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Abstract

This paper develops a framework for analyzing individual forecasters’ inflation expec-
tations across different horizons. We show that inflation expectations are well captured
by two factors, level and slope, and decompose expectations into contributions from long-
term beliefs, public information, and private information. Our model uniquely captures
heterogeneous responses to public information and how these responses amplify disagree-
ment. Estimating the model with Survey of Professional Forecasters data, we find that in
normal times, long-horizon disagreement is primarily driven by long-term beliefs, while
short-horizon disagreement arises from private information. However, during economic
downturns or periods of high uncertainty, heterogeneous responses to public information
become the primary driver of disagreement across all horizons. The Fed’s response to news
reduces disagreement over public information, but not over private information or long-term
beliefs. When disagreement about public information is high, monetary policy responses
are delayed and a price puzzle emerges, underscoring the importance of clear monetary
policy communication for anchoring inflation expectations. During the COVID-19 pandemic,
disagreement over long-run inflation expectations based on public information was smaller
and shorter-lived than during the Great Recession, indicating better-anchored long-run

expectations.
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1 Introduction

Stable inflation expectations are essential for achieving the Federal Open Market Committee’s
(FOMC) dual mandate of price stability and full employment. Anchored expectations play a
crucial role in measuring the slope of the Phillips curve (e.g., McLeay and Tenreyro, 2020; Hazell
et al., 2022; Fitzgerald et al., 2024) and in shaping monetary policy design and effectiveness (e.g.,
Mertens and Williams, 2019; Clarida, 2021). While economists and policymakers traditionally
focus on consensus forecasts to assess expectation anchoring, we argue that disagreement in
inflation expectations provides an important metric. When expectations are well anchored,
forecasters should largely agree on future inflation, resulting in low and stable disagreement.
During the Great Recession and COVID-19 pandemic, consensus long-run inflation expectations
remained low and stable, but disagreement fluctuated markedly, reaching levels comparable
to or exceeding those of the early 1990s, a period of high and volatile inflation. Given that
professional forecasters are typically better informed about macroeconomic news than other
agents, varying disagreement levels may serve as an independent gauge of expectation anchoring,
complementing consensus forecasts.

To assess the degree to which expectations are anchored and the role of monetary policy in
anchoring them, we jointly consider disagreement across forecasting horizons and the sources of
that disagreement. The source matters: disagreement stemming from public information about
monetary policy can be reduced through policy communication and action, while disagreement
stemming from private information or individual long-run beliefs is less influenced by policy.
To formally analyze disagreement, we introduce a novel empirical model of the individual term
structure of inflation expectations, allowing it to vary across forecasters and over time. We then
decompose changes in disagreement across horizons into contributions from individual long-
term beliefs, private information, and public information at each point in time. We empirically
demonstrate that the public information component is closely tied to monetary policy, particu-
larly the Fed’s response to news, and that disagreement about public information significantly
reduces monetary policy effectiveness and generates a price puzzle. Our approach sheds light on
the public information channel through which monetary policy anchors expectations, identifies
periods of weak anchoring, and highlights the importance of anchored expectations for the
effectiveness of monetary policy.

Specifically, we extend the Nelson and Siegel (1987) term structure model to individual
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inflation expectations in the Survey of Professional Forecasters (SPF). We model each forecaster’s
expectations using two factors: the level, representing long-run expectations, and the slope,
capturing the difference between the nowcast and long-end forecasts. This individual-level term
structure model recovers the full trajectory of inflation forecasts across all horizons using only
two factors, despite incomplete data on forecasting horizons.

These two factors provide a comprehensive basis for assessing anchored inflation expecta-
tions. Previous studies have examined either long-run inflation expectation levels (e.g., Fisher
et al., 2022) or the resilience of long-run expectations to inflationary shocks (e.g., Bundick and
Smith, 2020; Coibion and Gorodnichenko, 2025a). The former approach, level anchoring, is
silent on how recent inflationary shocks affect near- and medium-term expectations, which
is important for designing and implementing monetary policy. The latter, path anchoring,
does not address where long-term expectations ultimately settle. Our model jointly captures
both dimensions and assesses anchoring along each, using both consensus expectations and
disagreement.

We find that the cross-sectional mean of the level factor closely tracks consensus long-run
inflation expectations and the inflation trend from Stock and Watson (2016). The level factor
declined throughout the 1990s and remained low and relatively stable from 2000 onward, suggest-
ing well-functioning level anchoring. The mean slope factor is stationary, effectively offsetting
transitory inflation fluctuations and preventing their pass-through to long-run expectations.
This reflects well-functioning path anchoring: regardless of short-term inflation movements, the
estimated consensus slope adjusts to maintain long-term stability. During the Great Recession,
both mean factors increased in the latter half of the downturn, reflecting modest de-anchoring
of long-run expectations and heightened near-term deflation concerns. However, both factors
declined afterward, indicating resilient inflation expectations. During COVID-19, mean level
factor fluctuations were muted relative to the Great Recession, whereas the mean slope factor
exhibited a pronounced swing, capturing the pandemic’s unprecedented inflation volatility. De-
spite large recessionary shocks, consensus estimates suggest that both level- and path-anchoring
have remained effective since 2000.

However, disagreement offers a more nuanced perspective. Disagreement about both factors
increased substantially during the Great Recession, its aftermath, and the COVID-19 pandemic.
In particular, disagreement about the two factors during the Great Recession and its aftermath,

and disagreement about the slope during the pandemic, exceeded early 1990s levels when
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inflation was considered nonstationary. Elevated disagreement about the level factor persisted
for several years after the Great Recession, reflecting divergent views on post-recession inflation,
the consequences of quantitative easing, and uncertainty about the slope of the Phillips curve
(e.g., Forbes, 2008; Ball and Mazumder, 201 1.t During COVID-19, long-run disagreement
increased only moderately, while disagreement about the slope spiked during the run-up in
inflation, exhibiting the sample’s largest dispersion. This suggests professional forecasters’ long-
run expectations were better anchored during the pandemic than during the Great Recession,
while near- to medium-term views diverged sharply over how much large inflationary shocks

would affect inflation.?

The stark contrast between consensus forecasts and disagreement
illustrates how disagreement serves as an independent anchoring indicator.

We further identify the information sources of disagreement, which have direct implications
for the effectiveness of monetary policy communication. Forecasters typically disagree because
of differences in long-term beliefs and varying interpretations of public and private information
(e.g., Coibion and Gorodnichenko, 2012; Farmer et al., 2021). If forecasters rely solely on long-
term beliefs and private information, monetary policy, which is a form of public information,
would have limited anchoring effects. Thus, identifying the portion of forecasts attributable to
each source is critical for assessing how effectively monetary policy can anchor expectations.

We estimate a Bayesian dynamic factor model to capture each individual’s level and slope
factors, which has an unbalanced panel structure with missing observations inherited from the
SPE We decompose each forecaster’s term structure into components attributable to individual
fixed effects, common factors, and idiosyncratic components, and interpret them economically
as individual long-term beliefs, public information, and private information. This allows us
to break down the entire distribution of individual forecasts across horizons by information
source at each point in time. Our noisy information model offers a realistic characterization
of professional forecasters’ behavior, building on the idea that inflation forecasts are based
on projections of trend and transitory components (e.g., Stock and Watson, 2016) shaped by

individual long-term beliefs, private information, and public news. Conceptually, forecasts

'Some held the view that inflation would run away because of the amount of liquidity provided monetary policy,
while others expected the U.S. to experience sustained low inflation similar to Japan (Forbes, 2008). Relatedly, some
argued that the Phillips curve was flat, while others argued that the Phillips curve was still steep with the correct
empirical model (Ball and Mazumder, 2011).

2The improved anchoring of long-run inflation expectations may reflect the announcement of the 2 percent
numerical inflation target in 2012. Bundick and Smith (2020) also provide evidence that the target likely contributed
to anchoring expectations after its adoption.



of trend and transitory inflation components correspond to the level and slope factors in our
term structure model based on the Beveridge and Nelson (1981) decomposition, while the three
information sources align with the dynamic factor structure underlying expectation formation.
This establishes a direct analogy between the empirical and structural models, providing novel
insights into the forecast dispersion of professional forecasters.

A key feature of our model is that forecasters have heterogeneous responses to public news,
which are captured by forecaster-specific loadings on the common component. The dispersion
of individual loadings causes public news to become a significant source of time-varying dis-
agreement, departing from previous dispersed information studies (e.g., Herbst and Winkler,
2021).% Our noisy information model shows that heterogeneity in responses to public informa-
tion stems from forecaster-specific Kalman gains, reflecting differences in forecasters’ models
of inflation’s trend and transitory components. By structurally and empirically decomposing
each forecaster’s expectations into contributions from three information sources, our model
reveals how public information, including monetary policy and key data releases, shapes the
evolving distribution of the term structure of inflation expectations. These insights offer valuable
guidance for designing effective communication strategies and forward guidance.

We find distinct roles for each information source in disagreement across forecasting hori-
zons. Long-term beliefs drive long-run disagreement, and private information drives short-run
disagreement, both accounting for the bulk of disagreement in normal times. However, public
information emerges as a key driver of heightened disagreement during recessions and elevated
inflation uncertainty, primarily because of heterogeneous reactions to public news. This sug-
gests that increased disagreement, combined with the prominent role of public information,
signals an elevated risk of weakened expectation anchoring during turbulent times. The greater
dispersion from public information could reflect both divergent interpretations of public news
and increased attention to it.

This implies that effective monetary policy action and communication are critical for sta-
bilizing inflation expectations during periods of heightened disagreement. We show that the
Fed’s response to news (Bauer and Swanson, 2023) reduces disagreement attributable to public

information, but not that attributable to private information or long-term beliefs. This high-

3A few recent studies adopt similar approaches. Kim (2023) allows forecasters to respond differently to funda-
mental economic shocks by using distinct forecasting models. Similarly, Fisher et al. (2022) permit heterogeneous
forecast revisions in response to a common signal, analogous to our public news, although they assume a shared
model of inflation dynamics among forecasters.



lights monetary policy as an important component of public information that professional
forecasters closely monitor.? Because of the increased role of public information in heightened
disagreement, timely and effective monetary policy communication can help anchor expecta-
tions through the public information channel, particularly during recessions and periods of
volatile inflation.

These findings illustrate a direct link between the effectiveness of monetary policy and the
information sources of disagreement about future inflation. When public information is the pri-
mary source of disagreement, the economy’s response to monetary policy shocks is delayed, and
a price puzzle emerges. Conversely, when non-public information, such as private information
and long-term beliefs, drive disagreement, monetary policy has rapid and statistically signifi-
cant stabilizing effects. This result remains robust when including individual-level uncertainty
and monetary policy uncertainty among other controls, suggesting that disagreement reflects
more than just forecasters’ perceived uncertainty. This indicates that firmly anchored inflation
expectations are a prerequisite for effective monetary policy transmission. Our analysis has
important implications for the literature on the effectiveness of monetary under disagreement
(e.g., Andrade et al., 2019; Falck et al., 2021; Dong et al., 2024). While prior studies focus solely
on heterogeneous beliefs or disagreement itself, we highlight the importance of identifying
the information sources of disagreement when assessing expectation anchoring and its role in
monetary policy transmission.

This paper contributes to the expectation formation literature in several ways. First, we are
the first to extend Nelson and Siegel (1987)’s model to individual-level data by jointly estimating
individual parameters using a Bayesian approach. We show that individual term-structure factors
map directly to forecasts of inflation’s trend and transitory components in a noisy information
model, with direct implications for both level- and path-anchoring. Second, our Bayesian
dynamic factor model decomposes distributional changes in forecasters’ expectations across
all horizons into components from three distinct information sources. Public information
serves as the key channel through which monetary policy communication shapes and anchors
expectations. The factor structure of the noisy information model reveals that heterogeneous
responses to public information reflect differences in forecaster-specific Kalman gains and their
interactions with fundamental shocks and information noise. We empirically evaluate the relative

contributions of individual long-term beliefs, public information, and private information within

“Relatedly, Andrade et al. (2019) show that forward guidance reduces the degree of heterogeneous beliefs.
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a unified framework, whereas previous studies typically examine these sources in isolation.
Our analysis reveals that disagreement among heterogeneous responses to public information
plays a central role in anchoring expectations. Finally, we show that public-information-driven
disagreement about future inflation is a critical factor in the transmission of monetary policy
and the emergence of the price puzzle.

The remainder of this paper is organized as follows. Section 2 reviews the relevant litera-
ture. Section 3 discusses the Survey of Professional Forecasters data. Section 4 introduces the
individual-level parametric model for the term structure of inflation expectations. Section 5
presents the estimation results. Section 6 introduces a noisy information model that decom-
poses each forecaster’s inflation projection into long-term belief, private information, and public
information contributions. Section 7 shows how to decompose disagreement about inflation
expectations into contributions from the three information sources. Section 8 analyzes how
disagreement attributable to public and non-public information sources affect monetary policy

effectiveness. Section 9 concludes.

2 Literature Review

Our paper contributes to multiple strands of literature concerning expectation formation and an-
chored inflation expectations for monetary policy. Recent studies focus on modeling individuals’
inflation expectations (e.g.,Herbst and Winkler, 2021; Fisher et al., 2022), but none jointly model
both short-term and long-term inflation expectations at the individual level with individual
factors that correspond to the trend and transitory variations in inflation. Herbst and Winkler
(2021) and Kim (2023) concentrate solely on short-term inflation expectations, while Fisher et al.
(2022) focus on long-term inflation expectations, modeling forecasters’ expectations using a
trend-cycle decomposition based on SPF data. Meanwhile, research on the term structure of
inflation expectations has largely centered on consensus paths (e.g., Aruoba, 2020), overlooking
individual-level trajectories and variations across forecasting horizons. Crump et al. (2023)
estimate a multivariate trend-cycle model, also considering the term structure of expectations
based on consensus expectations from various surveys, rather than individual-level responses.

