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1. Introduction

Many decisions in finance and macroeconomics depend on an understanding of how agents form expectations about inflation.
In this paper, we shed light on this issue using data on inflation compensation derived from real and nominal U.S. Treasury
securities. With some qualifications, one can interpret inflation compensation as a measure of expected inflation. Of particular
interest is inflation pass through: how changes in short-term inflation expectations influence long-term expectations. We show
how different models of inflation expectations, which we refer to as anchored, unmoored and contained, imply different forms for
inflation pass through. We then investigate whether there is empirical support for any of these models. These different models for
inflation expectations have strong implications for the possible dynamics of the nominal term structure.

Our empirical work uses a flexible parametric econometric framework developed in Koop and Potter (2007). This framework
combines some of the benefits of a nonparametric approach (i.e. it lets the data speak rather than enforcing a parametric, often
linear, functional form) with the benefits of a parametric model rooted in the considerations of economic theory. That is, different
theoretical models of inflation expectations imply that the inflation pass through coefficient should have various forms. We
discuss how, if inflation expectations are anchored, the inflation pass through coefficient should be constant and small (and
certainly less than one). Unmoored inflation expectations imply that the pass through coefficient should be near one. However, if
inflation expectations are contained, then the magnitude of the pass through coefficient should vary with the level of short-term
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inflation expectations in a particular way. Such theoretical considerations can be incorporated in our flexible parametric
framework and allow the data to tell us which (if any) specification is preferred.

Our empirical results, using daily data, indicate support for contained inflation expectations. We provide strong evidence that
the inflation pass through coefficient is not constant, but does tend to be quite small. These findings are not consistent with either
unmoored or anchored inflation expectations, but are consistent with the idea that inflation expectations are contained in some
way. The particular theoretical model of contained expectations discussed in this paper suggests that the inflation pass through
coefficient should depend on the absolute deviation of short-term inflation expectations from a central value. Furthermore, it
should have a certain functional form. We find empirical evidence in support of both these features of this theoretical model.
Further, these findings are also consistent with the type of nonlinearity in nominal interest rates first presented in Ait-Sahalia
(1996) and suggest the dynamics of inflation as one possible source for the presence of this nonlinearity.

The paper is organized as follows. In the next section we define basic concepts and discuss the implications of various models of
inflation expectations for the inflation pass through coefficient. In the third section, we describe and motivate our econometric
methods (with technical details available in an appendix). The fourth section presents empirical results and the fifth section concludes.

2. Modeling inflation pass through

In this paper we investigate the relationship between long-term expected inflation (y,) and short-term expected inflation (x,)
using daily time series data (t =1, .., T). We use inflation compensation as a measure of these expectations. Appendix B describes
the calculation of inflation compensation and motivates our use of y=ei®!® and x=ei®>> where ei"""? is the expected
inflation between h; and h,.

As a terminological digression, in this paper we informally use the terms expected inflation and inflation compensation (also
known as breakeven inflation) interchangeably. Inflation compensation is the compensation that investors require for holding
nominal rather than real inflation-indexed bonds. This compensation largely reflects expected inflation (and empirical studies
such as ours typically interpret it as such). However, inflation compensation also reflects compensation that investors are
demanding for risks associated with the uncertainty about future inflation. But, following most of the literature (e.g. Gurkaynak
et al., 2006), we argue that the inflation expectation component will dominate (especially when using differenced data) and
simply use the terminology “expected inflation” in this paper.

Knowledge of how agents form inflation expectations is important in many financial decisions. As an extreme example, if
agents believed that inflation will forever be kept precisely at a given target, then inflation risk would be zero and nominal bond
yields would be exactly equal to real bond yields plus the target. At the other extreme, if agents believe future inflation will evolve
according to a random walk then inflation risk will increase with time and will strongly influence the shape of the nominal term
structure. Many papers have also emphasized the role of stocks as being a hedge against inflation in strategic (long-run) asset
allocation (see, e.g., Fama, 1981, Campbell and Shiller, 1988 and Schotman and Schweitzer, 2000) and insight on how inflation
expectations are formed is important to this literature.

