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Inflation Forecasting

James H. Stock and Mark W. Watson*

Forecasting inflation is one of the
core responsibilities of economists at cen-
tral banks and in the private sector, and
models of inflation dynamics play a cen-
tral role in determining monetary policy.
In this light, it is not surprising that there
is a long and rich literature on inflation
dynamics and inflation forecasting.

A recurring theme in this literature is
the usefulness — or not — of the Phillips
curve as a tool for forecasting infla-
tion. Phillips! originally documented
an inverse relation between the rates of
wage inflation and unemployment in the
United Kingdom. Samuelson and Solow 2
extended “Phillips’ curve” to US. data
and to price inflation. The Phillips curve
remains at the core of modern specifica-
tions, which additionally include expec-
tations of inflation, often use activity
variables other than the unemployment
rate, and incorporate sluggish inflation
dynamics. Indeed, the central price deter-
mination equation in modern dynamic
stochastic general equilibrium models,
the New Keynesian Phillips Curve, is a
direct descendant of the original Phillips
curve, augmented to incorporate for-
ward-looking inflation expectations and
with a real activity measure serving as a
proxy for real marginal cost.

This resecarch summary reviews our
work of the past fifteen years on infla-
tion forecasting using small, stand-alone
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Fluctuations and Growth and members
of the NBER’s Business Cycle Dating
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Economics Department. Watson is the
Howard Harrison and Gabrielle Snyder
Beck Professor of Economics and Public
Affairs at Princeton University. Their
Profiles appear later in this issue.
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Figure 1—The rate of unemployment (upper lines) and the four-quarter rate of core PCE inflation
(lower lines) over six U.S. slumps since 1960, with means (dashed lines) and + one standard devia-
tion bands (dotted lines). The rates are expressed as deviations from their values at the NBER-dated
peak. The horizontal axis is scaled so that the NBER-dated peak occurs at date 0 and the unemploy-
ment rate peaks at date 1. In the postwar U.S., recessions and their aftermath experience disinflation.

models. Most of this work revolves
around the use of real economic activ-
ity to forecast inflation, to which we
refer broadly as Phillips curve models,
although other forecasting frameworks
(such as incorporating monetary aggre-
gates) are also considered.

Our research on inflation forecast-
ing and inflation dynamics leads us to
two broad conclusions. First, there are
important regularities in the inflation-out-
put relation. In particular, in the post-
war United States, recessions are times of
disinflation. This regularity was behind
the deflation scares of 2002-3 and 2009-
10. Figure 1 plots the rate of unemploy-
ment and the four-quarter rate of core
PCE inflation for six US. slumps from
1960 to the present, labeled by the NBER-
dated cyclical peak. The plotted rates are

deviated from their values at the respec-
tive NBER-dated peak; the vertical axis is
scaled so that all recessions have the same
increase in the unemployment rate; and
the horizontal axis is scaled so that the
total time span is twice the time between
the start of the recession and the peak of
the unemployment rate. The mean paths
of the unemployment rates and inflation
are shown as dashed lines, and the dotted
lines are + one standard deviation bands3.
Over these six recessions and recoveries,
by the time the unemployment rate peaks,
inflation has fallen on average by 0.37 per-
centage points for each percentage point
increase in the rate of unemployment.
Second, we conclude that despite
this evident regularity, inflation dynam-
ics and inflation forecasting models
exhibit considerable instability. Such
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instability is unsurprising, given the
substantial changes in monetary policy,
unionization, globalization, and other
aspects of the U.S. economy that are rel-
evant to price-setting. Indeed, Figure
1 suggests one important aspect of this
instability: the rate of inflation fell by
less following the NBER-dated peaks of
2001Q1 and 2007Q2 than it did on aver-
age during earlier the previous five reces-
sions. A leading explanation for the more
muted response of inflation over the two
recent recessions is that monetary policy
has succeeded in anchoring inflation-
ary expectations. However, because both
disinflationary episodes started at low
levels, another candidate explanation is
resistance to nominal wage declines.