We use a Nelson-Siegel model to parsimoniously characterize the individual-level term struc-
ture of inflation expectations. Methodologically, our paper is closest to Herbst and Winkler (2021)

and Fisher et al. (2022), as these studies statistically characterize individual-level expectations
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and provide economic interpretations based on dispersed information models. In contrast to
these studies, our model characterizes the complete term structure of inflation expectations by
fitting the response of inflation expectations across all forecasting horizons. We also allow for
heterogeneous responses to public information, unlike Herbst and Winkler (2021).° This enables
us to comprehensively analyze the anchoring process of inflation expectations by studying not
only long-run expectations but also the transition to the long run based on both the consensus
and disagreement, as well as the roles of public and private information at each forecasting
horizon.

Additionally, our paper contributes to the literature on noisy information and learning by
providing a coherent empirical framework that disentangles the contributions of long-run beliefs,
private information, and public information to distributional changes in inflation expectations
across forecasting horizons. Previous studies have examined the roles of public and private
information, long-run beliefs, or prior beliefs as sources of expectation formation (e.g., Patton
and Timmermann, 2010; Andrade et al., 2016; Lahiri and Sheng, 2008; Mackowiak et al., 2023;
Herbst and Winkler, 2021; Farmer et al., 2021; Fofana and Reis, 2024).5 While earlier studies have
focused on one or a subset of these three information sources individually, we develop a unified
statistical framework to evaluate their relative importance in shaping disagreement. To the best
of our knowledge, this paper is the first to recover the role of long-run beliefs, public information,
and private information, in driving disagreement across forecasting horizons using a formal
statistical model.

This paper also contributes to the literature on anchored inflation expectations (e.g., Bundick
and Smith, 2020; Castillo-Martinez and Reis, 2024; Coibion and Gorodnichenko, 2025b). Reis
(2020) develops a parsimonious structural model to characterize discrepancies in inflation expec-
tations between financial markets and households, finding that inflation became increasingly
unanchored from 2014 onward. Meanwhile, Bundick and Smith (2020) analyze the impact of

monetary policy on inflation expectations, as measured by the Michigan Survey of Consumers

SFisher et al. (2022) allow for heterogeneous responses to public information.

SFor example, Lahiri and Sheng (2008) develop a theoretical Bayesian learning model in which experts’ forecasts
are shaped by their long-term beliefs and their interpretations of public information. This model accounts for
the evolution of both within-forecaster variability and between-forecaster disagreement in GDP projections over
various forecast horizons. Patton and Timmermann (2010) find that the key source of persistent disagreement stems
from heterogeneity in priors and show that the differences in opinion move countercyclically. Farmer et al. (2021)
document the importance of long-term beliefs in the formation of macroeconomic expectations by professional
forecasters. The empirical findings of these studies align with ours. Namely, private information is the main source
of short-term disagreement but long-term beliefs are the primary driver of long-run disagreement.



and TIPS break-even rates, finding that inflation expectations became more anchored follow-
ing the announcement of an explicit inflation target in 2012. Bundick and Smith assess the
degree of anchoring by examining the path from near-term expectations to long-run expecta-
tions only, focusing on whether short-run deviations revert to the long-run target. Coibion and
Gorodnichenko (2025b) measure the degree of households’ anchoring based on the association
between short-run inflation expectations and long-run inflation expectations, similar in spirit
to Bundick and Smith. Fisher et al. (2022) also studies anchored inflation expectations, but
their main focus is on long-run expectations. Unlike these studies, we first demonstrate that
disagreement can serve as an independent metric for assessing anchored expectations. Second,
our model jointly characterizes the transition from short-term to long-term expectations and
the level of long-run expectations, thereby capturing both path and level anchoring. Finally,
our model uncovers the role of three distinct information sources in shaping both the path
and long-run level of expectations, identifying which sources enhance or hinder the anchoring
process.

Lastly, this paper relates to recent studies on the interaction between monetary policy and
disagreement among economic agents (e.g., Andrade et al., 2016; Glas and Hartmann, 2016;
Ehrmann et al., 2019).” Ehrmann et al. (2019) show that long-horizon time-contingent and
state-contingent forward guidance effectively reduces disagreement, while short-horizon time-
contingent forward guidance does not. Falck et al. (2021) reveal that a price puzzle arises in states
of high disagreement but disappears in states of low disagreement using state-dependent local
projections. Dong et al. (2024) empirically demonstrate that inflation disagreement weakens
the power of forward guidance and conventional monetary policy, providing a structural model
in which households hold heterogeneous beliefs about the inflation target of the central bank.
Our research differs from recent studies by further identifying the sources of disagreement and
explicitly showing that disagreement attributable to public information is the component that

delays the effects of monetary policy and leads to a price puzzle.

“Andrade et al. (2016) provide empirical evidence for heterogeneous beliefs about forward guidance and an-
alyze the effect of monetary policy in a new Keynesian model. Glas and Hartmann (2016) distinguish individual
inflation uncertainty and disagreement between forecasters, showing that overall disagreement increases during
contractionary policy periods.



3 Data: The Survey of Professional Forecasters

This section discusses inflation expectations data from the Survey of Professional Forecasters.

3.1 Notation

First, we define some notation that we will use throughout the rest of the paper. Denote the
price level at time ¢ by P; (in our case this will refer to the consumer price index). Let 7,_.; be

the continuously compounded inflation rate between time s and time ¢:
Tt =10g(P;) — log(Ps). (D)

Throughout we will work with continuously compounded inflation rates because of their time-
additive properties. Define the forecast, made at time ¢, of the inflation rate between times r and

s, as ;. Finally, let g,—1(f) denote the final quarter of the year prior to the year time ¢ is in.

3.2 Definition of Forecasted Quantities

We collect data on CPI inflation forecasts from the SPE conducted by the Federal Reserve Bank
of Philadelphia. The survey is sent out in the first month of each quarter and responses are
collected around the middle of the quarter, e.g. mid-February in Q1. Survey participants are
asked to forecast the average quarterly level of the CPI (or transformations of this quantity) at

various horizons. The SPF CPI Inflation Forecasts can be broken into 4 categories:

e 1-period backcasts to 4-quarter ahead forecasts of annualized quarter-over-quarter CPI infla-

P 4
100 x [(L”) - 1]
Pt+h—l

tion :

forh=-1,...,4.

* 1 to 3-year ahead forecasts of Q4 over Q4 CPI inflation:

p .
100 x [—‘7“‘1(””’ - 1]

Pgo_1(0+4G-1)

forj=1,...,3.



* Forecasts of average Q4 over Q4 CPI inflation over the next 5 years:

1
5 P 4i 5
100 x || [] =2 |y
i=1 Pgacy(+4(i-1)

 Forecasts of average Q4 over Q4 CPI inflation over the next 10 years:

1
10 p .\
—1(0)+4
100 x || [] 2@ |y
=1 Pgai(+ai-1)

The first type of forecast is what’s known as a fixed horizon forecast and the other three types
are known as fixed event forecasts. We assume that these forecasts correspond to forecasts of
continuously compounded inflation so that they line up with our model specification directly.®

That is, we assume

Piip *
100 x E; —1| =400 X 7T py p-1—t+ht
t+h-1
Py i+4j
100 xE; | 5———— =1 =100 X g, (1)+4(/-1)—gar () +4]1t
qa-1(D+4(j-1)

1

> Py, n+4j |°
100 xE; || [] s L =20 X g,y (—gan (41912
j=1 1 da1(0+4(-1)

10

1
P . 10
Ga-1(0)+4]
100 x E; || [] P“— —1| =10 X T g, (1) Gan (1)+39]1-
j=1 1 qa1(0+4(j-1)

Our sample begins in 1991Q4, which is the first time that forecasts of average Q4 over Q4
inflation over the subsequent ten years become available, and runs through 2025Q1. This is
necessary to be able to estimate the long-end of the term structure. Three-year ahead forecasts
of Q4 of Q4 inflation and forecasts of average Q4 over Q4 inflation over the subsequent five years
first become available in 2005Q3. We restrict our sample to forecasters who report nowcasts
to four-quarter ahead forecasts and either a 5-year or 10-year average forecast in at least one

quarter to ensure that we can identify long-run forecasts.

8This turns out to be a relatively innocuous assumption, see Aruoba (2020) for a discussion.
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Figure 1: SPF FORECAST SUMMARY STATISTICS AND EXAMPLES

4Q-Ahead Forecasts 10Y-Ahead Forecasts
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Notes: The black lines in the upper two panels show the average of inflation forecasts 1 quarter (left panel) and 10
years (right panel) ahead. The colored lines are the forecasts of two forecasters whose IDs are 504 and 510 in the
survey. The bottom two panels report the cross-sectional standard deviation of the forecasts.

Sources: SPF and authors’ calculation.

3.3 Properties of SPF CPI Forecasts

There are 172 unique forecasters in the data set during our sample period. In any given quarter,
there are between 28 and 53 forecasters who report a forecast and a median of 37. Forecasters
remain in the data set for between 1 and 112 quarters with a median tenure of 14 quarters (3 and
a half years).

Figure 1 displays the distribution of 4-quarter ahead forecasts and 10-year ahead forecasts.
The upper panels display the mean (which we will refer to as consensus) of the forecasts and the
projections of two individual forecasters. The upper-left panel shows 4-quarter ahead forecasts
and the upper-right panel reports 10-year ahead forecasts. The gray bars represent NBER
recessions. In the first ten to fifteen years of the sample there is a downward trend in both short-
and long-run inflation forecasts from around 4% to 2%. Short-run forecasts tend to exhibit more
time series volatility than long-run forecasts as they react more strongly to transitory shocks.
The bottom panels also show the cross-sectional standard deviation (which we will refer to as
dispersion or disagreement) of projections four quarters ahead and 10 years ahead. Short-run

forecasts typically exhibit higher dispersion than long-run forecasts, with a notable exception
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Figure 2: THREE TERM STRUCTURES OF OBSERVED SPF FORECASTS

Short-Run Forecasts Long-Run Forecasts
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Notes: The left panel displays short-horizon forecasts, while the right panel displays long-horizon forecasts. The top
panels present a snapshot of SPF forecasts for 2007Q3, the middle panels show the snapshot for 2009Q2, and the
bottom panels display the snapshot for 2022Q3. The black lines capture consensus forecasts. The colored lines
capture the forecasts of two forecasters whose IDs are 504 and 510 in the survey. The dashed lines are the forecasts
at the 5th and 95th percentiles of the distribution.

Sources: SPF and authors’ calculation.

being the early 1990s.

In addition to Figure 1 which captures the aggregate properties of the SPF forecasts, we also
wish to explore how the expectations of the individual forecasters evolve over time. To this
end, Figure 2 plots the reported forecasts over all horizons of two different forecasters for three
different time periods: 1) 2007Q3, 2) 2009Q2 and 3) 2022Q3. The solid black line is the consensus,
and the dashed lines are the 5th and 95th percentiles of the distribution. The three dates reported
in the figure help illustrate the wide variety of shapes the term structure of inflation expectations
can take and how different an individual forecaster can be relative to the consensus. The levels
of forecasts, as well as the trajectories over the forecasting horizons, are all different.

Following Patton and Timmermann (2010), we only keep forecasters who submit 12 or more
forecasts. This allows us to have a higher degree of confidence in our dynamic factor model
decomposition. However, information loss from this treatment is not substantial, as it only

lowers the number of forecasters in a given quarter by a few people on average.
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4 An Individual Term Structure of Inflation Forecasts

In this section, we specify and estimate a model to recover the complete path of inflation forecasts

over a 10-year horizon at each point in time, for all forecasters.

4.1 Model

Following Aruoba (2020), we employ a Nelson-Siegel model for the term structure of inflation

expectations:

1— e—/lih
) ity 2)

Tit—r+hr = Lit— (T
15

where L;; and S;; are forecaster-specific level and slope factors, and the A; are forecaster-specific
shape parameters. Given this representation, the forecast of inflation between any two horizons

hy and h; is given by
-Aihy _ ,—Aihy
e e
) Sit.

Tit+hy—t+holt = Lit — (m
1

Following Diebold et al. (2008), we specify the following decomposition for the factors

Lir=ari+Prili+€Lir 3)

Sir=as,i+Bs,iSt+E€s,it (4)

where L; and, S; are level and slope factors which are common to all forecasters, a; ;, and as;
are forecaster-specific constant terms which govern the overall level of the individual factors,
Pr,i and Bs; are forecaster-specific loadings on the common factors, and ¢, ;; and €5 ;; capture
the purely idiosyncratic components of the individual factors.’