As we shall show below, inflation pass through (i.e. how changes in short-term inflation expectations affect long-term
expectations) can be used to shed light on how inflation expectations are formed and, thus, sheds light on a crucial issue in
financial decision-making and modeling. As a starting point, a simple regression model, of the sort which has been used in the
literature (see, e.g., Potter and Rosenberg, 2007), can be used to investigate these issues:

Ay, = PAX + &, (1)
where S is referred to as the pass through coefficient. There are strong theoretical and empirical reasons for thinking that the pass
through coefficient might not simply be a constant but might depend on the level of expected inflation or might be varying over
time. These reasons motivate the flexible parametric treatment used in this paper which allows for the pass through coefficient to
potentially have such properties. Before we describe our statistical model, it is useful to briefly describe some theoretical models of
expected inflation (largely taken from Potter and Rosenberg, 2007) and discuss what their implications are for the pass through
coefficient. This will allow us to formally define the concepts of anchored, contained and unmoored inflation expectations and help
us later when it comes to interpreting our empirical results.

We begin with a standard decomposition of observed inflation (1) into permanent (1;") and transitory (c,) components:

m = 1 + c.
It is common to interpret 7, as underlying inflation and define it through the properties:

E(me 4 ) = E(mfy )
Ef(c;yp) = 0ash — o

The properties of the pass through coefficient depend on underlying inflation. Potter and Rosenberg (2007) distinguish
between anchored, contained and unmoored inflation expectations (and other papers adopt similar terminologies) and work out
the implications for the pass through coefficient of several simple theoretical models of the inflation process. Here we briefly
summarize some of their results. In this theoretical discussion, we will let 34, > be the pass through of changes in inflation
expectations at horizon h; to changes in inflation expectations at horizon h, (where h; and h, are appropriately chosen to be
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short-term and long-term, respectively). We emphasize that, unlike a constant parameter model such as (Eq. (1)), we are not
assuming 3y n> to necessarily be a single constant parameter. Its magnitude could vary with expected inflation or be time varying.

Anchored inflation expectations arise when there is a credible inflation target (7). Faust and Henderson (2004) model
underlying inflation as:

m = 1(1-0) + onF | + u,,

where u, is a stationary residual and || < 1. Long-run inflation expectations in this model will be 7t and, thus, inflation expectations
are anchored about this target. As shown in Potter and Rosenberg (2007), in this model the pass through coefficient is:

hy—h
Phon, =07 7"

Thus, a constant pass through coefficient which is less than one in absolute value is consistent with anchored expectations.
Furthermore, if h; is small and h;, is large then 1 s> will be small.

Unmoored inflation expectations arise through unobserved components models where underlying inflation is a random
walk:

=t + u.

This model, extended to allow for stochastic volatility, is used in Stock and Watson (2007). Potter and Rosenberg (2007) show
that the model used in Stock and Watson (2007) implies:

B, — 1ashy, — o with hy fixed.

For finite h, the formula for 3,1, depends on the variances and persistences of the permanent () and transitory (c,)
components of inflation. However, a key finding is that, if h, is large enough so that the transitory shock has dissipated, then we
have Bp1n2=1. Hence, we can take such models of unmoored inflation expectations as implying constant pass through
coefficients of one (or close to one for finite hy).

Potter (2007) proposes a third class of models which imply contained inflation expectations. This model has properties which lie
between those of the anchored expectations and unmoored expectations models. Inflation expectations are not fully anchored, but
are contained within bounds. In this model, underlying inflation expectations look like the unmoored expectations model:

T[;k = ﬂt*—l + U,

but u, is constrained so that underlying inflation lies in a bounded interval, [a,b]. Potter and Rosenberg (2007) show how this
model implies that the pass through coefficient depends on short-term inflation expectations. Near either a or b, we have B n2
being near zero. But, unlike models of anchored expectations, 3,14, becomes larger near the middle of the interval [a,b].
Empirically, we will take this theoretical model as implying that 341 n2 is potentially large (i.e. it could even be near one) when
short-term inflation expectations are near a central value, T (e.g. the average value of inflation), but as short term inflation
expectations deviate from 7, 341 ,2 becomes smaller. Intuitively, agents believe that if short-term inflation expectations are near
the Fed will not act and underlying inflation could potentially just wander according to a random walk (and, thus, we obtain the
Bn1,n2 — 1 result of the unmoored inflation expectations model). However, if short-term inflation expectations deviate too far from
7 then the Fed will act and reversion will kick in (and we obtain a result closer to that obtained from the anchored expectations
model where the pass through coefficient is small). If this model of contained inflation expectations is correct, then the magnitude
of the pass through coefficient should vary with the absolute deviation of short-term inflation expectations from 7. In particular,
the pass through coefficient could be large when |ei{>>) —1i| is near zero, but should be small when it is large.