Time Variation in Inflation
Forecasting Models

The first step towards handling
instability is admitting that you have
a problem. Providing formal statisti-
cal evidence of instability entails the
use of a variety of methods, includ-
ing tests for in-sample breaks, tests for
breaks at the end of the sample, and
pseudo out-of-sample forecast compar-
isons. We have undertaken such analy-
ses in a number of studies over the past
fifteen years; while forecasting mod-
els for other macroeconomic variables
also exhibit structural instability?, rela-
tions involving inflation are particularly
problematic. This instability extends
beyond Phillips Curve models, indeed
models using asset prices® or monetary
aggregates® appear even more unstable
than ones based on aggregate activity.

In a 2008 paper, we showed that
there are some meaningful patterns
in the instability of the output-infla-
tion relation”. In particular, the per-
formance of Phillips curve forecasts
is episodic: as Atkeson and Ohanian
forcefully demonstrated?, it was quite
difficult to best naive univariate fore-
casting models during much of the
Great Moderation period. But, as sug-
gested by Figure 1, Phillips curve fore-
casts add value during recessions and
their aftermath.
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The Time-Varying NAIRU

In earlier work, we focused on time
variation that entered through move-
ments in the NAIRU (the non-acceler-
ating inflation rate of unemployment).?
The NAIRU is the rate of unemploy-
ment at which there is no tendency
for the inflation rate to increase or to
decrease, and the unemployment gap
is the deviation of the unemployment
rate from the NAIRU. The NAIRU
plausibly changes over time because
of changes in demographics, in meth-
ods of job search, and in other features
of the US. economy. A time-varying
NAIRU can be estimated by introduc-
ing time variation into the intercept of
a Phillips curve. In a series of papers,
we developed methods for estimating a
time-varying NAIRU!®11 and its stan-
dard error, and these methods were
used and further developed by Robert
J. Gordon!2 and others. One flexible
method is to model the NAIRU as an
unobserved, or latent, process that fol-
lows a random walk. In related method-
ological work, we developed methods
for estimating the variance parameter
governing the magnitude of the innova-
tions for this random walk!3.

Empirically, we found that there
has been considerable variation in the
NAIRU in the United States over the
past fifty years. Confidence intervals
for the NAIRU are quite wide, typi-
cally exceeding plus or minus one per-
centage point of unemployment. These
intervals are widest towards the end of
the sample because we do not have the
data on future inflation needed to pin
down today’s NAIRU.

The unemployment rate is only
one measure of ecconomic activity.
This observation raises the question of
which of the many candidate measures
of economic activity one should use for
inflation forecasting. One approach is
to use very many such predictors, but
with statistical discipline that avoids
over-fitting. To this end, we developed
a dynamic factor model (a method
for handling high-dimensional datas-

ets particularly well suited to macro-

economic data) to construct an activ-
ity index for forecasting inflation!4.
The Chicago Fed currently produces
and publishes this monthly index of 85
activity variables as the Chicago Fed
National Activity Index (CFNAI)!5.

Time-varying Expectations
Anchoring

In addition to time variation aris-
ing from an evolving NAIRU, the per-
sistence of U.S. inflation varies over
time. This is consistent with the notion
suggested by Figure 1 that inflation
expectations have been better anchored
over the past decade than earlier. We
found that this changing persistence
can be captured in a simple parsimoni-
ous univariate time-series model that
performs well across different inflation
regimes'®. According to the model,
unexpected changes in the rate of infla-
tion during the 1970s and early 1980s
were quickly incorporated into infla-
tionary expectations. In contrast, dur-
ing the past 15 years inflation expec-
tations, and thus inflation itself, have
responded far more sluggishly to an
inflation surprise.