Our goal is to specify a model which can capture rich heterogeneity across forecasters while

remaining parsimonious and interpretable. For this reason, we omit the curvature factor. We

9In this decomposition, we assume that the loadings are time-invariant. In the dynamic factor model, what is
identified is the common component (Dempster et al., 1977), which is the product of the loading and the time-
varying factor. This common component captures forecaster i’s heterogeneous reactions to common shocks.
Therefore, in principle, our model does not preclude time-varying loadings. More importantly, the common compo-
nent enters our measures of disagreement, meaning its contribution—which we interpret as public information in
the following section—incorporates potential time-variations in the loadings. We could allow for slow time variation
in the loading parameters, but this would require identifying assumptions about the dynamic process of both the
loading and the factor to estimate the time-varying loading and factor explicitly. In this paper, we follow the most
standard approach in the dynamic factor model literature—constant loadings and time-varying factors.
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find that curvature plays a limited role in the observed individual-level trajectories of inflation
expectations.'® We also assume A; = A. Since A; primarily determines the peak of the curvature,
this simplification does not have material effects in the estimation given the absence of the
curvature factor.

We assume that the common factors follow independent AR(1) processes:

Li=prLi1+up;:

St=psSt-1+ Us,z. (5)

Since the scale of the common factors and the factor loadings are not separately identified, we
normalize the shocks to the common factors u;, ; and us ; to have unit variance, and we assume
the shocks are uncorrelated.!
ur, s 0 10
~N ) (6)
us, 0 01
In addition, we assume that the idiosyncratic components evolve according to AR(1) processes

which are independent across forecasters.'?

ELit = PLi€Lir-1 1t ULt

€S)it = PS,i€S,it—1 1 US,it (7)

We also assume that the covariance matrix is diagonal, so that the factors evolve indepen-

dently for each forecaster:

2
Urir -N 0 ’ aL,i 0 . (8)
Us,it 0 0 U%,i

10We consider a model specification which includes the curvature factor and AR(3) processes for the factors. Our
empirical results remain robust. These results are available upon request. The curvature component is intended
to capture nonlinearity across forecasting horizons. However, since the slope component is modeled with an
exponential function, it already accounts for some nonlinearity. Including the curvature component neither
improves model fit nor materially alters the results.

HThijs treatment is a standard approach in the literature on dynamic factor models (e.g., Diebold et al., 2008).

12The dynamics of the common and idiosyncratic components can be generalized to follow VARs with additional
lags at minimal computational cost. This makes little difference in the estimated factors and loadings which is why
we stick with AR(1) processes in our baseline specification.
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For parsimony, we make the further simplifying assumptions that py ;, ps,;, O'%y »and 0'3 ; are the
same for all forecasters i and equal to p, fis,07, and 0% respectively.'?

Since the model is specified for continuously compounded inflation at the quarterly fre-
quency, mapping the model predictions to observed SPF forecasts is straightforward. Our model

can be cast as a linear Gaussian state space model of the form

x; =Fx; 1 +u;, u;~N(0,Q) 9)

Ve =py+Hx; +vy, v~ N(O,R) (10)

where X; is a vector of states containing the common and idiosyncratic factors, F captures the
dynamics of the states over time, u, is a vector of forecaster-specific fixed effects, H details the
mapping from the states to the observed forecasts, and Q and R are the covariance matrices of
the innovations to the state equation and the measurement errors respectively. The details of the

state-space representation are presented in Appendix A.

4.2 Estimation

Our baseline model has a total of 431 parameters consisting of

. n
Forecaster-specific means {ay,;, as,i};_,
. . n
* Forecaster-specific factor loadings {81, Bs,i} i1

* Factor autocorrelation parameters py, ps, fr, and ps

Idiosyncratic factor conditional variances 0% and O'%

Shape parameter A

* Measurement error variances o2 ,...,02% ..

13Gee Appendix E1 for more discussion on the modeling assumptions and their implications. Our simplifying as-
sumptions do not imply that the realized idiosyncratic components are identical; rather, the estimated idiosyncratic
components can still differ substantially across individuals. Even with these simplifying assumptions, we have 431
parameters to estimate. While it is in principle possible to allow these parameters to vary across individuals, this
more flexible approach would add more than 200 additional parameters, increasing the uncertainty of the estimates.
Therefore, we believe our current approach strikes a good balance between flexibility and parsimony.

14See Appendix A.2.1 for more details on the measurement equation. In summary, we use one-quarter to four-
quarter ahead fixed-horizon forecasts, along with two-year forward, three-year forward, five-year average, and
ten-year average fixed-event forecasts. For each quarter of the year, the fixed-event forecasts cover different forecast
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The parameter vector is denoted as

L S pL S - = 2 2 2 2 /
0= [al""’an’ﬁl""’ﬁn’erpS’pL’pS’ULJUS’A’Uv,l"“’UU,ZO] .

Since our model is a linear Gaussian state-space model, we employ the Kalman filter to
conduct inference on the latent variables and form the likelihood function. We estimate the

model with a Gibbs sampler, detailed in Appendix B.

5 Estimation Results

This section reports and discusses our results from the estimation of the term-structure model.

5.1 Parameter Estimates

Table 1 reports the median, 5th, and 95th percentiles of the posterior distributions for our model
parameters. In the case of the forecaster fixed-effects and factor loadings a; ;, as,;, f1,i;, and
Bs.i, we report the median, 5th, and 95th percentiles across posterior draws of the average value
across forecasters. The average value of @ ; is consistent with the Fed’s 2% inflation anchor, since
CPl inflation is known to be slightly higher—by about half a percentage point on average—than
core PCE inflation, which the Fed explicitly targets. On average, the term structure of inflation
expectations is upward sloping as indicated by a positive value of as ;. Both the common and
idiosyncratic factors are estimated to be highly persistent, with autocorrelation coefficients of
between 0.72 and 0.94 at the quarterly frequency. Finally, measurement error standard deviations
are estimated to be between 10 basis points (for 10-year average expectations in the first quarter

of the calendar year) and 67 basis points (for one-quarter ahead expectations).

5.2 Consensus

Figure 3 plots the median of the posterior distribution for the smoothed common factors, L7
and Sy r, along with 95 percent credible intervals. Note that both series are normalized so that
their conditional variances are 1. The top panel plots the smoothed common level factor. The

estimate closely tracks variations in long-run inflation expectations. The estimate exhibits a

horizons, resulting in four distinct measurements. Consequently, the measurement model comprises twenty
equations: four from the fixed-horizon forecasts and sixteen from the fixed-event forecasts.
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Table 1: POSTERIOR PARAMETER DISTRIBUTION STATISTICS

Parameter Median 95% CI Parameter Median 95% CI
ar,i 2.3583 [2.2497, 2.4629] Ove 0.2558 [0.2421, 0.2706]
as,i 0.1793 [0.0286, 0.3079] Oy7 0.2132 [0.1992, 0.2279]
Pri 0.1702 [0.1344, 0.2143] Oyg 0.0963 [0.0798, 0.1136]
Bs,i 0.4034 [0.3417,0.4741] Oy9 0.3000 [0.2813, 0.3206]

oL 0.9129 [0.8179, 0.9866] 0,10 0.3204 [0.3011, 0.3416]
0s 0.8206 [0.6766, 0.9519] Oy11 0.2950 [0.2770, 0.3150]
oL 0.9432 [0.9234, 0.9613] Oy,12 0.3271 [0.3085, 0.3473]
Ps 0.7214 [0.6856, 0.7563] 0,13 0.1811 [0.1686, 0.1945]
oy 0.1185 [0.1105, 0.1268] Oy,14 0.1992 [0.1862, 0.2134]
s 0.4319 [0.4143, 0.4499] Oy,15 0.2295 [0.2149, 0.2451]

A 0.1674 [0.1602, 0.1745] 01,16 0.2559 [0.2408, 0.2724]
Oy1 0.6651 [0.6497, 0.6809] Oy,17 0.1900 [0.1787,0.2021]
Oy2 0.4660 [0.4553,0.4771] 0,18 0.1875 [0.1760, 0.1995]
0y3 0.4379 [0.4280, 0.4480] Oy19 0.1740 [0.1627, 0.1859]
Oya 0.4374 [0.4277,0.4474] 01,20 0.2147 [0.2024, 0.2276]
Oys5 0.2656  [0.2523, 0.2800]

Notes: The “Median" column reports the posterior median of the corresponding parameter and the “95% CI"
column reports the parameter’s 95-percent credible interval. For the parameters ay ;, as,;, fr,;, and Bs ;, the table
reports statistics for the average value across forecasters.

Sources: Authors’ calculation

sharp downward trend in the 1990s and then stays low and relatively stable from 2000 onward.
This observation suggests that long-run inflation expectations remain stable and well-anchored,
indicating effective level anchoring.

The bottom panel plots the smoothed common slope factor. The slope is typically positive,
indicating that the term structure of inflation expectations is upward sloping on average. It is
important to note that the slope factor is stationary, largely reflecting transitory fluctuations
in realized inflation. The slope factor offsets transitory fluctuations in realized inflation and
prevents them from passing through to long-run expectations. Despite short-term inflation fluc-
tuations, the estimated consensus slope adjusts to preserve stability at the long end, indicating
effective path anchoring.

While both factors remained relatively stable during the 2001 recession, they exhibited
notable swings during the Great Recession and the pandemic recession. During the Great
Recession, both the mean level and slope factors rose in the latter half of the downturn, reflecting
modest de-anchoring of long-run expectations — partly in response to quantitative easing —
and near-term deflation concerns following the sharp decline in inflation at the recession’s
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Figure 3: SMOOTHED COMMON FACTORS

Smoothed Common Level Factor

1995 2000 2005 2010 2015 2020 2025
Smoothed Common Slope Factor

-5 -
1995 2000 2005 2010 2015 2020 2025

Notes: The upper panel plots the posterior median of the smoothed common level factor (blue line) along with 95
percent credible intervals (black dashed line). The bottom panel plots the posterior median of the smoothed
common slope factor (blue line) along with the 95 percent credible intervals (black dashed line). The shaded areas
denote NBER recessions.

Sources: Authors’ calculation

onset.®

After the recession, however, both factors returned to the prerecession levels, which
seems to suggest resilience of inflation expectations across forecasting horizons after a large
shock. Notably, the COVID-19 pandemic is interpreted as an episode of better anchored long-
run inflation expectations, as the consensus level did not move noticeably after the pandemic
recession. Meanwhile, the mean slope factor exhibited a pronounced swing, capturing the sharp
decline and subsequent surge in inflation during the pandemic period. According to consensus
estimates, the COVID-19 shock is largely transitory, and hence forecasters expect inflation to
eventually normalize and return to its pre-pandemic long-run level. Overall, consensus estimates
suggest that both level and path anchoring have remained effective, with long-run inflation
expectations being resilient despite the large recessionary shocks.

Figure 4 shows the median and 95-percent credible intervals of the forecast distribution mean

(across forecasters) at the one-year (top panel) and 5-year, 5-year forward horizons (bottom

panel), as implied by the model estimates. We choose these two forecasting horizons, as they are

15The modest rise in the level provides one explanation about why the Great Recession was characterized by
missing deflation. Despite the drop in price inflation, forecasters expected that the demand-boosting stimulus
would eventually raise trend inflation, likely preventing a persistent decline in price inflation.
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Figure 4: SMOOTHED CONSENSUS FORECASTS

1-Year

1995 2000 2005 2010 2015 2020 2025
5-Year, 5-Year Forward

1995 2000 2005 2010 2015 2020 2025

Notes: This figure plots the posterior median of the average inflation forecast posterior distribution (blue line)
recovered from the individual-level term structure model along with 95-percent credible intervals (black dashed
line). The two panels correspond to different forecasting horizons, 1-year and 5-year, 5-year forward, respectively.
The shaded areas denote NBER recessions.

Sources: Authors’ calculation

the most commonly cited short-term and long-term forecasts, although our model recovers the
forecast at any horizon. Differences in the variation across these forecasts illustrate how shocks
to realized inflation propagate and dissipate over different time horizons. Short-term forecasts
closely follow the consensus inflation nowcast and, by extension, realized inflation. However,
these near-term fluctuations largely fade in forecasts beyond the 5-year horizon, leaving long-
run inflation expectations near the inflation trend, as captured by the common level factor.
Although 5-year, 5-year forward inflation expectations rose slightly in the second half of the

Great Recession, the increase was modest relative to the levels observed in the 1990s.

5.3 Dispersion: A Proxy for Disagreement

This section discusses the distribution of individual term-structure components and forecasts,
with a particular emphasis on dispersion, as our primary interest lies in understanding disagree-
ment and how it differs from the consensus.

Figure 5 plots the distributions of forecasters’ smoothed level and slope factors. Specifically,

we plot posterior medians of the 5th, 25th, 50th, 75th, and 95th percentiles of forecasts across
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Figure 5: SMOOTHED FACTOR DISTRIBUTIONS

Smoothed Level Factor Distribution

—Mean
A -- 5th and 95th Percentiles
WA, --25th and 75th Percentiles

1995 2000 2005 2010 2015 2020 2025

1995 2000 2005 2010 2015 2020 2025

Notes: The figure shows the cross-sectional distributions of the individual level factors (upper panel) and individual
slope factors (bottom panel). The solid blue line is the posterior median of the median factor across forecasters. The
dashed-dotted lines depict the posterior medians of the 25th and 75th percentiles. The dashed lines depict the
posterior medians of the 5th and 95th percentiles. The shaded areas denote NBER recessions.

Sources: Authors’ calculation

forecasters. The factors are in units of annualized percentage points. The top panel displays
the distribution of individual smoothed level factors, and the bottom panel displays that of
individual smoothed slope factors.