In our empirical work, we use the theory discussed in this section to guide our econometric specification. We adopt a statistical
approach which lets the data speak, telling us what the form of the pass through coefficient is. We indirectly use this theory to
motivate the idea that the pass through coefficient could potentially depend on short-term inflation expectations in some manner.
Furthermore, we use this theory to guide us in the interpretation of our results. That is, if the pass through coefficient is constant
and small, that is consistent with anchored inflation expectations. If the pass through coefficient is always near one, that is
consistent with unmoored inflation expectations. If the pass through coefficient is large at (approximately) average levels of short-
term inflation expectations, but becomes small as short-term expectations deviate from average, then our findings are consistent
with Potter (2007)'s model of contained inflation expectations. Our statistical methods, described in the next section, allow us to
uncover which of these models of inflation expectations is most consistent with the data.

3. Flexible parametric modeling

In previous work (see Koop and Potter, 2007), we developed a simple modeling framework that is extremely flexible, exactly or
approximately nesting a wide variety of nonlinear time series and structural break models of the sort used in empirical finance. We
use this framework here. For present purposes, the key things to note are that it allows for the inflation pass through coefficient to
be constant or change over time (either in a gradual fashion or in a more abrupt fashion). It can also allow for the magnitude of the
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pass through coefficient to depend on another explanatory variable (which is referred to as an index variable). The arguments in
the previous section suggest a logical choice for the index variable: short-term inflation expectations (although we experiment
with other choices as well). And the functional form describing the relationship between the index variable and the pass through
coefficient can take on a wide range of shapes, depending on whether inflation expectations are anchored, unmoored or contained
(or something else). Our flexible parametric approach seems ideally designed for the present problem. It allows the data to
determine the relationship between long-term and short-term inflation expectations in an extremely flexible fashion. Loosely
speaking, our approach can be thought of as “nonparametric in spirit”, but ideas drawn from economic theory (primarily through
choice of index variables) are used to suggest empirically-useful directions for the model to look. In this section, we briefly
describe our model. Bayesian methods for carrying out econometric inference in this model are described in Appendix A. For
complete details (and additional motivation for this flexible parametric approach), see Koop and Potter (2007).

As a first step, consider extending (Eq. (1)) to be a time varying parameter (TVP) regression model, written in state space form
with measurement equation given by:

Ay, = PAx, + Ogg, (2)
and state equation given by:
Be = Py + 00V, 3)

where g and v, are i.i.d. N(0,1) (and independent of one another). This model is of interest in and of itself (e.g. it allows for the pass
through coefficient to gradually evolve over time, which might be of empirical relevance), nests some interesting models (e.g.
0, =0 is the linear model) and textbook methods for statistical inference are available.

What the flexible parametric approach of Koop and Potter (2007) does is add two extensions to this familiar framework. These
extensions are both simple (and textbook methods of statistical inference require only very minor adaptations), but hugely
increase the flexibility of the model. These extensions involve data re-ordering and distance between observations.

To understand what we mean by “data re-ordering”, note that (Eq. (3)) was written in natural time ordering (t=1, ..., T). But
we can also write a state equation with the observations ordered in a different manner:

Bs = Bs_1 + 0,d(25,25_1)Vs, 4)

where s indexes a re-ordering (in ascending order) of time according to an index variable z.. For instance, in our case z; could be
short-term inflation expectations and we re-order the data as z;=1, .., T with z; having the lowest inflation expectations, z, the
second lowest, etc. d(zs, z; — 1) is a (non-negative) distance function measuring the distance between adjacent observations, zs and
Zs 1.

