P>

wherep is aN x 1 vector or, equivalently,

g =p -+ 1=l ¢, (3)

wheree" is independent off . Allowing |pl| < 1, we are assuming a more general nominal yield curve behdaora
typical model does.
The log-nominal pricing kernel is related to the log-reatimg kernel via
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The price of a one-period nominal bond is

PI(1) = E¢ (exp(m,,)).

Therefore, the nominal spot rate is

Ly 1 . , 1
Ne=Y(1) = ~logP{(1) = ~E(m,, - 71,0) = SVar(my —7g,0) =1+ & — oA — Eaz. (4)

This equation implies the generalized Fisher decompastafdhe nominal rate into the real rate, expected inflation,
the inflation risk premium, and the convexity (Jensen) term.
Egs. (3) and (4) allow us to rewrite the nominal pricing kéingerms of the nominal interest rate

1. rN N
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where
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and the vector of shocksis equal toe" stacked on top of*.

The Fisher Eqg. (4) shows that a factdifezting expected inflation could be hidden in the nominaldylrve as long
as it dfects risk premiain the opposite direction of iffeet on expected future inflation. Inflation itself could belsa
factor, or it could be a linear function of such a factor (st hidden inflation). We believe that both possibilitiase
inconsistent with basic implications of workhorse equilibn models. Specifically, if the real pricing kernel, theytri
and A, is not a function of current inflation, then the Fisher eguraimplies that inflation will be (partially) hidden
only if the expected inflation is not a function of the currantation. 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 imriohction of current inflation? This a mild theoretical
restriction that is consistent with most of the existingustural models. The finance literature is dominated by
endowment economies, in which the real pricing kernel, thathe real rate and risk premia, is a function of
consumption growth and other state variables, such asshabithanging preferences. The real pricing kernel is
never determined by inflation in these models. Some studasmdditional assumptions about inflation to derive
the corresponding nominal rate. For example, Bansal antdaStwvich (2010), Piazzesi and Schneider (2006), and
Wachter (2006) assume an exogenous process for inflatiaohwiaturally, leads to a nominal rate that is an explicit
function of inflation. This approach does not change thetfzatt the real pricing kernel does not depend on inflation.
As a contrasting example, Gallmeyer, Hollifield, Palomimal &in (2007, 2009) endogenize inflation by assuming
that the nominal rate is determined by the Taylor rule. H@vgyy construction, the solution for inflation is such that
the real pricing kernel is not a direct function of inflatioNew Keyensian production-based models, such as those
of Christiano, Eichenbaum and Evans (2005), Palomino (RCir®tl Rudebusch and Swanson (2008, 2012), among
others, are designed specifically to show that monetargypdirelevant for real quantities. This means, in particula
that the real rate should béfected by inflation via the monetary transmission mechanidimwvever, even in these
models, the real rate is not an explicit function of inflat@routput. In equilibrium, inflation is an explicit functiaf
exogenous shocks, and the same shocks are driving the api@tee Thus, our reduced-form specification is consistent
with this class of model as well, because the real rate aratiorfi are allowed to be subject to the same shocks.

If inflation is not a hidden factor, then what is? Suppose ¢éhtctor represents macroeconomic news other than
news about current inflation. Examples are shocks to exgdatare economic activity in China, which show up
in futures prices of oil and other commodities; shocks to dstic monetary policy; and shocks to fiscal policy. By
construction, this news is orthogonal to current inflatidimerefore, the factor representing this news also is hidden
from current inflation. But if we have data on inflation exfaittns, we can infer the factor and therefore produce more
accurate forecasts of future yields, future inflation, andife excess returns.

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

A natural question is whether the intuition developed in&adtion 2.1 can be captured by a Gaussian term structure
model. The answer iflwrmative, as we show in this subsection. We start with theiehaf the Gaussian state under
Q. Assume we have E—dimensional vectoy; with the following dynamics:

Ve = Hy + OFye + 2%, . (7)

Following Joslin (2011), we normalize this system so ylzi%t: 0, @9 is diagonal %, is full of ones in its diagonal,
andz)l/2 is a lower triangular Choleski decompositionXyf This is an alternative to the canonical form introduced in
Dai and Singleton (2000). As Joslin points out, this is netitiost flexible representation because it assumes that all



eigenvalues oﬁ)? are distinct and real. We give up some of the potential extsalfility but gain in tractability and
clarity of interpretation.
The nominal spot interest rate is assumed to be a lineari@umat the state

Nt = 6no + SpYt, (8)

whered, > 0. This representation ensures that all parameters are figenticonometrically on the basis of observed
nominal yields. As is well known, many other representatiare identified econometrically and produce the same set
of yields. Dufee (2011) shows that, given the above representation ofates # the loading,; in Eqg. (8) is equal to
zero, then the corresponding facypr is hidden in the yield curve.

In addition, assume that all macroeconomic variables ef@st can be represented as a linear function of the same
state variableg. In particular, inflation has the form

77;‘ =0g0t 67/ryt

If 6.i = O, then the factoy;; does not fect inflation either. Such a restriction, if it holds in thetalais the key
difference from the model considered by Joslin, Priebsch argle®im (2010).
It is easy to show that risk-neutral expectations of futafiation are not fiected byy in this case:
EX(nisr) = 6r0 + 05EC (Yiar) = 6r0 + 5(OF) W
Becausebic,@ is diagonal, the loading oy is 6,,,((1)8”)7. Thus, ifé,; = 0, the factory;; is hidden in the risk-neutral
expected future inflation. The factg; is also hidden in the risk-neutral expectation of averagaréinflation over a
given horizon:

’
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Again, becaus@? is diagonal, it is easy to see thabjf; = 0, then the factoy is hidden. The risk-neutral expectation
of average future inflation is a more useful variable to cdeisbecause it is often interpreted as the break-even onflati
that is readily observable as thefdrence between nominal and real yields. Regardless of tiebl@being used; ;
affects the objective expectations of inflation and, therefoaa be inferred from them.

The next question is whether such a structure is supportedebgmpirical evidence. In the sequel we develop a
concrete term structure model to address this issue. We dionpose assumptions leading to a factor being hidden
in the nominal yield curve and risk-neutral inflation ex@icns. Our strategy is to impose an economic restriction
that the real pricing kernel is not a function of current itifla that precludes inflation being a (partially) hiddentéac
and then we let the data determine if there exist factorsatteahidden. To be clear, we are imposing the restriction on
the pricing kernel not because we have to — the canonical &drtime model shows that we do not — but because we
believe that this is a natural property that a term struatuodel should possess.

2.3. Thereal yield curve

We deviate from the canonical stat¢o incorporate observable macro variables as factors.eftwer, we distinguish
between latent factoss and macro variablas, which jointly form statez = (X{, n)’. We considem; = (g, 7it), where
0: is the quarterly log-change in GDP (as reported by the US &ué Economic Analysis) ang is the quarterly
log-change in the consumer price index (CPI) (as reportetth&y)S Bureau of Labor Statistics). The canonical state
V; can be obtained frorg via a rotation.

We model the spot real rate as a functioM\bf 1 latent factors:

Iy = 6r,0 + (5;Xt.



We combine this expression with the process{arnder the risk-neutral measuge
X1 = p + ODx + ZY2eX .

We normalize this system so thﬁ& =0,0%is diagonalgy is full of ones in its diagonal, ang/? is a lower triangular
Choleski decomposition dfy. Thus, the real interest rate is represented as a linearidunaft the firstN — 1 principal
components of the real yield curve. We assumehhiatselected in such a way that the respective principal comipis
explain a major part of the cross sectional variation of #a curve N is to be determined empirically.

Further, we assume that inflatiary and changes in CRi are identical up to random noise uncorrelated with other
shocks:

m=n + o, of ~ N0,07)). 9)
UnderQ, z follows this process:
21 = ud + 0%z + 322, (10)

where the firsN — 1 elements ofi? are equal to zero and the remaining two are free; the uppeiNef 1) x (N — 1)
block of 2 is equal tod?, the upper rightil — 1) x 2 block is equal to zero, and all other elements are £&&:is a
lower triangular Choleski decompositionBf and the upper leftN — 1) x (N — 1) block ofZ, coincides withz, while
all other elements af, are free.

As before, the restrictions imposed on parameters areteittay econometric identification. Assuming tlgt=
dgo + dgyt, and rotating the vectak (for K = N + 1) into vectorz, one can see that the restrictions are equivalent to
the restrictions imposed in Subsection 2.2:

z = To+Tuy, (11)
FO = (O;\]—lv 69,07 67(,0)/7
and
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where Q,_1 is a vector consisting dfl — 1 zeros/|y-1 is an identity N — 1) x (N — 1) matrix, and subscripts: J refer
to elements of a vector. Thus, the stathas the following dynamics under.
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These expressions combined with identification restmaiony; imply the restrictions we imposed an See Joslin,
Le and Singleton also.

This setup is identical to the one introduced in Joslin, B&@d and Singleton (2010). However, it is applied to the
real, not the nominal, yield curve. As a result, the real raie unéfected byx;. This setup implies also that changes



in GDP and CPI are hidden in the real curve. In other words,pmmants of these two macro variables are orthogonal
to the factors and, therefore, to the real rate It is important to test whether this construct is empirigadalid.
However, this would be a flicult undertaking at present because of the limited avditaloif US real yields. Hence,
we rely on structural restrictions, as motivated by the thgcal literature.

Also, it is important to note that changes in CPI being hidotethe real curve is an interesting implication of our
assumption that; is not a function ofr;, but nothing more than that. In particular, it has no bearingmhether
there exists a factor hidden in the nominal yield curve. mdy ensures that inflation is not hidden, as we show in
Subsection 2.4.

We have already motivated our setup with respegt tar, equivalently, due to Eq. (9)¢ in Subsection 2.2. Making
0: a hidden factor is motivated by the theoretical literatiwevall, as long ag; does not dier from real output by more
than an independent noise term. Specifically, in endowmenria@mies, the real spot rate is a function of real output
only under the counterfactual assumption that consumg@amcides with output. In production-based models, the
final goods clearing condition implies that consumptionas equal to output, not only in practice but also in theory,
because the fference between the two reflects investment and taxes.

We complete the setup of the real economy by specifying risknga. Because of the recursive identification of
shocks (lower-triangular structure of the matfiX?), the last element of’ affectsn; only (this is the shock* from
Subsection 2.1). Thus, there axeshocks (firstN elements ofef) affecting the real economy. We combine these
shocks into a vectadf . Then, we can define the real pricing kernel as in Eq. (1). Earfbllowing Dufee (2002), we
parametrize prices of risk:

At=A0+A1[ X ) (12)
O

Eq. (12) implies that real risk premia could share shockh wjitbut are not themselves functionszjt Combining
this implication with the fact that the real rateis undfected byz; in our model, we conclude that the real pricing
kernel is not a function of inflation. As we argue in Subsatol, this property is consistent with many economic
models and also implies that inflation cannot be a factorémndd the nominal yield curve.