The dispersion offers a view that is somewhat different from what the consensus estimates
suggest. Although consensus long-run inflation expectations remain low and stable after 2000,
the dispersion of estimates changes substantially over time. In particular, the dispersion seen
during and after the Great Recession is larger than that seen in the early 1990s when consensus
long-run inflation expectations were around four percent and trending down, and hence long-
run inflation expectations were evaluated to be weakly anchored. The increased dispersion of
the level factor persisted for several years after the Great Recession. Similarly, the dispersion of
slope factor widened to levels comparable to the early 1990s and remained elevated for a few
years after the Great Recession. This suggests that forecasters disagreed on how much of the
inflation decline during the Great Recession was transitory and where inflation would ultimately
stabilize, signaling an unanchoring of long-run expectations.

Indeed, during this period of a weakened inflation anchor, views diverged on where inflation
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would settle once the effects of the Great Recession and expansionary monetary policy had
subsided. Some expected that inflation would run away to a high level because of aggressive
and prolonged quantitative easing, while others predicted that inflation would remain low like
in Japan (e.g., Forbes, 2008). Economists and forecasters also disagreed about the slope of the
Phillips curve, with some believing that the Phillips correlation was essentially zero, and others
believing that the tradeoff between real activity and inflation remained significant.'® From 2013
onward, the disagreement about the long run narrowed dramatically, reflecting the lift-off of
quantitative easing to stabilize inflation.

Disagreement during the COVID-19 pandemic followed a somewhat different pattern than
in the Great Recession. The dispersion of the level factor rose only modestly, reaching levels
comparable to those seen during post-2000 expansions. This suggests that long-run inflation
expectations remained more firmly anchored than in the aftermath of the Great Recession.
Meanwhile, the dispersion of the slope spiked at the onset of the pandemic and then reached a
record-high level during the run-up in inflation. This suggests that forecasters held divergent
views on the effects of shocks, such as COVID-19 and the resulting stimulus policies, on inflation
in the near and medium term, while their long-run expectations largely remained as aligned as in
normal times. Consistent with the consensus evidence, disagreement in the level and slope sug-
gests that long-run inflation expectations were better anchored during the pandemic than during
the Great Recession and its aftermath. However, the extent and persistence of disagreement
point to somewhat weaker anchoring than what is implied by consensus estimates.!”

The distribution of individual term-structure factors maps directly into the distribution of
inflation forecasts. Figure 6 shows the distribution of inflation forecasts at the 1-year horizon
(top panel) and the 5-year, 5-year forward horizon (bottom panel). The dispersion of long-
term inflation forecasts corresponds closely to that of the level factor, while the dispersion of
short-term forecasts mirrors that of the slope factor. Notably, the distribution of long-term
forecasts is positively skewed, exhibiting greater right skewness than observed during the Great
Recession. Similarly, short-term inflation forecasts display increased positive skew. This suggests

that some forecasters anticipated significantly higher inflation in both the short- and long-term,

16This disagreement, reflecting weakly anchored inflation expectations, is also evident in academic research on
the puzzling inflation dynamics during the Great Recession and subsequent recovery. See, for example, Ball and
Mazumder (2011), Constancio (2015), and Friedrich (2016).

1"The improved anchoring of long-run inflation expectations may reflect the Federal Reserve’s adoption of a 2
percent numerical inflation target in 2012. Bundick and Smith (2020) also provide evidence that this target helped
anchor expectations following its introduction.
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Figure 6: DISTRIBUTION OF FORECASTS

1-Year
10

—Mean
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--25th and 75th Percentiles 0

\
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5-Year, 5-Year Forward
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Notes: The figure shows the cross-sectional distribution of individual inflation forecasts at two different forecast
horizons. The solid blue line is the posterior median of the mean forecast across forecasters. The dotted lines depict
the posterior medians of the 25th and 75th percentiles. The dashed lines depict the posterior medians of the 5th
and 95th percentiles. The shaded areas denote NBER recessions.

Sources: Authors’ calculation

reflecting an elevated perception of upside inflation risk. This upside riskm, despite lower overall
disagreement compared to the Great Recession, distinguishes the pandemic period from the
Great Recession.

We also examine the standard deviation (disagreement) and skewness of the forecasting
distribution in Appendix D. Consistent with our observation in Figure 6, disagreement increased
dramatically over the course of the Great Recession and stayed elevated for a few years after the
end of the recession. During this time, disagreement is much larger than in the 1990s across
forecasting horizons. In addition, skewness also increased during the pandemic and reached its
highest levels in the sample period. Both disagreement and skewness declined after 2022 but
remained elevated relative to pre-pandemic levels at the end of 2023. This observation suggests
that higher moments of the cross-sectional distribution carry information about the degree of
anchoring in inflation expectations quite different from what is captured by the consensus.

The stark contrast between consensus forecasts and disagreement suggests that disagreement
serves as an independent indicator of the degree of inflation anchoring. In subsequent sections,

we examine the drivers of disagreement.
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Figure 7: DISTRIBUTIONS OF POSTERIOR MEDIANS: CONSTANTS AND FACTOR LOADINGS
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Notes: The figure shows the cross-sectional distribution of posterior median fixed effets and factor loadings for both
the level and slope factors.

Sources: Authors’ calculation

5.4 Forecaster-Specific Parameters and Dynamics

In this section, we examine the sources of forecast dispersion in our statistical model, focusing
on individual fixed effects and factor loadings. Figure 7 displays the cross-sectional distribution
of @y ; and ag; (individual fixed effects) and f; ; and fs; (loadings on common term structure
factors), showing the posterior medians across forecasters. The upper panels reveal substantial
disagreement about the long-run means of the level and slope factors. Although most forecasters
expect the long-term mean level to be between 2% and 2.5%, a significant share anticipates it to
exceed 2.5% (upper left panel). For the slope, the majority of forecasters have a long-run mean
close to zero, though the distribution shows a large dispersion ranging from -0.7 to 1.4 (upper
right panel).

The bottom panels show the distributions of factor loadings, revealing substantial dispersion
and indicating notable heterogeneity in responses to common factors. Specifically, the loadings
for the level factor predominantly range between 0 and 0.6, though a small number of forecasters
exhibit negative loadings. The slope factor shows even greater dispersion, spanning from 0
to 1.5, with a few forecasters who also have negative loadings. While most forecasters adjust

their expectations in the same direction, a small subset reacts in the opposite direction. The
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Figure 8: TERM STRUCTURE OF INFLATION EXPECTATIONS AT THREE DATES
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Notes: The left panels display estimated posterior medians of the term structure of inflation expectations for the
consensus (black line) and two individual forecasters (forecaster 504 in blue and forecaster 510 in red). The right
panels display posterior medians of the term structure of disagreement (solid blue line) along with 90% credible
intervals (dashed black lines) over the corresponding forecast horizon. The three rows correspond to the dates
2007Q3, 2009Q2, and 2022Q2, respectively.

Sources: Authors’ calculation

heterogeneity in fixed effects and factor loadings highlights that even professional forecasters
hold markedly different beliefs about long-run inflation expectations and the near-term path
toward that long-run level, and they respond quite differently to news related to these two
components.

Next, we examine the individual term structures of inflation expectations. Our parsimonious
model flexibly captures diverse patterns of disagreement across horizons, often diverging from
the consensus. Figure 8 shows the term structure of inflation forecasts of two individual fore-
casters along with the consensus (left panels) and the disagreement across forecasting horizons
(right panels). First, we consider 2007Q3 (upper panels). This was the final survey conducted
before the start of the Great Recession. The consensus term structure is relatively flat, with the
nowcast and 10-year ahead inflation expectations being around 2.25%. Meanwhile, the two
forecasters disagree about the nowcasts and the direction of slopes, as shown in the flat term
structure of forecaster 510 (red line) and the upward sloping term structure of forecaster 504
(blue line). Overall, disagreement is largest in the short run at 70 basis points but decreases over
the forecasting horizon to about 30 basis points, yielding a downward-sloping term structure of

24



disagreement (upper right panel).

A very different pattern is observed in 2009Q2 - the peak of the Great Recession. The term
structure is sharply upward-sloping for forecaster 510 and the consensus, while it is moderately
downward-sloping for forecast 504. The disagreement is high in the short run at 1%, smallest at
about the one-year horizon at 85 basis points, and then increases again in the long run to about
1.1% (middle right panel). This non-linearity signals higher uncertainty in the immediate future
and in the long run than in the short to medium run.

Finally, we consider 2022Q2 (bottom panels). Inflation expectations are decreasing for
forecaster 510 and the consensus, which they are sharply increasing for forecaster 504. The
disagreement is largest in the current quarter but reduces over the forecasting horizon, pro-
ducing a downward-sloping term structure of disagreement (lower right panel). Although the
term structure of disagreement is similar to that before the Great Recession, the magnitude of

disagreement is three times as large as that seen in 2007 in the short run.

6 A Noisy Information Model of Disagreement

This section introduces a noisy information model with heterogeneous forecasters to obtain
insight into the sources of disagreement about expected inflation. Reflecting the forecasting
practices of professionals, each forecaster predicts inflation by separately projecting its trend
and transitory component. We then map the structural model to our dynamic factor model
to provide economic interpretations for the statistical model estimates. Each forecaster’s in-
flation forecast is decomposed into an individual fixed effect, a common component, and an
idiosyncratic component. The fixed effect captures long-term beliefs, the common component
captures responses to and interpretations of public information and fundamental shocks, and

the idiosyncratic component captures private information.

6.1 Derivation of Belief Dynamics

Following previous literature on inflation forecasting often cited by professional forecasters (e.g.,

Stock and Watson, 2007, 2016), inflation is decomposed into its trend and transitory components
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as follows:

Ty =T¢ + Ct (1].)
Ty =Ti 1 +00€; ert Y NO,1) (12)
Ci=pCi1 +0cEey et 4 N(O,1) (13)

where 7, is a stochastic trend component which follows a random walk and c; is a transitory
component which follows an AR(1) process.'® p is the autocorrelation coefficient of ¢;, and o
and o are the volatility of the fundamental shocks to the trend and transitory components,
respectively. According to the trend-cycle decomposition of Beveridge and Nelson (1981), the
trend is defined as the long-end (or infinite-horizon) forecast of a variable, making it analogous
to the level factor of the term structure. The gap between inflation and its trend, the transitory
component, corresponds to (the negative of) the slope factor.

Define the state vector of the system as x; := [7, ¢;/]’ and the shock vector as &; := [, &c,¢].

The dynamics of the states can be written in vector form as
Xr=AXxi 1+ Z&;. (14)
We allow agents to misperceive the true parameters of the DGP so that agent i’s perceived DGP is
Xr=AjXr_1+2Zi€;. (15)

Agents receive signals, s;, about the trend and transitory components separately'’, which

are each contaminated with public and private noise shocks:

Sit:xt‘l'inl't'F@Zt (16)

18Studies like Stock and Watson (2007), Chan et al. (2013), and Mertens (2016) employed a similar approach to
model inflation dynamics. This approach has also been adopted by many professional forecasters. See, for example,
Federal Reserve Bank of New York (2023).

19Assuming that agents receive independent signals about the trend and transitory components implies that their
beliefs about the two components evolve independently. While we make this assumption for simplicity, it aligns with
standard inflation forecasting models in which the trend and transitory components are modeled separately, with
shocks to each assumed to be independent (e.g., Stock and Watson, 2007; Chan et al., 2013). Relatedly, the literature
on the Phillips curve (for example, Hazell et al., 2022) links the transitory component of inflation to economic slack,
conditional on the inflation trend controlled with time fixed effects. Allowing agents to receive noisy signals about
overall inflation directly would generate general VAR dynamics of beliefs about the states, without affecting our
main quantitative results.
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where

Qi~ W1 j 0 ’ O ~ 91 0
O wc,i 0 HC
w . .. Z .
we=| O ENOD, z=| T | NoD.
wC’i[ ZCt

)

w;; is a shock which is idiosyncratic to each forecaster (private information), while z; is a shock
that is common across all forecasters (public information). For simplicity, all forecasters are
assumed to agree on the standard deviations of the common shocks, captured by the matrix ©.2°

Let 'Y denote the expectations operator of a fully rational Bayesian agent with the same
parameter beliefs as agent i. If agents were fully rational Bayesians, they would form forecasts of
the state vector in the following way:

F[x01] = Ai {Gisis + I - G)F},_ [x:1}, 17)

1

where G; is the steady-state Kalman gain matrix of forecaster i. We will instead work with

nowcasts rather than one-step ahead forecasts, which are given by;
F;t[xt] =Gisir+ (I - Gi)AiF}kt_l [x:-1]. (18)

Finally, we allow agents to have long-term beliefs about x; which lead to permanent devia-
tions from Bayesian updating, denoted by b;. Agent i’s expectation operator is denoted by I'; as

opposed to I'; and leads to the belief updating equation:
Fiilx) = b; + Gisip + (I - G) A F7,_ [x,1]. (19)

Next, we work with the Bayesian belief updating equation to obtain a representation of beliefs
as a function of the infinite history of realized states, public noise shocks, and private noise

shocks. Recursively substituting in the expression for lagged nowcasts we get:

Frixd =Y [I-G)AI*Gisir_y
k=0

20This assumption allows for a cleaner understanding of what a public noise shock is, although it is not necessary
for our main results.
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Thus, the Bayesian belief can be written as follows:

(e 0]
Fi (%0 = ) Aj g€k + Wis + Vg, (20)
k=0
where
k .
Aik=) [I-G)A*G,A* B
j=0
o k
viei= ) [I-G)A GiQw;,
k=0

=®;vi1+¥Yw;;

(I)l' = (I— Gi)Ai

‘I’i = Giﬂi
o k

wip:= ) [(I-G)A" GOz
k=0

=Q;uj; 1 +E;z;

=;=G;0.