These two apparently minor extensions add hugely to the flexibility of the model. To see the benefit of data re-ordering,
consider a simple structural break model where the pass through coefficient changes at time 7 (so that it is 3" for t=1, .., Tand is
B for t=7+1, .., T). Next consider the case where the pass through coefficient takes on the value 3! if short-term inflation
expectations are less than T and is otherwise 3®). Our methods draw on the fact that these two cases are statistically exactly the
same model, except that one uses the data in natural time ordering and the other would have all the variables ordered according to
short-term inflation expectations. In words, the state equation for a conventional TVP regression model says “pass through
coefficients at similar points in time are likely to be similar to one another”. Our state equation, (Eq. (4)), says “pass through
coefficients for observations with similar short-term inflation expectations are likely to be similar to one another” (when we use
short-term inflation expectations as the index variable). In general, it implies “pass through coefficients for observations with
similar values for the index variable are likely to be similar to one another”. Nonparametric regression models estimate the
relationship y =f(x) using the idea that observations with similar values for x imply similar values for f(x) (e.g. kernel algorithms
smooth over neighboring observations). In this sense, our flexible parametric methods are doing something similar and are
nonparametric in spirit (except that, unlike many nonparametric approaches, we do not choose a single index variable to define
what we mean by “neighboring observations”).

Thus, simply by allowing for various re-orderings of the data, we can obtain specifications such as those in Potter and Rosenberg
(2007). For instance, their model where inflation expectations are contained implies that the pass through coefficient depends on
expected inflation (being highest when expected inflation is near a central value, but declining as it moves away from target). Such
a pattern can easily be obtained using our model. But our model is much more flexible, allowing for different functional forms than
the inverted-U of Fig. 2 of Potter and Rosenberg (2007). Koop and Potter (2007) explore just how flexible this approach is.

An important feature of our approach is that it does not involve selecting just one index variable. Instead, it allows for a variety
of index variables to be selected. One can treat it as either a model selection device (i.e. the researcher can select the index variable
which receives most support and use that model) or as a model averaging device (i.e. the researcher can obtain results using each
index variable and then average over them with data-based weights'). From a purely statistical perspective, there is no reason not
to consider large numbers of different index variables. However, from an empirical finance perspective, there are strong reasons to
limit the set of index variables. Empirical considerations suggest that time variation in pass through is worth investigating. The

! In standard Bayesian fashion, these data-based weights are proportional to marginal likelihoods.
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theoretical discussion of the preceding section suggests that it is worth investigating whether the magnitude of the pass through
coefficient is related to short-term inflation expectations.? Accordingly, we use the following choices for z:

1. z;=t is natural time ordering

2. 2= ei£2‘5)

3. z,= Ieifz's) —11|, where m=2.25%
4, z,= ei[2;51

5. z=eit**] — 1.

The second extension of the standard TVP model is to allow for a distance function, d(zs,zs — 1), in (Eq. (4)). This allows for even
greater flexibility. In particular, note that standard TVP state equations such as (Eq. (3)) allow for continual gradual evolution of
the pass through coefficient. By adding the distance function we relax the “continuous gradual” aspect. Our model does allow for
continuous gradual change, but we can also have either irregular change in the pass through coefficient or change can be
more abrupt. To illustrate the latter point, suppose the index variable is a measure of short-term inflation expectations and we
have d(z;,zs_1)=1ifz;_;<7Tand zs>T7, and d(z, zs _ 1) = 0 otherwise. Then we have a model where the pass through coefficient
changes abruptly once short-term inflation expectations hit a threshold, 7.

As argued in Koop and Potter (2007), a flexible distance function is:

d(zs,z,_1) = P(zg) — P(25_q),

where d(z) is the c.d.f. of the N(14,07) N(ug, 03) evaluated at point z. Note that the Normal is quite flexible when used in this
context. The Normal can (by choosing a very large variance) approximate closely the d(Z¥, zX_ 1) =2z,—z,_, distance function
which is simply the distance between adjacent observations of the index variable. But it also can (by setting 114 to 7 and choosing a
very small value for 03) approximate closely a structural break at time 7 (or an abrupt change in the pass through coefficient when
inflation expectations hit a threshold, 7). Intermediate values of the variance of the Normal would allow for a smooth change in the
pass through coefficient around a threshold determined by p4. The advantage of our approach is that we treat pi;03 as unknown
parameters and, thus, the precise shape of the distance function is estimated from the data.