We also have flexibility in deciding whethegy affects the real risk premia. For example, if the last columrhef t
N x N matrix Az is equal to zero, then GDP risk is priced [per Eq. (1)], but GIp&wvth does notfdect prices of risk.
If we allow the element\; Ny to be nonzero, GDP growtttacts the price of its own risk, but not the prices of other
risks. The theoretical foundations of prices of risk, egcin the context of yield curve models, are still a maibér
debate in the literature. Empirically, the importance ofifiée risk premia is well known. Therefore, on balance, we
choose a flexible specification and allgwo enter the real pricing kernel directly. In general, thisreothing wrong
with allowing GDP to enter the real pricing kernel if it is éxded from the real rate. The spot interest rate is the
mean, and risk premium is the volatility of the pricing kdrriéhe mean and volatility do not have to bected by an
identical set of factors. We believe it is reasonable to m&sthat components of output other than consumption, such
as investment or taxes, coulffect the volatility of the pricing kernel.

One can construct an equivalent martingale measure comdsp to a real cash account as a numéraire and thereby
value the real bonds. The real yields can be expressed as

Yi(71) = A (1) + B'(1)' %,

wherer is the respective maturity, andd’ and8" solve recursive equations with boundary conditigti§l) = 6,0 and
B'(1) = 6« respectively (see, e.g., Backus, Foresi and Telmer, 1998 dependence of real yields gnalone is a
manifestation of the assumed hidden nature of macro factors

Similar to the argument made by Joslin, Priebsch and Simg010) in case of nominal bonds, one concludes that
parameters associated with the last element of the vAgtoainnot be estimated on the basis of real yields alone. This



element is associated with, which is hidden in the real yield curve. We utilize nominallgs 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 asswon@bout the noise in CPI [Eq. (9)] imply that the shock
to inflation in Eq. (2) is

_ 1/2 z 4
e =X € -y,

wheree, is a vector of zeros with a 1 in the final position. ThereforgsE(5) and (6) imply that the nominal risk
premia can be expressed as

Ao+ (e(fz%/z);:N

T (e

A1 O
+( 0 O]zt. (13)

¢
The inflation noisev™ is present in the nominal pricing kernel but does rftget prices of risk because it not correlated
with any other shocks in the economy.

This form of risk premia and behavior of the state unQetetermines the drift af under the objective measure
Uz + Oz = u@ + 0z + TL2A,.

Thus, bothu, and®, are unconstrained with two exceptions: The last element &f connected to that qu@ via the
covariance matrix, and the last column ab, is the same as that df. The resulting dynamics of the state are

Zie1 = pz + Doz + E%/zetzﬂ. (14)
The dynamics of; in Eq. (14) imply that the drift of the inflation dynamics in EQ) is
& = ei? (uz + O:z) .
Then, Eg. (4) combined with all the subsequent assumptiopkas the nominal rate in our economy:
v /v1/2 1 2 2 <

nt = 6r’0 + (SrXt + e% ([lz + q)22t) - (9[22 )l:N At - E(eizzze[ + O-w’n) = 6n’0 + (SnZt, (15)

where
) s () =z )1:N 2 4 W,

and

& = (5,0,0)+€d, - (g27%)  As

This expression clarifies the relation between the Tayltesrused in many macro-finance papers and the Fisher
Eq. (4). Typically, researchers specify the simple Taylide in the final expression of Eq. (15) directly. Our derigati
shows that a linear relation between the nominal rate andonaciables holds simply because of the inflation-based
connection between the real and nominal economies. Fustleeshow explicitly how inflation and output enter the
nominal rate via expected inflation. As a result, these factce not hidden in the nominal yield curve.

Which factor is hidden? The Fisher equation tells us thatustive the factorféecting inflation expectations. The
canonical Gaussian model in Subsection 2.2 shows whichiatashs could make it work. We do not impose any such
restrictions and check model implications upon estimation



The standard arguments imply that yields on zero-couporimadrbonds are linear in the state variables,

A() + B'() %

A+ 8@z + A () + BP(r) z, (16)
Short rate expectations Term premium

% (@)

(1>

wherer is the respective maturity, an@" and 8" solve recursive equations with boundary conditicfi§1) = 5;0
andB"(1) = &, respectively. Because the CPI noisedoes not &ect prices of risk, its variancefacts yields only
throughd,o. Eq. (16) breaks down the yields into expectations of futhiarisrates and term premia. The first of these
two components is equal to the usual factor loadings conaputder 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 boththia nominal yield curve and inflation, one can
use data on inflation expectations to infer such a factor. thisrreason, we extend our model so that it could be
confronted with such data. Survey-based forecasts of imfiatre a natural candidate for observations on inflation
expectations. If survey participants form their expeotaion the basis of the same objective probability meaBure
that an econometrician is trying to uncover, then our modsldirect implications for such forecasts. We discuss these
in this subsection. If, however, survey participant$eatifrom each other in terms of their information or objective
function, then their forecasts would deviate from the otiyecones. We allow for such a possibility in Subsection 2.6.
In the subsequent empirical work, we test which way of maodgihe survey-based expectations is more appropriate.

The functional form of the state’'s drift in Eq. (14) impliekat the model-based objective expectation, or
P—expectation, at timeof the future state variablegeriods from now is a linear function of the current stateéalges:

Et(z+:) = Yo + Oz,

where

-1

wr 2 ok =(1- 1) (1 - ).
k=0

In particular, the objective expectations of changes in &@Blrepresented as
Ei(mi.r) = € (Wuz + D3z).

In what follows, we are interested in forecasts of CP| chamayer some period beginning at a future datet s. This
amounts to forecasts of averages of quarterly changes inf®@EIforecasts of averages are denoted and computed as

_ _ 18
Prs(t) £ Ei(Tisr) = E; [; ;ﬁt+s+j]~

Therefore,

ﬁt,s(f) = % ; Et (Et+s(7Tt+s+j)) = % ; = (e2 (\P%ﬂz + (Dizns))

, €
= X Z w4+ \}';q)z\}'g] Uy + f\ygcpgﬂzt 2 A(s, 1) + B(S, 1) z.
j=1

S

~
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2.6. Heterogeneous forecasters

We assume that the world is populated by agents who haveogeteeous expectations of CPI. The heterogeneity
might arise from dterential information or the use offtierent loss functions in forming the forecasts. A reducedafo
representation of this assumption is an equivalent stbgggetobability measur®', which corresponds to the beliefs of
an agent. This modeling approach could be justified in the frameworkuwth models as Basak (2005), Detemple and
Murthy (1994), Dumas, Kurshev and Uppal (2005), Harrisod Ereps (1978), and Scheinkman and Xiong (2003),
among others. (The online Appendix provides a simple mdud#lmotivates our assumptions.) Alternatively, Patton
and Timmermann (2010) show that the use of asymmetric dtetelnt loss functions of forecasters implies unbiased
forecasts with independent and identically distributedmsrunder subjective probability measures.

Agents whose expectationsfigir from the objective predictions do not pose a problem fearmtrage pricing.

As the cited literature shows, firing beliefs still result in a unique equilibrium price. &gs with diferent beliefs
demand dterent risk premia, and as a result, all of them use the sakaeistral measure or, more precisely, the
identical projection of the marginal rate of substitutionthe space spanned by traded assets. Our model has the same
property. In our model, subjective risk premia are captuirededuced form, by the transformation frdthto Q. All

agents end up using the safdor pricing; hence, bond prices and realized returns arsahee.

We parameterize the transformation of meagtite measuré' similarly to the way it is done with the risk-neutral
measure:

_ 1. _
|°g§{+1=_§ Y Vi — Vi,

whereV! follows the essentiallyfiine specification
Vi=Vh+ V. (17)

BecauseP' is not a pricing measurel: do not represent prices of risk. These quantities reflectitheations of
individual expectations from the model-based objectivpeexations. The resulting dynamics of the state variables
corresponding to the individual probability measBtere denoted by

Zur = up+ Dz + 2%,

We denote the subjective nominal risk premia associatetl thi¢ mapping between tH2 and Q probability
measures b)&{ and, similarly, the subjective real risk premia by, Econometric identification does not impose any
constraints orVi. Therefore Al is unconstrained as compared within Eq. (13). Itis sensible to assume that inflation
forecasters are aware of the basic economic principleb,a&sithe Fisher equation, so their subjective risk premia hav
the same functional form as Eq. (13). Thus, we impose theespanding restrictions o]n{. As aresultAl = A; and
Al = Ay wheneverVi is equal to zero, that is, when subjective and objective etaiens coincide.

In parallel with the model-based objective expectationgldinges in CPI, we can now construct model-based
subjective expectations of changes in CPI:

Ei(mi.r) = € (Y1, + (@)7),
where
WL (- o) (1 - @)

Model-based subjective expectations of average chandgeBliare denoted and computed as
' ) 1 &
r)lt,s(T) = E{(ﬁt,sr) = E{ {; ;ﬂnsﬂ]'
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Therefore,

T

T)LS(T) = 1- E'if (E'ir+s(77t+5+i)) = o Z E{ (e/f (\IJIZJ,UIZ + ((Diz)jzt+s))
. =

=

ooe . .
Mo+ TH (@) 7 2 A(s 1) + B(s1)

T

e o

= 7"{ )+ Prohyis
=1

(1>

A7) +8(s1)z+ AP(st)+8™(s7)z .
P—expectations Term expectation disagreement

In the last line, we decompose the forecasts intdPthexpectations of future and the agent-specific term expectation
disagreemerif D'. The former component is equal to the usual factor loadingspeted under the assumption of zero
Vi,

3. Empirical approach

This section outlines all the steps we take to implement astthe model described in Section 2. We also provide
technical details of the implementation and how we make@rfees via the parametric bootstrap.

3.1. Implementation

In this subsection, we describe the data, how the model éserklto 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 ofovariables (changes in the GDP and the CPI)
represent two observable state variables in our model. stirgayields, TIPS vyields, and survey forecasts are the
observable data that help us understand the model paraaetbtatent state variables. Using these data, we construct
a quarterly panel from 1971 to 2008 with a totalTof= 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, theSTdRe indexed to the CPI. Thus, one could represent a
yield on a zero-coupon TIPS via a yield on a zero-coupon nahiireasury bond and risk-neutral CPI-based inflation
of matching horizon:

TIPS(r) = Treas(r) - EX(Ror) + 5 Van(Fio)

Treas(r) - EZ(To,) + gVarr(ﬁZ‘,o,T) + 10‘3,,”, (18)
whereT reasrefers to the observed nominal yields,PS refers to the observed yields on inflation-linked bonds, and
the last term is the convexity adjustment, as in Egs. (4) &3). (The second equation follows from the assumed
relation between the true inflation and changes in the CPgin(®. Thus, the only dierence between the theoretical
real yield and TIPS is the convexity component that is relétethe variance of the CPI noisé, .. So, the connection
between the observed TIPS yields and theoretical realyisldfected by our assumption abaut .. 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 likelihedtth the Kalman filter, following Défee and Stanton
(2004) and de Jong (2000), among otheile attach measurement errors to all yields and survey fetesa that
the latent factors are not associated with prespecifiedadisies. Difee (2011) emphasizes the importance of taking
measurement errors into account when detecting a hidd¢or.fadowever, we assume that the macro variables are
observed without error because we have assumed explicatyaur macro factors are the variables reported by US
agencies. In other words, we do not associate the macra$agtth the underlying equilibrium concepts that could be
measured imprecisely.