Accounting for the agent’s long-term beliefs, we decomposition of their nowcast into three

distinct components using (20):

o0
Filx] = b; + ) AK€kt Wi+ Vi . 21
~ k=0 v
long-term belief ~ idiosyncratic component

~~
common component

This decomposition is consistent with the statistical decomposition of the common and idiosyn-
cratic components, as identified from the covariance matrix of the demeaned or standardized
data (Dempster et al., 1977).

Equation (21) allows us to rewrite the beliefs about the trend and transitory component in a

28



way that clearly maps into equations (3) and (4):

Filr ] = b +Fé 1,0+ Fl 1] 22)

Fieled = b +FS [ + Filed], (23)

where b} and b{ are forecaster i's long-term beliefs about inflation’s trend and transitory compo-
nents, ]Flct ;] and F%[ct] are the forecaster’s belief about the common components of 7; and
¢, and lFf (7] and IFII .[c:] are the forecaster’s beliefs about the idiosyncratic components of 7;
and c;. Note that equation (21) indicates that the common component captures heterogeneous
interpretations of fundamental shocks and public information, while the idiosyncratic compo-
nent reflects private information. In our model, these differences in interpretation arise from the

distinct forecasting models used by each forecaster, as shown in equation (15).

6.2 Relationship to the Statistical Model

Next, we establish a mapping between the empirical dynamic factor structure of the individual
level and the slope factors of our statistical model (equations (3) and (4)) and the dynamic factor
structure of the expectations of individual forecasters about the inflation trend and transitory
components derived from the noisy information model (equations (22) and (23)). Proposition 1
states that there is an approximate one-to-one mapping between the parameters of the statistical

dynamic factor model and those of the noisy information model.

Proposition 1. Let g; and g. denote the Kalman gains associated with filtering the trend and
transitory components from the noisy information model under the true parameters, and let
pc =E;ilp;il. Assume that the Kalman gains of agents are correct on average, so thatI5;(g; ;] = g¢
andE;[g; ¢] = gc. Further, assume that Kalman gains are not too dispersed across agents so that
Var(gi:) and Var(g; ) are relatively small. Then, we have the following approximate mapping
from the noisy information model to the statistical model

L_ 171 S _ 1.c

ﬁf:gi,r (0%""93 :Bls = 8i,c (U§+9§
U% [p - 8c(p _pc)] +9§(1 —8c)P¢
o2+ 62

1/2 1/2
) )

pLi=1-8ix psi=0—-gicp
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Aj=—logp;.

See Appendix C for the proof:*!

A direct corollary of this proposition is that we can recover the Kalman gains of each forecaster
associated with the trend and transitory components by taking the ratio of their estimated

loadings to the average loading.

Corollary 1. Forecasteri’s factor loadings for the trend, relative to the corresponding cross-sectional
average, correspond to the forecaster’s Kalman gain for the trend prediction relative to the corre-

sponding cross-sectional average. The same holds for the transitory component.

i _ 8it i _ 8ic
pog poge

This corollary tells us that cross-sectional heterogeneity in Kalman gains accounts for the
dispersion in factor loadings that capture heterogeneous responses to public information. Note
that heterogeneity in Kalman gain essentially reflects cross-sectional differences in forecasting
models.

Next, we demonstrate how heterogeneous interpretations of fundamental shocks and public
information create forecast dispersion and drive the time-varying share of the common compo-

nent in disagreement. To illustrate this point, we rewrite the nowcast of x; in equation (21) in the

following way:
o0
Fielxd = b; + Ajo&r +Eiz +Wiwir + ) A g€+ ®; (Ui—1 + Vi) (24)
\ ,J . . - > k:l
long-term belief  contemporaneous contribution 4

lagged contribution

Equation (24) illustrates the mechanism through which heteroegeneous responses to com-

mon news generate a time-varying share of public information in disagreement about future

2INote that we allow forecasters’ models for the trend and transitory components to differ across individuals, as
reflectedin py ;, ps,i, 01,;, and os,;. However, in our empirical implementation, we assume these parameters are
common across individuals to reduce the number of parameters to estimate. This does not imply that individuals’
realized forecasts of trend and transitory components are identical or exhibit the same ex-post dynamics. Although
estimating over 200 additional parameters is feasible by extending nowcasting techniques developed for large
datasets (e.g., Banbura and Modugno (2014)) within our Bayesian framework, we adopt the pooled specification
given the uncertainty associated with such a high-dimensional estimation.
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inflation.

Corollary 2. According to equation (24), differences in how agents perceive the persistence of
the cycle p;, the conditional variances of fundamental shocks O'lz., . and 012., ,» and the variances of
private signals a)f, . and wi ; lead to heterogeneous loadings on the public signal via E;, the extent
to which forecaster i takes signal about the fundamental from public information. Consequently,
dispersion in E; across agents leads to time-varying disagreement driven by realizations of the

public signals z;.

7 Empirical Decomposition of Disagreement

Given the decomposition based on the noisy information model in Section 6, we analyze how
individual long-term beliefs, heterogeneous responses to public information, and private infor-
mation, each contribute to individual inflation forecasts. Section 7.1 presents the decomposition
of individual forecasts. Section 7.2 provides a new measure for the sensitivity of disagreement to

each source of information. Section 7.3 discusses the empirical estimates of the decomposition.

7.1 Information Sources of Disagreement

We proceed in two steps. First, we decompose forecaster i’s inflation forecast at each forecasting
horizon into the three components outlined above. Second, we decompose the cross-sectional
variance into contributions from the three sources at each point in time.

Equations (3) and (4) decompose individual level and slope factors into the three information
sources. Here, we give economic interpretations to each component using the level factor as an
example.

Lit= ari  + Prile + €L (25)
~—— —~—
long-term belief  publicinfo.  private info.
The level factor of forecaster i, L;;, is decomposed into portions representing long-term beliefs
(ar,i), publicinformation (f1,;L;), and private information (er,;;). Note that ay ; is estimated with
individual fixed effects, and f; ;L; and €y, ;; are the common component and the idiosyncratic
component, respectively, in the dynamic factor model for the level factor.
Define the long-term belief component of L;; to be Lﬁ“’ = ay,;, the common component

priv

of L;; to be Lf}t”b = BL,iL:, and the idiosyncratic component of L;; tobe L;, "~ = €,;;. We then
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rewrite L;; as

Lip= L+ 1P 4 1P (26)

We give similar economic interpretations to each component of S;, in Equation (4).2? Thus, S;;
is rewritten as:

Sir =SP4+ §PUP 4 SPTIY 27)

Using the decompositions in Equations (26) and (27), forecaster i’s h-quarter-ahead inflation

forecast at time ¢, 7;;— 4|1, iS expressed as the sum of three components representing long-run

Ith pub priv

beliefs (7;,” , ), publicinformation (7;,", , ), and private information (7, ", ):
1— e—/lh
TWit—t+ht = Lit — i Sit
1 _ e—]”’l o 1 . e*A,h )
_glth _ Ith pub pub
=L ( an )% 7
long-term belief public information private information
_ _Itb pub
_ﬂit—>t+h|t+ﬂitﬂl+l’z|1+ (28)

7.2 Disagreement Shares

Using equation (28), we compute the fraction of the overall variance of 7;;_.;. 5 ; explained by
each information source, which we call the disagreement shares. Conceptually, our disagreement
shares resemble the idea of a beta in finance, which gauges the sensitivity of stocks to a common
factor. We construct the information share 0 for disagreement using an approach proposed in
Fujita and Ramey (2009).?® Fujita and Ramey show that when a variable is expressed as the sum
of different sub-components, the sum of the s, defined as the ratio of the covariance between

each component and the total to the variance of the total, is equal to one.**

22Analogous to the level factor, ag; is estimated with the individual fixed effects, and fs;S; and €g;; are the
common component and the idiosyncratic component, respectively, in the dynamic factor model for the slope
factor.

Z3Fujita and Ramey (2009) provide a decomposition for the contribution of inflows to unemployment and that of
outflows from unemployment to the variance of the unemployment rate. Note that the 6 estimates from Fujita and

Ramey (2009) can technically be negative or go above 1.

Ith pub

24Alternatively, the variance of ;. ;. hi¢ can be decomposed into the sum of the variances of 7;;” , | nie it 4 hie?

priv . . . s . .
and 7y, ", pip» Assuming that innovations to the common and idiosyncratic components are empirically uncor-
related in the dynamic factor model. In practice, however, realized shocks to these components may exhibit
finite-sample comovement, introducing a wedge between the total variance and the sum of the component vari-

ances (this comovement tends to vanish in large samples). To address this, we follow the method proposed by Fujita
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Note that the h-period ahead inflation forecast of individual i at time ¢ is composed of
the portion accounted for by long-term beliefs, public information, and private information.

Restating our decomposition of inflation projections we have that:

) _ _Itb pub priv
TWir—t+hit =i pppe t Tt trhie + Tit—trhe (29)

Taking the covariance of both sides with 7;;_;.5; and dividing through by the variance of

Tir—t+h|r» We Obtain the following expression:
__pltb pub priv
1=0,;+0),, +0,, (30)
where

Ith
COVi (nit_'t+h|t’nit—>t+h|t)

Hltb —

ht Var; (71; )
ari(mit—¢+nit
' ’ pub

Hpub _ Cov; (ﬂlt—»t+h|t’”n—»t+h|t)
ht Var; (7ir—t+nr)
' ) priv

Hpriv B Cov; (nzt—>t+h|t’”it—>t+h|t)
ht Var; (7wt —tvn¢e)

We denote the disagreement shares of individual long-term belief, public information, and
private information for the h-period-ahead forecast formed at time ¢ by 0 ;f l; , HZ l;b, and HZ rtiy,

respectively.

7.3 Decomposition Results

We compute the contributions of the three information sources to disagreement in 1-year-ahead
(short-run) and 5-year, 5-year forward (long-run) forecasts.”’> We make a few key observations.
First, private information is the primary source of short-run disagreement, explaining approxi-
mately 60 percent of the dispersion. Second, individual long-term beliefs are the main source of
disagreement for long-run inflation forecasts, accounting for about 60 percent of the dispersion.
Finally, public information contributes the smallest share of disagreement across all forecasting

horizons, making up around 10 percent for short-run and 7 percent for long-run forecasts on

and Ramey (2009).
Z5Note that our model permits this decomposition at any forecasting horizon.
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Figure 9: FORECAST VARIANCE SHARE OF COMMON COMPONENT

1-Year

1995 2000 2005 2010 2015 2020 2025
5-Year, 5-Year Forward

1995 2000 2005 2010 2015 2020 2025

Notes: This figure plots the forecast variance share of the common component, HZ L;b, for two forecasting horizons:
1-year ahead in the top panel, and 5-year, 5-year forward in the bottom panel. The blue line is the posterior median
and the dashed black lines are the 5th and 95th percentiles of the posterior.

Sources: Authors’ calculation

average.
However, as shown in Figure 9, the disagreement share of public information changes dra-
matically over time. The top panel shows the share of public information in the variance of

one-year-ahead inflation forecasts (9{9 ?b), while the bottom panel shows the same for five-year

pub

5-10,/)- Lypically it fluctuates at values under 10 percent for both

five-year forward forecasts (0
short- and long-horizon forecasts. However, the share exhibits strong countercyclicality, in-
creasing in times of large economic shocks across forecasting horizons. The long-run public
information share rises significantly during three major episodes: the early and mid-1990s, the
Great Recession, and the COVID-19 pandemic. For the short-term horizon, it also increases in
the mid-2010s following the plunge in oil prices, and steps up again in 2021 and 2022 amid the
post-pandemic inflation surge. During the pandemic, the share of disagreement attributable
to public information spikes to approximately 75 percent for short-horizon forecasts and 96
percent for long-horizon forecasts. This observation suggests that forecasters pay more attention
to public information during economic downturns and periods of high inflation volatility, but

translate the public information into their forecasts in different ways.

Furthermore, the share of disagreement attributable to public information varies dramatically
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Figure 10: TERM STRUCTURE OF VARIANCE SHARES AT THREE DATES
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Notes: The figure shows the fraction of overall disagreement about inflation expectations driven by heterogeneous
responses to common information over a ten-year forecast horizon at three different points in time as measured by
the 0 measure proposed in Fujita and Ramey (2009). The top panel reports the estimates as of 2007:Q3, the middle
panel as of 2009:Q2, and the bottom panel as of 2022:Q3. The shaded areas denote NBER recessions.

Sources: Authors’ calculation

across forecasting horizons over time. Figure 10 shows the share of public information in
disagreement across forecasting horizons for three particular periods. In 2007Q3, just before
the Great Recession, the role of public information in disagreement is low, near 2%, across
all forecasting horizons. In contrast, at the height of the Great Recession in 2009Q2, public
information plays a much larger role. The share is larger for long-run forecasts than for short-run
forecasts (middle panel), about 70% compared to 30%. This suggests that long-run inflation
expectations were less firmly anchored than short-run expectations.

The COVID-19 pandemic is unique in that public information increased forecast disagree-
ment across all horizons, but much more so in the short term (60%) than in the long term (30%).
This pattern is the exact opposite of what occurred during the Great Recession. It suggests that
long-run inflation expectations were better anchored during the pandemic, while short-term
expectations were less so. Faced with unprecedented shocks and policy responses, forecast-
ers paid close attention to public information. However, the extraordinary nature of inflation
developments led them to interpret public news very differently when forming short-term fore-

casts. Despite heightened uncertainty and disagreement about the near-term inflation outlook,
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forecasters appear to have had more aligned views about long-run expectations.