The interested reader is referred to Koop and Potter (2007) for a great deal of additional justification for this flexible parametric
model and its ability to approximate a huge number of the nonlinear time series models which are increasingly popular in
empirical finance (i.e. models for structural change or regime switching in either conditional mean or volatility).

The previous material sketches out the basic concepts involved in our modeling strategy. To complete our empirical
specification, we must discuss our treatment of the conditional variance. So far we have said nothing about stochastic volatility
even though this is potentially important in finance in general and studies of inflation dynamics in particular (see, e.g., Stock and
Watson, 2007). Further, because nominal and real bonds might have differential and time varying liquidity effects it is important to
allow for changes in the volatility of the changes in inflation expectations derived by comparing the yields in these two markets
(see Roush et al., 2008). We give the conditional variance the same flexible parametric treatment that we give to the conditional
mean. This will nest a standard stochastic volatility model, but be much more flexible. We also add an intercept to our model. Thus,
our complete model is given by:

Ays = (1,8%)B; + &, (5)
where 3 is now a 2 x 1 vector containing an intercept and the pass though coefficient. Furthermore,
Bs = :Bs—l + Vs (6)

and v,~N [O,\/d1 (25,251 )Q], The error in the measurement equation, (Eq. (5)), has the form:

5 = G (5,), 7)
where §,~N(0,1),
ar = ar—l + nr (8)

and n,~N {O, dz(z,,zrfl)of]]. The errors, &, v, and 1, are independent at all leads and lags and are independent of one another.
Note that the previous equations involve both s and r subscripts. These denote two different re-orderings in time according to two
potentially different index variables. So, for instance, it is possible that the pass through coefficient varies with the level of
expected inflation, but the conditional variance varies with time (i.e. has a standard stochastic volatility specification). Finally, note

2 Alternatively, it might be the current or lagged level of inflation which should be the index variable. Given the lack of daily data on inflation, this can be
proxied by short-term inflation expectations.
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Table 1
Marginal likelihoods for different orderings.
Index variable for o Index variable for 3 Log of marginal likelihood
t t 2445.7
t ei(>) 2448.7
t |eil>>) — | 2446.6
t eil>>) 24495
t i) — | 2449.7
ei>> t 2413.9
ei>> ei{>>) 2407.0
ei{2>) lei{>®) — | 2418.0
ei>>) eil>> 2401.0
ei?>) i) — | 24114
i) — | t 24215
|eil?3) — 7| eif>>) 2409.1
ei>) — | i) — 7| 24183
ei?>>) — | eif>>) 2405.5
i) — | leit%3) — 7| 24182
ei>>) t 2426.1
eit>%) eil>>) 2419.7
eit%3) i) — 7| 2414.4
eit23) eil>>) 24242
eit®%) i) — | 24224
leif?>) — | t 2420.5
lei{2) — 7| ei{>>) 24214
leil2>) — 7| |eil?>) — | 24258
i) — | eil>>) 2419.0
lei{2) — 7| lei{%3) — 7| 2426.7

that we allow for different distance functions for the conditional mean and variance. Further details of our econometric methods
are given in Appendix A.

4. Empirical results

This section presents empirical results using daily U.S. data from January 2, 2003 through June 9, 2008. We consider five
different orderings (i.e. five different choices for the index variable) and different orderings can apply to the parameters
characterizing the conditional mean and conditional variance. Accordingly, we have 25 different variants of our model. We note in
passing that we experimented with restricted versions of our model where the conditional variance is constant (but nonlinearities
can occur in the conditional mean) and the standard homoskedastic linear model but these models had marginal likelihoods
which were much lower than those considered below (e.g. if we had used them in our BMA exercise they would have received zero
weight, to three decimal places). Hence, we do not present results for them here. Note also that our approach allows for model
selection (i.e. choosing the single model most supported by the data) or model averaging (i.e. averaging across all models with
weights proportional to the marginal likelihoods). We present results using both approaches.