As a result, we have the following set of measurement equsitio

Treas(r) = Y (1) + oy,
TIPS® = YD+ (19)

and

Sunj((r) = P +xisD).

whereS urv refers to the observed inflation forecast from surivey

The errors in measurement of the yields are denotedvbWe assume the simplest possible structure of the
errors—that they are independent and normally distributéd zero mean and standard deviatioyy (for each
individual element of the vectan). We need not specify a more flexible error structure becthese variables are
introduced in addition to the VAR shocks that we considetier.

Within each survey, we introduce two types of measuremauwt.efThe forecasts with shorter horizons,< 6
guarters, have many observations and are allowed to haverastticted errox. The longer term forecasts have few
observations. We do not want these observations to infludrecestimation results unduly, yet we do not want to
ignore them completely, because long-term forecasts dolsinportant in providing the answers to our questions.
Therefore, for each survey, we restrict the errors in thesmesment of the long-term forecasts to be no less than those
of the short-term forecasts and those of the yiél&milarly, when we include real yields in the estimation veermbt
allow the corresponding erra¥ to be less than that of the nominal yields. While such a flexdplecification runs the
risk of overparameterization, we choose to use it becausedafivergent properties of forecasts and yields. As per the
description in Appendix B, the forecasts within one survaydt diterent horizons might be available forfigirent
data spans, fierent quarters, and fiérent frequencies. The real bonds are available only foro# span and the
market is less liquid than that of the nominal bonds, so wetaiavoid overfitting the real yields.

We assume that, . = 0in Eq. (9). This choice is motivated by a desire for a moreastilined interpretation of
the model. When we discuss how a factfieats the yield curve or whether it is hidden or not, we know tha are
talking specifically about changes in the CPI. The costs afgleo are minimal. As we have shown, the noise term
affects the nominal yields only via the Jensen convexity teriagn(15). Omitting this term could introduce bias into
the estimates of some elementspf In practice, the convexity term is tiny, in the order of 1 Isgsbint per year for
ten-year bonds, so the potential bias is negligible. Furtheappears in our computations because we relate nominal
yields to the true real yields in our model, as in Eq. (18). §haur simplification justifies Eq. (19). Finally, because
of this assumption, we use the terms “inflation” and “charigee CP!I” interchangeabF.

10ther important estimation strategies applied to termcare models include, but are not limited to, the exact isiear likelihood of Chen
and Scott (1993), the closed-form approximate likelihobdit-Sahalia and Kimmel (2010), the simulated maximunelikood of Brandt and He
(2006), and the Bayesian Markov chain Monte Carlo of Cdllifresne, Goldstein and Jones (2008).

2 ong-term forecasts are available only for the Livingstam®y and the Survey of Professional Forecasters (SPF).

3By assumingr,,, = 0, we ignore potentially interesting testable implicatiasf 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 latentdaotodels and use survey forecasts of yields in addition
to contemporaneous yields. They argue for the use of sua@gssubstitute for long samples to achieve precision in
their estimates. They show that a short sample periodrsgarti1 990 combined with surveys produces results similar
to a long sample period starting in 1965 without surveys. W& allong sample (starting in 1971); hence, our focus is
on extracting expectations from whatever data are negesSpecifically, if there is a hidden factor, even an infinite
data set of yields is not going to help a researcher to extrastlding survey-based expectations would help in solving
this problem.

A related point arises in our model. If there are no hiddetofag using survey forecasts in estimation cannot have
a material €ect on inflation forecasts if model-based subjective exgiexts are allowed to diverge from model-based
objective expectations in an arbitrary fashfomtuitively, ignoring the measurement error in yields ahd stochastic
singularity problem, one can express all the state vargainlderms of yields using the objective and risk-neutral
parameters. Therefore, the likelihood for the joint yielsisrveys data set can be factored into two components. The
first component is determined by the yield data and objective risk-neutral parameters. The second component
depends on survey and yield data and subjective paraméibus, the maximum likelihood methodology does not
use information from surveys to draw inferences about mbdskd objective expectations. One needs both yields and
surveys to infer state variables in the presence of hiddetorfa Therefore, surveys are helpful in estimating object
parameters even if objective and subjective expectativesge. (The online Appendix provides the details.)

3.1.5. Model nomenclature

We estimate eight versions of our model. The full model ttsatsuthe survey and nominal yield data is called AS
(All data, Subjective expectations). A model that uses #iesdata, but restricts the subjective measures to coincide
with the objective measure, is called AO (All data, Objeetdxpectations). A model that uses only nominal yields for
estimation is called NF (No Forecasts). In this implemeaiatthe subjective measures cannot be estimated because
they are not identified. We also estimate a model that usgssonvey-based forecasts and call it OF (Only Forecasts).
In this implementation, the risk-neutral measure cannatdignated. We consider four- and five-factor versions of
these modeldY = 3 or 4, respectively). To implement various robustnesskete estimate four more models. AST,
AOT and NFT are versions of AS, AO, and NF, respectively, cemgnted with TIPS yields. OFO (Only Forecasts,
Objective expectations) is a version of OF that restriatsstibjective measures to coincide with the objective me&sur

3.2. Additional considerations

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

3.2.1. Missing observations

We determine the main span of our data set according to thikalaility of the nominal yield data. Thus, we end
up with 148 quarters from 1971:3 to 2008:2. However, mangdast observations are missing, because some surveys
were available only from a date later than 1971 and some aitable less frequently than every quarter. Similarly,
real yields data are used starting in 2003. Despite thissingsobservations do not cause a problem because they can
easily be handled in the Kalman filter framework. We simplynd¢ update, or only partially update, the state vector

inflation is an important determinant of the yield curve. @igw is that such tests are informative if one takes a standtat the true inflation is,
e.g., the first principal component of multiple measuresifidtion or a variable estimated from a general equilibriuoded. In our setting, a large
owx could mean one of two things: an incorrect link between the tnflation and changes in the CPI or a misspecified model arigbs in the
CPI. It would be dificult to distinguish between these possibilities in our gef@iven that these issues are not central to our focus, weetisat
our model fits changes in the CPI without error.

4We are grateful to the referee for this point.

50FO0 is similar to the time series model of Kozicki and Ting(2906).
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when observations are missing. This procedure is autowatn one uses a new forecast vector (a new yield vector)
that is an old forecast vect&@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 (se@ydr989)°

3.2.2. Latent factor indeterminacy

Dai and Singleton (2000) point out that the restrictionsadsgd at the estimation stage are not necessarily unique.
There are many sets of restrictions, or invariant transédions of the model, such that the yields or inflation
expectations are left unchanged. Naturally, when a paemeenfiguration changes, the respective latent variables
change as well by rotating. It is sensible to rotate the facto identify x with observable variables. We use the
invariant dfine transformation, which scales factors by a matrix. AppeAdof Dai and Singleton (2000) describes
how such a transformatiorffacts the model parameters.

Our first implicit rotation is discussed in the setup of thetestspace. We assume that our measures of inflation and
output are the observable factors. In addition to assogjatvo factors with macro variables, we perform two types
of rotation on the remaining\ — 1) factors. The first rotation is based on the idea of Bikbog @nernov (2010)
that latent factors are related to macro variables andetber, one has to construct projection residuals to extract
information that is not in the macro variables. Using theeobye measure dynamics [Eq. (14)], we can break down
each latent variablg into a component explained by changes in GDP and CPI anddugddi that is orthogonal to
the entire historyn' = {m, m_1, .. ., mp} of the two macro variables. We could thus write

X = )’i( mt) + fi

and

t
K(m) = cw)+ Z Cij ()M j = cy) + ()M + ey, L)m-a, (20)

j=0
where the matrices are the functions of the parametgrshat control the dynamics of the state variables efd.)
emphasizes the lag-polynomial structure of the expresgfdhe online Appendix provides the details.) We define
a rotationO = R, such that the variance-covariance matrixfobecomes diagonal. Such a rotation aids in our
interpretation of factorg as shocks. The matriR is not unique; i.e., the rotation of tyg@ can generate many sets
of orthogonal factorg. Our second proposed rotatioi, can be applied after any of the rotations from cl@sand
resolves this type of indeterminacy. We defiie= Ux;, where the matribJ is the orthogonal matrix; i.eJU’ = I,
which preserves the structure of the correlation betweerigbtors. The matrixJ is determined byN —2 = 1 or 2
parameters. To determine these parameters, we follow BIU@008) and rotate them so thatis interpreted as the
factor that is driving the level of the nominal yield curvadain the case of a five-factor moda, is interpreted as the
factor that is driving the slope, measured as tlfiedénce between the ten-year and three-month yields, obiménal
yield curve. These properties are achieved by maximiziadghhee-month yield’s loading an and the slope’s loading
on x,. Appendix C discusses the mechanics of this procedure.

3.2.3. Risk premia and survey-specific disagreements

The elaborate risk-premia specification combined with dasg-specific disagreements leads to concerns about
overfitting. We follow Bikbov and Chernov (2010) and augm#érg standard log-likelihood functior, with a
penalization term that is proportional to the variationhe term premium in Eq. (16):

Ly = L- Tiz Z(ﬂTP(‘r))Z +B"P(r)" - Diag(Var@)) - 8"7(7)
p

T

5o (AT D) + 5705 1) Diag(Varte) - 570(s 1),
Pist

6This approach was also used by Kim and Orphanides (2012)ckiand Tinsley (2006), Lu and Wu (2005), and Pennacchi {}99
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whereo, controls the importance of the penalization term and they Digerator creates a diagonal matrix out of a
regular one. If market prices of risk and disagreements qualdo zero, the term premium and term disagreements
are equal to zero as well. Thereforg, imposes an extra burden on the model to use the risk premisandy
disagreements as a last resort in fitting the yields. In jmacive takes, = 300 which introduces a modest
modification to the original log likelihood. Nonethelegd&lps to stabilize the likelihood and simplifies the sedoch

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

3.2.4. Optimization

We need to estimate 24 (OF with four factors) to 100 (AS and A8 with five factors) parameters, depending
on the specific version of the model used. We have a large sexs®n of observations, which helps in pinning these
parameters down. However, with a time series of 148 obdensta concern remains as to whether or not a global
optimum can be found. We use a large afiiiceent set of starting values to search for the global optimdrhe
grid search is extremely costly in a multidimensional spae, in practice, limits the extent of the global search. We
reduce the computational costs by using Sobol’ quasi-nargbgjuences to generate the starting points (see, e.gs, Pres
Teukovsky, Vetterling and Flannery, 1992). We evaluatdikedihood in two billion Sobol’ points and then optimize
the likelihood using the best 20 thousand points as stautihges. We optimize by alternating between simplex and
sequential quadratic programming algorithms, elimirgatialf of the likelihoods at each stage.

3.2.5. Inference

In our case, it is dficult to make inferences on the basis of the asymptotic tigidn of the estimated parameters
and test statistics. First, the persistence of the inteatstcan ffect the asymptotic properties of our tests (Conley,
Hansen and Liu, 1997). Second, some of the test statisitsvihconsider do not have known asymptotic distributions
[e.g., root mean squared error (RMSE) ratios]. A nonparemielock bootstrap approach is commonly employed in
such cases. However, due to the high persistence of intattest the optimal size of a block could be not much less
than the size of our whole sample. Therefore, throughoup#iper, we use a parametric bootstrap instead. We follow
the general principles outlined in Davison and Hinkley (Zp&nd specific term structure applications, such as Bikbov
and Chernov (2011) and [ree (2007).