The role of public information in shaping long-run disagreement during periods of economic
turmoil suggests that timely monetary policy action and communication can help anchor long-
horizon expectations. In line with this, Bundick and Smith (2020) show that long-run inflation
expectations became more firmly anchored following the FOMC’s announcement of a numerical
inflation target in 2012. Their findings offer a potential explanation for why forecasters disagreed
less overall — and especially less about public information regarding long-run inflation — during

the pandemic compared to the Great Recession.

8 Implications for Monetary Policy

In this section, we examine the relationship between the sources of disagreement and the effec-
tiveness of monetary policy, focusing particularly on whether monetary policy communication
helps anchor inflation expectations through the public information channel. Section 8.1 analyzes
the extent to which the news component of monetary policy reduces disagreement attributable to
public information. Section 8.2 explores how disagreement about public information influences

the transmission of monetary policy shocks.

8.1 Effect of the Fed’s Response to News on Disagreement

So far, we have implicitly assumed that public information includes monetary policy and hence
monetary policy can anchor inflation expectations through disagreement about public informa-
tion. We now examine whether this is the case empirically. For this analysis, we consider a local
projection (LP) with an externally identified shock. We use the Fed’s response to economic news
from Bauer and Swanson (2022), as the externally identified news shock. This news component of
monetary policy surprises, reflecting the Fed’s interpretation of recent data releases, is measured
as the difference between high-frequency monetary policy surprises and the orthogonalized

monetary policy shock of Bauer and Swanson (2022).%° If forecasters pay attention to the Fed’s

26To illustrate the Fed’s response to news, in September 2024, Chair Powell noted that payroll employment data
for July and August had likely been overstated and was expected to be revised downward (FOMC press conference,
September 18, 2024). This communication about labor market conditions helped reduce market uncertainty
regarding the state of the economy and future policy, thereby influencing financial conditions. For example, on
September 19, Fox Business reported: 'Fed’s Powell: policymakers noted "artificially high" jobs data, revisions
in rate cut decision.” On the same day, Morgan Stanley commented: 'U.S. equities were initially higher in the
afternoon following the Fed’s announcement on September 18, as stocks made an intra-day all-time high, while
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responses to data releases, this news component should reduce disagreement about public
information among forecasters.

Let yf ., denote the disagreement about long-run inflation attributable to public information,
measured by the standard deviation of 5-year, 5-year forward inflation forecasts attributable
to public information. Similarly, let ;' , denote the disagreement attributable to non-public
information that includes both private information and individual long-term beliefs, and we
measure y;', , with the square root of the sum of the variances of 5-year, 5-year forward inflation
forecasts attributable to both private information and individual long-term beliefs. We focus on
this long-term forecasting horizon to examine the anchoring of long-run inflation expectations.

The local projection model is specified as follows:

y{+h = a{z + 'B{zzt + r{zx’f_l + e{+

B for jelp,n] h=0,1,---,H, (31)

J
h

of the shock h quarters after impact. For z;, we consider negative and positive components

where a; is a constant, z; is Fed’s response to news, ,3{1 captures the magnitude of pass-trough
separately together with the raw estimate. The notation X;_, refers to a set of macroeconomic
control variables, all lagged by one period. The controls include four lags of the two-year
Treasury yield, the first differenced log of industrial production (IP), the first differenced log
of the consumer price index (CPI),the unemployment rate, the excess bond premium from
Gilchrist and Zakrajsek (2012), the level of disagreement attributable to public information
and that attributable to non-public information. We include two lags of z; in the controls.

The notation, e’

.. 1s an error term. Note that the parameter draws from the Gibbs sampler

are used to construct yf ., and y/' . For each draw, we compute the corresponding impulse
response. We then obtain posterior distributions of the impulse responses. The sample period is
1991:Q4-2019:Q4.%7

Figure 11 displays the responses of two disagreement measures to the Fed’s response to news.
Panels A and B present the results using the raw estimates of the news component. Overall, the
Fed’s response to news significantly reduces disagreement about public information, although
its effects on disagreement about non-public information are muted and largely statistically

insignificant. This result is mainly driven by negative Fed responses to news (Panels C and

bond yields—especially at the short end—moved lower.
2The sample period of Bauer and Swanson’s orthogonalized shock ends in February 2020. For this reason, we end
the sample period of this local projection analysis in 2019:Q4.
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Figure 11: PROPAGATION OF FED’S REACTIONS TO NEWS
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Notes: The figure shows the responses of disagreement about five-year five-year forward inflation expectations
attributable to public information and non-public information following the Fed’s response to news from Bauer and
Swanson (2023), estimated from the linear model in Equation (31). HAC standard errors are reported. The shaded
area indicate the 95% posterior intervals.

Source: Authors’ calculation
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D)- that is, instances where FOMC members interpret recent economic data releases as having
negative implications for economic conditions. In contrast, positive Fed responses to news have
small positive effects on disagreement about public information for up to four quarters after
the shock, but these effects are largely statistically insignificant. Both negative and positive Fed
responses to news have negligible effects on disagreement about non-public information.

This result suggests that forecasters’ disagreement about public information is particularly
responsive to negative Fed responses to news, and the Fed’s communication about recent
economic situations can help reduce disagreement about future inflation and anchor long-run
inflation expectations in times of economic downturn and high inflation uncertainty. This
observation also confirms that disagreement about public information is the component that
can be reduced through monetary policy, highlighting the channel of heterogeneous responses
to public information as the mechanism through which monetary policy anchors forecasters’
inflation expectations.?

This result has three important implications. First, our empirical model effectively identifies
the sources of information that contribute to disagreement, underscoring that the portion
attributable to public information is the component that is reducible through effective monetary
policy and is relevant for inflation anchoring. Second, the Fed’s response to news plays a crucial
role in shaping public information essential for inflation forecasting. In this sense, timely
policy implementation and communication can help anchor economic agents’ expectations
by reducing their disagreement about future macroeconomic conditions. Finally, the share of
disagreement driven by public information can serve as an auxiliary indicator of the degree to

which inflation expectations are anchored.

8.2 Disagreement and Monetary Policy Effectiveness

Next, we investigate the extent to which disagreement about public information affects the
transmission of monetary policy.
For this analysis, we estimate a nonlinear local projection model and compare the transmis-

sion of monetary policy shocks when the main source of disagreement about future inflation

Z8We consider several robustness checks. First, we replace the disagreement attributable to non-public infor-
mation with that attributable solely to private information, and the effects of the Fed’s response to news on this
component are close to zero and are not statistically significant. Second, we include a measure of individual
uncertainty from Binder (2017) to distinguish disagreement from uncertainty. The results remains robust, as shown
in Figure E5 of Appendix E.

39



is public information versus non-public information. We consider two regimes: in Regime 1,
non-public information is the source of disagreement, while in Regime 2, public information is
the source. These regimes are distinguished by the disagreement share of public information, as
introduced in Section 7, and we focus on 5-year, 5-year forward forecasts.

Consider the following nonlinear local projection model.

yim:“ZJF/}{,h(l_St—l)zt+ﬁé,hst—lzt+rixt—l+ei+h for jelp,nl, h=0,1,---,H. (32)

As the dependent variable ( yi we consider the growth rate of industrial production, CPI infla-

+h)’
tion, the unemployment rate, and the excess bond premium. Second, we use the orthogonalized
monetary policy shock from Bauer and Swanson (2022) as the externally identified shock. In this
model, s;_; is an indicator of Regime 2 and is measured using Bgf‘f’o't_l from Equation (30). The
indicator of Regime 1 is thus (1 — s;,_;), measured with (1 - Hé)—ulbo,t—l)' Since the disagreement
share is estimated quarterly, we assign the same quarterly value to the three months of the
corresponding quarter. Note that we use a one-quarter lag of s; to avoid contemporaneous
feedback from policy actions (Auerbach and Gorodnichenko, 2013). The parameter ,6{' , captures
the magnitude of pass-through when disagreement is driven by private information (Regime
1), while ,6; ,, reflects the magnitude when public information is the source of disagreement
(Regime 2). The parameter draws from the Gibbs sampler are used to estimate Hg_ulboyt_l and
hence s;_;, which are then used to compute impulse responses. Finally, to maintain consistency
with previous studies, our local projection model is specified at a monthly frequency. We con-
sider 12 lags for the macroeconomic controls and two lags for the monetary policy shocks.?” The
sample period is from October 1991 to December 2019.

Figure 12 presents the impulse responses for the two regimes. We report the effects of a
one-standard-deviation innovation in the orthogonalized monetary policy shock. In Panel A,
the responses of regimes 1 and 2 are scaled by 0.9 and 0.1, respectively, reflecting the average

disagreement shares of non-public information and public information.3° For the responses

of IP growth and CPI inflation, we report the cumulative effects of the monetary policy shock,

29As a robustness check, we include the uncertainty measure from Binder (2017), monetary policy uncertainty
from Husted et al. (2020), and consensus inflation expectations from the SPF for the next year as additional macro
controls. For consensus expectations, we use the data as they are instead of using the model-implied consensus to
avoid potential issues specific to our model. The estimation results are robust to the inclusion of additional macro
controls, and the results are reported in Appendix Appendix E.

30This approach ensures that the sum of the two impulse responses closely approximates the average responses.
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Figure 12: PROPAGATION OF MONETARY POLICY SHOCKS OF THE TWO REGIMES (5-10 YEAR AHEAD)
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Notes: The figure reports the responses of four macroeconomic variables to the orthogonalized monetary policy
shock from Bauer and Swanson (2023). The figure shows the impulse responses of Regimes 1 and 2 scaled by 0.9
and 0.1, respectively. The blue line shows the responses when non-public information is the source of disagreement
(Regime 1), while the red line represents the responses when public information is the source of disagreement
(Regime 2). The upper left figure shows the cumulative response of percent changes in industrial production; the
upper right figure shows the cumulative responses of percent changes in the CPI; the bottom left figure shows the
responses of the unemployment rate; and the bottom right figure displays the response of the excess bond premium
(EBP). The shaded areas and dashed lines represent the 95% posterior intervals.

Sources: Authors’ calculation

providing estimates that directly reflect changes in levels (Stock and Watson, 2018). Significant
differences in the effects of monetary policy are observed between the two regimes. In regime
1 (blue lines), where non-public information is the source of disagreement, contractionary
monetary policy has rapid and statistically significant effects on macroeconomic variables. In
contrast, in regime 2 (magenta lines), where public information is the source of disagreement,
the overall monetary policy effects become weaker and macroeconomic variables show delayed
responses. Notably, a price puzzle emerges in the second regime.

Our empirical findings have important implications for the effectiveness of monetary policy.
First, anchored inflation expectations are crucial for the effectiveness of monetary policy. When
forecasters disagree about public information, including the stance of monetary policy, the stabi-

lizing effects of monetary policy weaken significantly. Second, our empirical result also offers a
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new perspective on the source of the price puzzle. Our result suggests that heterogeneous re-
sponses to public information can be an important channel driving the price puzzle. This implies
that the price puzzle may be closely related to factors affecting anchored inflation expectations,
including the effectiveness of monetary policy communication or the credibility of the central
bank.?! Overall, our empirical results suggest that well-anchored inflation expectations and clear
monetary policy communication enhance policy effectiveness by reducing disagreement about

future inflation attributable to public information.

9 Conclusion

This paper develops a novel empirical framework to analyze disagreement about inflation
expectations among professional forecasters, capturing both long-term beliefs and time-varying
responses to public and private information across various forecasting horizons. By extending
the Nelson-Siegel model to individual-level Survey of Professional Forecasters (SPF) data, we
identify two critical dimensions, level and slope, that shape the individual term structure of
inflation expectations. Our Bayesian dynamic factor model decomposes these expectations
into components driven by the three distinct information sources, uncovering why forecasters
disagree at each point in time and across forecasting horizons and the extent to which monetary
policy influences forecasters’ inflation expectations.

Our analysis reveals that in normal times, long-run disagreement primarily reflects diver-
gent long-term beliefs, whereas short-run disagreement largely arises from private information.
However, during periods of economic turbulence, such as the Great Recession and the COVID-
19 pandemic, heterogeneous responses to public information become a dominant source of
disagreement across all horizons. Crucially, we find that this public-information driven dis-
agreement is an important determinant of the effectiveness of monetary policy, delaying policy
transmission and generating a price puzzle. In contrast, disagreement driven by private infor-
mation or individual long-term beliefs has negligible effects on the transmission of monetary

policy.

310ur finding aligns with Dong et al. (2024), who report that households’ disagreement, as measured in the Michi-
gan survey, weakens the effectiveness of monetary policy. Falck et al. (2021) also find that the price puzzle becomes
more pronounced when professional forecasters disagree, based on SPF data. While our findings are consistent
with theirs, we extend the analysis by highlighting the role of the information source behind the disagreement.
In particular, the public information share of disagreement rises with overall disagreement, helping to reconcile
previous empirical findings despite differences in data and methodology.

42



We show that the Fed’s monetary policy communication is particularly effective during
economic downturns and episodes of heightened inflation uncertainty. The Fed can reduce
disagreement stemming from public information, thereby reinforcing the anchoring of inflation
expectations and facilitating the achievement of its economic stabilization goals.