We present results for a subjectively-elicited but relatively noninformative prior. Full details on our priors are provided in
Appendix A. The working paper version, available at http://personal.strath.ac.uk/gary.koop/jkp1.pdf, contains an Empirical Appendix
which presents results for two training sample priors (one using the first 200 observations, the other using the last 200 to calibrate the
prior) and results using different treatments of the distance function. Our results are robust to such changes in priors.

4.1. Model comparison

We begin in Table 1 with evidence on which models are supported by the data. > With regards to the error variance (i.e. o) a
strong story is obtained. Models which allow for stochastic volatility of a conventional sort (i.e. with data in natural time ordering)
clearly receive much more support than any other model (i.e. models with other nonlinear patterns in their conditional variance).
This is consistent with time variation in the conditional variance capturing time varying liquidity premiums in the nominal
treasury market relative to the index linked one. But there is some uncertainty over which nonlinear pattern in the conditional
mean fits the data better. The model with the highest marginal likelihood has z; = |ei§2;5]) — 1. Hence, if we select a single model we
would choose the lagged absolute deviation from 7 as our index variable. But there is nearly as much support for some of the other
index variables. Indeed, when doing Bayesian model averaging all of the index definitions for ordering 3, will receive non-
negligible weight (but for c, the natural time ordering will receive virtually 100% of the weight).*

3 For the non-Bayesian reader, note that the logs of marginal likelihoods can be interpreted in a similar fashion to information criteria. E.g., the Schwarz
criterion is an asymptotic approximation to the log marginal likelihood.

4 For the reader interested in other diagnostics of model fit, note that the R? from an OLS regression of Ay, on Ax, is 0.014. For the model which yields the
highest marginal likelihood in Table 1, we find the expected R? (i.e. the R? evaluated at the posterior mean of the parameters) to be 0.082.
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4.2. Features of interest

In this section, we present posterior properties of some features of interest. Given that our theory relates to the pass through
coefficient, 3, and there is overwhelming evidence in favor of stochastic volatility of a standard sort, we will not discuss the
conditional variance.’

Fig. 1 summarizes the posteriors of the pass through coefficients for a benchmark case (the standard TVP model) along with the
two models using the index variables which yielded the highest log marginal likelihoods. These are the cases where z, = ei>™) and
Ze= |ei§2_'51) —11|. For the conditional variance, we always have z,=t (i.e. conventional stochastic volatility) since this receives
overwhelming support from the data. Note that the three panels of Fig. 1 plot the inflation pass through coefficient against the
appropriate index variable so that each panel has a different X-axis. For instance, the upper panel presents results using time as the
index variable and the X-axis is time. The panels contain point estimates (the posterior means) along with credible intervals (the
intervals between the 16th and 84th percentiles of the posteriors).

Note that the inflation pass through coefficient is small everywhere. For no value of any index variable does its point estimate
go above 0.3 and the credible intervals are fairly tight around the point estimate. Thus, there is strong evidence against the
unmoored inflation expectations hypothesis. However, the inflation pass through coefficient is also not constant and near zero as
would be suggested by firmly anchored inflation expectations.

Our results are most consistent with contained inflation expectations. Remember that this hypothesis involved the existence of
an interval, inside which investors expected the Fed to keep inflation. It implied that the inflation pass through coefficient should
decrease near the bounds of the interval. However, near the middle of the interval, the coefficient would be quite large (potentially
even being near one). The results for our most probable model (i.e. the one where |ei§2_'51> — | is the index variable) are consistent
with this pattern (see the bottom panel of Fig. 1). When short-term inflation expectations are near 7 there is a fair degree of
persistence (i.e. the inflation pass through coefficient is around 0.2), but if they deviate more than one percent from 7 then the
persistence vanishes (i.e. the pass through coefficient is virtually zero). This pattern is also consistent with a less rigid form of the
contained inflation expectations hypothesis where investors believe that the Fed will not act strongly to correct small deviations
from 1 (e.g. less than 1% deviations), but will increasingly tend to act as deviations become larger. In summary, if we select a single
model with the highest marginal likelihood, we are not finding evidence for either unmoored or firmly anchored inflation
expectations, but rather something in between where inflation expectations are contained.