Consider the null and alternative mod@lig(®;), i = 0, A, where®; denotes the corresponding sets of parameters.
We simulateG = 1000 artificial samples of siZe = 148 from the null modeMo((:)o) that was estimated on the basis
of the observed data set. For each artificial sangpte 1, ...,G we compute the estimat@g) for both models by
maximizing the respective likelihoods in precisely the samay as we do it with actual data. When we want to evaluate
the significance of parameters of a certain model, we coects®5% confidence bounds by selecting the 2.5th and
97.5th percentiles fror® estimated parameteé‘bg). Here, subscript Qvhich matches the model used for simulation,
emphasizes that the simulation and reestimation are apfgiene and the same model. When we want to test one
model against the other, we use the estimated parameteyadtract a test statistic of interest. For example, in tlseca
of the likelihood ratio test, we computd ZA(0Y) — Lo(0F)) . where; is the log-likelihood of model The set of
test statistics forms the finite-sample distribution, whige use to compute thevalue for the respective test statistic
computed on the basis of the actual data. In the case of aafstieg test, we compute RMS@S”))/RMSEA(C:)S))
and test whether it is significantly féérent from one by computing the 95% confidence bound on this b&ashe
finite-sample distribution formed by & RMSE ratios.

4. Findings

The main objective of this section is to characterize therimftion contained in survey forecasts and to establish
whether they help to uncover and interpret hidden factarsid’so, we have to establish the preferred specification of
our model. Specifically, we test for the appropriate numliéactors and whether the distinction between subjective

16



and objective expectations is warranted in our model. Hasgttled on a specification, we study its implications for
hidden factors, their interpretation, and their impacttoamodel’s forecasting properties.

4.1. Factor structure

In this subsection, we aim to establish whether the yield-anvey-based evidence can be accommodated within a
common factor structure. A preliminary principal comporamalysis suggests that at least four factors are required t
explain the joint variation in the macro variables, yieldsd survey-based expectations. However, a separate snalys
of real bonds implies that three factors might be needed puca variation in real yield$. If correct, this finding
implies that at least five factors are required for the joatadset.

This preliminary analysis prompts us to consider four- amd-factor versions of our modeN(= 3 or 4). Our
strategy is to estimate our model using either data exciusiimvey-based expectations, NF or NFT; data excluding
yields, OF or OFO; or all data, AS, AST, AO, or AOT. We compdre models using mean absolute fitting errors and
in-sample inflation forecasting performance. We add a number 5 to the two- or three-letter descriptor of each
model to indicate the number of factors involved. For exampDT5 refers to a five-factor version of the AOT model.
Tables 1 and 2 display the respective results.

[Insert Tables 1 and 2 near herel]

In the four-factor case, models NF4 and OF4 produce a good fitominal yields and survey-based inflation
forecasts, respectively. However, the AS4 and AO4 modeisefuworted) have somefiiculty in matching both. In
particular, yield errors increase three- to fivefold. Astpbint, we should either increase the number of factorsen th
AS and AO models or drop the survey data. The latter is a redBerstep, if we assume that market prices of bonds
reflect all the available information, in particular, sudeased inflation expectations.

However, the diiculty in fitting both data sources together indicates thareyytbased expectations could posses
some incremental information. To investigate this po$isihive compute in-sample inflation forecasts from the NF4
and OF(0)4 models. As mentioned in Subsection 3.2, all derémces are made via the parametric bootstrap. Here,
the null model is NF4 and the alternative is either OF4 or OBQMe use RMSE ratios of inflation forecasts as our
test statistics.

Table 2 shows that OF(O)-based forecasts dominate or ailasiothe NF-based ones, depending on the forecasting
horizon. To ensure that there is survey-specific infornmatiat is critical for forecasting inflation, we also evakiat
NFT4. The rationale is that TIPS, combined with nominalgselcould help in pinning down expected inflation without
using survey-based expectations. We implement the testsaictly the same way as before. Compared with NF4, this
model has a slightly worse, but similar, fit for nominal yieldnd it does not perform as well as OFO4 in inflation
forecasting. This evidence suggests that we should maketeflattempt to accommodate survey-based information
in our model. Therefore, we proceed with estimating the factor models.

The yield and survey-based expectation fitting errors in A8(@nd AS(T)5 are similar to those in NF(T)4 and
OF4, respectively. Thus, adding a fifth factor resolves #msion in fitting the two sources of data. We formally test
four-factor models (null) against the five-factor (alteive) models via the likelihood ratio test. The likelihocatio
tests always select five-factor versions of the model whéim dmurces of data are used. The likelihood ratio teststselec
four-factor models when either only yields or only survesesiavolved. This result raises the need to understand why
bond prices do not reflect all the information that pertamimflation forecasts.

"This analysis was performed using UK inflation-linked bohdsause of their longer history and their wider range oflals maturities.
81f one of the OF models is a null hypothesis, we have to reesérNF using the samples simulated from OF. However, OFdatsibout yields.
Therefore, we selected NF as the null model.
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4.2. Expectation structure

Having established an appropriate factor structure, we hawunderstand the best way of accommodating the
survey-based expectations in our modeling framework. Bpaky, we need to test whether the extra flexibility
afforded by the distinction between the objective and subjectiodel-based expectations is needed to capture the joint
dynamics of yields, macro variables, and survey-basedotapens. Here, we are not interested in testing whether the
observed expectations fromfidirent surveys are the same or if one of the survey-basedtetipas is the same as a
model-based objective expectation. If we have two sets péetations that do not line up point by point, we reject the
null hypothesis that they must be the same if we assume zeasurement 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 modeddal expectations are the same across all surveys
and are equal to the objective model-based expectations worse than the corresponding AS(T) model in its ability
to replicate the salient features of our full data set. Fdlymténe null hypothesis is therV{) andV, in Eq. (17) are
equal to zero for ali.

To illustrate the intuition behind the test, we plot the testnucture of term disagreements in Fig. 2. We consider the
term disagreements about inflation expectations formeahtoder the horizons matching the maturity of the bonds in
our sample; that is,

TD{(7) = E! (1) — Et (m14r) » T = 1,2,4,8,12, 20,28, 40 quarters

We use the AST5 model for the computations. We report thenatiional term structure, which measures the average
term disagreement for each horizon, and the time seriesrafittonal term disagreements for the horizons of one
(r = 4) and tent = 40) years.

[Insert Fig. 2 near here)]

The first panel shows the unconditional term structure ofdisagreements. All the surveys exhibit distinct and
intriguing patterns. However, the magnitudes are very knfdie largest absolute value of a disagreement is 0.3%
for the short-term Livingston Survey. As to the conditiodedagreements 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 sagnphcertainty. Moreover, they show deviations
between objective and subjective expectations within oné #the same model (AST5). We are interested in
establishing whether the same set of survey-based exjpastaan be accommodated in a model that does not make a
distinction between the subjective and objective prolitshiteasures. Finally, the figures do not characterize the fu
picture because our models are designed to capture thedjnirsimics of yields, macro variables, and survey-based
expectations. Therefore, we cannot study the models’ maptins for expectations without regard for other variable
A likelihood ratio (LR) test is a natural framework that annatically addresses all of these points.

Under the null hypothesis that subjective and objectiveb@hility measures are the same, that %! (V) are
zero for alli, the likelihood is constructed from the null model [AO(T)]ing all the data. Under the alternative, the
likelihood is constructed from all the data taking into asebthat the unrestricted model [AS(T)] allows for d@fdrent
subjective measure for each of the surveys. As before, feesince is implemented via the parametric bootstrap. The
LR test statistics are equal to 2.19 (AO versus AS) and 2. DT(Rersus AST), both of which are insignificant with
both p-values equal to 0.6. Thus, there is no statisticfiedénce between the two models.

An omnibus test, such as LR, might fail to reject the null hyyesis, but there could still be an important dimension
where the models ffer. This is a common issue with all likelihood-based estiomat One uses full information to
estimate and test the model, but then has to come up withiawlaitess formal diagnostics to see how the model fares
vis-a-vis data along the dimensions that matter for thearebetopic. The reason we introduce subjective expecttion
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into our models is to give them more flexibility in capturingpectations. Thus, it is natural to test whether objective
and subjective measures produce the same expectations.

A two-samplée-test allows us to test such a hypothesis for a pair of exfienta the objective versus the subjective
from surveyi. However, because we have multiple groups, the questiontefest is whether there is at least one
average expectation that is significantlffeient from another average expectation. One-way analysiar@nce
(ANOVA) is designed to address such questions. Formally,nthill hypothesis [under the AO(T) model] is that all
average subjective expectations are the same and are edhaldverage objective expectation against the altemativ
[under the AS(T) model] that at least one of the subjectiyaeesations is dferent. The~-test employed in ANOVA
requires equality of variances across thfadent groups. We use the Levene (1960) test, which does quiree
normality of the data, to establish whether the variancedtas same. The test statistic hasFadistribution in large
samples under the null hypothesis as \ell.

Both tests assume independence between the groups aneifinifact, there is no time dimension in the classical
ANOVA). This is why we again rely on parametric bootstragpinstead of thé=-distribution to generatp-values for
both tests. We re-use the AS(T) model estimated on the bsiedhousand artificial histories simulated from AO(T).
Along each history, we compute the ANOVA statistic, which is equal to the ratio of variation betwelea groups to
variation within groups. In the context of our models, wedéwee groups of subjective expectationsifer 1, 2, 3.

We compute the Levene test statistic in a similar fashiores€hstatistics form the finite-sample distribution, whiah w
compare with the respective-statistic computed on the basis of the actual data.

Table 3 reports the results. The Levene test fails to refjechtill hypothesis of equal variances across all foreagstin
horizons. Therefore, it is appropriate to use ANOVA to testthe equality of expectations. Again, we fail to reject
the null hypothesis of equal average expectations acrbskeaforecasting horizons. We conclude that modeling
survey-based expectations does not require a distincéomden objective and subjective probability measures in ou
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, bpgimgP' = P, to produce a model-based measure
of inflation expectations. Thus, in what follows, we focustbis class of models. Fig. 3 shows the time series of the
model-based inflation expectations at multiple horizortsese expectations are computed from AOT5. In contrast to
the survey forecasts shown in Fig. 1, these expectationseanmputed each period for any horizon.

[Insert Fig. 3near here]

The term structurefects are pronounced. The inflation curve becomes invert@878, just before the recession,
and continues to be inverted until early 1982. This periddaides with the unstable period of monetary policy during
the Arthur Burns and G. William Miller chairmanships of th&Wederal Reserve System and the monetary policy
experiment under Paul A. Volcker's chairmanship. The cureeame inverted again during the early part of Alan
Greenspan'’s tenure from 1987 to 1991. Afterward, it had anahmearly flat, shape. The most recent period, starting
in 2005, is characterized by relatively volatile shorttdnflation expectations. As a result, the slope of the irdtati
curve switches sign frequently.