When this univariate model of
time-varying expectations anchoring is
merged with measures of economic
activity, the result is a Phillips curve
in which the dynamic effect on infla-
tion of an exogenous change in activ-
ity depends on the degree of expec-
tations anchoring. Figure 2 (which
extends Figure 14 in Stock and Watson,
2010) shows a dynamic simulation of
a Phillips curve model (dashed line)
using a “recession unemployment gap”
and a single standard error confidence
band (dotted lines). The model param-
eters used to compute the predicted
path and standard error bands date
from August 2010, while the actual
data are through 2011Q4 for unem-
ployment and 2011Q3 for core PCE
inflation, so the final five quarters of
the plot in Figure 2 provide a true out-
of-sample test of the model. In the
published model, strong expectations
anchoring leads to muted disinflation




during slumps. As can be seen in Figure
2, this model captures the modest dis-
inflation we experienced subsequent to
the 2007Q4 recession.

Ongoing Research Questions

Many important questions remain.
One is how to develop a single Phillips
curve forecasting model with explicit
time variation, with the goal of outper-
forming univariate models during reces-
sionary episodes and performing at least
as well otherwise. In current work, Stella
and Stock make some positive steps
towards this goall”.

An important remaining question
is whether we can ascertain why the dis-
inflations following the 2001Q1 and
2007Q4 recessions were so muted. The
easy answer is anchored expectations
and greater confidence in the conduct of
monetary policy. It is, however, incum-
bent on researchers to question the easy
answers and to rule out other proximate,
coincidental causes, such as exchange
rate movements (as occurred in 2003—4)
and energy price increases (as occurred
in 2010-11). Our work on these and
related issues of inflation forecasting and
inflation dynamics is onoing.
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Wealth After Retirement

Steven Venti*

Over the past two decades, the
aging of the “Baby Boomers” has focused
attention on how members of this gen-
eration accumulated assets during their
working years. Now that the leading
edge of this group has passed into retire-
ment, the focus of researchers — as well
as policymakers and the financial ser-
vices industry — is shifting to the draw-
down of financial resources in later life.
My recent research, much of which is
co-authored with James M. Poterba and
David A. Wise, focuses on the factors
that shape the age profile of wealth after
retirement. The goal of this work is to
better understand what households do
with their assets after retirement and,
in particular, to understand how asset
draw-down decisions are affected by
health, education, and the structure of
public and private annuities.

*Venti is a Research Associate in the NBER's
Program on the Economics of Aging and
the DeWalt Ankeny Professor of Economic
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appears later in this issue.
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Wealth at Retirement

Retired households depend primar-
ily on three sources of financial support
in retirement: benefits from the Social
Security system; payments from pri-
vate defined benefit (DB) pension plans;
and withdrawals from houschold sav-
ings, including withdrawals from per-
sonal retirement accounts (PRAs) such
as IRAs, Keoghs, 401(k)s and simi-
lar defined contribution plans. Benefits
from Social Security and DB pensions
are in the form of annuities that pro-
vide a stream of payouts until death.
Assets held in PRAs or financial assets
held outside of retirement accounts are
typically not annuitized and are instead
spent or saved at the owners’ discretion.
In a recent paper, we describe the bal-
ance sheets for houscholds headed by
someone between the ages of 65 and
69 in the 2008 wave of the Health and
Retirement Study (HRS).! To facili-
tate comparison of the various portfo-
lio components, we capitalize Social
Security and DB pension payouts.
Averaged over all households, the cap-
italized value of Social Security ben-
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efits accounts for about one-third of
all household wealth and housing and
other real estate account for another
one-quarter of wealth. The capitalized
value of DB pension benefits, assets
held in PRAs, and financial assets held
outside PRAs each account for an addi-
tional 10 to 15 percent of total wealth.
These averages hide substantial dif-
ferences in both the level of total wealth
and its composition. At the 90th percen-
tile of the wealth distribution, financial
assets (including PRAs) and DB pen-
sion wealth account for over half of all
balance sheet wealth and Social Security
is relatively unimportant. At the other
extreme, in the lower part of the wealth
distribution, many houscholds have few
assets outside of Social Security and
housing. Half of all houscholds headed
by someone between 65 and 69 had
total financial assets, including 401(k)s
and IRAs, of less than $52,000 in 2008.
Thus, a large fraction of households have
few assets, with the possible exception of
housing equity, to supplement annuity
income — primarily Social Security —in
retirement. For example, only 47 percent
of these households have sufficient finan-