Fig. 2 presents point estimates of the inflation pass through coefficients, but averaged over all models (and plotted with the X-
axis ordered in three different ways).® Note that, unlike Fig. 1, the three panels in Fig. 2 do not correspond to different models, but
instead are presenting the same information but ordered in different ways. In the bottom panel of Fig. 2 we see again the pattern
consistent with contained inflation expectations.

Figs. 1 and 2 highlight two qualifications of this story. First, results using z=ei>"] as the index variable indicate that the pass
through coefficient is near zero when short-term inflation expectations are low (i.e. below ), but is higher when they are high (above
). We stress that this index variable yields a lower marginal likelihood than using |ei§2;51) — T/, so we place less weight on this model.
Nevertheless, it suggests that the evidence of contained inflation expectations is mostly coming from periods where eigz_'sl) <. Looking
at the raw data, T is approximately the mean of ei{>™, the distribution of ei{>> about this mean is asymmetric with more extreme
deviations occurring below than above the mean. Itis these larger deviations below the mean (which often occur near the beginning of
our sample) which are playing a large role in our finding of contained inflation expectations.

Second, the results using z, = t (a model which, of the three plotted in Fig. 1, has much the lowest marginal likelihood) indicate
that the inflation pass through coefficient was lower at the beginning of our sample period. This is consistent with the final
statement in the preceding paragraph.

These results are obtained using a subjectively-elicited, but relatively noninformative prior. In order to investigate possible
prior sensitivity, we have also produced results using two training sample priors which are available in the working paper version.
Here we note that the basic story outlined above is robust. That is, we are finding no evidence for either unmoored or firmly
anchored inflation expectations. Inflation expectations do seem to be better characterized as being contained. However,
observations at the beginning of the sample do play a disproportionate role in this finding.

5. Conclusions

In this paper, we have investigated the relationship between short-term and long-term inflation compensation. This
relationship is a crucial determinant of the dynamics of the nominal term structure. We focus on the inflation pass through
coefficient which measures how changes in short-term expectations impact on long-term expectations. We use a flexible
parametric approach which allows this pass through coefficient to vary over time or vary with the level of short-term inflation
expectations or vary with absolute deviations of inflation expectations from a central value. Furthermore, the relationship
between the pass through coefficient and any of these index variables can have virtually any functional form.

> The working paper version of this paper, available at http://personal.strath.ac.uk/gary.koop/jkp1.pdf provides empirical results relating to the error variance.
6 The rather irregular patterns of the posterior means in some places are due to our averaging over models which order the data in very different ways. To keep
the graphs uncluttered we do not include credible intervals (their approximate width is similar to those in Fig. 1).
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Fig. 1. Posterior means of pass through coefficient for models with different index variables (with 16th-84th percentile bands).
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Fig. 2. Posterior means of pass through coefficient. averaged over all models. plotted against different index variables.
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Our empirical results indicate that, although there is a fair degree of model uncertainty, the most support goes to a model
where the inflation pass through coefficient depends on the absolute deviation of short-term inflation expectations from a central
value and that the shape of this relationship is consistent with a theoretical model of contained inflation expectations. This finding
is important for various policymakers and financial market participants for many reasons. For financial economics, it sheds light on
financial market participants' beliefs about future inflation which strongly influences the nominal term structure of interest rates.
Assumptions about how inflation expectations are formed also play an important role in many theoretical models in finance and
macroeconomics. For the central banker, an understanding of the effectiveness of its inflation-fighting credentials is crucial in the
formulation of monetary policy.

Acknowledgements

We would like to thank seminar participants at the Universities of York and Zurich and the Einaudi Institute for Economics and
Finance. The authors would like to thank the Leverhulme Trust for financial support under Grant F/00 273/].

Appendix A. Technical appendix

The Markov chain Monte Carlo (MCMC) algorithm for the flexible parametric model is fully described in Koop and Potter
(2007) and the reader is referred there for complete details. Here we just sketch out the basic ideas. The advantage of our approach
is that we can draw upon standard state space algorithms. We begin by describing how to do MCMC for a given choice of two index
variables (one controlling variation in the conditional mean, the other in the conditional variance).