9We do not provide explicit expressions for the ANOVA and Lisweest statistics in the interest of saving space. Thesséieiently standard
statistics, which are available in statistics textbookd iamplemented in Matlab.
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4.4. The information in survey-based forecasts

Having selected the appropriate model, we study its imfioa vis-a-vis models studied in the past. The Fisher
equation is an important source of our intuition about hovotk for a hidden factor. Therefore, we describe what the
model implies for the decomposition of nominal yields on iasis of this equation. Next, we determine whether we
can uncover and characterize a hidden factor. We do find amoxippately hidden factor and we attempt to provide an
economic interpretation of it. We conclude the section bscdeing the out-of-sample forecasting performance of the
model.

4.4.1. Inflation risk premia

To get a sense of how survey-based expectations contribatertmodels, we describe the models’ implication for
the Fisher Eq. (4). Fig. 4 displays the time series of the agm@sition of ten-year nominal yields into real yields,
inflation expectation, and inflation risk premium using tlyaiation. Table 4 reports summary statistics associated
with this decomposition. We have settled on the AOT5 moadiipdving the earlier analysis. However, we also report
the decomposition for the NF4, NFT4, and AO5 models. We doosieighlight the role of survey-based inflation
expectations and TIPS in model-based measures of the amflatemium.

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

The following five broad lessons emerge. First, the use oSt estimation leads to more volatile estimates of real
yields. We observe a doubling of the time series volatilitthe ten-year real yield as we move from NF4 to NFT4 and
nearly a quadrupling as we move from AO5 to AOT5. Second, tesgnce of survey-based inflation expectations leads
to similar estimates of model-based objective expectatiegardless of whether or not TIPS are used for estimation.
Third, in the absence of the survey data, adding TIPS leadsttade-& between the levels of the real rate and the
inflation premium. Adding TIPS data to the NF model leads td@% increase in the average real yield and to a 65%
decline in the average inflation premium. In fact, the inflagoremium level drops so much that the premium becomes
negative after 1995. Hordahl and Tristani (2007) provida@ough discussion of the debate regarding the correct
sign of the inflation premium. Fourth, in the presence of thwey data, adding TIPS leads to a tradébetween the
volatilities of the real rate and the inflation premium. AaigliTIPS data to the AO model leads to a 280% increase in
the volatility of the real rate and to a 55% decline in the tititg of the inflation premium. Fifth, for three out of the
four models, the inflation premium gradually declines frdva late 1980s onward and reaches zero by the late 1990s.
The only exception is the NFT model, in which the premium Imees 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 the state variablegfct yields in our models. To save
space, we show factor loadings for representative moddys Bigs. 5 and 6 display the factor loadings for NF4 and
NFT4, and AO5 and AOTS5, respectively. Fig. 5 shows clearit the same factordtact both inflation expectations
and nominal yields in NF models; that is, there are no hiddetofs. Fig. 6 shows that, in the AO(T) models, the level
factorx; has almost noféect on model-based inflation expectations. In contrasipfag has no &ect on the nominal
yield curve but clearly acts as a level factor for inflatiopegtations (and real yields). We labglas a survey factor
because it cannot be identified without the survey data. &bkethat the survey factog appears to be hidden in the
nominal yield curve is not an assumption, but an empiricglication of the models.

[Insert Figs. 5and 6 near herel]

One notable dference between AO and AOT is that outguis hidden in the nominal curve in AO, but not in
AOT. This result has a potential bearing on the finding thapouhas predictive power in excess of yields (e.g.,
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Ludvigson and Ng, 2009). If TIPS data were available for gjlbme span, the addition of such data to the regressions
implemented in these studies could have mitigated the reeeskt output as an additional predictor. More generally, it
appears that whether or not a factor is hidden depends orathesdt used in the estimation.

We find, on the basis of the Wald test, that loadingsgthat correspond to the spot interest rate and to maturities
beyond five years are statistically significantlyffdient from zero. Nonetheless, the magnitude of the factor’s
contribution to the yield curve is smaller than the meas@mnerrors. Therefore, we conclude that the factpis
approximately hidden in the nominal yield curve. Our findimgpnnect with the Diiee (2011) conjecture that inflation
expectations might be hidden in the nominal yield curve. blimates a five-latent-factor model and finds evidence
that the fifth factor is approximately hidden in the yieldweir Dutee shows a nonzero correlation between this factor
and survey-based inflation expectations. THe&edénce is that we find that inflation expectations are prtadiden
becauses is only one of the factorsfBecting them.

Inflation is not a hidden factor because of our assumptiarittaes dfect the real pricing kernel. Whereas inflation
is not a hidden factor, it could be partially hidden. We caaadirectly whether there is a common source of variation
driving x3 and macro factors by representing yields, survey-basetdsts, and macro variables as linear functions
of common unobservable factoyss in Eq. (7). Ifxs and inflation load on the same hidden facgigrthenxs can be
backed out of inflation; that is, inflation is partially hidde

The task of switching into the canonical representation@f &) is accomplished by a simple factor rotation on
the basis of Eq. (11). We find that, in all models except for A@&ne of the latent factossis hidden. This finding
contrasts with that of Dfiee (2011) and could be explained by the fact that we are usaggyarvariables in addition
to yields or that we use yields with maturities beyond fivergeaonetheless, in some of the models (AOT5, AS5,
AST5) a linear combination of's, a.k.a. the factoks, is approximately hidden. The model AO5 is an exception in
that one of the factorg, is hidden. Inflation and break-even inflation do not loadhis factor in this model. Thus,
AO5 is consistent with the canonical form described in Satige 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 dmidith the nominal yield curve and inflation and yet
affect expectations of future inflation. In this subsection,imestigate whether one can assign a specific economic
interpretation to the factaxs. Here, we are not shy about data snooping because we want tiovgeean find some
observable variable that could be relatecipeven if spuriously. We do not find any. In this regard, ouratosions
are similar to those of Ditee (2011) with respect to his factor. This finding leads uotatude that survey forecasters
rely on a rich and potentially varying information sets whpeaducing their expectations.

We start our analysis by projecting on the macro variables that we use in our model via Eq. (208.pFbjection
residual, which we calfs, retains the key properties a§: It is hidden in the nominal yield curve and acts as a level
factor for the inflation expectations. We should be able tateef; to observable macro variablesszf andg; are
imperfect measures of inflation and real output, respdgtivEhus, other variables could be related to inflation and
output that simultaneously explain variationfin Alternatively, f3 could be related to macroeconomic variables other
than the ones related to inflation and real activity. To asslb®th possibilities, we should regrégsn a comprehensive
set of observable variables.

Ludvigson and Ng (2009) suggest such a set of variables. ifgjadly, they construct eight common factors from
132 measures of economic activity. We regrésen all these factors and find that none of them is significath @i
joint adjustedR? of 9% (Table 5, Panel A). Dropping some of these factors doebelp with theR? 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 slightlyfelient angle and investigate hd affects forecasts of bond risk
premia. The hope is that observing the interaction with otaeiables would help us to gain insight into the nature
of f3. We start by checking how the factoffects expected excess returns in our model by plotting thairiga on
the factors for various expectation horizons (see Fig. 7¢.iMéntionally include both AO(T) and AS(T) models to
illustrate that the implications of these models for themfxs and, thereforef; are robust. An increase of 1 standard
deviation in the factor (and, by a sign convention, an ineeeaf 1 standard deviation in expectations about inflation)
results in a decline of almost 1 standard deviation in exggeekcess returns across all maturities.

[Insert Fig. 7 near herel]

Next, we check hows or, more preciselyfs affects the forecasting of realized excess returns. We rurdtiations
of the Cochrane and Piazzesi (2005) regression, whichdeatembinations of variables. Table 5 reports the results.
We start by reproducing the Cochrane and Piazzesi (200E9ssign in our sample (Panel B). The CP factor is highly
significant with adjusted®? ranging from 29% to 35%, depending on a bond’s maturity. Tleradd the Ludvigson
and Ng (2009) factors (Panel C). We use all eight of them, lreitéble reports the loadings for the LN factors 1, 6,
7, and 8 only (because they show up in subsequent regresitimsR? increases to 42—47%, but not all of the LN
factors are significant.

Alternatively, we can check what our model implies for excesgturns. We construct the projection residuals for
the remaining two latent factorg andx, and regress excess returns fan f,, and f3 (Panel D). The first factor is
significant at short maturities only. The other two are digait for all excess returns and the adjus®&ds between
33% and 36%, on par with the CP factor. So,fdand f3 explain the CP factor? We add the CP factor to the regression
and find that it is significant at all bond maturities and dsieeit f, (Panel E). Thusfs contains information that is
complimentary to CP.

Fig. 8 displays the time series of the standardized CP-agdactors. We change the sign of the hidden factor to
make it clear that the two factors line up only during the pgf the monetary experiment. Both factors have a strong
business-cycle component, but theffeli in higher frequency fluctuations. What could accountliest diferences?

[Insert Fig. 8 near here)]

We know that LN factors do not replace CP in these regressibnsight be that these factors capture some of the
higher-frequency movements fa. To determine whether this is so, we go through a comprehefadtor search in
which we gradually eliminate the insignificant ones. We epdnith the regression reported in Panel F, where the
surviving factors are CP; LN factors 1, 6, 7, andf8;and f;. It appears that survey expectations contain information
about the bond risk premium that is complimentary to thata@ioed in both the CP and LN factors.

4.4.4. Forecasting

Table 6 shows the out-of-sample results for the forecastingflation. Ang, Bekaert and Wei (2007) find that raw
surveys dominate term-structure models for inflation fasts that are made one year in advance. Our results should
complement their findings in two dimensions. First, we pdevevidence for a term structure of inflation forecasts.
Second, we evaluate the performance of term-structure ittt are estimated using information from the surveys.

[Insert Table 6 near here]

We use RMSE ratios as our test statistic. The bootstrap gtweghat we use is complicated in this case, because
the model for survey-based forecasts is not known. Eacteguyrarticipant likely uses her own model to produce an
individual forecast and then these forecasts are aggmgdatethe consensus forecast. If we knew all of these models,
in theory, we could replicate the entire procedure undentiikof 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 ampaus (ignoring where they are coming from) and
use various asymptotic tests to evaluate tieetgénce (e.g., Diebold and Mariano, 1995). Perhaps, theadelbgy
that is the closest to our setup is an asymptotic test of &stérg methods developed in Giacomini and White (2006).
However, to achieve asymptotically nonvanishing estioratincertainty, these authors assume a fixed rolling window
for model reestimation, whereas we use an expanding windtiernatively, we could have used nonparametric block
bootstrap. We express our reservations regarding both@syimand nonparametric bootstrap tests in Subsectian 3.2

We use a dferent procedure that has its own shortcomings but has thee\df being in line with our overall testing
strategy. We simulate one thousand artificial samples flmmull model (NF or AO) and reestimate the null model
on the basis of each sample. Then we construct the ratio I%Q@%%/RMSES ure Thus, we implicitly assume that the
survey-based forecasts are data, that is, they are notajeddyy aggregating multiple models, but by the economic
data—generating process directly. Our hope is that, beaafusur focus on the first two moments and not the entire
distribution, this implicit assumption is not going tffect the inference too much. The lack of extra variation in the
test statistic results in tighter confidence bounds andebitiee results toward Type | error (over-rejection).

Despite these caveats, the reported RMSE ratios send ancésmage. Panel A shows that AO performs on a par
with raw surveys. The ratio of AO to surveys is close to ongl, thie diference is statistically insignificant. The same
cannot be said about the NF model. The ratios are much higherthe one in the data and théfdience from one is
statistically significant. To be supremely conservatiweeiy the heightened probability of Type | error, the conidas
would be that NF does not outperform the surveys.