Overall, our approach underscores the importance of distinguishing between information
sources of disagreement in inflation expectations. Policymakers should pay close attention
not only to consensus forecasts but also to the structure and sources of disagreement among
forecasters to assess the strength of the inflation anchor. Understanding these dynamics can
provide essential insights for better monetary policy design, improved communication strategies,

and more robust expectation anchoring in future economic crises.
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Appendix A State-Space Representation of Nelson-Siegel Model

This section provides a full characterization of the state-space representation of the Nelson-
Siegel model’s equations, along with detailed definitions of all of the coefficient vectors and

matrices.

A.1 State Equation

We start with the state equation. Let the (2(n + 1) x 1) state vector x; be defined as

X' =| Ly, Spel ey, 6l e, (A1)
Define the transition matrix F as
e 0 0 O 0 O
0 ps 0 O 0 0

F=10 0 0 ps ... 0 0 |- (A2)
0 0 0 O pr 0
0 0 0 O 0 ps

Let u; be the vector of shocks to the state vector defined as follows:

= L S L S
Uy = U, Us,t, ul,t’ ul,t’ Uy pUn s : (A3)
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The covariance matrix of the shocks is given by:

Q=00 0 o5 ... 0 0 |- (Ad)
00 0 O o? 0
00 0 O 0 0%

Finally, we arrive at the state equation:

X, =Fx;_1+u;, u;~N(0,Q). (A5)

A.2 Measurement Equation

The measurement equation is of the form:

Y= I,ty +HX[ +Vy, Vi~ N(O,R), (AG)

where p,, is a vector of forecaster fixed effects, H is a matrix of factor loadings on the aggregate
and idiosyncratic level and slope factors, and v; is a vector of measurement errors. The rest of

the section details each component in Equation (10).

A.2.1 The Vector of Observations: y;,

For estimation, we use one-quarter to four-quarter ahead fixed-horizon forecasts and two-year
forward, three-year forward, five-year average, and ten-year average fixed event forecasts. For the

five-year and ten-year average forecasts, we use observed nowcasts and one-quarter backcasts
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when available, and realized inflation two quarters and three quarters prior from the most recent
CPI vintage at the time the survey was conducted to capture realized inflation.

The observation vector for any period y; is given by

T, t—t+1t> T t+1—t+2| T t+2—1t+3|60  T1,t+3—t+4|1»
T, t43—t+71tr 1, t+2—1t+6[t) Tl t+1—t+5|t> TNl t—t+4|t
T, t+7—t+111t> TT1,t+6—1+10lt>  TT1,t+5—1+49]6>  TT1,t+4—1+8]1)
Yy = T, t—t+19]t Tl t—t+18]tr Tl t—t+17|t> Tl t—t+16]tr " . (A7)
T1,e—e+391t  T1,t—1+381t>  T1,t—t+371t>  T01,t—1+36|0

T, t—1+371tr  TTnt—t+36|t

The first four elements of y; correspond to fixed horizon forecasts of one to four quarters ahead
and are typically observed every period. Only four of the final sixteen elements of y; are observed
in any given quarter. These final sixteen elements correspond to fixed event forecasts, where
each group of four correspond to the fixed event correctly mapped to the quarter in which the
survey was conducted.

For the final eight elements, which correspond to forecasts of average inflation over five and
ten year periods including the current calendar year, we must adjust them to account for the fact

that they include realized inflation over previous quarters. Specifically,

e In Q1, we define

4 1
Tit—t+19)t = 7= (O it—1—1+191t — = Tit—1—1|¢
| 19 [ 4 |
4 10 1
Tit—t+39)t = = Tit—1—-t+19/t — 7 Wit—1—1t|t
[ 39 [ 4 |
¢ In Q2, we define
1 1
Tit—t+18|t = 18 OTit—1—t+19)t — Z”it—l—»tlt - Znit—2—>t—1|t
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4 1 1
Tit—t+38t = 38 107 - 1—¢+191¢ — Zﬂit—1~t|t - Zﬂit—2~z—1|t

¢ In Q3, we define

4 1 1 1

Tit—t+17|t = ﬁ ST it—1—¢+19)¢t — Z”it—l—»tlt_ Z”it—Z—»t—llt_ Znit—3—>t—2|t
4 1 1 1

Tit—t+37)t = 37 107841~ ¢+191¢ — Zﬂit—l—»ﬂt - Zﬂit—2—>t—1|t_ Znit—3—>t—2|t

¢ In Q4, we define

4 1 1 1 1

Tit—t+16|t = 1_6 ST it—1—t+19]t — Z”it—l—»tlt - Zﬂit—2—>t—1|t - Z”it—S—»t—th - Z”it—4—»t—3|t
4 1 1 1 1

Tit—t+36|t = % 107141912 — Zﬂit—l—»tu - Zﬂ:it—z—»t—llt - Znit—3—>t—2|t - Znit—4—>t—3|t

For the nowcasts ;-1 and backcasts 7;;—»>_.;—1|;, we use the reported values from the SPE
For the two and three period backcasts 7;;—3—.;—2; and m;;—4—;-3);, we use the most recently

available vintage of the CPI at the time that the forecast was made.

A.2.2 The Vector of Forecaster Fixed Effects: 11,

We define the loading function on the slope factor for forecasts of inflation between horizons at

two dates ¢+ h; and ¢ + hy as
oA _ p=Ahy

_ A8
AChy — hy) (A8)

fS(hl) h2) =
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This expression is used in y, and H. Define the constant vector in the measurement equation,

My, as

My =

ar—asfs(0,1), ar—asfs(1,2), ar—asfs2,3), ar—asfs(3,4),

ar—asfs3,7), ar—asfs2,6), ar—asfs(1,5), ar—asfs(0,4),

ar—asfs(7,11), arp—asfs(6,10), ar—asfs’5,9), ar—asfs4,8)

ar—asfs(0,19), ar—asfs(0,18), ap—asfs(0,17), ap—asfs(0,16),

ar—asfs(0,39), ar—asfs(0,38), ar—asfs0,37), ar—asfs(0,36),

...... aL_anS(O»?’?)! a:L—asfs(O,?)G)

Define the error term in the measurement equation, vy, as

V1, V12,6, VL3, Vlan
V156 Vet ULzt VLgo
V19,6 Vi10,6, VillLe V1,120
V=

U1,13,t» V1,14,6» V1,156 V1,16t

V1,17, V118,60 V1,196,  UV1,20,1»

Un19,6»  Un,20,t

(A9)

(A10)

The covariance matrix of the measurement error vector (v;), R, is given by the following
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diagonal matrix.

R:=diag

2 2 2
UMP Uuw Uu&
2 2 2
Uu? au@ OMW

2
019

2
11’

2 2
1130 Op14 Oypis

2

170 Op18 Op19

(T2

Note that the argument in the square bracket is a vector.
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Finally, we define the measurement equation mapping matrix H as

Br

B
i
i
i
i
ik
Bi
i
i
i
ik
i
i
B
i
B
i
i
ik

B

B

-3 f50,1)
-B} fs(1,2)
-B; f5(2,3)
— B f5(3,4)
—B3 f5(3,7)
-3 f5(2,6)
-3 fs(1,5)
-3 f5(0,4)
— B3 f5(7,11)
— 5 f5(6,10)
-3 f5(5,9)
-3 fs(4,8)
— B3 f5(0,19)
—B; fs(0,18)
— B3 f5(0,17)
B £5(0,16)
— 5 f5(0,39)
— B3 f5(0,38)
—B3 f5(0,37)

B3 f5(0,36)

—B3 £5(0,37)
— B3 £5(0,36)

fs(0,1)
fs(1,2)
fs(2,3)
f53,4)
fsB3,7)
fs(2,6)
fs(1,5)
fs(0,4)
fs(7,11)
f5(6,10)
/s(5,9)
fs(4,8)
f5(0,19)
fs(0,18)
f5(0,17)
fs(0,16)
/5(0,39)
f5(0,38)
fs(0,37)

fs(0,36)
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0 0
0 0
0 0
0 0
0 0
0 0
0 0
0 0
0 0
0 0
0 0
0 0
0 0
0 0
0 0
0 0
0 0
0 0
0 0
0 0

1 fs(0,37)
1 fs(0,36) |

(Al2)



A.2.3 Remark

In the measurement equation, each series in y; is assumed to be observed with measurement
error. The fixed event forecasts are treated separately in each quarter throughout the calendar
year to reflect the fact that the forecasting horizon shrinks as the calendar year progresses. This
leaves us with a total of 20 observables for each forecaster in each quarter, 12 of which are missing

by construction.
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Appendix B Gibbs Sampler

N .. ..
1. Sample 8, = {oc Li»@S,i» PL,i>Ps, ,-} ;= conditional on remaining parameters.

Since all of the shocks are assumed to be independent, this can be treated as a separate
regression model for each forecaster i. We assume independent, multivariate normal

. !/ .
priors for each group of four parameters [aL,i, as,i,Bri, ,65,5] across each foracaster i,

where
ar,i
as,

Br,i
| Bs.i |

~N(pi, %)

2. Sample 0, = vec(A) conditional on remaining parameters. Since L; and S; are observed,

this is a standard multivariate regression model. We impose stationarity through the prior.

3. Sample 03 = vec(B) conditional on remaining parameters. Since €1, ;; and €5 ;; are observed
for every forecaster i = 1,..., n, this is a standard multivariate regression model with known
covariance matrix where we pool the data across forecasters. We impose stationarity

through the prior.

/ o, . . . .
4. Sample 0, = [0%,0?9] conditional on remaining parameters. Since €7 ;; and €g;; are
observed for every forecaster i = 1,..., n, this is a standard variance estimation problem

with known regression coefficients where we pool the data across forecasters.

5. Sample 05 = A with a Metropolis Hastings step conditional on remaining parameters. It

boils down to a nonlinear regression problem.

!/
6. Sample O = 0% 1reves a% 50| conditional on remaining parameters. Given other parame-

ters, v; is directly observed.

7. Sample 6; = {xt}tT:1 conditional on remaining parameters using a simulation smoother.
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Appendix C Noisy Information Model Proofs

Proof of Proposition 1. We seek to derive an approximate factor structure that aligns with our

statistical model.

We start from the evolution of the nowcast

(o0}
Ficlx]d=bi+ Y Aj i€k + Wi+ Vi,
k=0

and focus on one equation at a time. Beginning with the trend, we have that the weights on

fundamental shocks are given by

k .
ﬂf-k =) (1-8i7) 800
—

J
1-(1- gk
8it

—0, [1 —(1-gi)**!

=0:8ir

The above expression allows us to rewrite the beliefs about the trend as

o0
_ T T T T T
[Fi¢lt¢l = b; + kz, A€ T Ui 0,
—0

00 o0
= b;'[ +]€2: [1_(1_gi,r)k+l 018§_k+kz gi,r(l_gi,r)ke‘rzg_k
=0 =0

long-term belief ~- v
common component
- k
T
+) 8ir(l—-gin) wi W}, (C13)
k=0

-~

idiosyncratic component

= b,? +FircommonlTe] + IFl'L‘,idiosyncml‘ic[Tt] (C14)
Define the following weights:

al = 1-0-gi)"*" o
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d;[k = gi,r(l - gi,r)ke‘r
ap:=|1-Q1- g) o,

d~]€ =g (1- gr)ker

We seek to approximate the common component in (C14) as an i-specific constant times an
aggregate component, so that:

1 =
FitcommonlTe] = ﬁi L;.

and propose the following decomposition:

5 8ir
pl =2t (C15)
1 g‘[
Li=) ape,_,+ ) diz, . (C16)
k=0 k=0

Working first with a;,_ we have

al,=|1-1-g;)""" o,

_ o 1-0-gi ™!

=8ir it T
1_(1_ )k+1

= gi,rTgTO'r

— gi;T 1_(1_gT)k'+l o

Note that the third approximate equality holds because

(k+1k
g

1-Q-g"' =0, [(k+1) - +0(g?)

Hence, for small g, the function g — 1— (1 — g)¥*! is approximately flat in g.
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Turning to di’ , we have

d;'[k =gir(1- gi,r)ker
_ 8it

T

g:(1- gi,r)ker

8i,r g—r(l _ gT)ker
87

~
~

= Bidy
Note that the third approximate equality holds because
(1-gi0)" =g +0 (k1 - g (g1 - g0)).
Combining these two results for the weights, we obtain the representation

00 )
_ T T T T
]Fit,common[Tt] = Z A€ it Z ik%t—k
k=0 k=0

~ gi;T X ~T T & d~T T
= > arer ) dizg_;
8t \k=0 k=0
_—
:ﬁiLt

In order to pin down the relative magnitudes of ,Bf and L;, we use our identification assump-

tion that the conditional variance of L, is 1. The conditional variance of common component of
beliefs is

2

g.
Var;_; (ﬁth) = Var;—; (]Fit,common[":t]) ~ L;gg (0'3 + 93)
T

Since we know the conditional variance of L; must be 1, this gives us the expression for the

loadingﬁf:
= 12 _ (8,
i = Ble: (03 +09)'" = (£ g, (o2 +e2

T

)1/2 (C17)
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Bai and Ng (2013; JOE) show that for the identification of a common factor and the loadings, one
needs an identifying restriction on the variance of the common component and a restriction
on the loadings. Note that the unit conditional variance of L, satisfies one condition. Below, we
show that the second condition, the restriction on the loading, is also satisfied. Averaging across

all N forecasters, we have:

1 N 12 |1 N gi
~ 2 Bi =g (o7 +07) {NZ l) (C18)

where the term in brackets is approximately equal to 1 for large N because g; = [5;[g; r]. pr = 1 be-
cause [ t,common!T¢] is the sum of a term that is approximately a random walk, Z%O:o [1 -(1-g7) k“] a,si_k,
and a stationary AR(1) process, Z(I)CO:O g(1- gT)kHTZ;_k.