The model is given in (Eq. (5)), (Eq. (6)), (Eq. (7)) and (Eq. (8)). To draw B, for t=1, ..., T (or when we re-order the data, 3; for
s=1,.., T), we use the algorithm of Durbin and Koopman (2002). We use the algorithm of Kim et al. (1998) (when necessary using
suitably re-ordered data) to draw o for t=1, ..., T (or ¢, for r=1, .., T when we re-order the data).

For Q and 0772 we use inverted Wishart and Gamma priors, respectively. Note that, conditional on the states, the state
equations reduce to simplified variants of linear regression models. Thus, for our priors and conditional on draws of the states, the
posterior for Q takes the usual inverted Wishart form (see, e.g., Koop, 2003, pages 140-141) and the posterior of oy, 2 takes the
usual Gamma form (see, e.g., Koop, 2003, pages 61-62).

For any given ordering, we need to draw the parameters of the distance functions. The number of parameters in these is only
four. That is, we have a piz and a o3 for the distance function in (Eq. (6)) as well as (Eq. (8)). Random Walk Chain Metropolis—
Hastings algorithms (see, e.g., Chib and Greenberg, 1995) work well in low-dimensional models such as this and we use such an
algorithm. Koop and Potter (2007) give the formulae for the acceptance probabilities.

The preceding material described our MCMC algorithm, given a particular choice of index variables. To average over index
variables (or select a particular choice), we must calculate the marginal likelihood for each choice. We use the approach of Gelfand
and Dey (1994) to do so.

With regards to the prior, we use a subjective (but relatively noninformative) prior as well as two training sample priors. The
subjective prior is similar to that motivated in Koop and Potter (2007) and the reader is referred to that paper for a detailed
justification. Note that all of our models have the same dimension, so some problems with the use of relatively noninformative priors
(e.g. Bartlett's paradox) do not arise. The key priors are those for the initial conditions, the error variances in the state equations
and _those for the parameters of the distance functions. For these, we use the same priors for every choice of index variables.

In particular, we assume priors of the form”:

Q~iW(Q.q).

O,

n ~ G(QTVQT])?

OL] ~ N(Qv!u)ﬁ
Bl NN( Bv![{)*,

Mg ~N(

=
1<

")
and

052 ~G(ag,by).

The subjective prior is obtained setting @« = — 5, Vo = 10, p = 0and Vp = 10°I,. Furthermore, a,, = 400, b,, = 2, ¢ = 50
and Q = 0.001 0.000 o N
= 0.000 0.005 |

7 The Gamma is parameterized so that G(a,b) has mean a,b and variance ab?. The inverted Wishart is parameterized so that iW(A,a) has an expected value

——_ where p is the dimension.
a-p-1
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For the training sample priors, we use either the first or the last 200 observations. Based on OLS results using either training
sample we specify the prior parameters for the initial conditions as o = log (GéLs), Vo =10, B = Pgis and Vg = 10var(PBgs). We
then set ay = 400, by = 2, ¢ = 50 and Q = 0.01(50 — 3)var( Bgys).

The hyperparameters of both distance function priors are the same for the training sample priors and the subjective prior and
setat u =0, V, =1,4a4=10and by =1.0.

Appendix B. Data appendix

Inflation compensation is calculated using interest rates on nominal and inflation-indexed bonds. Let r{" be the real interest
rate on an h-period bond (i.e. the real return that an investor requires to lend money at time t in return for a payment h years in
the future) and i{ be the nominal interest rate on an h-period bond. These are taken from the U.S. real and nominal Treasury
security yields (from the TIPS market). Potter and Rosenberg (2007) provide more detail of the calculations and a discussion of the
TIPS market. These variables reflect the total return between the present and m periods in the future. Using these returns, we can
calculate inflation compensation between h; and h; periods in the future as:

(hy) _ r(hz)) _ h] (i(hl) _ r(hl))

i(hl-hz) — hy (i
hy —h;

e

We define long-term expected inflation as 9 to 10 years and short-term expected inflation as 2 to 5 years (i.e. y =ei®!? and
x=ei®>)). Our data runs from January 2, 2003 through June 9, 2008. The choices of starting date and 2-5 (9-10) as our definitions
of short-term (long-term) are motivated by our desire to use data from highly liquid markets.
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