We implement a direct RMSE-based comparison of AO and NFaunfglthe diference in performance of the two
models. Panel B displays the RMSE ratio test of NF (null) agiahO (alternative) via parametric bootstrap. NF is
overwhelmingly rejected. The improvement associated witimg AO ranges from 23% to 55%, depending on the
sample and horizon.

That essentially no éfierence exists between the results of the raw surveys and i@ complicated AO model
could be disappointing. Itis important to remember thatdibitation of raw surveys is that an end user cannot select
the frequency of forecasts and the forecast horizon. Weeptesd defend a model that can produce survey-quality
forecasts, but at any time and at any horizon. This conaluisigarticularly striking in the light of the findings in
Ang, Bekaert and Wei (2007), where, after searching thrauligt of 30 diferent models, they could not find any such
model even for one forecasting horizon.

Table 7 displays out-of-sample results for the forecastihgields. We use the random walk model (RW) as an
alternative model and report all the results in the form & RMSE ratios of a null model (AO or NF) to RW. We
use bootstrap once again. In this case, estimating theattee model along the artificial samples simulated from the
null model is particularly easy as there are no parametegstimate 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 K&l on such a scale. Typically, authors leave about
five years for out-of-sample exercises. The parametersuisofisample analysis are either estimated from an earlier
long subsample or reestimated for each period over the shbsample. The range of forecasting horizons is typically
narrow, from the next period to one year ahead. Finally, Birstatistical 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 dates or is indistinguishable from NF. The AO
model dominates RW at longer forecasting horizons (eigtzihquarters ahead). We conclude that the incorporation
of forecasts of inflation is helpful in the forecasting oflgi® However, there remains room for improvement, because
the results for yield forecasts are not as clear as for iofidtrecasts. The analysis provided herein suggests thatysu
forecasts are very useful, and the incorporation of fortsa#seal activity or yields should help when forecastingjgs
and can reduce the statistical uncertainty.
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5. Conclusion

We have built a dynamic macro-finance model that incorpertite behavior of inflation, real activity, nominal
yields, and survey-based forecasts of inflation. The modehipits arbitrage opportunities and allows for the
heterogeneity of survey forecasters via a subjective foitibameasure. We find that observed yields and survey
forecasts are internally consistent with each other, thathieir joint behavior can be accommodated within a term
structure model without expanding the number of state béeta Moreover, both yields and forecasts are important
for producing realistic expectations about future inflatéemd yields. Information other than yields is required bsea
a factor that drives model-based inflation expectationsalrasst no &ect on the cross section of yields; that is, it is
hidden.

We make a case using both theoretical and empirical andhetishe hidden factor is not inflation itself. We present
a canonical Gaussian term structure model that suggestshamiem achieving the same result. However, such a
model still leaves an important question: What forces dswevey-based expectations about future inflation that are
correlated with bond yields, yet do natect them cross sectionally and do nffeat current inflation? Our attempts
to relate this factor to other macro variables led to nothinghis regard, our conclusions are consistent with thdse o
Duffee (2011). When forecasting bond risk premia, our hiddetofas 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 literaturereview

Scores of empirical papers have been dedicated to the sfullg mteractions between inflation and interest rates.
Discussing all of these in this brief review is not possilo main strands of the literature that study this subjeet ar
those on term structure and macro forecasting.

The empirical side of the literature on no-arbitrage ternucttire explores the behavior of state variables and
risk premia. The main focus is to explain and summarize pamsiously the relations that are of interest, and for
this reason most of the analysis is conducted in-sample.ddifitian to the data on yields, various authors utilize
either inflation itself (the no-arbitrage macro literatlreginning with Ang and Piazzesi, 2003) or data that reflects
inflation expectations, such as inflation-indexed bondsi(Ey1998), or survey forecasts of inflation (Chun, 2011; and
Pennacchi, 1991). The typical research questions that ares Does inflation help to explain the yields? (See Ang
and Piazzesi, 2003; Bikbov and Chernov, 2010; antféa) 2006.) Does inflation help to explain the risk premia?(Se
Ang, Dong and Piazzesi, 2004; Bikbov and Chernov, 2010; aufteb, 2007.) How do real interest rates behave? (See
Ang, Bekaert and Wei, 2008; Evans, 1998; and Pennacchi,. 198hat is the size and the nature of the variation in
the inflation premium? (See Ang, Bekaert and Wei, 2008 anth&\ED98; Hordahl and Tristani, 2007.)

Part of the literature on macroeconomic forecasting fogesethe prediction of inflation from the prices of financial
assets, notably the short rate and the term spread, in thességn framework (see Stock and Watson, 2003, for a
comprehensive survey). The natural motivation for suchpgr@ach is that, because of their forward-looking nature,
yields should serve as good predictors of macroeconomiidtgctn contrast to the literature on term structure, much
of this work focuses on out-of-sample performance. Congdlyt the approach sters from the drawback that, as any
no-arbitrage model would imply, the yields simultaneouslect the market’s expectations of the state variables) su
as inflation, and risk premia. A formidable body of evidenhewgs that risk premia are time-varying. As a result,
disentangling the yield components in a regression frameigovirtually impossible. Depending on the variability of
the risk premia, yields might introduce a fair degree of apighich would make the inference unreliable.

A separate strand of the literature on forecasting invatigythe predictive ability of survey forecasts. As with
yields, the analysis is performed in a regression framewdike analysis focuses on the forecasts’ rationality and
efficiency and typically concentrates on a one-year horizore Key finding, based on considering roughly pre- and
post-Volcker subsamples, is that inflation is underestahathen it is high and vice versa (see Thomas, 1999, among
many others). However, a more refined conditional analgsitot feasible because of the inherently unconditional
nature of the regression-based analysis. In contrast,&Bhgad Wright (2009) use high-frequency financial variable
to forecast the survey forecasts.

Finally, Ang, Bekaert and Wei (2007) combine the views corgd in the reviewed literature by running a horse
race between the flerent methods of forecasting one-year inflatt®.hey use the dierent forecasts separately and
also combine them via various weighted-averaging schelesauthors find that surveys forecast inflation better than
other models and approaches.

While having a diterent focus, our work is related to the following concurregntdies. Kozicki and Tinsley (2006)
use a descriptive time series model of inflation to constitueterm structure of inflation expectations using inflation
forecasts from the Livingston Survey. D’Amico, Kim and W2008) build a no-arbitrage model and estimate it using
the nominal yield curve, TIPS, Blue Chip Economic Indicatfmrecasts of one-quarter yields, and one- and ten-year
SPF forecasts of inflation from 1999 to 2007. They show theoitgmce of using TIPS for accurate predictions of
inflation. In a similar spirit, Joyce, Lildholdt and Sorens@009) exploit information from UK real and nominal
bonds along with consensus forecasters’ expectationsevhge inflation from five to ten years ahead from 1992 to
2007 to construct inflation forecasts and inflation risk peeniPiazzesi and Schneider (2008) focus on the use of an
affine term-structure model to construct a measure of subgelatind risk premia, which they derive from survey data,

10They also consider the Phillips curve and pure time serieatso However, discussion of these lies beyond the scopargfaper.
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and they also specify a structural model that can explasetipeemia. Adrian and Wu (2009) and Haubrich, Pennacchi
and Ritchken (2011) highlight the role of heteroscedastirks in the context of building inflation expectations with
no-arbitrage models. Faust and Wright (2011) emphasizesthigective survey-based forecasts of inflation tend to
outperform model-based forecasts and investigate themsdsr this. Cieslak and Povala (2011) propose a novel
decomposition of the nominal yield curve into three ecorofréquencies. One of them is related to the smoothed
CPI that can be interpreted as a long-run inflation forecdste residual from the projection of this factor onto yields
explains a high fraction of variation in the bond risk prenii&e authors do not take a stand on whether this residual
is a hidden factor or not. Our survey factor is constructedfsurvey-based inflation expectations, it is orthogonal to
factors driving yields, to current and past inflation, andpproximately hidden in the nominal yield curve.

Appendix B. Detailsof the data set

Here, we discuss the details of our data set that consistflafion, output, real and nominal yields, and survey
forecasts.

B.1. Nominal yields

We use quarterly time series of zero-coupon bond yields 8@l to 2008 constructed in Gurkaynak, Sack and
Wright (2007). We rely on bond maturities of three and six therand one, two, three, five, seven, and ten years. It
is important to measure the full yield curve because itsesigprorrelated with the macro environment (Estrella and
Hardouvelis, 1991 and Estrella and Mishkin, 1998). Givea tlonstraint, we do not consider earlier years, because
the longest maturity available was five years. In additibe,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 TIB& 003 to 2008 constructed in Gurkaynak, Sack and
Wright (2010). We rely on bond maturities of three, five, see®d ten years. TIPS were introduced in 1997, but
initially few maturities were available for trading and ttrading volume was thin (D’Amico, Kim and Wei, 2008).
Many observers argue that the bond pricing became reliatda 2003'* An important related question is whether
yields on TIPS can be used as yields on real bonds. D’Amicm, &id Wei (2008) explain thefiiérences between the
TIPS and real yields by a liquidity premium. They find a stromggnd in a liquidity component that dissipates by 2003,
which is consistent with the above remarks. We cannot djatsh the true real yields from TIPS in our framework.
This is why we choose to drop the data prior to 2003 and allavafmmeasurement 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 seasonallystat] CPl and real GDP to proxy fat, and g;,
respectively. GDP and CPI numbers are available from FREdé&Fal Reserve Economic Data). CPI is the consumer
price index for all urban consumers (all items, seasonaljysied) and real GDP is a three decimal time series in
billions of chained year 2000 USD (seasonally adjusted ahate).

All the inflation forecasts that we use are released somedimiag the third month of a quarter. Therefore, to avoid
a look-ahead bias in how we construct and use the state l@fialve use the price level reported in the second month
of the quarter, which corresponds to price level in the firahth of a quarter.

1lwe are grateful to Refet Giirkaynak and Jonathan Wrightdawersations regarding this issue.
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B.4. Survey forecasts

Livingston Survey (LS) is a semiannual survey of econonfisi industry, government, banking, and academia.
The forecasts of the price levEl,., specifically of nonseasonally adjusted CPI, are releas#tkifast month of the
second or fourth quarter and are based on the CPI informegleased in the first month of a quarter. Because of the
timing of this survey, Carlson (1977) argues that the siath@head and 12-month ahead level forecasts should be
converted to the inflation rate using the eight- and 14-mdwtfizons, respectively, as a basis. As a result, we have
observations fo_ptfo(r), T = 2,4 (available from 1947). We also have annual forward forecagailable from 1974:
El,z(4) (released in the second quarter) eT)fggM) (released in the fourth quarter). Finally, ten—yeaeﬁastsﬁtl,o(40),
are available semiannually from 1991, and two-year forteceﬁd&, are available annually in the fourth quarter from
1992,

The fact that the respondents forecast seasonally unadj@®I, while our state variable is seasonally adjusted,
matters only for the six-month forecas"réo(Z). We perform a simple seasonal adjustment of the forecast.ovipate
the average annual inflation, as well as the average inflatien the first and second half-year in our sample. Then
we adjust the six-month forecasts by the respectiffeidinces in annual and semiannual annualized averagednfiati
Ghysels and Osborn (2001) provide the details of, and diation for, this procedure. This adjustment involves some
look-ahead bias because we are performing the adjustmehiornhole sample. However, this bias should be very
small, because the seasonal adjustment is tiny.