Turning to the idiosyncratic component v;,, we see that it follows an AR(1) process with
persistence 1 — g; ; and conditional standard deviation w; ;, which immediately gives us pr,; =
1-girand oy; = w; ;. Finally, if there is a non-zero long-term belief in the forecasts, bl?, this will
be picked up by the fixed effect of the forecaster, af.

We repeat a similar derivation for the cyclical component. We have that the weights on

fundamental shocks are given by
Aix=2 8icoc(l-gic) pjp*™
Jj=0

k £ [ pi J
=0.8icP Z _(1_gi,c)]
j=0l P

k+1

Li_ o,
- |Za-gi0

1-[2a-go]

=0c8icP

where p is the cross-sectional average of p;.

This allows us to rewrite the beliefs as

o0
— 1.C C C C c
[Fi¢led] = b} + kZ Aj k€t Ui+ Vg
=0
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k+1

= 1-2(1-gi0)

= b +Zacg,~,cpk [p ‘ ]

—~~ 0 1-[20- g0
bias P

.

oo
g?_k + Z 8ic(l— gi,c)kaQCZf_k

gl
common component

[o.0]
k .k
+ ) 8ic(1—gid) piwicws,_;
k=0

J/

Vv
idiosyncratic component

c
= bi + ]Fit,common[ct] + ]Fit,idiosyncmtic[ct]

Define the following quantities:

8¢ = ]Ei[gi,c]

Pc = ]Ei[pz]

K= %(1_81',0)

K i= %(l—gc)
kl—('K')k+1

dfk = gi,c(l— gi,c)kpi'cec

_ o k+1
ay = geocp” Lo«
1-x

di = g.(1-g)*pko,

(C19)

We seek to approximate the common component in (C19) as an i-specific constant times an

aggregate component, so that:

S&
Fitcommonlci] = ,B,' St.

and propose the following decomposition:

,BS _ 8ic
1 gc
o0 o0 ~
o ~C .C Cc.C
Se=) apel_+ ) dizj
k=0 k=0

(C20)

(C21)



Working first with a7, we have

kl_(Ki)k+1
a.,. = gi O
ik = 8i,cO0cpP 1—x;
_ 8ic kl_(Ki)k+l
y cOcpP 1—x,
_ 8ic kl—(K)k+1
~—&cYc
c ]._K
_ pS~c
= B; ay

Turning to dl.c , we have

dick = gi,c(l - gi,c)kpi'cec
_ 8i,c

c

8;,0 gc(1 —gc)kpff@c

[

gc(l - gi,c)kpi'cec

~
~

_ RS jc
= pidy

Note that both approximations hold to first order with an approximation term which is

O((gi,c — 8% + (pi — pc)?), as can be shown through a first-order multivariate Taylor expansion

of both functions around the point (g¢, p¢).

Combining these two results for the weights, we obtain the representation

o0 (0]
c .c c c
lFit,common[ct] = Z a; €t Z dikzt—k
k=0 k=0

~
~

c

= ,B}Sgt
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Our identification assumption is that the conditional variance of S; is 1. We have

2

g
Var;_; (ﬁfst) = Var;_; (Fit,common[ct]) = l,zc gg (Ui + 93)
c

This gives us the approximate expression for the loading ,Bf

Bi = é;cgc (02+02)'", (C22)
c
and the restriction on the loading.
1 & o 12, 1 X gic
Ly S g (020222 ( ')}. (C23)
leziﬁz gC( c c) Nz; e
———

ps will capture the first order autocorrelation of the process F t,common|C¢], which is approxi-
mately ARMA(2,1).3% S, is approximately the sum of two independent AR(1) processes, one with

2
approximate autocorrelation parameter p — g.(p — p.) and conditional variance ﬁ, and the
c c
92

other with autocorrelation parameter (1 — g;) p. and conditional variance ot This tells us that
c c

acas+deds

(ag)*+ ()

(08 [p—8cp—pI)] +0cg)*(1 - go)pe
- (0c8)? +(0:8)°

_ o2[p-gclp—pd)] +6%2(01 - go)pe
o2+ 0?2

ps=

Analogous to the idiosyncratic component of the trend, the idiosyncratic component of the
transitory component, v;,, follows an AR(1) process with persistence (1 — g; ) p; and conditional
standard deviation w; .. Thus, in our statistical dynamic factor model, the persistence of the
idiosyncratic component ps; = (1 — g; /)p; and the conditional standard deviation of the id-

iosyncratic component s ; = w; .. If there are non-zero long-term beliefs in the forecasts of the

32The sum of two independent AR(1) processes is ARMA(2,1).
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transitory component, bf, this will be picked up by the fixed effect of the forecaster, oc‘l.9 .

Finally, A; captures the decay in the slope factor in the Nelson-Siegel model when construct-
ing the forecasts. This is directly tied to the persistence of the transitory component, so we have
Ai =—log(py).

In summary, the approximate mapping from the noisy information model to our statistical
model is given by

L_ 17 S _1,c
a; = b; a; = b;

1/2 1/2
) )

,5? = 8i,c (Ui + 9%

_0clp—8elp—pd)| +0:0 - g)pe

Bl =giq (0% +62

pr=1 ps

o2 + 02
pLi=1-8ir psi=0—-gicdp
OLi= wlg,r 0s,i= wzz‘,c
Ai=—logp;

In this setting a:f can be interpreted as forecaster i’s beliefs about long-run inflation, i.e. their
perception of the inflation target, while af denotes any long-run deviation they perceive from

that target.
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Appendix D Additional Distributional Results

This section shows figures on moments of the factor distributions, the forecast variance decom-
position, and the forecast variance share of public information, that are not included in the main
text.

Figure D1: SMOOTHED IDIOSYNCRATIC FACTOR DISPERSION

Smoothed Level Factor Dispersion

i

1995 2000 2005 2010 2015 2020
Smoothed Slope Factor Dispersion

1995 2000 2005 2010 2015 2020
Notes: The shaded areas denote the NBER recessions.
Sources: Authors’ calculation

Figure D2: SMOOTHED IDIOSYNCRATIC FACTOR SKEWNESS

Smoothed Level Factor Skewness

1995 2000 2005 2010 2015 2020
Smoothed Slope Factor Skewness

1995 2000 2005 2010 2015 2020

Notes: The shaded areas denote the NBER recessions.

Sources: Authors’ calculation
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Figure D3: SMOOTHED IDIOSYNCRATIC FACTOR KURTOSIS

Smoothed Level Factor Kurtosis

1995 2000 2005 2010 2015 2020
Smoothed Slope Factor Kurtosis

5 1995 2000 2005 2010 2015 2020
Notes: The shaded areas denote the NBER recessions.

Sources: Authors’ calculation

65



Appendix E Additional Results on Monetary Policy

This section reports the additional estimation results about the transmission of monetary policy
shocks. Figure E4 only consider private information as non-public information excluding the
individual long-term beliefs. Effects of Fed’s response to news are essentially zero and statis-
tically insignificant. Figure E5 displays the transmission of Fed’s reaction to news where the
local projection model further includes individual-level uncertainty from Binder (2017) and
the consensus expectations for the next year from the survey of professional forecasters. Fig-
ure E6 displays the transmission of orthogonalized monetary policy shocks from Bauer and
Swanson (2023) where the local projection model further includes individual-level uncertainty
from Binder (2017), the measure of monetary policy uncertainty from Husted et al. (2020), and
the consensus expectations for the next year from the survey of professional forecasters are

additionally included.
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Figure E4: PROPAGATION OF FED’S RESPONSE TO NEWS (PRIVATE INFORMATION)

(Total Fed’s response to news)
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Notes: The figure shows the responses of disagreement about five-year five-year forward inflation expectations
attributable to public information and non-public information following the Fed’s response to news from Bauer and
Swanson (2023), estimated from the linear model in Equation (31). HAC standard errors are reported. The shaded
area indicate the 95% posterior intervals.

Source: Authors’ calculation
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Figure E5: PROPAGATION OF FED’S REACTIONS TO NEWS (WITH INDIVIDUAL UNCERTAINTY)

(Total Fed’s response to news)
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Notes: The figure shows the responses of disagreement about five-year five-year forward inflation expectations
attributable to public information and non-public information following the Fed’s response to news from Bauer and
Swanson (2023), estimated from the linear model in Equation (31). The individual-level uncertainty measure from
Binder (2017) is additionally included as a macro control. HAC standard errors are reported. The shaded area
indicate the 95% posterior intervals.

Source: Authors’ calculation
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Figure E6: PROPAGATION OF MONETARY POLICY SHOCKS OF THE TWO REGIMES (WITH INDIVIDUAL
UNCERTAINTY AND MONETARY POLICY UNCERTAINTY)
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Notes: The figure reports the responses of four macroeconomic variables to the orthogonalized monetary policy
shock from Bauer and Swanson (2023). As the controls, the uncertainty measure from Binder (2017), the measure of
monetary policy uncertainty from Husted et al. (2020), and the consensus expectations for the next year are
additionally included. The figure shows the impulse responses of Regimes 1 and 2 scaled by 0.9 and 0.1, respectively.
The blue line shows the responses when non-public information is the source of disagreement (Regime 1), while the
red line represents the responses when public information is the source of disagreement (Regime 2). The upper left
figure shows the cumulative response of percent changes in industrial production; the upper right figure shows the
cumulative responses of percent changes in the CPI; the bottom left figure shows the responses of the
unemployment rate; and the bottom right figure displays the response of the excess bond premium (EBP). The
shaded areas and dashed lines represent the 95% posterior intervals.

Sources: Authors’ calculation
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Appendix F Discussion of Modeling Choices

This section discusses an alternative model and methodology. Section E1 considers a time-
varying parameter model. Section E2 considers a non-parametric approach as an alternative of

our parametric model.

El1 Dynamic Factor Model

A. Fixed Factor Loadings

In our model, the factor loadings of each forecaster are fixed. A potential concern is that our
model is limited in capturing the changing responsiveness of forecasters to common information.
However, an individual forecaster stays in the sample for only 27 quarters on average, which is
too short to allow for regime changes in the factor loadings for each individual.

Note that our model allows each forecaster to have unique loadings, although the loadings
are constant for a forecaster. Therefore, in our model, two similar forecasters observed at two
different points in time have different loadings, reflecting increased or decreased attention to
potentially similar policy changes, for instance.

Our goal is to parse out the portion of cross-sectional variance attributed to common infor-
mation. In other words, as long as the common component—the product of common factor
and factor loading—is distinguished from the idiosyncrasy, the distinction of factor loading
from common factor is not necessary. For instance, if the common component does not change
in spite of an increase in the factor loading, the portion of disagreement driven by common

information does not change and hence the increase in the factor loading does not matter.
B. Stochastic Volatility

We do not allow for time-varying variances in the dynamics of the factors. However, by
allowing forecaster-specific loadings on the common factor and accounting for forecasters

moving in and out of the sample, the model can indirectly capture the stochastic volatility of
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aggregate inflation projections. As the composition of forecasters changes, these forecaster-
specific loadings can effectively represent slow-moving stochastic volatility in the aggregate.
The resilience of the model estimates to the COVID-19 shock is a practical concern. If the
pandemic observations dramatically alter the parameter estimates, the pre-pandemic inference
may dramatically with the inclusion of a handful of pandemic observations. In this case, includ-
ing stochastic volatility may robustify the inference, as it discounts the pandemic observations
and largely prevents the model from carrying backward the COVID shock for pre-pandemic
inference. To check how reliable the estimates are to the COVID shock, we compare the model
estimates through 2019:Q4 with those through 2023:Q3. In particular, the estimates and the main
conclusion are robust to the inclusion of the pandemic observations for the period prior to the
COVID era. This observation suggests that our result is robust even in the absence of stochastic

volatility. The results are available upon request.

E2 Evidence from a Non-Parametric Model

Our baseline model is a highly parameterized model with a large number of parameters. Since
the model is estimated with MCMC sampling, the estimation is costly and time-consuming. One
may argue that our conclusions are sensitive to the particular parametric assumptions that we
impose and that the parameter estimates may be unstable because of the size of the model.
Alternatively, we can consider a non-parametric two-step model that is estimable least
squares and MLE. The first step is to construct a non-parametric model that describes the
individual term structure of inflation expectations. In this model, we use Legendre polynomials
to fit the short-term (less than 1 year ahead) inflation forecasts and a log function to fit the
long-term (more than 1 year ahead) inflation forecasts. We fit each forecaster’s observed inflation
forecasts in each quarter with least squares. This results in individual level and slope factor
estimates. In the second step, we estimate a dynamic factor model for each factor to parse out
common and idiosyncratic components using the algorithm of Banbura and Modugno (2014).

Finally, we recover the fractions of the term structure attributable to long-term beliefs, common
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information, and idiosyncratic information.

Relative to the baseline model, the alternative model is less costly to estimate. In addition,
we can allow for more than one common factor for the level or slope without much additional
effort. However, this convenience comes at a cost. The log function is not flexible enough
to capture observed forecasts beyond one year out and hence produces unrealistic long-end
estimates—a noticeable decline in the long end— during the COVID-19 pandemic. This problem
is not observed in our baseline model. That said, the overall conclusions about the drivers of
disagreement are robust. Further details on the empirical approach and the results are available

upon request.
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