Survey of Professional Forecasters (SPF) is a quartenggavailable from the third quarter of 1981. The forecasts
of the annualized percentage price chafgg/P; — 1, specifically of the changes in seasonally adjusted CPI, are
released in the middle of the second month of the quarter @nioleesed on the CPI information released in the previous
month. We have observations n_fys(l), s=0,1,2, S;T)ﬁo(r), 7 = 4,20,40. The five-year forecast is available from the
third quarter of 2005, and the ten-year forecast is avail&boim the fourth quarter of 1991.

Blue Chip Economic Indicators (BC) is a monthly survey of mammic forecasters at approximately 50 banks,
corporations, and consulting firms$. It is available from 1981. The forecasts of the annualizedtgatage price
changeP,./P; — 1, specifically of the changes in seasonally adjusted CPIl,edeased in the beginning of the third
month of the quarter and are based on the CPI informatiomsetéin the previous month. We have observations
for Tijs(l), s = 0 — 6. The forecasts witls = 4,5, 6 are available in the first three, two, and one quarters ofaa, ye
respectively.

Appendix C. Factor rotations

We wish to rotate vectox; (a subvector of vectar;) so that these latent factors could become interpretaliie. T
first rotation,O, ensures that the three factors are orthogonal to each oikerdefine a rotatio = Rx, so that
the variance-covariance matrix 6fbecomes diagonal. Then, defind = U x;, where the matridJ is the orthogonal
matrix; i.e.,UU’ = I, which preserves the correlation structure between therfacWe use the following matriid,
governed by the two parameterandp:

cose sine 0 0 O cosg 0 sing 0 O

—sine cosae 0 0O O 0 1 0 0O

u = 0 0 1 0 O} -sinB 0 co8 0 O
0 0 010 0 0O 0 10

0 0O 001 0 0O 0 01

12\e are grateful to Randell Moore for providing us with theadat
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cosacosB sina  cosasing 0 O
—sinecosB cosa -sinasing 0 O

= —-sing 0 cosB 0 0
0 0 0 10

0 0 0 01

The first two matrixes represent clockwise rotations aboetaf the axes, specificallyg andx,, respectively.
TheQ-parameters areff@cted by the rotation as follows:

ny = U
oY = Uetut
and
Yy = Uz

The parameter is chosen such tha{ 8"(3) is maximized, ang is chosen so tha, (8"(40) - 8"(3)) is maximized.
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Table 1

Mean absolute errors.

We report mean absolute fitting errors for eight versionsusfroodel. The full model that uses all survey and yield databieled AST (All data,
Subjective expectations, TIPS). The model that does nofresesury Inflation-Protected Securities is labeled AS. Alel¢hat uses all the data, but
restricts subjective measures to coincide with objectieasare is labeled AOT (All data, Objective expectation®J)jland AO without TIPS. The
two models that use only yields in the estimation are NFT (NeEasts, TIPS) and NF (without TIPS). Finally, we estinaateodel that uses only
forecasts and label it OF (Only Forecasts), and a model ¢s#ticts subjective measures to coincide with objectivasuee is labeled OFO (Only
Forecasts, Objective expectations). The number at the femci@monic refers to a total number of factors in the modek fibtation for surveys is
as follows: LS, Livingston Survey; SPF, Survey of Profesald-orecasters; BC, Blue Chip Economic Indicators. The foreports log-likelihood
values. The log-likelihoods corresponding to the unreggbrhodels’ counterparts are displayed in parentheses. At@qart is the same model
with a different number of factors. Thus, for four-factor models, the-factor versions would be in parenthesis, and vice verka.bootstrapped
p-values for the null hypothesis of a four-factor model amvjated in brackets.

Number  Horizon (in quarters) Model
Survey of observations s T NF4 NFT4 OF4 OFO4 AO5 AOT5 AS5 ASTS
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) 3.93)
p-values [0.31] [0.30] [0.96] [0.95] [0.02] [0.00] [0.04] [0.05]
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Table 2

In-sample inflation forecast root mean squared error (RM&fi)s for NF (No Forecasts) and OF (Only Forecasts) models.

We compare the in-sample inflation forecasting performasfctie OF and NF models. We select forecasting horizons tleahat necessarily
available in the actual surveys. This is done to emphasielile advantage of using a model is that a forecasting hodeforecasting date can be
arbitrary. We report the RMSE ratios of NF to OF and otheratamns of these two models. The bootstrapped 95% confidemaeds are provided
in brackets. The letter T in the model indicates that we ideldreasury Inflation-Protected Securities (TIPS) in thenegion. All models have
four factors.

Horizon (in quarters) NFOFO4 NFT40FO4 NF40OF4 NFT40F4

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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Table3
Inflation expectations for AO (All data, Objective expeiiats) and AS (All data, Subjective expectations) models.

We compare the average inflation expectations from the ACaiwith the subjective expectations from the AS model. Omg-analysis of variance
(ANOVA) tests whether at least one average expectationgtsgnificantly diferent from another average expectation. The Levene statistsed
to test the equality of variances. The bootstrappedlues are for the null hypothesis of a model under the dlbemeasure (AO5 and AOT5) are
provided in brackets. The letter T in the model indicates$ wWeinclude Treasury Inflation-Protected Securities (TliR$he estimation. All models
have five factors.

Horizon AOS5 vs AS5 AOT5 vs AST5

(inquarters) 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 oéthgdar nominal yield components in the decomposition

Yt (40) = y{ (40) + P 0(40) + 1P;(40) + convexity term
wherey{ is the real yield,p; is the inflation expectation under tffemeasure, andP; is the inflation premium. The notation for models is as

follows: AO5 and AOT5 (All data, Objective expectations effactors, with and without Treasury Inflation-ProtectedBiies, respectively); NF4
and NFT4 (No Forecasts, four factors, with and without Tueainflation-Protected Securities, respectively).

Model Statistic Vi Pro IP;  Convexity

NF4 Mean 1.11 434 201 0.02
Standard deviation 0.26 0.95 1.47

NFT4 Mean 2.66 4.08 0.73 0.01
Standard deviation 0.59 056 1.36

AO5 Mean 193 396 157 0.01
Standard deviaton 0.24 1.38 1.37

AOT5 Mean 2.75 4.05 0.67 0.01

Standard deviation 0.92 150 0.63
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Table5
Excess returns and the survey factor.

Panel A reports regression results of the survey fatjan the Cochrane and Piazzesi (2005) factor (CP) and the neectarys FU), j=1....8
from Ludvigson and Ng (2009) (LN). Panels B through F repegression results of one-year excess returns on a nomiaasdiy bond with
maturityr, rx{, on the CP and LN factors, and the projection residialg,, and s from the AOT5 model. The regressions in Panels A and C were
implemented with all LN factors, but we are only reporting #elected ones. The regression in Panel F is a result ofa felection procedure,
so only the reported factors were used. All time series amdsirdized, antstatistics are calculated using Newey and West (1987} atdrerrors
and reported in parentheses. GDP is the gross domesticqtraxd CPI is the consumer price index.

Regressand CP  GDP CPI FO F© F F® fi f f;  Adj. R
Panel A: Survey factor regressions
f3 -0.24 0.07 0.01 -0.12 0.09
(-1.59)  (0.73)  (0.12) (-1.20)
fa 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@ 0.54 0.29
(5.49)
rx@) 0.57 0.32
(6.06)
rx® 0.59 0.35
(6.41)
rx® 0.56 0.31
(6.11)
Panel C: CP factor and macro variables
rx@ 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@) 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® 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® 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@ 0.20 0.33 -0.35 0.36
(2.38) (3.24) (-4.22)
rx@) 0.13 0.39 -0.32 0.33
(1.47) (3.34) (-3.77)
rx@) 0.08 0.43 -0.32 0.33
(0.95) (3.60) (-3.55)
rx®) 0.05 0.46 -0.32 0.34
(0.62) (3.93) (-3.69)
Panel E: CP factor and projection residuals
rx@ 0.38 0.26 0.08 -0.25 0.45
(3.34) (2.94) (0.70) (-3.46)
rx@) 0.41 0.19 0.11 -0.21 0.43
(3.56) (2.09) (0.88) (-2.87)
rx@) 0.43 0.14 0.14 -0.21 0.44
(4.14) L.73) (1.17) (-2.71)
rx®) 0.35 0.11 0.22 -0.22 0.35
(3.29) (1.33) (1.74) (-2.85)
Panel F: All regressors
rx@ 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@ 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@) 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®) 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 errtt$R) ratios.

We compare the out-of-sample inflation forecasting peréoroe of the AO5 (All data, Objective expectations, five fegtand NF4 (No Forecasts,
four factors) models and the observed survey forecastel Patompares the models to the actual surveys by reportie@RMSE ratio of a model
to a survey. The notation for surveys is as follows: LS, Ligton Survey; SPF, Survey of Professional Forecasters;BB@, Chip Economic
Indicators. In Panel B we select alternative forecastingzbas. We report RMSE ratios of AO5 to NF4 as the surveys at@vailable for most of
the selected horizons. Actual survey forecasts have ngisdiservations. Therefore, the RMSE ratios affedint for the Panel B forecasts even if a
horizon matches the one from a survey in Panel A. The RMSg&gatie reported for two samples. The first sample repredentsit out-of-sample
period from 1983 to 2008. The second sample begins in 1960tht long-run forecasts were incorporated into the sstvElle bootstrapped 95%

confidence bounds are provided in brackets.

Panel A: Survey-selected horizons

Survey  Horizon (in quarters) 1983-2008 1990-2008
S T AO5/Survey NF4Survey AOBSurvey NF4Survey
LS 0 2 0.98[0.97,0.99] 1.44[1.17,1.80] 0.97[0.96,0.97] 411[1.16, 1.79]
0 4 0.98[0.97,0.99] 1.54[1.19,2.13] 0.99[0.98,1.00] 1T€8, 2.49]
0 8 1.00[0.99,1.01] 2.61[1.76,4.46] 1.00[0.99,1.01] ZBT6,4.46]
0 40 1.04[0.85,1.40] 2.22[0.44,4.25] 1.04[0.85,1.40] 29@44,4.25]
2 4 1.01[0.99,1.04] 1.43[1.08,2.27] 1.02[1.00,1.04] 1B33,3.08]
4 4 1.02[0.98,1.10] 1.52[1.02,2.56] 1.07[1.04,1.11] 1DP26, 3.66]
SPF 0 1 1.01[1.00,1.01] 1.36[1.20,1.60] 1.00[0.99,1.00].3011.17, 1.52]
0 40 1.09[0.84,1.41] 251[0.48,4.89] 1.09[0.84,1.41] 17(%48, 4.89]
1 1 1.01[1.01,1.01] 1.21[1.08,1.44] 1.00[1.00,1.00] 1186, 1.42]
2 1 1.01[1.01,1.01] 1.13[1.00,1.44] 1.00[0.99,1.01] 1142, 1.49]
3 1 1.01[1.01,1.02] 1.21[1.07,1.59] 1.00[1.00,1.01] 1269, 1.68]
BC 0 1 1.04[1.04,1.05] 1.40[1.24,1.65] 1.03[1.02,1.04] 3411.21, 1.57]
1 1 1.00[1.00,1.01] 1.21[1.07,1.43] 1.00[1.00,1.01] 1196, 1.42]
2 1 0.97[0.97,0.97] 1.09[0.97,1.38] 1.01[1.01,1.01] 1163, 1.51]
3 1 1.01[1.00,1.02] 1.21[1.06,1.58] 1.01[1.01,1.02] 12170, 1.69]
4 1 1.01[1.00,1.02] 1.14[1.01,1.47] 1.02[1.01,1.02] 1207,1.62]
5 1 1.00[0.99,1.02] 1.17[1.05,1.52] 1.02[1.01,1.02] 1PP9,1.59]
6 1 1.00[0.99,1.02] 1.18[1.03,1.51] 1.00[1.00,1.02] 1182,1.52]
Panel B: Arbitrary horizons
Horizon (in quarters) 1983-2008 1990-2008
5 T NF4/AO5 NF4AO5
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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Table7
Out-of-sample yield forecast root mean squared error (RM&tos.

We compare the out-of-sample yield forecasting perforraasfache AOS5 (All data, Objective expectations, five factpidlF4 (No Forecasts, four
factors), and RW (random walk) models. We report the RMSBsaif a no-arbitrage model (AO or NF) to RW. The RMSE ratios @aported

for two samples. The first sample represents the full owgtamfiple period from 1983 to 2008. The second sample begir@9@ after the long-run
forecasts were incorporated into the surveys. The bopstih 95% confidence bounds are provided in brackets.

Yield maturities ~ Forecast horizon 1983-2008 1990-2008
(in quarters) (in quarters) ABW NFRW AO/RW NFRW

1 1 1.08[L00,1.41] 095[0.92, 1.08] 1.08[0.89 1.62] (@83, 1.12]
4 0.93[0.85 1.04] 1.58[1.03,2.24] 0.89[0.78,1.17] 0038, 1.28]

8 0.72[0.69,0.75] 1.42[0.97,1.88] 0.75[0.67,0.95] 009F, 1.32]

20 0.62[0.62,0.73] 1.52[0.97,1.76] 0.57[0.56,0.62] 1281, 2.13]

2 1 1.13[1.06,1.46] 1.01[0.97,1.13] 1.17[0.99,1.67] 1@O3, 1.23]
4 0.94[0.87,1.05] 1.52[1.03,2.05] 0.91[0.81,1.16] 0.0B5, 1.25]

8 0.72[0.70,0.75] 1.37[0.951.69] 0.74[0.68,0.93] 00, 1.26]

20 0.64[0.62,0.75] 1.45[0.94,1.82] 0.57[0.56,0.62] 1@T7,2.02]

4 1 1.15[1.07,1.46] 1.04[1.01,1.15] 1.21[1.05,1.62] 1082, 1.30]
4 0.96[0.88,1.08] 1.42[1.02,1.75] 0.93[0.83,1.16] 0.0®F, 1.20]

8 0.72[0.71,0.82] 1.28[0.90,1.45] 0.74[0.68,0.91] 0.0F5, 1.20]

20 0.65[0.62,0.84] 1.34[0.89,2.28] 0.57[0.55,0.63] 1103, 1.29]

8 1 1.12[1.04,1.37] 1.04[1.01,1.16] 1.17[1.05,1.50] 1103, 1.29]
4 097[0.88,1.11] 1.29[0.98,1.91] 0.93[0.84,1.16] 003f, 1.14]

8 0.72[0.70,0.85] 1.18[0.88,2.10] 0.73[0.68,0.92] 0845, 1.12]

20 0.66[0.61,0.88] 1.23[0.81,3.11] 0.57[0.54,0.65] (®JO, 1.94]

12 1 1.09[1.02,1.28] 1.02[0.99,1.15] 1.11[1.01,1.39] 61001, 1.25]
4 0.98[0.88,1.13] 1.22[0.97,2.37] 0.91[0.83,1.17] 0835, 1.02]

8 0.73[0.69,0.89] 1.14[0.86,2.66] 0.73[0.69,0.94] 085, 1.01]

20 0.68[0.60,0.91] 1.19[0.77,3.76] 0.55[0.52,0.67] (@57, 2.01]

20 1 1.06[1.00,1.22] 1.01[0.99,1.15] 1.03[0.96,1.24] 11@96, 1.20]
4 1.00[0.89,1.17] 1.17[0.95,3.00] 0.89[0.82,1.17] 08Bp, 1.18]

8 0.76[0.70,0.94] 1.13[0.83,3.51] 0.73[0.69,0.98] 0J7E, 1.26]

20 0.73[0.59,0.93] 1.16[0.74,4.62] 0.50[0.46,0.67] (®61,1.78]

28 1 1.07[1.01,1.24] 1.03[1.01,1.17] 1.00[0.96,1.19] 31@97, 1.23]
4 1.03[0.91,1.19] 1.15[0.94,3.35] 0.87[0.81,1.13] 08834, 1.27]

8 0.81[0.70,0.98] 1.14[0.81,4.03] 0.73[0.69,1.00] 00&H, 1.40]

20 0.78[0.58,0.93] 1.18[0.74,5.06] 0.44[0.40,0.63] (U85, 1.42]

40 1 1.13[1.03,1.27] 1.09[1.05,1.27] 1.05[1.01,1.26] 21106, 1.33]
4 1.08[0.92,1.20] 1.16[0.95,3.57] 0.87[0.81,1.14] 08Bf, 1.37]

8 0.87[0.72,1.00] 1.17[0.81,4.44] 0.75[0.69,1.09] 00gY, 1.61]

20 0.86[0.59,0.94] 1.26[0.75,5.28] 0.39[0.35,0.65] (®&A&9, 1.31]
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Panel A: Realized inflation Panel B: Livingston Survey

167 16
1 quarter —&— LS(0,2)
14} —+#— 4 quarters 14} —#—.S(0,4)
—=&— 8 quarters LS(0,8)
40 quarters LS(0,40)
12 12}
o : - —4—LS(2,4)
o o LS(4,4)
N N L
E 10 e 10 ’
c o
& 8 g 8 o?
£ £ { ®
6 & of ‘}«‘é‘
o o () ?‘
’ ' W,
m R Add ””
2 21 : h LR ...‘
[ ]
— 1 1 1 1 1 1 O — 1 1 1 1 1 1
1975 1980 1985 1990 1995 2000 2005 1975 1980 1985 1990 1995 2000 2005
Panel C: Survey of Professional Forecasters Panel D: Blue Chip Economic Indicators
167 167
—@— SPF(0,1) —@&— BCEI(0,1)
14} —»— SPF(0,20) 14} —»— BCEI(1,1)
SPF(0,40) BCEI(2,1)
12} SPF(1,1) 12} BCEI(3,1)
—4— SPF(2,1) —<¢— BCEI(4,1)
e} °©
° —A— SPF(3,1) @ BCEI(5,1)
= 107 5 107 —+— BCEI(6,1)
> > ‘A
= = N
S 8r S 8
£ £
(0] [0
S 61 S 6t
() ()
a a
4r 4r
2 2
/J
— 1 1 1 1 1 1 0 — 1 1 1 1 1 1
1975 1980 1985 1990 1995 2000 2005 1975 1980 1985 1990 1995 2000 2005

Fig. 1. The term structure of survey forecasts. We plot the realiztdtion and survey-based inflation expectations that weassinputs

in our model. Our sample period is 1971 to 2008 at a quartegiguency. Some forecasts do not start until a later date.eSoenreported
at a frequency lower than quarterly. The forecast horizandgated in the legend in quarters. (5,1), for exampleicates a one-quarter
long forecasting horizon starting in five quarters from gpd@he notation for surveys is as follows: LS, Livingston @&y; SPF, Survey
of Professional Forecasters; BC, Blue Chip Economic Indisa The shaded regions show the National Bureau of Ecan&esearch

recessions.
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Panel A: Average term disagreement Panel B: One-year term disagreement
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Fig. 2. Term disagreement from AST5 (All data, Subjective expémtat including Treasury Inflation-Protected Securitfeg factors). The

figure shows unconditional and conditional deviations ofiglébased subjective inflation expectations from the dibjeones. The notation
for surveys is as follows: LS, Livingston Survey; SPF, SyreéProfessional Forecasters; BC, Blue Chip Economic kdis. The shaded
regions show the National Bureau of Economic Research sieces
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Fig. 3. The term structure of inflation expectations. The figure ldigpthe model-based objective inflation expectations egatpfrom the
AOT5 model (All data, Objective expectations, includingdsury Inflation-Protected Securities, five factors). Thaaled 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/éar nominal yield components in the decomposition
Yt (40) = y{ (40) + P 0(40) + 1P;(40) + convexity term

wherey; is the real yieldp, o is the inflation expectation under tifeneasure, antP; is the inflation premium. The convexity term is tiny at 1
basis point and constant, so we do not display it. The netédtiomodels is as follows: AO5 and AOT5 (All data, Objectivgectations, five
factors, with and without Treasury Inflation-Protected \B#ies, respectively); NF4 and NFT4 (No Forecasts, foutdes, with and without
Treasury Inflation-Protected Securities, respectivelyle shaded regions show the National Bureau of EconomicaReseecessions.
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Fig. 5. Factor loadings for NF (No Forecasts) models. We plot fakiadings that are used by models NF4 and NFT4 (No Forecasts,
four factors, with and without Treasury Inflation-Protet®ecurities, respectively) to establish model-basedctgeinflation expectations,
nominal, and real yields for multiple horizons (zero to 4@uders, x-axis). The loadings measure a response of a leriabterms of a
number of its standard deviations, to a 1 standard deviati@mge in a factor (y-axis).
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Fig. 6. Factor loadings for AO (All data, Objective expectationg)dels. We plot factor loadings that are used by models AOSADITS
(All data, Objective expectations, five factors, with antheut Treasury Inflation-Protected Securities, respelgfito establish model-based
objective inflation expectations, nominal, and real yidamultiple horizons (zero to 40 quarters, x-axis). Theliogs measure a response
of a variable, in terms of a number of its standard deviafitms 1 standard deviation change in a factor (y-axis).
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Fig. 7. Factor loadings for bond risk premia. We plot factor loadirtat are used by models AO5 and AOT5 (All data, Objective
expectations, five factors, with and without Treasury IidlatProtected Securities, respectively) and AS5 and ASWIbd@ata, Subjective
expectations, five factors, with and without Treasury IidlatProtected Securities, respectively) to establisteetqrl excess bond returns for
multiple horizons (zero to 40 quarters, x-axis). The logdimeasure a response of a variable, in terms of a numberstdiitdard 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) andddernifactors. We display the time series of the standardioahrane
and Piazzesi (2005) factor (CP) and the negative of the atdimbd hidden factor(f3) extracted from the AOT5 model (All data, Objective
expectations, five factors, with Treasury Inflation-PrtedcSecurities). By the sign convention, an increasefincorresponds to a decline
in inflation expectations. The shaded regions show the NaltiBureau of Economic Research recessions.
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